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As human lifespans increase, understanding the mechanisms shaping aging has 

become essential. This dissertation introduces explainable AI (XAI) frameworks that 

characterize aging from population-level health data to bulk and single-cell 

transcriptomics. IMPACT improves all-cause mortality prediction in NHANES and uses 

XAI to uncover overlooked risk factors and interactions. ENABL Age extends this 

foundation to estimate biological age and quantify how lifestyle, clinical, and 

biochemical features influence aging. At the molecular level, DeepProfile learns latent 

spaces from 50,211 cancer transcriptomes across 18 tumor types, revealing immune 

activation patterns, subtype structures, and links among mutation burden, cell cycle, 

antigen presentation, and survival. ACE disentangles aging-related expression changes 

in single-cell RNA-seq data from mouse, fly, and human, recovering tissue- and cell-

type–specific signatures, conserved pathways, and regulators such as Uba52 validated 

in C. elegans. Together, these contributions form a multi-scale XAI framework advancing 

mechanistic aging biology and interpretable approaches for improving healthspan. 
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Part I

P R E L I M I N A R I E S



1
U N D E R S TA N D I N G A G I N G AT M U LT I P L E S C A L E S

Human lifespan has increased dramatically over the last century, largely due to improve-
ments in public health, medical care, and socioeconomic conditions [55]. However, this in-
crease in lifespan has not been matched by a corresponding increase in healthspan, defined
as the period of life spent in good health without chronic disease or disability [137]. Epi-
demiological data show that while people are living longer, many experience prolonged
periods of illness in later life, leading to increased healthcare costs and diminished quality
of life [65]. For example, mortality curves from 1900 and 2016 reveal a clear extension of
lifespan, but the period of high morbidity in late life remains largely unchanged [208].
This demographic transition poses profound implications for public health systems, as
the prevalence of chronic, age-related diseases continues to rise. Thus, there is a critical
need to not only extend lifespan but also improve healthspan.

To address this challenge, it is essential to focus on the underlying biological process of
aging itself. Aging is the greatest risk factor for many of the leading causes of death, in-
cluding cardiovascular disease [331], cancer [316], Alzheimer’s disease [201], and diabetes
[209]. Unlike disease-specific approaches that target individual pathologies, interventions
that delay the aging process could simultaneously reduce the burden of multiple dis-
eases [137]. Indeed, interventions such as caloric restriction, rapamycin treatment, and
senolytic therapies have demonstrated the ability to modulate aging pathways and im-
prove healthspan across multiple organ systems in model organisms [40, 212].

At its core, aging is a progressive loss of physiological integrity, leading to impaired
function and increased vulnerability to death [166]. The biological mechanisms that drive
aging are multifactorial and deeply interconnected. The “hallmarks of aging” framework
describes several conserved processes, including genomic instability, telomere attrition,
epigenetic alterations, loss of proteostasis, mitochondrial dysfunction, deregulated nutri-
ent sensing, cellular senescence, stem cell exhaustion, and altered intercellular communi-
cation [39, 166]. These hallmarks represent molecular signatures that together shape the
complex trajectory of biological aging.

Despite decades of research, a comprehensive understanding of aging remains elusive,
partly because it operates across multiple biological scales, from molecules and cells to
tissues, organs, and the whole organism. Traditional studies have often focused on a
single scale, such as cellular senescence or organismal lifespan, without capturing the
hierarchical nature of these processes. However, emerging evidence from systems biology
and multi-omics approaches indicates that aging is not a uniform process; rather, it is a
multi-scale and multi-dimensional phenomenon [257, 280, 285].
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understanding aging at multiple scales 3

Aging manifests differently depending on the biological scale under investigation. At
the molecular level, DNA damage, protein misfolding, and metabolic imbalance accumu-
late over time. At the cellular level, these molecular perturbations alter transcriptional pro-
grams and functional states, giving rise to senescent, apoptotic, or metabolically altered
cells. At the tissue and organ level, changes in cellular composition and communication
lead to structural remodeling, functional decline, and altered inter-organ signaling. At
the organismal level, these cumulative effects shape systemic aging phenotypes such as
frailty, cognitive decline, and metabolic dysfunction.

Therefore, studying aging at a single scale provides only a partial view. To truly un-
derstand the biology of aging, it is necessary to integrate evidence across these scales,
capturing both localized changes and systemic interactions.

Figure 1.1: Multi-scale framework of aging studied in this thesis. In this thesis, I focus on under-
standing aging at four biological scales: whole-body aging, multi-organ aging, organ
aging, and cellular aging. These levels represent a hierarchy from organismal health
decline to molecular and cellular changes, each providing complementary insights into
how aging manifests and progresses across systems.

In this thesis, I focus on understanding aging at four interconnected scales: whole-body
aging, multi-organ aging, organ aging, and cellular aging (Figure ??).

At the whole-body level, individuals of the same chronological age can differ substan-
tially in their biological age, which reflects their physiological state and overall functional
capacity [131]. This biological age can be estimated through diverse biomarkers, such
as DNA methylation clocks [117], transcriptomic and proteomic age predictors [13, 194],
or clinical data [162]. The concept of biological age emphasizes that aging is not purely
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chronological but rather a quantifiable, dynamic process that reflects cumulative biologi-
cal damage and resilience across systems. Understanding whole-body aging helps identify
global determinants of longevity and inter-individual variability.

At the multi-organ scale, aging manifests as coordinated yet heterogeneous changes
across physiological systems. For example, cardiovascular aging leads to vascular stiff-
ening and cardiac decline, impairing circulation and accelerating dysfunction in other
tissues [147]. Likewise, immune aging drives chronic inflammation and reduced regenera-
tive capacity across organs [85]. Capturing these cross-system interactions is essential for
identifying universal versus organ-specific aging mechanisms.

At the organ level, aging manifests as a gradual deterioration of structure and func-
tion driven by cumulative cellular and molecular changes [285]. Each organ follows a
distinct aging trajectory shaped by its metabolic activity, regenerative capacity, and cellu-
lar composition. For example, cardiac aging involves fibrosis, impaired contractility, and
mitochondrial decline; brain aging is characterized by synaptic loss, neuroinflammation,
and protein aggregation; and hepatic aging alters detoxification and metabolic regulation.
Understanding organ-specific aging is crucial for identifying targeted interventions that
preserve function and delay disease onset.

Finally, at the cellular level, individual cells within the same tissue can exhibit distinct
aging states or trajectories. Cellular heterogeneity arises from stochastic DNA damage,
epigenetic drift, metabolic reprogramming, and microenvironmental factors [280, 290].
Recent advances in single-cell technologies have made it possible to profile these changes
with unprecedented resolution, revealing how subpopulations of cells resist or succumb
to aging processes. Cellular-level insights are essential for linking molecular mechanisms
to organismal outcomes and identifying potential rejuvenation targets such as senescent
cell clearance or transcriptional reprogramming.

The multi-scale nature of aging presents both a challenge and an opportunity for com-
putational biology. Each scale, ranging from cellular to organ and whole-body levels, is
characterized by high-dimensional, heterogeneous data such as genomic, transcriptomic,
proteomic, and clinical measurements. The relationships within and across these biolog-
ical features are inherently complex and often nonlinear, making traditional statistical
approaches insufficient to fully capture aging patterns. These challenges motivate the use
of advanced machine learning and explainable AI methods, which can model nonlinear
dependencies, extract informative representations, and provide interpretable insights into
the biological processes underlying aging.



2
A I A N D E X P L A I N A B L E A I I N A G I N G R E S E A R C H

Recent advances in artificial intelligence (AI) and machine learning (ML) have trans-
formed how complex biological systems can be studied. These approaches provide pow-
erful tools for uncovering hidden structure in data that are high-dimensional, nonlinear,
and noisy—features that are characteristic of nearly all biological measurements. Unlike
traditional statistical models that rely on linear assumptions or hand-crafted features, AI
models can automatically learn multivariate dependencies directly from data. This abil-
ity makes them particularly valuable for studying aging, a process governed by intricate
molecular networks and physiological feedback loops that evolve over time and vary
widely across individuals.

The biological study of aging increasingly depends on large-scale datasets collected at
multiple levels of organization: single-cell transcriptomes, proteomic and metabolomic
profiles, clinical biomarkers, and longitudinal health records. Each dataset captures a dif-
ferent view of the aging process, yet together they create a rich, high-dimensional space
that is difficult to interpret with classical tools. AI methods enable efficient representation
learning in such spaces. They can extract latent factors that summarize cellular states, infer
molecular signatures of biological age, and integrate heterogeneous modalities to predict
physiological decline. In recent years, AI has achieved notable success in genomics [168],
proteomics [313], and clinical phenotyping [237], demonstrating that data-driven models
can complement biological intuition by identifying patterns invisible to human observa-
tion.

Applying AI to aging, however, introduces unique conceptual and technical challenges.
Aging is not a single process but a multifaceted and dynamic phenomenon that mani-
fests differently across biological scales. Individuals of the same chronological age often
show striking differences in health status, reflecting variation in their biological age and
resilience. At the organ and tissue levels, aging trajectories diverge across systems, in-
fluenced by both intrinsic genetic programs and external environmental exposures [285].
Even within a single tissue, cellular populations display heterogeneous transcriptional
and epigenetic profiles that correspond to distinct aging trajectories [280, 290]. Modeling
the diversity of aging patterns requires algorithms capable of handling high-dimensional,
nonlinear, and heterogeneous data. Relationships among features within each biological
scale are often complex, context-dependent, and difficult to capture using traditional re-
gression or correlation analyses. Addressing this challenge requires AI models that can
effectively model complex and nonlinear relationships in biological data.

Another major challenge lies in interpretability. Although AI models can capture com-
plex patterns and achieve superior predictive performance, they are often regarded as
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ai and explainable ai in aging research 6

“black boxes.” Their internal mechanisms can be biologically opaque. This opacity limits
scientific discovery and makes it difficult to translate model predictions into mechanistic
understanding or actionable hypotheses. In aging research, interpretability is not optional:
understanding why a model predicts accelerated aging, and identifying which biomarkers
or molecular pathways contribute most strongly to aging, is critical for experimental vali-
dation, hypothesis generation, and clinical translation. Without interpretability, predictive
models risk becoming descriptive rather than explanatory [204, 287].

Explainable AI (XAI) has emerged as a promising framework to overcome this limita-
tion. XAI techniques are designed to make AI models more transparent by quantifying
the contribution of input features to model predictions, disentangling complex signals
into interpretable variables, and mapping data-driven features to biologically meaningful
entities. Examples include feature attribution methods such as Integrated Gradients [272],
SHAP values [178], and disentangled representation learning in generative models [311].
When applied to aging research, XAI serves as a bridge between computational model-
ing and biological interpretation. It enables the identification of risk factors that influence
aging trajectories, the discovery of genes associated with age-related changes, and the elu-
cidation of molecular pathways underlying the aging process. Through these methods, AI
becomes not merely a predictive model but a hypothesis generation tool that can guide
experimental and translational research.

The integration of AI and XAI provides a powerful opportunity to deepen our under-
standing of aging. By combining predictive modeling with interpretability, researchers can
build computational frameworks that are both accurate and biologically meaningful. This
paradigm shifts aging research from static descriptions of biomarkers toward dynamic,
data-driven models that explain how biological systems evolve over time.

In this thesis, I apply AI to study aging across multiple biological scales while ensur-
ing interpretability within each level. Rather than modeling all scales simultaneously, I
focus on each scale individually to disentangle the mechanisms most relevant to that
level. Through explainable modeling, I aim to uncover fundamental aging processes and
generate insights that connect computational learning with biological understanding. The
frameworks introduced in this work demonstrate how interpretable AI can reveal the prin-
ciples underlying aging while remaining transparent, robust, and grounded in biomedicine.



3
O U R C O N T R I B U T I O N S

In the previous chapter, we discussed the importance of understanding aging from a
multi-scale perspective and the growing role of AI and XAI in uncovering its underly-
ing mechanisms. Aging manifests at different biological scales, from organismal health
decline to molecular and cellular changes, and no single level of analysis can capture its
full complexity. To address this, it is essential to develop models that are both predictive
and interpretable, capable of identifying not just what changes with age but why those
changes occur.

This thesis integrates AI and XAI to study aging across four complementary scales:
(1) whole-body aging, (2) multi-organ aging, (3) organ-specific aging, and (4) cellular
aging (Figure ??). The models developed in this work collectively aim to explore aging
from these different perspectives, each emphasizing distinct biological contexts and data
modalities. Together, they illustrate how explainable modeling can provide interpretable
insights into the mechanisms that link individual variation to broader biological processes
of aging.

This section provides a brief overview of models developed as part of this thesis.

impact (??).

Relation to multi-scale aging.

At the whole-body level, aging can be characterized by cumulative physiological de-
cline that ultimately influences survival. Mortality risk thus provides an integrated
outcome reflecting how biological, behavioral, and environmental factors interact
over the lifespan. Studying mortality offers a data-driven way to understand whole-
body aging and identify predictors of health resilience or vulnerability. To analyze
these complex relationships, the IMPACT framework applies explainable AI to large
population datasets, enabling interpretable modeling of all-cause mortality and re-
vealing factors that link population-level health outcomes with the biology of aging.

Abstract.

Unlike linear models which are traditionally used to study all-cause mortality, com-
plex machine learning models can capture non-linear interrelations and provide
opportunities to identify unexplored risk factors. Explainable artificial intelligence
can improve prediction accuracy over linear models and reveal great insights into
outcomes like mortality. This paper comprehensively analyzes all-cause mortality
by explaining complex machine learning models.

7



our contributions 8

We propose the IMPACT framework that uses XAI technique to explain a state-of-
the-art tree ensemble mortality prediction model. We apply IMPACT to understand
all-cause mortality for 1-, 3-, 5-, and 10-year follow-up times within the NHANES
dataset, which contains 47,261 samples and 151 features.

We show that IMPACT models achieve higher accuracy than linear models and
neural networks. Using IMPACT, we identify several overlooked risk factors and in-
teraction effects. Furthermore, we identify relationships between laboratory features
and mortality that may suggest adjusting established reference intervals. Finally, we
develop highly accurate, efficient and interpretable mortality risk scores that can be
used by medical professionals and individuals without medical expertise. We en-
sure generalizability by performing temporal validation of the mortality risk scores
and external validation of important findings with the UK Biobank dataset.

IMPACT’s unique strength is the explainable prediction, which provides insights
into the complex, non-linear relationships between mortality and features, while
maintaining high accuracy. Our explainable risk scores could help individuals im-
prove self-awareness of their health status and help clinicians identify patients with
high risk. IMPACT takes a consequential step towards bringing contemporary de-
velopments in XAI to epidemiology.

This work was published in Nature Communications medicine [231].

enabl age (??).

Relation to multi-scale aging.

To better understand aging, the most important first step is measuring it. Building
on mortality risk modeling, the next step is to quantify aging itself through the con-
cept of biological age, a metric that reflects an individual’s physiological state and
health status rather than chronological age. Biological age provides a direct measure
of overall health and functional decline, offering a more meaningful assessment of
aging than chronological age. The ENABL Age framework extends the modeling
of all-cause mortality to estimate whole-body biological age and applies the same
explainable AI approach to cause-specific mortality to capture multi-organ aging.
By combining machine learning with interpretability, ENABL Age produces accu-
rate and transparent age estimators that reveal how different physiological systems
collectively shape the aging process.

Abstract.

Biological age is a measure of health that offers insights into ageing. The existing
age clocks, although valuable, often trade off accuracy and interpretability. We in-
troduce ExplaiNAble BioLogical Age (ENABL Age), a computational framework
that combines machine-learning models with explainable artificial intelligence (XAI)
methods to accurately estimate biological age with individualised explanations.
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To construct the ENABL Age clock, we first predicted an age-related outcome (eg,
all-cause or cause-specific mortality), and then rescaled these predictions to estimate
biological age, using UK Biobank and National Health and Nutrition Examination
Survey (NHANES) datasets. We adapted existing XAI methods to decompose indi-
vidual ENABL Ages into contributing risk factors. For broad accessibility, we de-
veloped two versions: ENABL Age-L, based on blood tests, and ENABL Age-Q,
based on questionnaire characteristics. Finally, we validated diverse ageing mecha-
nisms captured by each ENABL Age clock through genome-wide association studies
(GWAS) association analyses.

Our ENABL Age clock was significantly correlated with chronological age (r=0.7867,
p<0.0001 for UK Biobank; r=0.7126, p<0.0001 for NHANES). These clocks distin-
guish individuals who are healthy (ie, their ENABL Age is lower than their chrono-
logical age) from those who are unhealthy (ie, their ENABL Age is higher than
their chronological age), predicting mortality more effectively than existing clocks.
Groups of individuals who were unhealthy showed approximately three to 12 times
higher log hazard ratio than healthy groups, as per ENABL Age. The clocks achieved
high mortality prediction power with an area under the receiver operating charac-
teristic curve of 0.8179 for 5-year mortality and 0.8115 for 10-year mortality on the
UK Biobank dataset, and 0.8935 for 5-year mortality and 0.9107 for 10-year mor-
tality on the NHANES dataset. The individualised explanations that revealed the
contribution of specific characteristics to ENABL Age provided insights into the
important characteristics for ageing. An association analysis with risk factors and
ageing-related morbidities and GWAS results on ENABL Age clocks trained on dif-
ferent mortality causes showed that each clock captures distinct ageing mechanisms.

ENABL Age brings an important leap forward in the application of XAI for in-
terpreting biological age clocks. ENABL Age also carries substantial potential in
practical settings, assisting medical professionals in untangling the complexity of
ageing mechanisms, and potentially becoming a valuable tool in informed clinical
decision-making processes.

This work was published in The lancet Healthy longevity [232].

deepprofile (??).

Relation to multi-scale aging.

At the organ level, aging manifests through progressive functional decline that in-
creases vulnerability to disease. Cancer exemplifies this process, as the risk of tumor
development rises with age due to the accumulation of molecular damage, impaired
repair mechanisms, and immune dysregulation. Studying cancer therefore offers an
opportunity to understand organ-specific aspects of aging and the biological path-
ways that drive tissue deterioration. The DeepProfile framework leverages large-
scale transcriptomic data across multiple cancer types to model these processes, us-
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ing unsupervised deep learning to uncover shared and distinct molecular signatures
of organ aging. By connecting cancer biology to the broader context of aging, this
work reveals how age-related molecular changes contribute to organ dysfunction
and disease progression.

Abstract.

Clinical and biological information in large datasets of gene expression across can-
cers could be tapped with unsupervised deep learning. However, difficulties associ-
ated with biological interpretability and methodological robustness have made this
impractical. Here we describe an unsupervised deep-learning framework for the
generation of low-dimensional latent spaces for gene-expression data from 50,211
transcriptomes across 18 human cancers. The framework, which we named Deep-
Profile, outperformed dimensionality-reduction methods with respect to biological
interpretability and allowed us to unveil that genes that are universally important in
defining latent spaces across cancer types control immune cell activation, whereas
cancer-type-specific genes and pathways define molecular disease subtypes. By link-
ing latent variables in DeepProfile to secondary characteristics of tumours, we dis-
covered that mutation burden is closely associated with the expression of cell-cycle-
related genes, and that the activity of biological pathways for DNA-mismatch repair
and MHC class II antigen presentation are consistently associated with patient sur-
vival. We also found that tumour-associated macrophages are a source of survival-
correlated MHC class II transcripts. Unsupervised learning can facilitate the discov-
ery of biological insight from gene-expression data.

This work was published in Nature Biomedical Engineering [233].

ace (??).

Relation to multi-scale aging.

At the cellular level, aging arises from molecular changes that accumulate over time,
leading to disrupted gene expression, loss of homeostasis, and functional decline.
While different organs deteriorate at different rates, aging is even more heteroge-
neous at the cellular level—cells within the same tissue, and even of the same type,
can age at different speeds. Understanding this variability is essential for uncover-
ing the mechanisms that drive tissue- and organism-level aging. Advances in single-
cell RNA sequencing (scRNA-seq) now allow aging to be studied with such fine
resolution, yet age-related transcriptional signals are often obscured by dominant
factors like cell type and tissue identity. To address this challenge, the ACE (Ag-
ing Cell Embeddings) framework uses a deep generative and explainable modeling
approach to disentangle aging-related gene expression patterns from confounding
biological variation. This approach identifies both global and cell-type-specific aging
signatures, offering a high-resolution and interpretable view of cellular aging across
tissues and species.
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Abstract.

Aging is a complex biological process marked by progressive physiological de-
cline and increased disease vulnerability. Single-cell RNA sequencing offers unprece-
dented resolution for studying aging, yet isolating aging-related signatures remains
challenging because gene expression is primarily shaped by other factors such as
cell type, tissue, and sex. We present ACE (Aging Cell Embeddings), an explain-
able deep generative framework that disentangles aging-related gene expression
changes from background biological variation. ACE employs two latent representa-
tions: one capturing aging-related signatures and another representing non-aging-
related variation in the data. Through explainable AI, ACE identifies key genes and
pathways associated with aging amid dominant non-aging-related variations. Ap-
plied to large-scale mouse, fly, and human datasets, ACE uncovers aging signatures
both within specific tissue–cell-type contexts and across all tissues and cell types, en-
abling accurate prediction of biological age. Moreover, ACE identifies aging genes
conserved across species, highlighting its ability to reveal shared biological mecha-
nisms of aging. Experimental RNAi knockdowns in C. elegans validate ACE’s find-
ings, confirming its ability to prioritize novel aging genes affecting lifespan. ACE
reveals key pathways involved in proteostasis, immune regulation, and extracellular
matrix remodeling, and identifies Uba52 through the cross-species model as an im-
portant aging gene, whose knockdown in C. elegans significantly shortens lifespan.
By providing interpretable and generalizable aging embeddings, ACE establishes a
foundation for cross-species single-cell aging studies and translational geroscience.



Part II

O U R C O N T R I B U T I O N S



4
I N T E R P R E TA B L E M A C H I N E L E A R N I N G P R E D I C T I O N O F
A L L - C A U S E M O RTA L I T Y

4.1 introduction

Identification of risk factors and prediction of all-cause mortality have long been impor-
tant issues in epidemiology. Most prior studies identify risk factors using associations
between each predictor and mortality [46, 143, 184]; only a few papers use multi-variate
linear models to predict mortality and identify risk factors [90, 302]. In terms of predic-
tion, a variety of linear mortality risk scores have been proposed to help characterize
unhealthy individuals [88, 116, 255]. Although linear models have historically been popu-
lar because they are interpretable, modern complex machine learning (ML) models often
achieve higher predictive accuracy because they can capture interactions among variables
in addition to non-linear relationships (e.g., “U-shaped” relationships).

The field of artificial intelligence (AI) has seen considerable advances in supervised
learning problems, which involve predicting an outcome variable (e.g., all-cause mortal-
ity) based on a set of features (e.g., individual-level characteristics). Notable applications
of AI in healthcare include diabetic retinopathy detection in ophthalmology images [103],
red blood cells classification [234], Alzheimer’s disease prediction [104], lung cancer clas-
sification from histopathology images [63], and skin cancer classification [77]. Despite this
progress, a major obstacle to the adoption of AI applications in healthcare is that many
of them are considered “black box,” which refers to their lack of interpretability. The in-
ability to understand why a model makes a prediction is especially harmful in healthcare
applications, where the patterns a model discovers can be even more important than its
predictive accuracy. This is especially true in epidemiology, which aims to identify impor-
tant variables to guide public health policy or detect risk predictors that warrant further
study. To address this need, we turn to a variety of techniques to help us better understand
complex ML models from the emerging area of explainable AI (XAI) [176, 178, 241].

In this paper, we present the IMPACT (Interpretable Machine learning Prediction of All-
Cause morTality) framework (Figure ??), which improves the interpretability of complex
machine learning models for mortality prediction. We combine an accurate, complex ML
model and a state-of-the-art XAI technique to predict all-cause mortality and conduct a
systematic and integrated study of the relationships among many variables and all-cause
mortality. We apply IMPACT to the NHANES (1999-2014) dataset to reveal important all-
cause mortality findings. First, using explainable complex ML models rather than linear
models, we identify risk predictors that are highly informative of future mortality. Second,

13
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Figure 4.1: Overview of the IMPACT model and analyses. (a) We use the NHANES (1999-2014)
dataset, which includes 151 variables and 47,261 samples. The variables can be cate-
gorized into four groups: demographics, examination, laboratory and questionnaire.
We train the model using different follow-up times and different age groups. (b) IM-
PACT combines tree-based models with an explainable AI method. Specifically, IM-
PACT (1) trains tree-based models for mortality prediction using the NHANES dataset,
and (2) uses TreeExplainer to provide local explanations for our models. (c) We illus-
trate the advantages of interpretable tree-based models compared to traditional linear
models in epidemiological studies. (d) We further analyze all mortality models and
demonstrate the effectiveness of IMPACT at verifying existing findings, identifying
new discoveries, verifying reference intervals, obtaining individualized explanations,
and comparing models using different follow-up times and age groups. (e) We pro-
pose a supervised distance to help us explore feature redundancy. We further develop
a supervised distances-based feature selection method which helps us select predictive
and less-redundant features. (f) We build mortality risk scores that are applicable to
professional and non-professional individuals with different cost-vs-accuracy tradeoffs.
The individualized explanations of IMPACT show the impact of each risk factor for the
overall risk score.
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Task Age AUROC AUROC of
IMPACT-20

AUROC of
IMPACT-20
(temporal
validation)

Mortality risk scores
Intermountain [116] 1-year mortality 18+ 0.84 0.92 0.88

Gagne Index [88] 1-year mortality 65+ 0.79 0.85 0.85

Intermountain [116] 5-year mortality 18+ 0.87 0.89 0.88

Male: 0.80 Male: 0.85 Male: 0.80Prognostic score [90] 5-year mortality 40-70
Female: 0.79 Female: 0.83 Female: 0.80

Schonberg Index
[255]

5-year mortality 65+ 0.75 0.80 0.83

Biological ages
Horvath DNAm Age
[117, 153]

10-year mortality 21-84 0.56 0.90 0.89

Hannum DNAm Age
[108, 153]

10-year mortality 21-84 0.57 0.90 0.89

DNAm PhenoAge
[153]

10-year mortality 21-84 0.62 0.90 0.89

Phenotypic Age [153,
162]

10-year mortality 20-85 0.88 0.90 0.89

Table 4.1: Comparing the AUROCs between an existing mortality score or a biological age as
reported in the original paper and the IMPACT-20 model tested for the correspond-
ing follow-up time and age ranges in the NHANES dataset. The “AUROC” column
shows the AUROCs reported in the original paper. The “AUROC of IMPACT-20” col-
umn shows the performance of IMPACT models trained with the selected top 20 features
(Supplementary Tables 2 and 3). The “AUROC of IMPACT-20 (temporal validation)” col-
umn shows the performance of the IMPACT-20 models evaluated on the temporal vali-
dation set (Supplementary Methods).
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our flexible models capture non-linear relationships, which provide more comprehensive
information about the relationship between feature values and mortality risk: for example,
the “inflection” points of risk predictors could provide a unique perspective of reference
intervals that has consequential implications in public health. Third, understanding which
features are the most important enables us to develop highly accurate, efficient (using less
features) and interpretable mortality risk scores. Furthermore, the individualized expla-
nation of risk scores can help users understand their most important risk factors and
adjust their lifestyle. In Table ??, we compare the AUROCs between an existing mortal-
ity score or a biological age as reported in the original paper and the IMPACT-20 model
tested for the corresponding follow-up time and age ranges in the NHANES dataset. We
find that IMPACT risk scores (Supplementary Methods) have higher predictive power
than popular mortality risk scores [88, 90, 116, 255] and biological ages [108, 117, 153,
172]. We ensure generalizability by performing temporal validation of the mortality risk
scores and external validation of feature importances and important relationships with
the UK Biobank dataset. All our results and risk scores are available on an interactive
website (https://suinleelab.github.io/IMPACT) to encourage exploration of important
risk predictors and support the use of interpretable individual risk scores for individuals
with and without medical expertise. The IMPACT framework can also be applied to other
health outcomes and diseases to improve the predictive accuracy and interpretability of
complex ML models in epidemiological studies.

4.2 methods

4.2.1 Data cohorts

This study primarily focuses on NHANES [67, 68, 125] (http://www.cdc.gov/nchs/nhanes.
htm) data based on samples collected between 1999-2014. We include demographic, labora-
tory, examination, and questionnaire features that could be automatically matched across
different NHANES cycles. The National Center for Health Statistics Research Ethics Re-
view Board approved all NHANES protocols, and all participants gave informed consent.
After data preprocessing (Supplementary Methods), 47,261 samples with 151 features re-
main. Follow-up mortality data is provided from the date of survey participation through
December 31, 2015. We predict all-cause mortality for two broad categories: (1) follow-up
times of 1-year, 3-year, 5-year, and 10-year, and (2) age groups of <40, 40-65, 65-80, and
>80 years old. For mortality prediction with different follow-up times, we use samples of
all ages. For different age groups, we fix the follow-up time to predict 5-year mortality and
divide all samples for 5-year mortality prediction into four sets based on age. The dataset
is randomly divided into training (80%) and testing (20%) sets. Demographic character-
istics and sample size of the data for different tasks are shown in Supplementary Figure

https://suinleelab.github.io/IMPACT
http://www.cdc.gov/nchs/nhanes.htm
http://www.cdc.gov/nchs/nhanes.htm
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?? and Supplementary Table ??. The histogram of the the samples’ age in different data
collection cycles are shown in Supplementary Figure ??.

In additioin, we use UK Biobank (https://www.ukbiobank.ac.uk/) samples as an ex-
ternal validation dataset. Ethics approval for the UK Biobank study was obtained from
the North West - Haydock Research Ethics Committee (21/NW/0157). Informed con-
sent was obtained from all UK Biobank participants (the consent form is available at
https://www.ukbiobank.ac.uk/consent). For UK Biobank data, we include the 51 fea-
tures that overlap between the NHANES and UK Biobank datasets and have 384,762
samples with confirmed 5-year mortality status. All-cause mortality included deaths oc-
curring before May, 2021. The dataset is randomly divided into training (80%) and testing
(20%) sets. More detail about UK Biobank dataset is in Supplementary Methods and Sup-
plementary Figure ??.

4.2.2 IMPACT framework

To achieve high accuracy and explainable mortality prediction models, we developed the
IMPACT (Figure ??) framework, which combines tree-based models and TreeExplainer
[177]. To model all-cause mortality, we use gradient boosted trees (GBTs). GBTs are non-
parametric models composed of iteratively trained decision trees. The final ensemble of
trees can capture non-linear and interaction effects between predictors. The hyperparam-
eters are chosen by GridSearch and 5-fold cross-validation (Supplementary Methods).
Model performance is measured using the area under the receiver operator characteristic
curve (AUROC).

In our previous work, we introduced TreeExplainer [177], which provides a local (i.e.,
for each subject) explanation of the impact of input features on individual predictions for
GBT models (Supplementary Methods). Specifically, TreeExplainer calculates exact SHAP
[178] (SHapley Additive exPlanations) values for GBT models, which guarantee a set of
desirable theoretical properties. SHAP values are additive; they sum to the model’s out-
put, i.e., the log-odds for GBTs. They are also consistent, which means features that are
unambiguously more important are guaranteed to have a higher SHAP value. Therefore,
SHAP values are consistent and accurate calculations of each feature’s contribution to the
model’s prediction. TreeExplainer also extends local explanations to capture pairwise fea-
ture interactions directly. In this work, we utilize TreeExplainer to conduct a systematic
and integrated study of associations between a large number of variables and all-cause
mortality. Here, higher SHAP values imply large contributions to mortality risk. By show-
ing the impact of each variable and interactions among variables for local, sample-specific
explanations, we can obtain a comprehensive understanding of why the model made a
specific mortality prediction.

In addition to studying the relationships between risk factors and all-cause mortality,
we further propose a technique, “relative risk percentage”, to identify sub-optimal refer-

https://www.ukbiobank.ac.uk/
https://www.ukbiobank.ac.uk/consent
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ence intervals and a metric, “supervised distance”, to measure feature redundancy and
identify redundant groups of features given a specific prediction task. Building on su-
pervised distance, we also propose a recursive feature selection strategy to select feature
sets that are both predictive and less redundant. We additionally propose a recursive fea-
ture selection method to train accurate and efficient (low-cost) interpretable mortality risk
scores.

4.2.3 Supervised distance

4.2.3.1 Supervised distance and hierarchical clustering

Supervised distance can accurately measure feature redundancy based on a specific pre-
diction task. To calculate the supervised distance between feature i and feature j, we first
train a uni-variate GBT model to predict the label (e.g. 5-year mortality in our study)
using feature i. Then, we can obtain the Predictioni which is the output of the fitted uni-
variate GBT. Next, we fit another uni-variate GBT to predict Predictioni using feature j.
We define the output of the new GBT as Predictionj

i
. All hyperparameter values of the

uni-variate GBTs are set to their default values. Following the same above steps, we can
obtain Predictioni

j
. The supervised distance between feature i and feature j (supervised

distance(i,j)) is defined as:

supervisedR2(i, j) = max(0, 1-mean(
(Predictioni - Predictionj

i
)2

var(Predictioni)
)) (4.1)

superviseddistance(i, j) = max(1- supervisedR2(i, j), 1- supervisedR2(j, i)) (4.2)

where var(x) is the variance of the vector x, mean(x) is the average of the vector x. Su-
pervised distance is scaled roughly between 0 and 1, where 0 distance means the features
perfectly redundant and 1 means they are completely independent.

To explore the redundant feature groups, we hierarchically cluster all features according
to the supervised distance. Specifically, we use complete linkage hierarchical clustering
which merges in each step the two clusters whose merger has the smallest diameter.

4.2.3.2 Supervised distance-based feature selection

We propose a supervised distance-based feature selection method to select predictive and
less-redundant feature sets. Firstly, we fit a GBT for 5-year mortality prediction on all
features using the training set and rank the features by mean absolute SHAP values from
TreeExplainer. We cluster features except age and gender into a specific number of groups
using supervised distances-based hierarchical clustering and select the most important
feature in each cluster. Then, we add age and gender to the selected feature set and re-
fit the model. Next, we rerun the clustering using the new feature set except age and
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gender. This process is repeated until all remaining features cluster to a single group. In
every iteration, we remove 5 features. The models are evaluated on the testing set with
bootstrapping for 1,000 times. We report the average of the AUROCs and the minimum
supervised distance within the selected feature sets.

4.2.4 5-year mortality risk scores

IMPACT mortality risk scores are defined to be the prediction of the 5-year mortality pre-
diction models. To compare with Intermountain gender-specific risk scores, we evaluate
the models on different gender groups. The models are trained on the whole training set
and evaluate on different gender groups in the testing set. Furthermore, considering the
different feature collection cost for the general public and medical professionals, we build
the risk scores starting from different feature sets. For the general public, the models are
trained on all demographics, questionnaire features and examination features that are
accessible at home for general public, For medical professionals, the models are trained
on all demographics and laboratory features. We implement recursive feature selection to
reduce the number of features included in the risk scores. Recursive feature elimination
works by searching for a subset of features by starting with all features in the training
dataset and successively removing features until the desired number of features remains.
Firstly, we train a model on the full dataset with all features. Then we rank features by
importance (mean absolute SHAP values) and remove the least important features. An-
other model is trained on the resulting feature set, and the process iterates until only the
desired number of features are left. We remove 5 features in each iteration. We bootstrap
the test set for 1,000 times and assess the predictive performance. We report the average
of the AUROCs within the selected feature sets.

4.3 results

4.3.1 Advantages of tree-based models

Linear models are commonly used in epidemiology because their coefficients indicate
each feature’s contribution to the model’s prediction [195]. However, more expressive
models, such as tree-based models, can achieve higher predictive accuracy across many
datasets by learning non-linear relationships between features and the outcome variable.
Gradient boosted trees (GBTs) have achieved state-of-the-art performance in many do-
mains [79, 240, 288, 335]. We observe the same trend in our study: tree-based models out-
perform both linear models and neural networks across almost all tasks we consider (Fig-
ure ??a, Supplementary Figure ??). The superior prediction performance of tree models
indicates that we can capture signals relevant to mortality, which alternative approaches
could not. Besides predictive power, tree-based models have more advantages compared
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Figure 4.2: Advantages of tree-based models for mortality prediction. (a) The area under the
ROC curve (AUROC) of gradient boosted tree models outperforms both linear models
and neural networks for seven of our prediction models.(⇤ ⇤ ⇤) represents a p-value
< 0.001, (⇤⇤) represents a p-value < 0.01, and (⇤) represents a p-value < 0.05. P val-
ues highlighted in blue are computed using bootstrap resampling over the tested time
points while measuring the difference in area between the curves with n = 1000 in-
dependently resampling. (b,c) Tree-based models can capture non-linear relationships
and important thresholds. (b) The main effect of uric acid on 5-year mortality. Higher
SHAP value leads to higher mortality risk. (c) The main effect of urine albumin on
5-year mortality. (d–g) Tree-based models can measure feature interaction effects. (d)
SHAP value for blood lead level in the 5-year mortality model. Each dot corresponds
to an individual. The color corresponds to the value of a second feature (i.e., age) that
has an interaction effect with blood lead. (e) We can use SHAP interaction values to
remove the interaction effect of age from the model and obtain the SHAP value of
blood lead without the age interaction on 5-year mortality. (f) Plotting just the interac-
tion effect of blood lead with age shows how the effect of blood lead on mortality risk
varies with age. (g) The SHAP interaction value of blood lead vs. gender in the 5-year
mortality model.
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with traditional linear models. Our study illustrates the advantages of tree-based models
in epidemiology, including making minimal assumptions, capturing non-linear relation-
ships, important thresholds, and interaction effects.

4.3.1.1 Tree-based models make minimal assumptions about the data distribution.

Several assumptions associated with linear models (e.g., linearity, independence, normal-
ity, etc.) constrain the features they can use. To satisfy these assumptions, scientists often
manually transform non-linear variables before fitting a model (e.g., log-transformation,
discretization of continuous variables, etc.). For instance, to explore the effect of blood
lead on mortality, researchers first discretized blood lead using different thresholds. They
observed that individuals with blood lead levels higher than the threshold had increased
mortality risk compared to those with lower blood lead levels [179, 192, 254]. In compari-
son, tree-based models make minimal assumptions about the data distribution and need
no data transformations. Figure ??d shows a positive relationship between blood lead
and 5-year mortality risk. Tree-based models can capture complex relationships directly
without needing to manually transform the variables.

4.3.1.2 Tree-based models capture non-linear relationships and important thresholds.

Discovering non-linear relationships is important but challenging for epidemiological re-
search using traditional linear models. J-shaped and U-shaped associations are two com-
mon and meaningful non-linear relationships [188]. However, linear models must use
manually transformed features to capture non-linear relationships. As an example, Suli-
man, Johnson, García-López, Qureshi, Molinaei, Carrero, Heimbürger, Bárány, Axelsson,
and Lindholm [271] used a linear model to show a J-shaped relationship between uric acid
levels and mortality in patients with stage 5 chronic kidney disease (CKD) by dividing
uric acid level into three categories and calculating the hazard ratio for each. Unlike linear
models, tree-based approaches can directly capture non-linear relationships. We observe
a U-shaped relationship between uric acid level and all-cause 5-year mortality predictions
in Figure ??b. This relationship differs from the J-shaped one in previous work, possi-
bly because of categorization, which loses essential information about values within the
categories.

Additionally, discovering thresholds (i.e., inflection points beyond which changing a
feature’s value has diminishing returns) is important in epidemiological analysis. Figure
??c shows that 250 µg/mL is an important threshold: according to our model, increasing
urine albumin generally increases 5-year mortality risk; however, urine albumin higher
than this threshold has almost the same impact on mortality risk.
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4.3.1.3 Tree-based models capture feature interaction effects.

Feature interaction examines how the effect of one feature on the outcome differs across
strata of another feature, highlighting the complex relationship of two features on the
outcome [70]. Tree-based models can naturally capture interaction effects by splitting on
different features in the same tree. As shown in Figures ??d-f, SHAP dependence plots
can be decomposed into main effects and interaction effects for each sample. Figure ??f
highlights a specific interaction: the relationship of blood lead level to mortality presents
differently for young and old individuals. Specifically, for those with blood lead higher
than 0.1 µmol/L, younger individuals have a higher 5-year mortality risk than older in-
dividuals. Figure ??g shows the SHAP interaction effects of gender with blood lead level:
females have a higher 5-year mortality risk than males with blood lead levels higher than
0.24 µmol/L. The interaction effects of age and gender with blood lead level cannot be
clearly identified without SHAP interaction values because being male or older generally
increases mortality risk. These findings underscore how being able to detect interaction
effects can expose opportunities for further research.

4.3.2 Discoveries from 5-year mortality prediction

Figure ??a shows a summary plot that displays the magnitude, prevalence, and direction
of the effect of the top 20 most impactful features on 5-year mortality prediction (Supple-
mentary Methods). This summary plot provides an integrated explanation of the 5-year
IMPACT model. Several features are known to be associated with mortality in epidemi-
ological studies. Our results examine and support these studies’ conclusions and surface
additional discoveries, including features, thresholds, and non-linear relationships.

4.3.2.1 IMPACT verifies well-studied features associated with mortality.

Some of the top 20 most important features for our 5-year mortality prediction models
have been previously identified. For example, red cell distribution width (RDW), the sec-
ond most important feature of the 5-year IMPACT model, has been shown to have a strong
positive relationship with mortality in many studies under several conditions [81, 213, 214,
217]. We also find a positive relationship between RDW and risk of mortality (Figure ??b);
moreover, 12.7% is an important threshold over which RDW manifests a positive effect
on mortality. Serum albumin level’s relation to mortality is also well-studied; previous
studies show that serum albumin is negatively associated with mortality risk [62, 96, 221].
The relationship shown in Figure ??c matches this trend. Furthermore, Corti, Guralnik,
Salive, and Sorkin [62] showed that serum albumin level<35 g/L was associated with an
increased risk of mortality compared to serum albumin levels greater than 43 g/L [62].
We observe that 35 g/L and 43 g/L are indeed key inflection points (Figure ??c): serum



4.3 results 23

Figure 4.3: Combining 5-year mortality prediction gradient boosted trees models and local ex-
planations to achieve significant discoveries about the entire model and individual
features. (a) SHAP summary plot for the gradient boosted trees trained on the 5-year
mortality prediction task. The plot shows the most impactful features on prediction
(ranked from most to least important) and the distribution of the impacts of each fea-
ture on model output, which includes a set of plots where each dot corresponds to
an individual. The colors represent feature values for numeric features: red for larger
values, and blue for smaller. The thickness of the line comprised of individual dots
is determined by the number of examples at a given value. A negative SHAP value
(extending to the left) indicates reduced mortality risk, while a positive one (extending
to the right) indicates increased mortality risk. (b,c) IMPACT can verify well-studied
features associated with mortality. (b) The main effect of red cell distribution width on
5-year mortality. (c) The main effect of serum albumin on 5-year mortality. (d-h) IM-
PACT can identify less well-studied features associated with mortality. (d) The SHAP
value for arm circumference in 5-year mortality model. (e) The main effect of platelet
count on 5-year mortality. (f) The main effect of serum chloride on 5-year mortality. (g)
The SHAP interaction value of serum chloride vs. age in the 5-year mortality model.
(h) The SHAP interaction value of serum chloride vs. gender in the 5-year mortality
model.
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albumin levels lower than 43 g/L have a positive relationship with mortality prediction,
while those around 35 g/L are associated with a dramatically increased mortality risk.

4.3.2.2 IMPACT identifies less well-studied features associated with mortality.

Some of the top 20 most important features identified by IMPACT are less appreciated
as mortality risk factors in the existing epidemiological literature. Three of these are arm
circumference, platelet count, and serum chloride level. Figure ??d shows a negative re-
lationship between arm circumference and 5-year mortality, especially for older people.
This negative relationship is consistent with previous work [9, 340]. IMPACT ranks arm
circumference as the fourth most important feature for 5-year mortality prediction, with
an importance ranking that greatly exceeds that of BMI (the 56th). This suggests that
smaller arm circumference is more predictive than BMI for modeling mortality, as in
[291].

Figure ??e shows a negative relationship between platelet count, the 13th most impor-
tant feature, and 5-year mortality. 175⇥ 1, 000 cells/µL is an important threshold; platelet
count lower than that level is associated with dramatically increased mortality risk. Serum
chloride is also inversely related to 5-year mortality (Figure ??f). The normal adult value
for chloride is 98-106 mmol/L. We observe that serum chloride lower than 98 mmol/L is
associated with sharply increased mortality risk. In Figures ??g-h, we plot the interaction
effect of age and sex with serum chloride level. This analysis reveals that younger peo-
ple and females with low serum chloride have a higher mortality risk than older people
and males. The interaction effect of age and serum chloride shows that early rather than
late-onset low chloride level has a greater effect on the model.

4.3.2.3 IMPACT can provide an additional perspective to laboratory reference intervals.

A reference interval (RI) is the range of values that is deemed normal for a physiologic
measurement in healthy persons [135]. It is the most commonly used decision support
tool to interpret patient laboratory test results. RIs enable differentiation of healthy and
unhealthy individuals [127, 210]. Hence, the quality of the RIs is as crucial as the quality
of the result itself. RIs in use today are most commonly defined as the central 95% of
laboratory test results in a reference population. Unfortunately, this definition does not
consider mortality or disease risk, which may lead to misdiagnosis since RIs are often
used to identify unhealthy individuals. The partial dependence plots (Supplementary
Methods) of IMPACT models directly reflect the effects of the features on mortality risk,
which provides an alternative perspective for identifying inappropriate reference intervals
with mortality/disease relevance.

We define the relative risk percentage (RRP; Supplementary Methods) that measures the
relative risk of the feature values within the reference interval compared to the relative
risk of all values (Table ??). A higher RRP indicates that the feature values within the



4.3 results 25

Refer ence inter val : 2.86-8.57 m m ol /L

d

Refer ence inter val : 0-0.48 um ol /L Refer ence inter val : 80-100 fL Refer ence inter val : 7-55 IU/L

g h i

e

j
Male Fem ale

Male Fem ale

Refer ence inter val : 2.14-7.50 m m ol /L

Refer ence inter val : 7-45 IU/L

f

Refer ence inter val : 35-50 g/L

Refer ence inter val : 20%-40%

c

Refer ence inter val : 20-35 g/L

b

Refer ence inter val : 0-30 U/L

a

Figure 4.4: Effect of varying laboratory feature values on 5-year mortality risk. The partial de-
pendence plots show the change in relative 5-year mortality risk for all values of a given
laboratory feature. The grey histograms on each plot show the distribution of values
for that feature in the test set. The green shaded region shows the reference interval
of each feature. The grey dotted line shows the average value of the model predicted
probability (y=1). (a-e) The partial dependence plots of the features whose reference in-
tervals are optimal for mortality risk. (f-j) The partial dependence plots of the features
whose reference intervals are sub-optimal for mortality risk.
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Feature Reference Interval Relative Risk Percentage (RRP)
1-year 3-year 5-year 10-year

Gamma glutamyl trans-
ferase

0-30 U/L 16.93% -4.57% -0.97% -6.04%

Globulin, serum 20-35 g/L 5.39% 7.95% 14.73% 4.59%
Lymphocyte percent 20%-40% 15.63% 7.02% 6.55% 10.81%
Blood urea nitrogen
(Male)

2.86-8.57 mmol/L 8.12% 2.92% 8.02% 21.08%

Blood urea nitrogen (Fe-
male)

2.14-7.50 mmol/L -0.15% 3.07% 0.40% 12.16%

Albumin, serum 35-50 g/L 28.56% 49.70% 59.77% 93.48%
Blood lead 0-0.48 umol/L 100.00% 94.71% 100.00% 100.00%
Mean cell volume 80-100 fL 82.80% 75.82% 83.92% 57.26%
Alanine aminotrans-
ferase ALT (Male)

7-55 IU/L 100.00% 100.00% 100.00% 100.00%

Alanine aminotrans-
ferase ALT (Female)

7-45 IU/L 100.00% 100.00% 100.00% 100.00%

Table 4.2: Providing additional perspective to laboratory reference intervals. The table lists the
reference interval and relative risk percentage (RRP) of the selected laboratory features.
RRP measures the relative risk of the feature values within the reference interval com-
pared to the relative risk of all values. A higher RRP indicates that the current reference
interval is relatively more inappropriate. The negative value indicates that the reference
interval of that laboratory feature is optimal for mortality risk. The 100% value suggests
that the reference interval may be sub-optimal for mortality risk.
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reference interval may lead to high mortality risk, which call for special attention. The
first four features in Table ?? have relatively low 5-year mortality RRP. From Figures ??a-e,
we observe that the values of these features within the reference interval have a low 5-year
relative mortality risk; the values outside the reference interval may lead to increased
5-year mortality risk. Therefore, IMPACT confirms the reference intervals of these four
features as optimal for mortality risk. In contrast, the RRPs of the last four features in
Table ?? are high. Figures ??f-j also shows that the relative 5-year mortality risk of the
values within the reference interval is high compared to the maximum relative risk of
all values. Hence, IMPACT identified the divergence where reference intervals appear to
be poorly tuned to mortality risk, suggesting that these reference intervals may in fact be
sub-optimal for health. Note that our goal is not to suggest the optimal reference range: to
find the optimal reference interval, more careful sample and study design need to occur.
The partial dependence plots for the 1-, 3- and 10-year mortality prediction models are
shown in Supplementary Figure ??.

4.3.2.4 External Validation of IMPACT on UK Biobank (UKB) dataset.

We validate the key findings of the 5-year mortality prediction IMPACT model using the
UKB dataset. Our external validation includes two aspects. The first aims to validate the
entire IMPACT framework using a new dataset by checking whether the explanations
from a model trained on the NHANES dataset can also be found in a model trained on
the UKB dataset. The second aims to test the generalizability of the mortality prediction
model trained on the NHANES dataset.

To validate the IMPACT framework, we train a tree-based 5-year mortality prediction
model on the UKB dataset using the 51 overlapping features between NHANES and UKB.
Then, we calculate the SHAP values of the UKB mortality prediction model using the
UKB samples. Figure ??a shows the relative global feature importances of the 51 overlap-
ping features of the NHANES model (trained on all 151 features) and the UKB model
(trained on 51 features). We can see that the top 20 most important features are largely
consistent, where 14 features are the same for both models. The p-value of the Fisher’s
exact test (p=0.0004) shows that the overlap between the top 20 most important features of
NHANES (151 features) and UKB (51 features) model is significant. The Spearman’s corre-
lation coefficient of the NHANES and UKB model’s feature importance is 0.6654 (p-value
< 0.0001), showing the significant positive correlation between the ranking of the overlap-
ping features in NHANES and UKB. It is worth mentioning that waist circumference is
more important than BMI in the UKB model, which further validates that some anthro-
pometric measures (i.e., arm circumference in the NHANES model, waist circumference
in the UKB model) are more predictive than BMI for modeling mortality. Figures ??b-d
show the relationship between 5-year mortality and three important features: red cell dis-
tribution width, serum albumin, and serum uric acid. The trends discovered by the SHAP
main effects in the UKB model corroborate previous findings from the NHANES model.
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Figure 4.5: External validation of IMPACT framework on the UKB dataset. (a) Relative impor-
tance of 51 overlapping features in the 5-year mortality prediction models trained on
the NHANES (151 features) and UKB (51 features) datasets. For each model, the figure
shows the 20 most important features of prediction (ordered by importance). The pur-
ple line indicates that the feature is in the top 20 features of both models. Blue and red
lines indicate the feature is in the top 20 features of one model but not the other. The
p-value of the Fisher’s exact test examines the overlap between the top 20 most impor-
tant overlapping features in the NHANES and UKB models (the contingency table in
Supplementary Figure ??f). The Spearman’s correlation coefficient is calculated using
the feature importance of the overlapping features in NHANES and UKB (n = 51 fea-
tures). (⇤ ⇤ ⇤) represents a p-value < 0.001. (b–d) The main effect of red cell distribution
width, urine albumin and serum uric acid on 5-year mortality in the model trained on
UKB (51 features) dataset. (e–g) The relative 5-year mortality risk of gamma glutamyl
transferase, lymphocyte percent, and serum albumin in the model trained on the UKB
(51 features) dataset.
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In Figures ??e-f, the values of gamma glutamyl transferase and lymphocyte percent in the
reference interval have a low 5-year relative mortality risk, which demonstrates that the
reference intervals of these two features are optimal for mortality risk. In contrast, Figure
??g shows that the relative 5-year mortality risk of the values of serum albumin in the ref-
erence interval is high, which suggests that the reference interval may be suboptimal for
health. These results are consistent with our findings from the NHANES model trained
on 151 features. More validation results of IMPACT framework on the UKB dataset are in
Supplementary Figure ??.

Furthermore, we would like to validate whether the performance and explanations
of the NHANES prediction model generalize to an unseen population (UKB). Training
details and results are described in Supplementary Note ??, Supplementary Figures ??–
??. Our external validation results show that the NHANES mortality prediction model
generalizes well to the UKB dataset in terms of both mortality prediction performance
and key relationships between features and mortality.

4.3.3 Discoveries for mortality prediction using different follow-up times

The relationship between each feature and mortality may change for different models. For
instance, comparing important features between IMPACT models using different follow-
up times can reveal features that are predictive only for short-term mortality, not longer-
term mortality (and vice versa).

Figure ??a shows the top 20 most important features and relative importance of input
features in IMPACT’s 1-year, 3-year, 5-year, and 10-year mortality prediction models. Fea-
ture importance rankings change greatly between these four models. Some features are
important for all four (e.g., age, RDW, and urine albumin level). Some features become
more important over time (e.g., platelet count, whose importance ranking is 75 for the
1-year model and 12 for the 10-year model). Other features become less important over
time (e.g., serum potassium, whose importance ranking is 17 for the 1-year model and
42 for the 10-year model). These results provide a more comprehensive understanding of
shorter- and longer-term mortality risk, which can facilitate the investigation of mecha-
nisms underlying risk predictors and potentially help validate interventions.

The relationship between each feature and mortality may change for models that predict
different mortality outcomes or utilize different subsamples of the general population. For
instance, Figures ??b,c show the SHAP value for serum potassium in IMPACT’s 1-year
and 5-year mortality prediction models. The finding that serum potassium lower than 3.5
mmol/L and higher than 4.0 mmol/L are associated with increased mortality risk has
been previously observed [6, 97, 198]. Interestingly, for the 1-year model, hyperkalemia
(high potassium) has a higher mortality risk than hypokalemia (low potassium). For the 5-
year model, hypokalemia has the same or higher mortality risk than hyperkalemia. Figure
??d shows that serum sodium higher than 139 mmol/L increases 1-year mortality risk,
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Figure 4.6: Understanding important risk factors for mortality prediction from tree-based mod-
els based on different follow-up times. (a) Relative importance of input features in
1-, 3-, 5- and 10-year mortality models. For each model, the figure shows the 20 most
important features of prediction (ordered by importance). The purple line indicates
that the feature is in the top 20 features of two models. Blue and red lines indicate that
the feature is in the top 20 features of one model, but not in the top 20 features of the
other. (b) The SHAP value of serum potassium in the 1-year mortality model. (c) The
SHAP value of serum potassium in the 5-year mortality model. (d) The SHAP value of
serum sodium in the 1-year mortality model. (e) The SHAP value of serum sodium in
the 5-year mortality model.
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and low serum sodium with negative SHAP values decreases mortality risk. However,
the relationship differs completely in the 5-year mortality prediction model (Figure ??e):
hyponatremia (serum sodium <135 mmol/L) is associated with a higher 5-year mortality
risk. This type of insight, especially regarding the differences of non-linear trends, is not
apparent using linear models.

Likewise, we can compare models trained on distinct subpopulations (e.g., samples in
different age groups). The differences between these models can help researchers identify
risk predictors relevant to each subpopulation and provide epidemiological insights that
may guide policy for specific at-risk populations. The discoveries for mortality prediction
using different age groups are discussed in Supplementary Note ?? and Supplementary
Figure ??. We further explore explaining the mortality predictions using different age
distributions in Supplementary Note ??, Supplementary Figure ??.

4.3.4 Exploring feature redundancy using supervised distance

Features in datasets are often partially or fully redundant with each other, such that a
model could use either feature and achieve the same accuracy. It is important to be aware
of redundant features when we interpret a model because these features may include the
same information about the output and thereby split the importance of this information.
To this end, we propose a supervised distance, which helps us explore and better under-
stand redundant features (Supplementary Methods). Building upon supervised distance,
we develop a feature selection method to maximize accuracy and minimize redundancy.

4.3.4.1 Supervised distances measures feature redundancy and identifies redundant groups of
features.

Researchers often use unsupervised methods, such as some form of correlation-based
clustering, to identify dependent features [293, 332]. However, when we have a specific
prediction task in mind, we would like to measure feature redundancy with respect to
outcome. This can be done using supervised distance, which measures the similarity of
two features’ information about the prediction task by training one uni-variate model to
predict the outcome of another (Supplementary Figure ??; Supplementary Methods). Su-
pervised distance is scaled roughly between 0 and 1, where 0 distance means the features
are perfectly redundant regarding the prediction task and 1 means they are not redundant
at all.

To identify groups of redundant features, we hierarchically cluster all features according
to supervised distance (Supplementary Figure ??; Supplementary Methods). Redundant
features with the same information about the output group together. For example, arm
circumference, the fourth most important feature of the 5-year IMPACT model, is grouped
with weight-related features: BMI, waist circumference, weight, etc. These weight-related
features all contain similar information about 5-year mortality. To further explore the pre-
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Figure 4.7: Exploring feature redundancy using supervised distance. (a) The feature importance
ranking of the BMI-related features in original models and reducing redundancy mod-
els (models using one weight-related feature and all non-weight-related features), and
the AUC of the single-feature models controlling for age and gender. (b) The feature
importance ranking of the selected laboratory features in original models and reducing
redundancy models, and the AUROC of the single-feature models confounded by age
and gender. (c) The AUROC of the models using the selected feature sets and minimum
feature redundancy within the selected feature sets when running supervised distance-
based feature selection. The purple dashed line shows the AUROC of the model trained
on age and gender. The pink dashed line indicates the feature set we select for further
analysis. (d) The SHAP summary plot for the gradient boosted trees trained on the
selected 90 features for the 5-year mortality prediction.
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dictive ability of the features, we train models using one weight-related feature and all
non-weight-related features (reducing redundancy models) and models using one weight-
related feature in addition to age and gender (single-feature models) (Supplementary
Methods). Arm circumference is the most predictive weight-related feature across all set-
tings (Figure ??a), and may be more informative than other weight-related features with
respect to all-cause mortality. Another example is the cluster that includes many blood
test features (Figure ??b). Similar to arm circumference, serum albumin is the most predic-
tive feature among these blood test features. In summary, using supervised distance, we
can easily identify redundant feature groups and select the most representative feature
based on predictive power. These selected features can be the strongest risk predictors
because they have strong predictive power and can represent a number of features.

4.3.4.2 Supervised distance-based less-redundant feature selection.

To address feature redundancy more rigorously, we propose a recursive feature selection
method to select predictive and less redundant feature sets based on supervised distance
(Supplementary Methods). Figure ??c shows the predictive power and minimum super-
vised distance of subsets of features refined by our feature selection approach. We observe
that as the number of features declines, the predictive performance drops, and the feature
redundancy reduces (as indicated by an increasing minimum supervised distance). The
figure shows that when using 90 features, the model can achieve good predictive perfor-
mance (AUROC = 0.8845), and the minimum supervised distance within the features is
high (0.9301). Figure ??d shows the summary plot of the top 10 features in the 5-year
mortality prediction model using the selected 90 features. Since there is less redundancy
in the selected features, we mitigate the issue of redundant features splitting credit. This
lets us explore more richly the effect of important risk predictors on mortality. In our low
redundancy model, arm circumference is selected to represent the weight-related features
and still receives high importance. Furthermore, we find that “requiring special healthcare
equipment,” a top 10 feature in the model trained on all features, is removed from the
feature list because it is redundant with “general health condition.” In summary, our fea-
ture selection method helps remove redundant features while retaining highly predictive
features, thereby balancing accuracy and interpretability.

4.3.5 Highly accurate and efficient interpretable mortality risk scores

A mortality risk score can help individuals monitor their health status, clinicians stratify
high-risk patients, and public health organizations guide policy. Most prior mortality risk
scores are built with linear models, such as logistic regression and linear hazard models
[90, 116]. However, compared with traditional models, tree-based models achieve higher
predictive performance, which can stratify patients better than linear models (Table ??).
Besides predictive performance, we must also consider the feature collection cost. There is
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a tradeoff between collecting fewer features (which is less costly) and model performance
(cost-vs-accuracy). Moreover, the cost of features differs for different users. For example,
blood test features are easily collected by clinicians, but, for the public, questionnaire
features and examination features are easy to obtain at home. Furthermore, in addition to
calculating their risk scores, users may want to know which features contributed more or
less to their risk. To address these problems, we build interpretable tree-based mortality
risk scores with different cost-vs-accuracy tradeoffs and different types of features for
the general public (demographic, examination, and questionnaire features) and medical
professionals (demographic, laboratory features and features from common test panels)
to use (Supplementary Methods). Compared with previous mortality risk scores, ours are
more interpretable, more accurate, applicable to more users, and flexible with respect to
different cost-vs-accuracy tradeoffs.

4.3.5.1 IMPACT develops highly accurate and efficient 5-year mortality risk scores.

The predicted probability of IMPACT models can be directly used as mortality risk scores
(IMPACT risk scores). We did a temporal validation of the risk scores by training and val-
idating them in samples from NHANES 1999-2008 and assessing their performances in
NHANES 2009-2014. The sample size, the number of deceased samples and the histogram
of age in the training set with the testing set and the temporal validation set are shown
in Supplementary Figure ??. For comparison, we train linear and tree-based Cox propor-
tional hazard models widely used in previous work (Supplementary Methods). To find
less costly but nearly as accurate models, we select the features using recursive feature
elimination (RFE; Supplementary Methods). Moreover, we compare IMPACT risk scores
with Intermountain sex-specific risk scores [116] (Supplementary Methods). The models
are evaluated on different gender groups.

In Figures ??a-b, we show the AUROC of the 5-year mortality risk scores of female sam-
ples (Supplementary Figure ?? for male results) in the test set and the temporal validation
set. We see that the IMPACT model with only 20 features obtains an AUROC of 0.8971,
which is almost as same as the performance of the model using all features (AUROC
= 0.9030); using fewer than 20 features leads to a dramatic accuracy drop. Figures ??a,b
also show that IMPACT models achieve better performance than linear and tree-based
Cox proportional hazard models. Furthermore, we see that the IMPACT risk score using
the laboratory features (AUROC = 0.8881) and the risk score using the questionnaire and
examination features (AUROC = 0.8835) both achieve acceptable predictive performance.
The IMPACT risk score using the features from common test panels achieves higher AU-
ROCs than the intermountain risk score, which uses CBC and BMP panels features. With
the models trained with different cost-vs-accuracy tradeoffs, users who cannot measure
certain features (i.e., high-cost features) can still calculate accurate mortality risk scores.
Figure ??b shows that the performance of our models drops only a little on the temporal
validation set, which can indicate that our risk scores generalize fairly well. The selected
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Figure 4.8: Developing highly accurate and efficient interpretable 5-year mortality risk scores.
(a,b) The AUROC of the models using different feature sets after recursive feature elim-
ination. Lines are mean performance over 1000 random train/test splits, and shaded
bands are 95 percent normal confidence intervals. (a) The AUROC of the models tested
on the female group in the test set of NHANES 1999-2008. (b) The AUROC of the mod-
els tested on the female group in the temporal validation set (NHANES 2009-2014).
(c,d) IMPACT can analyze individualized mortality risk scores. (c) The individualized
explanation for an individual who is alive after 5 years. The output value is the risk
score for that individual. The base value is the mean risk score, i.e., the score that would
be predicted if we did not know any features for the current output. The features in
red increase mortality risk, and those in blue decrease it. (d) The individualized expla-
nation for a sample who is deceased after 5 years.
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top 20 features and features from CBC and BMP panels are listed in Supplementary Ta-
ble ??. In summary, we build IMPACT risk scores that are applicable to professional and
non-professional individuals with different cost-vs-accuracy tradeoffs.

4.3.5.2 IMPACT exposes individualized mortality risk score explanations.

TreeExplainer can help researchers analyze the prediction for each individual and illus-
trate each features’ contribution to the mortality risk score. We explain the mortality pre-
diction model in terms of its probability predictions (risk scores). Figures ??c,d show
individualized explanations for two people in the model using the top 20 features (Sup-
plementary Methods). The first individual (Figure ??c) was alive after 5 years. From the
figure, we observe that IMPACT predicted that the individual’s 5-year mortality risk score
was 0.02, lower than the average predicted risk (i.e., base value). Certain features can in-
crease mortality risk, such as red cell distribution width, and others can decrease it, such
as urine albumin level. For this individual, the features that drive down mortality risk
outweigh those that increase it. The second individual (Figure ??d) was deceased after
5 years, and the model’s predicted mortality probability is 0.61, much higher than the
average predicted risk. The top three features that increase this individual’s risk are high
age, high red cell distribution width, and high urine albumin concentration. The inter-
pretable risk score can both help individuals improve health awareness and understand
their health status, and it can help health professionals identify high-risk individuals.

4.4 discussion

IMPACT combines high-accuracy complex ML models and state-of-the-art local explana-
tion methods to allow the systematic study of all-cause mortality. In epidemiology, high
accuracy is neccessary but insufficient; explaining models to humans is also essential for
drawing epidemiological hypotheses [314, 315]. IMPACT’s combination of accuracy and
explanation aims to optimize accuracy while also gaining insight into complex interrela-
tions between mortality and an individual’s features.

Using 151 features in NHANES 1999-2014, we build tree-based mortality prediction
models and explore the effect of those features on mortality for different follow-up times
and age groups. Importantly, we demonstrate the value and significance of explaining
complex ML prognostic models. IMPACT lets us to capture both non-linear and interac-
tion effects that are difficult to uncover with linear models. These results help us verify
well-studied findings (e.g. the relationship of red cell distribution width and serum al-
bumin with mortality) as well as identify less well-studied ones (e.g. the important risk
predictors arm circumference, platelet count and serum chloride, and the complex inter-
actions among the features). One pitfall to inferring relationships between determinants
and an outcome are relationships between the determinants themselves (redundancy). To
address this, we propose a supervised distance and feature selection approach, which we
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utilize to select the minimally redundant feature sets. Finally, we build easy-to-use and ex-
plainable mortality risk scores for use by both the general public and medical profession-
als with different tradeoffs between feature collection cost and model performance. These
scores can help individuals improve self-awareness of their health status and help clini-
cians identify patients with high mortality risk to target with specific interventions. In this
paper, we present only a small part of our findings. All our results and risk scores are avail-
able for public use in an interactive website (https://suinleelab.github.io/IMPACT),
where associations and interactions can be explored in detail to generate new research
hypotheses.

In terms of epidemiological findings, this study shows a negative relationship between
arm circumference and mortality. Our clustering method groups arm circumference with
BMI and other weight-related features, indicating that these features share information
about mortality. Several prior studies have found a U-shaped association between BMI
and mortality, where very low or very high BMI is associated with greater mortality risk
[9, 109]. This U-shaped relationship may be the result of compound effects from body
fat and fat-free mass. Since upper arm circumference is an indicator of fat-free mass [9,
340], it may be the case that fat-free mass is driving the inverse correlation between arm
circumference and mortality risk. Larger arm circumference is expected to be associated
with greater muscle mass, while smaller arm circumference may reflect muscle deteriora-
tion along with diminished nutritional status or malnutrition [251, 321]. The importance
of arm circumference in IMPACT is consistent with previous studies, which show that low
arm circumference was more effective than low BMI in predicting follow-up mortality risk
in older people [251, 292, 317].

One limitation of IMPACT is that the relationships and interactions detected by our
model cannot be claimed to be causal. This is not unique to our method and poses a
fundamental problem in epidemiological studies using observational data. The purpose of
this study is not to address causality, but rather to conduct a systematic study of mortality
associations with the NHANES population. In particular, a primary obstacle in capturing
causal effects with observational data and predictive models are confounding variables.
In order to condition on confounders (and potential surrogate confounders), it is often
desirable to include as many features as possible in the model [253]. Conversely, we may
want to remove colliders and mediators that skew the real effect of treatment features of
interest. Our solution to redundancy, i.e., supervised distance, can potentially help narrow
down related features for which domain experts can identify colliders, mediators, and
confounders. This is a potential future research question that takes a step in the direction
of making explanations from complex models causal.

Our study is performed on NHANES 1999-2014 data, which is designed to assess
the health status of participants in the United States. We perform temporal validation
within the NHANES samples to evaluate the performance of our mortality risk scores.
To evaluate the generalizability of important features and relationships, we implement

https://suinleelab.github.io/IMPACT
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the IMPACT model on a geographically distinct dataset with samples exclusively from
the United Kingdom (UK Biobank). Although our qualitative findings were consistent
between NHANES and UK Biobank, there are differences between both populations, pri-
marily in terms of age (37-72 in UKB vs. 18-80+ in NHANES), which also affects the base
rates of mortality in each data set. As such, further external validation of our mortality
models on datasets with similar distribution of variables and mortality rates should be
undertaken to further increase the generalizability of the findings.

Over the past several years, a variety of ML approaches have been applied in the field
of aging research to develop “clocks” that can predict the chronological age of an indi-
vidual based on different phenotypic features [338]. The most common of these are the
epigenetic clocks that have identified patterns of methylation on DNA that change with
age and can be used to predict chronological age with high accuracy across a variety
of different species and tissue types [118, 203]. Other clocks based on gene expression,
metabolites, facial features, telomere length, etc., have also been described [323]. Efforts
have also been made to use these clocks to predict an individual’s biological age, which
may differ from their chronological age if they are aging more rapidly or slowly than the
general population. Such “biological aging clocks” are expected to reflect the underlying
health status of the individual and be useful for predicting future health outcomes and
mortality. Although we have not yet attempted to validate IMPACT as a tool for assess-
ing biological age, those individuals with lower IMPACT mortality risk than expected for
their chronological age would be predicted to have a lower biological age, and vice-versa.
Because IMPACT is trained to predict all-cause mortality rather than fit to chronological
age, it will be of interest to determine how IMPACT compares to these various clocks in
predictive capacity, particularly if done for the same cohort of individuals.

Prognosis research using complex ML models will likely increase over the coming years
as ML techniques continue to rapidly develop. However, “black box” ML models that pre-
dict without explaining are difficult for clinicians to trust and difficult to extract meaning-
ful information from. Therefore, the combination of complex ML models and ‘explainable
artificial intelligence’ (XAI) is necessary and urgent. IMPACT takes a consequential step
towards XAI for mortality prediction. This study’s improvement in predictive accuracy
and explanation of complex ML models warrants further exploration for other epidemio-
logical outcomes.

4.a supplementary methods

4.a.1 Data collection and processing

The National Health and Nutrition Examination Survey (NHANES) from the National
Center for Health Statistics (NCHS)1 conducts interviews and physical examinations to

1 http://www.cdc.gov/nchs/nhanes.htm
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assess the health and nutrition data for all ages in the United States. The interviews
include demographic, socioeconomic, dietary, and health-related questions. The examina-
tions include medical, dental, physiological measurements, and laboratory tests adminis-
tered by highly trained medical personnel. Since 1999, data were collected and released
at 2-year intervals. Each year NHANES examines a nationally representative sample of
roughly 5,000 individuals across the Unites States. The design of the sample changed pe-
riodically. Oversampled subgroups for 1999–2006 included non-Hispanic black persons,
Mexican-American persons, low-income white persons (beginning in 2000), adolescents
aged 12–19, and persons aged 70 and over. Oversampled subgroups for 2007–2010 in-
cluded all Hispanic persons, non-Hispanic black persons, low-income white persons, and
persons aged 80 and over1. In this study, we include NHANES data sampled between
1999 and 2014. All-cause mortality is ascertained by a linked NHANES mortality file that
provides follow-up mortality data from the date of survey participation through Decem-
ber 31, 2015. We exclude participants under age 18 because they are not eligible for public
release mortality data2.

Our study includes samples with known mortality status who participated in NHANES
1999-2014 (n = 47, 261). In the raw data, individuals 85 and over are topcoded at 85 years
of age in NHANES 1999-2006 and individuals 80 and over are topcoded at 80 years of
age in NHANES 2007-2014. To keep consistency, we topcode individuals 80 and over at
80 years of age. The histogram of the the samples’ age in different data collection cycles
are shown in Supplementary Figure ??. We include all demographic, laboratory, exami-
nation, and questionnaire features that could be automatically matched across different
NHANES cycles. We exclude variables that are missing for more than 50% of the partici-
pants and highly correlated features with correlations greater than 0.98; after filtering and
one-hot encoding, 151 features remain. We impute missing data using MissForest [267],
a nonparametric random forest-based multiple imputation method for mixed-type data,
with seven iterations. We predict all-cause mortality for two broad categories: (1) follow-
up times of 1-year, 3-year, and 5-year and (2) age groups of <40, 40-65, 65-80, and >80
years old. For different follow-up times, we remove samples with unconfirmed mortality
status. For different age groups, we predict 5-year mortality. The demographic character-
istics and sample size of the data for different tasks are shown in Supplementary Table
??.

We use UK Biobank samples as an external validation dataset. Participants were en-
rolled in the UK Biobank from April, 2007, to July, 2010, from 21 assessment centres across
England, Wales, and Scotland using standardised procedures. When participants agreed
to take part in UK Biobank, they visited their closest assessment centre to provide baseline
information, physical measures, and biological samples. We include the 51 features that
are overlapping between NHANES and UK Biobank dataset. We exclude samples with

1 https://www.cdc.gov/nchs/data/series/sr_01/sr01_056.pdf
2 https://www.cdc.gov/nchs/data/datalinkage/public-use-2015-linked-mortality-file-description.pdf
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missing values. All-cause mortality included all deaths occurring before May, 2021. We in-
clude 384,762 samples aged 37-72 years with confirmed 5-year mortality status. Of these
samples, 6,336 died after 5 years. The histograms of age, gender and body mass index of
UK Biobank samples are shown in Supplementary Figure ??.

4.a.2 Predictive modeling

To model mortality, we use gradient boosted trees (GBTs). GBTs are nonparametric meth-
ods composed of iteratively trained decision trees. The final ensemble of trees captures
non-linearity and interactions between predictors. The dataset is randomly divided into
training (80%) and testing (20%) sets. We use the implementation XGBoost [52]2 with a
learning rate set to 0.002 , subsample ratio set to 0.5 and 10,000 trees of max depth 3.
For comparison, we also train logistic regression models and deep neural networks. For
logistic regression, we use L2 regularization. The L2 regularization weight was set to 100.
For neural networks, we use a single layer with 1,000 nodes, and max iteration set to 1,000.
The hyperparameters specified above are chosen by GridSearch and 5-fold cross valida-
tion. Other hyperparameter values are left at their default values. Models’ performance
is measured with the area under the receiver operator characteristic curve (AUROC) and
the area under the precision-recall curve (AUPRC). We bootstrap the test set for 1,000
times to assess the statistical significance of the difference in AUROC and AUPRC for
pairs of models. Specifically, we resample with replacement from the test set 1,000 times
and compare the models’ performance on resampled test sets. We report a p-value which
is the percentage of time that logistic regression or the neural network’s performance is
better than or equal to gradient boosted trees, divided by the number of resampled test
sets. All models are built using the Scikit-learn package in Python 3.7.

4.a.3 Model interpretation

To explain the GBT models, we utilize TreeExplainer [177], which provides a local explana-
tion of the impact of input features on individual predictions. Specifically, TreeExplainer
calculates exact SHAP [178] (SHapley Additive exPlanations) values for tree-based models.
When explaining the mortality prediction models, we randomly select 10,000 background
samples from the training set and 5,000 foreground samples from the test set.

4.a.3.1 SHAP (SHapley Additive exPlanation) values

SHAP (SHapley Additive exPlanation) values attribute to each feature the change in the
expected model prediction when conditioning on that feature. The change of the model’s
prediction when the feature is masked is recorded across all possible subsets of features,

2 https://xgboost.readthedocs.io/en/latest/python/index.html
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yielding an average change in prediction resulting from the inclusion of a feature in the
model:
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where �i is the feature attribution (SHAP value) of feature i in model f for data point x,
R is the set of all feature permutations, PR

i
is the set of all features before i in the ordering

R, M is the number of input features, and fx is an estimate of the conditional expectation
of the model’s prediction: fx(S) ⇡ E[f(x) | xS] where xS is the set of observed features.

SHAP values which guarantee a set of desirable theoretical properties, including addi-
tivity and consistency. Additivity states that when approximating the original model f for
a specific input x, the SHAP values sum up to the output f(x):

f(x) = �0(f) +
MX

i=1

�i(f, x), (4.4)

The sum of feature attributions (SHAP values) matches the original model output f(x),
where �0(f) = E[f(z)] = fx(;). Consistency states that if a model changes so that some
feature’s contribution increases or stays the same regardless of the other inputs, that in-
put’s attribution should not decrease. Therefore, SHAP values are consistent and accurate
calculations of each feature’s contribution to the model’s prediction.

4.a.3.2 SHAP interaction values and main effects

The SHAP interaction effects is based on the Shapley interaction index from game theory.
While standard feature attribution results in a vector of values, one for each feature, attri-
butions based on the Shapley interaction index result in a matrix of feature attributions.
The main effects are on the diagonal and the interaction effects on the off-diagonal. The
SHAP interaction values are defined as:
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ri,j(f, x,S), (4.5)

when i 6= j, and

rij(f, x,S) = fx(S[ {i, j})- fx(S[ {i})- fx(S[ {j}) + fx(S). (4.6)

where M is the set of all M input features. In Equation ?? the SHAP interaction value be-
tween feature i and feature j is split equally between each feature so �i,f(f, x) = �j,i(f, x)
and the total interaction effect is �i,f(f, x) +�j,i(f, x).

The main effects for a prediction can then be defined as the difference between the
SHAP values and the off-diagonal SHAP interaction values for a feature:

�i,i(f, x) = �i(f, x)-
X

j 6=i

�i,j(f, x). (4.7)
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4.a.3.3 Partial dependence plots and additional perspective to reference interval

We use partial dependence plots to show the change in mortality risk for all values of a
laboratory feature. Partial dependence plots show the marginal effect a set of features has
on the prediction of an ML model. The partial function fS is estimated by:

fS(xS) =
1

n

nX

i=1

f(xS, x(i)
C

). (4.8)

In this formula, f is a ML model and the S are features for which the partial dependence
function should be plotted. In our study, S is the laboratory feature of interest and xS is
the given value of the feature. x(i)

C
is actual feature values for the features of no interest in

the test set, and n is the number of instances in the test set. The partial function tells us
the average marginal effect on the prediction for given value(s) of features S. We extend
the partial function to the relative mortality risk RRS:

RRS(xS) = fS(xS)/(
1

n

nX

i=1

f(x(i))). (4.9)

In other words, the relative mortality risk is defined as the average value of the model’s
predicted probability when we fix a specific feature to a given value divided by the aver-
age value of the model’s predicted probability. We further define the relative risk percent-
age (RRP) as follows:

RRPS =
max(RRS(xS), xS in RI)- 1

max(RRS(xS))- 1
, (4.10)

where RI stands for reference interval. High relative risk percentage indicates that the
values within the reference interval have a relatively high mortality risk. The partial de-
pendence plots of selected laboratory feature values on 1-, 3-, and 10-year mortality risk
are shown in Supplementary Figure ??.

4.a.4 Model interpretation plots

In this section we describe a number of plotting types for model explanation visualization.

SHAP value, SHAP main effect value and SHAP interaction value plots In SHAP val-
ue/SHAP main effect value/SHAP interaction value plots, every point corresponds to
a single sample where the x-axis is the value of the feature and the y-axis is the SHAP
value/SHAP main effect value/SHAP interaction value. The coloring of the points often
denotes the value of a separate feature.

Summary plot Summary plots show the feature attributions (SHAP values) for many
samples and multiple features in order of global feature importance (the mean absolute
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SHAP values). Summary plots stack multiple subplots for each feature. For the feature
plots, every point corresponds to a single sample where the x-axis is the feature attri-
bution value and the y-axis is vertical dispersion representing the frequency of samples
with a particular feature attribution value. Finally, the color of each point represents the
normalized feature value, with red representing a high value and blue representing a low
one. Intermediary feature values are interpolations between red and blue.

Individualized explanation plot Individualized explanation plots show the feature attri-
butions (SHAP values) for an individual in terms of how they drive the model’s prediction
for the individual away from the average model prediction across the baseline distribu-
tion. The width of the bars indicate the SHAP value with red indicating a positive affect
and blue indicating a negative one. The features corresponding to the largest bars are
below with their actual values for the individual.

4.a.5 Supervised distance

4.a.5.1 Supervised distance and hierarchical clustering

Supervised distance can accurately measure feature redundancy based on a specific pre-
diction task. As Supplementary Figure ?? shows, to calculate the supervised distance
between feature i and feature j, we first train a uni-variate GBT model to predict the label
(e.g. 5-year mortality in our study) using feature i. Then, we can obtain the Predictioni

which is the output of the fitted uni-variate GBT. Next, we fit another uni-variate GBT to
predict Predictioni using feature j. We define the output of the new GBT as Predictionj

i
.

All hyperparameter values of the uni-variate GBTs are set to their default values. Follow-
ing the same above steps, we can obtain Predictioni

j
. The supervised distance between

feature i and feature j (supervised distance(i,j)) is defined as:

supervisedR2(i, j) = max(0, 1-mean(
(Predictioni - Predictionj

i
)2

var(Predictioni)
)) (4.11)

superviseddistance(i, j) = max(1- supervisedR2(i, j), 1- supervisedR2(j, i)) (4.12)

where var(x) is the variance of the vector x, mean(x) is the average of the vector x. Su-
pervised distance is scaled roughly between 0 and 1, where 0 distance means the features
perfectly redundant and 1 means they are completely independent.

To explore the redundant feature groups, we hierarchically cluster all features according
to the supervised distance. Specifically, we use complete linkage hierarchical clustering
which merges in each step the two clusters whose merger has the smallest diameter. The
hierarchical clustering tree is shown in Supplementary Figure ??.
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4.a.5.2 Redundant feature groups experiments training details

Reducing redundancy model To identify the most representative feature in a redundant
feature group, we train GBTs using one feature in the redundancy group and all features
outside the group for 5-year mortality prediction. Then we compare the feature impor-
tance ranking of the redundant features by calculating the mean absolute SHAP values
using TreeExplainer. The hyperparameters of the GBTs are chosen by GridSearch and 5-
fold cross validation. The max depth is selected from {1, 3, 5, 7, 9} and the subsample ratio
is selected from {0.2, 0.5, 0.8, 1.0}. Other hyperparameter values are left at their default val-
ues.

Single feature model We further analyze the predictive power of the redundant features
by fitting 5-year mortality prediction GBTs using one feature in the redundant feature
group. Specifically, we use one feature in the redundant feature group and two important
confounders, age and gender, to train a GBTs for 5-year mortality prediction. All hyper-
parameter values are set to their default values. We compare the AUCs of the models. We
bootstrap the test set for 1,000 times and compare the models’ performance on resampled
test sets. The averages of the AUCs are reported.

4.a.5.3 Supervised distance-based feature selection

We propose a supervised distance-based feature selection method to select predictive and
less-redundant feature sets. The workflow of our feature selection method is shown in
Supplementary Figure ??. The dataset is randomly divided into training (80%) and testing
(20%) sets. Firstly, we fit a GBT for 5-year mortality prediction on all features using the
training set and rank the features by mean absolute SHAP values from TreeExplainer.
The hyperparameters of the GBTs are chosen by GridSearch and 5-fold cross validation.
The max depth is selected from {1, 3, 5, 7, 9} and the subsample ratio is selected from
{0.2, 0.5, 0.8, 1.0}. The max number of trees is set to 1000. We use 20% of the training
samples as validation set for early stopping. The number of early stopping rounds is set
to 100. Since age and gender are important confounders, we would like to keep them in
the selected feature set. Therefore, we cluster features except age and gender into a specific
number of groups using supervised distances-based hierarchical clustering and select the
most important feature in each cluster. Then, we add age and gender to the selected
feature set and re-fit the model. Next, we rerun the clustering using the new feature set
except age and gender. This process is repeated until all remaining features cluster to a
single group. In every iteration, we remove 5 features. The models are evaluated on the
testing set with bootstrapping for 1,000 times. We report the average of the AUROCs and
the minimum supervised distance within the selected feature sets.
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4.a.6 5-year mortality risk scores

4.a.6.1 Mortality risk scores training details

IMPACT mortality risk scores are defined to be the prediction of the 5-year mortality
prediction models. For comparison, we train linear3 and gradient boosted tree-based Cox
proportional hazard models4. We do a temporal validation of the risk scores by assessing
their performances in the samples collected in 2009-2014 (N = 7, 034). Specifically, the
samples collected in 1999-2008 (N = 28, 820) are randomly divided into training (80%)
and testing (20%) sets. The sample size, the number of deceased samples and the his-
togram of age in the training set with the testing set and the temporal validation set are
shown in Supplementary Figure ??. To compare with Intermountain gender-specific risk
scores, we evaluate the models on different gender groups. The models are trained on
the whole training set and evaluate on different gender groups in the testing set. Further-
more, considering the different feature collection cost for the general public and medical
professionals, we build the risk scores starting from different feature sets. For the general
public, the models are trained on all demographics, questionnaire features and examina-
tion features that are accessible at home for general public, For medical professionals, the
models are trained on all demographics and laboratory features. All trained models are
evaluated on different gender groups of the samples collected in 2009-2014 for temporal
validation.

The hyperparameters are chosen by GridSearch and 5-fold cross validation. For XG-
Boost 5-year mortality prediction models, the max depth is selected from {1, 3, 5, 7, 9} and
the subsample ratio is selected from {0.2, 0.5, 0.8, 1.0}. The max number of trees is set to
1000. We use 20% of the training samples as validation set for early stopping. The num-
ber of early stopping rounds is set to 100. For linear Cox proportional hazard models,
the regularization parameter ↵ is selected from {0.01, 0.1, 1, 10, 100}. For tree-based Cox
proportional hazard models, the max depth is selected from {1, 3, 5, 7, 9} and the subsam-
ple ratio is selected from {0.2, 0.5, 0.8, 1.0}. Other hyperparameter values are left at their
default values.

We explain the mortality prediction model in terms of its probability predictions. Specif-
ically, we rescale the SHAP values (in the log-odds space) to be in the probability space
directly. The rescaled SHAP values now sum to the probability output of the model.

4.a.6.2 Recursive feature elimination

Recursive feature elimination works by searching for a subset of features by starting with
all features in the training dataset and successively removing features until the desired
number of features remains. Firstly, we train a model on the full dataset with all features.

3 https://scikit-survival.readthedocs.io/en/latest/api/generated/sksurv.linear_model.CoxPHSurvivalAnalysis.html
4 https://scikit-survival.readthedocs.io/en/latest/api/generated/sksurv.ensemble.GradientBoostingSurvivalAnalysis.html
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Then we rank features by importance (mean absolute SHAP values) and remove the least
important features. Another model is trained on the resulting feature set, and the process
iterates until only the desired number of features are left. Starting from 151 features, we
remove 6 features at the first iteration. Then, we remove 5 features in each iteration until
only one feature is left. We bootstrap the test set for 1,000 times and assess the predictive
performance. Specifically, we resample with replacement from the test set 1,000 times and
report the average and the 95% confidence interval of the AUROCs.

4.a.6.3 Intermountain mortality risk score

Intermountain mortality risk scores [116] are built using complete blood count and basic
metabolic profile. Specifically, 13 laboratory features are used to predict 30 days, 1-year
and 5-year mortality. Logistic regression was used to model the risk prediction equa-
tions with adjustment for age and sex. Dummy variables modeled each category, with
the referent defined as the lowest risk group (except for age categories: 18-29, 30-39, 40-49
[referent], 50-59, 60-69, 70-79, and >80 years). A scalar score value was derived for each
variable category by multiplying its �-coefficient by 3 and rounding to the nearest integer
(referent value = zero). Each individual’s risk score became the sum of the score values
based on his or her individual data. Since all of the features used in the Intermountain risk
scores are included in our NHANES dataset, we evaluate the Intermountain risk score on
our NHANES testing set with bootstrapping for 1,000 times.

4.a.6.4 Comparing the predictive power of popular mortality risk scores and biological ages with
IMPACT

Since not all features used in the popular mortality risk scores and biological ages are
included in the NHANES dataset (except for Intermountain risk scores; see ??), it would
not be fair to compare the existing mortality scores and biological ages computed based on
a partial set of features with the IMPACT model based on the NHANES dataset. Therefore,
we chose to show the AUROCs reported in the original papers. As the AUROCs are not
sensitive to the base rate, we assume that these scores would be consistent among different
datasets if the risk scores and biological ages generalize well.

Table ?? compares the AUROCs between an existing mortality score or a biological age
as reported in the original paper and the IMPACT-20 model tested for the corresponding
follow-up time and age ranges in the NHANES dataset. Here, IMPACT-20 means the
IMPACT model when the top 20 features were used; we chose 20 features because in
Figures ??a,b, the IMPACT model with 20 features obtains an AUROC that is almost the
same as the performance of the model using all features, and using fewer than 20 features
leads to a dramatic decline in accuracy.

To get the top 20 most important features for 1-year and 10-year mortality predictions,
we repeat the same mortality risk scores training and recursive feature elimination process
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for 1-year and 10-year predictions. We perform temporal validation to show the general-
izability of the IMPACT-20 risk scores on data collected at different time periods. To have
similar base rates and age distributions in the test set and temporal validation set, we use
the samples from different collection cycles as the temporal validation set for different
follow-up times. For 1-year mortality prediction, we use the samples collected in 1999-
2012 as the training/testing set and the samples collected in 2013-2014 as the temporal
validation set. For 5-year mortality prediction, we use the samples collected in 1999-2008
as the training/testing set and those collected in 2009-2014 as the temporal validation
set. For 10-year mortality prediction, we use the samples collected in 1999-2000 as the
training/testing set and those collected in 2001-2014 as the temporal validation set. With
respect to the 5-year mortality risk scores, samples that are not included in the temporal
validation set are randomly split into 80% for training and 20% for testing. The sample
size, number of deceased samples, and histogram of age in the training set, with the test-
ing and temporal validation sets, are shown in Supplementary Figure ??. In Table ??, 1,the
“AUROC” column shows the AUROCs reported in the original paper. The “AUROC of
IMPACT-20” column shows the performance of 1-year, 5-year and 10-year IMPACT mod-
els trained with the selected top 20 features (listed in Supplementary Tables ?? and ??).
The IMPACT-20 models are trained on samples of all ages and evaluated on the samples
within the same age range in the original paper. We bootstrap the test set and the temporal
validation set for 1,000 times when measuring the AUROCs.

4.b supplementary appendix

4.b.1 External validation of the NHANES mortality prediction model on the UK Biobank (UKB)
dataset

We aim to validate whether the performance and explanations of the NHANES mortality
prediction model generalize to an unseen population (UKB). To do so, we train a new
tree-based 5-year mortality prediction model on the NHANES dataset using the 51 over-
lapping features between NHANES and UKB. As shown in Supplementary Figure ??h,
the classification accuracy on the UKB test set of the model trained on NHANES sam-
ples (AUROC = 0.7780) and UKB samples (AUROC = 0.7974) are close, which shows the
generalizability of the NHANES model. Supplementary Figure ??a shows the feature im-
portances of the 51 features of the NHANES (51 features) and UKB models. The SHAP
values of both models are calculated using the same UKB samples. We observe that the top 20
most important features are largely consistent, with 14 features the same for both models.
The p-value of the Fisher’s exact test (p-value = 0.0004) shows that the overlap between the
top 20 most important features of both models is significant. The Spearman’s correlation
coefficient of both models’ feature importance is 0.6969 (p-value < 0.0001). Supplementary
Figures ??b–g show noteworthy results of the NHANES (51 features) model explained by
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Supplementary Figure A.4.9: External validation of the NHANES mortality prediction model on
the UKB dataset. (a) Feature importance ranking of models trained
on the NHANES (51 features) dataset and the UKB (51 features)
dataset. The SHAP values are calculated using UKB samples. For each
model, the figure shows the 20 most important features of prediction
(ordered by importance). The purple line indicates that the feature is
in the top 20 features of two models. Blue and red lines indicate the
feature is in the top 20 features of one model but not in the top 20 fea-
tures of the other. The p-value of the Fisher’s exact test examines the
overlap between the top 20 most important overlapping features in
NHANES and UKB models (the contingency table in Supplementary
Figure ??g). The Spearman’s correlation coefficient is calculated us-
ing the feature importance of the overlapping features in NHANES
and UKB. (⇤ ⇤ ⇤) represents a p-value < 0.001. (b–d) The main effect
of red cell distribution width, urine albumin and serum uric acid on
5-year mortality of the model trained on the NHANES (51 features)
dataset and explained using UKB samples. (e–g) The relative 5-year
mortality risk of gamma glutamyl transferase, lymphocyte percent
and serum albumin of the model trained on the NHANES (51 fea-
tures) dataset and explained using UKB samples.

UKB samples: the SHAP main effect of red cell distribution width, serum albumin and
serum uric acid, and the relative 5-year mortality risk of gamma glutamyl transferase,
lymphocyte percent and serum albumin. The trends shown in these figures are consis-
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Supplementary Figure A.4.10: External validation of the NHANES mortality prediction model
on the UKB dataset. (a) SHAP summary plot for the 5-year mor-
tality prediction model trained on NHANES (51 features) dataset
and explained using UKB samples. (b) The predictive performance
of the models trained on the NHANES (51 features) and UKB (51
features) datasets. The AUROCs are calculated on the testing set
by bootstrapping 1,000 times. (c,d) The main effect of serum albu-
min and platelet count on 5-year mortality of the model trained on
the NHANES (51 features) dataset and explained using UKB sam-
ples. (e,f) The relative 5-year mortality risk of alanine aminotrans-
ferase ALT on male and female samples of the model trained on the
NHANES (51 features) dataset and explained using UKB samples.
(g) The contingency table of the Fisher’s exact test that evaluates the
significance of the overlap between the top 20 most important over-
lapping features in the model trained on the NHANES (51 features)
dataset and the model trained on the UKB (51 features) dataset.
Both models are explained using UKB samples.

tent with previous findings from both the NHANES (151 features) and UKB (51 features)
models. Additional validation results on the UKB dataset are presented in Supplementary
Figure ??.
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Supplementary Figure A.4.11: Understanding important risk factors for mortality prediction in
different age groups. (a) Relative importance of input features in
<40, 40-65, 65-80 and >80 age groups. For each model, the figure
shows the 20 most impactful features on prediction (ranked from
most to least important). The purple line indicates that the feature
is in the top 20 features of two models. Blue and red lines indicate
the feature is in the top 20 features of one model, but not in the top
20 features of the other. (b) The main effect of serum uric acid on
5-year mortality in the <40 age group. (c) The SHAP value of serum
uric acid in the <40 age group 5-year mortality model. (d) The main
effect of serum uric acid on 5-year mortality in the 40-65 age group.
(e) The main effect of alanine aminotransferase on 5-year mortality
in the >80 age group.

4.b.2 Discoveries for mortality prediction using different age groups

IMPACT identifies important features for mortality prediction in different age groups.

Supplementary Figure ??a shows the top 20 most important features and relative impor-
tance in 5-year mortality prediction models using different age groups (<40, 40-65, 65-80
and >80). Some features become more important for older subpopulations, such as ala-
nine aminotransferase (ALT), the fifth most important feature in the model using samples
over 80 years. Supplementary Figure ??E shows the main effect of ALT for age>80, which
shows the negative relationship between ALT and 5-year mortality. Moreover, some fea-
tures are less important for older subpopulations than younger ones. One example is uric
acid level, the sixth most important feature in the age<40 model and the 59th most impor-
tant in the age>80 model. Supplementary Figure ??b plot the main effect and SHAP value
of uric acid in the age<40 model, showing that low uric acid levels increase mortality risk
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prediction. However, in the age 40-65 model, higher uric acid is associated with higher
mortality risk (Supplementary Figure ??d). Previous work shows that low uric acid in
blood serum can injure the endothelium and induce oxidative stress-related disease [268,
301], and that hyperuricemia (high uric acid) is associated with various adverse health
outcomes, including hypertension, stroke, cardiovascular disease and cancer [80, 84, 150,
269]. The numerous downstream effects of high uric acid and low uric acid might ex-
plain the different relationship between uric acid and mortality in different age groups.
Moreover, the reference range of uric acid differs for males and females (2.4-6.0 mg/dL
for females and 3.4-7.0 mg/dL for males). This difference is shown in Figure ??c, where
women have lower uric acid, which can increase mortality risk.

4.b.3 Explaining the mortality predictions using different baseline distributions

In the Results section, we use TreeExplainer to explain an explicand relative to a baseline
distribution drawn uniformly from all training samples (Figure ??a). This explanation
substantially emphasizes age because it compares the explicand to the general popula-
tion baselines that include individuals of all ages. However, in practice, epidemiologists
are more interested in an individual’s strong risk factors compared with people of the
same age. To show this, we can manually select baselines from the samples that have
similar age with the explicand. We take the middle-aged (40-50) baseline distribution and
the older (60-70) baseline distribution as two examples. Specifically, we use the testing
samples in the specific age range as the explicands (i.e., samples being explained) and
training samples in the same age range as the baselines (i.e., background samples) when
calculating the SHAP values. The SHAP summary plots are shown in Supplementary Fig-
ures ??a,b. From the figures, we observe that age is no longer the most important feature.
Also, compared with Figure ??, the SHAP value ranges are relatively similar. Therefore,
we can identify the strong mortality predictors other than age for different age groups
using different baseline distributions. Supplementary Figures ??c,e show the individual-
ized explanations of a healthier vs unhealthier sample using baselines from the general
population. We observe that age contributes a lot to the prediction. However, as shown
in Supplementary Figures ??d,f, the contribution of other important risk factors increases
when we use older baselines. These examples illustrate that using the baselines with sim-
ilar age can help identify strong risk factors besides age.
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Supplementary Figure A.4.12: Explaining the 5-year mortality predictions using different base-
line distributions. (a) Explaining the middle-aged subpopulation
(40-50 years old) with the baselines of the same age range. (b) Ex-
plaining the older subpopulation (60-70 years old) with the base-
lines of the same age range. (c,d) The individualized explanation
for an individual aged 62 using the general population baselines
and the older (60-70) baselines. (e,f) the individualized explanation
for an individual aged 66 using the general population baselines
and the older (60-70) baselines.
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Different follow-up times

1-year

(n=47,261)

3-year

(n=41,434)

5-year

(n=35,854)

10-year

(n=21,986)

Number of deaths 577 (1.22%) 1,897 (4.58%) 3,074 (8.57%) 5,295 (24.08%)

Age,years 46 (30-63) 46 (30-64) 46 (30-64) 48 (30-67)

Sex

Male 22,778 (48.20%) 19,998 (48.26%) 17,276 (48.18%) 10,630 (48.35%)

Female 24,483 (51.80%) 21,436 (51.74%) 18,578 (51.82%) 11,356 (51.65%)

Ethnicity

Mexican American 8,947 (19.93%) 8,164 (19.70%) 7,543 (21.04%) 4,844 (22.03%)

Other Hispanic 3,452 (7.03%) 2,929 (7.07%) 2,335 (6.51%) 979 (4.45%)

Non-Hispanic White 21,428 (45.34%) 18,990 (45.83%) 17,081 (47.64%) 10,921 (49.67%)

Non-Hispanic Black 10,039 (21.24%) 8,821 (21.29%) 7,337 (20.46%) 4,353 (19.78%)

Other Race 3,395 (7.18%) 2,530 (6.11%) 1,558 (4.35%) 889 (4.04%)

Different age groups (follow-up time = 5-year)

Age < 40

(n=14,221)

40 6 Age < 65

(n=12,705)

65 6 Age < 80

(n=6,004)

Age > 80

(n=2,924)

Number of deaths 183 (1.29%) 648 (5.10%) 961 (16.01%) 1,282 (43.84%)

Age,years 27 (21-33) 51 (45-58) 71 (68-75) 80 (80-80)

Sex

Male 6,629 (46.61%) 6,263 (49.30%) 3,056 (50.90%) 1,328 (45.42%)

Female 7,592 (53.39%) 6,442 (50.70%) 2,948 (49.10%) 1,596 (54.58%)

Ethnicity

Mexican American 3,663 (25.76%) 2,622 (20.64%) 1,046 (17.52%) 212 (7.25%)

Other Hispanic 993 (6.98%) 906 (7.13%) 329 (5.48%) 107 (3.66%)

Non-Hispanic White 5,686 (39.98%) 5,825 (45.85%) 3,319 (55.28%) 2,251 (76.98)

Non-Hispanic Black 3,143 (22.10%) 2,793 (21.98%) 1,125 (18.74%) 276 (9.44)

Other Race 736 (5.18%) 559 (4.40%) 185 (3.08%) 78 (2.67%)

Supplementary Table A.4.1: Population characteristics for the study cohorts. Data are median
(IQR), or n/N (%).
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Supplementary Figure A.4.1: (a–d) Histograms of age, gender, race, and body mass index in the
NHANES dataset. (e) The sample size and number of living and
deceased samples for different follow-up times and different age
groups. For different age groups, the follow-up time is set to 5 years.
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Supplementary Figure A.4.2: (a–h) Histograms of age in different two-year data collection cycles.
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Supplementary Figure A.4.3: (a–c) Histograms of age, gender, and body mass index in the UK
Biobank dataset.
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Logistic 
Regression

Neural
Network

Gradient
Boosted Trees

AUPRC on di f ferent mor tal i ty prediction tasks
Im pr oving pr edict i on power

1-year  m or tal i t y 0.1405 0.2307 0.1016

3-year  m or tal i t y 0.3787 0.4397 0.3507

5-year  m or tal i t y 0.5131 0.5464 0.4838

10-year  m or tal i t y 0.7980 0.8212 0.7066

Age < 40 0.0441 0.1047 0.0423

40 ? Age < 65 0.3436 0.3823 0.2931

65 ? Age < 80 0.5263 0.5790 0.4717

Age ? 80 0.7447 0.7071 0.6766
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Supplementary Figure A.4.4: The area under the precision-recall curve (AUPRC) of gradient
boosted tree models outperforms both linear models and neural net-
works for seven of our prediction models. (⇤ ⇤ ⇤) represents a p-value
< 0.001, (⇤⇤) represents a p-value < 0.01, and (⇤) represents a p-value
< 0.05. P-values are computed using bootstrap resampling over the
tested time points while measuring the difference in area between
the curves.
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Supplementary Figure A.4.5: Effect of varying laboratory feature values on 1-, 3- and 10-year
mortality risk. These partial dependence plots show the change in
relative 1-, 3- and 10-year mortality risk for all values of a given
laboratory feature. The grey histograms on each plot show the dis-
tribution of values for that feature in the test set. The green shaded
region shows the reference interval of each feature.
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Supplementary Figure A.4.6: External validation of the IMPACT framework on UKB dataset.
(a) SHAP summary plot for the 5-year mortality prediction model
trained on UKB (51 features) dataset. (b,c) The main effect of serum
albumin and platelet count on 5-year mortality of the model trained
on UKB (51 features) dataset. (d,e) The relative 5-year mortality risk
of alanine aminotransferase ALT on male and female samples of the
model trained on UKB (51 features) dataset. (f) The contingency table
of the Fisher’s exact test that evaluates the significance of the overlap
between the top 20 most important overlapping features in the model
trained on NHANES (151 features) dataset and the model trained on
UKB (51 features) dataset.
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Supplementary Figure A.4.7: External validation of the NHANES mortality prediction model on
the UKB dataset. (a) Feature importance ranking of models trained
on the NHANES (51 features) dataset and the UKB (51 features)
dataset. The SHAP values are calculated using UKB samples. For each
model, the figure shows the 20 most important features of prediction
(ordered by importance). The purple line indicates that the feature is
in the top 20 features of two models. Blue and red lines indicate the
feature is in the top 20 features of one model but not in the top 20 fea-
tures of the other. The p-value of the Fisher’s exact test examines the
overlap between the top 20 most important overlapping features in
NHANES and UKB models (the contingency table in Supplementary
Figure ??g). The Spearman’s correlation coefficient is calculated us-
ing the feature importance of the overlapping features in NHANES
and UKB. (⇤ ⇤ ⇤) represents a p-value < 0.001. (b–d) The main effect
of red cell distribution width, urine albumin and serum uric acid on
5-year mortality of the model trained on the NHANES (51 features)
dataset and explained using UKB samples. (e–g) The relative 5-year
mortality risk of gamma glutamyl transferase, lymphocyte percent
and serum albumin of the model trained on the NHANES (51 fea-
tures) dataset and explained using UKB samples.
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Supplementary Figure A.4.8: External validation of the NHANES mortality prediction model
on the UKB dataset. (a) SHAP summary plot for the 5-year mortal-
ity prediction model trained on NHANES (51 features) dataset and
explained using UKB samples. (b) The predictive performance of the
models trained on the NHANES (51 features) and UKB (51 features)
datasets. The AUROCs are calculated on the testing set by bootstrap-
ping 1,000 times. (c,d) The main effect of serum albumin and platelet
count on 5-year mortality of the model trained on the NHANES (51
features) dataset and explained using UKB samples. (e,f) The relative
5-year mortality risk of alanine aminotransferase ALT on male and
female samples of the model trained on the NHANES (51 features)
dataset and explained using UKB samples. (g) The contingency table
of the Fisher’s exact test that evaluates the significance of the over-
lap between the top 20 most important overlapping features in the
model trained on the NHANES (51 features) dataset and the model
trained on the UKB (51 features) dataset. Both models are explained
using UKB samples.
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Supplementary Figure A.4.9: Understanding important risk factors for mortality prediction in
different age groups. (a) Relative importance of input features in
<40, 40-65, 65-80 and >80 age groups. For each model, the figure
shows the 20 most impactful features on prediction (ranked from
most to least important). The purple line indicates that the feature
is in the top 20 features of two models. Blue and red lines indicate
the feature is in the top 20 features of one model, but not in the top
20 features of the other. (b) The main effect of serum uric acid on
5-year mortality in the <40 age group. (c) The SHAP value of serum
uric acid in the <40 age group 5-year mortality model. (d) The main
effect of serum uric acid on 5-year mortality in the 40-65 age group.
(e) The main effect of alanine aminotransferase on 5-year mortality
in the >80 age group.
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Supplementary Figure A.4.10: Explaining the 5-year mortality predictions using different base-
line distributions. (a) Explaining the middle-aged subpopulation
(40-50 years old) with the baselines of the same age range. (b) Ex-
plaining the older subpopulation (60-70 years old) with the base-
lines of the same age range. (c,d) The individualized explanation
for an individual aged 62 using the general population baselines
and the older (60-70) baselines. (e,f) the individualized explanation
for an individual aged 66 using the general population baselines
and the older (60-70) baselines.
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Supplementary Figure A.4.11: (a) The workflow of supervised distance calculation. (b) The work-
flow of supervised-distance feature selection.
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Supplementary Figure A.4.12: The cluster tree of supervised distance based hierarchical clustering.
The color threshold is set to 0.98.
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Supplementary Figure A.4.13: (a) Population characteristics of the training/testing and temporal
validation sets with different follow-up times. (b–g) Histograms of
age in the training/testing set and temporal validation set with dif-
ferent follow-up times.
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(A) (B)5-year  m or tal i t y r i sk  scor e (Male) Tem por al  val i dat i on (Male)

Supplementary Figure A.4.14: (a,b) The AUROC of the models using different feature sets after re-
cursive feature elimination. Lines are mean performance over 1000
random train/test splits, and shaded bands are 95 percent normal
confidence intervals. (a) The AUROC of the models tested on the
male group in the test set of NHANES 1999-2008. (b) The AUROC
of the models testing on the male group in the temporal validation
set (NHANES 2009-2014).
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Importance

Ranking
IMPACT-20 IMPACT-20 (Demo+Lab)

1 Age Age

2 Albumin, urine (ug/mL) Blood lead (umol/L)

3 Arm Circumference (cm) Albumin, urine (ug/mL)

4 Gender (0-Male, 1-Female) Ratio of family income to poverty

5 Blood lead (umol/L) Education Level - Adults 20+

6 Ratio of family income to poverty Red cell distribution width (%)

7 Albumin, serum (g/L) Chloride, serum (mmol/L)

8 Red cell distribution width (%) Blood cadmium (nmol/L)

9 Received Hepatitis B 3 dose series Lymphocyte percent (%)

10 General health condition Mean cell volume (fL)

11 Mean cell volume (fL) Red blood cell count (million cells/uL)

12 Number of months working in the main job Albumin, serum (g/L)

13 Self-reported greatest weight (pounds) Creatinine, serum (umol/L)

14 Education Level - Adults 20+ Cotinine, Serum (ng/mL)

15 Lymphocyte percent (%) Platelet count (1000 cells/uL)

16 Require special healthcare equipment (0-No, 1-
Yes)

Potassium, serum (mmol/L)

17 Chloride, serum (mmol/L) Sodium, serum (mmol/L)

18 Blood cadmium (nmol/L) Alanine aminotransferase ALT (IU/L)

19 Weight (kg) Blood urea nitrogen (mmol/L)

20 Shortness of breath on stairs/inclines (0-No, 1-Yes) Race (Non-Hispanic White)

Importance

Ranking
IMPACT-20 (Demo+Exam+Ques) IMPACT

(CBC+BMP with age and gender)

1 Age Age

2 Require special healthcare equipment (0-No, 1-
Yes)

Red cell distribution width (%)

3 Arm Circumference (cm) Mean cell volume (fL)

4 General health condition Chloride, serum (mmol/L)

5 Education Level - Adults 20+ Gender (0-Male, 1-Female)

6 Gender (0-Male, 1-Female) Glucose, refrigerated serum (mmol/L)

7 Congestive heart failure (0-No, 1-Yes) Red blood cell count (million cells/uL)

8 Ratio of family income to poverty White blood cell count (1000 cells/uL)

9 Diastolic: Blood pres (2nd rdg) mm Hg Potassium, serum (mmol/L)

10 Systolic: Blood pres (2nd rdg) mm Hg Creatinine, serum (umol/L)

11 Avg # alcoholic drinks/day - past 12 mos Platelet count (1000 cells/uL)

12 Cancer (0-No, 1-Yes) Blood urea nitrogen (mmol/L)

13 Self-reported weight-age 25 (pounds) Sodium, serum (mmol/L)

14 Number of months working in the main job Hemoglobin, serum (g/dL)

15 Self-reported greatest weight (pounds) Mean cell hemoglobin (pg)

16 Duration of longest job (months) Total calcium, serum (mmol/L)

17 Smoked at least 100 cigarettes in life (0-No, 1-Yes) Mean platelet volume (fL)

18 Shortness of breath on stairs/inclines (0-No, 1-Yes)

19 60 sec. pulse (30 sec. pulse * 2)

20 Current self-reported height (inches)

Supplementary Table A.4.2: The selected top 20 features of the 5-year mortality risk scores using
different feature types and the features included in CBC and BMP
panels.
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Importance

Ranking
IMPACT-20 (1-year mortality prediction) IMPACT-20 (10-year mortality prediction)

1 Age Age

2 Albumin, serum (g/L) Albumin, urine (ug/mL)

3 Albumin, urine (ug/mL) Blood lead (umol/L)

4 Lymphocyte percent (%) General health condition

5 Blood lead (umol/L) Albumin, serum (g/L)

6 Education Level - Adults 20+ Arm Circumference (cm)

7 Red cell distribution width (%) Red cell distribution width (%)

8 Cholesterol, serum (mmol/L) Chloride, serum (mmol/L)

9 Blood mercury, total (ug/L) Education Level - Adults 20+

10 General health condition Blood cadmium (nmol/L)

11 Red blood cell count (million cells/uL) Creatinine, serum (umol/L)

12 Basophils percent (%) Received Hepatitis B 3 dose series

13 Require special healthcare equipment (0-No, 1-
Yes)

Self-reported greatest weight (pounds)

14 Arm Circumference (cm) Body Mass Index (kg/m**2)

15 Upper Arm Length (cm) Systolic: Blood pres (2nd rdg) mm Hg

16 Blood cadmium (nmol/L) Mean cell hemoglobin (pg)

17 Chloride, serum (mmol/L) Gamma glutamyl transferase (U/L)

18 Avg # alcoholic drinks/day - past 12 mos Potassium, serum (mmol/L)

19 Systolic: Blood pres (1st rdg) mm Hg Blood mercury, total (ug/L)

20 Blood urea nitrogen (mmol/L) How do you consider your weight?

Supplementary Table A.4.3: Selected top 20 features of the 1-year and the 10-year mortality risk
scores.
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E X P L A I N A B L E B I O L O G I C A L A G E ( E N A B L A G E ) : A N A RT I F I C I A L
I N T E L L I G E N C E F R A M E W O R K F O R I N T E R P R E TA B L E B I O L O G I C A L
A G E

5.1 introduction

Ageing is a major risk factor for many age-related diseases and disorders, such as heart
disease, neurodegeneration, and cancer [200]. Chronological age is the time elapsed since
birth, whereas ageing refers to the gradual decline in biological function that leads to
an increased risk of death or disease. Measuring the state of ageing of an individual (ie,
their biological age) is a crucial step toward understanding and addressing age-related
diseases and extending lifespans. Healthy ageing includes more than disease susceptibil-
ity and mortality, it involves independence, quality of life, living disability free, and more
[215]. This broader perspective highlights the importance of accurately assessing and inter-
preting biological age to better understand the ageing process and develop interventions
for promoting healthy ageing.

Biological age, a measure of the biological functioning of an organism compared with
an expected level for a certain chronological age, reflects the general health status of an
individual. First-generation biological age clocks use chronological age as a surrogate,
predicting it with ageing biomarkers [82, 108, 117, 149, 279, 320]. However, as people of
the same chronological age can exhibit varying rates of ageing, this method imperfectly
captures biological ageing, potentially underemphasising underlying ageing mechanisms
and weakening the correlation between biological age and mortality risk as prediction
accuracy increases [337]. Such clocks generally show variable associations with ageing
outcomes [86] and weak associations with mortality risk [153, 172]. These findings led
to the development of second-generation clocks, which integrate information from age-
related outcomes, such as mortality, during their training process [152, 153, 172]. These
clocks are powerful morbidity and mortality predictors [172, 190], and have strong asso-
ciations with ageing traits [129, 172, 190]. Many of them are based on epigenetic profiles
[108, 117, 152, 153, 172]. There are also clocks derived from other data types, including
blood markers [153, 320], transcriptomic [82], and proteomic [279] profiles.

Existing biological age clocks have three main limitations. First, they necessitate a trade-
off between accuracy (ie, predictive performance for chronological age or mortality) and
interpretability (ie, understanding each feature’s contribution to the prediction). Most of
them use linear models that offer interpretability but weaker predictive power for chrono-
logical age prediction (related to first-generation biological age clocks) [227, 250] and

69
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mortality prediction (related to second-generation biological age clocks) [177, 231] than
complex machine-learning models. This choice is natural given that interpretability is a
key goal of biological age clocks: identifying biomarkers of biological age can improve our
understanding of the ageing process and help develop drugs that target ageing-related
dysfunction. Although advanced machine-learning models have created first-generation
biological age models using diverse data types such as epigenetic features [89], blood
markers [17, 95, 182, 227], electrocardiogram features [160], brain MRI features [58], and
transcriptomic features [115], these models are hard to interpret and do not have individ-
ualised explanations. To build models that are both accurate and interpretable, we turn to
the emerging area of explainable artificial intelligence (XAI) [178].

The second limitation is that interpretations of previous biological age clocks might not
address important scientific questions. Previous biological age studies primarily explain
the model as a whole (global explanation). However, given the substantial variations in
ageing processes among individuals, individualised explanations are crucial for compre-
hending complex ageing mechanisms. We leveraged recent XAI methods to provide prin-
cipled individualised (local) explanations on the basis of feature attributions. Typically,
feature attributions can be difficult to understand for non-machine-learning practitioners
because they are usually in units of predicted probability or logits units. To make our
biological age explanations more accessible, we rescaled our attributions to the age scale
in units of years so that the rescaled attributions sum to the biological age acceleration
(AgeAccel) of an individual.

The third limitation of current biological age clocks is their inability to incorporate sev-
eral age-related outcomes, such as cause-specific mortalities. Their inability to account for
these factors restricts our understanding of important features for different ageing pro-
cesses. This shortcoming is problematic because biological ageing is enormously complex
and thought to be driven by many biological processes [137, 166]. Previous studies noted
low agreement between biological age clocks in terms of their correlations with each other
and associations with ageing traits [26, 156], implying that they measure different aspects
of biological age. To solve this, we developed our biological age clocks by predicting di-
verse age-related outcomes, such as specific mortalities and morbidities, allowing us to
target and specify particular underlying ageing mechanisms that our clocks capture.

We introduce ExplaiNAble BioLogical Age (ENABL Age), a new approach to estimate
and interpret biological age that combines complex machine learning and XAI methods.
We did a comprehensive validation of ENABL Age using the UK Biobank and National
Health and Nutrition Examination Survey (NHANES) datasets, assessing its ability to
capture ageing mechanisms and offering concrete examples of its interpretability. Our
interactive website (https://suinleelab.github.io/ENABLAge) allows users to calculate
and interpret their own ENABL Age, and the code for our study can be found at https:
//github.com/suinleelab/ENABLAge.

https://suinleelab.github.io/ENABLAge
https://github.com/suinleelab/ENABLAge
https://github.com/suinleelab/ENABLAge
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5.2 methods

5.2.1 Data sources and study population

Our study used the UK Biobank and the NHANES datasets. UK Biobank participants
were enrolled between 2007 and 2014 across England, Wales, and Scotland. We excluded
features missing in more than 80% of samples, highly correlated features (correlations
>0.98), and individuals deceased from external causes of mortality. After preprocessing,
our UK Biobank data had 501,366 samples from people aged 40–70 years with 825 fea-
tures from numerous categories, including demographics, blood assays, medical history,
and lifestyle. The samples from two Scottish centres were left out as the geographical val-
idation set (n=35,735). We predicted all-cause mortality and five cause-specific mortality
categories, comprising neoplasm, circulatory disease, respiratory disease, digestive dis-
ease, and other diseases. Ethical approval for the UK Biobank study was obtained from
the North West Haydock Research Ethics Committee (21/NW/0157). Informed consent
was obtained from all UK Biobank participants.

The NHANES data were collected from individuals in the USA between 1999 and 2014.
We excluded features missing in more than 50% of samples, highly correlated features,
and individuals deceased from external causes of mortality. After excluding features,
47,084 samples from people aged 18 years to 80 years or older with 158 features remained.
We predicted all-cause mortality and nine cause-specific mortality categories, comprising
heart disease, malignant neoplasms, chronic lower-respiratory disease, cerebrovascular
diseases, Alzheimer’s disease, diabetes, pneumonia and influenza, kidney disease, and
other diseases. When predicting cause-specific mortality, we excluded the individuals de-
ceased from all other causes. The National Centre for Health Statistics Research Ethics
Review Board approved all NHANES protocols, and all participants gave informed con-
sent. Demographic characteristics and sample size of the data for different tasks are shown
in Supplementary Tables ??–??. More details are in Supplementary Methods ??.

5.2.2 Overview of the ENABL Age framework

We constructed ENABL Age clocks in two stages (Figure ??A). First, we used Cox propor-
tional hazard gradient boosted trees (GBTs) to create predictors for all-cause and cause-
specific mortality (Supplementary Methods ??). The GBTs capture non-linear and inter-
action effects between features. In the second stage, we fitted an exponential curve to
the GBT predictions and chronological ages of the training samples. Using the inverse
function, we calculated ENABL Age from the predictions (Supplementary Methods ??).
We defined ENABL Age acceleration (AgeAccel) as the difference between ENABL Age
and chronological age. Lastly, to obtain the contribution of different mortality causes to
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Figure 5.1: Overview of the ENABL Age framework. (A) ENABL Age directly predicts an age-
related outcome of interest (eg, all-cause mortality or cause-specific mortality) using
gradient-boosted trees and then non- linearly rescales the predictions to be in units of
age. (B) We extended existing explainable machine-learning methods to calculate the
contributions of ENABL Age input features in units of years, which makes it more
interpretable by humans. We also provided the two-layer explanation of ENABL Age:
ENABL Age computed based on all-cause mortality is explained based on different
mortality causes first, which is, in turn, explained based on the features of an individ-
ual.
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all-cause ENABL Age, we trained GBT models to predict all-cause ENABL Age using
chronological age and cause-specific ENABL Ages (Supplementary Methods ??).

5.2.3 ENABL Age interpretability

We used TreeExplainer [177] to determine the effect of each feature or cause on ENABL
Age (Figure ??B). TreeExplainer provides a local (ie, for each subject) explanation of the ef-
fect of input features on individual predictions for GBT models. TreeExplainer calculates
the exact Shapley additive explanations (SHAP) values [178], which sum to the output
of the model and rank the importance of features. To identify the strong risk factors of
an individual, we calculated SHAP values using samples of the same age and gender for
comparison. These values were then rescaled to ENABL Age space, resulting in units of
years that sum to the ENABL AgeAccel, following the generalised rescale rule from our
previous work [50]. This method allowed us to see the contribution of each feature to EN-
ABL Age. Similarly, we calculated SHAP values of different mortality causes to all-cause
mortality and rescaled them. Consequently, the ENABL Age framework provides insights
into how features contribute to different mortality causes and to all-cause mortality (Sup-
plementary Methods ??).

5.2.4 Statistical analysis

Datasets were split into 80% training and 20% testing sets. The performance of Cox pro-
portional hazard models was assessed via the concordance index. To directly compare the
mortality prediction of ENABL Age with chronological age, we re-estimated the weights
of PhenoAge [153] and BioAge [152] (two second-generation biological age clocks built
with phenotypic features) on the UK Biobank and NHANES datasets (Supplementary
Methods ??). We computed PhenoAge and BioAge with original and re-estimated weights
and trained ENABL Age clocks using the same features. We also used other subsets of
features to build all-cause mortality ENABL Age clocks. Then, we trained 5-year and
10-year mortality-prediction models using different biological age accelerations adjusted
for chronological age and sex, and we compared the area under the receiver operating
characteristic curves (AUROCs; Supplementary Methods ??). Associations between EN-
ABL AgeAccels, PhenoAgeAccel, and BioAgeAccel and risk factors and age-related mor-
bidity outcomes were examined. Risk factors and age-related morbidity outcomes were
regressed on each of the biological age accelerations, adjusted for chronological age and
sex (Supplementary Methods ??).

A genome-wide association study (GWAS) on all-cause and cause-specific mortality EN-
ABL AgeAccels was done using UK Biobank data to assess whether they capture different
ageing mechanisms. BOLT-LMM [163] was used to examine the association between EN-
ABL AgeAccel and each single nucleotide polymorphism (SNP). We also did a stepwise
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model selection procedure on the genome-wide SNP summary statistics using the COJO
algorithm. SNP p values lower than 8.3⇥ 10-9 were deemed to be statistically significant
(Supplementary Methods ??). Lastly, genetic correlations between ENABL AgeAccels and
several age and health-related traits, including anthropometric traits, adiposity, longevity,
lifestyle, and several diseases, were calculated. We also assessed the genetic correlations
among various ENABL AgeAccels and their correlations with age accelerations on the
basis of diverse biomedical data sources (Supplementary Methods ??).

5.3 results

The GBTs showed superior performance compared with linear models for the UK Biobank
dataset, with significant improvements across almost all mortality prediction tasks consid-
ered (p = 0.003 for circulatory, p = 0.005 for respiratory, p = 0.42 for digestive, p < 0.0001
for all cause, p < 0.0001 for neoplasms, and p < 0.0001 for other; Supplementary Figure
??). For the NHANES dataset, GBTs outperformed linear models in nearly all (seven of
ten) mortality prediction tasks considered, with significant improvements observed for
three tasks (p < 0.0001; Supplementary Figure ??). The superior prediction performance
of tree models indicates that they can effectively capture signals relevant to mortality,
which are also strongly related to ageing.

Figure 5.2: ENABL Age calculation. (A–B) The curves that transform the predicted value of GBTs
to ENABL Age on the UK Biobank (A) and NHANES (B) datasets.
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The inverse functions of the exponential curves accurately model the association be-
tween the average predicted values and chronological ages (Figure ??A, B). ENABL Age
was significantly correlated with chronological age (r = 0.7867, p < 0.0001 for UK Biobank;
r = 0.7126, p < 0.0001 for NHANES; Supplementary Figure ??). The median error between
ENABL Age and chronological age was 4.1 (IQR 2.1–6.6) for the UK Biobank dataset and
5.9 (2.8–9.9) for the NHANES dataset. Individuals who were alive (at mortality data col-
lection time) had a lower average ENABL Age than deceased individuals for all ages
(Supplementary Figure ??), illustrating the effectiveness of our model.

In the UK Biobank and NHANES samples, when individuals were divided according
to ENABL AgeAccels into healthy age groups (ie, their ENABL Age was lower than their
chronological age) and unhealthy age groups (ie, their ENABL Age was higher than their
chronological age), the unhealthy groups showed three to 12 times higher log hazard ratio
than the healthy groups (Supplementary Figure ??). Individuals with the highest ENABL
AgeAccels had much steeper declines in survival over the 14 years (UK Biobank) and 16
years (NHANES) years of follow-up. For neoplasm-caused mortality, which has a low base
rate, the difference in survival probability between healthy ageing and unhealthy ageing
individuals is especially important when considering the rarity of this mortality cause.
These findings collectively indicate the effectiveness of ENABL Age in distinguishing
between individuals who are healthy and unhealthy, validating its accuracy in reflecting
health status.

Then, we directly evaluated the mortality prediction power of ENABL AgeAccels, Phe-
noAgeAccel, and BioAgeAccel by training 5-year and 10-year all-cause mortality pre-
diction models (Supplementary Methods ??). ENABL Age-L (using laboratory features
in the four most popular blood panels), ENABL Age-Q (using the top 20 most impor-
tant questionnaire features), ENABL Age-20 (using the top 20 most important features),
and ENABL Age using all features significantly outperformed BioAge (NHANES dataset:
p < 0.0001 for all comparisons with BioAge; UK Biobank dataset: p < 0.0001 for all
comparisons with BioAge) and PhenoAge (NHANES dataset: p = 0.082 for ENABL Age-
L vs PhenoAge, p = 0.001 for ENABL Age-Q vs PhenoAge, and p < 0.0001 for all
other comparisons with PhenoAge; UK Biobank dataset: p < 0.0001 for all comparisons
with PhenoAge; Figures ??A, B; Supplementary Figure ??). Furthermore, using identi-
cal features, the ENABL Age clocks (ENABL AgeAccel [PhenoAge features] and ENABL
AgeAccel [BioAge features]) significantly outperformed PhenoAgeAccel (p < 0.0001) and
BioAgeAccel (p < 0.0001 for the UK Biobank dataset and p = 0.0080 for the NHANES
dataset) in terms of AUROCs, highlighting their enhanced prediction ability for mortality.
Comparing AUROC differences between models incorporating biological ages and those
using only chronological age and sex, ENABL Ages showed about double the improve-
ment over BioAge and PhenoAge (Supplementary Tables ??,??,??).

Importantly, both PhenoAge and BioAge use C-reactive protein as an input, which is
not collected in the most popular blood panels. ENABL Age-L has a similar mortality
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Figure 5.3: ENABL AgeAccels have high mortality prediction power. (A–B) The AUROCs of the
5-year mortality prediction GBT models of ENABL AgeAccels, PhenoAgeAccel, and
BioAgeAccel adjusted by chronological age and sex trained and tested on the UK
Biobank and NHANES datasets. Chronological age refers to the GBT models trained
by chronological age and sex. BioAgeAccel and PhenoAgeAccel were calculated us-
ing the formulae in their original papers. Re-estimated BioAgeAccel and re-estimated
PhenoAgeAccel were calculated using the re-estimated weights on the UK Biobank
and NHANES datasets. ENABL AgeAccel (BioAge features) and ENABL AgeAccel
(PhenoAge features) were calculated by the ENABL Age framework using only the
features included in BioAge and PhenoAge, respectively. ENABL Age-L Accel refers
to the ENABL Age clock that uses laboratory features in the four most popular blood
panels, comprising complete blood count, comprehensive metabolic panel, lipoprotein,
and white-blood-cell count. ENABL Age-Q Accel refers to the ENABL Age clock that
uses the top 20 most important questionnaire features selected by recursive feature
elimination. ENABL Age-20 Accel refers to the ENABL Age clock that uses the top
20 most important features of all possible features selected by recursive feature elim-
ination. Coloured squares indicate the feature types and laboratory panels (complete
blood count, comprehensive metabolic panel, lipoprotein, and white-blood-cell count)
used to calculate biological ages. CIs were computed using bootstrap resampling of the
test set 1000 times. p values, derived from the bootstrap results, were used to assess the
performance improvement of ENABL AgeAccels over re-estimated BioAgeAccel and
re-estimated PhenoAgeAccel.
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prediction power to ENABL Age clock using the features that PhenoAge and BioAge
rely on, suggesting that C-reactive protein can be replaced by features collected in the
most popular blood panels. ENABL Age-Q and ENABL Age-20 achieved performance
similar to the ENABL Age clock using all the features, showcasing the effectiveness of
the selected features. In particular, ENABL Age-L and ENABL Age-Q, with their reduced
feature sets, are both computationally efficient and highly accurate compared with the
comprehensive ENABL Age that uses 825 features. ENABL Age-L relies only on popular
blood tests and is usable by medical professionals, whereas ENABL Age-Q depends only
on questionnaire features and can be used by non-professional health-care consumers.

The ENABL Age clock successfully generalises to a geographically distinct UK Biobank
validation set (ie, samples collected in two Scottish centres; Supplementary Figure ??).
We also did a cross-dataset validation using ENABL Age-L by training it on UK Biobank
samples and evaluating it on NHANES samples of individuals aged 40–70 years (Supple-
mentary Methods ??). The AUROCs of the ENABL Age clock trained on UK Biobank and
tested on NHANES were similar to those trained and tested within the same dataset, con-
firming the external generalisability of the ENABL Age clock (Figure ??C; Supplementary
Figure ??).

Figure 5.4: ENABL AgeAccels are strongly associated with diverse age-related morbidity out-
comes. (A–C) Associations between age accelerations (ENABL AgeAccel, PhenoAgeAc-
cel, and BioAgeAccel) with age-related morbidity outcomes (ie, cancer, myocardial in-
farction, and chronic obstructive pulmonary disease). The outcomes were regressed
separately on each of the biological age accelerations, adjusting for chronological age
and sex using Cox regression. The significance threshold was adjusted using the Bon-
ferroni correction method. *p < 0.00001.

Given that biological age should reflect the health status of an individual, we exam-
ined whether ENABL Age clocks relate to diverse risk factors and age-related morbid-
ity outcomes. We examined the associations of ENABL AgeAccels, PhenoAgeAccel, and
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BioAgeAccel with a range of risk factors on the UK Biobank geographical validation
data (Supplementary Methods ??). We observed strong and significant (p < 0.00001,
Bonferroni corrected) associations between ENABL AgeAccels and all risk factors and
age-related outcomes we considered (Figure ??; Supplementary Figures ??,??); the associ-
ations were stronger than PhenoAgeAccel and BioAgeAccel for most of the risk factors
and age-related outcomes. Although BioAgeAccel has stronger associations with myocar-
dial infarction than ENABL AgeAccels, it showed no significant associations with four
of seven of the age-related morbidity outcomes we consider (ie, cancer, chronic obstruc-
tive pulmonary disease, all-cause dementia, and asthma). As an approach that estimates
second-generation biological age, the ENABL Age framework incorporates age-related
outcomes by directly predicting them, thereby powerfully and robustly capturing age-
ing morbidity and mortality information. Furthermore, the ENABL Age framework can
use any available features; thus, it can capture more comprehensive ageing mechanisms
than PhenoAge and BioAge, which use only a small number of features correlated with
ageing or mortality. In summary, the ENABL Age clocks exhibit strong and consistent
performance in identifying individuals at risk, predicting mortality, and demonstrating
significant associations with various risk factors and age-related morbidity outcomes.

Individualised explanations of biological age (ie, the individualised contributions of fea-
tures to biological age) are important for understanding complex ageing mechanisms on
a personal basis and for further guiding clinical decision making. The features that most
affect all-cause mortality ENABL Age and the distribution of the effects of each feature
on ENABL AgeAccel can be shown in units of years (Figure ??A). With the global expla-
nations of ENABL Age, we can better identify the effects of different features on ageing
for a specific age and sex group. The individualised explanation of the all-cause mortal-
ity ENABL Age of a woman aged 65 years is provided (Figure ??B). We observed that
the all-cause mortality ENABL Age of the individual was 73.33 years and her neoplasm-
caused mortality was 74.27 years (see neoplasm-cause mortality ENABL Age in Supple-
mentary Figure ??), which was higher than her chronological age (ie, 65 years). Features
that increased the ENABL Ages of this individual included age at cancer diagnosis, sex-
hormone-binding globulin, and long-standing illness, disability, or infirmity; features that
decreased her ENABL Ages included never having any past tobacco smoking and her
type of cancer tumour (epithelial).

Overall, for all-cause mortality ENABL Age, we identified nine features that appear
in the top 20 most important risk factors for more than half of the randomly selected
samples (n=30,000) from the test set. These features, and their respective percentages of
individuals in which they appear among the top 20 most important risk factors, are as fol-
lows: long-standing illness, disability, or infirmity (29,376 [97.92%] of 30,000); cystatin C
(23,487 [78.29%] of 30,000); overall health rating (21,372 [71.24%] of 30,000); average total
household income before tax (21,024 [70.08%] of 30,000); red-blood-cell distribution width
(20,370 [67.90%] of 30,000); pack years of smoking (18,072 [60.24%] of 30,000); past to-
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Figure 5.5: ENABL Age exposes individualised ageing explanations (A) SHAP summary plot for
ENABL Age clocks trained on all-cause mortality using UK Biobank datasets for sam-
ples from female individuals aged 65 years. The features that most affect ENABL Age
(ranked from the most to least important) are shown. The distribution of the effects
of each feature on ENABL AgeAccel, which includes a set of plots for which each
dot corresponds to an individual, is also shown. The colours represent feature values
for numeric features, with red for larger values, blue for smaller values, and grey to
indicate not applicable (eg, currently smoking on most or all days for past tobacco
smoking). The thickness of the line (which actually comprises many individual dots) is
determined by the number of examples at a given value, for which dots are spread out
vertically if there are many examples. A negative rescaled SHAP value (extending to
the left) indicates reduced ENABL AgeAccel, whereas a positive SHAP value (extend-
ing to the right) indicates increased ENABL AgeAccel. SHAP values are calculated
using explicands and baselines that have the same age and sex (ie, female individuals
aged 65 years). (B) Individualised explanation of all-cause mortality ENABL Age for a
single female individual aged 65 years. The output value (the grey dashed line with the
number at the top of the plot) shows ENABL Age for that individual. The base value
(the grey dashed line with the number at the bottom of the plot) approximates chrono-
logical age (ie, 65 years). The features in red increase ENABL AgeAccel, and those in
blue decrease it. (C) The two-layer all-cause mortality ENABL AgeAccel explanations
depict the contributions of features to different mortality causes and of mortality causes
to all-cause mortality ENABL Age. Flows in red represent positive rescaled SHAP val-
ues, which increase ENABL AgeAccel, whereas flows in blue indicate negative rescaled
SHAP values, which decrease ENABL AgeAccel. The width of each flow and the grey
numbers correspond to the contribution of risk factors to mortality causes and mor-
tality causes to all-cause mortality ENABL Age in units of years. Predicted all-cause
mortality ENABL AgeAccel refers to the predicted all-cause mortality ENABL Age us-
ing the cause-specific ENABL Ages minus chronological age.
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bacco smoking (17,646 [58.82%] of 30,000); sex-hormone-binding globulin (15,534 [51.78%]
of 30,000); and lymphocyte percentage (15,462 [51.54%] of 30,000). For neoplasm-caused
mortality ENABL Age, we identified seven features that appeared in the top 20 most im-
portant risk factors for more than half of the same random sample: past tobacco smoking
(27,279 [90.93%] of 30,000), pack years of smoking (24,384 [81.28%] of 30,000), cystatin C
(22,929 [76.43%] of 30,000), red-blood-cell distribution width (21,357 [71.19%] of 30,000),
C-reactive protein (21,261 [70.87%] of 30,000), age at last cancer diagnosis (20,793 [69.31%]
of 30,000), and platelet distribution width (19,239 [64.13%] of 30,000).

The two-layer explanations for the same individual (Figure ??B), provides a more com-
prehensive insight into ageing processes (Figure ??C). For this individual, all mortality
causes, particularly neoplasm, increased their all-cause mortality ENABL AgeAccel. We
also analysed the two-layer explanations of a healthier individual (Supplementary Figure
??), for whom most causes decreased their all-cause mortality ENABL AgeAccel (exam-
ples from the NHANES dataset are in Supplementary Figure ??). Interpreting personal
ENABL Age helps people improve their health awareness and adjust their lifestyle ac-
cordingly. This interpretation also assists researchers and medical professionals in efforts
to elucidate complex and interrelated ageing mechanisms and potentially guide clinical
decision making.

Previous studies have suggested that different biological age clocks for the same indi-
vidual might be capturing distinct aspects of the ageing process, therefore understand-
ing what ageing signals are being captured is vital [131, 145, 247]. In our ENABL Age
model, we predicted age-related outcomes directly, and mapped these predictions to age,
enabling us to determine the ageing signals that our clock captures. ENABL AgeAccels,
trained on distinct causes of mortality, exhibited stronger associations with respective dis-
eases than other ENABL Ages: neoplasm-caused mortality ENABL AgeAccel showed a
stronger association with cancer; circulatory disease-caused mortality ENABL AgeAccel
showed a stronger association with myocardial infarction; and respiratory disease-caused
mortality ENABL AgeAccel showed a stronger association with chronic obstructive pul-
monary disease. These results suggest that each ENABL Age clock, specifically trained on
a unique cause of mortality, successfully captures the relevant ageing mechanisms causing
these diseases.

To validate whether ENABL Age clocks trained on different tasks can capture differ-
ent ageing mechanisms, we did a GWAS on all ENABL AgeAccels using UK Biobank
data. Given that genes can be tied to biological ageing processes, showing the different
genetic architectures of ENABL Age clocks can help us understand the ageing signals
they capture (Supplementary Table ??, Manhattan plots Supplementary Figures ??,??). For
all-cause mortality ENABL AgeAccel, the mapped genes were associated with anthropo-
metric measures (eg, BMI and waist–hip ratio), blood-count measures (eg, platelet count
and neutrophil count), alcohol consumption, smoking behaviour, and different cancers,
which were all age-related and health-related traits [247]. For neoplasm-caused mortality
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ENABL AgeAccel, the mapped genes were associated with different cancers (eg, breast
cancer and lung cancer), smoking behaviour, BMI, and blood-count measures. For circula-
tory disease-caused mortality ENABL AgeAccel, the mapped genes were associated with
circulatory diseases (eg, coronary artery disease and myocardial infarction) and protein
levels.

We also identified genes associated with both all-cause mortality ENABL Ages and
cause-specific mortality ENABL Ages, underscoring the unique ageing mechanisms that
these age-related genes contribute to. AK5 and FTO, for instance, are associated with both
all-cause mortality ENABL Age and neoplasm-caused or circulatory disease-caused mor-
tality ENABL Ages respectively, suggesting their involvement in cancer-related and cir-
culatory disease-related ageing mechanisms. We also found overlapping genetic variants
such as APOE, associated with all-cause specific mortality ENABL AgeAccels, and also
associated with PhenoAgeAccel, BioAgeAccel, and longevity [145, 286]. APOE is reported
to be associated with several ageing-related diseases [98, 174, 281]. Therefore, APOE might
be a shared genetic factor underlying various ageing mechanisms. The genes identified
by ENABL AgeAccels are also associated with other biological ages, multivariate ageing
traits, and longevity (Supplementary Table ??) [145, 189, 286], suggesting that our ENABL
Age clocks concur with and potentially complement previous biological age clocks.

The Pearson correlations between cause-specific mortality ENABL AgeAccels are pre-
dominantly lower than 0.8 and those from genetic correlations are predominantly lower
than 0.9 (Supplementary Figure ??), suggesting that these cause-specific mortality ENABL
Ages might capture distinct age-related signals. The all-cause mortality ENABL AgeAccel
has significant correlations (p < 0.0003, Bonferroni corrected) with all examined health-
related traits, outperforming other biological age accelerations (Figure ??A). Notably, can-
cer and smoking showed the highest genetic correlation with neoplasm-caused mortality
ENABL AgeAccel, whereas circulatory diseases (eg, heart attack and stroke) correlated
most with circulatory disease-caused mortality ENABL AgeAccel. Results from the GWAS
and genetic correlation emphasised the distinct genetic architectures of different ENABL
AgeAccels, providing further evidence that our clocks capture meaningful and diverse
ageing mechanisms.

There are few significant genetic correlations between ENABL AgeAccels and first-
generation biological ageAccels (ie, Hannum AgeAccel, Horvath AgeAccel, and BrainAgeAc-
cel; Figure ??B). By contrast, strong, significant genetic correlations (p < 0.0017, Bonferroni
corrected) are observed with second-generation biological ageAccels (ie, GrimAgeAccel
and DNAmPhenoAgeAccel) indicating that ENABL AgeAccels exhibit stronger genomic
overlaps with second-generation biological age measures. Notably, although the GrimAge,
DNAmPhenoAge, and ENABL Ages all use mortality labels during training, the genetic
correlations of ENABL Ages with other ageing clocks are all lower than 0.65, suggesting
ENABL Ages capture unique ageing mechanisms that are not represented by other clocks.
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Figure 5.6: Genetic correlations of ENABL Age. (A) Genetic correlations between ENABL AgeAc-
cels, other biological age accelerations, and health-related traits, including anthropo-
metric traits (eg, BMI), adiposity (eg, whole-body, leg, arm, or trunk fat mass), longevity
(mother and father’s longevity), lifestyle (eg, smoking), and several diseases (eg, heart
attack, heart failure, angina, stroke, and hypertension). The genetic correlation values
that passed a significance threshold (p < 0.0003) are highlighted with bold text. The sig-
nificance threshold was corrected using the Bonferroni correction method, accounting
for a total of 143 tests (0.05 divided by 143, approximately equal to 0.0003). (B) Genetic
correlations between ENABL AgeAccels and several age accelerations on the basis of di-
verse biomedical data sources, such as epigenetic age acceleration (eg, GrimAgeAccel,
DNAmPhenoAgeAccel, HannumAccel, and HorvathAccel) [98] and brain MRI-based
age acceleration (ie, BrainAgeAccel) [189]. The genetic correlation values that passed
a significance threshold (p < 0.0017) are highlighted with bold text. The significance
threshold was corrected using the Bonferroni correction method, accounting for a total
of 30 tests (0.05 divided by 30, approximately equal to 0.0017). AgeAccel=age accelera-
tion. DNAm=DNA methylation. ENABL Age=Explainable Biological Age.
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5.4 discussion

In this paper, we introduced ENABL Age, a novel approach that combines complex
machine-learning models and XAI methods to measure and interpret biological age. Vali-
dated through the UK Biobank and NHANES datasets, our ENABL Age clocks accurately
reflect health status, predict mortality, and capture various ageing mechanisms. We en-
hanced the interpretability of ENABL Age by extending TreeExplainer, an XAI method,
to calculate feature contributions in years. Our association analysis with risk factors and
ageing-related morbidities, as well as GWAS results, reveal the unique ageing mechanisms
each ENABL Age clock captures.

For all-cause mortality ENABL Age, features such as pack years of smoking and past
tobacco smoking are top influencers for more than half the individuals. Pack years of
smoking was also employed in the GrimAge calculation, in which DNA methylation-
based surrogate biomarkers of ageing were selected [200]. Our findings corroborate the
importance of smoking-related features in biological age estimation. We also studied the
global feature importance of commonly used blood markers. Top influential markers for
all-cause mortality ENABL Age included cystatin C, red-blood-cell distribution width, sex-
hormone-binding globulin, lymphocyte percentage, alanine aminotransferase, C-reactive
protein, creatinine, and glycated haemoglobin. Cystatin C, in particular, has been identi-
fied as a prominent feature of biological ageing in several studies [95, 172], underscoring
its role in the ageing process. Other crucial features, such as red-blood-cell distribution
width [227], lymphocyte percentage [227], alanine aminotransferase [95], creatinine [17,
95], and glycated haemoglobin [17], have also been recognised as key features in other
biological age models, further substantiating their importance in the ageing process.

Genes identified by ENABL AgeAccels align with those linked to other biological ages,
multivariate ageing traits, and longevity from previous research [145, 189, 286]. Our find-
ings reveal the associations between ENABL AgeAccels and APOE, which is also associ-
ated with other biological ages and ageing traits, thereby underscoring its crucial role in
the ageing process. Similarly, FTO, MED24, and RPN1, associated with various biological
ages, overlap with ENABL AgeAccels findings, suggesting the consistency of our ENABL
Age clocks with existing biological age clocks and their potential for complementation.
Further, our cause-specific mortality ENABL Age clocks pinpoint specific ageing mech-
anisms to which age-related genes contribute; for instance, AK5 is possibly involved in
neoplasm-related ageing and FTO potentially influences circulatory disease-related age-
ing mechanisms. Our genetic correlation results highlight the strong correlations between
ENABL Ages, second-generation biological ages (ie, GrimAge and DNAmPhenoAge), and
health traits, emphasising the effectiveness of incorporating morbidity and mortality in-
formation in biological age measurements. We observed stronger correlations between
ENABL Ages and second-generation ages than first-generation counterparts. This finding
aligns with the study by McCartney and colleagues [136], further indicating that clocks
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integrating morbidity and mortality data capture more similar biological ageing mecha-
nisms.

ENABL Age offers several key benefits compared with previous methods. First, it is
interpretable, which is a crucial attribute of biological age clocks. ENABL Age can pro-
vide individualised explanations of accurate models by attributing contributions of in-
put features to the biological age in years. This understanding can enhance knowledge
of the ageing process, help individuals adjust their lifestyles, and potentially accelerate
ageing-related drug development. Furthermore, unlike traditional mortality predictors us-
ing logHR or predicted probabilities, ENABL Age estimates mortality as a biological age,
providing an easily comprehendible risk score. For instance, an ENABL Age of 65 implies
similar risk score to individuals aged 65, providing a contextualised mortality and disease
risk estimate.

Additionally, ENABL Age is flexible in terms of input features, the age-related pheno-
type or outcome being predicted, and the choice of model. The complex machine-learning
models can capture high-dimensional and non-linear relationships, allowing for more
comprehensive and accurate models. By directly predicting the age-related outcome, EN-
ABL Age eliminates the need for complex feature selection as in many second-generation
biological age clocks [152, 153, 172], enabling the inclusion of all available features to cap-
ture a broader range of ageing signals. This adaptability also facilitates the creation of
models that can depend on specific types of features, such as questionnaires or lab tests.

Many previous biological age clocks have been built by analysis of omics data, such
as epigenetics [108, 117, 172], transcriptomics [82, 194], proteomics [149, 279], and more.
Because of flexibility, we can easily extend ENABL Age to omics data by using these
data types as the input features. Moreover, ENABL Age allows us to determine what
ageing signals to capture by defining various age-related prediction tasks. We demon-
strate ENABL Age’s applicability to other age-related outcomes by accurately capturing
dementia-related ageing signals in the ROSMAP dataset (Supplementary Results ??, Sup-
plementary Figure ??). Therefore, we can measure different biological ages for different
ageing aspects, providing a comprehensive ageing process understanding and answering
targeted questions about specific ageing aspects.

Although we used GBTs in this paper because of their superior performance on tabular
datasets, particularly mortality predictions [177, 231], the flexibility of ENABL Age en-
ables the use of other complex machine-learning models, such as deep neural networks.
Despite their initial absence of interpretability, advancements in feature-attribution meth-
ods are making these models more insightful. Future work will leverage this flexibility to
incorporate neural networks and feature-attribution methods for multiomic data and mul-
titask learning, which is not possible with GBTs. This approach will help discern shared
or unique ageing biomarkers across omics layers and simultaneously measure biological
age for different ageing aspects.
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Despite advancements, ENABL Age has limitations. First, ENABL Age does not pro-
vide causal insights, which is a common issue even in many of the previous biological
age models [247]. However, ENABL Age explanations can reveal meaningful biological
associations. Moreover, incorporating additional mortality information, as in PhenoAge,
increases the likelihood of identifying potential causal factors of ageing [199]. Because EN-
ABL Age includes additional ageing phenotypes and outcomes, it similarly has a greater
potential to identify causal factors. Furthermore, for a more profound understanding of
causality, careful feature selection will be necessary in future research. Second, our study
primarily applies to older individuals and those who are middle aged in the UK Biobank
dataset; generalising the findings requires further exploration. Third, we did not apply
our approach to omics data; DNA methylation data, for instance, are commonly used
in previous studies to determine biological age. However, our flexible ENABL Age ap-
proach can be readily extended to various omics data in the future. Lastly, high genetic
correlations between different ENABL AgeAccels observed could be caused by shared ge-
netic factors or unaccounted secondary mortality causes, warranting further investigation
with curated mortality-cause datasets. In summary, we developed and validated a new
approach, ENABL Age, to measure and interpret biological age related to different age-
ing mechanisms using the combination of a complex machine-learning model and XAI
methods. ENABL Age takes a consequential step towards applying XAI to interpret bio-
logical age models. Its flexibility allows for many future extensions to omics data, even
multiomic data, and multitask learning.

5.a supplementary methods

5.a.1 Data collection and processing

5.a.1.1 UK Biobank

The participants were enrolled in the UK Biobank from April, 2007, to July, 2010, from 21
assessment centres across England, Wales, and Scotland using standardised procedures.
Ethics approval for the UK Biobank study was obtained from the North West - Hay-
dock Research Ethics Committee (21/NW/0157). Informed consent was obtained from
all UK Biobank participants (the consent form is available at https://www.ukbiobank.ac.
uk/consent). The participants visited their closest assessment centre to provide baseline
information, physical measures, and biological samples. In this study, we include all mea-
surements available on November 19, 2020. We exclude (1) features that are missing in
more than 80% of the samples and (2) one feature from pairs of highly correlated features
with correlations greater than 0.98. Specifically, we calculate the pairwise correlation be-
tween all pairs of features and removed one of the features in each pair if their correlation
coefficient exceeded 0.98. After preprocessing, our UKB data has 501,366 samples aged 40-
70 with 825 features from numerous categories: demographics, blood assays, health and

https://www.ukbiobank.ac.uk/consent
https://www.ukbiobank.ac.uk/consent
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medical history, lifestyle and environment, physical measures, etc. We use the 35,735 sam-
ples from two Scottish centers (Edinburgh and Glasgow) as the geographical validation
set. We impute missing data using MissForest [267], a nonparametric random forest-based
multiple imputation method for mixed-type data.

The mortality data we use includes all deaths occurring before March 8, 2022. Detailed
information about the mortality data is available at https://biobank.ctsu.ox.ac.uk/

crystal/crystal/docs/DeathLinkage.pdf. As with Ganna and Ingelsson [91], we defined
five cause-specific mortality categories using the International Classification of Diseases,
edition 10 (ICD-10), classification as follows: neoplasms, C00–D48; diseases of the circula-
tory system, I05–I89; diseases of the respiratory system, J09–J99; diseases of the digestive
system, K20–K93; and other diseases, all remaining ICD-10 codes. We remove deceased in-
dividuals due to external causes (V01–Y84) of mortality and morbidity. We consider only
the primary cause of death for all participants. When predicting cause-specific mortality,
the individuals deceased due to all other causes are excluded to prevent incorporating
individuals whose contributing (secondary) causes of death include the cause predicted
in the study. The demographic characteristics and sample size of the data for different
tasks are shown in Supplementary Table ??. The sample size flow chart is shown in Sup-
plementary Figure ??.

5.a.1.2 NHANES

The National Health and Nutrition Examination Survey (NHANES) from the National
Center for Health Statistics (NCHS)(http://www.cdc.gov/nchs/nhanes.htm) conducts in-
terviews and physical examinations to assess the health and nutrition data for all ages
in the United States. The interviews include demographic, socioeconomic, dietary, and
health-related questions. The examinations include medical, dental, physiological mea-
surements, and laboratory tests administered by highly trained medical personnel. Since
1999, data were collected and released at 2-year intervals. Each year NHANES examines a
nationally representative sample of roughly 5,000 individuals across the Unites States. In
this study, we include NHANES data collected between 1999 and 2014. We exclude par-
ticipants under age 18 because they are not eligible for public release mortality data. Our
study includes samples with known mortality status who participated in NHANES 1999-
2014 (n = 47, 261). In the raw data, individuals 85 and over are topcoded at 85 years of
age in NHANES 1999-2006 and individuals 80 and over are topcoded at 80 years of age in
NHANES 2007-2014. To keep consistency, we topcode individuals 80 and over at 80 years
of age. We include all demographic, laboratory, examination, and questionnaire features
that could be automatically matched across different NHANES cycles. We exclude vari-
ables that are missing for more than 50% of the participants and one feature from pairs of
highly correlated features with correlations greater than 0.98; after filtering and one-hot
encoding, 158 features remain. We also impute missing data using MissForest [267]. We
use a smaller missing rate threshold for NHANES data because the training data size

https://biobank.ctsu.ox.ac.uk/crystal/crystal/docs/DeathLinkage.pdf
https://biobank.ctsu.ox.ac.uk/crystal/crystal/docs/DeathLinkage.pdf
http://www.cdc.gov/nchs/nhanes.htm
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could be insufficient for effectively training imputation models for variables with a high
missing rate.

All-cause mortality is ascertained by a linked NHANES mortality file that provides
follow-up mortality data from the date of survey participation through December 31,
2015. For NHANES 1999-2014, the eight cause-specific death categories in the linked mor-
tality files include the following groups selected from the NCHS primary cause-of-death
records: heart disease, cancer (malignant neoplasms), chronic lower respiratory disease,
cerebrovascular diseases, Alzheimer’s disease, diabetes, pneumonia and influenza, and
kidney disease. We remove deceased individuals of unintentional injuries. All remaining
deaths are categorized into other causes. When predicting cause-specific mortality, the
individuals deceased due to all other causes are excluded to prevent incorporating indi-
viduals whose contributing (secondary) causes of death include the cause predicted in the
study. The demographic characteristics and sample size of the data for different tasks are
shown in Supplementary Table ??. The sample size flow chart is shown in Supplementary
Figure ??.

5.a.1.3 ROSMAP

The Religious Orders Study (ROS) [1] and Memory Aging Project (MAP) [2] are comple-
mentary epidemiological studies that each enroll persons without dementia who agree to
annual evaluations and eventual organ donation. ROS enrolls clergy living communally
from 40 Catholic groups across the US. As a complementary study, MAP recruited par-
ticipants from a wider range of life experiences throughout northeastern Illinois. Clinical
data collection procedures were consistent between both studies to allow the data to be
merged for analyses [2]. Due to their recruitment strategies, followup rates of survivors
reached around 95% for both studies.

We use the data from Beebe-Wang, Okeson, Althoff, and Lee [24]. Our prediction task
is dementia onset in individuals with no history of dementia within the next three years.
We have a sample size of 9,110 samples, of which 1,244 are labeled as positive (dementia
onset within the next three years). The data is derived from 1,597 individuals, of which
521 developed dementia. We use 53 features including demographics features, medical
history features, lifestyle factors, cognitive tests and genetic features (APOE genotype).
We use the data collected in one year to predict dementia onset within the next three
years, without using repeated measurements.

5.a.2 ENABL Age approach

We construct ENABL Age clocks in two stages. First, we develop predictors of all-cause
mortality and cause-specific mortality on all or a subset of the variables using Cox pro-
portional hazard (CoxPH) models. Second, we fit an exponential curve to the training
samples’ chronological ages and the predictions of the GBT models. Then, we use the
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inverse function of the exponential curve to calculate our ENABL Age given a prediction.
We define ENABL Age acceleration (AgeAccel) as the difference between the ENABL Age
estimate and chronological age.

5.a.2.1 Age-related outcome prediction models

To model mortality, we use gradient boosted trees (GBTs) with the Cox regression objec-
tive. GBTs are nonparametric methods composed of iteratively trained decision trees. The
final ensemble of trees captures non-linearity and interactions between predictors. The
datasets are randomly divided into training (64%), validation (16%), and testing (20%)
sets. The hyperparameters are chosen by GridSearch using the training and validation set.
We use the XGBoost implementation [52] (https://xgboost.readthedocs.io/en/latest/
python/index.html). The hyperparameters are chosen from the following values:

• Learning rate: 0.01

• Maximum number of trees: 1,000

• Early stopping rounds: 100

• Maximum tree depth: {1, 3, 5, 7, 9}

• Subsampling: {0.2, 0.5, 0.8, 1.0}

Parameter values not specified above are left at their default values.
For comparison, we also train linear Cox’s proportional hazard models. We use the im-

plementation Lifelines (https://lifelines.readthedocs.io/en/latest/fitters/regression/
CoxPHFitter.html). The hyperparameters specified below are chosen by GridSearch using
the train and validation set. The hyperparameters are chosen from the following values:

• Penalizer: {0, 0.001, 0.01, 0.1, 1, 10, 100}

• L1 ratio: {0, 0.001, 0.01, 0.1, 1, 10, 100}

Parameter values not specified above are left at their default values. The penalty term is

penalizer(
1- l1ratio

2
||�||22) + l1ratio||�||1.

Therefore, when the l1ratio is set to 1, the model is lasso; when the l1ratio is set to 0, the
model is ridge; in other cases, the model is an elastic net.

Models’ performance is measured with the concordance index (C-index) which is the
proportion of concordant pairs divided by the total number of possible evaluation pairs.
We bootstrap the test set for 1,000 times and assess the statistical significance of the dif-
ference in C-index for pairs of models. Specifically, we resample with replacement from
the test set 1,000 times and compare the models’ performance on resampled test sets. We

https://xgboost.readthedocs.io/en/latest/python/index.html
https://xgboost.readthedocs.io/en/latest/python/index.html
https://lifelines.readthedocs.io/en/latest/fitters/regression/CoxPHFitter.html
https://lifelines.readthedocs.io/en/latest/fitters/regression/CoxPHFitter.html
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report a p-value which is the percentage of times that the linear Cox proportional haz-
ard model is better than or equal to gradient boosted trees, divided by the number of
resampled test sets. All models are built in Python 3.7.

To predict dementia onset using ROSMAP data, we use GBTs with a logistic regression
objective, but all other training procedures are same an in the mortality prediction models.
Models’ performance is measured with AUROC. We also bootstrap the test set 1,000 times
when evaluating this model. We also conduct significance tests comparing the C-indices
of the GBT and linear models.

5.a.2.2 Recursive feature elimination

To find less costly but nearly as accurate models, we select features using recursive feature
elimination. Recursive feature elimination works by searching for a subset of features by
starting with all features in the training dataset and successively removing features until
the desired number of features remains. Firstly, we train a model on the full dataset with
all features. Then we rank features by importance (according to mean absolute SHAP
values) and remove the least important features. Another model is trained on the resulting
feature set, and the process iterates until only the desired number of features are left.
Starting from all features, we remove about 5 features in each iteration until only one
feature is left. The model’s performance is shown in Supplementary Figure ??. Specifically,
we (bootstrap) resample with replacement from the test set 1,000 times and report the
average and the 95% confidence interval of the C-index.

5.a.2.3 Rescaling predictions to ENABL Age

The prediction (i.e., logHR) of the mortality/dementia onset prediction models can be
interpreted as a version of ENABL Age which is not contextualized in terms of chronolog-
ical age. To do so, we non-linearly transform the models’ predictions to produce biological
age estimates, which are in units of years. Specifically, we fit an exponential curve, with
parameters a, b, and c:

pred = ea⇥age+b + min(pred) + c,
c = -0.1, if c > 0,

to the training samples’ chronological ages (age) and the predictions (pred) of the GBT
models using the Levenberg-Marquardt algorithm [151]. Here, min(pred) is the minimum
value of the prediction of training samples. We use the inverse function of the exponential
curve:

ENABL Age =
ln(pred- min(pred)- c)- b

a

to calculate our ENABL Age given a prediction.
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We choose an exponential curve to model the relationship between chronological age
and logHR because it provides a better fit to the data compared to a linear function used
by GrimAge [172]. Supplementary Figure ?? shows the root mean squared errors (RMSEs)
and fitting plots of both exponential and linear curves for the UKB dataset and NHANES
dataset. These results demonstrate that the exponential curves yield lower RMSEs and
better fitting performance on both datasets. Moreover, for the exponential curve we use,
the parameter “a” controls the slope and concavity of the curve. When “a” is extremely
small, the curve is close to a linear curve. Therefore, using this exponential curve could
capture more relationships between logHR and chronological age than a simple linear
curve.

5.a.2.4 All-cause mortality ENABL Age prediction using cause-specific ENABL Ages

To obtain the contribution of different cause-specific ENABL Age estimate to the all-cause
ENABL Age estimate, we train GBTs models to predict the all-cause mortality ENABL
Age estimate using chronological age and cause-specific mortality ENABL Age estimates
for different sex using UKB and NHANES dataset. We use GBTs with the mean squared
error objective. The dataset is randomly divided into training (64%), validation (16%) and
testing (20%) sets. We use the following parameters:

• Learning rate: 0.01

• Maximum number of trees: 1,000

• Early stopping rounds: 100

Parameter values not specified above are left at their default values. The trained models
achieve high precision (R2 = 0.9722 for female, R2 = 0.9721 for male).

5.a.2.5 Interpretation of ENABL Age

To interpret the ENABL Age estimate, we utilize TreeExplainer [177], which provides a
local explanation of the impact of input features on individual predictions. TreeExplainer
calculates exact SHAP [178] (SHapley Additive exPlanations) values for tree-based mod-
els.

shap (shapley additive explanation) values Firstly, we calculate the SHAP
values for the mortality prediction models. SHAP (SHapley Additive exPlanation) values
attribute to each feature the change in the expected model prediction when conditioning
on that feature. The change of the model’s prediction when the feature is masked is



5.A supplementary methods 91

recorded across all possible subsets of features, yielding an average change in prediction
resulting from the inclusion of a feature in the model:

�i(f, x) =
X

R2R

1

M!
⇥
fx(P

R

i [ i)- fx(P
R

i )
⇤

,

where �i is the feature attribution (SHAP value) of feature i in model f for data point
x, R is the set of all feature permutations, PR

i
is the set of all features before i in the

ordering R, M is the number of input features. In this paper, we use baseline shapley
values and marginal shapley values. For baseline shapley values (�(f, xe, xb)), fx(S) =
f(xe

S
, xb

S̄
), where f(xe

S
, xb

S̄
) denotes evaluating f on a hybrid sample where present features

are taken from the explicand xe and absent features are taken from the baseline xb. Then
we estimate marginal Shapley values by first estimating baseline Shapley values for many
baselines and then averaging them [48].

SHAP values guarantee a set of desirable theoretical properties, including additivity
and consistency. In particular, additivity states that when approximating the original
model f for a specific input x, the SHAP values sum up to the output f(x):

f(x) = �0(f) +
MX

i=1

�i(f, x),

where �0(f) = E[f(x)] = fx(;) that is the average model prediction on the baseline samples.
Consistency states that if a model changes so that some feature’s contribution increases or
stays the same regardless of the other inputs, that input’s attribution should not decrease.

For the age-related outcome (e.g., mortality and dementia onset) prediction models,
we use the baselines and explicands (i.e., samples being explained) of the same age and
sex. The baselines (i.e., background samples) are from the training set and the explicands
are from the testing set. Therefore, the �0(f) for a specific age equals to the average
predictions of the samples of that age in the training set.

rescaling shap values to the enabl age space We rescale the SHAP values
to the ENABL Age space so that the rescaled SHAP values are in units of years and
sum to the ENABL AgeAccel. To do so, we use the generalized rescale rule proposed
in our previous work [49]. Suppose we have a age-related outcome prediction model f,
and a non-linear model g that rescales the prediction to ENABL Age. We can calculate
ENABL Age using h(x) = g(f(x)), x 2 Rm. We first calculate the baseline shapley values
�(f, xe, xb) for the age-related outcome prediction model f given an explicand xe and a
baseline xb. Then, based on the generalized rescale rule, we can calculate the baseline
shapley values for h as follows:

�(h, xe, xb) = �(f, xe, xb)((h(xe)- h(xb))↵ (f(xe)- f(xb))),
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where ↵ denotes Hadamard division. After rescaling, the �0(h) for a specific age equals
to the average ENABL Age of the samples of that age in the training set, which is ap-
proximate to that age. At the end, we average the baseline shapley values to produce an
estimate of the SHAP values (marginal shapley values). Therefore, the sum of the rescaled
SHAP values is approximate to the ENABL Age acceleration. As a consequence, we can
decompose the ENABL Age to the contribution of different features in units of years.

two-layer explanation of all-cause mortlality enabl ageaccel We train
models to predict the all-cause ENABL Age estimates using chronological age and cause-
specific ENABL Age estimates for different sexes, so that we can rescale the SHAP values
of different cause-specific mortality predictions to all-cause mortality ENABL AgeAccel.
We use t(chronological age, h0(x), h1(x), · · · , hk-1(x)) to denote the all-cause ENABL
Age prediction model, where k is the number of mortality causes we consider. We can
rescale the SHAP values as follows:

�(t, xe, xb) = �(h, xe, xb)(�(t, xe, xb)↵ (h(xe)- h(xb)))

= �(f, xe, xb)(�(t, xe, xb)↵ (f(xe)- f(xb)))

Consequently, we achieve the two-layer explanations of ENABL AgeAccel, i.e., the fea-
tures to different cause-specific mortality as well as cause-specific mortality to all-cause
mortality ENABL Age estimates.

5.a.3 BioAge and PhenoAge measures

5.a.3.1 BioAge

BioAge is a biological age estimator developed by Levine [152] using data from the Na-
tional Health and Nutrition Examination Survey III (NHANES III) data. Based on prior
knowledge regarding the features’ role or dependency in the aging process and significant
correlation with chronological age, 21 biomarkers are preselected for BioAge. Then, 10 fea-
tures are correlated with chronological age with Pearson correlation coefficients greater
than 0.1 or less than -0.1. Three biomarkers were further removed for not being signifi-
cantly loaded on the first principal component in men or in women based on the principal
components analysis results using the 10 biomarkers. Seven biomarkers and chronologi-
cal age were used to calculate BioAge by applying an algorithm previously proposed by
Klemera and Doubal [142]: P
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BioAge = where xi represents the values of the features. We compare ENABL Ages with
BioAge using the weights from the original paper as well as re-estimated weights based
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on our UK Biobank and NHANES datasets. The weights are provided in Supplementary
Table ??.

5.a.3.2 PhenoAge

PhenoAge is a biological age estimator developed by Levine, Lu, Quach, Chen, Assimes,
Bandinelli, Hou, Baccarelli, Stewart, Li, et al. [153] also using data from the NHANES
III dataset for mortality prediction. The model was trained on 41 available biomarkers,
and nine key biomarkers were selected through Cox penalized regression. PhenoAge in-
corporates these nine biomarkers along with chronological age to construct a Gompertz
distribution-based parametric proportional hazards model. The 10-year mortality risk is
then converted into years to derive PhenoAge. The formula for PhenoAge is given by:

PhenoAge = ↵+
ln(�⇥ ln(1- mortality risk))

✓
,

mortality risk = 1- e
-e

P
10
i=1

xibi+b0 (e(120�)-1)
� ,

where xi and bi represent the values and linear weights of the features. We compare
ENABL Ages with PhenoAge using the weights from the original paper as well as re-
estimated weights based on our UK Biobank (UKB) and NHANES datasets. The weights
are provided in Supplementary Table ??.

5.a.4 5-year and 10-year mortality prediction models

5.a.4.1 UK Biobank and NHANES mortality prediction models

We directly evaluate the mortality prediction power of ENABL AgeAccel, PhenoAgeAc-
cel and BioAgeAccel by training 5- and 10-year mortality prediction models adjusted by
chronological age and sex. Firstly, We calculate PhenoAge and BioAge using the formu-
lae in their original papers. Then, we train all-cause mortality ENABL Age clocks using
the features included in PhenoAge and BioAge to show the effectiveness of ENABL Age
framework. We further build all-cause mortality ENABL Age clocks using other subsets of
features: laboratory features in the four most popular blood panels (ENABL Age-L; Sup-
plementary Table ??) – CBC (Complete Blood Count), CMP (Comprehensive Metabolic
Panel), LP(Lipoprotein (a)) and WBC (White Blood Cell Count ), the top 20 most impor-
tant questionnaire features (ENABL Age-Q; Supplementary Table ??), and the top 20 most
important features (ENABL Age-20; Supplementary Table ??). We train GBTs to predict 5-
and 10-year all-cause mortality using ENBAL AgeAccel, PhenoAgeAccel, and BioAgeAc-
cel, chronological age and sex. To compare with chronological age, we also train 5- and
10-year mortality prediction models using only chronological age and sex. The dataset is
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randomly divided into training (80%) and testing (20%) sets. We use GBTs using the logis-
tic regression loss with default hyperparameters. Models’ performance is measured with
AUROC. We bootstrap the test sets/geographical validation set 1,000 times and obtain the
confidence intervals of the AUROCs. We also calculate the p-values using the bootstrap
results to assess the performance improvement of ENABL AgeAccels over re-estimated
BioAgeAccel and re-estimated PhenoAgeAccel.

5.a.4.2 Cross dataset validation

We perform a cross-dataset validation using ENABL Age-L by training it on UKB sam-
ples using the features in the four popular blood panels that overlap between UKB
and NHANES datasets and evaluating the 5- and 10-year mortality prediction power on
NHANES testing samples aged 40-70. Specifically, the ENABL Age-L is trained on UKB
samples and used to calculate the ENABL Age-L for NHANES samples. Then, we train
and test 5- and 10-year mortality prediction models using the ENABL Age-L, chrono-
logical age and sex on NHANES samples aged 40-70. For “Train on NHANES, test on
NHANES”, we train the ENABL Age-L on NHANES training samples aged 40-70 and
used it to calculate the ENABL Age-L for NHANES testing samples. Then, we train and
test 5- and 10-year mortality prediction models using the ENABL Age-L, chronological
age and sex on NHANES samples aged 40-70. For “Train on UKB, test on UKB”, we train
the ENABL Age-L on UKB training samples aged 40-70 and used it to calculate the EN-
ABL Age-L for UKB testing samples. Then, we train and test 5- and 10-year mortality
prediction models using the ENABL Age-L, chronological age and sex on UKB samples.
To compare with chronological age, we also train 5- and 10-year mortality prediction
models using only chronological age and sex on NHANES samples aged 40-70.

5.a.5 Association analysis

We examine the associations of ENABL AgeAccels, PhenoAgeAccel, BioAgeAccel with a
range of risk factors and age-related morbidity outcomes using UKB test set. We consider
the following risk factors and age-related morbidity outcomes:

• Pack years of smoking: Pack years calculated for individuals who have smoked.
The general definition of a pack year is the number of cigarettes smoked per day,
divided by twenty, multiplied by the number of years of smoking. The number of
years of smoking is calculated by substracting the age of starting smoking from the
age smoking was stopped. The pack years of smoking is available in data field 20161.

• Walking pace: The walking pace is collected from the touchscreen question “How
would you describe your usual walking pace?” from all participants except those
who indicated they were unable to walk. We consider “less than 4 miles per hour”
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as slow pace and “more than 4 miles per hour” as fast pace. The walking pace is
available in data field 924.

• Grip strength: We use the maximum for the left hand grip strength and right strength
grip strength. The units of grip strength is Kg. The grip length measurements are
available in data field 46 (left hand) and 47 (right hand).

• Forced expiratory volume in 1-second: We use the highest measure from the array
of values for Forced Expiratory Volume in 1-second which is in units of liter. The
forced expiratory volume in 1-second is available in data field 20150.

• Waist-hip ratio: We calculate the waist-hip ratio using waist circumference divided
by the hip circumference. The waist circumference is available in data field 48 and
the hip circumference is available in data field 49.

• Cancer diagnosis: The time-to-event is calculated by subtracting the date of attend-
ing the assessment center from the date of cancer diagnosis. The date of cancer
diagnosis is available in data field 40005.

• Myocardial infarction diagnosis: The date of myocardial infarction diagnosis is avail-
able in data field 42000.

• Stroke diagnosis: The date of stroke diagnosis is available in data field 42006.

• COPD diagnosis: The date of COPD diagnosis is available in data field 42016.

• Asthma diagnosis: The date of asthma diagnosis is available in data field 42014.

• All-cause dementia diagnosis: The date of all-cause dementia diagnosis is available
in data field 42018.

• End-stage renal disease diagnosis: The date of end-stage renal disease diagnosis is
available in data field 42026.

We retrain the ENABL Age models to avoid circular analysis. Specifically, we first fil-
tered out the outcome feature of interest, i.e., the risk factors and morbidity outcomes, and
the related features from the feature set. We then retrained the mortality prediction mod-
els and obtained the new ENBAL AgeAccels, which are used to fit the regression models
for association analyses. We separately regress risk factors and outcomes on each of the
biological age accelerations, adjusting for chronological age and sex using ordinary least
squares regression with biological age accelerations as the dependent variable (pack years
of smoking and waist-hip ratio), ordinary least squares regression with biological age ac-
celerations as the independent variable (grip strength and forced expiratory volume in
1-second), logistic regression with biological age accelerations as the independent variable
(walking pace), and Cox regression with biological age accelerations as the independent
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variable (time to cancer, myocardial infarction, stroke, COPD, asthma, all-cause dementia,
and end-stage renal disease diagnosis), as appropriate. We report the change (i.e., the beta
for ordinary least squares regression; the odds ratio for logistic regression; and the hazard
ratio for Cox regression) in each of the outcome measures associated with a 1-year increase
in age acceleration for each of the four biological aging measures or a standard unit in-
crease in risk factors (i.e., pack years of smoking and waist-hip ratio). We include height
as a covariate when fitting our regression models for FEV1, grip strength, and walking
pace. The significance thresholds for p-values are adjusted using the Bonferroni correc-
tion method, accounting for a total of 96 tests (8 biological ages and 12 traits). We use the
implementation Statsmodels (https://www.statsmodels.org/stable/index.html) for or-
dinary least squares regression and logistic regression and Lifelines (https://lifelines.
readthedocs.io/en/latest/fitters/regression/CoxPHFitter.html) for Cox regression.
All analyses are conducted using Pythob 3.7.

5.a.6 Genome-wide association analysis

5.a.6.1 Quality control

In our GWAS analysis, we include all white British that have very similar genetic ances-
try based on a principal components analysis of the genotypes in UK Biobank, identified
using the data field 22006. Additionally, one in third-degree or closer pairs are removed,
identified via pairwise kinship coefficients. SNPs are excluded if meeting any of the cri-
teria: (1) missing rates exceeding 0.01 (2) MaCH Rsq imputation quality metric < 0.3, (3)
minor allele frequency < 0.1%, (4) Hardy–Weinberg equilibrium test p-value < 10-6, (5)
missing imputation information score, minor allele frequency, or Hardy–Weinberg equilib-
rium test result. Overall, 12,755,286 SNPs passed the quality control. The quality control
is implemented using PLINK 2.0 https://www.cog-genomics.org/plink/2.0/. We use
LD-based pruning with an r2 threshold of r2 < 0.8 and identified 199,637 independent
genomic regions from the UK Biobank data.

5.a.6.2 GWAS analysis

The association between ENABL Age accelerations with each SNP is examined using an
efficient Bayesian linear mixed effects model (BOLT-LMM software version 2.4; https:
//alkesgroup.broadinstitute.org/BOLT-LMM/BOLT-LMM_manual.html) [163] adjusted for
chronological age, sex, genotyping array type, and assessment center, and top 20 genetic
principal components. By default, the LD scores included in the BOLT-LMM for European-
ancestry samples are used to calibrate the BOLT-LMM statistic. 5⇥ 10-8 is a commonly
used significance threshold in genome-wide association studies based on the estimation of
approximately 1 million independent SNPs in a population [216]. To account for the mul-
tiple testing of the AgeAccel estimators, we use the Bonferroni correction, which adjusts

https://www.statsmodels.org/stable/index.html
https://lifelines.readthedocs.io/en/latest/fitters/regression/CoxPHFitter.html
https://lifelines.readthedocs.io/en/latest/fitters/regression/CoxPHFitter.html
https://www.cog-genomics.org/plink/2.0/
https://alkesgroup.broadinstitute.org/BOLT-LMM/BOLT-LMM_manual.html
https://alkesgroup.broadinstitute.org/BOLT-LMM/BOLT-LMM_manual.html
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for the number of tests performed. We divided the significance threshold (5⇥ 10-8) by
the number of AgeAccel estimators tested (6), yielding an adjusted p-value of 8.3⇥ 10-9.
Thus, SNP p-values smaller than 8.3 ⇥ 10-9 are deemed to be statistically significant.
Manhattan plots are created using the CMplot R package. We use the LD score regression
intercept to evaluate the presence of genomic inflation due to population stratification or
cryptic relatedness. The LD score regression intercept minus one is an estimator of the
mean contribution of confounding bias (i.e., cryptic relatedness and population stratifica-
tion) to the inflation in the test statistics [36].

We also perform a stepwise model selection procedure on the genome-wide SNP sum-
mary statistics to identify independent signals using the COJO (Conditional and Joint as-
sociation analysis) [329] model in the GCTA (Genome-wide Complex Trait Analysis) soft-
ware (https://yanglab.westlake.edu.cn/software/gcta/#Overview) [330]. SNPs more
than 10,000 kb away from each other are assumed to be in complete linkage equilibrium.
As SNPs are selected, the SNPs with multiple regression R2 greater than 0.9 with already
pre-selected SNPs are excluded, so that redundant signals from high LD are excluded. We
identify 62 conditionally independent associations for all-cause mortality ENABL AgeAc-
cel, 34 for neoplasm-cause mortality ENABL AgeAccel, 133 for circulatory disease-cause
mortality ENABL AgeAccel, 107 for respiratory disease-cause mortality ENABL AgeAccel,
101 for digestive disease-cause mortality ENABL AgeAccel, and 29 for other causes mor-
tality ENABL AgeAccel. (p-value < 8.3⇥ 10-9 (Bonferroni corrected), Manhattan plots in
Supplementary Figure ?? and Supplementary Figure ??). The LD score regression inter-
cepts for the GWAS on ENABL AgeAccels are smaller than 1.1 (Supplementary Table ??),
indicating that there is no genomic inflation due to population stratification or cryptic re-
latedness. The significant SNPs are mapped to genes based on GRCh37/hg19 coordinates,
and were used in searches for published GWAS associations based on GWAS catalog [37].

5.a.6.3 Genetic correlations

We perform cross-trait LD score regression (LDSC) using GWAS summary statistics [36]
to relate ENABL AgeAccel to various health-related traits: anthropometric traits (e.g.,
BMI), adiposity (e.g., whole body/leg/arm/trunk fat mass), longevity (mother/father’s
longevity), lifestyle (e.g., smoking) and several diseases (e.g., heart attack, heart failure,
angina, stoke and hypertension). GWAS summary statistics for health-related traits are
downloaded from the Ben Neale Lab round 2 http://www.nealelab.is/uk-biobank. The
significance threshold is corrected using the Bonferroni correction method, accounting
for a total of 143 tests (0.05/143 ⇡ 0.0003). In addition, we assess the genetic corre-
lations among various ENABL AgeAccels and their genetic correlations with several
age accelerations based on diverse biomedical data sources, such as epigenetic age ac-
celerations (e.g., GrimAgeAccel, DNAmPhenoAgeAccel, HannumAccel, and HorvathAc-
cel), as well as brain MRI-based age acceleration. (i.e., BrainAgeAccel [136]). We uti-
lized publicly available GWAS summary statistics of epigenetic age accelerations and

https://yanglab.westlake.edu.cn/software/gcta/#Overview
http://www.nealelab.is/uk-biobank
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BrainAge from previous studies [136, 189]. It is noted that the GWAS summary statis-
tics of GrimAgeAccel, DNAmPhenoAgeAccel, HannumAccel, and HorvathAccel [189]
are conducted in smaller cohorts (n=34,710) than UKB (n=382,152) and using a meta-
analysis approach. The significance threshold is corrected using the Bonferroni correction
method for a total of 30 tests (0.05/30 ⇡ 0.0017). We use the LDSC (v1.0.1) implementa-
tion https://github.com/bulik/ldsc. As recommend by LDSC, we filtered to HapMap3
SNPs for each GWAS summary data, which could help align allele codes of our GWAS
results with other GWAS results for the genetic correlation analysis.

5.b supplementary results

5.b.1 ENABL Age can be applied to other age-related tasks.

To validate that ENABL Age can be extended to age-related tasks other than mortality,
we apply ENABL Age on dementia prediction using the ROSMAP dataset from two lon-
gitudinal aging cohort studies. We generate samples with no dementia history and have
a sample size of 9,103 samples aged 56 to 106 derived from 1,597 individuals. We train a
GBT classification model to predict imminent dementia onset (i.e., a diagnosis within the
next three years) while learning the ENABL Age and then fit exponential curves between
chronological ages and dementia predictions (Supplementary Figure ??A).

In Supplementary Figure ??B, we show that the ENABL Ages of the dementia-onset
samples are generally higher than their corresponding chronological ages and the ENABL
Ages of the normal samples. Supplementary Figure ??C shows the Kaplan-Meier curve of
dementia onset for the individuals, stratified into the healthy (lowest 25%) and unhealthy
(highest 25%) agers according to the ENABL Age accelerations of the first visits. The
unhealthy agers have much steeper declines in dementia-onset over the 16 years of follow-
up, suggesting the dementia ENABL Age’s effectiveness on identifying high dementia risk
individuals. These results demonstrate that the dementia ENABL Age reflects individuals’
dementia risk comparing with the samples of the same age and suggests that the dementia
ENABL Age may capture the aging signal related to dementia.

We also perform GWAS on dementia ENABL Age to validate that the dementia ENABL
Age captures demential status. Supplementary Figure ??D shows the Manhattan plot and
the selected mapped genes of the lead SNPs. All three mapped genes, APOE, APOC1 and
NECTIN2, are associated with Alzheimer’s disease, indicating that the dementia ENABL
Age captures the aging signal related to dementia/Alzheimer’s disease, further indicating
that ENABL Age can be successfully applied to age-related task beyond mortality.

https://github.com/bulik/ldsc
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Supplementary Figure A.5.7: The Pearson correlations and genetic correlations between different
ENABL AgeAccels, with the numbers in brackets representing the
corresponding 95% confidence intervals.
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Supplementary Figure A.5.1: The results of ENABL Age framework on the ROSMAP dataset.
(A) The curves that transform GBTs’ predicted value to ENABL Age
predictions on the ROSMAP dataset. (B) The scatter plot of ENABL
Age predictions versus chronological ages on the ROSMAP dataset.
(C) Kaplan–Meier curves for persons in the highest 25% (unhealthy
agers) versus the lowest 25% (healthy agers) of dementia onset EN-
ABL age acceleration in the ROSMAP test set. (D) Manhattan plots
for dementia onset ENABL Age.
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Supplementary Figure A.5.2: Sample size flow chart for the UK Biobank dataset. When predicting
cause-specific mortality, individuals deceased due to all other causes
are excluded.
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Supplementary Figure A.5.3: Sample size flow chart for the NHANES dataset. When predicting
cause-specific mortality, the individuals deceased due to all other
causes are excluded.
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Supplementary Figure A.5.4: (A) Comparison of root mean squared errors (RMSEs) for exponen-
tial and linear curve fitting between chronological age and GBTs’
predicted logHR, with lower values bolded. (B,C,E,F,H,I,K,L) Scat-
ter plots of GBTs’ predicted logHRs versus chronological ages and
the fitted exponential/linear curve for female/male individuals in
the UK Biobank/NHANES datasets. (D,G,J,M) Inverse exponential/-
linear curves transforming GBTs’ predicted logHR to ENABL Age in
the UK Biobank/NHANES datasets.
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Supplementary Figure A.5.5: (A,D) The C-index of the all-cause mortality prediction and cause-
specific mortality prediction on the UK Biobank test set, a left-out
geographical validation set, and the NHANES test set using lin-
ear Cox regression models, GBTs Cox regression models, and GBTs
Cox regression models with the top 20 important features selected
by a recursive feature elimination method. Confidence intervals are
computed using bootstrap re-sampling of the test set 1,000 times. P-
values, derived from the bootstrap results, are used to assess the per-
formance improvement of GBTs over linear models. (***) represents a
p-value < 0.001, (**) represents a p-value < 0.01, and (*) represents a
p-value < 0.05. (B,E) C-index comparison for all-cause and cause-
specific mortality predictions on the UK Biobank and NHANES
datasets using linear models and GBT models. More details are in
Supplementary Methods ??. (C,F) The C-index of the models us-
ing different feature sets after recursive feature elimination on UK
Biobank and NHANES datasets. Lines are mean performance over
1000 random train/test splits, and shaded bands are 95 percent nor-
mal confidence intervals. The pink line is the vertical line of 20 fea-
tures. “⇥” indicates the C-index of the models using all features or
the top 20 most important features. More details are in Supplemen-
tary Methods ??.
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Supplementary Figure A.5.6: (A,C) The contour plots of GBTs’ predicted logHR versus chronolog-
ical ages and the fitted exponential curve on the UK Biobank and
NHANES datasets. (B,D) The contour plots of ENABL Ages versus
chronological ages on the UK Biobank and NHANES datasets.
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Supplementary Figure A.5.7: (A,B,D,E) The scatter plots and density plots of ENABL Age pre-
dictions versus chronological ages for the individuals that are alive
or deceased at mortality data collection time in the UK Biobank
and NHANES dataset. (C,F) Comparison of average ENABL Age
between deceased and alive individuals across different age groups
in the UK Biobank and NHANES datasets.
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Supplementary Figure A.5.8: ENABL Age clocks successfully stratify unhealthy and healthy in-
dividuals. (A-B) Kaplan–Meier curves for persons in the highest 25%
(unhealthy agers) versus the lowest 25% (healthy agers) of all-cause
mortality ENABL AgeAccel in the UK Biobank test set and geograph-
ical validation set. (C-D) Kaplan–Meier curves for persons in the
highest 25% (unhealthy agers) versus the lowest 25% (healthy agers)
of neoplasm-cause mortality ENABL AgeAccel in the UK Biobank
test set and geographical validation set. (E-F) Kaplan–Meier curves
for persons in the highest 25% (unhealthy agers) versus the lowest
25% (healthy agers) of all-cause mortality ENABL AgeAccel and ma-
lignant neoplasm-cause mortality ENABL AgeAccel in the NHANES
test set. (G) The average logHR of the healthy and unhealthy age
groups.
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Supplementary Figure A.5.9: ENABL AgeAccels have high mortality prediction power. (A-D)
The AUROCs of the 5-and 10- year mortality prediction GBT models
of ENABL AgeAccels, PhenoAgeAccel, and BioAgeAccel adjusted
by chronological age and sex trained and tested on the UK Biobank
and NHANES datasets. “Chronological Age” refers to the GBT mod-
els trained by chronological age and sex. “BioAgeAccel” and “Phe-
noAgeAccel” are calculated using the formulae in their original pa-
pers. “Re-estimated BioAgeAccel” and “Re-estimated PhenoAgeAc-
cel” are calculated using the re-estimated weights on the UK Biobank
and NHANES datasets. “ENABL AgeAccel (BioAge Features)” and
“ENABL AgeAccel (PhenoAge Features)” are calculated by the EN-
ABL Age framework using only the features included in BioAge and
PhenoAge, respectively. “ENABL Age-L Accel” refers to the ENABL
Age clock that uses laboratory features in the four most popular
blood panels (Supplementary Table ??) – CBC, CMP, LP and WBC.
“ENABL Age-Q Accel” refers to the ENABL Age clock that uses the
top 20 most important questionnaire features selected by recursive
feature elimination (Supplementary Table ??). “ENABL Age-20 Ac-
cel” refers to the ENABL Age clock that uses the top 20 most impor-
tant features out of all possible features selected by recursive feature
elimination (Supplementary ??; Supplementary Figures ??B,D; Sup-
plementary Table ??). Colored squares indicate the feature types/lab-
oratory panels (CBC – Complete Blood Count, CMP – Comprehen-
sive Metabolic Panel, LP – Lipoprotein (a), and WBC – White Blood
Cell Count) used to calculate biological ages. Confidence intervals
are computed using bootstrap resampling of the test set 1,000 times.
P-values, derived from the bootstrap results, are used to assess the
performance improvement of ENABL AgeAccels over “Re-estimated
BioAgeAccel” (blue asterisks) and “Re-estimated PhenoAgeAccel”
(purple asterisks). (***) represents a p-value < 0.001, (**) represents
a p-value < 0.01, and (*) represents a p-value < 0.05. (E) The cross-
dataset validation of the 10-year mortality prediction model using
ENABL Age-L. “Chronological Age” refers to the mortality predic-
tion model using chronological age and sex trained and tested on
NHANES samples aged 40-70. “Train on UKB, test on NHANES”
refers to cross-dataset validation of the ENABL Age clock. We train
ENABL Age-L on the UKB samples using the features in the four
popular blood panels that overlap in the UKB and NHANES datasets
and use it to evaluate the ENABL Age-L for NHANES samples. Then,
we train and test the mortality prediction models using chronological
age, sex, and ENABL Age-L acceleration (trained on UKB samples)
on NHANES samples aged 40-70. “Train on UKB, test on UKB” and
“Train on NHANES, test on NHANES” refer to the mortality predic-
tion model using chronological age, sex, and ENABL Age-L acceler-
ation trained and evaluated on UKB samples or NHANES samples
aged 40-70, respectively.
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Supplementary Figure A.5.10: ENABL AgeAccels are strongly associated with diverse risk fac-
tors. (A-E) Associations of age accelerations (ENABL AgeAccel,
PhenoAgeAccel, BioAgeAccel) with risk factors (i.e., pack years
of smoking, forced expiratory volume in 1-second, grip strength,
walking pace, and waist-hip ratio). The risk factors are regressed
separately on each of the biological age accelerations, adjusting
for chronological age and sex using ordinary least squares regres-
sion (pack years of smoking, forced expiratory volume in 1-second,
grip strength, and waist-hip ratio), and logistic regression (walking
pace), as appropriate. Height is included as a covariate when fit-
ting our regression models for grip strength and walking pace. The
biological age accelerations are in units of years. (***) represents a p-
value < 0.00001. (**) represents a p-value < 0.00010. (*) represents
a p-value < 0.00052. The significance threshold is adjusted using
the Bonferroni correction method, accounting for a total of 96 tests
(8 biological ages and 12 traits). More details are in Supplementary
Methods ??.
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Supplementary Figure A.5.11: ENABL AgeAccels are strongly associated with diverse age-
related morbidity outcomes. (A-D) Associations of age accelera-
tions (ENABL AgeAccel, PhenoAgeAccel, BioAgeAccel) with age-
related morbidity outcomes (i.e., all-cause dementia, end-stage re-
nal disease, stroke, and asthma). The outcomes are regressed sep-
arately on each of the biological age accelerations, adjusting for
chronological age and sex using Cox regression. The biological
age accelerations are in units of years. (***) represents a p-value
< 0.00001. (**) represents a p-value < 0.00010. (*) represents a p-
value < 0.00052. The significance threshold is adjusted using the
Bonferroni correction method, accounting for a total of 96 tests (8
biological ages and 12 traits). More details are in Supplementary
Methods ??.
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Supplementary Figure A.5.12: (A-B) SHAP summary plot for all-cause mortality and neoplasm-
cause mortality prediction models using UKB datasets. SHAP val-
ues are consistent and accurate calculations of each feature’s contri-
bution to the model’s prediction. The plot shows the most impactful
features on prediction (ranked from most to least important) and
the distribution of the impacts of each feature on model output,
which includes a set of plots where each dot corresponds to an in-
dividual. The colors represent feature values for numeric features:
red for larger values and blue for smaller ones. The thickness of the
line comprised of individual dots is determined by the number of
examples at a given value. A negative SHAP value (extending to
the left) indicates a reduced mortality prediction value, while a pos-
itive one (extending to the right) indicates an increased mortality
prediction value.
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Neoplasm-cause mortality, Female, Chronological age = 65

A

Contribution to ENABL AgeAccel (year)

Past tobacco smoking (1-most days, 4-never)
Age at cancer  diagnosis (last)

Pack years of smoking
Cancer diagnosed by doctor

Cystatin C
Red blood cell distribution width

Lymphocyte percentage
Standing height

Platelet distribution width
Creative protein
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High

Neoplasm-cause mortality
B

ENABL Age = 74

Chronological Age = 65

+3.54

+3.52

+1.42

+1.14

+0.93

+0.78

+0.62

-0.92

-0.83

-0.93

Age at cancer diagnosis (last): 60.1

Cancer diagnosed by doctor: yes

Sex hormone binding globulin: 192 nmol/L

Cancer code: breast cancer

Long-standing illness, disability or infirmity: yes

Past tobacco smoking: never

Histology of cancer tumor: epithelial

Age at cancer diagnosis (first): 60.1

Overall health rating: fair

816 other features

64 66 68 70 72 7462

Summary plot

Individualized explanation

Supplementary Figure A.5.13: (A) SHAP summary plot for ENABL Age clocks trained on
neoplasm-cause mortality using UKB datasets for female samples
aged 65 years old. The plot shows the most impactful features on
ENABL Age (ranked from most to least important). It also shows
the distribution of the impacts of each feature on ENABL AgeAccel,
which includes a set of plots where each dot corresponds to an indi-
vidual. The colors represent feature values for numeric features: red
for larger values, blue for smaller, and grey for not applicable (e.g.,
currently smoking on most or all days for past tobacco smoking).
The thickness of the line (which actually comprises many individ-
ual dots) is determined by the number of examples at a given value,
where dots spread out vertically if there are many examples. A neg-
ative rescaled SHAP value (extending to the left) indicates reduced
ENABL AgeAccel, while a positive one (extending to the right) indi-
cates increased ENABL AgeAccel. The SHAP values are calculated
using explicands and baselines that have the same age and sex (i.e.,
females aged 65 years old). (B) The individualized explanation of
neoplasm-cause mortality ENABL Age for a single female aged 65
years old. The output value (the gray dashed line with the number
at the top of the plot) shows ENABL Age for that individual. The
base value (the gray dashed line with the number at the bottom of
the plot) approximates chronological age (i.e., 65). The features in
red increase ENABL AgeAccel, and those in blue decrease it.
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Number of treatments/
medications taken

Monocyte percentage

Red blood cell 
distribution width

Cystatin C

Sex hormone 
binding globulin

Other features

Respiratory disease
Digestive disease

Neoplasms

Circulatory disease

Other

Predicted  
all-cause 
mortality 
ENABL 
AgeAccel

0.73

0.57

0.53

-0.66

-0.52

-1.75

0.08
0.03

-0.54

-0.13

-0.54

-1.10

Supplementary Figure A.5.14: The two-layer all-cause mortality ENABL AgeAccel explanations
depict the contributions of features to different mortality causes as
well as mortality causes to all-cause mortality ENABL Age for a
healthy individual from the UK Biobank dataset. Flows in red rep-
resent positive rescaled SHAP values, which increase the ENABL
AgeAccel, while flows in blue indicate negative rescaled SHAP val-
ues, which decrease the ENABL AgeAccel. The width of each flow
and the grey numbers correspond to the contribution of risk factors
to mortality causes as well as mortality causes to all-cause mortal-
ity ENABL Age in units of years. The “Predicted all-cause mortal-
ity ENABL AgeAccel” refers to the predicted all-cause mortality
ENABL Age using the cause-specific ENABL Ages minus chrono-
logical age.
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Red cell distribution width (%)

Ratio of family income to poverty

Albumin, urine (ug/mL)

Lymphocyte percent (%)

General health condition

Other features

Diseases of heart

Malignant neoplasms

Chronic lower respiratory diseases

Cerebrovascular diseases
Alzheimer’s disease

Diabetes mellitus

Influenza and pneumonia

Nephritis, nephrotic syndrome and nephrosis

All other causes

All-cause mortality ENABL Age Acceleration

Blood cadmium (nmol/L)

Cotinine, Serum (ng/mL)

Red cell distribution width (%)

Blood lead (umol/L)

Albumin, urine (ug/mL)

Other features

Diseases of heart

Malignant neoplasms

Chronic lower respiratory diseases

Cerebrovascular diseases

Alzheimer’s disease

Diabetes mellitus

Influenza and pneumonia

Nephritis, nephrotic syndrome and nephrosis

All other causes

All-cause mortality ENABL Age Acceleration

A

B

Mortality causesRisk factors

Supplementary Figure A.5.15: (A-B) The two-layer all-cause mortality ENABL AgeAccel explana-
tions, i.e., the features of different mortality causes as well as mor-
tality causes to all-cause mortality ENABL Age for two individuals
from the NHANES dataset (Supplementary Methods ??). The lines
in red indicate positive rescaled SHAP values that increase the EN-
ABL AgeAccel; those in blue indicate negative rescaled SHAP val-
ues that decrease the ENABL AgeAccel. The width of each flow and
the grey numbers indicate the contribution of risk factors to mortal-
ity causes as well as mortality causes to all-cause mortality ENABL
Age in units of years.



5.B supplementary results 116

Supplementary Figure A.5.16: Manhattan plots for all-cause mortality ENABL AgeAccel,
neoplasm-cause mortality ENABL AgeAccel, and circulatory
disease-cause mortality ENABL AgeAccel (colors to separate adja-
cent chromosomes without other indications). SNP p-values smaller
than 8.3⇥ 10-9 are deemed to be statistically significant.
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Supplementary Figure A.5.17: Manhattan plots for respiratory disease-cause mortality ENABL
AgeAccel, digestive-cause mortality ENABL AgeAccel, and other
causes mortality ENABL AgeAccel (colors to separate adjacent chro-
mosomes without other indications). SNP p-values smaller than
8.3⇥ 10-9 are deemed to be statistically significant.
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All-cause 
mortality

Neoplasm-
cause 

mortality

Circulatory 
disease-
cause 

mortality

Respiratory 
disease-
cause 

mortality

Digestive 
disease-
cause 

mortality

Other 
causes 

mortality

All-cause 
mortality

0.9515 
(0.9442, 
0.9588)

0.9524 
(0.9440, 
0.9608)

0.8984 
(0.8810, 
0.9158)

0.9381 
(0.9267, 
0.9495)

0.9130 
(0.8969, 
0.9291)

Neoplasm-
cause 
mortality

0.9515 
(0.9442, 
0.9588)

0.8490 
(0.8278, 
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0.8064 
(0.7844, 
0.8284)

0.8572 
(0.8376, 
0.8768)

0.7944 
(0.7611, 
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Circulatory 
disease-
cause 
mortality
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(0.8294, 
0.8992)

0.9181 
(0.8932, 
0.9430)
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(0.8813, 
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Respiratory 
disease-
cause 
mortality

0.8984 
(0.8810, 
0.9158)
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(0.7844, 
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0.8992)
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0.8988 
(0.8714, 
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0.9154 
(0.8838, 
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mortality

0.9130 
(0.8969, 
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0.7944 
(0.7611, 
0.8277)

0.8950 
(0.8813, 
0.9087)

0.8922 
(0.8456, 
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(0.8838, 
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A
Pearson correlations between ENABL AgeAccels

B
Genetic correlations between ENABL AgeAccels

Supplementary Figure A.5.18: The Pearson correlations and genetic correlations between different
ENABL AgeAccels, with the numbers in brackets representing the
corresponding 95% confidence intervals.
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UK Biobank

Training set + testing set

Mortality cause All

(n=465,631)

Neoplasms

(n=449,531)

Circulatory

disease

(n=439,292)

Respiratory

disease

(n=434,713)

Digestive

disease

(n=433,554)

Other

(n=437,5485)

Number of deaths 33,380 (7.17%) 17,280 (3.84%) 7,041 (1.60%) 2,462 (0.57%) 1,303 (0.30%) 5,294 (1.21%)

Follow-up (years) 12.00

(11.31-12.65)

12.03

(11.36-12.67)

12.05

(11.39-12.68)

12.06

(11.41-12.68)

12.06

(11.41-12.68)

12.06

(11.40-12.68)

Age (years) 57.12 (8.10) 56.92 (8.08) 56.81 (8.08) 56.76 (8.08) 56.73 (8.08) 56.79 (8.09)

Sex Male 212,568

(45.65%)

202,124

(44.96%)

197,767

(45.02%)

194,390

(44.72%)

193,646

(44.66%)

195,925

(44.78%)

Female 253,063

(54.35%)

247,407

(55.04%)

241,525

(54.98%)

240,323

(55.28%)

239,908

(55.34%)

241,620

(55.22%)

Ethnicity

White 436,600

(93.77%)

421,334

(93.73%)

411,362

(93.64%)

407,062

(93.64%)

405,947

(93.63%)

409,691

(93.63%)

Asian 111,12

(2.39%)

10,775

(2.40%)

10,747

(2.45%)

10,632

(2.45%)

10,606

(2.45%)

10,700

(2.45%)

Black 7.987

(1.72%)

7,772

(1.73%)

7,695

(1.75%)

7,620

(1.75%)

7,617

(1.76%)

7,699

(1.76%)

Mixed 2,861

(0.61%)

2,802

(0.62%)

2,758

(0.63%)

2,736

(0.63%)

2,734

(0.63%)

2,747

(0.63%)

Other 4,419

(0.95%)

4,322

(0.96%)

4,251

(0.97%)

4,223

(0.97%)

4,221

(0.97%)

4,250

(0.97%)

Unknown 2,652

(0.57%)

2,526

(0.56%)

2,479

(0.56%)

2,440

(0.56%)

2,429

(0.56%)

2,458

(0.56%)

Geographical validation set

Mortality cause All

(n=35,735)

Neoplasms

(n=33,986)

Circulatory

disease

(n=32,986)

Respiratory

disease

(n=32,443)

Digestive

disease

(n=32,399)

Other

(n=32,849)

Number of deaths 3,504 (9.81%) 1,755 (5.16%) 755 (2.29%) 212 (0.65%) 168 (0.52%) 618 (1.88%)

Follow-up (years) 13.14

(12.96-13.34)

13.15

(12.98-13.34)

13.16

(12.99-13.35)

13.16

(12.99-13.35)

13.16

(12.99-13.35)

13.16

(12.99-13.35)

Age (years) 56.90 (8.07) 56.59 (8.03) 56.46 (8.04) 56.35 (8.02) 56.32 (8.02) 56.42 (8.04)

Sex Male 15,830

(44.30%)

14,733

(43.35%)

14,305

(43.37%)

13,928

(42.93%)

13,900

(42.90%)

14,151

(43.08%)

Female 19,905

(55.70%)

19,253

(56.65%)

18,681

(56.63%)

18,515

(57.07%)

18,499

(57.10%)

18,698

(56.92%)

Ethnicity

White 35,024

(98.01%)

33,309

(98.01%)

32,313

(97.96%)

31,780

(97.96%)

31,737

(97.96%)

32,181

(97.97%)

Asian 322

(0.90%)

305

(0.90%)

303

(0.92%)

300

(0.92%)

297

(0.92%)

301

(0.92%)

Black 57

(0.16%)

57

(0.17%)

55

(0.17%)

55

(0.17%)

55

(0.17%)

55

(0.17%)

Mixed 90

(0.25%)

87

(0.26%)

85

(0.26%)

85

(0.26%)

85

(0.26%)

84

(0.26%)

Other 129

(0.36%)

125

(0.37%)

125

(0.38%)

122

(0.38%)

122

(0.38%)

123

(0.37%)

Unknown 113

(0.32%)

103

(0.30%)

105

(0.32%)

101

(0.31%)

103

(0.32%)

105

(0.32%)

Supplementary Table A.5.1: Population characteristics for the all-cause mortality and cause-
specific mortality datasets of the UK Biobank study cohort. Data are
mean (SD), median (IQR), or n/N (%). The sample size flow chart is
shown in Supplementary Figure ??.
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NHANES

Mortality cause All

(n=47,084)

Heart disease

(n=42,077)

Malignant

neoplasms

(n=42,297)

Chronic lower

respiratory

disease

(n=41,210)

Cerebrovascular

disease

(n=41,226)

Number of deaths 6,119 (13.00%) 1,112 (2.64%) 1,332 (3.15%) 245 (0.59%) 261 (0.63%)

Follow-up (years) 7.67

(4.25-11.83)

8.08

(4.42-12.17)

8.08

(4.42-12.17)

8.08

(4.58-12.33)

8.08

(4.50-12.33)

Age (years) 47.02 (19.07) 44.65 (18.24) 44.66 (18.19) 44.15 (18.01) 44.15 (18.02)

Sex Male 22,677

(48.16%)

19,983

(47.49%)

20,108

(47.54%)

19,451

(47.20%)

19,450

(47.18%)

Female 24,407

(51.84%)

22,904

(52.51%)

22,189

(52.46%)

21,759

(52.80%)

21,776

(52.82%)

Ethnicity

Non-Hispanic

White

21,359

(45.36%)

18,413

(43.76%)

18,481

(43.69%)

17,925

(43.50%)

17,904

(43.43%)

Non-Hispanic

Black

10,021

(21.28%)

9,093

(21.61%)

9,173

(21.69%)

8,908

(21.62%)

8,917

(21.63%)

Mexican

American

8,869

(18.84%)

8,092

(19.23%)

8,133

(19.23%)

7,953

(19.30%)

7,982

(19.36%)

Other

Hispanic

3,443

(7.31%)

3,249

(7.72%)

3,264

(7.72%)

3,211

(7.79%)

3,212

(7.79%)

Other 3,392

(7.20%)

3,230

(7.68%)

3,246

(7.67%)

3,213

(7.80%)

3,211

(7.79%)

Mortality cause
Alzheimer’s

disease

(n=41,114)

Diabetes

mellitus

(n=41,126)

Influenza and

pneumonia

(n=41,082)

Nephritis,

nephrotic

syndrome

and nephrosis

(n=41,079)

Other

(n=43,576)

Number of deaths 149 (0.36%) 161 (0.39%) 117 (0.28%) 114 (0.28%) 2,611 (5.99%)

Follow-up (years) 8.08

(4.58-12.33)

8.08

(4.58-12.33)

8.08

(4.58-12.33)

8.08

(4.58-12.33)

7.92

(4.42-12.08)

Age (years) 44.09 (18.00) 44.08 (17.98) 44.06 (17.98) 44.07 (17.98) 45.36 (18.58)

Sex Male 19,379

(47.13%)

19,387

(47.14%)

19,377

(47.16%)

19,382

(47.18%)

20,671

(47.44%)

Female 21,735

(52.87%)

21,739

(52.86%)

21,705

(52.83%)

21,697

(52.82%)

22,905

(52.56%)

Ethnicity

Non-Hispanic

White

17,865

(43.45%)

17,806

(43.30%)

17,817

(43.37%)

17,811

(43.36%)

19,308

(44.31%)

Non-Hispanic

Black

8,894

(21.63%)

8,919

(21.69%)

8,897

(21.66%)

8,909

(21.69%)

9,337

(21.43%)

Mexican

American

7,942

(19.32%)

7,978

(19.40%)

7,950

(19.35%)

7,945

(19.34%)

8,329

(19.11%)

Other

Hispanic

3,206

(7.80%)

3,211

(7.81%)

3,211

(7.82%)

3,208

(7.81%)

3,311

(7.60%)

Other 3,207

(7.80%)

3,212

(7.81%)

3,207

(7.81%)

3,206

(7.80%)

3,291

(7.55%)

Supplementary Table A.5.2: Population characteristics for the all-cause mortality and cause-
specific mortality datasets of the NHANES study cohort. Data are
mean (SD), median (IQR), or n/N (%). The sample size flow chart is
shown in Supplementary Figure ??.
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Original Weights
Re-estimated

Weights
on UKB

Re-estimated
Weights

on NHANES
Units S K Q S K Q S K Q

Albumin g/dL 0.3372 -0.0058 4.4377 1.6472 -0.0023 3.9805 0.3451 -0.0029 4.3950

Alkaline
phosphatase

u/L 28.9126 0.4822 58.8800 32.8179 0.4851 50.2275 25.5826 0.1028 66.6535

Creatinine
(serum)

mg/dL 0.2065 0.0029 0.9299 0.2905 0.0018 0.6620 0.4334 0.0044 0.6785

C-reactive
protein

mg/dL 0.6015 0.0058 0.1414 0.4237 0.0029 0.0674 0.7537 0.0032 0.2817

Hba1c % 0.9468 0.0197 4.4880 1.0613 0.0142 4.3985 0.9517 0.0167 4.8515

Systolic BP mmHg 14.6464 0.6784 90.9866 18.5730 0.7875 94.7321 16.7040 0.5040 100.1305

Total
cholesterol

mg/dL 39.9367 0.9721 163.2156 77.4899 0.3057 185.2020 40.3106 0.3803 177.0529

↵ 31.63 259.123 337.4045

Supplementary Table A.5.3: Parameters for deriving BioAge: original weights from Kuo, Pilling,
Liu, Atkins, and Levine [145] and re-estimated weights on UK
Biobank and NHANES datasets. More details are in Supplementary
Methods ??.

Units Original Weights
Re-estimated

Weights
on UKB

Re-estimated
Weights

on NHANES

b1

Albumin g/L -0.0336 -0.0137 -0.0291
Creatinine umol/L 0.0095 0.0032 0.0018
Glucose, serum mmol/L 0.1953 0.0943 0.0461
C-reactive protein (log) mg/dL 0.0954 0.1740 0.0427
Lymphocyte percent % -0.0120 -0.0282 -0.0153
Mean cell volumn fL 0.0268 -0.0027 0.0332
Red cell distribution width % 0.3306 0.0844 0.1766
Alkaline phosphatase U/L 0.0019 0.0033 0.0034
White blood cell count 1000 cells/uL 0.0554 0.0189 0.0226
Age years 0.0804 0.0946 0.0777

b0 -19.9070 -14.7996 -19.9067

� 0.0077 0.0141 0.0077

↵ 141.50 130.9765 139.7259

� -0.0055 -0.0137 -0.0062

✓ 0.0917 0.1028 0.0846

Supplementary Table A.5.4: Parameters for deriving PhenoAge: original weights from Levine, Lu,
Quach, Chen, Assimes, Bandinelli, Hou, Baccarelli, Stewart, Li, et al.
[153] and re-estimated weights on UKB and NHANES datasets. More
details are in Supplementary Methods ??.
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Panel ENABL Age-L
UK Biobank NHANES

Complete
blood
count
(CBC)

Hematocrit Hematocrit
Hemoglobin Hemoglobin
Red cell distribution width Red cell distribution width
Mean corpuscular volume Mean corpuscular volume
Red blood cell count Red blood cell count
Platelet count Platelet count
Mean platelet volume Mean platelet volume
Mean corpuscular hemoglobin Mean corpuscular hemoglobin
Mean corpuscular hemoglobin concentration Mean corpuscular hemoglobin concentration
Total white blood cell count Total white blood cell count

Comprehensive
metabolic
panel
(CMP)

Blood urea nitrogen Sodium
Creatinine Potassium
Glucose Chloride
Calcium Bicarbonate
Albumin Blood urea nitrogen
Total protein Creatinine
Alkaline phosphatase (ALP) Glucose
Alanine aminotransferase (ALT) Calcium
Aspartate aminotransferase (AST) Albumin
Bilirubin Total protein

Alkaline phosphatase (ALP)
Alanine aminotransferase (ALT)
Aspartate aminotransferase (AST)
Bilirubin

Lipid
panel
(LP)

Total cholesterol level Total cholesterol level
Triglyceride level Triglyceride level
High-density lipoprotein (HDL) High-density lipoprotein (HDL)
Low-density lipoprotein (LDL) Low-density lipoprotein (LDL)

White Blood
Cell Count
(WBC)

Neutrophill count Neutrophill count
Neutrophill percentage Neutrophill percentage
Lymphocyte count Lymphocyte count
Lymphocyte percentage Lymphocyte percentage
Monocyte count Monocyte count
Monocyte percentage Monocyte percentage
Eosinophill count Eosinophill count
Eosinophill percentage Eosinophill percentage
Basophill count Basophill count
Basophill percentage Basophill percentage

Supplementary Table A.5.5: The features included in the ENABL Age-L of UK Biobank and
NHANES datasets.
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Importance
Ranking

ENABL Age-Q
UK Biobank NHANES

1 Age Age
2 Sex Systolic blood pressure
3 Long-standing illness, disability or infirmity Arm Circumference
4 Waist circumference Ratio of family income to poverty
5 Pack years of smoking General health condition
6 Pulse rate Number of months working in the main job
7 Overall health rating Sex
8 Age at cancer diagnosis (last) Education Level - Adults 20+
9 Past tobacco smoking Require special healthcare equipment

10 Number of treatments/medications taken Self-reported greatest weight

11 Systolic blood pressure Avg # alcoholic drinks/day
- past 12 months

12 Job involves heavy manual or physical work Smoked at least 100 cigarettes in life
13 Cancer diagnosed by doctor Shortness of breath on stairs/inclines
14 Mother still alive Marital Status - Widowed
15 Average total household income before tax Number of rooms in home

16 Serious illness, injury or assault
to yourself in last 2 years

Diastolic blood pressure

17 Hip circumference Self-reported weight-age 25

18 Taking other prescription medications Duration of longest job
19 Usual walking pace Race - Non-Hispanic White
20 Number of vehicles in household Not a citizen of the US

Supplementary Table A.5.6: Selected top 20 questionnaire features of the UK Biobank and
NHANES datasets.
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Importance
Ranking

ENABL Age-20
UK Biobank NHANES

1 Age Age
2 Sex Blood lead
3 Cystatin C Red cell distribution width
4 Long-standing illness, disability or infirmity General health condition
5 Past tobacco smoking Albumin, urine
6 Age at cancer diagnosis (last) Ratio of family income to poverty
7 Red blood cell distribution width Arm Circumference
8 Lymphocyte percentage Blood cadmium
9 Creatinine Albumin, serum
10 Alanine aminotransferase Require special healthcare equipment
11 Pack years of smoking Number of months working in the main job
12 Sex hormone binding globulin Creatinine, serum
13 Overall health rating Education Level - Adults 20+
14 Peak expiratory flow (PEF) Mean cell volume
15 Average total household income before tax Race - Non-Hispanic White
16 Cancer diagnosed by doctor Shortness of breath on stairs/inclines
17 Pulse rate Lymphocyte percent
18 Waist circumference MIL: maximum inflation levels
19 Apolipoprotein A Cotinine, serum
20 Gamma glutamyltransferase Sex

Supplementary Table A.5.7: Selected top 20 features of the UK Biobank and NHANES datasets.
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5-year Mortality Prediction

AUROC

P-value

(Compare with

Re-estimated

BioAgeAccel

Model)

P-value

(Compare with

Re-estimated

PhenoAgeAccel

Model)

�AUROC

with Chronological

Age Model

Chronological Age 0.6965 - - -

BioAgeAccel 0.7032 - - 0.0067

Re-estimated BioAgeAccel 0.7077 - - 0.0113

ENABL AgeAccel (BioAge Features) 0.7510 0 - 0.0545

PhenoAgeAccel 0.7493 - - 0.0528

Re-estimated PhenoAgeAccel 0.7460 - - 0.0495

ENABL AgeAccel (PheonAge Features) 0.7678 - 0 0.0713

ENABL Age-L Accel 0.7684 0 0 0.0720

ENABL Age-Q Accel 0.7968 0 0 0.1003

ENABL Age-20 Accel 0.8053 0 0 0.1089

ENABL AgeAccel (All Features)) 0.8179 0 0 0.1214

10-year Mortality Prediction

AUROC

P-value

(Compare with

Re-estimated

BioAgeAccel

Model)

P-value

(Compare with

Re-estimated

PhenoAgeAccel

Model)

�AUROC

with Chronological

Age Model

Chronological Age 0.7163 - - -

BioAgeAccel 0.7196 - - 0.0033

Re-estimated BioAgeAccel 0.7230 - - 0.0067

ENABL AgeAccel (BioAge Features) 0.7549 0 - 0.0386

PhenoAgeAccel 0.7547 - - 0.0384

Re-estimated PhenoAgeAccel 0.7478 - - 0.0314

ENABL AgeAccel (PheonAge Features) 0.7683 - 0 0.0519

ENABL Age-L Accel 0.7737 0 0 0.0574

ENABL Age-Q Accel 0.7917 0 0 0.0754

ENABL Age-20 Accel 0.7991 0 0 0.0828

ENABL AgeAccel (All Features)) 0.8115 0 0 0.0952

Supplementary Table A.5.8: Mortality prediction performance using ENABL Ages, BioAge, and
PhenoAge on the UK Biobank test set. The “AUROC” column
presents the AUROCs of the mortality prediction GBT models
for ENABL AgeAccels, PhenoAgeAccel, and BioAgeAccel, adjusted
for chronological age and sex. P-values are employed to evaluate
the performance improvement of ENABL Ages over “Re-estimated
BioAgeAccel” and “Re-estimated PhenoAgeAccel.” The “�AUROC
with Chronological Age Model” is calculated as the AUROC of the
model using chronological age, sex, and biological ages minus the
AUROC of the model using chronological age and sex alone.
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5-year Mortality Prediction

AUROC

P-value

(Compare with

Re-estimated

BioAgeAccel

Model)

P-value

(Compare with

Re-estimated

PhenoAgeAccel

Model)

�AUROC

with Chronological

Age Model

Chronological Age 0.7093 - - -

BioAgeAccel 0.7014 - - -0.0078

Re-estimated BioAgeAccel 0.7177 - - 0.0084

ENABL AgeAccel (BioAge Features) 0.7726 0 - 0.0633

PhenoAgeAccel 0.7646 - - 0.0553

Re-estimated PhenoAgeAccel 0.7637 - - 0.0545

ENABL AgeAccel (PheonAge Features) 0.7830 - 0 0.0738

ENABL Age-L Accel 0.7899 0 0 0.0806

ENABL Age-Q Accel 0.8213 0 0 0.1121

ENABL Age-20 Accel 0.8274 0 0 0.1181

ENABL AgeAccel (All Features)) 0.8387 0 0 0.1294

10-year Mortality Prediction

AUROC

P-value

(Compare with

Re-estimated

BioAgeAccel

Model)

P-value

(Compare with

Re-estimated

PhenoAgeAccel

Model)

�AUROC

with Chronological

Age Model

Chronological Age 0.7211 - - -

BioAgeAccel 0.7151 - - -0.0060

Re-estimated BioAgeAccel 0.7290 - - 0.0079

ENABL AgeAccel (BioAge Features) 0.7672 0 - 0.0461

PhenoAgeAccel 0.7682 - - 0.0471

Re-estimated PhenoAgeAccel 0.7603 - - 0.0392

ENABL AgeAccel (PheonAge Features) 0.7833 - 0 0.0622

ENABL Age-L Accel 0.7860 0 0 0.0649

ENABL Age-Q Accel 0.8066 0 0 0.0855

ENABL Age-20 Accel 0.8133 0 0 0.0922

ENABL AgeAccel (All Features)) 0.8227 0 0 0.1017

Supplementary Table A.5.9: Mortality prediction performance using ENABL Ages, BioAge, and
PhenoAge on the UK Biobank geographical validation set. The “AU-
ROC” column presents the AUROCs of the mortality prediction GBT
models for ENABL AgeAccels, PhenoAgeAccel, and BioAgeAccel, ad-
justed for chronological age and sex. P-values are employed to evalu-
ate the performance improvement of ENABL Ages over “Re-estimated
BioAgeAccel” and “Re-estimated PhenoAgeAccel.” The “�AUROC
with Chronological Age Model” is calculated as the AUROC of the
model using chronological age, sex, and biological ages minus the
AUROC of the model using chronological age and sex alone.
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5-year Mortality Prediction

AUROC

P-value

(Compare with

Re-estimated

BioAgeAccel

Model)

P-value

(Compare with

Re-estimated

PhenoAgeAccel

Model)

� AUROC

with Chronological

Age Model

Chronological Age 0.8392 - - -

BioAgeAccel 0.8443 - - 0.0051

Re-estimated BioAgeAccel 0.8429 - - 0.0037

ENABL AgeAccel (BioAge Features) 0.8543 0.0080 - 0.0151

PhenoAgeAccel 0.8626 - - 0.0234

Re-estimated PhenoAgeAccel 0.8669 - - 0.0277

ENABL AgeAccel (PheonAge Features) 0.8765 - 0 0.0373

ENABL Age-L Accel 0.8721 0 0.082 0.0329

ENABL Age-Q Accel 0.8794 0 0.0010 0.0402

ENABL Age-20 Accel 0.8868 0 0 0.0476

ENABL AgeAccel (All Features)) 0.8935 0 0 0.0543

10-year Mortality Prediction

AUROC

P-value

(Compare with

Re-estimated

BioAgeAccel

Model)

P-value

(Compare with

Re-estimated

PhenoAgeAccel

Model)

� AUROC

with Chronological

Age Model

Chronological Age 0.8741 - - -

BioAgeAccel 0.8741 - - 0.0029

Re-estimated BioAgeAccel 0.8745 - - 0.0033

ENABL AgeAccel (BioAge Features) 0.8813 0.0030 - 0.0101

PhenoAgeAccel 0.8896 - - 0.0185

Re-estimated PhenoAgeAccel 0.8887 - - 0.0176

ENABL AgeAccel (PheonAge Features) 0.8952 - 0 0.0240

ENABL Age-L Accel 0.8897 0 0.333 0.0185

ENABL Age-Q Accel 0.9008 0 0 0.0296

ENABL Age-20 Accel 0.9043 0 0 0.0331

ENABL AgeAccel (All Features)) 0.9107 0 0 0.0395

Supplementary Table A.5.10: Mortality prediction performance using ENABL Ages, BioAge, and
PhenoAge on the NHANES test set. The “AUROC” column presents
the AUROCs of the mortality prediction GBT models for ENABL
AgeAccels, PhenoAgeAccel, and BioAgeAccel, adjusted for chrono-
logical age and sex. P-values are employed to evaluate the perfor-
mance improvement of ENABL Ages over “Re-estimated BioAgeAc-
cel” and “Re-estimated PhenoAgeAccel.” The “�AUROC with
Chronological Age Model” is calculated as the AUROC of the model
using chronological age, sex, and biological ages minus the AUROC
of the model using chronological age and sex alone.
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Intercept of LD Score regression SE
All-cause mortality ENABL AgeAccel 1.062 0.008

Neoplasm-cause mortality ENABL AgeAccel 1.050 0.007

Circulatory disease-cause mortality ENABL AgeAccel 1.088 0.009

Respiratory disease-cause mortality ENABL AgeAccel 1.081 0.009

Digestive disease-cause mortality ENABL AgeAccel 1.074 0.008

Other causes mortality ENABL AgeAccel 1.047 0.007

Supplementary Table A.5.11: The LD score regression intercepts and their standard errors of the
GWAS on ENBAL AgeAccels.
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SNP Chr bJ pJ Gene Reported trait(s) Other aging trait(s)

All-cause mortality ENABL AgeAccel
rs71658797 1 0.18 1.29E-16 AK5 BMI, Estimated glomerular filtration rate, Lung cancer

rs362307 4 0.18 3.63E-11 HTT Type 2 diabetes, Mean platelet volume, Waist-hip ratio, Neu-
trophil count

Parental longevity,
Multivariate aging

rs1229984 4 0.34 3.86E-13 ADH1B Alcohol consumption, Protein quantitative trait loci (liver),
Esophageal cancer, BMI

rs809955 4 -
0.10

5.41E-12 MAML3 BMI, Smoking initiation, Type 2 diabetes, C-reactive protein
levels

rs3184504 12 -
0.08

6.59E-09 SH2B3 Platelet count, Blood pressure, Hemoglobin, Monocyte count,
Colorectal cancer, Cystatin C levels, Coronary artery disease

Longevity,
Parental longevity

rs9788721 15 -
0.13

1.15E-19 HYKK Post bronchodilator FEV1/FVC ratio, Lung cancer, Smoking
behaviour, COPD

Parental longevity,
Multivariate aging

rs7206629 16 0.09 6.90E-10 FTO BMI, Type 2 diabetes, Obesity, Breast cancer, High density
lipoprotein cholesterol levels

PhenoAgeAccel,
Longevity

rs34003767 17 -
0.09

4.40E-09 MED24 Asthma and cardiovascular disease, White blood cell count GrimAgeAccel

rs159428 20 0.10 2.60E-12 NOL4L Monocyte count, Smoking status, Red cell distribution width,
Mean corpuscular hemoglobin Multivariate aging

rs4809542 20 0.19 1.12E-11 CHRNA4 Smoking behaviour, COPD, Aerodigestive squamous cell can-
cer Parental longevity

Neoplasm-cause mortality ENABL AgeAccel
rs71658797 1 0.17 7.33E-15 AK5 BMI, Estimated glomerular filtration rate, Lung cancer
rs10885 6 0.16 5.30E-17 PRRC2A BMI, Body fat percentage, Smoking status, Cervical cancer

rs3025316 9 0.17 2.45E-13 FAM163B Smoking cessation, Serum alkaline phosphatase levels, White
blood cell count

rs2981575 10 -
0.09

2.00E-10 FGFR2 Breast cancer, Cancer, Gamma glutamyl transpeptidase

rs61637848 14 0.1 5.05E-10 KLC1 BMI, Urate levels, Neuropsychiatric disorders, Smoking be-
haviour, Breast cancer

rs9788721 15 -
0.15

4.67E-23 HYKK Post bronchodilator FEV1/FVC ratio, Lung cancer, Smoking
behaviour, COPD, Parental longevity

Parental longevity,
Multivariate aging

rs11638216 15 -
0.11

2.34E-13 SEMA6D BMI, Alcohol consumption, Smoking status, Lung cancer Parental longevity

rs429358 19 -
0.15

1.64E-14 APOE Blood protein levels, Triglycerides, Total cholesterol levels,
Alzheimer’s disease

PhenoAgeAccel,
BioAgeAccel,
Longevity,
Parental longevity,
Multivariate aging

rs6141319 20 0.12 3.20E-15 NOL4L Monocyte count, Smoking status, Red cell distribution width,
Non-melanoma skin cancer Multivariate aging

rs4809542 20 0.20 5.19E-12 CHRNA4 Smoking behaviour, COPD, Aerodigestive squamous cell can-
cer Parental longevity

Circulatory disease-cause ENABL AgeAccel

rs55683935 3 -
0.31

9.96E-14 RPN1 Monocyte count, Eosinophil counts, Basophil count, Neu-
trophil count HorvathAgeAccel

rs362307 4 0.28 2.12E-19 HTT Mean platelet volume, Waist-hip ratio, Neutrophil count Parental longevity,
Multivariate aging

rs118039278 6 0.78 1.46E-
150

LPA Lipoprotein levels, Coronary artery disease, Peripheral artery
disease, Unstable angina pectoris, Myocardial infarction

Longevity,
Parental longevity,
Multivariate aging

rs147555597 6 0.90 6.10E-27 LPAL2 Lipoprotein levels, Triglyceride levels in VLDL, Coronary
artery disease Parental longevity

rs2744961 6 0.14 5.16E-16 ILRUN BMI, HDL cholesterol levels, Coronary artery disease, Myocar-
dial infarction

rs550057 9 0.12 5.31E-11 ABO Blood protein levels, Cholesterol, Venous thromboembolism,
Coronary artery disease, Hemoglobin concentration PhenoAgeAccel

rs10774625 12 -
0.14

3.67E-19 ATXN2 Diastolic blood pressure, Platelet count, LDL cholesterol lev-
els, Hemoglobin concentration, Coronary artery disease

Parental longevity,
Multivariate aging

rs9923147 16 0.20 9.02E-33 FTO BMI, Type 2 diabetes, Obesity, High density lipoprotein
cholesterol levels, C-reactive protein

PhenoAgeAccel,
Longevity

rs7189927 16 -
0.15

5.34E-18 ATP2A1 BMI, Hip circumference, Type 2 diabetes, Mean corpuscular
volume

rs7412 19 -
0.29

2.60E-22 APOE Blood protein levels, Triglycerides, Total cholesterol levels,
Alzheimer’s disease

PhenoAgeAccel,
BioAgeAccel,
Longevity,
Parental longevity,
Multivariate aging

Supplementary Table A.5.12: Selected genetic loci that are significantly associated with ENABL
AgeAccel for all-cause mortality, neoplasm-cause mortality, and cir-
culatory disease-cause mortality. The loci are mapped to interesting
genes associated with health-related traits.
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D E E P P R O F I L I N G O F G E N E E X P R E S S I O N A C R O S S 1 8 H U M A N
C A N C E R S

6.1 introduction

Gene expression profiles are the reflections of a complex network of underlying cellular
and molecular processes. Unsupervised learning is a key step toward extracting mean-
ingful biological information from expression profiles and reducing the dimensionality of
the data for downstream tasks, such as prediction of phenotypes. Unsupervised learning
projects high-dimensional input variables into a latent space consisting of a smaller set
of latent variables, or factors, capable of explaining the variation in the original input
space. Learned latent variables represent sources of genome-wide expression variation
across samples, for example large-scale transcriptional programs that define intrinsic dis-
ease subtypes or reflect extrinsic stimuli such as hypoxia or treatment pressure. Each
individual cancer has different characteristics and response to therapy, even cancers of
the same type. Therefore, discovering and understanding biologically meaningful sources
of expression variation is of considerable interest from a research and clinical perspective.

One key limitation of commonly used latent space learning approaches for expression
data, such as principal component analysis (PCA), is that they can only extract latent vari-
ables that have linear relationships with gene expression levels, while gene interactions
can be more complex. The artificial intelligence (AI) field has achieved notable success in
unsupervised learning by using deep neural networks that can capture highly complex
relationships between variables. It has been shown that the latent variables extracted by
unsupervised deep learning approaches from image data represent high-level features
that are intuitively important for the entire image in the training set, for example: skin
color, age, and gender from face images [112], lighting and room geometry from scene im-
ages [102], and rotation and size of an object from 3D images[111]. These informative and
complex image features cannot be captured by models limited to learning linear feature
interactions [27].

The success of unsupervised deep learning in computer vision has motivated several
recent applications of deep unsupervised learning methods to gene expression profiles.
Prior approaches have used generative modeling to learn the latent factors underlying
single cell sequencing data, separating technical artifacts from biological factors [168]. Fur-
thermore, previous studies have conducted pan-cancer analyses with various approaches
ranging from co-expression networks, to differential expression analysis, to deep unsu-
pervised learning approaches [43, 47, 114, 139, 157, 242, 304, 307, 308, 326]. For example,

130
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Kim, Kim, Choe, Lee, and Kang [139] introduced a deep learning architecture to enable
transfer learning of unsupervised deep models to improve survival prediction and ap-
plied it to The Cancer Genome Atlas (TCGA) data. Way and Greene [307] pioneered the
application of unsupervised deep learning to capture biologically relevant features from
TCGA expression data.

However, three challenges still impede the successful application of deep unsupervised
learning approaches to cancer expression data. First, deep learning has a high risk of
overfitting when not provided with large sample numbers. Second, the non-deterministic
nature of the learning process impairs the robustness of the learned latent spaces. Each
run of neural network training, even using the same architecture, results in different mod-
els with different parameters, which makes it difficult to capture consistent signals [278].
Model consistency is of paramount importance in biology, where interpretation of the
learned model is more important than obtaining high predictive accuracy. Third, neural
networks with multiple hidden layers are “black boxes” by nature: since it is not clear
how the model uses gene expression inputs to generate a latent variable, biological inter-
pretation of latent variables is problematic.

In addressing the inherent non-determinism in training deep learning models, par-
ticularly for biological data analysis, model ensembles emerge as a potent solution. By
aggregating outputs from multiple model runs, ensembles enhance the consistency and
stability of predictions, crucial for biological applications [23, 42, 202]. Whereas prior tech-
niques have suggested the use of model ensembles in unsupervised learning [278, 309],
these methods have so far been limited to “shallow” models with a single hidden layer.
Moreover, the application of Explainable AI (XAI) in life sciences [138, 232, 256], although
widespread, often grapples with complex, multidimensional data. In this context, model
ensembles offer a substantial advantage, improving the quality and reliability of feature
attribution [121], thereby aligning with the growing emphasis on transparency and com-
prehension in AI models used for biological data analysis.

To resolve these challenges, we developed DeepProfile, a framework that enables a
unique pan-cancer analysis by learning statistically robust and interpretable latent spaces
from gene expression data (Figure ??). To robustly train the neural networks, we incor-
porated expression datasets comprising 18 human cancers from 50,211 transcriptomes in
the public gene expression data repository Gene Expression Omnibus (GEO) [73]. To ad-
dress the non-deterministic nature of the deep learning process and capture robust latent
spaces, we devised a unique ensemble approach to integrate the results of hundreds of
deep unsupervised models generated from different random starting points and latent
space sizes. While previous approaches have proposed using ensembles of models [278,
309], these methods have so far been limited to “shallow” unsupervised models with a
single hidden layer. By incorporating state-of-the-art feature attribution methods that can
provide gene importance values for each latent variable, DeepProfile is able to create en-
sembles of “deep” unsupervised models with multiple hidden layers. Finally, DeepProfile
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Figure 6.1: DeepProfile pan-cancer framework. Data Collector: We downloaded gene-expression
datasets for 18 cancer types from the common microarray platforms, preprocessing
and concatenating them into cancer-specific expression matrices. In total, we have over
50,000 samples from over 1,000 GEO datasets. Deep Learner: We passed the expression
matrices to Deep Learner models to learn cancer-specific latent spaces. Deep Learner
is an ensemble of VAEs that encodes the high-dimensional expression signals to a
biologically informative ‘latent space’. We then mapped the training samples to the
learned latent spaces and defined cancer sample ‘embeddings’, where each DeepPro-
file latent variable encodes a certain source of variance across cancer samples. Inter-
preter: We passed the learned embeddings to Interpreter models to extract ‘gene-level
and pathway-level attributions’ for each latent variable. Gene-level attributions denote
how much each gene contributes to a latent variable. Similarly, pathway-level attribu-
tions denote the pathways significantly associated with the most important genes of
each latent variable. Pan-Cancer Analyser: Using the cancer-specific embeddings and
attributions; we carried out a detailed pan-cancer analysis including (1) analysing the
latent spaces of 18 cancers to discover cancer-common and specific patterns, (2) dif-
ferentiating cancer-specific patterns from tissue-specifying ones by contrasting cancer
embeddings to normal tissue embeddings and (3) investigating survival and mutation
related signals by integrating DeepProfile embeddings with survival and tumour mu-
tational burden profiles.
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extends previous studies by incorporating an extended set of gene expression profiles
from GEO, The Cancer Genome Atlas (TCGA) [312], and the Genotype-Tissue Expression
(GTEx) database [164], and by integrating different data modalities such as clinical and
mutational features. This rich resource of robust cancer-specific deep embeddings, the
values of the latent variables, and biological characterization of the latent variables en-
ables us to examine cancer transcriptomic signals from a new angle and investigate their
associations to various phenotypes.

Using the DeepProfile framework, we examine genes and pathways that capture ma-
jor variation across all 18 cancer types. We find that universally important genes control
aspects of the inflammatory response by modulating the transcriptional phenotypes of
tumor-infiltrating immune cells. Cancer-type specific genes with large contributions to
the latent spaces of only one particular cancer type, on the other hand, define molecular
disease subtypes and reflect tissue-specific biology. We develop a methodology for linking
DeepProfile embeddings to patient- and tumor-level characteristics and apply the method
to study genes and pathways that - as seen through the lens of DeepProfile’s latent spaces
- correlate with tumor mutation burden and patient survival. We find that tumor muta-
tion burden is significantly associated with the expression of cell cycle-related pathways
across a large majority of cancers, while survival correlates with DNA mismatch repair
and MHC class II antigen presentation pathway activity. Our methodologies to make deep
neural network models biologically interpretable allow for complex, non-linear relation-
ships to be learned while retaining stable models. Thus, DeepProfile’s robustness and
interpretability enables the discovery of unique biological patterns in large gene expres-
sion datasets.

6.2 results

6.2.1 DeepProfile learns robust latent spaces for 18 cancer types

Because highly expressive models such as deep neural networks tend to overfit when the
sample size is small, we obtained all available expression datasets from the most common
microarray platforms for 18 human cancers from GEO [73] (Figure ??; Supplemental File
1) (see Methods), resulting in 50,211 samples from 1,098 datasets. DeepProfile projects the
expression data into lower-dimensional latent space represented by a set of latent vari-
ables using an ensemble approach for the variational autoencoder (VAE) [141] (Extended
Data Figure ??). The VAE is a special type of deep neural network that compresses high-
dimensional data (here, tens of thousands of genes) into low-dimensional embeddings
with minimal information loss. More specifically, two neural networks - (i) the encoder
that models the relationship between input variables and latent variables in the latent
space and (ii) the decoder that models the relationship between the latent variables and
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the reconstructed input variables - are trained such that the reconstructed input data are
close to the input gene expression data (see Methods).

VAE is a unique model that can discover non-linear relations among genes to reflect the
true nature of gene interactions. However, applying the model to expression data is not
straightforward. Neural networks inherently suffer from learned model variability across
different random initializations due to their intrinsic non-convex nature. This means that
a conventional learning algorithm for VAE can result in a model that is different in ev-
ery trial, an outcome that hinders the inference of robust biological signals. To improve
robustness, we developed an ensemble of VAEs to combine the learned models from
different random runs and latent dimension sizes (Extended Data Figure ??) (see Meth-
ods). This approach integrates signals from hundreds of different latent spaces into one
information-rich space. After learning these cancer-specific latent spaces, DeepProfile’s
‘interpreter’ biologically characterizes each latent variable by mapping it to genes and
pathways (Figure ??). This process is based on the principled ‘feature attribution’ method,
namely integrated gradients [272], to quantify how much each latent variable’s value is
attributed to input variables (Figure ?? and Extended Data Figure ??). In particular, for
each latent variable, DeepProfile produces a list of gene attribution scores, which indicate
the relevance of each gene to that latent variable and uses the top-listed genes for pathway
enrichment tests, which provide pathway-level attribution scores (see Methods).

The input gene expression datasets, their lower-dimensional embeddings, gene-level
and pathway-level relevance, and the results of our pan-cancer analysis are publicly avail-
able at: https://github.com/suinleelab/deepprofile-study (code), and https://doi.

org/10.6084/m9.figshare.25414765.v2 (data).
The trained DeepProfile model explains the relevant factors of gene expression variation

in each sample by encoding high-dimensional measurements of thousands of gene expres-
sion levels into 150 latent variables. The number of latent variables was determined using
an algorithm that iteratively decides whether to add an additional latent variable using a
statistical test of Gaussianity (see Methods). DeepProfile can be applied to any new cancer
gene expression dataset to reduce its dimensionality (Extended Data Figure ??; Methods).
To demonstrate the consistency with independent RNA-Seq data, we used RNA-seq data
from TCGA [312] containing 9,079 samples across 18 cancers which were not used for
training DeepProfile (Extended Data Figure ??) (see Methods). Our result also highlights
that DeepProfile can be successfully applied to RNA-Seq expression profiles despite be-
ing trained on microarray data. This is further supported by the high correlation between
DeepProfile embeddings generated from microarray and RNA-seq data (Extended Data
Figure ??).

https://github.com/suinleelab/deepprofile-study
https://doi.org/10.6084/m9.figshare.25414765.v2
https://doi.org/10.6084/m9.figshare.25414765.v2
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Figure 6.2: Comparisons of pathway enrichment from DeepProfile with other dimensionality-
reduction methods. a, The average number of pathways significantly captured (FDR-
corrected P < 0.05) by latent variables of latent embeddings of DeepProfile and other
dimensionality-reduction methods are shown for KEGG, BioCarta and Reactome path-
ways (top), and Oncogenic Signatures gene sets (bottom). Each latent variable of each
embedding is associated with each pathway with a P value and we count the number of
pathways significantly captured by each latent variable. We then average these pathway
counts over all latent variables to define the average number of pathways significantly
captured by a method. b, Distribution plots of number of KEGG, BioCarta and Reac-
tome pathways significantly captured (FDR-corrected P < 0.05) by each latent variable
shown for 3 cancer types. c, Comparison of the percent of latent variables annotated by
at least one pathway above the significance threshold. The percent of annotated latent
variables are shown for multiple significance thresholds for DeepProfile and alternative
dimensionality-reduction methods.
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6.2.2 DeepProfile can learn biologically interpretable latent variables enriched for a wide set of
pathways

It is desirable for latent variables to be biologically interpretable. DeepProfile provides
gene attribution scores for each latent variable, thereby enabling a standard enrichment
test to assess the overlap’s statistical significance using the Fisher’s exact test between the
top-scoring genes and predefined gene sets, available through curated pathway databases
such as KEGG, BioCarta, and Reactome. Pathway annotation dramatically facilitates the
interpretation of a latent variable’s biological meaning; ideally, latent variables will cap-
ture many known pathways. We compared the average number of pathways captured by
DeepProfile’s latent variables to results from other dimensionality reduction methods (see
Methods). DeepProfile latent variables captured more pathways than alternative methods
(106 test cases out of 108, proportions z-test P = 1.62⇥ 10-301) (Figure ??a top). Further,
when we focused on oncogenic pathways (as defined by MSigDb) specifically, DeepProfile
outperformed the other methods in terms of total gene sets captured (102 tests cases out
of 108, proportions z-test P = 2.03⇥ 10-90) (Figure ??a bottom). This means DeepProfile
not only captures more pathways but also identifies the pathways relevant to cancer.

A latent variable not associated with any known pathway is difficult to characterize
biologically, thus decreasing overall interpretability. We found that DeepProfile produces
fewer such pathways than other methods (Figure ??b and Extended Data Figure ??) (see
Methods). Further, we show that, for varying p-value thresholds, a higher percentage of
DeepProfile latent variables are biologically annotated compared to other methods (Fig-
ure ??c and Extended Data Figure ??) (see Methods). To validate DeepProfile’s discrimi-
natory power against random patterns, we explored its performance on Gaussian noise
datasets, simulating conditions devoid of actual biological signals. The results highlight
the model’s precision in differentiating genuine biological signals from noise. These re-
sults demonstrate that DeepProfile’s unique deep learning ensemble approach improves
latent variables’ biological interpretability. Using the robustly identified latent space and
embeddings and the gene-level and pathway-level interpretation of each latent variable,
we next proceeded to perform in-depth analyses of the biology revealed by DeepProfile.

6.2.3 Universally important genes modulate inflammatory pathways

We began by investigating genes with universally large gene attribution scores to DeepPro-
file latent variables across all cancer types (see Methods). These genes represent dominant
gene expression programs that consistently explain considerable portions of the transcrip-
tional variance across many different cancers. We found that universal genes with high
average gene attribution scores were primarily involved in immune response regulation
and antigen presentation (35 out of the top universal 100 genes, P = 9.4⇥ 10-6) (Figs.
3a-c). Given that solid tumors (which constitute most of our data) can be infiltrated by
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Figure 6.3: DeepProfile cancer-commonality analysis. a, List of top highest-scoring genes across
18 cancer types for DeepProfile. The percentile scores of the top- scoring genes are
shown for all cancers and the average percentile scores across 18 cancers are high-
lighted. We calculated the average importance of a gene for DeepProfile embedding
by calculating the average gene importance scores across all latent variables of the em-
bedding, converting the average importance scores to percentile scores and averaging
these percentile scores across all 18 cancers. The plot is zoomed in for clear comparison.
b, The top enriched pathways (KEGG, BioCarta, Reactome) for the top 100 universally
important DeepProfile genes and the corresponding FDR-corrected P values. c, Net-
work of top 100 genes with universal importance. The network was generated with
StringDB and disconnected latent variables are excluded. The size of a latent variable
was determined by hubness, that is, the number of edges. Genes that are included in
immune response-related pathways are coloured blue. d, The enrichment P values for
cell surface and cytokine receptors for DeepProfile and PCA top 100 universally impor-
tant genes.
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immune cells to varying degrees, we hypothesized that universal genes may reflect the
gene expression signatures of various admixing immune cell types. To test this hypothe-
sis, we assessed the overlap between four signatures of major immune cell types (T cells,
B cells, neutrophils, and macrophages; see Methods) [30] and genes with top DeepProfile
attribution scores (see Methods). We found that there was a small overlap between top
DeepProfile genes and the macrophage signature (2 out of the top universal 100 genes,
P = 2.5⇥ 10-2), but not any of the other immune cell type signatures. To enhance our
analysis, we utilized pre-computed immune cell fractions from the TCGA data [284]. We
calculated Pearson’s correlations between gene expression levels and the proportions of
various immune cell types, identifying the top 100 genes most correlated with each cell
type. Subsequent Fisher’s exact tests showed minimal or no significant overlap between
these correlation-based top genes and the top 100 DeepProfile genes (Methods), suggest-
ing that the gene sets driving immune infiltration are distinct from those identified by
DeepProfile’s signatures.

Next, we hypothesized that DeepProfile prioritized genes whose expression was associ-
ated with recurrent transcriptional phenotypes in tumor-infiltrating immune cells, such as
signatures linked with immune cell activation or suppression. To illustrate this concept,
consider the gene with the highest average attribution, the alpha subunit of the inter-
leukin 10 receptor (IL10RA). IL10RA scored among the top 1% of genes in 14 out of 18
cancers (78% of cancer types) and top 10% in all 18 cancer types, indicating that DeepPro-
file consistently ascribed high explanatory power to this gene, regardless of tissue context
(??a). Upon encountering an inflammatory stimulus, a variety of immune cells upregulate
IL10RA, which mediates the activation of a compensatory anti-inflammatory gene expres-
sion program; IL10RA has consequently been described as a “master switch” regulating
the balance between pro- and anti-tumor inflammation [206]. Therefore, transcript levels
of IL10RA do not only reflect the presence or absence of IL10RA-expressing immune cells,
they also predict several thousand genes regulated by IL10RA [130], potentially explaining
the large role this gene plays in DeepProfile’s latent spaces.

To test the hypothesis that universally high-scoring DeepProfile genes were enriched
for transcripts that, like IL10RA, modulate immune cells’ transcriptional phenotypes, we
quantified cell surface receptors among genes with top attribution scores. We reasoned
that cell surface receptors are enriched for proteins that relay extra-cellular signals and
thus have the potential to regulate immune cells’ transcriptional phenotypes. We collected
gene sets containing cell surface proteins and receptors from the Cell Surface Protein At-
las (CSPA) [22], the UniProt database [61], and the Gene Ontology database (GO) [60].
We found highly significant overlap between these gene sets and genes with top average
DeepProfile attribution scores across all cancers (15, 32, and 12 out of the top universal 100
genes, respectively; p-values: 1.5⇥ 10-5, 7.0⇥ 10-10, 1.0⇥ 10-5) (Figure ??d) (see Meth-
ods). Importantly, PCA did not recover these cell surface proteins and receptors (Figure
??d) (see Methods), indicating that DeepProfile’s ability to identify non-linear relation-
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ships is essential in capturing this source of variance, and that the functional relationship
between receptor expression and gene expression modulation may itself have non-linear
form.

In addition to IL10RA, DeepProfile’s top attributions contained many lesser known but
potentially important genes that are consistently involved in the latent spaces of most
cancer types. These included CD53, an immune-cell specific tetraspanin [72]; EVI2A and
EVI2B, genes that control granulocytic differentiation [341]; and TYROBP, an adaptor
protein that in association with various receptors mediates immune cell activation [277]
(Figure ??a). As indicated above, none of these genes appear to signal the presence of a par-
ticular immune cell type in the tumor microenvironment, as they are broadly expressed by
many different cells, but instead may be involved in modulating tumor-resident immune
cells’ transcriptional phenotypes.

6.2.4 Universally important pathways include cell cycle, immune system, and oxidative phospho-
rylation

Next, to investigate pathway-level information captured by DeepProfile, we studied the
relationship between the embeddings and curated pathway gene sets available through
the KEGG, BioCarta, and Reactome databases. We considered a pathway to be signifi-
cantly enriched in a given cancer type if it overlapped with an FDR-corrected P value
below 0.05 with at least one DeepProfile latent variable (see Methods). We then extracted
the pathways captured in the largest number of cancer types, grouped these pathways by
functional category, and sorted the categories by the average number of cancer types in
which they were significantly detected.

As expected, cell cycle-related gene sets were almost universally important, confirm-
ing that differences in proliferative index are a major source of variation across cancer
transcriptomes (Figure ??). This observation is consistent with long-standing clinical ex-
perience - some cancers evidently have higher mitotic rates than others - and the cell cycle
consequently is found to play a role in nearly every morphological or molecular charac-
terization of cancer [93, 155, 175, 249, 318]. Two cancer types had notably less pronounced
contributions from cell cycle-related gene sets: AML, whose latent space mainly captured
pathways related to adaptive immune response, and thyroid cancer, for which the most
important pathways were related to mitochondrial function. The two most common types
of thyroid cancer (papillary and follicular) are exceptionally slow-growing neoplasms,
which may explain this relative lack of contribution by cell cycle-related pathways. In
AML, growth rates are more difficult to assess [34], but it may be that most patients ex-
perience uniformly high growth rates due to the disease’s aggressiveness and its lack of
spatial restraint. In both cases, a lack of variation in proliferative fractions across patients
would explain why DeepProfile did not detect the cell cycle as an important contributor
of variance in these cancers’ transcriptomes.
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Figure 6.4: List of top KEGG, BioCarta and Reactome pathways that are universally important.
The pathways are sorted on the basis of the number of cancer types significantly captur-
ing the pathway. All the scores for all pathways are available in Supplementary Dataset
3. a, Number of cancer types (out of 18) significantly capturing (FDR-corrected P < 0.05)
each pathway. b, –log10(P value of enrichment) averaged over all cancers significantly
capturing the pathway. c, Heat map denoting the significance of enrichment P values
for top pathways and all cancer types. The star annotations correspond to the signif-
icance of enrichment (*P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001). d, Cancer
character scores of pathways. The cancer character score denotes the relevance of each
pathway to normal or cancerous tissue, where a higher score indicates that the pathway
is specifically important for cancerous tissues. The pathways are grouped manually in
terms of their functional relations. The order of the groups is determined by the aver-
age cancer character score of each pathway group.
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Immune-related pathways, as discussed in detail above, were the third-most frequently
captured category (Figure ??) followed by gene sets related to oxidative phosphorylation
(OXPHOS), indicating that individual tumors’ position on the metabolic continuum be-
tween glycolysis and aerobic respiration explains global differences in their gene expres-
sion profiles [128]. Genes related to RNA metabolism and ribosome function also emerged
as relevant across a large number of cancers; enrichment p-values were particularly signif-
icant in this category (Figure ??). Consistent with prior pan-cancer analyses [18, 93, 155,
242], our study reinforces the significance of both immune-related and metabolism-related
pathways across various cancer types, underlining their critical role in cancer biology. The
identification of these well-established pathways initially validates the effectiveness of
our approach, confirming that DeepProfile is capturing key biological processes known
to be pivotal in cancer, and paving the way for uncovering more profound insights in
subsequent sections of our analysis.

6.2.5 DeepProfile latent variables capture both cancer and normal tissue-specific expression sig-
natures

We hypothesized that RNA metabolism/ribosomal gene sets were not necessarily iden-
tified by DeepProfile because they captured variance related to the presence of different
disease subtypes within a tissue of origin, but rather because they contained genes that
are constitutively expressed in a highly correlated manner. To test this hypothesis, we
generated DeepProfile embeddings for normal tissue gene expression profiles from the
GTEx database [164]. By fitting predictor models to differentiate between normal and can-
cer embeddings, we generated a score for each DeepProfile latent variable denoting how
successfully it can separate cancer from normal tissue (see Methods). Using DeepProfile
pathway-level latent variable attributions, we mapped these latent variable-level scores
to pathways to define a cancer-relevance score for each pathway (see Methods). A high
cancer-relevance score indicates that the pathway is specifically important for cancer be-
cause it shows stronger expression variance in cancer than in normal tissues (Figure ?? iv).
We found that in comparison with cell cycle pathways, the ribosomal gene sets’ cancer-
specificity score was indeed lower (average cancer-specificity score of 82.39 for cell cycle
compared to 63.19 for ribosomal pathways; P = 1.6⇥ 10-17, Welch’s t-test), indicating
that these genes also capture significant variance across normal tissue gene expression
profiles. Nonetheless, we note that the degree of biosynthetic activity (as reflected by ribo-
somal protein expression) has recently been shown to be associated with differentiation
state in colorectal cancer [196], raising the intriguing possibility that DeepProfile’s capture
of ribosomal genes reflects variance in differentiation states across tumor samples within
a given tumor type. This may explain why some relatively narrowly defined (and there-
fore more homogeneous) cancer types such as AML did not show significantly enriched
ribosome-related pathways. We further note that the two near-universally important path-
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ways with the highest cancer-relevance scores were related to protein folding (prefoldin)
and focal adhesions (Figure ??). The latter result is consistent with DeepProfile capturing
variation in epithelial-to-mesenchymal transition states that may exist among tumors but
would not be expected to occur in healthy tissues.

6.2.6 Cancer type-specific genes and pathways define molecular disease subtypes

After studying genes and pathways that DeepProfile considered universally relevant, we
aimed to identify genes that only capture variance in specific cancer types. We calculated
a per-gene cancer type specificity score, defined as the difference between the gene per-
centile score for one cancer type and the highest gene percentile score across all other
cancer types. High specificity scores indicate that a gene captures a large amount of vari-
ance in one cancer type but plays a more subordinate role in others (see Methods). We
found that genes with high specificity scores generally defined dominant subtypes or
grades of differentiation within a tissue category (Figure ??a). For example, the top breast-
specific transcripts were prolactin-induced protein (PIP), a gene predominantly expressed
in well-differentiated estrogen receptor-positive tumors [57]; FOXC1, a gene expressed in
basal-like breast cancer [154]; and GFRA1, which is specific to the luminal A subtype [29]
(Figure ??a).

To formally test the hypothesis that DeepProfile captured genes that are differentially
expressed among breast cancer subtypes, we calculated the overlap between breast cancer-
specific genes and PAM50, a gene set that effectively distinguishes between basal-like,
normal-like, luminal A, luminal B, and HER2-enriched subtypes [211] and obtained sig-
nificant results (P = 3.8⇥ 10-3) (see Methods). Importantly, a linear model (PCA) could
not effectively select subtype-specific genes (P = 1.0, for PAM50 gene set enrichment),
indicating that DeepProfile’s ability to capture non-linear relationships is crucial for learn-
ing of biologically meaningful patterns. We further explored the abilities of DeepProfile
and traditional linear models (PCA, ICA, RP) to distinguish cancer subtypes, leveraging
the Metabric dataset renowned for its detailed subtype labels in breast cancer. The results
demonstrated that DeepProfile excels in distinguishing cancer subtypes. However, it is
noteworthy that our subsequent analysis also revealed that PCA, despite not efficiently
selecting subtype-specific genes, could in fact distinguish between different cancer sub-
types. This suggests that while DeepProfile is capable of identifying specific genes tied
to cancer subtypes, PCA, with a broader analytical approach, also holds the capability to
differentiate between cancer subtypes.

Similarly, AML-specific genes comprised transcripts that had previously been associ-
ated with AML subtypes (such as HOXA7, TRH, MYL4, ANK1) [8, 295] (Figure ??a) and
showed significant overlap with genes identifying AML subtypes (P = 4.2⇥ 10-5) [297],
while PCA again failed (P = 1.0). In the brain, DeepProfile identified genes that distin-
guish oligodendrogliomas from astrocytomas (such as CNP [225]) or vary across glioblas-
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Figure 6.5: DeepProfile cancer-specificity analysis. a, The plots of cancer-specific genes shown
for 4 cancer types. The difference between the percentile score for the specific cancer
type and the highest percentile score among all the other 17 cancer types for the top
20 genes with the highest difference score are shown for each cancer type separately.
The coloured dots show the percentile score of one gene for the specific cancer type
and the grey dots show the highest percentile score the same gene has among all the
other cancer types. The genes are sorted on the basis of the difference values. b, The
plots of cancer-specific pathways along with cancer character scores for 4 cancer types.
Pathways are sorted on the basis of the difference between the -log10(P value) for
the specific cancer type and the highest -log10(P value) among all the other 17 cancer
types. Each dot pair represents the -log10(P value) corresponding to one pathway for
the specific cancer type and the highest -log10(P value) among all the other cancer
types. The vector of cancer character scores shows the cancer character percentile score
of the latent variable that is capturing the shown pathway. A higher cancer character
score indicates that the given latent variable, therefore pathway, is specifically impor-
tant in cancerous tissue.
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toma subtypes (such as BCAN [300]). Top thyroid cancer-specific genes included thyroid
peroxidase (TPO) and thyroid stimulating hormone receptor (TSHR), two transcripts that
have critical functions in normal thyroid physiology. These genes may indicate the pres-
ence of well-differentiated thyroid cancers, which to some degree retain the expression
profiles from their normal tissue of origin, versus highly undifferentiated cancers, which
lose tissue-specific transcript expression to a larger degree. To support this hypothesis, we
compared DeepProfile thyroid cancer-specific genes with genes associated with thyroid
cancer subtypes [333]. We observed that the two gene groups significantly overlapped
(P = 4.4⇥ 10-10) while the same analysis for the thyroid cancer-specific genes discovered
by PCA showed no significance (P = 1.0). These case studies demonstrate how DeepPro-
file successfully detects genes that differentiate cancer subtypes, while a linear model fails
to capture these patterns.

Next, we extracted curated pathway gene sets that DeepProfile recognized as cancer-
specific (see Methods). Potentially more informative than a gene-level view, this approach
can go beyond categorizing subtype ‘marker genes’ to reveal coherent pathways that vary
dominantly among cancers from one tissue of origin. Thus, the analysis provides concrete
information about the molecular mechanisms driving expression heterogeneity within
cancer types. Indeed, DeepProfile assigned highly characteristic molecular processes to
each cancer type.

Top AML-specific pathways were related to porphyrin metabolism and heme biosynthe-
sis (Figure ??b). That leukemic cells show increased heme biosynthesis has been known
for more than half a century [303]; but little is known about the mechanistic relevance
of the porphyrin production pathway in leukemogenesis. Importantly, recent evidence
showing that MYC-overexpressing leukemic progenitors require porphyrin biosynthesis
for self-renewal [87] demonstrates a role for this pathway in driving or facilitating leuke-
mogenesis in a subset of these cancers. It is notable that DeepProfile identified this path-
way as relevant to AML, as we are not aware of prior unsupervised analyses that have
highlighted porphyrin production. As in our analysis of genes and pathways that were
universally important across cancers, we also calculated ‘cancer-relevance’ scores (by com-
paring matched normal tissue embeddings from GTEx) that determine to what degree a
pathway’s importance was specific to malignancy. The AML-specific pathway with the
highest cancer-relevance score was MHC class II antigen presentation, represented by
HLA-DMA, HLA-DRB1, HLA-DMB, HLA-DPA1, and HLA-DPB1 genes. Downregulated
HLA-DPA1, HLA-DPB, and HLA-DRB1 in AML has recently been reported during relapse
after allogeneic bone marrow transplant and has been interpreted as evidence of graft
pressure on leukemic cells [56]. However, DeepProfile’s identification of the MHC class
II antigen presentation pathway’s prominence indicates that MHC class II protein expres-
sion heterogeneity may be a more general disease feature distinguishing AML subtypes,
a concept that has not been described in the literature thus far to our knowledge.
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In brain cancer (Figure ??b), lipid transport scored as the most important pathway, with
a high cancer-relevance score. Cholesterol is an essential component of myelin, and the
brain contains approximately 20% of the body’s total cholesterol [5]. Astrocytes normally
produce most of the the brain’s cholesterol, since it cannot be transported across the blood-
brain-barrier. In glioblastoma, the brain’s normal lipid metabolism is altered: glioblastoma
cells limit cholesterol biosynthesis and depend on exogenous cholesterol uptake for sur-
vival [298], making DeepProfile’s selection of this pathway a notable result. The Sprouty
(SPRY) pathway obtained the highest cancer-relevance score, driven mainly by SPRY1
and SPRY4. These two genes negatively regulate FGFR signaling, a pathway that is key
to glioblastoma progression and is currently being targeted in clinical trials [123]. These
and other examples - such as the identification of an important role for the peroxisome in
liver cancer [38] (Figure ??b) - illustrate DeepProfile’s ability to extract cancer-specific and
biologically meaningful expression patterns from large unstructured data depositories.
While understanding expression subtypes and the pathways defining them is valuable
from a basic science perspective, determining pathways connected to clinical variables is
arguably even more important from a translational point of view. We therefore set out
to develop a rigorous methodology for connecting DeepProfile embeddings to relevant
patient and tumor-level characteristics.

6.2.7 Detecting survival- and mutation burden-associated pathways via DeepProfile

A pathway’s contribution to DeepProfile latent variables reflects to what degree it captures
variance in the primary gene expression data but does not reveal whether the pathway
relates to variables of clinical interest. We developed a general methodology for connect-
ing pathways to clinical characteristics via DeepProfile latent variables (Extended Data
Figure ?? and Methods). We tested the approach by extracting pathways that are relevant
to two important patient-level and tumor-level features: survival and tumor mutation
burden (TMB). Specifically, we associated each DeepProfile latent variable with survival
or TMB and generated p-values denoting the association significance between each la-
tent variable and the phenotypes. Then, using the pathway-level attributions for Deep-
Profile latent variables, we mapped the latent variable-level phenotype associations to
pathway-level associations, thereby obtaining survival and TMB association p-values for
each pathway (see Extended Data Figure ??, Methods). The same approach can readily
be adapted to other variables of interest, for example tumor stage, tumor grade, or treat-
ment response. There are two advantages of using DeepProfile latent variables (instead of
genes or pathways themselves). First, as we demonstrated, DeepProfile embeddings en-
code robust sources of variation among cancer samples; thus, the association search space
is reduced to potentially more biologically meaningful variables. These latent variables
distill the comprehensive and intricate biological information from the data without rely-
ing on predefined features, enabling exploration of relationships with any biological and
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clinical features. With these latent variables, DeepProfile allows researchers to uncover
patterns and associations that might be obscured in the high-dimensional space of gene
expression data. Second, since each DeepProfile latent variable is a non-linear combina-
tion of genes, it has the unique ability to capture complex interactions between genes and
phenotypes of interest. This non-linear mapping allows for the integration of multifaceted
biological information, going beyond simple additive effects to model the complex, often
non-linear relationships inherent in gene regulation and cellular function. Although these
latent variables derived from deep neural networks can offer a more nuanced view, the in-
herent complexity of these models often complicates interpretation. However, by utilizing
XAI methods, we are able to clarify these models, providing interpretable insights that
pave the way for the discovery of novel insights into cancer biology.

To test the effectiveness of this approach, we first investigated the curated pathway gene
sets that DeepProfile recognized to be significantly related to arguably the most important
patient-level trait - survival. As in our previous analyses, we initially focused on pathways
associated with survival across all cancer types (Figure ??a) (see Methods). Notably, in this
pan-cancer analysis, the unifying theme of most survival-related pathways was adaptive
immunity (Figure ??a). High-scoring gene sets included adaptive immune system, MHC
class I antigen presentation, antigen processing cross-presentation, B cell receptor signal-
ing, the proteasome pathway, and activation of NF-B (all significantly detected in five
cancer types). Three pathways stood out for scoring in more than five cancer types. These
included DNA mismatch repair (six cancers), a process that can give rise to large num-
bers of neoantigens when impaired, and MHC class II antigen presentation, which was
the highest-scoring pathway overall (significantly detected in seven cancer types). These
two pathways will be explored in more detail further below.

To provide a contrast and comparison for these results, we next studied pathways with
significant connection to a tumor-level characteristic, TMB (??b) (see Methods). Unlike
survival, TMB-relevant pathways were most consistently linked to the cell cycle (Figure
??b) and included DNA replication, mitotic M-M/G1 phases, mitotic prometaphase, chro-
mosome maintenance, and others. The top-scoring TMB-linked pathway was mitotic G2-
G2/M phases, which was significantly detected in 11 out 18 cancers. These results estab-
lish a link between a tumor’s proliferative activity and its mutation burden, consistent
with DNA replication acting as a powerful mutagen. This connection carries interesting
implications given the strong interest in TMB as a predictor of immunotherapy response
[45].

Analogously to previous analyses, we also studied the pathways with the highest sur-
vival and TMB scores for each cancer type. Again, we found that DeepProfile identified
distinct sets of pathways as being relevant to both traits. For example, survival-related
pathways in brain cancer were dominated by interferon type I and II signaling and MHC
class I-mediated immunity, while TMB-related pathways prominently featured cell-cell
and cell-matrix interactions (Figure ??c). In sarcoma, survival-related pathways almost
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Figure 6.6: DeepProfile survival and mutation analysis. a,b, The network of top survival- (a)
and TMB-related (b) pathways. For each pathway group, we show the number of can-
cers for which the pathway is significantly enriched and significantly associated with
survival/TMB (P < 0.05). We further show the -log10(P value) of enrichment and
-log10(P value) of survival/TMB association averaged across all cancers detecting the
pathway to be relevant to survival/ mutation. The connections between pathways were
determined on the basis of gene membership Jaccard similarities.
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exclusively concerned DNA repair processes (mismatch repair, nucleotide excision re-
pair) and replisome function, whereas TMB gene sets were strongly related to glucose
metabolism (Figure ??c).

6.2.8 DNA mismatch repair and antigen presentation via MHC class II are common survival-
related pathways

We then explored the unexpected pan-cancer association between survival and DNA mis-
match repair and MHC class II antigen presentation in more detail. DeepProfile detects
robust correlations between pathways and survival; however, it does not reveal these asso-
ciations’ directions. Therefore, to define this direction, we fitted univariate Cox regression
models on the genes in the pathways being investigated. This returned a survival z-score
for each gene and cancer type pair (see Methods; a negative z-score means that lower
expression leads to better chance of survival whereas a positive z-score means that higher
expression leads to a better chance of survival).

Examining the z-scores of DNA mismatch repair genes across all cancers, we con-
firmed a strong correlation with survival (Figure ??a), validating DeepProfile’s findings
at the primary gene expression level. The association direction tended to be negative
(indicating that lower expression of DNA mismatch repair proteins associates with im-
proved survival), particularly for the six cancers with statistically significant scores in the
DeepProfile-based analysis (Figure ??a). We confirmed this finding further using Kaplan-
Meier analyses that yielded consistent results (Figure ??b and Extended Data Figure ??)
(see Methods). The prognostic relevance of DNA mismatch repair gene expression across
many cancers is particularly notable given DeepProfile’s identification of the adaptive im-
mune response as a central survival-related pathway hub. Anti-tumor immune responses
are thought to depend substantially on the presence of neoantigens, whose abundance
increases in cancers with deficient DNA mismatch repair [324]. Similarly, reduced ex-
pression of mismatch repair proteins can increase mutability and microsatellite instability
[246]. Therefore, higher neoantigen levels in tumors with fewer mismatch repair proteins
may make these tumors more visible to the immune system and thus contribute to the
improved survival of patients with low DNA mismatch repair protein expression (Figure
??c).

Next, we investigated the MHC class II antigen presentation pathway more thoroughly.
We focused on HLA-D genes because they had top-level attribution scores and survival z-
scores across all 18 cancer types among all genes in the MHC class II antigen presentation
pathway. Unlike the DNA mismatch repair z-scores, which showed a negative correla-
tion between expression and survival across most cancer types, the association for HLA-D
expression was bifurcated (Figure ??a). Pancreas, kidney, AML, and brain had a strong
negative association between HLA-D gene expression and survival change, while the cor-
relation was positive for most other cancers, especially melanoma and uterine cancer.
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Figure 6.7: Mismatch-repair-pathway survival analysis. a, Heat map of survival z-scores of all
genes included in the KEGG mismatch repair pathway (*magnitude of z- score > 1,
**magnitude of z - score > 2, ***magnitude of z - score > 3, ****magnitude of
z - score > 4). Six cancer types detected by DeepProfile are highlighted in red. b,
Kaplan–Meier plots of average expression of mismatch repair pathway. The samples
with an expression above the mean+ 1s.d. are marked as highly expressed and below
-(mean+ 1s.d.) are marked as lowly expressed. The shaded areas represent the con-
fidence intervals. The log rank test P values and the percent of censored samples are
reported for each cancer. Five cancer types with a log rank test P value below 0.05 are
shown. c, Schematic of mismatch repair mechanism.
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Figure 6.8: MHC-class-II-pathway survival analysis. a, Heat map of survival z-scores of all HLA-
D genes included in the Reactome MHC class II antigen presentation pathway. Seven
cancer types detected by DeepProfile are highlighted in red. b, Kaplan–Meier plots of
average expression of HLA-D genes for cancer types with a log rank test P value below
0.05. The samples with an expression above the mean+ 1s.d. are marked as highly ex-
pressed and below -(mean+ 1s.d.) are marked as lowly expressed. The shaded areas
represent the confidence intervals. The log rank test P values and the percent of cen-
sored samples are reported for each cancer. c, Comparison of average percentile scores
of gene dendritic cells, B cells and macrophages shown for 18 cancers. d, Compari-
son of average Pearson correlation between the expression of HLA-D genes and cell
type signatures for the three cell types shown for 18 cancers. e, Comparison of aver-
age percentile scores of pro- and anti-inflammatory macrophages shown for 18 cancers
(Supplementary Fig. 8).
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Again, we confirmed these findings via Kaplan-Meier analyses (Figure ??b and Extended
Data Figure ??). These results suggested that HLA-D gene expression in the tumor and/or
its environment is beneficial in some cancer types (melanoma, uterine cancer, breast can-
cer) and detrimental in others (brain cancer, kidney cancer).

Since most cancers do not express MHC class II genes (with the exception of AML,
in which HLA-D expression is associated with an inflamed phenotype and therapy re-
lapse [56]), we wondered which cell type in the tumor microenvironment might be the
primary source of the HLA-D transcripts and, by extension, linked to differential survival.
Tumor-resident immune cell types that express MHC class II genes include macrophages,
dendritic cells, and B cells. To gauge these cells’ relative abundance in the tumor microen-
vironment, we measured the signature genes’ average percentile score for each cell type,
where the most highly expressed gene had a score of 100 (see Methods). We found that of
the three cell types, macrophage-specific genes were by far the most abundant across all
studied cancers, in line with the fact that macrophages can be highly abundant in many
cancer types [74, 228, 235] (Figure ??c). Also, we found that in all cancers, the macrophage
signature correlated best with HLA-D expression (Figure ??d; see Methods), further sup-
porting the notion that macrophages are the largest contributors to HLA-D transcript
abundance in bulk tumor samples. Considering that macrophages’ divergent functions
range from pro-tumor to anti-tumor activity [74, 228, 235], we wondered whether the phe-
notypes of tumor-associated, HLA-D-expressing macrophages might explain the observed
bifurcation in the correlation between HLA-D expression and survival. To this end, we ex-
amined gene transcripts that may reflect macrophage function. Specifically, we assessed
expression of CD40, CXCL9, CXCL10, CXCL11, SLAMF1, and TNIP3, which associate with
anti-tumor activity, and of CFP, HRH1, NPL, PDCD1LG2, and CFP, which typically indi-
cate immunosuppression and tumor promotion [69]. While these genes are not necessar-
ily uniquely expressed by macrophages, the macrophages’ abundance (Figure ??c) makes
them plausible main sources of these transcripts. Examining the relative prevalence of
the gene transcripts mentioned above revealed that most tumor types expressed both
signatures at similar levels (Figure ??e) (see Methods). The only large gap, with a large
preponderance of immunosuppressive transcripts, was observed in brain cancer and AML
- the two cancer types with the most significant negative association between HLA-D ex-
pression and survival (P = 3.4⇥ 10-2 and P = 1.6⇥ 10-1, Welch’s T test for brain cancer
and AML, respectively). We repeated the same test with an extended list of pro- and anti-
inflammatory macrophage signatures [185] and again observed a significantly stronger
immunosuppressive macrophage abundance in brain cancer (P = 5.0⇥ 10-2, Welch’s T
test) (Extended Data Figure ??d) (see Methods). The presence of macrophages that are
polarized towards an immunosuppressive phenotype might therefore contribute to the
negative correlation between HLA-D expression and survival in brain cancers and AML.
In most other cancer types, HLA-D expression correlates with improved outcomes, which
is consistent with a net positive effect of macrophages on patient survival.
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6.3 discussion

DeepProfile represents a paradigm for applying unsupervised learning to the analysis of
gene-expression data. Common unsupervised machine learning techniques in this area
fall into three categories: clustering, network inference and representation learning. The
mechanism by which statistical patterns are translated into concrete biological insights is
important. DeepProfile represents a major departure from existing unsupervised learning
paradigms. While the patterns learned by clustering and network inference algorithms
have natural biological interpretations, with gene clusters corresponding to expression
modules and network edges corresponding to potential regulatory interactions, represen-
tation learning largely lacks methods for such a translation. Linear methods such as PCA,
ICA or ‘shallow’ autoencoders have been interpreted by examining the magnitude of their
learned weights; however, the ‘black box’ nature of deep neural networks (DNNs) makes it
difficult to understand how genes or biological processes are associated with each learned
latent variable and how gene-expression levels are related to phenotypes. DeepProfile pro-
vides a language based on rigorous machine learning principles to ‘read out’ biologically
meaningful information from deep representations, enabling discoveries not captured by
existing unsupervised analysis paradigms. While DNNs have been successful mainly in
tasks where a supervisory label is present [16, 23, 186, 339], DeepProfile opens the door
for DNN-based approaches to be applied to unsupervised, comprehensive, exploratory
analysis of accumulating published gene-expression data.

DeepProfile introduces a series of rigorous methodologies to ‘interrogate’ DNNs to
generate biological hypotheses. First, one of our key innovations is in the way each latent
variable is biologically annotated. We adopted the axiomatic feature attribution method,
Integrated Gradients [272], a principled way of estimating the contribution of each input
gene variable onto each latent variable. This enabled the computation of gene importance
scores for each latent variable, which can be followed by curated pathway gene set enrich-
ment analysis on top-scoring genes. Biological characterization of these latent variables
is important, for example, in cancer, to understand the individual variation in clinical
outcomes, response to therapy and coordinated transcriptional programmes underlying
cancer progression. The overall gene importance scores computed across all latent vari-
ables in the entire model result in top-scoring genes whose expression variation across
samples explains a large portion of the expression variation of genes. These genes can be
interpreted as master regulators, analogous to ‘hubs’ that are considered important in tra-
ditional gene network learning approaches. In addition, DeepProfile introduces various
generalizable methodologies to examine the biological characterization of sample-level
phenotypes (such as clinical outcomes and tumour mutational burden) on the basis of the
latent variables, the difference between samples with different labels (that is, cancer vs
normal tissues) and differences between different models (that is, cancer types). We show-
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case DeepProfile’s ability to reveal biological insights through our pan-cancer analysis
using these methodologies detailed below.

DeepProfile also introduces a way to ensemble the latent variables from many varia-
tional autoencoder models trained using varying numbers of latent dimensionalities and
random initializations. The use of Integrated Gradients [272] allowed the latent variables
of our deep model (Extended Data Figure ??) to be directly ensembled, increasing model
stability and consistency, while remaining interpretable. Our experimental results show
that DeepProfile’s ensembled latent variables encode general and transferrable informa-
tion about the cancer transcriptome (Figure ?? and Extended Data Figure ??). We also
demonstrated that DeepProfile’s ensemble approach can learn better embeddings than in-
dividual variational autoencoders trained using specific dimensionalities, consistent with
the conclusion that models with different latent dimensionalities may learn different in-
formation [309]. The improvement in performance across a variety of tasks that DeepPro-
file attains suggests that further studies into ensemble methods for unsupervised gene-
expression analysis may be fruitful. Furthermore, while DeepProfile was able to extract
more underlying biological signal than other unsupervised approaches (Figure ??), the
high-dimensional and highly correlated nature of gene-expression data means that there
may have been more biological signal that was not able to be uncovered. Feature attribu-
tion methods tend to split credit among correlated features, potentially ‘washing out’ the
signal from large, correlated groups [305]. Future work will be necessary to scale meth-
ods for disentangling causal effects from observational data to high-dimensional cancer
expression data at the level of either the models or the feature attributions [171, 305].

The application of DeepProfile to a pan-cancer gene-expression compendium exposed
several intriguing biological patterns. These analyses were enabled by DeepProfile’s in-
tegration of the learned model with independent biological databases, including nor-
mal tissue expression data, patient-level phenotype data and protein-protein interaction
databases. First, we observed that DeepProfile tagged as universally important a very
specific category of immune-related genes. Our analysis suggested that these genes did
not merely reflect the admixture of different immune cell types in the tumour microen-
vironment. Instead, they were enriched for cell surface receptors that transduce external
signals and thus influence downstream gene expression in a variety of immune cells. Why
do these genes capture variance so efficiently? The simplest explanation is that they are
representative of recurring transcriptional phenotypes of common immune cells. Depend-
ing on the level of immune cell admixture, and thus the magnitude of the immune cell
contribution to the overall expression profile, this may be sufficient to propel these genes
to such a prominent position. However, an even more powerful explanation is that tran-
scriptional states of malignant cells and infiltrating immune cells are correlated to some
degree. For example, cancers with high expression of genes indicative of epithelial-to-
mesenchymal transition exhibit a distinct, suppressed immune landscape [44]. Single-cell
sequencing studies have shown that transcriptional profiles of immune and cancer cells
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can co-vary, and suggest the existence of recurring ‘hubs’ of interacting cells [51]. Genes
that are characteristic of such hubs would be expected to capture particularly high levels
of variance, as they would be predictive of both immune and tumour cell transcriptomes.
Identification of such genes may be of particular interest from a therapeutic perspective.
Careful investigation of top universal DeepProfile genes in single-cell gene-expression
data across different cancers will undoubtedly shed more light on this question in the
future.

In our cancer-specificity analysis, DeepProfile excelled at extracting disease subtype-
specific signatures from the data in an unsupervised manner. We consider this impressive,
given that the input datasets were not curated and carefully standardized, such as the
ones that were used for the initial discovery of these signatures, but unstructured and
variable data deposited in a public database by hundreds of different research groups.
DeepProfile’s excellent performance in this setting shows that it can robustly identify
relevant biological signals in challenging situations in which other methods (such as PCA)
do not perform adequately. Analysis of cancer-specific DeepProfile pathways identified
disease-specific processes, such as porphyrin metabolism in AML or lipid transport in
brain cancer. By further annotating these pathways by their specificity to malignancy,
highlighting those that play a comparatively minor role in normal tissue gene expression
(via embeddings of GTEx profiles), DeepProfile has generated a list of prime candidate
pathways that can be explored for therapeutic intervention opportunities.

Perhaps the most interesting aspect of our analysis was the establishment of a quantita-
tively rigorous connection between DeepProfile embeddings and patient survival charac-
teristics. The results were unexpected and surprising. Low expression of DNA-mismatch
repair transcripts was significantly associated with improved survival in this large cohort
of varied cancer types, most of which are expected to be mismatch repair proficient. These
results suggest that capacity for DNA-mismatch repair may exist on a transcriptionally
driven spectrum and that a tumour’s exact position on this continuum may be therapeuti-
cally relevant. Microsatellite unstable tumours across all tissues respond well to immune
checkpoint therapy and are thus universally approved for treatment with pembrolizumab
[226]. Our results raise the question of whether cancers with low DNA-mismatch repair
gene expression might also benefit from immune checkpoint inhibition.

Finally, analysis based on DeepProfile’s latent spaces showed that adaptive immunity
pathways, particularly those related to MHC class II antigen presentation, were the most
consistently survival related among 1,077 tested functional gene sets, the latter surpassing
even DNA-mismatch repair. This surprising result was highly specific to patient survival,
as demonstrated by a comparative analysis for TMB, in which the adaptive immune sys-
tem did not play a significant role. Focusing on the top-scoring genes from the MHC class
II antigen presentation gene set, we found that HLA-D transcripts were largely responsible
for the strong outcome association. Given that a limited number of immune cells express
HLA-D genes, we were able to nominate macrophages as the ‘prime suspect’ source of
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these survival-associated transcripts in the tumour microenvironment. The effect of HLA-
D expression, however, was bifurcated across tumour types. Brain cancer and AML pa-
tients had a worse outcome if HLA-D expression was high, while melanoma and uterine
cancer patients benefitted. We speculate that the transcriptional phenotype of tumour-
resident macrophages (pro- or anti-inflammatory) determines whether the presence of
these cells has a net beneficial or harmful effect. We found that in glioblastoma, expression
of transcripts characteristic of anti-inflammatory macrophages, which are thought to drive
tumour progression [165], was predominant, potentially explaining the negative correla-
tion between HLA-D expression and outcome. Pro- and anti-inflammatory macrophage
transcripts were more balanced in other tumour types, including melanoma and uterine
cancer. In these cases, the net effect of the total macrophage population appears to be posi-
tive. Importantly, these results are in line with a recent meta-analysis which suggested that
expression of anti-inflammatory macrophage markers was correlated with worse progno-
sis across multiple cancer types, while expression of pro-inflammatory markers was as-
sociated with improved survival [165]. Again, it will be important to follow up on these
observations in single-cell datasets, once their size has grown sufficiently to conduct ro-
bust survival analyses, or in more extensive immunohistochemical studies of macrophage
polarization across large patient cohorts.

In summary, we have devised and implemented a deep learning framework to extract
robust biological signals from large-scale cancer gene-expression data. DeepProfile is de-
signed to be a resource for the cancer research community. Using our framework, re-
searchers can create robust and interpretable embeddings of new expression data (Ex-
tended Data Figure ??), improving performance on downstream tasks and increasing in-
sight into relevant transcriptional programmes in their samples. The demonstrated com-
patibility between microarray data and bulk RNA-seq data (Extended Data Figure ??)
suggests that the learned model can be used for bulk RNA-seq data as well. Beyond the
computational advance represented by this approach, DeepProfile provides hundreds of
biological insights gleaned from existing compendia that can be mined by researchers to
advance our understanding of different human malignancies.

6.4 methods

6.4.1 Data processing

We downloaded publicly available gene expression datasets generated by either of the
two microarray platforms: Affymetrix GeneChip Human Genome U133 Plus 2.0 (Affy HG-
U133 Plus 2.0) and Affymetrix GeneChip Human Genome U133A 2.0 (Affy HG-U133A
2.0). These datasets were available from the National Center for Biotechnology Informa-
tion (NCBI) Gene Expression Omnibus (GEO) database [73] for 18 cancer types and we
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used the ‘GEOparse’ Python library (https://github.com/guma44/GEOparse) for down-
loading the datasets.

While GEO searching filters results according to supplied keywords, the returned re-
sults may still include gene expression samples from healthy tissues or patients with
cancer types other than the queried cancer type. To eliminate these irrelevant samples,
we removed the samples that do not contain the search keywords in their ‘titles’, ‘char-
acteristics’, or ‘descriptions’. To further clean our data without unnecessarily eliminating
relevant samples, we manually curated it. Using these steps, we aimed to minimize the
number of incorrectly included and incorrectly excluded samples. We also excluded cell
line expression samples and used only patient samples because the same cell line’s low
expression variance across datasets might prevent deep neural networks from learning a
reliable model. Despite our automated and manual curation to eliminate samples from
cell lines, other cancer types, and healthy tissue, it is still possible that some outlier sam-
ples are included in our GEO data collection.

To integrate data from various platforms, we converted platform-specific probe IDs
to gene symbols using the probe ID to gene symbol conversion lists for each platform
available in GEO. For each cancer, we took the genes present in all data series we have
available. A study might have different sample batches submitted on different dates indi-
cated in the ‘submission_date’ field. We corrected for these potential batch effects within
each study using the Python ComBat [126] library’s ‘combat’ function with the default pa-
rameters (https://github.com/brentp/combat.py), where different batches correspond
to data subsets submitted at different dates. We log transformed the expression mea-
surements, standardized (i.e., zero-mean and unit variance) each gene in each dataset to
ensure that different input features (i.e., gene expression levels) are on the same scale, and
applied mean imputation to impute missing gene-level measurements. We also excluded
duplicate samples with the same GEO IDs. We concatenated all datasets and applied
batch effect correction, once again using ComBat with the same parameters, considering
each study to be a separate batch in order to minimize the effect of potential study-specific
confounders.

6.4.2 Training variational autoencoder models

An ‘autoencoder’ is a type of neural network that consists of an encoder and a decoder
network with an information bottleneck layer with D latent variables (i.e., D ⌧ M)
in the middle [113]. It generates an embedding Z such that the information present in
the original space is preserved in this lower dimensional space as well. Specifically, the
encoder network, defined as f : X �! Z, maps from the input space X 2 RM to latent
embedding Z 2 RD. Similarly, the decoder network, defined as g' : Z �! X, maps the
embedding Z back to input space. We optimize over the both networks to minimize the
squared 2-norm distance between our input X and the reconstructed input as follows:

https://github.com/guma44/GEOparse
https://github.com/brentp/combat.py
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min�,'Ek x - g'( f(x)) k22.
A ‘variational autoencoder’ (VAE) is an extension of a standard autoencoder that takes

as input an N ⇥ M matrix X, where N denotes the number of samples, M denotes the
number of features and Xij denotes the feature j of sample i. It also consists of encoder
and decoder networks but adopts a regularized training such that the model is robust
to overfitting29. To perform regularization, VAE learns a distribution of the latent space
rather than learning the encoding directly and samples from the learned distribution to
generate an embedding. VAE trains the model to bring the distribution of the latent space
as close to a standard Gaussian distribution (i.e., N(0, 1)) as possible, which ensures that
the learned distribution is regularized.

We define the encoder network as f : X �! µx, �x, which maps from the input space
X 2 RM to latent space distribution mean µx 2 RD and distribution variance �x 2 RD.
We then sample from the distribution to define the low-dimensional embedding Z 2 RD:

Z ⇠ N(µx, �x).
The decoder is defined the same way as it is in a standard autoencoder. To regularize

the distribution over the latent space, VAE adds a regularization term to the model’s loss
function, i.e., Kullback-Leibler divergence between the learned distribution and a normal
distribution [144]. The network is trained to be optimized as follows:

min�,'Ek x - g ( f(x)) k22 +KL[(µx, �x),N(0, 1)],
where KL[(µx, �x),N(0, 1)] denotes the Kullback-Leibler divergence between the distri-

butions. This regularization component forces the encoder and decoder networks to learn
a generalizable, smooth latent space that embeds similar samples close to each other.

Before training different VAE models for a cancer type, we extracted the principal com-
ponents [319] of the expression matrix; we trained the VAEs using these components as
inputs, a commonly used approach for training deep neural networks to prevent overfit-
ting [296]. We chose the number of principal components based on the number of samples
and their ability to explain a significant portion of the variance in the data. Specifically,
we selected 1,000 components for cancer types with more than 1,000 samples, 500 compo-
nents for those with 500 to 1,000 samples, and 250 components for those with fewer than
500 samples. Our criteria ensure that the selected components account for approximately
80% of the variance in almost all cancer types and 90% for most.

We trained VAE models using the principal components of the cancer-specific gene
expression matrix as inputs; the encoder and decoder networks both include 3 fully con-
nected layers, and the two networks mirror each other in structure. The minibatch size is
set to 50, and we trained the models using the Adam optimizer [140] with a learning rate
of 0.0005. We initialized each VAE model with a different random set of weights using
‘Glorot_uniform’ weight initialization. We built the entire model in Python using ‘Keras’
with ‘Tensorflow’ backend (https://github.com/keras-team/keras).

In determining the size of the latent space for our VAE models, we specifically selected
a set of sizes - 5, 10, 25, 50, 75, and 100. This deliberate selection was made to give our

https://github.com/keras-team/keras
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models a broad scope to capture a comprehensive range of information from the data.
We established these sizes to provide a structured approach to encompass the variety and
complexity of the data patterns we are analyzing. All layers use rectified linear unit activa-
tion except the last layers of both networks, where we applied linear activation and batch
normalization on all encoder layers. Additionally, we fine-tuned the VAE models’ hyper-
parameters, including the dropout rate and the number of neurons per layer, utilizing
5-fold cross-validation and gauging the fine-tuning by the metric of validation reconstruc-
tion error. Our options for dropout rate included 0, 0.2, 0.4, and 0.6. Regarding the number
of latent variables in the intermediate layers, we considered configurations such as (50, 5),
(100, 25), (250, 50), (250, 100), and (300, 150).

Initially, we calibrated the dropout rate by averaging the validation reconstruction er-
rors across all models with different configurations of intermediate layers, particularly
highlighting the findings for breast cancer (which has the largest sample size), sarcoma
(with a sample size that represents the average), and bladder cancer (with the smallest
sample size). Models set with a dropout rate of 0 showed the lowest average reconstruc-
tion errors. Fixing the dropout rate at zero, we then optimized the count of latent vari-
ables in the intermediate layers. The results show that models with an increased number
of neurons exhibit improved performance. Nevertheless, to ensure a balance between the
efficiency of model training and the precision of feature importance assessments, we set-
tled on 250 and 100 latent variables for the first two layers for latent space sizes of 25, 50,
75, and 100. For a latent space size of 10, the numbers were 250 and 50 latent variables,
and for the size of 5, 100 and 25 latent variables were selected.

The maximum GPU memory usage documented across 18 different cancers is 475MB,
demonstrating the efficiency of DeepProfile framework in handling large-scale genomic
data.

6.4.3 Learning DeepProfile latent variables

DeepProfile combines all embeddings generated by VAE models to learn a single, robust
latent space that can preserve both high- and low-level features. We trained a total of
|D||R| models, where D is a set of possible latent space sizes for individual VAE models
and R is a set of random seeds used to initialize model weights. We trained a VAE model
for each latent space size d 2 D and for each random seed r 2 R for the initial weights,
which we denote as VAEd,r. For our experiments, we used D = {5, 10, 25, 50, 75, 100} and
R = {0, . . . , 99}, which corresponds to 100 random models for each of the 6 latent space
sizes, for a total of 600 VAE models. Each VAE model takes the expression matrix X 2
RM as input and outputs an embedding Z 2 Rd. We assessed the robustness of the
DeepProfile model by analyzing gene ranking consistency across multiple VAE model
ensembles. This analysis showed a substantial increase in gene ranking overlap as more
models were added to each ensemble, demonstrating the model’s robustness and stability.
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Across all |D||R| models, we have |D||R| embeddings and
P

d2D
d ⇤ |R| latent variables in

total (600 embeddings and 26,500 latent variables for our setting). To group similar data
encodings, we applied k-means clustering to cluster all latent variables from all models.
We used the Python ‘sklearn’ library’s ‘KMeans’ model with k-means++ initialization and
10 different starting points [14]. k-means assigns each of

P
d2D

d ⇤ |R| latent variables to
one of the L clusters, where L is the number of DeepProfile latent variables. Note that we
disregard the information about which latent variable came from which model: we simply
applied clustering to all latent variables by treating them as independent and identically
distributed (i.i.d.). As a result, different latent variables of the same VAE model might be
in different clusters as well as in the same cluster. Also, one cluster may include latent
variables from different models with the same latent space size (i.e., different runs), or
it can also include latent variables from models with different latent space size. After k-
means groups the latent variables that are similar across runs and dimensions, we created
one ensemble latent variable per cluster by averaging the values of all latent variables in
that cluster to obtain a final embedding, Z 2 RL (Extended Data Figure ?? and ??a).

To select the latent embedding size for DeepProfile, we applied ‘G-means clustering’,
an extension of k-means clustering that determines the optimal number of clusters k

[107]. We used Python’s ‘gmeans’ package and trained with strictness criteria 3, maxi-
mum depth 10, and minimum observation count 1 (https://github.com/flylo/g-means).
For each cancer type, we fitted G-means clustering before training the k-means models
to select the optimal k value. We averaged the optimal number of clusters across 18 can-
cers to set L = 150 as the final latent embedding size after rounding down the exact
average, which was 157. We selected the same latent size for each cancer type to enable
direct comparison between cancer-specific embeddings. To address the inherent variabil-
ity in k-means clustering, particularly in initial centroid selection, we performed stability
analyses. These analyses, involving Normalized Mutual Information (NMI) scores and
gene/pathway comparisons across runs, consistently affirmed the stability of our model
in identifying key genetic elements.

Our DeepProfile framework can encode user cancer expression samples. When user
expression samples are passed to the DeepProfile model, we first apply the same pre-
processing procedure we applied to our training samples after eliminating the genes not
available for the training samples. We pass the preprocessed expression matrices to our
trained VAE models to generate embeddings. In other words, we use the learned weights
for VAE models to encode the user samples and generate an embedding from each VAE
model. We then use the learned ensemble assignments to cluster VAE latent variables
and take the average value in each cluster to define the final DeepProfile embedding for
user samples (Extended Data Figure ??b). Users can select the number of latent dimen-
sions, in which case ensemble label assignments will be calculated again to define the new
ensemble latent variables for the user-selected latent dimension size.

https://github.com/flylo/g-means
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We estimate training and testing times for all cancer types. On average, the average
training time for each cancer type is approximately 1.36 hours, and the average testing
time is notably efficient at just 0.10 hours. This indicates that while the training phase
of the DeepProfile models requires a reasonable amount of time, the testing phase is
exceptionally efficient, which is advantageous for practical applications.

6.4.4 Gene- and pathway-level attributions of DeepProfile latent variables

To calculate gene-level attributions of DeepProfile latent variables, which denote how
much each gene contributes to the learned latent variables, we used Python’s ‘Keras’ im-
plementation of Integrated Gradients (https://github.com/hiranumn/IntegratedGradients),
a gradient-based feature attribution method for neural networks [272] (Extended Data
Figure ??c). When applied to a neural network model, Integrated Gradients learns the
sample-level importance values of each input feature for each output variable.

To compute the gene importance values for each latent variable in our finalized Deep-
Profile model, we follow a two-step approach. Firstly, we calculate the Integrated Gradient
(IG) values for each principal component relating to every Variational Autoencoder (VAE)
latent variable. Subsequently, these IG values are multiplied by the respective principal
component weights, also known as eigenvectors. The process of multiplying the IG values
by the eigenvectors provides a mechanism for scaling the importance values according to
the influence of each principal component on the original genes. Thus, we are able to
obtain the gene importance values linked to each VAE latent variable. As the DeepProfile
model is an ensemble of VAE models, the DeepProfile latent variables include numerous
VAE latent variables. Therefore, importance values for each DeepProfile latent variable
are calculated by averaging the attributions of the corresponding VAE latent variables. To
determine the global importance of each gene for a latent variable, we calculate the abso-
lute valued average of attribution scores across all training samples for each cancer type.
Since DeepProfile is an ensemble of VAE models, where each DeepProfile latent variable
combines multiple VAE latent variables, feature attributions for each DeepProfile latent
variable are calculated by averaging the attributions of the VAE latent variables defining
that ensemble latent variable.

To calculate pathway-level attributions, we used gene-level attributions and ran path-
way enrichment tests using a total of 1,077 functional pathways from Reactome [78], Bio-
Carta [243], and KEGG [132] from the C2 collection of the version 6.2 of MSigDB [159, 270] .
For enrichment tests, we used Fisher’s Exact Test’s (FET) [239] ‘fisher_exact’ method from
Python’s ‘scipy.stats’ module. From the gene list for each pathway, we removed the genes
that are not present in our input expression matrix and passed the top G genes with the
highest importance values for a DeepProfile latent variable to FET, where G is the average
pathway length across all 1,077 functional pathways from Reactome, BioCarta, and KEGG.
For multiple hypothesis correction, we applied Benjamini-Hochberg FDR correction [28]

https://github.com/hiranumn/IntegratedGradients
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across all latent variables, using the ‘multipletests’ function from Python’s ‘statsmodels’
library.

6.4.5 Comparing DeepProfile to alternative dimensionality reduction methods

We compared DeepProfile to alternative dimensionality reduction algorithms, including
the commonly used linear methods as well as other deep learning approaches. We trained
these algorithms using the same preprocessed gene expression levels that we used as
input to DeepProfile VAE models.

Gaussian random projection maps the original input to a lower dimensional space,
where each component is randomly drawn from a normal distribution. From Python’s
‘sklearn’ library, we used ‘GaussianRandomProjection’ and repeated training 10 times
with different random seeds to output 10 different embeddings.

Principal Component Analysis (PCA) [319] is a linear dimensionality reduction method
that generates orthogonal components to encode variation in the original input space. We
used the ‘PCA’ module from Python’s ‘sklearn’ library and used the top 150 principal
components when comparing it to the DeepProfile embedding, which has 150 latent vari-
ables.

Independent Component Analysis (ICA) [59] is also a linear dimensionality reduction
method that learns independent components from the original space. We trained ICA
using Python’s ‘sklearn FastICA’ with 100,000 iterations; we repeated the training 10 times
with different random seeds to output 10 different embeddings.

Autoencoder (AE) [113] is a deep unsupervised neural network consisting of an encoder
and decoder network trained to learn a latent space that can reconstruct the original space
as successfully as possible. For autoencoder trainings, we used the same top principal
components of the preprocessed gene expression levels as we did for training DeepProfile
to enable a fair comparison between models. We tuned the hyperparameters of AE models,
the number of layers, number of latent variables, dropout rate, and batch size using 5-
fold cross validation with reconstruction error as the metric. In the final AE model, we
have 1 hidden layer each in encoder and decoder networks with 750 latent variables, 0.1
dropout rate, and batch size of 100. The model was trained with the Adam optimizer
using a learning rate of 0.0005. Since each different random initialization of the model
can output a different representation, we repeated the autoencoder training 10 times with
different random weight initializations. The models were implemented using the ‘Keras’
with ‘Tensorflow’ backend.

Denoising Autoencoder (DAE) [299] is a regularized autoencoder model that adds
noise to the input data in order to generate more robust embeddings. We applied the
same procedure to denoising autoencoder models as autoencoders: we passed the same
preprocessed gene expression levels as input to DAE models and selected the hyperpa-
rameters with 5-fold cross validation. The final tuned model has 1 hidden layer each in
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encoder and decoder networks, 750 latent variables and 0.1 dropout rate. We optimized
the model using the Adam optimizer with a learning rate of 0.0005 and batch size of 100.
We again repeated the training of DAE models 10 times with different random weight ini-
tializations. The models were implemented using the ‘Keras’ with ‘Tensorflow’ backend.

Variational Autoencoder (VAE). We included the single VAE models with 100 latent
variables, the most powerful configuration among all models within our DeepProfile en-
semble, as a baseline for comparison. The VAE models have two hidden layers, featuring
250 and 100 latent variables respectively. The dropout rate is set to 0. Optimization is
achieved using the Adam optimizer at a learning rate of 0.0005 and a minibatch size of
50.

6.4.6 Creating TCGA RNA-Seq embeddings

We downloaded TCGA RSEM normalized log2 transformed RNA-Seq expression ma-
trices for all cancer types from Broad Institute data version 2016_01_28 (https://gdac.
broadinstitute.org/) and generated by TCGA Research Network (https://www.cancer.
gov/tcga/). We preprocessed the TCGA expressions with the same pipeline we used for
preprocessing GEO expression datasets: we selected the genes available only in the train-
ing data, zero imputed the genes missing in the TCGA dataset, and standardized each
gene to zero-mean univariance.

Since we take the top principal components of the training data to train DeepProfile,
we applied the same processing step for generating TCGA embeddings. We encoded the
TCGA samples using the PCA model trained on the training data. To generate the Deep-
Profile embeddings, we loaded all trained VAE models, encoded TCGA PCA transformed
input features with each of the models, and used the pre-learned ensemble labels to clus-
ter the latent variables of our VAE embeddings and define a 150-dimensional DeepProfile
embedding for TCGA RNA-Seq samples. We repeated this procedure for each cancer type.
To assess the generalizability of the DeepProfile model to TCGA data, we measured the
Mean Square Error (MSE) on both GEO and TCGA datasets across different latent dimen-
sions. Significantly lower MSE values on TCGA data underscore DeepProfile’s proficiency
in effectively reconstructing and adapting to unseen data, demonstrating its robust gener-
alization capabilities.

Similarly, for all the alterative dimensionality reduction approaches, we used the trained
models to encode TCGA RNA-Seq samples.

6.4.7 Comparison of DeepProfile microarray and RNA-Seq embeddings

To demonstrate that DeepProfile can learn informative latent spaces from both microarray
and RNA-Seq test data, we used the TCGA cancer samples for which we have both RNA-
Seq and microarray expression available. We downloaded TCGA log2LOWESSnormalizedmicroarrayexpressionmatricesforalltheavailablecancertypesfromBroadInstitutedataversion2016_01_28()

https://gdac.broadinstitute.org/
https://gdac.broadinstitute.org/
https://www.cancer.gov/tcga/
https://www.cancer.gov/tcga/
https://gdac.broadinstitute.org/
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generated by the TCGA Research Network (https://www.cancer.gov/tcga/). We selected
the genes present in both microarray and RNA-Seq datasets to enable a fair compari-
son and preprocessed microarray expression profiles following the same preprocessing
steps applied to GEO samples. We then measured the Pearson correlation coefficient be-
tween the gene expression matrices generated with the two technologies using the Python
‘scipy.stats’ library’s ‘pearsonr’ method. Thus, we obtained a correlation coefficient for
each TCGA sample, which denotes the similarity between the two expression profiles.

Following the same procedure for creating DeepProfile TCGA RNA-Seq embeddings,
we created DeepProfile embeddings from TCGA microarray profiles. In this way, using
the DeepProfile framework, we obtained two separate embeddings for a cancer type:
(1) embeddings generated from microarray expression, and (2) embeddings generated
from RNA-Seq expression. We then measured the Pearson correlation between Deep-
Profile RNA-Seq and microarray embeddings for each TCGA sample using the Python
‘scipy.stats’ library’s ‘pearsonr’ method. Again, we obtained a correlation coefficient for
each TCGA sample, which denotes the similarity between two expression embeddings.

6.4.8 Comparing DeepProfile pathway coverage to alternative dimensionality-reduction methods

When comparing DeepProfile to other dimension reduction methods in terms of pathway
coverage, which we used as a metric for evaluating the biological relevance of the learned
latent space, we followed the same procedure as we used for DeepProfile. We applied
Fisher’s Exact Test (FET) [239] ‘fisher_exact’ method from Python’s ‘scipy.stats’ module
and obtained a P value for each latent variable-pathway pair, denoting the significance of
enrichment.

To run pathway enrichment tests, we first obtained the gene-level attributions for each
dimensionality reduction method. For PCA, we obtained the component matrix, which
denotes the contribution of each gene to each principal component, and we took the
absolute values of the component matrix for use in enrichment tests. Similarly, for ICA
and RP, we obtained the absolute valued component matrices. Since we trained each
model 10 times with different random initializations, we repeated the FET for each of the
10 models and averaged the pathway enrichment results over 10 runs. For autoencoder
and denoising autoencoder models, we used Integrated Gradients [272] to obtain gene-
level attributions for the embedding latent variables, following the same procedure we
applied for VAE models. Again, we obtained gene-level attributions for each of the 10
random trainings, conducted FET enrichment tests for each run, and reported average
pathway enrichments over 10 models.

We compared DeepProfile’s pathway coverages to other dimension reduction methods
using 3 different metrics:

1. We compared the ‘average pathway coverages’. The enrichment tests we conducted
provided us with an enrichment p-value for each latent variable-pathway pair. Af-

https://www.cancer.gov/tcga/
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ter FDR correction, we marked the latent variable-pathway pairs with a P < 0.05
as significant and calculated the total number of significant enrichments for each
latent variable. We defined the number of pathways significantly captured by each
latent variable as the pathway coverage of that latent variable. Then, we averaged
these latent variable-level pathway coverages across all latent variables to calculate
the average final coverage of an embedding. This metric let us define an average
pathway coverage score per model and per cancer type.

2. We compared the ‘distributions of latent variable-level pathway coverages’ across
models. Again, using the same pathway-level attribution p-values, we counted the
number of pathways significantly captured (FDR P < 0.05) by each latent variable of
each embedding. We compared distributions for each method and each cancer type.

3. We compared the ‘percent of latent variables annotated by at least one pathway’.
For various significance threshold values that range from a P value of 1⇥ 10-1 to
1⇥ 10-10, we counted the number of pathways with a P value below the threshold
for each latent variable. This again returned a pathway coverage value for each latent
variable of the embedding. We then calculated the percent of latent variables with
a pathway coverage above one, which is effectively the percent of latent variables
annotated by at least one pathway with a P value below the threshold. We again
repeated the calculations for each method and cancer type.

6.4.9 Comparing DeepProfile pathway coverage to VAE models

When comparing pathway enrichment of DeepProfile to VAE models, we used the gene-
level attributions for each different dimensional VAE model and applied FET to obtain
a p-value for each latent variable of each 600 different models. We again considered a
latent variable to be significantly capturing a pathway if the FDR corrected P value is
below 0.05. DeepProfile is an ensemble model that combines 600 VAE models to define an
ensemble embedding, and our aim was to show that the DeepProfile model can preserve
the pathways captured by the individual VAE models. Accordingly, we used two different
metrics to compare the pathway coverages of VAE models to DeepProfile:

1. We compared DeepProfile pathway coverages to the ‘average pathway coverages’ of
all 600 different VAE models. For each pathway, we calculated the percent of VAE
models that captured this pathway significantly (i.e., with at least one latent variable
of the embedding with an FDR corrected P < 0.05). We then compared the pathways
captured by the threshold percent of the VAE models, where the threshold ranges
from 50 to 90, to DeepProfile to investigate whether the pathways captured by VAE
models could also be captured by DeepProfile.
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2. We compared DeepProfile model to VAE models with ‘different dimension sizes’.
For each different dimensional VAE model, e.g., a 5-dimensional VAE model, we
marked a pathway to be captured if the majority of the VAE models (at least 51 of 100
models) significantly captured the pathway (FDR-corrected P < 0.05). We repeated
the same procedure for each of the 6 different dimensional VAE models to mark the
pathways captured by different dimensional VAE models. We then compared the
pathways captured by a threshold number of different dimensional models, where
the threshold ranges from 1 to 6, to the DeepProfile model in order to investigate
whether the pathways captured by these different VAE models could be detected by
DeepProfile as well.

6.4.10 Detecting universally important genes

To detect the highest-scoring genes across all cancer types, we used the gene-level attri-
butions of DeepProfile latent variables. We calculated the average attribution score across
all latent variables to define an overall importance score for each gene, and we converted
these scores to percentile scores, where the highest scored gene takes value of 100 and the
lowest scored gene takes value of 0. Once we separately obtained these percentile scores
for each gene for each cancer type, we calculated the average percentile score across 18
cancer types as the universal percentile score of a gene. We could then sort the genes
by their universal percentile scores to detect the top universally important ones. We gen-
erated a network of the top 100 universally important genes using STRING [276] with a
medium confidence level of 0.4, using all interaction sources and eliminating disconnected
latent variables. We visualized the network using Cytoscape [259].

To detect the pathways enriched for the top universally important genes, we used
Fisher’s Exact Test [239] ‘fisher_exact’ method from Python’s ‘scipy.stats’ module on the
top 100 universally important genes using Reactome [78], BioCarta [243], KEGG [132],
and GO Biological Process (BP) [60] gene sets from MSigDB (v.6.2) [159, 270]. We applied
FDR correction across all pathways.

Furthermore, to detect whether DeepProfile’s universally important genes are enriched
for various immune cell type signatures, we collected gene signatures of T cells, B cells,
neutrophils, and macrophages [30] and obtained a total of 108 genes available in our
training expression dataset. We again used FET for the top 100 universally important
genes using these markers to calculate enrichment score. Additionally, we incorporated
the pre-computed immune cell fractions from the PanCan Immunity paper in our anal-
ysis [284]. We mapped these immune cell fractions to the TCGA gene expression data
used in our study. To assess whether the top 100 DeepProfile genes could readily be ex-
plained by the genes identified as immune cell related in the PanCan study, we calculated
Pearson’s correlations between the fractions of four major immune cell types–T cells, B
cells, neutrophils, and macrophages, as well as their subtypes–and all genes across all
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TCGA samples. In this analysis, the top correlated genes are likely to be specifically ex-
pressed by those immune cells. Then, for each immune cell type, we conducted FETs to
assess the overlap between its top 100 correlated genes and the top 100 genes identified
by our DeepProfile analysis, and applied a Bonferroni correction to adjust for multiple
comparisons.

To determine whether DeepProfile’s universally important genes are enriched for cell
surface and cytok ine receptors, we first collected gene sets from the Cell Surface Protein
Atlas (CSPA) [21], UniProt database [61], and Gene Ontology (GO). From CSPA, we down-
loaded the list of human surfaceome proteins and their annotations, selected the proteins
with a ‘high confidence’ CSPA category and protein probability of 1.0, and obtained a list
of 555 human surface proteins. From the UniProt database, we downloaded human cell
surface receptors using the keyword ‘cell surface receptor,’ selected the reviewed proteins,
and obtained a list of 1,307 genes. Similarly, we downloaded human cytokine receptors
using the keyword ‘cytokine receptor’, selected the reviewed proteins, and obtained a list
of 773 genes. From GO, we used the gene set ‘Immune response regulating cell surface
receptor signaling pathway’, which has 346 genes. Note that for each gene set, we used
the genes available only in DeepProfile’s training expression matrix and reported the in-
tersecting gene counts. We again ran FET for the top 100 universally important genes
using these 4 distinct gene lists to calculate enrichment scores.

To compare the top universally important genes detected by DeepProfile to the univer-
sally important genes for PCA, we ran the same analysis that we applied to DeepProfile to
PCA. Using the attribution scores (the absolute valued component matrices) of each gene
for the PCA model, we calculated the average attribution score across all top 150 principal
components, converted the scores to percentile scores, and calculated the average across
18 cancers to define a universal importance score for each gene for PCA. Similarly, we ran
FET for the top 100 universally important PCA genes using KEGG, BioCarta, Reactome
pathways and GO BP gene sets. We also repeated FET enrichment tests for the same 4
receptor gene lists used for DeepProfile, again using the top 100 universally important
PCA genes.

6.4.11 Detecting universally important pathways

To detect the highest-scoring pathways across all cancer types, we used the pathway-level
attributions we have for each DeepProfile latent variable, which contains the P value of
enrichment for each latent variable-pathway pair. To define an overall pathway enrich-
ment score for an embedding, we selected the maximum -log10(P value) across all latent
variables for each pathway and obtained an enrichment score for each cancer type/path-
way pair. We marked a pathway as being significantly captured by a cancer type if the
FDR corrected P value is below 0.05. To determine the universally important pathways,
we counted the number of cancer types that significantly captured each pathway. We also
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recorded the average -log10(P value) of enrichment for each pathway by taking the mean
across all cancer types that significantly captured the pathway. After obtaining the num-
ber of cancers and average enrichment score for each pathway, we sorted the pathways
first by the number of cancers and then by enrichment scores to get the list of universally
important pathways.

6.4.12 Calculating cancer character scores for pathways

To calculate a cancer character score for each pathway, we conducted what we called
a ‘normal tissue analysis.’ First, from the GTEX portal (https://gtexportal.org/home/
datasets), we downloaded RNA-Seq expression (gene TPMs) with accession number
phs000424.v7.p2 [164] and selected the tissues corresponding to the 18 cancer types we
have. We preprocessed and encoded GTEX expression profiles following the same pipeline
used for TCGA RNA-Seq expression and passed the expression values to our already
trained DeepProfile models to generate normal tissue embeddings.

To detect how successfully each latent variable can differentiate cancer vs. normal tis-
sue, we trained logistic regression classifiers by passing the cancer and normal tissue
DeepProfile embeddings as input and predicted cancer vs. normal tissue labels. We used
the Python ‘sklearn’ library’s ‘LogisticRegression’ with ‘liblinear’ solver and ‘l2’ regular-
ization, repeated the training 500 times with different random samplings, and recorded
the mean of absolute value of classifier weights from all models. We defined the cancer
character score of each latent variable as the absolute valued classifier weight, denoting
the importance of each DeepProfile latent variable in differentiating cancer from normal
tissue, where a high cancer character score would indicate that the latent variable is quite
important for differentiating the tissue type.

We then mapped these latent variable-level cancer character scores to pathways to deter-
mine the cancer-tissue specificity of each pathway for each cancer type. For each pathway,
we calculated the weighted average of cancer character scores using the -log10(P value)
of enrichment scores for that pathway as the weights and obtained an average cancer
character score for each pathway-cancer type pair. Note that if a pathway is not enriched
for any of the latent variables, we assigned it a cancer character score of 0. To define a
universal cancer character score for each pathway, we calculated the average across the
cancer character scores of 18 cancers, excluding the cancers with a score of 0.

6.4.13 Detecting cancer-specific genes and pathways

To identify the genes that are high scoring specifically for a certain cancer type, we used
the importance scores we calculated for each gene-cancer type pair. For each gene, we
calculated the difference between the percentile score of a cancer and the maximum per-

https://gtexportal.org/home/datasets
https://gtexportal.org/home/datasets
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centile score across all other 17 cancers. These cancer-specific difference scores allowed us
to detect the top cancer-specific genes for each cancer.

To calculate the enrichment score for the PAM50 genes [211], we ran FET for the top N

highest scoring genes for breast cancer where N ranges from 1 to 1000. We then applied
Bonferroni correction over all thresholds to report the final P value of enrichment.

To detect cancer-specific pathways, we used the -log10(P value) of enrichment scores
we calculated for each pathway/cancer type pair and calculated the difference between
the enrichment score for one cancer type and the maximum enrichment score across all
other 17 cancers. Thus, we obtained a cancer-specific difference score for each cancer type
and for each pathway, allowing us to detect the pathways that are cancer type-specific. We
also assigned a cancer character score to each of these cancer-specific pathways using the
absolute-valued classifier weights from the normal tissue analysis after converting them
to percentile scores.

6.4.14 Pan-cancer survival and mutation analysis

With the goal of associating each pathway with patient survival, we used the TCGA RNA-
Seq DeepProfile embeddings we learned for 18 cancers along with the survival status. We
separately fitted univariate Cox regression models [64] to each DeepProfile latent variable.
We used the R ‘survival’ library’s ‘coxph’ method, recorded P values of model coefficients
for each latent variable, and applied FDR correction over all latent variables for each
pathway. We repeated the model trainings for each cancer type.

To detect the pathways determining patient survival, we mapped these latent variable-
level survival scores to pathways. For each pathway, we calculated the weighted average
of -log10(survival P value) across all latent variables using the -log10(enrichment P

value) as the weights (Extended Data Figure ??). When none of the latent variables could
significantly capture a pathway (FDR-corrected P < 0.05), we assigned a survival score
of 0 to that pathway. We also masked the pathway enrichment P values with a z-score
below 0.25 to prevent the involvement of lowly ranked pathways in the average score
calculation. We calculated the average survival -log10(P value) for each pathway/cancer
type pair. Since the survival analysis using enrichment scores from FET did not provide
a rich enrichment for survival, we repeated the FET using a broader set of top genes (4 ⇥
average pathway size) to run an informative survival analysis. This pipeline let us define
a survival p-value for each pathway and for each cancer type. We then marked a pathway
to be relevant to survival if both the FDR corrected enrichment P value and the survival
P value were below 0.05.

To detect universally survival-related pathways, for each pathway, we counted the num-
ber of cancers (of the 18 cancers) with significant survival scores. We also calculated the
average enrichment -log10(P value) and the average survival -log10(P value) across all
the cancer types detected to be significantly associated with survival. Sorting the path-



6.4 methods 169

ways by the number of cancer types and then by the average survival score provided us
with the top universally survival-associated pathways. We visualized the top 20 univer-
sally survival-associated pathways using Cytoscape [259] EnrichmentMap tool [193] with
latent variable cutoff value of 1.0 and edge cutoff similarity value of 0.5, where the connec-
tions between pathways were determined by the Jaccard similarity of gene memberships
of pathways.

To conduct mutation analysis, we downloaded TCGA mutation profiles for all cancer
types from Broad Institute data version 2016_01_28 (https://gdac.broadinstitute.org/)
generated by the TCGA Research Network (https://www.cancer.gov/tcga/). We selected
the samples for which we have both expression measurements and tumor mutational
burden (TMB) data available and calculated the total number of mutations for each cancer
sample by summing the number of mutations for each gene. If k different mutations
occurred for one gene, we increased the total mutation count by k.

To assign a mutation association score to each DeepProfile latent variable, we calcu-
lated the Pearson correlation, using the Python ‘scipy.stats’ library’s ‘pearsonr’ method,
between each latent variable of DeepProfile embedding and the log of total mutation
count after eliminating outlier mutation scores beyond the 95% confidence level (z-score
> 1.96). We repeated these experiments for each of the 18 cancer types and obtained latent
variable-level TMB correlation P values.

To map the latent variable-level P values to pathways, we repeated the same procedure
we followed for the survival analysis: we calculated the weighted average -log10(TMB
P value) across all latent variables for each pathway, where the weights were defined as
-log10(enrichment P value) of the latent variables. We again calculated the average en-
richment and TMB -log10(P value) across all cancer types with significant scores (FDR-
corrected P < 0.05) and detected the number of cancers significantly associated with
TMB for each pathway. We visualized the top 20 mutation-associated pathways using Cy-
toscape’s [259] EnrichmentMap tool [193] with the same setting as the survival-associated
pathways network.

6.4.15 Downstream survival analysis

For pathways detected to be relevant to patient prognosis, we conducted a downstream
survival analysis independent from DeepProfile model. We first fitted univariate Cox re-
gression models to each of the 23 genes included in the KEGG mismatch repair pathway
and 91 genes included in the Reactome MHC class II antigen presentation pathway using
TCGA RNA-Seq profiles. We used the R ‘survival’ library’s ‘coxph’ method to predict
survival, trained the models separately for each cancer type, and recorded z-scores to get
the direction of association. After obtaining survival z-scores from Cox models, we cre-
ated heatmaps of gene-level survival scores for 18 cancers by clustering the genes with
hierarchical clustering.

https://gdac.broadinstitute.org/
https://www.cancer.gov/tcga/
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To investigate the association of average expression of the selected pathways with sur-
vival, we first calculated the average expression of genes from the KEGG mismatch repair
pathway and the average expression of HLA-D genes (HLA-DMA, HLA-DMB, HLA-DOA,
HLA-DOB, HLA-DPA1, HLA-DPB1, HLA-DQA1, HLA-DQA2, HLA-DRB1, HLA-DRB5) from
the Reactome MHC class II antigen presentation pathway across all TCGA samples with
survival record. We then created Kaplan-Meier plots [133] for each pathway using the
calculated average expression values. We used the Python ‘lifelines’ library’s ‘Kaplan-
MeierFitter’ class for generating Kaplan-Meier survival plots. When generating the plots,
we separated the patients into two groups based on their average expressions: one group
with expression above mean + s.d. and one group with expression below -(mean + s.d.).
We then fitted Kaplan-Meier models to these 2 groups. We also recorded the P values us-
ing the ‘lifelines logrank_test’, which tests how significantly the two curves are separated
from each other.

To detect the immune cell type responsible from expression HLA-D genes, we first calcu-
lated the average expression of each gene across all TCGA samples for each cancer. Note
that we performed the mean operation prior to preprocessing the expression matrices.
We sorted the genes by their average expression and converted the rankings to percentile
scores. To order the importance of different immune cell types, we calculated the average
gene percentile score of the gene signatures for each immune cell type, which we defined
as XCR1 and CLEC9A for dendritic cells; MS4A1, CD79A, and PAX5 for B cells; and CD163,
CD68, CSF1R for macrophages. To measure the association between the immune cells and
HLA-D expression, we measured the Pearson correlation between average expression of
the cell type signatures listed above and the average expression of HLA-D genes using the
Python ‘scipy.stats’ library’s ‘pearsonr’ method.

For the macrophage analysis, we downloaded the gene signatures for pro-inflammatory
and immunosuppressive macrophages [69] and used the list of unique genes for each
macrophage group (CD40, CXCL9, CXCL10, CXCL11, SLAMF1, and TNIP3 for pro-inflammatory
macrophages; CFP, HRH1, NPL, PDCD1LG2, and RENBP for immunosuppressive macrophages)
to again measure gene ranking percentile scores. We conducted the same analysis as
we did for immune cell types: we measured the average expression for genes, ranked
the genes, and calculated the average percentile scores for the genes included in pro-
inflammatory or immunosuppressive macrophage signatures. We also repeated this pro-
inflammatory/immunosuppressive macrophage analysis using the extensive list of pro-
inflammatory or immunosuppressive macrophage signatures [185].
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Extended Data Figure 6.9: DeepProfile Pipeline (related to Figure ??). 1.Using the training cancer
samples, we train hundreds of different Variational Autoencoder (VAE)
models. We train each VAE model with a different latent dimension
size 100 times with different random weight initializations. 2. We en-
code the training cancer samples using each of these VAE models to
generate an embedding for each VAE model. Since VAE models have
varying number of latent dimension sizes, the generated embeddings
also have varying number of latent variables. 3. We cluster all latent
variables of all VAE embeddings to group together latent variables that
have similar patterns for the training samples. We cluster all VAE latent
variables without any constraints which means that the latent variables
from one VAE embedding can be placed in the same cluster or sepa-
rate clusters. Thus, each cluster might contain latent variables from the
same VAE embedding, VAE embeddings with the same latent space
size from different random runs, or embeddings with different latent
space sizes. 4. To define the final latent variable values, we average the
latent variable values in a cluster and combine them to define the fi-
nal DeepProfile embedding and latent variables. DeepProfile learns L
latent variables where each latent variable is an ensemble of VAE latent
variables from different models.
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Extended Data Figure 6.10: Overall framework of DeepProfile training, user aspect, and expla-
nations (related to Figure ??). a. The training of DeepProfile. 1. Deep-
Profile first collects publicly available expression dataset for each can-
cer type from NCBI GEO and defines an expression matrix, contain-
ing the expression measurements for all genes and samples. 2. Deep-
Profile is a deep learning model that uses all the cancer samples to
learn cancer-specific latent spaces. 3. DeepProfile generates two out-
puts. Output 1 is an embedding of all the cancer samples where the
number of DeepProfile latent variables is much smaller than the orig-
inal number of genes passed to the model. Output 2 is the gene-level
and pathway-level attributions for each DeepProfile latent variable. b.
The user aspect of DeepProfile. DeepProfile model trained from thou-
sands of cancer samples can be used to generate embeddings for new
expression profiles. When an expression matrix of user cancer sam-
ples is passed to DeepProfile, it uses the already trained model and
maps the user samples to the learned cancer-specific latent space and
outputs an embedding for the user samples. c. Explanations of Deep-
Profile latent variables. 1. DeepProfile pipeline shown in a generates
L latent variables. 2. For each latent variable we obtain gene attribu-
tions. Each DeepProfile latent variable is connected to genes through
a set of fully or densely connected multilayer perceptron layers. We
use Interpreter model (Figure ??) to simplify the multilayer connec-
tions and define the weights connecting each gene to each DeepProfile
latent variable. 3. The graph of gene-level attributions of DeepProfile
latent variables in 2 is converted to a gene attribution matrix, contain-
ing the contribution of each DeepProfile latent variable to each gene.
4. From gene-level attributions, using the pathway memberships of
genes, pathway-level attributions are obtained, containing the p-value
indicating the significance of the overlap between gene sets and the
most important genes of DeepProfile latent variables.
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Extended Data Figure 6.11: DeepProfile increases concordance between RNA-seq and microar-
ray expression profiles. Distribution of correlation coefficients be-
tween TCGA RNA-Seq and microarray expression profiles and correla-
tion coefficients between TCGA RNA-Seq and microarray DeepProfile
embeddings. For TCGA cancer samples with both RNA-Seq and mi-
croarray expression available, we generated DeepProfile embeddings
separately for RNA-Seq and microarray data. We measured the corre-
lation between the DeepProfile RNA-Seq and microarray embeddings
on per-sample basis. We also measured the correlation between origi-
nal expression levels from RNA-Seq and microarray expression matri-
ces. We generated distribution plots of Pearson correlation coefficients
for DeepProfile embeddings (red dots) and original expression mea-
surements (blue dots). Each dot represents the correlation coefficient
for one cancer sample and the distributions are plotted for 7 cancer
types. The median correlation coefficient for each sub distribution is
shown with the dark colored bars. DeepProfile embedding scores are
significantly higher than the original expression scores (Wilcoxon sign-
ranked test P < 0.005 for all 7 cancer types).
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Extended Data Figure 6.12: Distribution plots of pathway coverage (related to Figure ??). Distri-
bution plots of number of KEGG, BioCarta, Reactome pathways sig-
nificantly captured (FDR-corrected P < 0.05) by each latent variable of
embeddings generated by DeepProfile and other methods are shown
for all 18 cancer types.
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Extended Data Figure 6.13: Comparison of biologically annotated latent variables (related to
Figure ??). Comparison of the percent of latent variables annotated by
at least one pathway above the significance threshold. The percent of
annotated latent variables are shown for multiple significance thresh-
olds for DeepProfile and alternative dimensionality reduction meth-
ods. The plots are shown for all 18 cancer types.
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Extended Data Figure 6.14: The schematic of DeepProfile survival and mutation analysis at path-
way level (related to Figure ??). Each pathway is connected to each
DeepProfile latent variable with a certain enrichment score (-log10(P
value)) as we extracted pathway-level explanations for DeepProfile la-
tent variables before. We then fit univariate Cox survival regression
models to each DeepProfile latent variable and obtain a p-value denot-
ing the significance of association of a latent variable with survival. We
also measure the Pearson correlation between each DeepProfile latent
variable and tumor mutational burden (TMB) and obtain a P value
denoting the significance of association of a latent variable with TMB.
In order to calculate the overall pathway-level survival and mutation
association scores, we take the inner product of enrichment and latent
variable- level association matrices and normalize the matrix. This way,
we obtain the final (-log10(P value)) of survival and mutation associ-
ation for each pathway. We repeated this process for each cancer type
which allows us to carry cancer common and specific survival and
mutation analyses.
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Extended Data Figure 6.15: Mismatch-repair-pathway survival analysis (related to Figure ??). a.
Kaplan-Meier plots of average expression of KEGG mismatch repair
pathway. The samples with an expression above (mean + 1 s.d.) are
marked as highly expressed and below -(mean + 1 s.d.) are marked
as lowly expressed. The shaded areas represent the confidence inter-
vals. The log rank test P values and the percent of censored samples
are reported for each cancer. b. Plot of log rank test P values and the
direction from Kaplan-Meier plots. The cancer types are sorted by the
direction of association and the -log10(P value). c. Plot of DeepPro-
file survival p-values for KEGG mismatch repair pathway. The cancer
types are sorted by the -log10(P value).
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Extended Data Figure 6.16: MHC-class-II-pathway survival analysis (related to Figure ??). a.
Kaplan-Meier plots of average expression of HLA-D genes in Reac-
tome MHC class II antigen presentation pathway. The samples with
an expression above (mean + 1 s.d.) are marked as highly expressed
and below -(mean + 1 s.d.) are marked as lowly expressed. The shaded
areas represent the confidence intervals. The log rank test P values
and the percent of censored samples are reported for each cancer. b.
Plot of log rank test P values and the direction from Kaplan-Meier
plots. The cancer types are sorted by the direction of association and
the -log10(P value). c. Plot of DeepProfile survival P values for Re-
actome MHC class II antigen presentation pathway. The cancer types
are sorted by the -log10(P value). d. Comparison of average percentile
scores of pro- and anti- inflammatory macrophages shown for 18 can-
cers.
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A N E X P L A I N A B L E A I F R A M E W O R K F O R I D E N T I F Y I N G
U N I V E R S A L A G I N G S I G N AT U R E S I N C E L L E M B E D D I N G S

7.1 introduction

Aging is a complex, multifactorial process characterized by the progressive loss of physi-
ological integrity, which leads to functional decline and increased vulnerability to disease
[166]. It is the primary risk factor for a wide range of chronic diseases, including cancer, di-
abetes, cardiovascular disorders, and neurodegenerative conditions [137, 200]. Unraveling
the biological mechanisms that drive aging is essential for identifying therapeutic targets
and biomarkers that can promote healthy longevity and delay aging-related diseases [120,
191]. Although numerous studies have uncovered molecular and cellular changes asso-
ciated with aging [262, 306], identifying the key drivers remains one of the field’s most
pressing challenges [282].

The advent of single-cell transcriptomic technologies has enabled unprecedented res-
olution in exploring the aging process. By capturing gene expression profiles at the in-
dividual cell level, single-cell RNA sequencing (scRNA-seq) facilitates the discovery of
cell-type-specific and context-dependent aging signatures [3, 173, 244]. However, accu-
rately characterizing aging signatures from scRNA-seq data remains challenging due to
the other non-aging-related sources of variation such as tissue, cell type, sex, and batch
effects. These background factors often obscure the more subtle transcriptomic changes as-
sociated with aging, hindering efforts to isolate true aging-related signatures. To address
this complexity, previous studies have developed separate linear models for different tis-
sues and cell types [35, 183, 336], an approach that requires training many tissue- and
cell-specific models and risks overlooking globally conserved aging genes.

Recent single-cell representation learning methods, including probabilistic latent vari-
able models and contrastive approaches, capture broad cellular heterogeneity but gener-
ally do not disentangle subtle aging-related signatures from other dominant biological
factors [4, 75, 92, 168, 170, 310, 311]. These frameworks often rely on a single latent space
or on binary case–control contrasts, which do not reflect the continuous nature of aging.
In recent disentanglement frameworks [222], all cells belonging to the same category, such
as a specific cell type or condition, share a single embedding, making it difficult to cap-
ture gradual, continuous processes such as aging. In parallel, Patches [25] was developed
to disentangle discrete condition-specific variation without explicitly supervising back-
ground factors. Together, these limitations motivate an approach that explicitly models
aging-related and background variation.

179
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To address these challenges, we introduce ACE (Aging Cell Embeddings), a represen-
tation learning framework designed to disentangle aging-related signatures from back-
ground biological variation in scRNA-seq data (Figure ??a). ACE models gene expression
using two distinct sets of latent variables: age variables, which capture variations related
to age, and background variables, which capture other non-aging-related signatures (Fig-
ure ??b). The framework supports both global (i.e., shared across tissues and cell types)
and local (i.e., tissue-cell-type-specific) aging analyses, enabling the identification of both
shared and context-specific aging trajectories.

We apply ACE to large-scale single-cell aging atlases, including datasets from mouse [3],
fly [173], and human [236]. Our results show that ACE effectively isolates aging-related
signatures and enables several key applications (Figure ??c): (1) identifying global and
local aging genes using explainable artificial intelligence (XAI) methods; (2) predicting
biological age at both the cell and subject levels across diverse contexts; and (3) ana-
lyzing conserved aging signatures across species, including mouse, fly, and human, by
aligning aging trajectories and identifying conserved aging genes. We further validate
ACE’s robustness through cross-cell-type generalization, highlighting its utility in un-
covering context-independent aging mechanisms. Finally, we experimentally confirmed
ACE’s findings through RNAi knockdown experiments in C. elegans, where multiple pri-
oritized genes significantly impacted lifespan. Notably, ACE identified Uba52 as an aging-
associated gene across species, and its role was experimentally validated, demonstrating
ACE’s ability to uncover biologically conserved aging mechanisms. The implementation
of the ACE model is publicly available online.1

7.2 results

7.2.1 ACE effectively disentangles aging signatures from single-cell RNA-seq data

We designed ACE (Aging Cell Embeddings), an explainable variational autoencoder-
based model, to isolate aging-related gene expression variations in single-cell RNA se-
quencing datasets (Figure ??a). scRNA-seq datasets are inherently complex, with gene
expression signatures reflecting diverse biological factors including species, tissue, cell
type, sex, and technical artifacts. ACE is a representation learning framework [169] that
explicitly models and disentangles aging-related variations from other non-aging-related
factors in scRNA-seq data. It enables the extraction of conserved aging signatures from
heterogeneous biological contexts.

The architecture of ACE (Figure ??b; ??) comprises two parallel encoder networks. The
age encoder extracts age embeddings that specifically capture aging-related signatures. Si-
multaneously, the background encoder captures embeddings that represent non–aging-
related variation, such as species, tissue, cell type, and sex (i.e., background factors). To

1 https://github.com/suinleelab/ACE

https://github.com/suinleelab/ACE
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Figure 7.1: The ACE Framework. (a) scRNA-seq datasets contain information about both aging
signatures and biological factors like tissue, cell type, and sex. The goal of ACE is to
disentangle aging from other background factors. (b) ACE model structure. Each cell is
represented by two latent variables: age variables and background variables, which en-
code aging signatures and background factors, respectively. Age variables predict the
subjects’ chronological ages, while background variables predict background factors
such as tissue, cell type, and sex. The Hilbert-Schmidt independence criterion (HSIC)
enforces independence between the two embeddings. A decoder reconstructs the gene
expression counts. (c) Downstream applications of the ACE model. The age variables
enable a variety of downstream analyses, including explainable aging gene identifica-
tion, biological age prediction, and conserved aging signature analysis across species.
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ensure effective separation of these embeddings, ACE incorporates prediction networks:
age embeddings are used to predict the subjects’ chronological age, while background
embeddings predict background factors. The two sets of embeddings are constrained to
remain independent using the Hilbert-Schmidt Independence Criterion (HSIC) [99, 220,
275], ensuring that the learned biological signatures remain distinct. To reconstruct gene
expression while accounting for technical variation, ACE includes a decoder that mod-
els the observed RNA measurements using distributions conditioned on the background
and age embeddings. These distributions account for technical factors such as sequencing
depth, batch effects, and dropouts by following the probabilistic modeling approach used
in scVI [168].

The age variables learned by ACE enable a variety of downstream applications essential
to aging research (Figure ??c). Specifically, the age embeddings support: (1) identification
of global (i.e., shared across tissues and cell types) and local (i.e., tissue-cell-type-specific)
aging genes using explainable AI methods, (2) accurate estimation of biological age, de-
fined as the prediction of aging based on gene-expression profiles, at both the cell and
subject levels, and (3) analysis of conserved aging signatures across different species by
aligning their aging trajectories. These applications underscore the model’s utility in sys-
tematically disentangling aging signatures from complex scRNA-seq data.

7.2.2 ACE effectively captures global aging trajectories

Aging manifests through both global and local molecular programs: some transcriptional
signatures are shared across diverse tissues and cell types, whereas others are restricted
to particular cellular contexts. ACE supports global aging analysis by explicitly modeling
aging-related variation that is consistent across tissues and cell types (Figure ??a). For
this analysis, ACE was trained separately on each species (e.g., mouse and fly), with
tissue, cell type, and sex as background factors, allowing the age embeddings to capture
variation specifically associated with aging while controlling for other biological sources
of heterogeneity. We evaluated ACE’s ability to disentangle global aging signatures using
two cross-tissue, multi-cell-type aging atlases — the Tabula Muris Senis (TMS) mouse
dataset [3] and the Aging Fly Cell Atlas [173]. We applied Expected Gradients [76] to the
global ACE model to identify global aging genes that contribute significantly to aging
across tissues and cell types.

We first trained ACE on the TMS dataset generated using droplet-based scRNA-seq, in-
cluding cells from mice across different ages (1m, 3m, 18m, 21m, 24m, 30m) (Figure ??b).
We focus the analysis on the 20 most commonly occurring cell types. In total, the data
we use contains 135,420 cells taken from 13 different tissues across 23 subjects (??). The
raw data’s dominant biological variations include cell type, tissue, and sex (Supplemen-
tary Figure ??). An effective global aging model should learn the age embeddings that
capture aging-related variations while retaining other biological variations unrelated to
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Figure 7.2
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Figure 7.2: ACE enables global (i.e., shared across tissues and cell types) modeling of aging tra-
jectories. a. Overview of the global aging model pipeline. ACE is applied to scRNA-seq
data to learn aging-related cell embeddings shared across tissues and cell types. XAI
techniques are then used to identify aging-associated genes across tissues and cell types.
b. Visualization of aging timepoints available in the TMS Droplet mouse dataset, from
1 to 30 months, capturing the life span of a mouse. c. UMAPs of the age embeddings
learned by ACE, colored by age (left) and tissue-cell-type identity (right). The age em-
beddings capture aging-related signatures while being disentangled from background
factors. d. UMAPs of latent embeddings learned by alternative methods: scVI (top)
and MrVI (bottom), colored by age. e. Quantitative comparison of ACE and baseline
methods (MrVI, scanVI, SiFT, scVI, DCA, and PCA) across multiple evaluation metrics.
Circles represent individual metric scores, with circle size indicating the normalized
score (scaled between 0 and 1) and color reflecting the relative ranking. For consistency,
all metrics are scaled such that higher values indicate better performance. Bars rep-
resent composite scores: Age Spatial Autocorrelation is the average of Geary’s C and
Moran’s I; Cell Traits Mix Score is the average of cell type, tissue, and sex mixing met-
rics; and Overall Score is the average of Age Spatial Autocorrelation and Cell Traits Mix
Score. Bar color indicates the method’s relative ranking. f. Dot plot showing expression
patterns of top 20 global aging genes identified by the ACE global aging model in the
TMS Droplet dataset. Dot size indicates the fraction of cells expressing the gene in each
age group; color represents mean expression. g. Violin plots showing expression pat-
terns of representative global aging genes (Sparc, Col1a2, S100a8). Violin plots display
gene expression distributions across different age groups, aggregated over all tissues
and cell types. These visualizations highlight consistent aging-associated expression
changes for the selected genes. h. Gene set enrichment analysis of the full ranked list
of global aging genes reveals KEGG and selected Reactome pathways that are signif-
icantly enriched and play key roles in aging-related biological processes. Significance
was assessed at FDR q < 0.05 using the Benjamini-Hochberg correction. i. Gene set
enrichment analysis using the “Aging Perturbations from GEO Up” and “Aging Per-
turbations from GEO Down” gene set collections. These databases consist of gene sets
curated from GEO studies comparing aged versus young samples, capturing genes
consistently upregulated or downregulated with age across various tissues and cell
types. ACE-derived ranked list of global aging genes shows significant enrichment in
many of these aging-associated gene sets. Red boxes indicate enrichment in upregulated
gene sets; blue boxes indicate enrichment in downregulated gene sets. Color intensity
reflects - log

10
(FDR q-value), with significance determined by FDR-adjusted q-values

using the Benjamini-Hochberg correction. Asterisks denote significance thresholds (⇤

p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001). Gran/Mac progenitors represent granulocyte/-
macrophage progenitors.
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aging in the background embeddings. We compared ACE with existing baseline models,
including MrVI [32], scANVI [325], which utilize the age labels during training, SiFT [223],
which uses the background labels during training, and scVI [168], DCA [75], and PCA,
which are unsupervised single-cell representation learning methods. UMAP of ACE’s age
embeddings reveals a smooth and continuous aging trajectory (Figure ??c, left), while
tissue-cell-types are well mixed in the same space (Figure ??c, right), indicating that ACE
effectively disentangles aging signatures from background factors and captures global
aging signatures shared across tissues and cell types (see Supplementary Figure ?? for
UMAPs of both age and background embeddings colored by age and background fac-
tors).

By contrast, embeddings from baseline methods, such as scVI and MrVI, exhibited sig-
nificant confounding due to tissue and cell type variations, obscuring aging trajectories
(Figure ??d). A quantitative comparison further shows that ACE outperforms baseline
methods across multiple metrics by a large margin, including spatial autocorrelation be-
tween the age embeddings and chronological age, as well as mixing scores for cell type,
tissue, and sex (Figure ??e; ??). Overall, ACE consistently ranks highest in capturing aging
signatures while minimizing confounding from background factors.

We applied Expected Gradients to the global ACE model to identify genes contribut-
ing most strongly to aging-related variation (??). Among the top 20 global aging genes
(Figure ??f), 16 have prior reports of aging-associated regulation: Xist [100], Sparc [248],
Col1a2 [263], Mgp [20], S100a8 [197, 334], Col1a1 [187], Col3a1 [187], Rps28 [122], Rbm3
[110], S100a9 [334], S100a6 [71], Malat1 [245], Rps15a-ps4 [238] B2m [264], Cd74 [124], and
Serpina3k [161]. The remaining genes are enriched for pathways related to innate immune
activation (Camp [322], Bpifa1 [7], and Slpi [180]), suggesting plausible, but less systemati-
cally characterized, links to aging.

Several of these (e.g., Sparc, Col1a2, and S100a8) display clear, monotonic expression
shifts across the lifespan (Figure ??g). Sparc functions as an immunometabolic checkpoint
that promotes inflammation and interferon signaling, and its inhibition has been shown to
reduce inflammation and extend health span during aging [248]. The Col1a2 gene encodes
for a component of Type I Collagen that is present in the extracellular matrix (ECM) of
various tissues. ECM dynamics have been increasingly identified as important hallmarks
of aging [266]. Col1a2 has been identified as a key player in skin, bone, and cardiac health
in various mouse disease models [146, 261, 273], suggesting that aging-associated changes
in expression of Col1a2 could lead to disruption of the health and homeostasis of these
organ systems. S100a8 is a pro-inflammatory gene upregulated with age in multiple tis-
sues, where it promotes oxidative stress, inflammation, and cellular senescence, making
it a potential driver and biomarker of aging [334]. The identification of these genes by
ACE supports its ability to uncover biologically meaningful and well-conserved markers
of aging.
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We then performed gene set enrichment analysis using the full ranked list of global
aging genes and identified multiple significantly enriched KEGG and Reactome path-
ways (Figure ??h; see Supplementary Figure ?? for the full list of enriched pathways; ??).
These include translation-related processes (e.g., ribosome, eukaryotic translation elonga-
tion and termination), cellular stress responses (e.g., response to starvation), and immune-
related pathways (e.g., antigen processing and presentation, senescence-associated secre-
tory phenotype), extracellular matrix pathways (e.g., collagen biosynthesis and modify-
ing enzymes) and axonal pathfinding (e.g., signaling by ROBO receptors). These findings
underscore the relevance of proteostasis, stress adaptation, and immune regulation, cell-
ECM interactions, and the nervous system in the aging process. Furthermore, the ranked
gene list of global aging genes show significant enrichment across aging-associated gene
sets curated from GEO, which are derived from comparisons between aged and young
samples (Figure ??i). The broad enrichment across diverse tissues and cell types highlights
ACE’s ability to capture conserved aging signatures shared across multiple biological con-
texts.

To externally validate the mouse global aging model, we applied ACE to the indepen-
dent TMS FACS dataset (??). Similar to the Droplet data, the raw FACS data are domi-
nated by tissue, cell type, and sex signatures, with age effects being comparatively sub-
tle (Supplementary Figure ??). ACE effectively disentangles these factors, producing age
embeddings that capture a smooth aging trajectory (Supplementary Figure ??b, Supple-
mentary Figure ??). The global aging gene rankings from the FACS model are highly
concordant with those from the Droplet model (Supplementary Figure ??c,d). Gene set
enrichment analysis recapitulates key aging-associated pathways, including translation,
stress response, and ROBO signaling (Supplementary Figure ??e, Supplementary Fig-
ure ??), and shows strong overlap with external GEO aging signatures (Supplementary
Figure ??f), demonstrating the robustness and reproducibility of ACE across datasets.

We next evaluated ACE’s ability to extract global aging signatures on the Aging Fly
Cell dataset [173], which includes cells spanning ages from 5 to 70 days (Figure ??a; ??).
The data we use contains 424,863 cells from two tissues (head and body) and 14 cell types
across 30 subjects (see Supplementary Figure ?? for the UMAPs of the raw data). Consis-
tent with mouse data, the UMAP of ACE’s age embeddings exhibits a continuous aging
trajectory that is largely independent of tissue and cell type differences (Figure ??b; see
Supplementary Figure ?? for UMAPs of both age and background embeddings colored by
age and background factors). ACE outperforms baseline models by best capturing aging-
related variations while minimizing confounding effects from tissue, cell type, and sex
(Figure ??c,d). ACE also identifies global aging genes with consistent aging-associated
expression patterns (Figure ??e,f), including known aging-associated markers such as
lovit, Pzl, and Hsp26. lovit is a synaptic protein that plays a critical role in transporting
the neurotransmitter, histamine, in photoreceptor cells in insects and other arthropods.
RNAi-mediated downregulation of lovit in flies resulted in disrupted visual transmission



7.2 results 187

Figure 7.3: ACE enables global (i.e., shared across tissues and cell types) modeling of aging
trajectories in fly. a. Visualization of the aging timepoints available in the Aging Fly
Cell Atlas (AFCA) dataset, ranging from 5 to 70 days, covering the lifespan of a fly. b.
UMAPs of the age embeddings learned by ACE, colored by age (left) and tissue-cell-
type identity (right). The age variables capture aging-related signatures while being
disentangled from background factors. c. UMAPs of latent variables learned by alter-
native methods: scVI (top) and MrVI (bottom), colored by age. d. Quantitative compar-
ison of ACE and baseline methods (MrVI, scanVI, SiFT, scVI, DCA, and PCA) across
multiple evaluation metrics. Circles represent individual metric scores, with circle size
indicating the normalized score (scaled between 0 and 1) and color reflecting the rel-
ative ranking. For consistency, all metrics are scaled such that higher values indicate
better performance. Bars represent composite scores: Age Spatial Autocorrelation is the
average of Geary’s C and Moran’s I; Cell Traits Mix Score is the average of cell type,
tissue, and sex mixing metrics; and Overall Score is the average of Age Spatial Auto-
correlation and Cell Traits Mix Score. Bar color indicates the method’s relative ranking.
e. Dot plot showing expression patterns of top 20 global aging genes identified by
the ACE global aging model in the AFCA. Dot size indicates the fraction of cells ex-
pressing the gene in each age group; color represents mean expression. f. Violin plots
showing expression patterns of representative global aging genes (lovit, Pzl, and Hsp26)
in AFCA data. Violin plots display gene expression distributions across different age
groups, aggregated over all tissues and cell types. These visualizations highlight consis-
tent aging-associated expression changes for the selected genes. g. Gene set enrichment
analysis using the full ranked list of global aging genes from AFCA data identified sig-
nificantly enriched Gene Ontology terms that play key roles in aging-related biological
processes. Significance was assessed at FDR q < 0.05 using the Benjamini-Hochberg
correction.
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[327]. Pzl is expressed in specific locomotor neurons in flies, where mutant variants of Pzl
result in disrupted locomotor function in fly larva [119]. Hsp26, which encodes a small
heat shock protein, has been linked to increased resistance to oxidative stress and ex-
tended lifespan in flies [158]. Gene Ontology (GO) enrichment analysis of these genes
highlights aging-associated pathways (Figure ??g). Similar to the mouse global model,
the fly global model identifies several pathways involved in protein translation (e.g., Cy-
tosolic ribosome, large ribosomal subunit, cytoplasmic translation) and synaptic function
(e.g., Dendrite membrane, ionotropic glutamate receptor complex, and AMPA glutamate
receptor complex). The agreement between these two analyses highlights the importance
of proteostasis and nervous system function in aging.

Altogether, the results demonstrate that ACE effectively disentangles global aging sig-
natures from dominant non-aging background factors. Using the XAI method, ACE not
only identifies key global aging genes with conserved expression patterns but also un-
covers biologically meaningful pathways and gene sets associated with aging. Consistent
results across both mouse and fly datasets highlight ACE’s robustness and its ability to
reveal aging pathways that are consistent across species at single-cell resolution.

7.2.3 ACE effectively captures local aging trajectories

While global aging analysis reveals shared, conserved aging signatures, many aging pro-
cesses are tissue- and cell-type-specific, reflecting the distinct functions and environments
of different biological systems. Local (i.e., tissue–cell-type–specific) analysis at single-cell
resolution is therefore critical for uncovering these context-dependent aging signatures
that global models may overlook. As shown in Figure ??a, ACE can also be configured
as a local aging model by excluding tissue and cell type from the background factors
and using only sex (if available) in the background network. For training the age em-
bedding, we continue to use only the age variable as the predictor. This setup allows
the age embeddings to encode both aging-related variation and tissue-cell-type-specific
structure, enabling ACE to learn fine-grained, local aging signatures. We applied this con-
figuration to the TMS Droplet dataset, where the resulting UMAPs of ACE’s local age
embeddings reveal distinct, coherent trajectories within each tissue–cell-type cluster (Fig-
ure ??b,c; Supplementary Figure ??). These results indicate that ACE effectively models
tissue-cell-type-specific aging trajectories within a unified framework, without requiring
explicit supervision on tissue or cell type

We apply the Expected Gradients (EG) to identify local aging genes for four represen-
tative tissue-cell-type pairs, including limb muscle mesenchymal stem cells, lung classical
monocytes, kidney proximal convoluted tubule epithelial cells, and heart endothelial cell
of coronary artery (Figure ??d, top). For each pair, we calculate the difference between
a gene’s percentile score (i.e., the relative importance of a gene for a tissue-cell-type pair
as estimated by EG) in the target tissue-cell-type and its highest percentile score across
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Figure 7.4
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Figure 7.4: ACE enables local (i.e., tissue-cell-type-specific) modeling of aging trajectories. a.
Overview of the local aging model pipeline. To enable local aging analysis, we train
an ACE model while excluding tissue and cell type information from the background
factors. This design allows the age embedding to capture both tissue-cell-type-specific
clustering and aging-related variation. XAI method, Expected Gradients, is then ap-
plied to the ACE model to identify local aging-associated genes specific to tissue-cell-
type contexts. b. UMAPs of the learned age embeddings, colored by age (left) and
tissue-cell-type identity (right). The embedding shows clear clustering by tissue-cell-
type while preserving aging trajectories within each cluster. c. UMAPs of the age em-
beddings for examples of tissue-cell-type pairs, illustrating clear aging patterns within
individual cell populations. d. Local aging genes identified in specific tissue-cell-type
pairs in the TMS dataset. top: Local aging genes for limb muscle mesenchymal stem
cell, lung classical monocyte, kidney proximal convoluted tubule epithelial cell, and
heart endothelial cell of coronary artery. The genes are ranked by the difference of
their percentile scores within each tissue-cell-type context (colored dots) and their best
scores in all other cell types (gray dots). Percentile scores are derived from the full
ranked gene list, with lower percentiles corresponding to higher importance. bottom:
Violin plots showing expression of selected top-ranked local aging genes across age
groups, illustrating aging-associated expression trends specific to each tissue-cell-type.

all other pairs, and rank the genes by this difference. A high difference indicates that a
gene contributes more strongly to aging in one specific tissue-cell-type context while play-
ing a lesser role elsewhere. Many of the top-ranked genes display clear and progressive
expression changes across age groups within their respective tissue-cell-type (Figure ??d,
bottom). For example, Col22a1 and Abca9 in mesenchymal stem cells, Cox7c and Tnfrsf21
in lung classical monocytes, Cyp24a1 and Slc5a10 in kidney epithelial cells, and Myl3
and Tnni3 in heart endothelial cells of coronary artery, show consistent aging-associated
expression patterns. These trends suggest potential roles for these genes in mediating
tissue-cell-type-specific aging processes.

Specifically, several of the above-identified genes have been implicated as modulators
of tissue-specific pathogenesis. Col22a1, a collagen type XXII component expressed in the
myotendinous junction, has been identified as a candidate gene for human myopathies
[181]. Abca9 encodes a cholesterol transporter where changes in cholesterol metabolism
have been implicated in aging for several tissues [205]. Cox7c is a component of the mito-
chondrial electron transport chain complex IV, where mitochondrial dysfunction is well
known to be perturbed in aging [167]. Tnfrsf21 is a tumor necrosis factor (TNF) receptor
superfamily member contributing to inflammatory responses. TNF receptors have been
shown to change expression in humans across various ages, indicating aging-dependent
remodeling of immune function throughout life [10]. Cyp24a1 is a major component of
vitamin D homeostasis, catabolizing the active form of vitamin D [1,25(OH)2D] into the
inactive 1,24,25(OH)2D molecule. Mutations in this gene has been shown to lead to dysreg-
ulated vitamin D levels leading to a number of pathological conditions [219, 252]. Slc5a10
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is a kidney-specific SLC transporter that is involved in various carbohydrate reabsorption
and has been indicated in diabetic kidney disease [260]. Myl3 encodes the Myosin light
chain 3 protein that has been shown to negatively regulate osteoarthritis in a mouse model,
while genetic mutations in this gene have been associated with hypertrophic cardiomy-
opathy in humans [11, 41]. Tnni3 encodes troponin I, a component of the myocardial
sarcomere structure, where mutations in this structure have been shown to play a role in
several cardiomyopathies [265]. The implication of the identified genes in tissue-specific
pathologies highlights their potential roles in modulating tissue function across various
age stages in humans, suggesting that these genes may be potential targets for therapeutic
interventions. We also compared ACE with a previously published linear model Zhang,
Pisco, Darmanis, and Zou [336] to assess overlap and differences in global and tissue-cell-
type-specific aging genes (Supplementary Figure ??).

Overall, ACE not only captures global aging signatures shared across tissues and cell
types, but also enables fine-grained analysis of local aging signatures unique to individual
tissue-cell-type pairs. This dual capability is essential for uncovering aging mechanisms
that are specific to particular biological environments and may be overlooked in global
analyses, offering a more comprehensive understanding of the aging process at single-cell
resolution.

7.2.4 ACE enables accurate biological age clocks at both cell and subject levels

ACE’s ability to disentangle aging-related variation from background biological factors
enables it to isolate aging-related transcriptomic signatures that reflect the fundamental
biology of aging rather than tissue- or cell-type-specific effects. By capturing smooth and
continuous aging trajectories, ACE provides a powerful foundation for constructing bio-
logical age clocks.

We first assess cell-level biological age prediction using the TMS Droplet mouse dataset.
We train a multilayer perceptron (MLP) model that takes ACE-derived age embeddings
as input to predict the chronological age of the subject from which each cell was col-
lected (Figure ??a). The model is trained on a randomly selected subset of cells and
tested on the remaining held-out cells. The predicted age is defined as the cell’s bio-
logical age, reflecting the transcriptomic state of aging. Predicting chronological age from
molecular measurements is a widely used approach for estimating biological age [117,
207, 218]. The biological ages closely match the chronological ages (Pearson’s r ⇡ 0.9;
Figure ??b), with ACE achieving slightly higher correlations than all baseline methods
(Supplementary Figure ??a). When evaluated across individual tissue-cell-type pairs, this
model achieves strong and statistically significant positive Pearson correlations in nearly
all pairs (Figure ??c), with over half of the pairs exceeding a correlation of 0.8. These
results demonstrate that ACE effectively captures continuous and generalizable aging
signatures, enabling accurate biological age prediction at single-cell resolution.
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Figure 7.5
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Figure 7.5: Biological age prediction using age embeddings learned by ACE. (a-c) Cell-level ag-
ing clock based on ACE embeddings. a. Overview of the cell-level aging clock model.
ACE learns aging-related latent embeddings from training cells, which are used as in-
put to a multilayer perceptron (MLP) layer for single-cell level age prediction. b. Box
plots comparing predicted and chronological age across timepoints in TMS Droplet
dataset, showing that ACE enables accurate and progressive biological age estimation
at the single-cell level. c. Dot plot of Pearson correlations between predicted and chrono-
logical age across tissue-cell-type pairs. Each dot represents the correlation coefficient
for a specific pair, with dot size indicating the strength of the correlation. Cross marks
(⇥) denote negative correlations. All displayed correlations are statistically significant
(p < 0.05, two-tailed t-test), confirming that the model reliably captures aging-related
variation across a broad range of cell type and tissue contexts. (d-k) Subject-level ag-
ing clock based on ACE embeddings. d. Illustration of the subject-level biological age
prediction setup. A subset of subjects spanning different ages is held out for testing,
while the remaining subjects are used for training. e. Overview of the subject-level
aging clock model. ACE is trained on cells from the training subjects to learn age
embeddings. These embeddings are used to train a cell-level age predictor, which is
then applied to cells from the held-out subjects. Predicted cell-level ages are averaged
per subject to estimate subject-level biological age. (f-h) Developmental age predic-
tion using ACE on a mouse embryo scRNA-seq dataset [229]. The dataset includes 74
subjects sampled between embryonic day 8.5 (E8.5) and postnatal day 0 (P0). Eight
developmental time points (11.0, 13.5, 14.333, 14.75, 15.25, 15.5, 15.75, and 16.75 days),
each represented by a single subject, are held out entirely from training. f. Develop-
mental timeline in the mouse embryo dataset. g. UMAP visualization of ACE-derived
age embeddings colored by developmental day, illustrating that ACE effectively cap-
tures continuous developmental progression. h. Predicted versus chronological age for
the held-out subjects, demonstrating accurate generalization to unseen developmental
stages. (i-k) Human brain biological age prediction using ACE. The dataset consists
of scRNA-seq profiles from the prefrontal cortex of 286 individuals spanning 0.3 to 86
years of age [328]. A subset of 57 individuals is held out for testing. i. Lifespan timeline
of the dataset. j. UMAP visualization of ACE-derived age embeddings, colored by age
at death, illustrating ACE’s ability to learn a continuous aging representation across
the human lifespan. k. Scatter plot showing predicted versus chronological age at the
subject level, indicating strong predictive accuracy across unseen individuals.
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We next extend this framework to the subject-level biological age clock, enabling esti-
mation of an individual’s biological age from single-cell profiles. In this setup, we hold
out entire test set subjects for evaluation while training ACE and the downstream age pre-
dictor on cells from the remaining individuals (Figure ??d,e). For each held-out subject,
we apply the trained model to cells from that subject and average the predicted cell-level
biological ages to obtain a subject-level biological age estimate. We validate this approach
using two distinct datasets: a mouse embryonic development dataset [229] and a human
brain aging dataset [328].

The mouse embryo scRNA-seq dataset profiles the transcriptional states of embryos
precisely staged at 2- to 6-hour intervals, spanning late gastrulation to birth [229]. After
preprocessing, the data we use contains 416,315 cells from 74 embryos spanning embry-
onic day 8.5 (E8.5) to postnatal day 0 (P0) (Figure ??f; ??). We train the ACE model using
cell type and sex as background factors. Eight randomly selected developmental time
points (11.0, 13.5, 14.333, 14.75, 15.25, 15.5, 15.75, and 16.75 days), each corresponding to
a single embryo, are completely excluded from training and reserved for testing. ACE
captures a smooth developmental trajectory across the held-out time points, generating
age embeddings that reflect the known progression of developmental stages (Figure ??g).
The predicted ages for the held-out embryos show near-perfect correlation with their true
developmental days (Pearson’s r ⇡ 1.0; Figure ??h). ACE achieves performance compara-
ble to other deep learning models and clearly exceeds simpler baselines (Supplementary
Figure ??b), demonstrating ACE’s ability to generalize across unobserved developmental
stages and highlighting the robustness of the ACE-based biological age clock on unseen
subjects.

The human brain aging dataset includes scRNA-seq profiles from the dorsolateral pre-
frontal cortex of postmortem samples spanning the full human lifespan [328]. After pre-
processing, the data we use comprises 1,303,449 cells from 286 individuals aged 0.3 to 86
years (Figure ??i; ??). ACE is trained using cell type and sex as background factors. A
randomly selected subset of 57 individuals is entirely held out during training and used
for testing. After training, ACE captures a smooth aging trajectory across the human lifes-
pan in the held-out individuals (Figure ??j). Predicted subject-level biological ages show a
strong correlation with chronological age (Pearson’s r ⇡ 0.9; Figure ??k), with ACE outper-
forming baseline models (Supplementary Figure ??c), demonstrating its effectiveness for
lifespan-wide age prediction from single-cell data and highlighting the generalizability of
the ACE-based biological age clock to unseen individuals.

Overall, these findings demonstrate the broad applicability of ACE for biological age
prediction at both the single-cell and subject levels. By learning continuous and general-
izable age embeddings, ACE supports accurate age estimation across diverse biological
scales from individual cells to whole organisms, and performs robustly across various bio-
logical contexts. This versatility underscores its potential as a general-purpose framework
for biological age estimation across species, tissues, and life stages.
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7.2.5 ACE enables multi-species aging analysis and identification of aging genes conserved across
species

Understanding aging across species is crucial for identifying evolutionarily conserved
mechanisms that underlie fundamental aspects of the aging process. While many stud-
ies focus on organism-specific patterns, learning aging signatures that are shared across
species provides an opportunity for discovering universal biomarkers and interventions.
However, such analyses are challenging due to biological differences and variability in
dataset characteristics across species. ACE is well-suited for this task, as its disentangled
representation framework enables it to isolate aging signatures from background factors,
such as species identity, in multi-species contexts. This allows ACE to extract consistent
aging signatures across diverse organisms, positioning it as a unique tool for the analysis
of cross-species aging analysis.

To assess whether ACE can uncover conserved aging signatures across species, we ex-
tend our analysis to a multi-species setting by integrating three large-scale scRNA-seq
datasets: the Tabula Sapiens (TS) human cell atlas [236], the TMS mouse aging cell atlas
[3], and the Aging Fly Cell Atlas [173], spanning diverse tissues and life stages (Figure ??a).
To enable biologically meaningful comparisons, we map mouse and fly ages to human-
equivalent ages using phase equivalencies from established mouse-human mappings [83]
and lifespan curve alignment for fly-human mapping (Figure ??b). For humans and mice,
we retain the 30 common and most abundant cell types; for flies, we include the 10 most
abundant cell types. After preprocessing, the integrated dataset comprises 520,139 hu-
man cells, 171,924 mouse cells, and 101,684 fly cells across 19 tissues and 40 cell types
(see Supplementary Figure ?? for the UMAPs of the raw data; ??). The inclusion of mouse
and fly data substantially broadens the age distribution compared to human data alone
(Figure ??b). ACE is then trained on the multi-species dataset using 2,515 one-to-one or-
thologous genes shared across all species, with species, tissue, cell type, and sex specified
as background factors.

The learned age embeddings reveal a smooth and continuous aging trajectory shared
across all species, with cells from different organisms, tissues, and cell types well mixed
in the same embedding space (Figure ??c; see Supplementary Figure ?? for UMAPs of
both age and background embeddings colored by age and background factors). We then
apply the Expected Gradients to identify aging-associated genes that are consistently im-
portant across species. Several conserved genes, such as H3f3b, Lars2, Cdc42, and Pdcd4,
exhibit progressive and consistent expression changes across age groups in all species
(Figure ??d). The conserved genes across species all play a role in known aging-related
processes. H3f3b encodes a histone protein involved in chromatin structure and epige-
netic regulation of gene expression, which is a known pathway involved in aging [306].
Lars2 encodes a mitochondrial leucyl-tRNA synthetase protein. A study utilizing C. elegans
demonstrated that downregulation of this gene was associated with longer lifespan [148].
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Figure 7.6
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Figure 7.6: Multi-species aging analysis and cell type generalizability using ACE. a. Overview
of the multi-species aging analysis pipeline. ACE is applied to multi-species scRNA-
seq data from human, mouse, and fly to disentangle aging-related signatures shared
across species. XAI method, Expected Gradients, is then used to identify conserved ag-
ing genes shared across species. b. Mapping of mouse and fly ages to human-equivalent
ages using lifespan alignment, enabling biologically meaningful cross-species compar-
isons. c. UMAPs of the age embeddings learned by ACE from integrated human,
mouse, and fly data. Embeddings are colored by age (left), species (middle), and tissue-
cell-type labels (right), showing that the model captures a smooth aging trajectory
across species, with cells from different organisms well mixed in the age latent space.
d. Expression patterns of selected cross-species aging-associated genes identified by
ACE. Shown are normalized expression levels of orthologous genes across different
age groups in human, mouse, and fly, labeled using mouse gene symbols (H3f3b, Lars2,
Cdc42, and Pdcd4). Dot size indicates the fraction of cells expressing the gene; color
represents mean expression. e. KEGG and GO pathway enrichment analysis of con-
served aging genes across human, mouse, and fly identified conserved pathways that
are significantly enriched and involved in key aging-related biological processes. Signif-
icance was assessed at FDR q < 0.05 using the Benjamini-Hochberg correction. f. Gene
set enrichment analysis using the “Aging Perturbations from GEO Up” and “Aging
Perturbations from GEO Down” gene set collections. These databases consist of gene
sets curated from studies in GEO that compare aged versus young samples, capturing
genes consistently upregulated or downregulated with age for various tissues and cell
types. The results demonstrate that multi-species ACE-derived aging gene rankings
are significantly enriched in multiple known human and mouse aging-associated gene
sets across various tissues and cell types. Red boxes indicate enrichment in upregulated
gene sets; blue boxes indicate enrichment in downregulated gene sets. Color intensity
reflects - log

10
(FDR q-value), with significance determined by FDR-adjusted q-values

using the Benjamini-Hochberg correction. Asterisks denote significance thresholds (⇤

p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001). g. Schematic illustrating the evaluation of cell
type generalizability. To assess how well age embeddings learnt by ACE generalize to
new biological contexts, the model is trained on mouse and human data excluding one
cell type. Age embeddings are then extracted for the held-out (unseen) cell type, and
used to train a multilayer perceptron (MLP) for age prediction. This setup evaluates
how effectively the learned age embeddings capture aging signatures that generalize
across cell types. h. Average Pearson correlation between predicted and true age across
unseen cell types in mouse and human, comparing ACE to baseline models includ-
ing scVI, a neural network (NN), and ElasticNet. Age prediction is performed using
different inputs and models: MLPs are trained on age embeddings from ACE, latent
variables from scVI, and raw gene expression for NN; ElasticNet is trained directly on
raw gene expression. Each dot represents the mean Pearson correlation across 10 runs
with different random seeds (for ACE, scVI, and NN); error bars indicate the standard
deviation. ACE consistently outperforms baseline models. i. Scatter plots comparing
ACE to baseline models across individual cell types, demonstrating that ACE provides
stronger generalization to unseen cell types.
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Cdc42 encodes a GTPase of the Rho-superfamily that regulates the actin cytoskeleton, cell
cycle, and proliferation of many cell types and has been implicated in numerous studies
as a factor in aging [294]. Pdcd4 is involved in regulating programmed cell death and
the knockdown of this gene in hepatoma cancer cells has been shown to induce cellular
senescence [105].

Pathway enrichment analysis using KEGG and GO shows that these conserved aging
genes are significantly enriched for translation-related functions (e.g., ribosome, cytoplas-
mic translation) across all 3 species, highlighting the importance of proteostasis as a con-
served aging mechanism across species. A greater number of conserved pathways are
present between the human and mouse datasets, including immune signaling (e.g., en-
docytosis), metabolic processes (e.g., oxidative phosphorylation), and neurodegenerative
pathways (e.g., Alzheimer’s and Parkinson’s diseases) (Figure ??e; see Supplementary Fig-
ure ??,??,?? for the full list of enriched pathways). Furthermore, ACE’s ranked gene list
demonstrates strong and consistent enrichment across nearly all aging-associated gene
sets curated from GEO for both human and mouse, spanning multiple tissues and cell
types (Figure ??f). These results support its ability to identify aging-related genes that are
shared across species, tissues, and cell types.

Because ACE captures aging signatures shared across diverse biological contexts, it
should also generalize to new, unseen contexts. To evaluate this, we test ACE’s ability
to generalize to previously unseen cell types. Using a combined dataset of mouse and
human cells across 40 common cell types, we select 15 with sufficient cell numbers and age
diversity to serve as held-out cell types. For each held-out evaluation, we train ACE on the
39 cell types and assess its age prediction performance on the excluded one (Figure ??g).
An MLP is trained on the ACE-derived age embeddings to predict age. We compare ACE
to baseline methods including scVI, which uses its learned embeddings with an MLP
for age prediction, as well as a neural network (NN) and an ElasticNet model trained
directly on raw gene expression for age prediction. Across the 15 held-out cell types,
ACE achieves an average Pearson correlation of 0.73, with 11 cell types exceeding 0.7
(Figure ??h), representing a 10.6% improvement over the best alternative baseline, NN.
ACE consistently outperforms all baselines, demonstrating its ability to generalize aging
predictions to previously unseen cell types and supporting its utility in modeling shared
aging signatures across heterogeneous biological contexts (Figure ??h,i).

Together, these findings demonstrate ACE’s ability to model aging trajectories across
diverse organisms and uncover conserved aging signatures, while also generalizing to
previously unseen cell types. By learning shared aging representations that disentangle
background biological factors, ACE enables robust aging analysis across species, tissues,
and cell types. This highlights its versatility as a unified framework for cross-species and
cross-context aging studies at the single-cell resolution.
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7.2.6 Experimental Validation of ACE-Identified Aging Genes

To assess the biological relevance of aging-related genes identified by ACE, we performed
RNAi knockdown experiments in C. elegans and measured their effects on lifespan (Fig-
ure ??; ??). We focused on genes identified by the mouse global aging model, as the
mouse aging dataset provides a comprehensive, aging-focused single-cell resource that
yields less confounded aging signatures. Specifically, we selected 8 mouse genes from the
top 150 most important global aging genes identified by the mouse global aging model:
Ppia, Ftl1, Gpx3, Rpl37, Serpina3k, Tpt1, Rps27a, and Uba52. Mouse genes were mapped to
their C. elegans orthologs, resulting in a total of 15 tested C. elegans genes. These genes
were selected based on their potential involvement in proteostasis, their evolutionary con-
servation across species, and the feasibility of functional testing in C. elegans via RNAi, as
they do not produce larval arrest or lethality phenotypes.

For each gene, C. elegans orthologs were knocked down using RNAi, and survival
curves were compared to those of empty vector (EV) controls. As shown in Figure ??b,
four knockdowns, cyn-1, tct-1, rpl-37, and ubl-1, led to significant lifespan alterations, with
p-values ranging from 3.1⇥ 10-4 to 3.8⇥ 10-15, confirming that ACE effectively priori-
tizes functionally relevant aging genes. Importantly, three of these four genes (cyn-1, rpl-
37, ubl-1) are involved in protein translation. These results corroborate the cross-species
pathway analysis (Figure ??e), further emphasizing the importance of proteostasis as a
conserved aging mechanism across species. Of the 8 mouse genes tested, 6 had at least
one C. elegans ortholog whose knockdown significantly impacted lifespan. Among the 15
C. elegans genes tested, 8 showed significant effects (see Supplementary Figure ?? for full
survival curves).

We also observed that one of the tested genes, Uba52, ranked highly in the cross-species
ACE model (ranked 33), suggesting its conserved relevance across mouse, human, and
fly. As shown in Figure ??c, knockdown of ubq-2 (the C. elegans ortholog of Uba52) led to
significantly reduced lifespan, further supporting the biological validity of ACE’s prior-
itizations across species. These results highlight ACE’s ability to uncover evolutionarily
conserved regulators of aging that can be experimentally validated in model organisms.

These experimental validations demonstrate ACE’s power in prioritizing biologically
meaningful aging-associated genes, with a strong emphasis on proteostasis. The observed
lifespan effects in C. elegans following knockdown of ACE identified genes highlight the
model’s functional relevance and cross-species generalizability. Notably, several of the vali-
dated genes play key roles in ribosomal function and ubiquitin-mediated protein turnover
– hallmarks of proteostasis that are increasingly recognized as central to aging. These find-
ings underscore ACE’s potential to uncover evolutionarily conserved regulators of aging
and provide mechanistic insights with broad implications for aging biology and transla-
tional geroscience.
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Figure 7.7: Wet lab validation of ACE-identified aging genes using C. elegans RNAi lifespan as-
says. a. Overview of the experimental validation pipeline. ACE identifies global aging
genes using XAI techniques. Selected genes are knocked down in C. elegans via RNA in-
terference (RNAi), and survival is compared to empty vector (EV) controls. b. Survival
curves for knockdown of C. elegans orthologs corresponding to selected global aging
genes identified by the mouse global ACE model. Each plot shows the percent sur-
vival of animals treated with gene-specific RNAi versus empty vector control. Mouse
gene names, gene rankings from the mouse global ACE model, and p-values from t-
tests (adjusted using the Benjamini-Hochberg correction) are shown below each plot.
c. Survival curves for knockdown of C. elegans genes corresponding to a top-ranked
aging-associated gene from the cross-species ACE model. Orthologs are selected based
on mouse gene mappings. The plot shows percent survival for animals treated with
gene-specific RNAi versus EV. Mouse gene name, its one-to-one orthologs in human
and fly, gene rankings from the cross-species ACE model, and adjusted p-value from
t-tests (adjusted using the Benjamini-Hochberg correction) are shown below each plot.
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7.3 discussion

ACE provides an interpretable and generalizable framework for disentangling aging-
related signatures from background biological variation in single-cell transcriptomic data.
By modeling aging trajectories across tissues, cell types, and species, ACE enables the
identification of both global and local aging signatures, revealing how aging manifests
in conserved and context-dependent ways. Applied to large-scale mouse, fly, and human
atlases, ACE uncovered robust, biologically meaningful aging-associated genes and path-
ways, including well-studied aging genes such as Sparc [94], S100a8 [101], and Hsp26 [258,
289]. ACE’s learned embeddings also enabled accurate subject-level biological age predic-
tion in mouse embryo and human brain datasets, highlighting their utility for biological
age estimation.

Across species, our results overwhelmingly implicated protein homeostasis in aging.
Protein homeostasis, or proteostasis, incorporates several processes, including protein
synthesis, maintenance, and destruction/turnover in cells and has long been implicated in
the aging process [19]. ACE has identified critical conserved components of proteostasis
that affect aging across several species, including several genes involved in ribosome and
ubiquitination, which are cellular machinery involved in protein synthesis and protein
degradation, respectively. Importantly, several of these ribosomal and protein ubiquitina-
tion genes identified in the mouse model and multi-species model were validated in a
C. elegans model and were found to significantly impact lifespan. The validation of these
genes in an animal model unique from the animal models used in the ACE training
data highlights the importance of these processes as conserved aging mechanisms across
species. Additionally, this highlights the generalizability of ACE towards other model or-
ganisms and its broad biological utility. The identification of proteostasis genes is consis-
tent with other experimental results showing that long-lived clams and long-lived naked
mole rats have exceptional proteostasis compared to other similar species (shorter-lived
clams and rats), further implicating proteostasis as foundational in the aging process. In-
deed, it seems logical that cells need to maintain the function of the proteins that produce,
repair and maintain all aspects of cellular physiology. Together, these results support the
utility of ACE to ascertain genes and pathways involved in aging from publicly available
scRNA-seq datasets.

The potential for ACE to identify previously unidentified driver genes involved in cel-
lular aging is an important use-case for the model. With an increasingly aging population,
the identification of aging driver genes can allow for the identification of druggable targets
that can help ease the burden of aging and improve healthy lifespan. The application of
ACE to identify tissue- and cell type-specific aging genes can assist with the therapeutic
intervention for tissue-specific aging-associated diseases, such as aging-associated neu-
rodegeneration, cardiovascular disease, and chronic inflammatory diseases. Genes iden-
tified using ACE can be studied in commonly used animal models, as performed here,
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or they can be studied in human-specific models such as primary cell lines or human
induced pluripotent stem cell (hiPSC) derived cell lines and organoids. The utilization of
an AI model like ACE in combination with human-derived cell models is in direct line
with the 2022 FDA Modernization Act 2.0, which allows for the use of new approach
methodologies (NAMs) as an alternative to animal models for use in safety and efficacy
assessments in the drug development process [342]. Models like ACE could prove to be a
powerful tool in the drug discovery phase during preclinical drug development.

From a technical perspective, ACE introduces an interpretable and modular generative
framework that disentangles aging-related variation from complex background factors
in scRNA-seq data. Unlike conventional models that compress all variation into a single
latent space [32, 168, 325], ACE learns two embeddings to isolate aging signatures, im-
proving both interpretability and generalization. Its flexible design extends naturally to
other biological settings, enabling disentanglement of molecular signatures linked to di-
verse phenotypes such as neurodegeneration, tumor progression, and immune activation.
ACE also lays the groundwork for developing single-cell aging foundation models that
generalize across cell types, tissues, species, and experimental conditions. Unlike exist-
ing foundation models trained on heterogeneous datasets that may conflate aging with
other biological effects [53, 66, 283], ACE explicitly disentangles aging signatures from
background variation, offering a targeted and interpretable method for building aging-
specific foundation models. This disentanglement principle further positions ACE as a
framework for developing phenotype-specific foundation models in single-cell biology.

The limitation of ACE is that it currently relies on accurate annotations for background
factors such as tissue and cell type, which may be incomplete or inconsistent across
datasets. This dependence could affect model performance on less curated or cross-study
data. In addition, ACE currently operates on transcriptomic data only. Incorporating ad-
ditional omics layers, such as DNA methylation [54], chromatin accessibility [12], or pro-
teomics [134], could provide a more comprehensive understanding of aging. Advances in
multi-modal generative modeling [15, 92] present promising opportunities to extend ACE
toward multi-omics integration, thereby enhancing its biological scope.

In summary, ACE enables interpretable and disentangled modeling of aging signa-
tures at single-cell resolution across species, tissues, and cell types. Its scalability and
generalizability make ACE a powerful framework for uncovering biologically meaningful
signatures from high-dimensional single-cell data and for advancing phenotype-specific
modeling in aging and disease research.
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7.4 methods

7.4.1 The ACE model

Here, we present the ACE model in more detail. We begin by describing the model’s
generative process and then the model’s inference procedure.

7.4.1.1 The ACE generative process

For a data point xn, we assume that each expression value xng for sample n and gene g

is generated through the following process:

un ⇠ Normal(0, I)
zn ⇠ Normal(0, I)

`n ⇠ LogNormal(`Tµsn, (`2�)
T sn)

⇢n = fw(un, zn, sn)
wng ⇠ Gamma(⇢ng, ✓g)
yng ⇠ Poisson(`nwng)

hng ⇠ Bernoulli
�
fg
h
(un, zn, sn)

�

xng =

8
<

:
yng if hng = 0

0 otherwise

Here, un and zn denote two sets of latent variables that account for variations in scRNA-
seq expression data. Specifically, un is designed to capture variation primarily driven by
age (an), aiming to isolate aging-related biological signatures. In contrast, zn models
background variation associated with covariates bn (e.g., cell type, tissue, sex, species),
which are often dominant sources of variation and may overshadow subtle aging signa-
tures. ACE’s design enables the disentanglement of these two factors, helping to recover
aging-related signatures across complex biological contexts. We place standard multivari-
ate Gaussian priors on both un and zn to support efficient inference within the variational
autoencoder (VAE) framework [141].

To ensure that the latent variables un and zn accurately capture distinct sources of
biological variation, specifically aging-related signatures and background-related signa-
tures, we adopt two complementary strategies. First, during training, we add supervised
prediction losses that encourage each latent variable to retain information about its corre-
sponding covariates. Specifically, a age prediction network is trained to predict the chrono-
logical age of the donors (an) from un, while a background prediction network is trained
to predict background covariates bn (e.g., cell type, tissue, sex, species) from zn. These
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covariates can be binary, categorical, or continuous; accordingly, we apply cross-entropy
loss for classification tasks and mean squared error for regression. Second, we apply the
d-variable Hilbert-Schmidt Independence Criterion (dHSIC) [99, 169, 220, 274] to enforce
statistical independence between un and zn. Since the dHSIC equals zero if and only if the
variables are independent, minimizing this quantity ensures that the two latent spaces en-
code non-overlapping biological signatures, thereby disentangling aging-related variation
from dominant background effects.

Here `µ and `2� 2 RB
+, where B denotes the cardinality of an optional label denoting

experimental batch, parameterize the prior for a latent RNA library size scaling factor on
a log scale, and sn is a B-dimensional one-hot vector encoding the batch label for each cell.
For each batch, `µ and `2� are set to the empirical mean and variance of the log library size.
⇢ng 2 R+ and shape ✓g 2 R+ parameterize our Gamma distribution with a mean-shape
parameterization. Moreover, we note that ✓g can be viewed as a gene-specific inverse
dispersion parameter for a negative binomial distribution, and we learn ✓ 2 RG

+ through
variational inference. fw and fg are neural networks that transform the latent space and
batch annotations to the original gene space, i.e. fw: Rd ⇥ {0, 1}B ! RG and similarly
for fg, where d is the combined dimensionality of the concatenated age and background
latent spaces. The outputs of the network fw represent the mean proportion of transcripts
expressed across all genes, and this constraint is enforced by using a softmax activation
function in the last layer. That is, letting fgw(un, zn, sn) denote the entry in the output of
fw corresponding to gene g, we have

P
g
fgw(un, zn, sn) = 1. The output of the neural

network fh denotes whether a dropout event has occurred (i.e., a gene’s expression is
read as zero due to technical factors rather than meaningful biological phenomena).

Our generative process closely follows that of contrastiveVI [311], but with the notable
additions of prediction networks and the dHSIC penalty. While contrastiveVI’s modeling
approach excels situations when explicit case and control groups of cells are available, it is
not appropriate for scenarios without a clear control group. By incorporating age covariate
an and background covariates bn, and introducing prediction networks for both, ACE can
effectively isolate the aging variations even without an explicit group of corresponding
control cells.

7.4.1.2 Inference with ACE

We cannot compute the ACE posterior distribution using Bayes’ rule as the integrals re-
quired to compute the model evidence p(xn|sn) are analytically intractable. As such, we
instead approximate our posterior distribution using variational inference [31]. We ap-
proximate our posterior with a distribution factorized as follows:

q�x
(un, zn, `n|xn, sn) = q�u

(un|xn, sn)q�z
(zn|xn, sn)q�`(`n|xn, sn). (7.1)

Here �x denotes a set of learned weights used to infer the parameters of our approx-
imate posterior. Based on our factorization of the posterior in Eq. ??, we can divide our
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full set of parameters �x into disjoint subsets �u, �z and �` for inferring the parameters
of the distributions of u, z and ` respectively. As in the VAE framework [141], we approx-
imate the posterior for each set of latent variables via a deep neural network that takes in
expression levels as input and returns the parameters of its corresponding approximate
posterior distribution. Moreover, we note that each factor in the posterior approxima-
tion shares the same family as its respective prior distribution (e.g. q(un|xn, sn) follows
a normal distribution). By marginalizing out wng, hng, and yng, we can simplify our
likelihood yielding p⌫(xng|un, zn, sn, `n), which has a closed form of a zero-inflated neg-
ative binomial (ZINB) distribution and where ⌫ denotes the parameters of our generative
model. We implement our generative model with deep neural networks as done for our
approximate posterior distributions. For Eq. ??, We derive the following Evidence Lower
Bound (ELBO) for the marginal log-likelihood:

logp(x|s) >Eq(u,z,`|x,s) logp(x|u, z, `, s)-DKL(q(u|x, s)||p(u))
-DKL(q(z|x, s)||p(z))-DKL(q(`|x, s)||p(`|s))

(7.2)

We optimize the parameters of the generative model, inference networks, and predic-
tion networks jointly using stochastic gradient descent. The optimization objective is a
weighted composite loss that combines the ELBO, prediction losses for the age covari-
ate an and background covariate bn, and a penalty term based on the dHSIC, which
encourages disentanglement between un and zn. The neural networks used for both the
variational and generative distributions are standard feedforward architectures with typi-
cal activation functions. Formally, the total loss is defined as:

Ltotal = LELBO + �a ·L(a)
pred + �b ·L(b)

pred + �dHSIC · dHSIC(un, zn) (7.3)

where, LELBO denotes the negative ELBO as defined in Eq. ??; L(a)
pred is the prediction

loss for the chronological age an, for which we use mean squared error (MSE) since age
is a continuous variable; L(b)

pred represents the prediction loss for the background covari-
ates bn, such as cell type, tissue, sex, and species, and we apply cross-entropy loss due
to their categorical nature; dHSIC(un, zn) quantifies the statistical dependence between
the latent variables un and zn. The hyperparameters �a, �b, �dHSIC are used to scale the
auxiliary loss components so that their magnitudes are comparable to that of LELBO. This
normalization facilitates stable joint optimization by preventing any single auxiliary loss
from dominating the training dynamics.

7.4.2 Model optimization details

For all datasets, ACE models were trained using 64% of cells, validated on 16% to de-
termine the optimal number of training epochs, and evaluated on the remaining 20% for
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both quantitative and qualitative analyses. Early stopping was applied when the valida-
tion ELBO failed to improve for 45 consecutive epochs. All models were optimized using
the Adam optimizer with a learning rate of 0.0001, ✏ = 0.01, and a weight decay of 10-6.
The hyperparameters �a, �b, �dHSIC were chosen separately for each model to ensure that
auxiliary loss terms were on a comparable scale to the ELBO.

Each ACE model was trained with 20 latent dimensions: 3 reserved for aging-related
variation and 17 for background variation, unless otherwise noted. For the mouse and
fly global aging models, and the mouse embryo model, background covariates included
cell type, tissue, and sex. The human brain aging model used cell type and sex as back-
ground covariates. For the mouse local aging model, background included only sex, and
13 age dimensions and 7 background dimensions were used to encourage learning tissue-
and cell type-specific aging signatures. For the multi-species aging model, background
covariates included cell type, tissue, sex, and species.

We compared ACE with the following baseline methods: MrVI [32], scANVI [325], SiFT
[223], scVI [168], DCA [75], and PCA. Each baseline was trained with 20 latent dimensions
for consistency. For MrVI, chronological age was used as the “sample key” to estimate
age effects. For scANVI, we treated age as a categorical “cell type label” for conditional
modeling. For SiFT, we treated cell type, tissue, and sex as unwanted variation sources
and removed them accordingly during training.

7.4.3 Datasets and preprocessing

We now briefly describe all datasets used in this work along with any corresponding
preprocessing steps. All preprocessing steps were performed using the Scanpy Python
package.

7.4.3.1 Tabula Muris Senis mouse dataset

The Tabula Muris Senis (TMS) dataset [3] is a large-scale single-cell RNA-sequencing
(scRNA-seq) atlas characterizing aging-associated transcriptomic changes across multiple
tissues in the mouse. It consists of two branches based on sequencing protocols: TMS
Droplet, generated using microfluidic droplet-based platforms, and TMS FACS, produced
via fluorescence-activated cell sorting (FACS) followed by Smart-seq2 library preparation.
In our study, we used the TMS Droplet dataset as the primary resource due to its larger
number of cells and used the TMS FACS dataset to validate key biological findings.

preprocessing for tms droplet : We first filtered out genes expressed in fewer
than 5 cells and removed cells expressing fewer than 500 genes. Cells with fewer than
3,000 total counts were also excluded. To ensure sufficient representation, we retained only
the top 20 most abundant cell types and included tissues with more than 1,000 cells. We
then selected the top 2,000 highly variable genes using the Seurat v3 method with batch
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correction applied via the batch key, based on raw counts. In addition to these HVGs, we
incorporated aging-associated genes identified in the study by Zhang et al. [336].

After preprocessing, the TMS Droplet dataset comprised 135,420 cells and 4,327 genes,
derived from 17 male and 6 female mice across six age groups (1m, 3m, 18m, 21m, 24m,
30m), 13 tissues, and 20 cell types.

preprocessing for tms facs : We applied similar preprocessing steps to the TMS
FACS dataset. Specifically, we removed cells expressing fewer than 500 genes and ex-
cluded those having fewer than 3,000 total counts. We then filtered to retain only tissues
and cell types that were also present in the TMS Droplet data. Furthermore, we removed
cell types, tissues, and donors with fewer than 100 cells, and limited the dataset to age
groups with more than 1,000 cells. We restricted the gene set to those retained in the
processed TMS Droplet data for consistency.

The final TMS FACS dataset comprised 24,546 cells and 4,120 genes across three age
groups (3m, 18m, and 24m), including samples from 12 male and 6 female mice.

7.4.3.2 Aging Fly Cell Atlas

The Aging Fly Cell Atlas [173] is a large-scale single-cell RNA-sequencing resource that
profiles aging in Drosophila melanogaster across multiple tissues, time points, and sexes.
It provides comprehensive coverage of aging-associated transcriptional changes in both
neural and peripheral tissues, offering insights into conserved and fly-specific aging pro-
cesses.

We performed the following preprocessing steps. First, we removed genes expressed
in fewer than 5 cells and filtered out cells expressing fewer than 300 genes. Cells with
fewer than 500 total counts were also excluded. To ensure sufficient representation, we
retained only cell types with more than 1,000 cells and excluded cells with ambiguous sex
annotations labeled as “mix.” We then selected the top 2,000 highly variable genes using
the Seurat v3 method on the raw count layer with batch correction.

After preprocessing, the final dataset consisted of 424,863 cells and 2,000 genes, covering
14 cell types across two tissues (head and body), four age groups (5d, 30d, 50d, and 70d),
and two sexes.

7.4.3.3 Mouse embryo dataset

To evaluate ACE for biological age prediction, we used the mouse embryo single-cell RNA-
sequencing dataset [229]. This dataset provides high-resolution temporal profiling of de-
veloping mouse embryos, covering time points from embryonic day (E) 8.5 to postnatal
day 0 (P0), sampled every 2 to 6 hours. It enables modeling of developmental trajectories
as a continuous biological aging process.
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We first filtered out genes expressed in fewer than 5 cells and removed cells expressing
fewer than 500 genes. Cells with fewer than 3,000 total counts were also excluded. To
ensure sufficient representation, we retained only the top 20 most abundant cell types.
We then selected the top 2,000 highly variable genes using the Seurat v3 method, based
on raw count values.

After preprocessing, the final dataset consisted of 416,315 cells from 74 embryos, span-
ning the developmental window from E8.5 to P0. For training, we modeled developmental
stage as the aging covariate and treated cell type and sex as background covariates. To
assess the model’s ability to generalize to unseen time points, we excluded eight devel-
opmental stages, E11.0, E13.5, E14.333, E14.75, E15.25, E15.5, E15.75, and E16.75, from
training. Each excluded time point corresponds to a single embryo and was reserved for
testing.

7.4.3.4 Human brain aging Dataset

To evaluate biological age prediction in the human brain, we utilized the dorsolateral
prefrontal cortex (dlPFC) single-cell RNA-sequencing dataset [328]. This dataset provides
a comprehensive transcriptomic atlas of the human lifespan in a critical cognitive brain
region.

We selected the top 2,000 highly variable genes using the Seurat v3 method, based on
raw count values. After preprocessing, the final dataset consisted of 1,303,449 cells from
286 individuals aged between 0.3 and 86 years, spanning eight major cell types. To enable
unbiased evaluation, a randomly selected subset of 57 individuals was entirely held out
from training and used exclusively for testing.

7.4.3.5 Multi-species dataset (Mouse + Fly + Human)

To enable comparative analysis of aging across species, we constructed a multi-species
dataset by combining the TMS mouse data, the Aging Fly Cell Atlas, and the Tabula
Sapiens (TS) human cell atlas [236]. Tabula Sapiens is a comprehensive human single-cell
transcriptomic atlas spanning multiple organs and systems from healthy adult donors,
serving as a reference for human cellular diversity.

To align gene expression features across species, we first identified one-to-one orthologs
between mouse and human, and between fly and human, retaining only genes with one-
to-one orthology in both comparisons. We then merged the datasets across species based
on the shared orthologous gene set.

We performed standard filtering to ensure quality and comparability: genes expressed
in fewer than 5 cells and cells expressing fewer than 50 genes were removed. Additionally,
we excluded cells with fewer than 300 total counts.

To ensure balanced representation of cell types and tissues, we retained the 30 most
abundant cell types from the human and mouse datasets and the top 10 cell types from
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the fly dataset. Additionally, for the mouse and human datasets, we restricted the data
to the 17 overlapping tissues shared between the two species. We also filtered out age
groups with fewer than 1,000 cells to maintain statistical robustness. Only genes present
in the final filtered datasets were retained.

To enable biologically meaningful comparisons across species, we mapped mouse and
fly ages to human-equivalent ages. Mouse-human equivalences followed established de-
velopmental phase mappings from Flurkey, Currer, and Harrison [83], while fly-human
mappings were derived by aligning lifespan curves. The specific mappings used were:

• Mouse ! Human: 1m ! 12.5y, 3m ! 20y, 18m ! 56y, 21m ! 62.5y, 24m ! 69y,
30m ! 81y.

• Fly ! Human: 5d ! 5y, 30d ! 40y, 50d ! 68y, 70d ! 90y.

After preprocessing, the final multi-species dataset contained 793,747 cells and 2,515
genes. The human subset included 520,139 cells, the mouse subset included 171,924 cells,
and the fly subset included 101,684 cells.

7.4.3.6 Multi-species dataset (Mouse + Human)

To evaluate ACE’s ability to generalize to previously unseen cellular contexts, we con-
structed a multi-species dataset by combining the TMS mouse dataset [3] with the TS
human dataset [236].

We began by identifying one-to-one orthologous genes between mouse and human. To
ensure high-quality input data, we excluded genes expressed in fewer than 5 cells and
filtered out cells with fewer than 500 detected genes or fewer than 3,000 total counts.

To maintain consistency and comparability across species, we retained only cell types
shared between mouse and human with at least 100 cells in each species. Likewise, we
filtered tissues to include only those represented by at least 100 cells in both species. This
filtering yielded 40 common cell types and 15 shared tissues.

We selected the top 2,000 highly variable genes using the Seurat v3 method, applying
batch correction via the batch key on the raw count layer. In addition to these highly
variable genes, we included aging-associated genes identified by Zhang et al. [336] to
augment aging-related signatures.

To enable age-aligned comparisons across species, we mapped mouse chronological
ages to their human-equivalent values using established cross-species age conversion ta-
bles [83].

The resulting dataset consists of 513,924 cells and 3,991 genes across 40 cell types and
15 tissues. Among these, 15 cell types with sufficient cell numbers and age coverage were
designated as held-out sets for evaluating ACE’s cross-cell-type generalization capability.



7.4 methods 210

7.4.4 Evaluation metrics

We used quantitative metrics implemented in the scikit-learn Python package to assess
model performance. To enable visual comparisons across models and metrics, we gener-
ated overview tables following the format of contrastiveVI [311], where individual scores
are shown as circles and aggregate scores as bars. All metrics were min-max scaled to
allow cross-metric comparisons. These scaled values were then averaged into two com-
posite scores: Age Spatial Autocorrelation, which quantifies the coherence of learned aging
signatures, and Cell Trait Mix Scores, which evaluate how well cells from different back-
ground traits (e.g., cell types, tissues, sexes) are intermixed in the learned age space. A
final overall score was computed by averaging these two aggregates.

For Age Spatial Autocorrelation, we computed both Geary’s C and Moran’s I to quantify
the spatial autocorrelation of the aging variables learned by the global ACE model. While
Moran’s I captures broader global trends in spatial structure, Geary’s C is more sensitive
to local differences among neighboring cells.

For Cell Trait Mix Scores, we computed the Entropy of Mixing, which measures the di-
versity of background groups among the nearest neighbors of each cell in the learned age
space. High entropy indicates that cells from different groups are well mixed, suggesting
that the learned representation successfully removes background-specific variation. This
is desirable for isolating aging signatures that generalize across different cellular contexts.

geary’s c . To quantify local spatial autocorrelation in the learned aging latent space,
we compute Geary’s C:

C =
(N- 1)

P
i,jwij(ui - uj)2

2W
P

i
(ui - ū)2

(7.4)

Here, ui denotes the aging variable for cell i, ū is its global mean, wij is the spatial
weight between cells i and j, and W =

P
i,jwij. We define wij = 1 if cell j is among the

50 nearest neighbors of cell i, and 0 otherwise. Since lower values of C indicate stronger
spatial autocorrelation, we report 1-C to maintain consistency with other metrics where
higher values indicate better performance.

moran’s i . To assess global spatial autocorrelation in the aging latent space, we com-
pute Moran’s I:

I =
N
P

i,jwij(ui - ū)(uj - ū)

W
P

i
(ui - ū)2

(7.5)

where ui is the aging variable for cell i, ū is the global mean, and wij is defined as
above. The denominator normalizes the spatial covariance between neighboring cells by
the overall variance. Higher values of I indicate stronger spatial structure across the entire
dataset.
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entropy of mixing . To quantify how well cells from different background covariates
(e.g., cell types, tissues, sexes) are mixed in the learned embedding space, we compute the
entropy of mixing as described in prior works [106, 168]. Specifically, for each cell U, we
calculate the empirical distribution of background groups among its 50 nearest neighbors,
denoted by BU. Let pi represent the proportion of neighbors from group i among the c

possible groups, such that
P

c

i=1
pi = 1. The local entropy of mixing for cell U is computed

as:

H(U) = -
cX

i=1

pi logpi

We repeat this process over 100 randomly selected cells and report the average entropy.
Higher values of this metric indicate stronger mixing of background groups, reflecting
better removal of unwanted variation in the embedding.

7.4.5 Interpretability of the ACE Model

To interpret gene-level contributions to predicted biological age, we applied the Expected
Gradients (EG) method [76]. Expected Gradients extends Integrated Gradients by averag-
ing over a distribution of background samples, producing more stable and representative
feature attributions for deep neural networks.

definition. Given a model f that maps an input gene expression vector x 2 RG to a
scalar output (in our case, predicted biological age â), the Expected Gradient attribution
for gene g is defined as:

EGg(x) = Ex 0⇠Dbg

"

(xg - x 0
g) ·

Z
1

↵=0

@f(x 0 +↵(x- x 0))

@xg
d↵

#

(7.6)

Here: - x is a foreground (target) sample, - x 0 is drawn from a background distribution
Dbg, - g indexes the genes, - and the gradient is taken with respect to input gene g.

foreground and background samples . To compute EG values in our frame-
work: - Foreground samples are 200 cells randomly sampled from each tissue-cell-type
pair. These represent the cells for which we wish to interpret the predicted biological age. -
Background samples are 800 cells drawn from the same tissue-cell-type pair, representing
the reference distribution Dbg.

application to global and local models . For the global aging model, all cells
from multiple tissue-cell-type pairs were pooled, and EG values were computed using
aggregated foreground and background samples. Gene attributions were then obtained
by averaging the absolute EG values across all foreground samples.
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For the local aging model, we computed EG values separately within each tissue-cell-type
pair using the respective foreground and background sets. The absolute EG values were
averaged across the foreground cells in each pair. Genes were then ranked according to
their mean attributions, reflecting their local importance in age prediction.

7.4.6 Pathway enrichment analysis

Pathway enrichment analysis is a computational procedure used to determine whether a
predefined set of genes (i.e., a biological pathway) shows statistically significant expres-
sion changes between different biological states. We used the open-source GSEAPY Python
package for this analysis, applying the prerank method. Pathways with a false discovery
rate (FDR) q-value below 0.05, adjusted using the Benjamini-Hochberg procedure, were
considered significantly enriched and are reported in this study.

The prerank method is a variant of Gene Set Enrichment Analysis (GSEA) that oper-
ates on a pre-ordered list of genes instead of raw expression data. In our study, genes
are ranked based on Expected Gradient values, which reflect their biological relevance.
GSEA then evaluates whether genes from a particular pathway are disproportionately lo-
cated near the top or bottom of the ranked list, indicating significant enrichment beyond
random chance.

We conducted enrichment analysis across the following gene set libraries:

• Aging Perturbations from GEO up/down: Curated gene sets capturing consistent
aging-associated upregulation or downregulation across multiple studies in the Gene
Expression Omnibus (GEO), enabling cross-dataset evaluation of aging signatures.

• KEGG (Kyoto Encyclopedia of Genes and Genomes): A structured database of bio-
logical pathways encompassing metabolism, signal transduction, and disease mech-
anisms.

• Reactome: A manually curated knowledgebase detailing molecular events in signal
transduction, immune function, gene regulation, and other cellular processes.

• GO (Gene Ontology): Hierarchical gene annotation system that organizes gene
functions into three broad domains: Biological Process (BP), Cellular Component
(CC), and Molecular Function (MF).

7.4.7 Wet lab validation in C. elegans

To assess the biological relevance of aging-associated genes identified by ACE, we per-
formed RNA interference (RNAi) knockdown experiments in Caenorhabditis elegans and
evaluated their effects on lifespan. Specifically, we selected 8 mouse genes from among
the top 150 most important global aging genes identified by the ACE global aging model:
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Ppia, Ftl1, Gpx3, Rpl37, Serpina3k, Tpt1, Rps27a, and Uba52. These genes were prioritized
based on their relevance to proteostasis, evolutionary conservation across species, and
feasibility for functional testing in C. elegans, avoiding those known to cause larval arrest
or lethality upon knockdown.

Each mouse gene was mapped to its corresponding C. elegans ortholog(s), resulting in
a total of 15 C. elegans genes tested. RNAi knockdown was carried out individually for
each ortholog, and survival curves were compared to those of animals fed with an empty
vector (EV) control.

animal husbandry and experimental setup. Wild-type hermaphrodite C. ele-
gans (strain N2 CGCb) were maintained under standard culture conditions at 20°C on
nematode growth medium (NGM) plates seeded with E. coli OP50 [33]. Animals were
synchronized using hypochlorite treatment and grown on OP50-seeded NGM plates un-
til the late L4/young adult (YA) molt, approximately 50 hours post-feeding at 20°C. At
this stage, animals were transferred to RNAi food on 12-well plates to initiate the aging
experiments.

lifespan measurements . Lifespan assays were conducted using the WormBot imag-
ing platform [224], which quantifies the time of death (defined as cessation of movement)
for individual worms based on time-lapse video recordings. Each RNAi knockdown ex-
periment was performed using sequence-validated RNAi clones in HT115 E. coli, grown
on NGM plates supplemented with 5-fluoro-2’-deoxyuridine (FUDR) to inhibit progeny
production. The FUDR and RNAi clones may also inhibit mitotic development, so worms
were plated at the L4/YA stage to ensure that any observed lifespan changes were at-
tributable to gene knockdown effects during aging rather than development. Each well
contained 20-30 animals.
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Supplementary Figure A.7.8: Visualization of the TMS Droplet dataset using UMAP applied to
normalized count data. Plots are colored by age (top left), cell type
(top right), tissue (bottom left), and sex (bottom right).
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Supplementary Figure A.7.9: Visualization of age and background embeddings from the global
aging model learned by ACE using the TMS Droplet dataset. a.
UMAP of age embeddings colored by age, cell type, tissue, and sex.
b. UMAP of background embeddings colored by the same attributes.
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KEGG & Reactome pathways
Mouse global aging model (TMS Droplet)

Supplementary Figure A.7.10: Full list of KEGG and Reactome pathways significantly enriched
by the mouse global aging model on the TMS Droplet dataset.
Significance was assessed at FDR q < 0.05 using the Benjamini-
Hochberg correction.
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Mouse raw data (TMS FACS)

Age Cell type

Tissue Sex

Supplementary Figure A.7.11: Visualization of the TMS FACS dataset using UMAP applied to
normalized count data. Plots are colored by age (top left), cell type
(top right), tissue (bottom left), and sex (bottom right).
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Supplementary Figure A.7.12
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Supplementary Figure A.7.12: Comparison of mouse Droplet and FACS models to validate
global aging signatures. a. Aging time points represented in the
TMS FACS dataset, spanning from 3 to 24 months. The FACS
dataset was processed using consistent filtering steps with the
Droplet dataset, including the removal of low-quality cells, rare
tissues/cell types, and donors with insufficient representation, re-
sulting in 24,546 cells and 4,120 genes across three age groups (3m,
18m, and 24m). b. UMAP visualization of age embeddings learned
by ACE using the TMS FACS dataset, showing that the learned em-
beddings capture a strong age-related gradient (left) while being
disentangled from tissue and cell-type identity (right). c. Spearman
correlation between the normalized gene rankings of the Droplet
and FACS models (Spearman’s r = 0.6883), demonstrating strong
concordance and suggesting that the Droplet-derived global aging
signatures are robust and reproducible in an independent dataset.
d. Expression dynamics of selected overlapping genes from the top
150 ranked genes in both Droplet and FACS models. These genes
exhibit consistent age-associated changes, with similar patterns of
upregulation or downregulation across matched time points, rein-
forcing their roles as core aging-related genes. The size of each dot
represents the fraction of cells in a group expressing the gene, while
color intensity reflects the mean expression within that group. e.
Selected overlapping KEGG and Reactome pathways identified by
both models, including translation-related processes (e.g., eukary-
otic translation elongation and termination), cellular response to
starvation, and ROBO signaling. These representative pathways cor-
respond to those in Figure ??h and highlight biological processes
consistently implicated in aging across datasets. f. Gene set enrich-
ment analysis results from the FACS model, using the “Aging Per-
turbations from GEO Up” and “Aging Perturbations from GEO
Down” collections. These databases aggregate results from GEO
studies comparing aged versus young tissues and cell types. The
FACS-derived global aging gene rankings show significant enrich-
ment in many of these curated gene sets. Red boxes indicate en-
richment in upregulated gene sets with age, whereas blue boxes in-
dicate enrichment in downregulated gene sets. Color intensity rep-
resents - log

10
(FDR q-value), and significance was assessed us-

ing Benjamini-Hochberg correction. Asterisks indicate significance
thresholds (⇤p < 0.05, ⇤⇤p < 0.01, ⇤⇤⇤p < 0.001). Notably, genes up-
regulated with aging are strongly enriched in multiple tissues (e.g.,
brain, heart, muscle, adipose), while downregulated genes are ob-
served in select tissues, confirming that the FACS model captures
both shared and tissue-specific aging perturbations. Gran/Mac pro-
genitors represent granulocyte/macrophage progenitors.
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Supplementary Figure A.7.13: Visualization of age and background embeddings from the global
aging model learned by ACE using the TMS FACS dataset. a.
UMAP of age embeddings colored by age, cell type, tissue, and
sex. b. UMAP of background embeddings colored by the same at-
tributes.
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KEGG & Reactome pathways
Mouse global aging model (TMS FACS)

Supplementary Figure A.7.14: Full list of KEGG and Reactome pathways significantly enriched
by the mouse global aging model on the TMS FACS dataset.
Significance was assessed at FDR q < 0.05 using the Benjamini-
Hochberg correction. A total of 29 pathways identified in the FACS
model overlapped with those discovered by the Droplet model
(Supplementary Figure ??), highlighting robust and reproducible
aging-associated biological processes across datasets.
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Supplementary Figure A.7.15: Visualization of the Aging Fly Cell Atlas using UMAP applied to
normalized count data. Plots are colored by age (top left), cell type
(top right), tissue (bottom left), and sex (bottom right).
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Supplementary Figure A.7.16: Visualization of age and background embeddings from the global
aging model learned by ACE using the Aging Fly Cell Atlas. a.
UMAP of age embeddings colored by age, cell type, tissue, and
sex. b. UMAP of background embeddings colored by the same at-
tributes.
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Supplementary Figure A.7.17: Visualization of age and background embeddings from the local
aging model learned by ACE using the TMS Droplet dataset. a.
UMAP of age embeddings colored by age, cell type, tissue, and
sex. b. UMAP of background embeddings colored by the same at-
tributes.
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Supplementary Figure A.7.18
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Supplementary Figure A.7.18: Comparison of ACE-derived global and tissue-cell-type-specific
aging genes with those identified by the linear model from Zhang,
Pisco, Darmanis, and Zou [336]. a. Bar plot showing the number
of overlapping and non-overlapping aging genes identified by the
ACE model and the linear model. For each group, we matched the
number of top-ranked ACE genes to the number of aging genes re-
ported by the linear model, allowing for a direct and fair compari-
son between the two approaches. This comparison shows that ACE
identifies a substantial number of additional aging-related genes
beyond those captured by the linear model, demonstrating its im-
proved sensitivity for detecting comprehensive aging signatures.
b-i. Gene set enrichment analysis of KEGG pathways performed
on the non-overlapping ACE genes for the global group and each
tissue-cell-type-specific group. The enriched pathways are strongly
associated with known hallmarks of aging. These analyses demon-
strate that ACE not only captures key aging pathways identified
by the linear model but also uncovers additional aging signatures
missed by the linear approach. By identifying both shared global ag-
ing pathways and tissue-cell-type-specific pathways, ACE provides
a deeper understanding of the complex and heterogeneous nature
of the aging process. Significance was assessed at FDR q < 0.05 us-
ing the Benjamini-Hochberg correction.
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Supplementary Figure A.7.19: Biological age prediction performance comparison. (a) Cell-level
biological age prediction across methods. ACE achieves high accu-
racy compared to baseline models, including scVI, NN, and Elastic-
Net. (b, c) Subject-level biological age prediction for mouse embryo
(b) and human brain (c) datasets. ACE consistently performs com-
petitively or better than other methods, demonstrating its effective-
ness in capturing aging-related variation at both the cell and subject
levels. Error bars represent standard errors of Pearson’s correlation
coefficients calculated across 10 replicates.
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Supplementary Figure A.7.20: Visualization of the multi-species dataset using UMAP applied to
normalized count data. Plots are colored by age (top left), species
(top right), cell type (middle), tissue (bottom left), and sex (bottom
right).
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Supplementary Figure A.7.21: Visualization of age and background embeddings from the multi-
species aging model learned by ACE. a. UMAP of age embeddings
colored by age, species, cell type, tissue, and sex. b. UMAP of back-
ground embeddings colored by the same attributes.
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KEGG & GO

Multi-species aging model (mouse genes)

Supplementary Figure A.7.22: Full list of KEGG and GO pathways significantly enriched by
the multi-species aging model using mouse gene sets. Significance
was assessed at FDR q < 0.05 using the Benjamini-Hochberg correc-
tion.
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GO

Multi-species aging model (fly genes)

Supplementary Figure A.7.23: Full list of GO pathways significantly enriched by the multi-
species aging model using fly gene sets. Significance was assessed
at FDR q < 0.05 using the Benjamini-Hochberg correction.
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KEGG & GO

Multi-species aging model (human genes)

Supplementary Figure A.7.24: Full list of KEGG and GO pathways significantly enriched by the
multi-species aging model using human gene sets. Significance
was assessed at FDR q < 0.05 using the Benjamini-Hochberg cor-
rection.
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Supplementary Figure A.7.25: Wet lab validation of ACE-identified aging genes using C. elegans
RNAi lifespan assays. Survival curves for knockdown of C. elegans
orthologs corresponding to selected global aging genes from the
mouse global ACE model. Each plot shows the percent survival
of animals treated with gene-specific RNAi (purple) compared to
empty vector (EV) control (gray). Mouse gene names, their rank-
ings from the ACE global aging model, and p-values from t-tests
(adjusted using the Benjamini-Hochberg correction) are displayed
below each plot. Genes are grouped into three categories based on
their effects on lifespan: Long-lived (knockdown extends lifespan),
Short-lived (knockdown shortens lifespan), and No effect (no sig-
nificant impact on lifespan).
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