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Although advances in machine learning (ML) have led to human-level performance in many domains, 

including some healthcare settings, high-performing models often rely on access to large datasets with 

densely observed features and labels. However, in practice, many biomedical applications involve some 

aspect of scarcity or sparsity that limit our ability to use standard ML models trained on big data.  In 

particular, we focus on common limitations in computational biology and health settings including limited 

sample size, sparsely labeled data, and missing features or limited capacity to collect features at prediction 

time. We present projects, ranging in applications from computational molecular biology to healthcare 

applications, and for each, we describe our strategies for leveraging machine learning and explainability 

methods to enable prediction and interpretation of complex biomedical systems in the face of real-world 

data limitations.  

In this work, we first describe a unified framework that we developed to uncover relationships between 

gene expression and Alzheimer’s disease neuropathologies despite having a limited sample size and 

sparsely available labels by. By using multi-task deep learning in a multi-cohort setting and applying 

interpretability methods, we were able to identify nuanced sex-specific relationships among genes and AD. 

Next, we describe an automatic integrative method for learning interpretable communities of biological 
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pathways, which we developed in an effort to aid researchers in interpreting outcomes of computational 

biology analyses pipelines.  

Finally, we turn to clinical risk prediction applications, in which medical practitioners often have limited 

time to collect features and assess a patient’s risk for various health-related outcomes. We first describe a 

project in which we used feature attributions from a dementia prediction model to identify a globally 

relevant subset of features. We then demonstrated that a risk prediction model trained on these features 

achieved similar performance compared with a standard neuropsychological battery, but in in one-fifth of 

the time. However, this standard approach of retraining a model on a predetermined set of selected features 

may not be ideal in cases when different features are already available at prediction time, or if the individual 

is missing these key features. Thus, we finally propose a method for clinical risk prediction which 

simultaneously generates risk prediction intervals given sparse existing information and dynamically 

suggests useful features to collect next given a patient’s current context.   
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Chapter 1. Introduction 

 

Machine learning (ML) and technological advancements in the last several decades have resulted in large 

strides in our ability to design algorithms that rival human performance1,2.  Often, these state of the art 

approaches involve training highly complex machine learning models using massive amounts of data (e.g., 

the BERT pre-trained language model3). In the biological and medical domains, we have also seen examples 

of highly successful models trained on large-scale datasets. For example, computer vision models have 

been developed to rival medical doctors in their ability to identify skin cancer from skin lesion images4 and 

diabetic retinopathy from retinal fundus photographs5 (both of which were trained on over one hundred 

thousand labeled images).  However, in many cases, problems in biomedicine involve key limitations to 

data that preclude our ability to straightforwardly train a complex ML model on a large complete dataset. 

In this work, we present multiple projects designed to address various real-world data limitations by 

leveraging the use of ML and interpretability methods to better predict, relate, and ultimately understand 

biomedical phenomena.  

Although many recent developments in machine learning methods assume the availability of large 

datasets with complete feature sets, biomedical applications often involve key data limitations. In the field 

of systems biology, we are often faced with the challenge of modeling highly complex phenomena (e.g., 

tens of thousands of genes) with limited sample sizes. Desired data is often prohibitively expensive to 

collect at large scale, and often the number of features may far exceed the number of samples. For example, 

in Chapter 2, we use brain gene expression data and Alzheimer’s disease (AD) neuropathology data, which 

may only be obtained during autopsy from individuals who have agreed to donate their brains to science. 

While this form of data is highly valuable for computational drug discovery research, such studies to gather 

these samples require large amounts of funding and tremendous generosity on the part of participants, and 

thus only a handful of studies have each collected on the order of a few hundred samples each6–10. Moreover, 

because such studies have often been conducted independently of each other, there are often inconsistencies 

in what kinds of data were collected leading to feature and label-level sparsity if one wants to combine data 

across multiple datasets for increased statistical power (as described in Chapter 2), requiring solutions that 

can accommodate lower sample size and label sparsity. 

Beyond facing the challenge of modeling complex phenomena with relatively scarce samples, 

researchers often find that results from such studies are inherently difficult to interpret. For example, many 

computational biology studies aim to identify groups of genes that are associated with or differentially 

expressed with respect to phenotypes of interest11,12.  Pathway enrichment analysis is commonly used as a 

crucial step to associate these gene-level findings with biological processes, providing both biological 
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context for genes and a systems perspective to the analysis. However, these efforts are complicated by the 

growing number of pathway databases and resources. Thus, discovery efforts may be hindered by an 

inability to understand and relate complex relationships among current biological pathways and their 

relationships with each other (Chapter 3).  

So far we have discussed limitations in developing and understanding ML models for the sake of 

scientific discovery. Shifting towards healthcare applications, we’ve seen the emergence of AI solutions 

for medical tasks such as diagnostics and risk prediction5,13.  In practice, when these models are deployed, 

they often assume that they can be applied to new samples for which we receive an equally rich set of 

features as was used during training. However, in many clinical settings, we may only have a limited amount 

of information about a person (i.e., observed features), or limited time or resources with which to gather 

more information about them (i.e., budget with which to collect features, which we explore in Chapters 4 

and 5).  

In the projects described below, we aim to address real-world biomedical data limitations by adapting 

existing ML methods towards these challenges. In this work, interpretability plays an important role in each 

project, either as a means to understand a model’s learned representation of complex relationships (e.g., 

Chapter 2), the goal itself (e.g., Chapter 3), or as way of identifying and prioritizing relevant features for a 

prediction model (e.g., Chapters 4 and 5). We present four projects ranging from molecular biology to 

healthcare applications, which each address key data limitations in the biomedical domain, and briefly 

summarize here and in Table 1:  

 A unified framework to uncover relationships between gene expression and Alzheimer’s 

disease neuropathologies using multi-task deep learning (Chapter 2). Because brain gene 

expression data is difficult to collect leading to relatively smaller data sets, we combined data from 

multiple aging cohorts along with their sparsely measured AD-related phenotypes. We jointly 

modeled several related AD phenotypes with a multi-task neural network, and were thus able to 

learn a unified representation between gene expression and neuropathology across multiple 

datasets. By interrogating the learned representations of our model with an interpretability method, 

we were further able to uncover more nuanced gene-phenotype relationships than those previously 

identified with linear models.  

 An automatic integrative method for learning interpretable communities of biological 

pathways (Chapter 3).   Although knowledge of biological pathways is essential for interpreting 

results from computational biology studies, the growing number of conflicting and redundant 

pathway databases complicates efforts to efficiently perform pathway analysis. Our method 

reconciles pathways from different databases and reduces pathway redundancy by revealing 
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informative groups with distinct biological functions via a Louvain community detection algorithm 

applied to a network of pathways from multiple databases. Our approach, combined with an 

interpretable web tool we provide, may help computational biologists more efficiently 

contextualize and interpret their biological findings.  

 Efficient and Explainable Risk Assessments for Imminent Dementia (Chapter 4). As the aging 

population grows, scalable approaches are needed to identify individuals at risk for dementia. 

Common prediction tools have limited performance, involve expensive neuroimaging, or require 

extensive and repeated cognitive testing. By experimenting with ML models trained on several 

years of clinical data, and by applying interpretability methods, we identified a set of metrics 

collected in a single visit that can accurately predict imminent dementia onset with comparable 

accuracy to a standard neuropsychological battery which would take five times longer to 

administer.   

 Explanation-guided dynamic feature selection for medical risk prediction (Chapter 5). 

Building on our efficient dementia risk prediction project above, we propose a more general method 

for evaluating health risks for an individual in settings where we have limited knowledge of their 

full feature set (e.g., a sparsely populated electronic health record). Our approach uses a fixed 

prediction model, a local feature explainer, and ensembles of imputed samples to generate risk 

prediction intervals and context-dependent feature recommendations, which we demonstrate on a 

myocardial infarction prediction task.  
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Table 1. Outline of projects’ goals and challenges, along with ML and interpretability-based solutions. For 

each project, we summarize the main challenges, introduce the machine learning and interpretability 

components of our approach, and provide a brief explanation for how those methods provide a solution to 

the challenges introduced. 

 

  

 

Project (Chapter) Challenges 
Machine learning approach Interpretability component 

 Solution 

S
y

st
em

s 
b

io
lo

g
y

 

MD-AD (2) 

Limited samples; 

 

Heterogeneous data and 

sparse labels when 

combining datasets 

Multi-task deep learning 
Integrated gradients to identify 

relevant genes for the model 

 unified model to relating gene expression and Alzheimer’s 

disease neuropathology  +  refined our understanding of the 

molecular basis of AD via model interpretations 

PAC (3) 

Unintuitive and 

inconsistent names across 

databases; 

 

High redundancy between 

pathways within and 

across databases 

Represent pathways as a 

graph  Louvain algorithm 

to learn communities of 

related pathways 

Querying new gene sets  adds  

graph context to enrichment 

results 

Graph/community-based approach  provides context of 

pathway relationships for enrichment analyses 

M
ed

ic
a

l 
r
is

k
 p

re
d

ic
ti

o
n

 

Efficient dementia 

prediction (4) 

Access to care and 

physician time is limited; 

Few elderly individuals 

receive regular cognitive 

testing 

Risk prediction model: 

Gradient boosted decision 

trees (XGBoost) 

SHAP explainer  identifies 

globally important features and 

explains individual risk 

predictions 

XGBoost + explanation-based feature selection  efficient 

dementia onset prediction with lower burden on clinicians 

Explanation-guided 

dynamic feature 

selection (5) 

Missing features at test 

time; Limited resources to 

collect features 

Model agnostic:  post-hoc 

approach involving fixed ML 

prediction model and imputer 

Feature explanations guide 

feature selection and explain risk 

estimates 

Given partially observed data, we use a fixed model + model 

explanations to generate flexible risk predictions and context-

dependent feature recommendations 
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Chapter 2. Unified AI framework to uncover deep interrelationships 

between gene expression and Alzheimer’s disease neuropathologies 

 

Deep neural networks (DNNs) capture complex relationships among variables, however, because they 

require copious samples, their potential has yet to be fully tapped for understanding relationships between 

gene expression and human phenotypes. Here we introduce an analysis framework, namely MD-AD (Multi-

task Deep learning for Alzheimer’s Disease neuropathology), which leverages an unexpected synergy 

between DNNs and multi-cohort settings. In these settings, true joint analysis can be stymied using 

conventional statistical methods, which require “harmonized” phenotypes and tend to capture cohort-level 

variations, obscuring subtler true disease signals. Instead, MD-AD incorporates related phenotypes sparsely 

measured across cohorts, and learns interactions between genes and phenotypes not discovered using linear 

models, identifying subtler signals than cohort-level variations which can be uniquely recapitulated in 

animal models and across tissues. We show that MD-AD exploits sex-specific relationships between 

microglial immune response and neuropathology, providing a nuanced context for the association between 

inflammatory genes and Alzheimer’s Disease.* 

   

Introduction 

Alzheimer’s disease (AD), the sixth leading cause of death in the United States, is a degenerative brain 

condition with no known treatment to prevent, cure, or delay its progression. Primary challenges to  treating 

and preventing AD include extensive heterogeneity in the clinicopathologic state of older individuals14 and 

limited knowledge about genetic and molecular drivers and suppressors of AD-related (amyloid and tau) 

proteinopathies and AD dementia15. Recent efforts to identify molecular mechanisms underlying AD and 

its progression focus on two complimentary approaches. First, the assembly of large genome-wide 

association studies (GWAS) (N>100K subjects) enabled case/control analyses of genetic variants correlated 

with a clinical diagnosis of AD. Interestingly, some identified variants have implicated tau protein binding, 

amyloid precursor protein (APP) metabolism or immune pathways that play a role in their aggregation 

and/or uptake16–18. These results reinforce the need for detailed investigations of the drivers of 

neuropathological variation across individuals. Second, moderate-scale post-mortem transcriptomic studies  

                                                           
* This paper was joint work with Safiye Celik, Ethan Weinberger, Pascal Sturmfels, Philip L. De Jager, Sara 

Mostafavi & Su-In Lee. It has been published in Nature Communications 129.  
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Figure 2.1. Overview of the MD-AD (Multi-task Deep learning for Alzheimer’s Disease neuropathology) method and 

analyses. (a) Overview of the MD-AD framework: MD-AD is trained to predict six neuropathology phenotypes 

simultaneously from brain gene expression samples. During model training, samples do not need to have all available 

phenotypes; they influence only the layers for which they have labels (including shared layers). (b) Illustrates out-of-

sample datasets we used to validate MD-AD’s predictions. (c) Illustrates analyses used to validate the last shared layer 

of MD-AD. (d) By using model interpretability methods, we highlight genes relevant to MD-AD’s predictions. Further 

analyses reveal non-linear effects among genes and their relationship with AD severity prediction. (e) Overview of 

data available from each cohort. 

 

 

have investigated molecular correlates of a richer set of phenotypic and neuropathological outcomes8,19–21. 

Early work in this domain examined pairwise correlations among gene expression levels and AD related 

traits22 or a diagnosis of AD23. More recent attempts have focused on learning statistical dependencies 

among gene expression using AD expression data collected from one cohort in order to infer gene regulatory 

networks19 or co-expressed modules 8 associated with AD related phenotypes (see Methods for details). 

The relative scarcity of brain gene expression data collected from each cohort has posed a challenge to the 

use of complex models, such as deep neural networks. 

The collection of postmortem brain RNA-sequencing datasets, assembled by the AMP-AD 

(Accelerating Medicines Partnership Alzheimer's Disease) consortium, provides a unique opportunity to 

combine multiple data sets in an integrative analysis. Previous work has applied existing co-expression 

methods to each dataset and used consensus methods to identify consistent gene expression modules across 

datasets21. To our knowledge, there has not yet been a unified approach to learn a single joint model that 

incorporates multiple AMP-AD datasets, which would enable the use of all samples to capture intricate 

interactions between gene expression levels and neuropathological phenotypes. A unified approach has 

been hindered by: (1) the need for “harmonized” phenotypes consistently measured across datasets, and (2) 

the limitation of current analysis methods that focus on linear relationships between variables (e.g., module 

analysis21) which capture only broad  patterns in gene expression data. These often correspond to cohort-

level variations which consequently obscure true disease signals24. To circumvent this issue, one approach 

has been to identify modules separately across brain regions and cohorts before performing using a 

consensus approach to cluster them21. 

Here, we develop MD-AD (Multi-task Deep learning for Alzheimer’s Disease neuropathology), a 

unified framework for analyzing heterogeneous AD datasets to improve our understanding of an expression 

basis for AD neuropathology (Figure 2.1a-d). Unlike previous approaches, MD-AD learns a single neural 

network by jointly modeling multiple neuropathological measures of AD (Figure 2.1a), and hence it 

incorporates the largest collection of postmortem brain RNA-sequencing datasets assembled to date. The 
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combined AMP-AD dataset contains 1,758 samples distributed across 9 brain regions which are labeled 

with up to six neuropathological outcomes that are sparsely available across cohorts (Figure 2.1e). This 

unified framework has key advantages over separately trained models. First, MD-AD can accommodate 

sparsely labeled data, which is a natural characteristic of datasets aggregated through consortium efforts 

(Figure 2.1e). Even if different phenotypes only partially overlap in the measured samples, each sample 

contributes to the training of both phenotype-specific and shared layers (Figure 2.1a). Predicting multiple 

outcome variables at once biases shared network layers to capture relevant features of all those outcome 

variables (here, neuropathological phenotypes) at the same time25. This is of critical importance in our 

application: each neuropathological phenotype represents a different noisy measurement of the same 

underlying true biological process, and, as we demonstrate, joint training with these phenotypes allows 

MD-AD to average out the noise to extract the true hidden signal. Additionally, the increased sample size 

from combining cohorts (in our case, doubling the number of samples available from any individual study) 

facilitates using deep learning models, which are expressive and able to capture complex non-linear 

interactions among features. By composing layers of functions, deep neural networks collapse correlation 

patterns present in input data at intermediate layers in a way that is useful for prediction26. In particular, 

multi-layer perceptrons (MLPs) have been used to effectively perform disease classification and prediction 

from gene expression data27–29. However, training separate MLPs for each neuropathological phenotype 

(Supplementary Figure 2.1a) has limited scope: it can utilize only the samples measured for a specific 

phenotype, and it cannot share information across related phenotypes. We demonstrate that MD-AD’s joint 

training approach improves prediction accuracy, enabling its predictions to generalize across species and 

tissue types (Figure 2.1b).  

An obvious drawback of deep neural networks is their black-box nature, making it difficult to 

biologically interpret gene-phenotype associations that have been learned by a model. We present two ways 

to address this challenge. First, MD-AD adopts a well-known feature attribution method30, which quantifies 

how much each input variable (here, gene expression level) contributes to a prediction (here, a 

neuropathological phenotype) to identify genes and pathways relevant to each neuropathological phenotype 

(Figure 2.1d). Second, because MD-AD is a deep learning model, we can interpret its intermediate layers 

as biologically relevant high-level feature representation of gene expression levels and its predictions as the 

amalgamation of AD-specific molecular markers. The last shared layer of MD-AD can be viewed as a 

supervised embedding influenced by each neuropathological phenotype used during training. Thus, by 

interpreting this layer’s embedding, we gain understanding of model components and high-level 

dependencies between expression and neuropathology (Figure 2.1c). We identify globally important genes 
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not previously implicated in linear methods and then perform sex-specific analyses to explore implicitly 

captured non-linear effects among genes and their differing relationship with AD severity predictions.  

In sum, the MD-AD framework makes the following contributions: (1) It is able to effectively 

impute accurate AD neuropathological phenotype predictions from broad compendia of heterogeneous 

brain gene expression data; (2) it produces learned representations that are more robust than separately 

learned models, improving generalizability to other datasets, species, and even tissue types; (3) it provides 

an improved understanding of inter-relationships among molecular drivers of AD neuropathology that is 

missed by linear methods; and (4) from a biological standpoint, MD-AD highlights a sex-specific 

relationship between microglial immune activation and neuropathology. 

Results 

MD-AD provides a unified framework to learn a single model of multiple neuropathological 

phenotypes across multiple cohort datasets 

The MD-AD model takes as input brain gene expression profiles and simultaneously predicts several AD-

related neuropathological phenotypes (Figure 2.1a). In particular, the model is trained on expression data 

from the ROSMAP 6–8, ACT 9 and MSBB 10 cohort studies, which together have 1,758 gene expression 

profiles for 925 distinct individuals (with no participant overlap between cohorts). These data are 

normalized for study batch (Methods, Supplementary Figure 2.1d) 31. As shown in Figure 2.1a, the MD-

AD model simultaneously predicts six AD-related neuropathological phenotypes: three related to amyloid 

plaques and three to tau tangles. The former include: (1) Aβ IHC: amyloid-β protein density via 

immunohistochemistry, (2) NPs: neuritic amyloid plaque counts from stained slides, and (3) CERAD score: 

a semi-quantitative measure of neuritic plaque severity 32. The latter include: (4) τ IHC: abnormally 

phosphorylated τ protein density via immunohistochemistry, (5) tangles: neurofibrillary tangle counts from 

silver stained slides, and (6) Braak stage: a semi-quantitative measure of neurofibrillary tangle pathology 

33. Thus, MD-AD generates six highly related predictions simultaneously and covers each of the two main 

hallmarks of AD neuropathology (plaques and tangles) at three levels of granularity. The three studies 

measure partially overlapping subsets of the six neuropathological phenotypes described above (Figure 

2.1e, Figure 2.1a, Supplementary Figure 2.1a and Supplementary Tables 2.1-2.2), so across our combined 

dataset some variables are sparsely labeled, although Braak and CERAD are each measured in all studies 

(Figure 2.1e). During training, the MD-AD model continually updates model parameters via 

backpropagation, but only for labeled phenotypes from a given sample. Thus, for each phenotype for a 

given sample, MD-AD updates parameters from associated separate layers along with all shared layers.  
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Figure 2.2. MD-AD prediction performance for within-sample test data and out-of-sample (external validation) data. 

(a) Average test set 1-R2
CV (prediction error metric calculated by dividing the mean squared error by the label’s 

variance) for phenotype predictions across 5 test splits (values from each run as dots). MLP: Multiple Layer 

Perceptron. Linear: linear model using L2 regularization (2-sided paired t-test comparing alternative methods with 

MD-AD, p-values:  *<.05, **<.01, ***<.001; n=5 runs of each method). (b) Average 1-R2
CV  for ROSMAP test set 

samples when training on subsets of the available data sets in the training set. (c)  For samples from three external 

validation data sets, we obtain neuropathology scores for each sample from each model. Left: Box plots displaying the 

distribution of predicted neuropathology scores from each method. T-test highlight between-group differences for 

each method (2-sided independent t-test, ***p<.001) Right: Box plots displaying the distribution of MD-AD’s 
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predicted neuropathology scores split by age group and diagnosis (see Supplementary Figure 4b for sample sizes 

broken down by age and diagnosis and significance of pair-wise differences). Test statistics were calculated based on 

565 AD cases and 482 controls. All box plots in this figure indicate median (center line), upper and lower quartiles 

(box limits), 1.5x interquartile range from quartiles (whiskers), and outliers (points). (d) Left: Box plots displaying the 

distribution of predicted neuropathology scores from each method for wild type and TASTPM (both heterozygous 

and homozygous) mice. T-tests highlight between-group differences for each method (2-sided t-test, p-values:  *<.05, 

**<.01, ***<.001). Right: Box plots displaying the distribution of MD-AD’s predicted neuropathology scores for mice 

split by age and strain (See Supplementary Figure 4c for sample sizes and significance of pair-wise differences). 

Test statistics were calculated based on 72 wild type, 32 heterozygous TASTPM and 30 homozygous TASTPM mice 

(same box plot elements as described in part b).  

 

 

This lets us train a unified model from all available samples despite having many missing labels. Although 

in our application neuropathological phenotypes overlapped across datasets, MD-AD could accommodate 

non-overlapping phenotypes from different cohorts (as long as they are believed to be closely related and 

share a common underlying gene expression basis). Details of the MD-AD framework, modeling 

assumptions, and hyperparameter tuning are provided in Methods. 

MD-AD accurately predicts neuropathology from gene expression, and its predictions are 

generalizable to external datasets. 

 In the first pass at model evaluation, we trained MD-AD using standard five-fold cross-validation (CV), 

and assessed the average 1-R2
CV error (mean squared error divided by the phenotype’s variance in the test 

set) on the held-out test samples (Figure 2.2a). Our hyperparameter tuning and evaluation procedures are 

described in detail in the Methods and Supplementary Figure 2.1e. We compared MD-AD to two simpler 

baseline models: a regularized linear model (ridge regression) and a single output deep neural network 

(MLP). These alternative results helped us assess two significant components of the MD-AD model: (1) its 

non-linear modeling of the relationship between gene expression and neuropathological phenotypes, and 

(2) its joint modeling of multiple related neuropathological phenotypes. In general, MLP models 

outperformed linear models, highlighting the advantage of deep learning over a linear approach. 

Furthermore, compared to the MLP models, MD-AD reduced the prediction error by 7% for CERAD score, 

13% for Braak stage, 7% for NPs, 25% for tangles, 10% for Aβ immunohistochemistry (IHC), and 14% for 

τ IHC (Figure 2.2a). Interestingly, MD-AD showed its largest performance gain for the tangles variable, 

which also had the most missing labels (Figure 2.1e), highlighting a specific advantage of joint learning for 

sparsely labeled data. We additionally experimented with some alternative approaches (e.g., different 

training/test splits, covariate-corrected data) and found that performance results were robust to these 

changes (Methods).  
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Because our model was trained and evaluated on ACT, MSBB, and ROSMAP datasets, we assessed 

whether residual (uncorrected) batch effects affected performance. To do so, we performed additional 

validation experiments by leaving out specific datasets during training and then evaluating their 

performance for MD-AD trained on the other datasets (Figure 2.2b, Supplementary Figure 2.2a). We 

evaluated the prediction error for ROSMAP alone since it was the only dataset with all six phenotype labels; 

further, by evaluating a single dataset’s performance, we can identify the influence of adding “external” 

data. We make several observations from this analysis. First, as one may expect, larger training samples 

always helped to reduce prediction error on test samples from the unseen study (ROSMAP), and especially 

so when datasets from multiple cohorts were included in the training (i.e., ACT and MSBB) (circular 

markers in Figure 2.2b). Second, when considering the effects of augmenting ROSMAP data with other 

datasets during training (diamond markers in Figure 2.2b), we observed that errors initially increased when 

adding a new dataset but tended to decline as more datasets were included in training. This may result from 

small differences in labeling conventions across studies, or batch effects in gene expression data. However, 

we find that the benefits of additional heterogeneous samples ultimately outweigh potential batch effects in 

prediction performance. Third, we observed that adding new samples improved performance for a 

neuropathological phenotype even when the phenotype in question was not measured in the new samples 

(see gray footprints around markers in Figure 2.2b). The same analysis repeated with the other two cohorts 

as test sets revealed similar findings (Methods, Supplementary Figure 2.3). This suggests that the shared 

representation learned by MD-AD (which is improved by access to additional sparsely labeled samples) 

captures the underlying biological signal common across noisy neuropathological phenotype 

measurements. 

Next, as the ultimate test of MD-AD out-of-sample predictions, we assessed performance on three 

independent studies never seen by the model: Mount Sinai Brain Bank Microarray (MSBB-M; N=1,047;  

565 AD cases and 482 controls), Harvard Brain Tissue Resource Center (HBTRC; N=338; 246 AD cases 

and 92 controls)19, and Mayo Clinic Brain Bank (N=157;  81 AD cases and 76 controls)34. Because these 

datasets provide a sparse set of neuropathological labels, we evaluated whether MD-AD predictions were 

consistent with the (binary) neuropathological diagnosis of AD by calculating “MD-AD neuropathology 

scores” for each sample (by averaging ranked predictions across the six neuropathological phenotypes).  

As shown in Figure 2.2c, we observed a highly significant difference in predicted neuropathology 

scores between AD cases and controls (two-sided t-test: t= 22.98, p<0.001), and these differences were 

more pronounced for MD-AD compared to the other baseline models (results split by dataset are shown in 

Supplementary Figure 2.4a). More convincingly, when split by age group (Figure 2.2c right panel), we 

consistently observed a significant increase in predicted neuropathology for AD vs control samples, but the 
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difference was largest in individuals under 75 (between-groups p-values are shown in Supplementary 

Figure 2.4b. The same analysis comparing APOE ε4 carriers to non-carriers revealed a similar pattern, 

shown in Supplementary Figure 2.5). This is consistent with the observation that aging individuals who are 

cognitively non-impaired often have substantial neuropathology9. Together, these results indicate that MD-

AD can identify generalizable gene expression patterns that are predictive of AD-related neuropathology 

across varied age ranges, and thus it is unlikely that these patterns merely capture normal aging. 

Complex transcriptomic predictors of neuropathology are conserved across species. 

We next evaluated how well MD-AD’s learned expression patterns predictive of neuropathology 

recapitulated neuropathology in mouse models. We applied MD-AD trained on human datasets to make 

predictions based on 30 brain (hippocampal and cortical) gene expression samples from TASTPM mice 

that harbored double transgenic mutation in APP and PSEN1 and compared the predictions to those for 76 

samples from wild type mice35,36. We focused on TASTPM mice since they were found to robustly exhibit 

early signs of amyloid aggregation and plaque formation. As above, to simplify MD-AD predictions, we 

then predicted all six neuropathological phenotypes via MD-AD and generated an aggregate 

“neuropathology score” per mouse sample (as described in Methods).  

As shown in Figure 2.2d, MD-AD predicted significantly higher neuropathology scores for the 

homozygous cross TASTPM than wild type mice (two-sided t-test: t=3.45, p <.001). The MLP baseline 

method also produced significant differences between homozygous and wild type mice, but less effectively 

(t=3.01, p<.01). Furthermore, there was a stronger trend for higher predictions in the heterozygous 

TASTPM cross samples (N=32) than wild type mice for MD-AD (t=1.38, p=.17) compared to MLP 

baselines (p=.38). The linear baseline model failed to make accurate predictions. None of the models 

produced significantly different neuropathology scores between other strains (i.e., TPM, TAS10, Tau) and 

wild type mice, consistent with lower neuropathological burden in these models (Supplementary Figure 

2.4e). Notably, when we stratified the samples by age, we found that MD-AD tended to predict higher 

neuropathology in older mice (regardless of strain), but in particular it made higher neuropathology 

predictions for homozygous than heterozygous crosses followed by wild type mice (many of these groups 

differed significantly from one another, as shown in Supplementary Figure 2.4c). Overall, these results 

indicate that MD-AD learns a generalizable expression pattern associated with neuropathology that is 

conserved across species. 
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Deep transcriptomic signatures of neuropathology are predictive of AD dementia 

Hidden layers of a deep neural network capture the embedding of input examples in the derived feature 

space, yielding a “hidden” representation that is predictive of the outcome(s) of interest. In this case, the 

last shared layer of MD-AD (Figure 2.1a, c) captures a latent (lower) dimensional representation of gene 

expression that is predictive of multiple types of neuropathology related to AD. To derive the biological 

basis of MD-AD predictions, we first visualized this embedding space in 2D using the t-SNE algorithm 

(Figure 2.3a)37 (to improve stability, we used a consensus approach over many re-trainings of the MD-AD 

model, Supplementary Figure 2.6a). We observed that the representation in this space was impressively 

coherent with respect to all six neuropathological variables: individuals with similar overall neuropathology 

severities had similar MD-AD consensus representations for their gene expression profiles, and this 

observation was true for external test samples not used for model training (Figure 2.3d-e, Supplementary 

Figure 2.4d).  This was remarkable because representations derived by unsupervised dimensionality 

reduction (e.g., K-means or PCA) failed to capture the components of gene expression relevant to 

neuropathology, and mainly captured effects relatable to batch or brain region differences, while those 

derived by standard single output MLP tended to overfit to each neuropathology variable and were 

incoherent across neuropathological measurements (Figure 2.3c and Supplementary Figure 2.7).  

Next, we evaluated whether the MD-AD embedding can go beyond neuropathology to also capture 

the molecular manifestation of AD dementia. In particular, we considered three “higher-level” clinical 

phenotypes: AD dementia (a clinical diagnosis of AD), assessment of cognitive function, and assessment 

of AD duration. We then correlated the latent representation captured by the hidden nodes in the last shared 

layer with each of these three higher-level phenotypes. As shown in Figure 2.3b, we found that MD-AD 

consistently produced nodes that were significantly correlated with high-level AD phenotypes; using paired 

t-tests, these correlations often outperformed nodes from our MLPs and always outperformed unsupervised 

methods and module-based approaches (p<.05 after FDR correction over nodes). This indicates that MD-

AD creates embeddings that most consistently capture the relationship between gene expression and general 

AD severity. Together, these results show that by jointly predicting several neuropathological phenotypes, 

the MD-AD framework produces a low dimensional representation of gene expression data that robustly 

captures a generalizable signature of AD beyond individual neuropathological phenotypes alone.  Detailed 

annotations for MD-AD embedding nodes are provided in Supplementary Table 2.3 and Supplementary 

Figure 2.6b-d. 
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Figure 2.3. Comparing MD-AD’s supervised embedding to other embedding methods. (a) For each colored box, Left: 

2-dimensional t-SNE embedding of MD-AD’s last shared layer colored by neuropathological phenotype indicated in 

the title of the box, Right: -log10(p-value) of correlations (averaged across 5 folds) between “best” node from each 

embedding method and the neuropathological phenotype across 5 test folds. The “best” node was identified as the 

most significantly correlated in the training set, but bar height indicates the Pearson correlation -log10(p-value) of the 

node with the phenotype in their corresponding test sets after FDR correction across nodes (averaged results over five 

runs; individual points show –log10(p-value) from each run). Bar graph columns (left to right): two unsupervised 

embeddings (green; K-Means and PCA), three module-based embeddings (orange; Modules #119 and Modules #28, 

and Modules #321), six singly-trained MLPs (blue), and MD-AD (red). Results from each method were compared with 

MD-AD using two-sided paired t-tests (p-values indicated below each bar:  *<.05, **<.01, ***<.001). (b) Highest 

correlation -log10(p-values) (averaged across 5 folds) found between each embedding method and high-level AD 

variables: dementia (diagnosis prior to death), dementia duration (approximate time between dementia diagnosis and 

death; available for ACT and ROSMAP), and last available cognition score (controlling for age, sex and education; 

available for ROSMAP only).  All p-values listed are shown after FDR correction over the nodes within each method. 

Bar height indicates the mean over 5 folds, and points show individual values from each run. (c) 2-dimensional t-SNE 

embedding of alternative embedding methods (described in a), colored by CERAD scores associated with each 

sample. (d) 2-dimensional t-SNE embeddings of MD-AD embeddings for training and external data sets. Each point 

represents a sample colored by dataset (Left), AD status for external samples (Middle) and MD-AD’s predicted 

neuropathology score (Right). (e) 2-dimensional t-SNE embeddings of MD-AD embeddings for external human and 

mouse samples.  

 

 

MD-AD reveals an interrelationship between sex and immune genes predictive of AD neuropathology 

We next sought to interpret MD-AD’s learned parameters to identify the set of genes (and their 

relationships) that underlie its impressive predictive performance. Integrated Gradients (IG)30, one of the 

most widely used interpretability methods developed for deep neural networks, estimates the importance 

of input features on a model’s predicted output for a particular input sample (See Methods for details).  

Here, we applied the IG algorithm on the fully trained model in an ensemble fashion to ensure robustness 

(Methods, Supplementary Figure 2.8), producing an “importance score” for each gene (Supplementary 

Table 2.4). For a global view, we first performed functional enrichment analysis (GSEA38,39) using these 

importance scores (aggregated across samples), and found that relevant genes for the MD-AD model were 

enriched for several pathways, including metabolism of RNA and proteins, immune system, cell-to-cell 

communication, and signal transduction (Figure 2.4b). Figure 2.4a shows the top 50 genes and their 

pathway annotations where the particular relevance of immune function is even more prominent.  

We next assessed to what extent the learned gene importance varied between a linear model and a 

non-linear model like MD-AD. With a simple linear correlation-based gene ranking (Methods), we found 

that the top 50 genes were less likely to be annotated to REACTOME pathways (Supplementary Figure 

3.9a). When we directly compared the top 1% of genes from MD-AD versus a correlation-based approach 

in Figure 2.4c, we observed that many genes belonging to metabolism, immune system, and signal  
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 Figure 2.4. Top predictive genes for the consensus MD-AD model. (a) Top 50 MD-AD genes and whether they are 

negatively (-) or positively (+) associated with high neuropathology.  Colored squares indicate that the gene belongs 

at least one pathway in the column-labeled REACTOME category. (b) Gene set enrichment -log10(p-value) across 

the final MD-AD gene ranking for REACTOME pathways. Bars are colored by the pathway’s REACTOME category. 

We show all pathways with significant enrichment (p<.01).  REACTOME pathways with long names are indicated 

by their REACTOME stable IDs. (c) Comparison of top genes from MD-AD vs a linear correlation-based approach. 

For each ranking method, we identify the top 1% of all genes and check their membership in REACTOME categories. 

For each REACTOME category with at least 15 genes in the top 1% of MD-AD and/or correlation rankings, we 

generate the following plot: each line represents a gene, with left endpoint at the percentile rank for MD-AD and right 

endpoint at percentile rank for correlations. For clarity, we color the line purple if the gene falls in the top 1% of both 

MD-AD and correlations, red if it is only in the top 1% of MD-AD, and blue if it is only in the top 1% of correlations. 

Finally, the title indicates the ratio of MD-AD to correlation-based top genes for the given REACTOME category.  

 

 

transduction pathways were highly ranked for MD-AD but not for correlation-ranking. In contrast, 

transcription-related genes were more frequently highly ranked for correlation-based rankings compared to 

MD-AD’s rankings. Overall, gene importance scores generated via correlations alone were enriched for 

more REACTOME pathways (Supplementary Figure 2.9b), whereas MD-AD offered a more specific set 

of processes for further investigation (Figure 2.5b). We saw similar results when performing the same 

analyses with KEGG pathways (Supplementary Figure 2.10)40.  

The nonlinear relationships identified by MD-AD can implicitly capture interaction effects with 

other covariates observable from expression data (e.g., sex, age, medication intake). Leveraging the fact 

that, if our model captures a nonlinear effect, then two samples with the same expression level for a single 

gene could receive different IG (“importance”) scores by MD-AD (e.g., Figure 2.5d; in contrast, a linear 

model would have no vertical dispersion), we assessed whether a covariate like sex could explain 

discrepancy between expression levels and IG scores. (Sex is a major risk factor in AD and has prominent 

gene expression signatures41). In particular, to identify sex-interacting genes relevant to AD we modeled 

each gene’s per-sample IG score as a linear combination of the gene’s expression, the individual’s sex, and 

the interaction between them. Of the 14,591 genes in our dataset, 6,465 showed differential MD-AD 

importance between sexes in an interaction model (p<0.05 after FDR correction), demonstrating that sex-

specific expression effects in AD may be widespread.  When focusing on the top 100 genes with the highest 

MD-AD scores, we consistently observed high degrees of interaction between sex and immune system 

genes (as well as reproduction and hemostasis-related genes) (Figure 2.5a-b; we saw similar patterns for 

KEGG pathways in Supplementary Figure 2.11b-c). To confirm that genes are not sex-differential by 

chance, we show the distribution of sex-differential genes compared with the same analysis conducted with 

shuffled sex labels (Supplementary Figure 2.11a). 
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Figure 2.5. MD-AD’s top genes and their interactions with sex. (a) For the top 100 MD-AD genes, we compute the 

significance of the interaction between expression and sex for its MD-AD score. The bars indicate the gene’s –log10(p-

value) of the interaction term with sex (after FDR correction), and pathway categories each gene belongs to are 

indicated below. A filled square indicates that the gene significantly interacts with sex (p<.05 after FDR correction), 

and an “x” marker indicates that it does not. (b) For genes with significant sex interactions, we compute the 

significance of the overlap between REACTOME category genes and sex-differential genes among:  Left:  all genes, 

and Right: the top 100 MD-AD genes only.  (c) For the top 100 MD-AD genes, we identify the genes with the most 

significant sex interaction for MD-AD scores. We show the significance of the interaction (Top) and the interaction 

coefficients (Bottom) for the top 6 most sex-differential genes. Each gene’s MD-AD rank is indicated in their x-axis 

labels (d) For the top 6 most-sex differential top 100 MD-AD genes, we display scatter plots of expression by MD-

AD score, coloring each sample by sex of the donor. 

 

 

We next explored specific examples of genes with high MD-AD rankings and strong interactions 

with sex (i.e., the six genes from the top 100 MD-AD list with the strongest interaction p-values; Figure 

2.5c-d): KNSTRN, C4B, CMTM4, TREM2, P2RY11, and SERPINA3. For each of these genes, we observed 

high expression values associated with higher neuropathology predictions but some stratification across 

sexes: high expression in females led to especially high neuropathology predictions for KNSTRN and 

P2RY11, while the opposite was true for the other four genes. Our finding that immune genes display sex-

differential contributions to MD-AD scores appears to be consistent with conclusions from recent studies 

about sex differences in neuroinflammatory activity and the role these differences may play in 

neurodegenerative disorders42. 

We note that some of our top sex-interacting genes may play important roles in immune response, 

particularly in microglia. TREM2, which is genetically implicated in AD, interacts with CD33 (another AD 

susceptibility gene)43, is an important contributor in the clearance of toxic Amyloid-β by microglia in 

mice44, and is correlated with Aβ deposition in the human brain43.  Similarly, KNSTRN is known to be 

upregulated in mouse microglial cells’ early response to neurodegeneration45. These findings indicate that 

MD-AD may capture patterns related to sex-differential microglia activity. To explore this idea further, we 

obtain lists of upregulated genes from nine clusters of single cell microglial transcriptomes46, and compare 

them to our MD-AD gene rankings. As expected, many top MD-AD genes are upregulated in multiple 

microglial clusters (Figure 2.6a); correlation-based methods ranked these microglial genes less highly 

(Supplementary Figure 2.11d). Furthermore, genes upregulated in clusters related to stress, immune 

function and proliferation tended to be sex-differential in their gene importance (Figure 2.6b), further 

strengthening the finding that sex differences in immune response and inflammation may be an important 

factor in the molecular basis of age-related neuropathology.  
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Figure 2.6. MD-AD’s reliance on microglial cluster genes and gene set signatures. (a) Bars indicate the gene’s –

log10(p-value) of the interaction term with sex (after FDR correction), and gene membership in microglial cluster 

gene sets from Olah et al.46 is indicated below. A filled square indicates that the gene significantly interacts with sex 

(p<.05 after FDR correction), and an “x” marker indicates that it does not. (b) For genes with significant sex 

interactions, we compute the significance of the overlap between microglial cluster genes and sex-differential genes 

among:  Left:  all genes, and Right: the top 100 MD-AD genes only. (c) Gene set enrichment -log10(p-value) across 

the final MD-AD gene ranking for cell type signatures20.  

 

 

To more broadly identify possible cell-type specific effects of MD-AD’s important genes, we tested 

for the enrichment of 41 different cell type clusters (across six cell types) found by a single cell 

transcriptomic analysis of AD20. Here, we found an enrichment of 2 different microglia clusters, as well as 

astrocytes and inhibitory neuron clusters (Figure 2.6c). Hence, MD-AD’s predictions of neuropathology 

rely on broader transcriptomic events beyond microglia genes, suggesting a heterogeneity in the underlying 

molecular biology that is predictive of accumulation of AD-related neuropathology.  
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Complex transcriptomic predictors learned by MD-AD are conserved across tissues. 

Although MD-AD was developed for brain gene expression data, we next asked whether the learned 

transcriptomic signatures generalize to blood. To this end, we applied our brain-trained MD-AD model to 

gene expression datasets from two batches of the AddNeuroMed cohort, which we called Blood1 and 

Blood2 (n=711; NCBI GEO database accessions GSE63060 and GSE63061, respectively; 

[https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE63060 and 

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE630601] summarized in Supplementary Table 

2.5)47,48. As shown in Figure 2.7a, MD-AD predicted significantly higher neuropathology scores for 

individuals with both mild cognitive impairment (MCI) (two-sided t-test: t=7.34, p <.001) and AD dementia 

(two-sided t-test: t=5.87, p <.001) compared to cognitively normal controls (CTL). Consistent with external 

brain samples shown in Figure 2.2d and 2f, MD-AD predictions tended to increase with age for cognitively 

normal individuals, while they were consistently significantly higher for MCI and AD individuals compared 

to controls for individuals under 80 years old (Figure 2.7b, Supplementary Figure 2.12b). Importantly, we 

noted that a linear model failed to make meaningful predictions (Figure 2.7a and Supplementary Figure 

2.12a), suggesting that complex models like MD-AD have better performance in extracting the true 

underlying signal transferrable between tissues than linear models. 
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Figure 2.7. MD-AD’s transfer performance for blood gene expression data sets. (a) Box plots show neuropathology 

predictions from each method split by cognitive status. From left to right, individuals who are cognitively normal 

(CTL), have mild cognitive impairment (MCI), and Alzheimer’s dementia (AD). T-tests highlight significantly 

different groups within each method (2-sided t-test, ***p<.001). All box plots in this figure indicate median (center 

line), upper and lower quartiles (box limits), 1.5x interquartile range from quartiles (whiskers), and outliers (points). 

N=238 CTL, 189 MCI, 284 AD samples. (b) Box plots show the differences in MD-AD predicted neuropathology 

samples from individuals stratified by age group and cognitive status (Significant differences are shown in 

Supplementary Figure 2.12b; n=238 CTL, 189 MCI, 284 AD samples) (same box plot elements as described in part 

a). (c) t-SNE embedding of last shared layer from MD-AD models trained for Blood1 and Blood2 datasets. Samples 

are colored by their dataset (Left), cognitive status (while brain samples are shown in grey; Middle), and predicted 

neuropathology score (Right).  

 

 

Next, we evaluated whether the patterns captured by the MD-AD model were consistent across 

training brain gene expression samples and blood. To this end, we again visualized MD-AD’s learned 

embedding using the t-SNE algorithm (Figure 2.7c). We noted a clear difference in expression patterns 

between blood and brain samples (as seen by the clustering of blood samples in Figure 2.7c); however, 

MD-AD nevertheless produced an embedding for blood data that stratified blood samples along predicted 

neuropathological phenotypes in a manner highly consistent with the blood donor’s cognitive status (Figure 

2.7c; Supplementary Figure 2.12c). Together, these analyses indicate that jointly learning the relationship 

among brain gene expression and several neuropathological phenotypes may allow for learned 

representations that span tissues. This in turn can open avenues for early identification of individuals at 

risk, and provide clues into tissue-agnostic molecular mechanisms underlying AD dementia.  

Discussion 

We introduce MD-AD, a deep neural network approach for jointly modeling the relationship between brain 

gene expression data and multiple sparsely labeled neuropathological phenotypes in a multi-cohort setting. 

By exploiting the synergy between deep learning and a multi-cohort, multi-task setting, we demonstrated 

that MD-AD can capture complex, non-linear feature representations that are not learned using 

conventional expression data analysis methods. Specifically, we observed that multi-task learning improves 

prediction performance over singly trained models. Adding data from different cohorts improves 

performance for various neuropathological phenotypes, even those that lacked labels.  When we extended 

our method to other datasets, it captured AD-related biological signals, showing that MD-AD can transfer 

effectively to out-of-cohort, out-of-species (mouse), and even out-of-tissue (blood) datasets.  

As a neural network framework, MD-AD’s last shared layer embedding reveals high-level features 

of gene expression that are predictive of neuropathology according to the intermediate components of the 
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model. As expected, due to multi-task supervision, our embedding nodes tend to relate to AD-associated 

neuropathology far more effectively than do standard unsupervised approaches and earlier reported 

(unsupervised) module-based approaches.  Compared to singly task-supervised neural networks, MD-AD’s 

joint training consistently provided a more stable and coherent AD-related embedding. By exploring the 

molecular pathways relevant to each node, we identified relevant gene sets contributing to these high-level 

AD-related features of gene expression.  

Finally, we leveraged the complex relationships learned by MD-AD to refine our understanding of 

the molecular drivers of AD neuropathology. By interpreting genes relevant to our model’s predictions, we 

uncovered that MD-AD relied on many genes not found in earlier linear-based methods, including several 

immune genes. These findings expand the general narrative established by human genetic studies of AD 

and now a proteomic study of AD49; in particular, we see enrichment for complement pathway genes (Figure 

2.4) which likely connect with the role of the complement receptor 1 (CR1) gene which harbors an AD 

susceptibility variant whose functional consequences remain poorly understood but do include an influence 

on the accumulation of neuritic plaque pathology50–53. Thus, MD-AD results converge with human genetic 

results to emphasize the role of complement in AD; interestingly complement protein C4B emerges as one 

of the top pathology-related genes that display a strong interaction with sex, with men showing a much 

stronger association than women (Figure 2.5c). This is similar to the behavior of TREM2, another well-

validated AD susceptibility gene (Figure 2.5c); however, its relation to amyloid pathology in ROSMAP 

data was previously reported as being modest43. MD-AD was able to uncover its more prominent role in 

transcriptional data, which is obscured by its sex-dependent nature. Likewise, women reported to have 

higher expression of a signature of aged microglia in these data42, and two modules of co-expressed cortical 

genes enriched for microglial genes and associated with amyloid (module m114) or tau (module m5) 

pathology are also influenced by sex54. However, the role of neither group of genes is explained by sex; this 

indicates that the role of sex in the impact of the immune system in AD is complex. MD-AD was able to 

uncover this complexity more effectively, as is illustrated in Figure 2.5c where some genes have greater 

effects in men and others in women. Thus, it is not the case that role of the immune system is polarized in 

one of the two sexes; rather, some pathways and perhaps certain cell subsets may have a larger role in 

women while others are dysfunctional in men. This could explain why the role of immune genes is more 

prominent in our analyses: reports from simpler linear models often included immune pathways8,19,55,56 but 

other pathways usually figured more prominently in these earlier RNA-based network models. A meta-

analysis of RNA studies (which include the ROSMAP data) highlighted the larger number of sex-influenced 

genes among the AD-associated gene modules and noted that microglial cells appear to be enriched for 

both male and female-specific expression effects. We note that like any other machine learning-based model 
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applied to observational data, we are unable to directly infer causality in our framework, as both gene 

expression and neuropathology data used for MD-AD were collected from post-mortem brains. 

Nevertheless, with our list of results and our careful evaluation of sex effects we now have an important 

road map with which to guide our exploration of the role of microglia in AD in a sex-informed manner. 

This perspective will be critical not only for mechanistic studies whose results could be obscured by sex 

effects but also, more importantly, by guiding the study design of clinical trials as highly targeted 

therapeutic agents emerge to modulate the immune system in AD.  

This is but one of the narratives that has emerged from our initial deployment of the MD-AD 

approach in the aging brain. As new cohorts are characterized, sample sizes expand and new data such as 

single nucleus RNA sequencing profiles emerge, our approach will help to facilitate data integration and to 

uncover insights that would not otherwise emerge. Beyond enabling good predictions, our report may 

actually highlight a more important contribution of MD-AD in resolving key elements of the data structure 

in the nodes that we defined: these are more than simple aggregates of factors with predictive power. They 

are beginning to uncover complex interactions, such as the impact of sex which is involved in both men 

and women, but in different ways, making it difficult to appreciate the role of certain immune pathways in 

simpler statistical models. Beyond producing accurate and generalizable neuropathology predictions and 

improving our biological understanding of AD pathogenesis, MD-AD provides a framework for integrating 

and analyzing gene expression data from separate cohorts and identifies common underlying relationships 

among gene expression and phenotypes of interest, which may be expanded as new data sets emerge.  

 

 

Methods 

Data processing 

For developing the MD-AD model, we used data from the following RNA-Seq and neuropathology datasets 

available through the AMP-AD Knowledge Portal: (1)  Adult  Changes  in  Thought  (ACT) 9,  (2) Mount 

Sinai Brain Bank (MSBB) 10, and (3) Religious Orders Study/Memory and Aging Project (ROSMAP)6–8.  

Details of sample collection and sequencing methods are described in previously published work 6–10. We 

pooled together brain gene expression data from the temporal cortex, parietal cortex, hippocampus, and 

forebrain white matter from ACT, Brodmann areas 10, 22, 36, and 40 from MSBB, and the dorsolateral 

prefrontal cortex from ROSMAP. To avoid confounding conditions, we excluded samples from individuals 
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who had neuropathological diagnoses other than AD.  Taken together, the studies provide 1,758 gene 

expression samples. 

In all three studies, extensive quality control measures were taken during the original processing of the 

datasets, as described by the original papers introducing transcriptomic datasets for ACT9, MSBB10, and 

ROSMAP8 cohorts. All samples which passed quality control checks in these individual studies were 

included in our study. If Ensemble gene IDs were provided, we mapped them to gene symbols to keep 

consistent gene identifiers across datasets.  In order to compile gene expression samples across the three 

cohorts, we retain expression levels for genes which are present in all datasets. Within each dataset, we 

exclude genes with null values for over two-thirds of samples. For ACT and ROSMAP, gene expression 

measurements were provided in normalized FPKM units, so we log-transformed the RNA-Seq datasets to 

obtain gene expression datasets that were roughly normally distributed (whereas MSBB gene expression 

data were already normalized). Then, for all datasets, we normalized values such that each gene’s 

expression measures varied between 0 and 1.  We then combined the gene expression datasets and kept all 

14,591 genes that are present across all three datasets. Of these genes, 96.3% are autosomal (3.5% on only 

the X chromosome, 0.1% on only the Y chromosome, and 0.1% on both X and Y chromosomes). Finally, 

we performed batch effect correction with ComBat to reduce systematic differences across studies 

(Supplementary Figure 2.1c)31.  

Next, for each gene expression sample, we incorporated the available corresponding 

neuropathology labels: (1) Aβ IHC: amyloid-β protein density via immunohistochemistry, (2) plaques: 

neuritic amyloid plaque counts from stained slides, and (3) CERAD score: a semi-quantitative measure of 

neuritic plaque severity57,  (4) τ IHC: abnormally phosphorylated τ protein density via 

immunohistochemistry, (5) tangles: neurofibrillary tangle counts from silver stained slides, and (6) Braak 

stage: a semi-quantitative measure of neurofibrillary tangle pathology 33. Detailed descriptions for each 

neuropathological phenotype within each dataset are provided in Supplementary Table 2.1. Because Braak 

stage and CERAD score are global measurements of neuropathological damage, if an individual had 

multiple available gene expression measurements from different regions, they each sample was labeled 

with the same Braak and CERAD values. However, Aβ-IHC and τ-IHC were provided for several brain 

regions for both ROSMAP and ACT studies. Therefore, each expression sample was labeled with the Aβ-

IHC and τ-IHC measurements for the same or nearest region. Because the available plaques label provided 

by MSBB was averaged over several brain regions, we similarly used ROSMAP’s average plaques and 

tangles labels (aggregated from several regions) for consistency with MSBB’s metrics. We provide 

demographic and neuropathology information about individuals in each cohort in Supplementary Table 2.2. 
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Finally, for consistency across datasets, we first normalized all neuropathological variables to vary between 

0 and 1 before combing datasets.  

Computational methods 

Review of previous approaches.  Post-mortem transcriptomic studies have investigated molecular and 

neuropathological outcomes in AD. Early work in this domain examined simple correlations among gene 

expression and AD symptoms22 or compared gene expression levels across AD-patients versus controls23. 

More recently, more systematic network-based analyses have contributed to the understanding of AD 

biology. In particular, Zhang et al. 19 constructed molecular networks based on bulk gene expression data 

separately for individuals with and without AD, and identified modules with remodeling effects in the AD 

network. More recently, Mostafavi et al. 8 used co-expressed genes in the aging human frontal cortex to 

build a single molecular network and identified modules related to AD neuropathological and cognitive 

endophenotypes. Using single-cell RNA sequencing data, Mathys et al. 20 clustered cells within brain cell-

types to identify and characterize AD-related cellular sub-populations. Each of these approaches have been 

applied to single cohorts. Until recently, a unified and robust modeling of AD neuropathology based on 

brain gene expression has been hindered by relative scarcity and regional heterogeneity of brain gene 

expression datasets. One possible solution is to combine multiple data sets to gain statistical power. The 

collection of postmortem brain RNA-sequencing datasets, assembled by the AMP-AD (Accelerating 

Medicines Partnership Alzheimer's Disease) consortium, provides new opportunities to combine multiple 

data sets. However, such heterogeneous datasets pose challenges to many methods, which must account for 

inter-study differences. In a recent attempt, Logsdon et al.21 used a meta-analysis approach to identify co-

expressed modules separately for 7 brain regions across 3 datasets, then subsequently applied consensus 

methods to identify modules that were conserved across multiple regions and studies. As of now, we’re not 

aware of any methods that directly model all data in a unified way.  

Modeling assumptions. For modeling gene expression and neuropathology data, we make several 

assumptions. Common assumptions of machine learning models. First, regarding stability of our models, 

we assume that a single training of each model is representative of all training instances. In order to buffer 

the potential failure of the assumption, we used cross-validation to select hyperparameters across different 

splits of our data across MD-AD, singly trained MLPs and linear models. Further, our final model is trained 

100 times to generate ensemble predictions and interpretations, as described in future sections. Second, we 

assume that our samples are “sufficiently” independently and identically distributed (i.i.d.) such that a 

model trained on these samples should generalize well to new samples from the population of interest. 
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Third, we assume that the true data distribution is smooth such that samples with very similar gene 

expression values should display similar neuropathology.  

Additional assumptions of MD-AD: Deep learning relies on the assumption that the data is generated by a 

composition of (learnable) features in a hierarchical manner. This allows neural networks with multiple 

layers to collapse correlation patterns in the input space to generate intermediate embeddings in a way that 

is useful for prediction26. Unlike linear models, our deep learning framework does not assume that there’s 

a linear relationship between the predictors and outcomes, nor does it require normally distributed 

predictors, or low multicollinearity. Although deep learning relies on relatively few assumptions, in 

practice, some of these assumptions do not fully hold. In particular, our samples are certainly not i.i.d,, as 

some samples are derived from the same brain. Thus, external validation is invaluable for evaluating the 

effectiveness of our framework in new settings with no information leakage. The observation that MD-AD 

transfers well to separate datasets (and even species and tissues) implies that our framework is effective 

regardless of whether these assumptions were fully upheld. Finally, multitask modeling frameworks hinge 

on the assumption that there is shared common information across neuropathological phenotypes25. In 

combining multiple datasets with different sparsity patterns, we additionally assume that this common 

representation is consistent across cohorts and is generalizable to new data sets. This assumption appears 

to hold, as demonstrated by the improved test performance of the multi-task network over singly-trained 

MLPs, and improved ability to generalize well to external datasets.  

The MD-AD Model. MD-AD (Multi-task Deep learning for Alzheimer’s Disease neuropathology), 

is a unified framework for analyzing heterogeneous AD datasets to improve our understanding of 

expression basis for AD neuropathology (Figure 2.1). Unlike previous approaches, MD-AD learns a single 

neural network by jointly modeling multiple neuropathological measures of AD severity phenotypes, and 

hence can incorporate data collected from multiple datasets. This unified framework has key advantages 

over separately trained models. First, MD-AD allows sparsely labeled data, which is a natural characteristic 

of datasets aggregated through consortium efforts (Figure 2.1e). Even if different phenotypes only partially 

overlap in the measured samples, each sample contributes to the training of both phenotype-specific and 

shared layers. Predicting multiple phenotypes at once biases shared network layers to capture relevant 

features of these AD phenotypes at the same time. This is of critical importance: each phenotype represents 

a different type of noisy measurement of the same underlying true biological process, and as we demonstrate 

by joint training MD-AD is able to average out the noise to extract the true hidden signal. Additionally, the 

increased sample size enables MD-AD to capture complex non-linear interactions between genes and 

phenotypes. In contrast, Multi-layer perceptrons (MLPs) offer another powerful approach for directly 

capturing complex relations between gene expression and a neuropathological phenotype. However, 
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training separate MLPs for each phenotype (Supplementary Figure 2.1a) has limited scope: it can utilize 

only the samples measured for a specific phenotype, and it cannot share information across related 

phenotypes. We demonstrate that these advantages improve MD-AD prediction accuracy, enabling it 

predictions to generalize across species and tissue types (Figure 2.1b). As illustrated in Figure 2.1a, the 

MD-AD network jointly predicts six neuropathological phenotypes from gene expression input data via 

shared hidden layers followed by task-specific hidden layers.  

Training & evaluating MD-AD  

Pre-processing with PCA. In order to have efficient and robust training and to reduce overfitting, we apply 

a principal component analysis (PCA) transformation to the data and use resulting top 500 principal 

components – a 500-dimensional representation of our 14,591 gene expression values – as the input to the 

MD-AD and all baseline models. This approach is consistent with the use of PCA for pre-processing in 

other studies that have employed deep learning in gene expression analyses58–60. Our choice to use 500 PCs 

is supported by some preliminary analyses of AD-related signals captured by various PCs. First, as shown 

in Supplementary Figure 2.1b, the cumulative variance explained by 500 PCs is about 92%, indicating that 

reducing our input features by a factor of about 30 still retains most of the variation in the data. However, 

we note that by using only 500 PCs, we may lose some information which may be especially predictive of 

AD neuropathology. To investigate this potential issue, we sought to predict average neuropathology scores 

from different sets of PCs using a linear model, and compare predictive performance to the full set of genes. 

We use cross-validation to tune the alpha parameter and, based on the same training/testing splits used in 

our main analyses (described below), find that by the time we include up to 500 PCs, we have reached 

similar predictive performance between a model trained on PCs versus the raw gene expression features 

(Supplementary Figure 2.1d). This suggests that the linear transformation provided by the first 500 PCs 

retains features of gene expression data that are almost as linearly predictive of AD neuropathology as the 

full dataset using all genes.   

Construction of Models. For comparison to MD-AD, we generate six analogous MLP networks 

with un-shared representations, and six linear models containing no hidden layers, to serve as baseline 

models (see Supplementary Figure 2.1a).  All models were built using Tensorflow and Keras packages, and 

were constructed as consistently as possible, with the same inputs. The MLP baseline model was identical 

to the MD-AD model except with only a single branch of task specific layers. Similarly, the linear baseline 

models were identical to the MLP baselines but with all hidden layers removed. Each model was trained 

on a single Nvidia GeForce GTX 980 Ti GPU. Although training time may vary across machines, we found 

that training the MD-AD model on the full dataset took about 350 seconds on average.  
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Internal test-set validation and tuning 

Hyperparameters. After some preliminary experiments with single and multi-task neural networks, we 

decided to train all networks with ReLU activations and drop-out units (with drop-out rates of 0.1), and 

trained each model for 200 epochs with batch sizes of 20 using adam optimization. These settings were 

selected because they led to relatively stable and effective predictions. We tended to see some variation in 

performance based on kernel regularization, and hyperparameters of the optimization method, so for 

hyperparameter tuning (described below), we performed grid search over the following hyperparameters: 

kernel regularization parameter (1e-3 vs 1e-5), gradient clip norm (0.1 vs 0.01) for the adam optimizer, and 

the learning rate (1e-3 vs 1e-4).   

Cross-validation and model tuning. For our model training and evaluation, we use a modified 

cross-validation and testing scheme as illustrated in Supplementary Figure 2.1e, in which we perform five 

separate rounds of model tuning with cross-validation (CV) followed by evaluation in a test set. For a single 

round, one-fifth of all samples are assigned to a held-out test set. Then using the remaining 4/5ths of the 

samples, we perform 5-fold cross-validation to select hyperparameters with the best prediction 

performance. We then train the selected model using the full training set (4/5ths of the original data) and 

then report performance on the held-out test set. In order to evaluate the robustness of our evaluation metrics 

under different splits, we initially split the full dataset into 5 separate groups, and repeated the above process 

5 total times, where each one-fifth of the data acted as a held-out test set once. We note that across these 

iterations, different training sets selected different configurations of hyperparameters, and for each train/test 

round we trained the full training set on the specific configuration selected by cross-validation in that 

training set. Thus, our test set evaluations (e.g., in Figure 2.2a) reflect average test performance for the 

selected models in each round.   

For MD-AD, we additionally explored several alternative options for architectures with different 

amounts of shared and task-specific layers (Supplementary Figure 2.2b-c). We selected the final 

architecture (shown in Figure 2.1a) because we wanted to have multiple hidden lasyers in both the shared 

portion and task-specific portion of the network to allow for non-linear interactions to be learned in both 

the shared representation and in the task-specific branches. However, when we evaluated alternatives to 

this approach (using the same selected hyperparameters for our original MD-AD model), we found that 

alternatives to this approach tended to perform similarly or worse (Supplementary Figure 2.2b-c). 

Evaluation metrics. As described above, for each round of train/test splits, we use five-fold cross-

validation to make modeling choices for the MD-AD model and baselines before training each model with 
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the full training set and reporting and reporting test 1-R2
CV error (mean squared error divided by the 

phenotype’s variance in the validation set; averaged over all five test splits).  We evaluate model 

performance in two ways: (1) standard train and test sets, and (2) ROSMAP test performance for different 

subsets of the available datasets.  

First, separately for each of our five cross validation training sets, we calculate the final test MSE on the 

corresponding hold-out set. To test whether these effects are significant, for each baseline method, we 

performed one-sided paired t-tests to determine whether there is a significant difference between the 

baseline method’s error and MD-AD’s across the five test folds (Figure 2.2a).  

Next, in order to evaluate the contributions of each dataset to prediction performance, we performed 

the above procedure with different subsets of available datasets. Because ROSMAP is the only dataset with 

all available neuropathological phenotypes, we evaluate performance specifically on ROSMAP. In Figure 

2.2b, we show ROSMAP test samples’ MSE performance when trained on all subsets of ACT, MSBB, and 

ROSMAP training samples (following the same cross-validation procedure described above). We 

additionally repeated the same analysis using MSBB and ACT test samples and computed their prediction 

performance for available phenotypes (Supplementary Figure 2.3a). In order to evaluate how transfer 

performance (i.e., training and evaluating with samples from disjoint cohorts) was impacted by the addition 

of samples, we performed an additional analysis where we trained with ACT samples and varying fractions 

of MSBB samples to see how additional MSBB samples impacted ROSMAP test performance (and also 

evaluated the reverse, training on ROSMAP and MSBB and testing with ACT samples) (Supplementary 

Figure 2.3b). Interestingly, we saw that ROSMAP test performance improves with the addition of MSBB 

samples during training with ACT, whereas ACT samples generally do not improve with the addition of 

MSBB samples during training with ROSMAP. This may imply that there are more pronounced 

distributional differences for the ACT cohort when compared with other cohorts, or that improvements are 

more apparent when the training set is much smaller (as is the case when training with only ACT samples). 

Final model selection. Finally, after our in-depth cross-validation and testing scheme was used to 

evaluate our methods internally, we constructed “final models” for external validation and model 

interpretation. First, we selected a single set of hyperparameters for each model by ranking each 

configuration’s prediction performance for each round, and then choosing the configuration with the highest 

average rank. The selected hyperparameters for each “final model” is provided in Supplementary Table 2.6.  

We trained “final models” for MD-AD and baselines by each using a single set of hyperparameters on the 

full dataset. 
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Evaluating models with covariate-corrected data. Gene expression-related covariates may 

influence gene expressions in a systematic way, and thus should be critically considered. Indeed, there does 

seem to be a small but significant correlation between neuropathology scores and both postmortem interval 

(PMI; r = -0.16, p=1e-9) and RNA integrity number (RIN; r = -0.09, p=0.002), which are both features 

which may influence measured gene expression. In our study, we chose to leave our expression profiles 

uncorrected for all covariates, and instead allow MD-AD to learn from the available gene expression 

patterns so that we can subsequently assess how these covariates interact within our final models.  

Although Supplementary Figure 2.6c shows that PMI and RIN had modest residual correlations 

with nodes in the consensus MD-AD network, and thus likely do not appear to be driving forces in our 

model, we performed an additional analysis to ensure that gene expression-related covariates were not an 

important factor in our prediction performance results presented via our cross-validation evaluations. To 

that end, we use the following method to correct our gene expression data for sequencing-related covariates: 

we linearly regressed PMI and RIN from our expression inputs by modeling the expression of each gene as 

a linear regression with PMI and RIN. We then saved the residuals of the predicted expression value as our 

corrected expression values. We then performed the same model training and evaluation procedures as 

described above using the corrected gene expression values as inputs, and found that these results were 

quite similar to our original results with uncorrected gene expression values (Supplementary Figure 2.13a-

b). Together, these findings indicate that covariates related to gene expression measurement procedures do 

not seem to have a large impact on our final results, nor does the MD-AD heavily rely on these covariates, 

and for that reason, our main results are all based on gene expression data without covariate-correction. 

Evaluating models with fully independent CV splits. All internal validation results were presented 

for the same cross-validation and testing splits. We note that in generating these original splits, we randomly 

assigned all samples within each cohort. However, because ACT and MSBB datasets provide multiple 

samples (collected from different brain region) from each individual, there are many individuals in our 

dataset with samples in both training and test splits. In order to ensure that performance improvements seen 

for MD-AD versus MLP or linear baselines were not due our splitting choice, we repeated our cross-

validation experiments using a new method of splitting samples. Instead of splitting samples completely 

randomly as was done to generate our main internal test results (i.e., in Supplementary Figure 2.1e), we 

instead split individuals randomly for each dataset to ensure that no samples from the same individual could 

be split across training and validation sets.   

We performed the same cross-validation and hyperparameter selection process as was done for our 

original dataset splits, and our resulting prediction performance and last shared layer evaluations are shown 
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in Supplementary Figure 2.13c-d. In these experiments, we find that MD-AD (as well as the baseline 

methods) provides very similar prediction performance when trained and evaluated on fully separated 

training and test sets, suggesting that our original results did not seem to hinge on the similarity of samples 

between the training and test set. We similarly find that MD-AD continues to produce embeddings which 

capture both neuropathology phenotypes and higher-level AD variables more consistently than alternative 

approaches. Finally, we note that they hyperparameters selected using the new splits are similar to the 

original final model selected from our original splits with the exception of a single hyperparameter (kernel 

regularization of .001 for our original splits, compared with .00001 for the new splits). However, we find 

that in our analyses with the new splits, a model trained on our originally selected set of hyperparameters 

has very similar performance to the newly selected set of hyperparameters. Together, these results indicate 

that our choice to split samples randomly produced very findings to the alternative of splitting samples 

pseudo-randomly by individual.  

External dataset validation (Human) 

In order to evaluate MD-AD’s ability to generalize to out of sample data, we assessed performance on three 

datasets: Mount Sinai Brain Bank Microarray (MSBB-M; N=1,047), Harvard Brain Tissue Resource Center 

(HBTRC; N=338), and Mayo Clinic Brain Bank (N=157). These datasets were collected from AMP-AD 

(with the exception of HBTRC which was collected from GEO: GSE44772), but were left out of the original 

MD-AD training because they were microarray samples or lacked many neuropathology labels.  

After normalizing gene expression samples from external data sets in the same way as described 

for the ACT, MSBB RNA Seq, and ROSMAP datasets, we then adjust the expression values to have similar 

distributions to our batch corrected training data sets. We evaluated the MD-AD model on our new 

processed data to obtain predictions for all six phenotypes. Because these three external datasets provide a 

sparse set of neuropathological labels, we do not have access to labels for many of the six MD-AD labels. 

Instead, we evaluated whether MD-AD’s predictions were consistent with the (binary) neuropathological 

diagnosis of AD, by aggregating MD-AD’s various neuropathology predictions into one “neuropathology 

score”. The “neuropathology score” was produced by first calculating percentiles across samples (within 

each dataset) for each neuropathological phenotype, then averaging over the six phenotypes.  

Figure 2.2c shows that MD-AD provides the largest differences in neuropathology scores between 

individuals with and without neuropathological diagnoses of AD. We further compared neuropathology 

scores between AD and non-AD individuals split by age group (significance between groups shown in 

Supplementary Figure 2.4b). 
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A similar analysis was carried out comparing carriers of the APOE ε4 allele with non-carriers 

(instead of AD vs control individuals). Results shown in Supplementary Figure 2.5a-c revealed similar 

patterns, including improved discrimination between groups for MD-AD compared with MLP and linear 

baselines, and more pronounced differences in predicted neuropathology for younger APOE ε4 carriers 

versus non-carriers. However, when comparing predicted neuropathology between APOE ε4 carriers versus 

non-carriers within the same cognitive diagnosis, we do not see a difference in predicted neuropathology 

for AD-afflicted APOE ε4 carriers and non-carriers (Supplementary Figure 2.5d-e). 

Cross-species validation (Mouse) 

To evaluate how well expression patterns predictive of neuropathology learned by MD-AD recapitulates 

neuropathology in mouse models. To that end, we obtained gene expression data from Matarin et al. 35   for 

15 TASTPM mice which harbor double transgenic mutation in APP and PSEN1, as well as 37 wild type 

mice. For each mouse, brain gene expression was measured from two samples collected from the cortex 

and hippocampus, doubling the total sample size. Data were quantile-normalized and log transformed. For 

this experiment, we mapped mouse to human genes (via gene symbols) for a total of 7,057 intersecting 

genes between our training dataset and the mouse expression data, which were again normalized to follow 

the same distributions as our MD-AD training data. We retrained our MD-AD model on only these 7057 

genes for all MD-AD samples and then generated “neuropathology scores” for the mouse samples exactly 

as described in the previous section. As with external validation experiments described above, we compare 

MD-AD to MLPs and linear models in separating neuropathology scores between TASTPM and wild type 

mice (Figure 2.2e). We also show differences in neuropathology scores between different age groups 

(Figure 2.2d, Supplementary Figure 2.4c).  

Supervised embedding validation 

The output of an intermediate layer of a neural network can be viewed as lower dimensional embedding of 

the input features. In this paper, we focus on the last shared layer of the MD-AD network because it is a 

supervised embedding of gene expression data which is influenced by all six training phenotypes. We 

evaluate the embedding compared with those generated by both singly-trained MLPs as well as 

unsupervised methods (i.e., K-Means and principal components analysis (PCA)) in two ways: (1) high level 

visualization with t-SNE, and (2) evaluating the correspondence between individual nodes and AD-related 

features.  

Visualizations with t-SNE: For each of the MD-AD, MLP, and unsupervised models, we train the 

models on the full combined dataset. For the deep learning models, we then generate “supervised” 
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embeddings by obtaining the output of the last shared layer (or analogous layer of the MLP model). For the 

unsupervised methods, K-Means and PCA, we generate an embedding of 100 dimensions to be consistent 

with the MD-AD and MLP models. After generating these embeddings for all samples, we then compress 

them to 2 dimensions via the t-SNE algorithm 37. T-SNE Visualizations of MD-AD’s supervised embedding 

are shown in Figure 2.3a (left side for each phenotype), and the figure is replicated with six times, with 

each plot showing samples colored by neuropathological phenotype severity for each of the six phenotypes. 

For comparison, t-SNE visualizations for the singly-trained MLPs and unsupervised methods are shown in 

Figure 2.3c (colored by CERAD Score only) and colored by other characteristics and covariates of interest 

in Supplementary Figure 2.7.   

Node-phenotype correlations: To test whether MD-AD’s embedding generalizes more to AD 

phenotypes than the alternative methods, we compare the nodes that best capture each phenotype among 

MD-AD, MLPs, and unsupervised methods. We perform the following analysis with the same five training 

and test splits described earlier: for each of the six phenotypes used in MD-AD’s training, we identify the 

node in MD-AD’s last shared layer whose output is most significantly correlated with that phenotype in the 

training set. We then report the –log10(p-value) (after FDR correction over nodes) for the correlation 

between that node’s output and the training phenotype in the test set, averaged across the train/test splits. 

(Figure 2.3a, right side for each phenotype). 

We also perform a similar analysis with higher-level AD phenotypes not used during model 

training: dementia diagnosis (binary variable available in all datasets), last available cognition score 

(controlling for age, sex, and education; only available for the ROSMAP dataset), and AD duration (i.e., 

time between dementia diagnosis and death; available for the ACT and ROSMAP datasets). For this 

analysis, we report the highest –log10(p-value) after FDR correction between nodes and the high-level 

phenotypes, average over the five test sets (Figure 2.3b). 

Model interpretation 

Integrated Gradients (IG). Although deep learning models have shown promise in biological and health 

applications, they’ve been limited by the difficulty of explaining their predictions. Fortunately, the 

development of interpretability methods for “black box” models such as deep neural networks have helped 

researchers derive understanding from complex models61. In particular, Integrated Gradients (IG) is a 

method for assigning sample-specific importance scores for inputs of a model on the output based on the 

gradients of neurons’ weights across the network. As described in detail by Sundararajan et al. 30, the IG 

score calculated for a specific sample is generated for each input dimension on each output dimension by 
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accumulating gradients along the path from the input to output. Thus, applying IG to MD-AD allows us to 

achieve sample-specific gene importances for each neuropathological phenotype predicted by MD-AD. 

Additionally, by treating the last shared layer as the “output” of the MD-AD model (i.e., by temporarily 

removing all subsequent layers), IG is also able to identify gene-level importances for nodes in MD-AD’s 

last shared layer. As described next, we use IG applied both to the phenotype predictions and last shared 

layer nodes to interpret MD-AD’s learned representations. 

Obtaining IG scores. We note that for each MD-AD model (of the 100 re-trainings), we apply the 

IG algorithm for each sample, which generates sample-specific IG scores for gene on each output. Thus, 

for each MD-AD model, we generate a (# samples × # genes × # output nodes) matrix providing sample-

level gene importances for output nodes. Using the standard approach for a single MD-AD model, this 

provides sample-specific importances for each gene on each output phenotype. We additionally generate a 

modified MD-AD network with all layers beyond the last shared layer removed to obtain sample-specific 

IG scores for genes on all nodes in the last shared layer. Thus, for each of the 100 MD-AD models, we have 

a (# samples × # genes × # output phenotypes) matrix of gene importance for neuropathology predictions, 

as well as a (# samples × # genes × # last shared layer nodes) matrix of gene attributions for the last shared 

layer of the network. As described in the following section, we derive insights from the consensus MD-AD 

model by aggregating these IG values in various ways. 

Aggregating gene importance scores for nodes. For both the output nodes (6 neuropathological 

phenotype predictions) and last shared layer nodes, we have (# samples × # genes × # nodes) IG matrices 

for each MD-AD run as described above. Now, we describe how we are able to aggregate across samples 

(and ultimately runs) to obtain a final gene ranking for each (output or last shared layer) node. First, for 

each MD-AD run, we generate a gene ranking for each of these nodes using a weighted average. Our 

weighted average uses the following weights: +1 for samples from individuals with high Braak and CERAD 

scores, -1 for samples from individuals with low Braak and CERAD scores, and 0 otherwise. Thus, the 

genes with the highest aggregated IG scores are those for which high IG scores coincide with high node 

outputs. This approach is used for both ranking genes’ relevance to neuropathology in the MD-AD 

framework, and for annotating last shared layer nodes, as described in the next sections.  

Constructing and annotating MD-AD consensus nodes  

Because deep neural networks have non-convex loss functions, randomness in our training procedure 

produces networks with different weights from run to run. In order to capture robust nodes and highly 

relevant genes, we repeat our training procedure 100 times, in order to simulate a “consensus network”. As 
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shown in Supplementary Figure 2.8a, we construct “MD-AD consensus nodes” by clustering nodes from 

many runs: (1) we train 100 MD-AD networks, (2) we obtain last shared layer node outputs for all samples 

and normalize them (0-mean, unit variance), (3) we combine all nodes across all runs and then cluster them 

using k-means (where the dimensions used to calculate similarity are samples) with k=50, (4) we summarize 

each cluster of nodes by their medoid. Thus, for each sample, the MD-AD consensus embedding is made 

up of 50 nodes which are medoids of clusters generated from 100 re-trainings. 

In Supplementary Figure 2.6b, we provide a visual overview of the MD-AD consensus embedding 

generated as described above. To provide a simple view of clusters, we select a subset of samples for which 

we have clear high or low pathology, excluding ambiguous cases. We include (1) individuals with Braak 

stage of at least 5 and CERAD scores at least 3 (i.e., “moderate”), or (2) individuals with Braak stage of 3 

or lower and a CERAD score of 1 (i.e., “absent”) who are at least 85 years old and have no dementia. Case 

1 captures all individuals with pathologic AD diagnoses (with and without dementia), whereas case 2 

captures all individuals considered “resistant” to AD due to their old age but lack of cognitive or 

neurological decline (consistent with previous literature, e.g. Latimer et al. (2019)).   To annotate each node 

in the consensus embedding, we display their correlations with various phenotypes and covariates, as well 

as their enrichment for REACTOME pathways.  

Correlations: For each variable (neuropathological phenotypes, high-level AD phenotypes, and 

covariates), we compute the correlation –log10(p-value) between the variable and each consensus node 

output. In Supplementary Figure 2.6c, a high –log10(p-value) indicates that a node captures (or is highly 

linearly related to) a variable. 

Pathway enrichment: Beyond relationships between nodes and various phenotypes, we annotated 

nodes with which gene sets are relevant to their outputs. First, in order to identify relevant genes to each 

consensus node, we use IG scores. As described in Section A, for each run, we aggregate IG scores across 

samples to obtain a weighted average of gene importance scores for each last shared layer node. Because 

our consensus last shared layer nodes are actually individual nodes sourced from various runs of MD-AD, 

we simply combine the aggregated IG scores from the relevant nodes across these runs. For each MD-AD 

consensus node, this method therefore provides us with a ranking over all genes by their importance. We 

then test for enrichment of REACTOME pathways 63 in these gene rankings via gene set enrichment 

analysis (GSEA) 38,39 to identify whether certain pathways seem to be involved in the activation these nodes. 

Enriched pathways for the MD-AD consensus nodes are shown in Supplementary Figure 2.6d. 

Supplementary Table 2.3 provides detailed annotations for each node.  
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 Identifying MD-AD’s top genes  

In order to identify genes that drive MD-AD predictions, we used integrated gradients (IG) 30 to provide 

importance estimates of each gene on the predicted outcomes. In order to improve model stability, we 

calculate gene rankings based on 100 re-trainings. As described in Section A, after each run of training, we 

take our trained model and apply IG for each sample to get the importance of each gene on each 

neuropathological phenotype prediction. We next aggregate our IG scores into gene rankings by calculating 

the ranks of each gene (for each phenotype) in each run, and then averaging across runs to obtain consensus 

gene ranks. For each phenotype (see Supplementary Figure 2.8 for illustration). Thus, the gene with the 

highest consensus IG score (i.e., score close to 1) is the gene with the highest average rank across runs 

(most positively associated with the neuropathological phenotype), and the gene with the lowest consensus 

IG score (i.e., score close to 0) is the gene with the lowest average rank across runs (most negatively 

associated with neuropathology). While we generate these consensus rankings separately for each 

phenotype, we again average across the six phenotypes to obtain our final MD-AD consensus IG scores. 

We note that 100 re-trainings are more than enough to converge to a stable gene ranking (Supplementary 

Figure 2.8c). The top genes for MD-AD are shown in Figure 2.4a, and enriched REACTOME pathways in 

the top ranked MD-AD genes (via GSEA) are shown in Figure 2.4b. The full gene ranking, generated 

separately for each neuropathological phenotype, is provided in Supplementary Table 2.4. 

For comparison with a linear gene ranking method, we also generate correlation-based gene 

rankings as follows: we calculate the correlation coefficients between each gene’s expression level and each 

neuropathological phenotype (across all samples in our dataset), and then percentile-rank the genes by their 

average correlation coefficients across all six phenotypes (with 0 for the most negatively correlated and 1 

for the most positively correlated gene with high pathology). Our final correlation-based gene ranking is 

the average over the phenotype-specific rankings. Comparisons between REACTOME categories 

represented in the top MD-AD vs correlation-based rankings are shown in Figure 2.4c. 

Calculating nonlinear effects for MD-AD genes  

As a deep learning method MD-AD has the capacity to identify non-linear relationships among genes’ 

expression levels and neuropathological phenotypes. These non-linear relationships may reveal an implicit 

capture of interaction effects with other covariates observable from expression data. Thus, we sought to 

investigate the presence of interactions between sample-level covariates and specific genes in their 

contributions to the MD-AD predictions.  
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Generating sample-level gene importance scores. To simplify our analyses, we generate 

consensus IG scores for each gene within each sample as follows: for each sample and gene, we average 

over the gene’s IG weights across both neuropathological phenotypes and runs in order to obtain its average 

importance for general neuropathology across all runs.  

Measuring interaction effects. To monitor the presence of interaction effects in gene importance 

scores, we modeled the consensus per-sample IG scores as a linear combination of a gene’s expression 

level, a covariate of interest, and the interaction of the two. Specifically,  𝑠𝑐𝑜𝑟𝑒𝒈,𝒊 = 𝒂 𝑒𝑥𝑝𝑟𝒈,𝒊 + 𝒃 𝑓𝑒𝑎𝑡𝒊 +

𝒄 𝑒𝑥𝑝𝑟𝒈,𝒊 𝑓𝑒𝑎𝑡𝒊 + 𝒅, where scoreg,i is the consensus IG value for gene g and sample i, exprg,i  is the sample 

i’s expression level for gene g, and feati is sample i’s value for the covariate.  Based on this representation, 

we consider there to be an interaction effect between a gene and feature on its importance in the MD-AD 

model if the learned c coefficient is statistically significant (p<.05, after FDR correction over all genes). 

We primarily focus on identifying an interaction effects with sex (feati = 1 if sample i comes from a male), 

and rank interactions between genes and sex for MD-AD based on the –log10(p-value) of the interaction 

term.  

Gene set enrichment: We evaluated whether sex-differential genes were enriched for the following 

gene sets: (1) REACTOME pathways63 and (2) microglial cluster gene signatures from a recent single cell 

RNA Seq analysis of microglial cells from autopsied aging brains64. To evaluate whether the list of sex-

differential MD-AD genes are enriched for gene sets of interest, we use Fisher’s exact tests to evaluate the 

significance of overlap between all sex-differential genes and members of each gene set. Next, to evaluate 

whether the top MD-AD sex-differential genes are enriched for the same gene sets, we perform Fisher’s 

exact tests again, but this time only consider the top 100 MD-AD genes in the calculations.  

Blood gene expression validation  

To evaluate the ability of MD-AD to transfer to blood gene expression data, we downloaded publically 

available AddNeuroMed cohort data from GEO (GSE63060 and GSE63061, which we refer to as Blood1 

and Blood2, respectively). Details about the AddNeuroMed samples are provided in Supplementary Table 

2.5. As with the other validation datasets, each blood dataset was normalized such that each gene’s 

expression values have the same mean and variance as the processed MD-AD expression data. Because 

each blood dataset had a different set of available genes, for each dataset, we re-trained MD-AD consensus 

models for brain samples with only the genes available between them and blood samples (12,104 and 11,392 

genes for Blood1 and Blood2 respectively). Because these blood samples came from living participants, 

we do not have access to the many neuropathology variables available across the brain samples. Instead, 
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we assess whether MD-AD’s predictions align with individuals’ cognitive diagnosis of cognitively normal 

(CTL), mild cognitive impairment (MCI), or dementia.  

We evaluate the effectiveness of the MD-AD model by comparing predicted MD-AD pathology 

scores between CTL and MCI individuals, and between CTL individuals and individuals with dementia via 

two-sided t-tests (together, and split by age). To evaluate the MD-AD embedding for blood samples, 

separately for each blood dataset, we obtain the last shared layer embeddings of both the MD-AD brain 

expression samples and blood samples from the first round of training.  

 

  



47 

 

Chapter 3. An automatic integrative method for learning interpretable 

communities of biological pathways  

Although knowledge of biological pathways is essential for interpreting results from computational 

biology studies, the growing number of pathway databases complicates efforts to efficiently perform 

pathway analysis due to high redundancies among pathways from different databases, and inconsistencies 

in how pathways are created and named. We introduce the PAthway Communities (PAC) framework, 

which reconciles pathways from different databases and reduces pathway redundancy by revealing 

informative groups with distinct biological functions. Uniquely applying the Louvain community 

detection algorithm to a network of 4,847 pathways from KEGG, REACTOME and Gene Ontology 

databases, we identify 35 distinct and automatically annotated communities of pathways and show that 

they are consistent with expert-curated pathway categories. Further, we demonstrate that our pathway 

community network can be queried with new gene sets to provide biological context in terms of related 

pathways and communities. Our approach, combined with an interpretable web tool we provide, will help 

computational biologists more efficiently contextualize and interpret their biological findings. † 

Introduction 

Many computational biology studies aim to identify groups of genes that are associated with or 

differentially expressed with respect to phenotypes of interest11,12.  Performing pathway analyses to 

associate these gene-level findings with biological processes is a crucial step in providing both biological 

context for genes and a systems perspective to the analysis. Researchers have constructed pathways (i.e., 

networks of genes that interact in various ways to perform certain biological tasks65) using a variety of 

methods; these range from large-scale computational analysis over literature (e.g., Gene Ontology 66) to 

hand-curation by experts (e.g., KEGG67–69 and REACTOME63). These pathway gene sets are then 

commonly used in pathway enrichment analysis, where a new list of genes is compared with previously 

established pathway gene sets (via statistical tests to measure whether their genes overlap at higher than 

random rate) in order to identify which pathways are most related to the gene set of interest.  

Since many pathway gene set databases offer unique advantages, it has become common practice 

to perform pathway enrichment analysis across multiple databases. Unfortunately, the difficulty of 

interpreting pathway-level results is increasing as the number of available pathways and databases grows. 

                                                           
† This paper was joint work with Ayse B. Dincer and Su-In Lee. It has been published in NAR Genomics and 

Bioinformatics130. 
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Figure 3.1a shows that pathways across different databases and even within a database often have highly 

overlapping gene sets, causing redundancy in enrichment results. In fact, 50% of all pathways in Figure 

3.1a have some corresponding pathway in a separate database, with at least 70% of genes in common. 

Therefore, a single query of genes can return multiple enriched pathways (e.g., KEGG's oxidative 

phosphorylation and Parkinson's disease pathways, which have 71% overlap), and it may be difficult to 

assess how the pathways are related, especially if they are from varying sources. Systematically analysing 

these phenomena can provide context for the simultaneous capture of multiple pathways. 

Many studies have attempted to solve the problem of pathway redundancy. One common approach 

collapses pathways from multiple sources into a condensed set of high-level pathways – such as PathCards 

70, MSigDB  Hallmark 71 or GO slim 72 – to simplify enrichment tests; however, by condensing many 

pathways, these approaches tend to remove smaller nuanced pathways describing specific biological 

functions. Pathway network visualization tools, such as Enrichment Map, also highlight the relatedness of 

pathways 73 but do not map pathways to functional categories. Although standard clustering algorithms 

have been useful for identifying groups of related pathways 74,75, they are limited in that these approaches 

have not been systematically validated with respect to expert labels. Furthermore, previous clustering-based 

approaches have relied on manual annotation of clusters and thus do not scale well to the growing numbers 

of pathways and databases 73–75.  

In this paper, we address the problems of heterogeneity and redundancy across literature-derived 

pathways by introducing the Pathway Communities (PAC) framework. Our framework uniquely relies on 

the Louvain community detection algorithm to cluster pathways into communities based on their gene-level 

similarities (Figures 3.1-3.2). Further, we enhance the biological interpretability of cross-database pathway 

analysis by 1) characterizing learned communities with respect to pre-defined categories (Figure 3.3), 2) 

devising a method to algorithmically annotate communities (Figure 3.4a), 3) applying interactive 

visualization techniques to investigate newly revealed connections within and across pathway communities 

(Figure 3.4), and 4) providing a tool to help researchers investigate novel gene sets in the context of our 

learned communities and member pathways, which we demonstrate on a breast cancer gene expression 

example.  

Material and Methods 

Pre-processing of pathways and generation of curated categories  

For our analyses, we constructed a pathway graph comprised of pathways from KEGG 69, REACTOME 63, 

and Gene Ontology (GO) 66 gene sets, downloaded from MSigDB v7.0 39,76.  Each pathway database  
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Figure 3.1. Overview of the pathway community approach. (A) The pathway overlap problem in pathway enrichment 

analyses. For each pathway database, we show the distribution of each pathway’s maximum fraction of overlap with 

other pathways, both within the same database (top) and with other databases (bottom). (B) Our approach for learning 

pathway communities: we first construct a pathway network based on gene overlaps, and we then perform community 

detection to produce pathway communities. (C) Schematic highlighting of functionality on our webpage showing  

detailed views of each learned community. (D) Schematic highlighting of our proposed method for querying a new 

gene set against our learned communities to identify relevant processes enriched in a query gene set. 
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contains a list of named pathways that each have set of associated genes.  For each database, we additionally 

pre-processed a provided set of curated categories or hierarchical relationships among pathways to identify 

higher-level categories associated with each pathway (see Supplementary Methods). These simple 

mappings from pathways to curated categories were treated as ground-truth labels for evaluating our 

method.  Although these curated categories share some common themes across databases, it is not possible 

to combine them, so initial validation experiments were performed separately for each database. Finally, 

we downloaded MSigDB Hallmark gene sets 71, a collection of refined pathways meant to summarize 

thousands of founder gene sets (some of which are KEGG and REACTOME pathways in our analysis), 

which we use for additional validation. 

Generating the pathway graph and learning communities  

Using the PAC method for identifying communities of related pathways involves two steps: 1) construction 

of the pathway network, and 2) detection of pathway communities (Figure 3.1b). For the first step, we 

represented pathways from multiple databases as a large graph, where each node is a pathway (with an 

associated set of genes). For each pair of pathways, we performed Fisher’s exact test 77 to evaluate the 

significance of their gene overlap (Supplementary Figure 3.1a). We added edges between all pairs of 

pathways, with edge weights corresponding to the –log10(p-value) from Fisher’s exact test measuring the 

significance of gene overlap (p-values were Bonferroni corrected, and edges between pathways with p>0.01 

were set to a weight of 0). This process generated a sparsely connected graph in which each node represents 

a pathway, and edges indicate similarity of pathways with respect to shared genes. 

For the second step, we identified communities of related pathways from this network using the 

Louvain community detection algorithm 78,79 using the Community API in Python. To our knowledge, ours 

is the first work to use an approach based on graph modularity to cluster pathways.  The Louvain algorithm 

learns well-connected communities from a network by greedily optimizing for graph modularity, namely, 

a measure of the density of intra- vs inter-community edges. During our evaluation, we first performed the 

PAC method separately for each pathway database (generating 4 separate pathway graphs and performing 

community detection separately). We ran the Louvain algorithm with a resolution parameter of 0.4 and 

conducted several experiments to verify the stability of our approach with different initializations, 

hyperparameters, and alternative methods for graph construction and evaluation (Supplementary Methods; 

Supplementary Figures 3.2-3.6).  We also compared other graph clustering approaches with the Louvain 

algorithm: agglomerative clustering, spectral clustering, and the Clauset-Newman-Moore (CNM) algorithm 
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(another modularity-based approach); for all methods, we evaluated several hyperparameter options. Figure 

3.2 reports the highest NMI achieved between the learned clusters and curated categories (i.e., the reduction 

uncertainty for the curated category label when the algorithmically learned community label is known).   

Finally, after confirming the consistency of our learned communities with curated categories within 

each database (Figure 3.2), we learned an integrative set of communities from the pathway graph that 

combined all four pathway databases, resulting in 35 learned communities across 4,847 pathways. The full 

list of pathways’ community assignments is provided in Supplementary Table 3.1. Our code for producing 

the pathway graph and learning communities is available at https://gitlab.cs.washington.edu/nbbwang/P-

COM. 

 

 

Figure 3.2. Comparison of graph clustering and community detection algorithms we evaluated. Pathway graphs and 

communities were learned separately for each database and then compared with curated category labels from each 

source database via normalized mutual information.  

 

Automatic labelling of pathways   

To automatically generate descriptions for our communities that were independent of expert-curated 

category labels, we developed a method based directly on the names of member pathways. For each 

community, we pre-processed member pathway names from MSigDB and identified commonly appearing 

terms. After pre-processing these names to remove database identifiers and common stop words (using the 

Natural Language Toolkit Python package), we counted instances of all 3-mers across community members 

and used the most commonly appearing 3-mer (with at least three appearances) as a label to describe our 

community. In the case of a tie, we selected the 3-mer whose source pathways had the highest average 

hubness within their community. When no 3-mers made at least three appearances, we repeated the process 

https://gitlab.cs.washington.edu/nbbwang/P-COM
https://gitlab.cs.washington.edu/nbbwang/P-COM
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with 2-mers. Supplementary Figure 3.7 shows an example of this procedure, and Supplementary Table 3.2 

provides the top ten terms for each community.  

Querying new gene sets 

As described above, the PAC method creates a graph with edges based on gene set overlaps among 

pathways and learns communities via the Louvain algorithm, which greedily optimizes the modularity of 

graph partitions. Therefore, using the following process, it is straightforward to query a new gene set in our 

learned community network. First, we calculate Fisher’s exact test p-values between the new gene set and 

each pathway already in the graph (Supplementary Figure 3.1b), and we then temporarily add the gene set 

as a new node in the pathway graph. Next, holding the previously learned partition constant and initially 

considering the new gene set as a single-member community, we calculate the modularity change associated 

with moving the gene set to each of the other communities. We then rank the candidate communities for 

the new query gene based on their associated increase in modularity.   

To ensure that this approach is useful for any arbitrary list of genes (e.g., from a differential gene 

expression analysis), we first validated it by again using the MSigDB Hallmark pathways, because some of 

their founders are pathways in our graph. Thus, we evaluated whether, when queried, these Hallmark gene 

lists tended to be assigned to communities containing many of their founder gene sets. Finally, as described 

below, we created an interactive web tool to help users query a list of genes and identify candidate 

communities most closely associated with it. 

Interactive web tool 

Because the pathway graph contains thousands of pathways and learned communities contain up to 492 

pathways, our integrative communities are not amenable to static visualizations.  Therefore, we created an 

interactive web tool, available at https://nicasia.github.io/PAC, using the Plotly Dash framework. The tool 

lets users explore the community and pathway networks to gain a clearer understanding of how pathways 

relate to each other and the higher level processes learned by each community. It offers several views. First, 

a community-level view shows users the community graph (i.e., Figure 3.4a) along with detailed 

annotations, including the top automatically generated labels, pathway members, and most commonly 

appearing genes. Users can query specific biological processes (i.e., automatically learned labels) to identify 

which communities contain relevant pathways. Second, a pathway-level view reveals sub-graphs containing 

all pathway members for a selected community. Here, users can highlight a specific pathway in the graph 

to visualize how it relates to other pathways in its community. Third, a gene-level view helps users query 

any gene to see which communities contain pathways with that gene and whether the gene appears 

https://nicasia.github.io/PAC
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disproportionately often in certain communities (Supplementary Table 3.3 provides the full list of genes 

with significant overrepresentation in any community as described in Supplementary Methods). Finally, 

we provide a page that lets users query a new gene set against our pathway network and visualize both 

enriched pathways and top related communities (based on the method described above). Together, these 

different pages for examining the learned communities of pathways, along with the ability to query a new 

gene set, may allow users to more effectively interpret their biological findings in the context of known 

pathways. 

Biological example with breast cancer data 

To demonstrate an application of our method to new gene sets, we used an example of a differential gene 

expression analysis in breast cancer samples. Data was provided by the Molecular Taxonomy of Breast 

Cancer International Consortium (METABRIC) database. The database includes breast cancer sequencing 

data from 2,509 patients; gene expression measurements from biopsied breast cancer samples, including 

24,368 measured genes; and phenotypic or treatment labels associated with each sample (e.g., estrogen 

receptor status and whether the patient was treated with chemotherapy).  

We restricted our analysis to 2,469 sampled profiles for which estrogen receptor status was 

reported, of which 74% of samples were positive for estrogen receptors. For each of the 24,368 genes 

measured, we compared expression levels for ER+ and ER- samples using two-sided independent t-tests 

and identified 8,984 genes significantly differently expressed between groups (p<.05 after Bonferroni 

correction; Supplementary Methods describe data processing). Consistent with prior knowledge 80, this 

indicates that expression differences between ER+ and ER- cancers are widespread across genes. To refine 

our understanding of the top genes, we identified the top 1% (243) of genes with the most significant 

differential expression (Supplementary Figure 3.8) and examined them in the context of our community 

network, thus enhancing the interpretability of a set of differentially expressed genes. 

Results 

The PAC framework uses a Louvain community detection method that outperforms alternative 

approaches 

To evaluate whether we could learn informative and meaningful communities from pathway networks, we 

separately applied the pathway network construction step to each pathway database and then applied 

various community detection and clustering algorithms to each individual graph. We then computed the 

normalized mutual information (NMI) to compare the resulting communities with the curated categories 
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(see Methods for details) from each database. Figure 3.2 shows that the Louvain community detection 

method achieved high NMI scores when comparing the automatically learned communities with ground-

truth curated labels, exceeding NMI scores from all alternative approaches across all pathway databases 

(p<0.001 for all t-tests; alternative evaluation metrics revealed similar results, as shown in Supplementary 

Figure 3.2). This indicates that the Louvain community detection method generates communities that are 

consistent with expert-curated labels and offers a promising approach for automatically categorizing 

communities based on their shared genes.  

PAC combines four major pathway databases, resulting in communities that are consistent with 

hand-curated categories   

To learn a unified set of communities across all 4,847 gene sets from the four different sources (KEGG, 

REACTOME, GO BP and GO MF), we constructed a joint network and used the Louvain algorithm with 

a resolution of 0.4 (selected because it provided high NMI scores across all four datasets; Supplementary 

Methods & Supplementary Figure 3.4). This approach generated 35 communities, ranging in size from 7 to 

492 pathways (Figure 3.3a) and effectively integrated pathways from different sources (Figure 3.3b), which 

indicates that the communities are likely driven by function rather than database-specific signals. 

Like the separately generated ones, communities found from our combined pathway graph tend to 

be very consistent with their own curated categories (NMIs of 0.62, 0.43, 0.32, and 0.41 for KEGG, 

REACTOME, GO BP, and GO MF, respectively; NMI of 0.30 when all curated categories were 

concatenated; Supplementary Figures 3.9-3.13 show comparisons between these communities with curated 

categories). However, differing curated categories from each database are not easily reconcilable into 

common biological themes. Thus, to explore whether the learned communities capture meaningful common 

processes, we analysed our results with respect to the MSigDB’s Hallmark pathways (v7.1),  developed to 

summarize pathways across MSigDB’s various sources71.  

All Hallmark pathways have associated sets of founder pathways, sets of pathways from which the 

Hallmark pathways are derived, including 745 pathways in our combined graph. We initially observe that 

our automatically learned communities are highly consistent with grouping pathways by Hallmark 

pathways for which they are founders (NMI=0.60; pathways that were not Hallmark founders were not 

considered in this calculation). Furthermore, purple cells in Figure 3.3c illustrates the distribution of 

Hallmark pathway founders within each community; most of our communities are associated with few 

Hallmark pathways, signifying that Hallmark pathways provide insight into coherent biological processes 

within communities. For example, there is a nearly one-to-one mapping between community 23 and the  
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Figure 3.3. Overview of learned communities and their association with known processes. (a) Communities’ number 

of member pathways (ranging from 7 to 492 members). (b) Composition of pathway database members in each 

community. (c)  Communities’ associations with MSigDB Hallmark pathways.  Each Hallmark pathway has a list of 

associated “founder” gene sets, some of which are in the REACTOME and KEGG databases. Heatmap annotations 

indicate the number of founders in each community associated with each Hallmark pathway. Cells are colored by each 

community’s frequency of founders distributed across Hallmark pathways (e.g., the darkest purple indicates that all 

Hallmark founders contained in a community are mapped to a single Hallmark pathway). We note that some Hallmark 

pathways have identical founder gene sets, and we include both Hallmark pathways in the same row of the heatmap 

(separated by “-&-” in the label). Finally, we use PAC’s gene set querying method (described in Methods) to assign 

each Hallmark pathway to a community based on its member genes. The assigned communities are indicated by 

squares in the heatmap, and these squares are colored by how closely they agree with the top community based on 

founders.  
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Hallmark ‘apical junction’ pathway (i.e., genes involved in adherens and tight junctions between cells 71), 

suggesting that this Hallmark pathway may be an appropriate annotation for community 23. This is further 

supported by the fact that most pathways in the community relate to cell-to-cell adhesion (Supplementary 

Table 3.1), consistent with the biological function of the Hallmark pathway. Similarly, all Hallmark 

apoptosis founders are in community 16, consistent with the fact that many central members of the 

community relate to apoptotic signalling (Supplementary Table 3.1).  

Although the examples illustrated above and in Figure 3.3c are promising, because Hallmark 

pathways are based on only a small subset (15.4%) of our original pathways, they cannot be used to annotate 

smaller communities with no Hallmark founders. Furthermore, this interpretation may fail to reveal highly 

specific processes occurring within the communities. For example, the PI3K/AKT/mTOR Signalling 

Hallmark Pathway, broadly important in regulating the cell cycle, is split across several of our communities, 

showing that these communities may each represent more specific sub-processes. In the next section, we 

address this problem by automatically generating descriptive labels for each community.  

Finally, we also use Hallmark pathways to validate our method for querying new gene sets in the 

PAC framework. Because each Hallmark pathway has a set of associated founder gene sets (some of which 

are in our pathway network), we use our querying method to assign each hallmark pathway to a community 

in our network; we can then determine if there is agreement between the community assigned via our 

method and communities containing its founders. For 74% of Hallmark pathways, Figure 3.3c shows that 

the assigned community based on our querying method is the same community that contains the most 

founders (see pink cell outlines in Figure 3.3c); for all Hallmark pathways, the assigned community is in at 

least the top three communities based on founder membership.  

PAC’s Automatically generated labels and visualizations provide high-level overviews of learned 

communities 

To highlight high-level relationships among our pathway communities, we visualize our pathway 

community graph with their automatically learned labels (Figure 3.4a). First, we observe that many of our 

automatically generated label terms are consistent with our Hallmark pathway analyses (Figure 3.3c), e.g., 

Community 16, whose top label was “Apoptotic signaling pathway,” is consistent with its most closely 

related Hallmark pathway, “apoptosis.” Importantly, our labelling approach also provides insights 

unavailable from Hallmark pathway analysis alone. For example, Communities 9, 19, and 19 are all strongly 

associated with the Protein Secretion Hallmark pathway (Figure 3.3), but our automatically generated labels 

reveal separate phenomena (i.e., lipoproteins, synaptic processes, and viral activity for Communities 9, 18,  
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Figure 3.4.  (a) The final learned community network. We display all community nodes, with sizes proportional to 

the number of pathway members, and edge widths proportional to the average weights among all pairs of edges 

between members of each community. Each community is labeled with automatically generated labels as described 

in Methods. (b) An example view of a single community. We display all members of community 28 as nodes with 

sizes proportional to their hubness in the subnetwork containing only community 28 pathways, and colored by the 

database for each pathway. Edge widths are proportional to the –log10(p-value) for Fisher’s exact test measuring gene 

overlap between pathways.  

 

 

and 19, respectively). Overall, Figure 3.4a demonstrates that our communities’ labels cover a broad range 

of cellular activities while remaining sufficiently specific to describe well-defined biological functions, 

while network edges highlight the interrelatedness of biological processes across these communities.  

Finally, to demonstrate that our approach produces informative pathway communities, we explored 

individual networks within communities. As an example, Figure 3.4b visualizes Community 28, one of 

multiple communities associated with the Hallmark hypoxia and glycolysis pathways. Pathway members 

are consistent with the top label “carbohydrate metabolic process,” and the community integrates pathways 

related to this biological function from multiple databases. These promising results highlight that our 

process can overcome database bias and capture functional similarities.  

Supplementary Table 3.1 shows community pathway membership, and Supplementary Table 3.2 

shows the top labels for each community. Our web tool provides detailed interactive visualizations for each 

community; see https://nicasia.github.io/PAC.  

A biological example: genes differentially expressed between estrogen receptor positive vs. negative 

breast cancers relate to relevant pathway communities 

Breast cancers are commonly classified by their estrogen receptor (ER) status – i.e., whether 

estrogen receptors are expressed in cancer cells (ER+) or not (ER-). These cancer subtypes manifest in 

markedly different ways and require different treatment regimens because ER+ cancers rely heavily on 

estrogen to grow and reproduce, whereas ER- cancers do not 81,82. Thus, ER status is associated with a wide 

range of transcriptional differences between ER+ and ER- cancers 83. In this example, we conduct a simple 

differential expression analysis to identify the most differentially expressed genes and then highlight how 

our method clarifies these findings. In particular, as described in Methods, we identify the top 1% of the 

most significantly differentially expressed genes between 1,825 ER+ and 655 ER- samples from the  

 

https://nicasia.github.io/PAC
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Figure 3.5.  (A) Enrichment of top pathways for the 243 most significantly differentially expressed genes biopsied  

samples for ER+ vs. ER-  breast cancers. Each bar shows the –log10(p-value) for enrichment based on Fisher’s exact 

test after Bonferroni correction over all pathways. Each pathway is labeled with its assigned community and 

enrichment rank. (B) Using the PAC’s gene set querying method (described in Methods), we query the 243 most 

significantly differentially expressed genes against the learned communities and display the modularity change 

associated with assigning the query gene set to each community. The top 10 communities are shown, with the top two 

automatically generated labels (Methods) for each of the top 5 communities, indicating processes that are generally 

related to the query gene set. (C) Network overview for the top 108 enriched pathways (p<.02) for the 243 genes 

described above. Each node is colored by its community and sized proportionally to the enrichment –log10(p-value), 

and we annotate the top 20 pathways with their rank as indicated in (A).  
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METABRIC dataset (Supplementary Figure 3.8) and use these genes as a query gene set to explore relevant 

pathways in the context of our learned communities. 

Figure 3.5a shows the top enriched pathways (as determined by Fisher’s exact test of overlap for 

the top genes and all pathways), which would be the final outcome of a standard pathway analysis. By 

additionally coloring each bar with the community to which the pathway was assigned, we see that some 

communities appear frequently in the top 20 enriched pathways.  

Next, we query the top genes against our communities (see Methods). This approach considers not 

only the top enriched pathways, but the overall association of all pathways in each community with the 

query gene set. This analysis reveals that the top communities related to differentially expressed genes 

between ER+ and ER- broadly relate to growth factors and cell differentiation (community 20) and 

metabolic activity (community 1) (Figure 3.5b). Interestingly, although community 27 contains multiple 

estrogen-related pathways that are highly enriched in the top genes (e.g., #3 and 4 in Figure 3.5a), most 

pathways in community 27 relate to broader cell-cycle activity (Supplementary Tables 3.1-3.2); therefore, 

that community is not favored in the community-level analysis. Thus, although our approach identifies 

specific pathways relevant to our gene sets, use of the community network query reveals some broader 

patterns of processes captured in the top genes related to ER-status. Finally, Figure 3.5c shows a network 

visualization that highlights 108 pathways enriched at the p<.02 level in our gene set query. This helps the 

user visualize not only which pathways are enriched but also how they relate to each other (note that 

interactive versions of Figure 3.5b-c, which provide more detail, are available at 

https://nicasia.github.io/PAC).  

Discussion 

Our approach is not without limitations. In particular, because our graph is constructed using Fisher’s exact 

test-based edges, our method for querying new gene sets also relies on the use of Fisher’s exact test for 

pathway enrichment to be consistent with the rest of the graph’s structure (since querying a new gene set 

involves simulating its addition as a node to the pathway network).  Thus, our tool does not currently support 

the use of an alternative approach to compute pathway enrichment (e.g., GSEA); we may implement this 

functionality in the future. Additionally, although we empirically found that our automatic community 

annotation approach was consistent and interpretable, it relies primarily on the quality of pathway names. 

If the analysis were repeated with a new set of pathway databases that used uninformative pathway names, 

our approach for automatically labelling communities would not be applicable.  

https://nicasia.github.io/PAC
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In summary, we contribute the PAC framework, an automated approach for identifying 

communities of closely related pathways across several databases that successfully recapitulates expert-

curated categories. By conducting separate analyses on pathway databases, we verified that the learned 

communities were consistent with curated ground truth labels. When scaled up to an integrative analysis 

across four databases, we verified that learned communities were consistent with Hallmark pathways. We 

also found that maintaining a pathway-level understanding of our communities provides additional nuance 

and context that is lost by consolidated gene sets (e.g., using Hallmark pathways alone for pathway 

enrichment analysis).  Further, unlike previous methods focused solely on visualization of pathway 

enrichment results, we leverage an automatic labelling approach to yield additional insights about biological 

pathway relationships. Finally, we believe that our tool to query new gene sets against our analyses 

(demonstrated with a breast cancer gene expression data example analysis) and our interactive webpage for 

examining relationships among pathways and communities will help computational biologists contextualize 

meaningful new findings for a wide variety of biological processes. 
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Chapter 4. Efficient and Explainable Risk Assessments for Imminent 

Dementia in an Aging Cohort Study 

As the aging US population grows, scalable approaches are needed to identify individuals at risk for 

dementia. Common prediction tools have limited predictive value, involve expensive neuroimaging, or 

require extensive and repeated cognitive testing.  None of these approaches scale to the sizable aging 

population who do not receive routine clinical assessments. Our study seeks a tractable and widely 

administrable set of metrics that can accurately predict imminent (i.e., within three years) dementia onset. 

To this end, we develop and apply a machine learning (ML) model to an aging cohort study with an 

extensive set of longitudinal clinical variables to highlight at-risk individuals with better accuracy than 

standard rudimentary approaches. Next, we reduce the burden needed to achieve accurate risk assessments 

for those deemed at risk by (1) predicting when consecutive clinical visits may be unnecessary, and (2) 

selecting a subset of highly predictive cognitive tests. Finally, we demonstrate that our method successfully 

provides individualized prediction explanations that retain non-linear feature effects present in the data. 

Our final model, which uses only four cognitive tests (less than 20 minutes to administer) collected in a 

single visit, affords predictive performance comparable to a standard 100-minute neuropsychological 

battery and personalized risk explanations. Our approach shows the potential for an efficient tool for 

screening and explaining dementia risk in the general aging population.‡ 

 

Introduction 

Alzheimer’s disease (AD), a degenerative brain condition, affects an estimated 5.8 million Americans. As 

the world's older population grows at an unprecedented rate, the number of individuals with dementia is 

projected to more than double, making it an increasingly pressing health concern84. Significant advances in 

diagnostic predictions are essential to curb the devastating effects of dementia worldwide. We believe these 

advances will be enabled by large-scale aging cohort studies and machine learning (ML) innovations.  

Although no currently known treatment can cure or retard AD progression, identifying AD cases 

before severe neurological damage ensues is crucial. Predicting onset can promote treatment efficacy once 

successful interventions are developed and swiftly identify individuals who may benefit from drug trials. It 

                                                           
‡ This paper was joint work with co-first-author Alex Okeson, along with Tim Althoff and Su-In Lee. It has been 

published in the IEEE Journal of Biomedical and Health Informatics131. 
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will also help families plan for patient care and patients to receive resources to help make personal decisions 

about their care before they lose the autonomy to do so85. 

Although studies have demonstrated the possibility of identifying individuals who already have 

dementia86, such diagnoses occur beyond the critical window for effective interventions or end-of-life 

planning85. Other studies have predicted the onset of dementia in advance of a clinical diagnosis, but often 

involve costly data collection using neuroimaging or in-depth neuropsychological batteries over multiple 

years 87–92. The use of repeated cognitive testing may help to model and predict an individual's cognitive 

decline90; however, given that only 16% of American seniors receive regular cognitive assessments in 

primary care settings 93, this approach may be impractical for the general population. Furthermore, 

decreasing the required window of repeated testing would enable earlier diagnostic predictions because 

predictions would be made using fewer (and therefore earlier) observations. 

Our goal is to find a balance between accurate but costly tests and efficient but relatively inaccurate 

predictions. In particular, we assess and explain an individual's risk for dementia multiple years into the 

future using relatively easy-to-collect measures that may scale well to large aging populations.  

 

Figure 4.1. Overview of our approach to producing efficient and explainable dementia onset risk 

predictions. We link figure components to research questions (RQs) and in-text discussion. (a) RQ1, (b) 

RQ2, and (c) RQ3. 
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To this end, we address the following three research questions (RQs), encapsulated in Figure 4.1 

and linked to in-text discussion. RQ1: Using longitudinal clinical and cognitive data from an aging cohort 

study, can we effectively predict whether an individual will develop dementia? RQ2: To what extent can 

we reduce the need for burdensome data collection while still maintaining predictive performance? We 

explore this question with respect to both repeated cognitive testing over multiple years and the number of 

required tests. RQ3: Using complex models that learn interactions among features and risks, can we 

leverage interpretability methods to provide personalized dementia risk explanations?  

Our approach makes several noteworthy contributions. First, by exploring multiple classes of ML 

models, we find that dementia onset (within three years) can be predicted robustly and requires cognitive 

measurements from only a single session. Second, by using an interpretability method to measure sample-

level feature importance, we can identify a small subset of tests that provide similar predictive value to a 

standard battery, while only taking one fifth of the time to administer. Third, each dementia risk prediction 

estimate is accompanied by individual explanations of risk, which may aid clinicians in tailoring care to 

their patients.  

Related work 

State-of-the-art dementia diagnosis. Many studies have sought to predict the presence of dementia based 

on brain scans and other metrics. For example, deep learning has improved AD classification using both 

magnetic resonance imaging and positron emission tomography scans87,88. Adding lifestyle and cognitive 

factors has additionally improved prediction performance for AD onset92. Although these studies have 

shown success in AD diagnosis and risk prediction, neuroimaging data requires significant amounts of time 

and funding, making it intractable for widespread use. In contrast, we develop imminent dementia 

predictions based on inexpensive measures. Our approach also complements current approaches by 

highlighting high-risk individuals who might benefit most from more extensive testing. 

Basic risk factors. Without expensive brain imaging, it is common to predict the onset of dementia 

from age, sex, education, and genetic factors7,94,95. In particular, variations in APOE, the gene encoding 

Apolipoprotein E protein, are thought to be the main genetic factor impacting AD risk 94,96. However, using 

only these basic risk factors produces non-robust predictions97. Here, we augment these primary risk 

predictors by adding cognitive and medical variables. 

Modeling cognition trajectories. Because dementia is characterized by a rapid decline in cognitive 

functioning, studies have used cognitive variables to predict its onset90. Johnson et al. (2009) characterized 

cognitive trajectories for elderly individuals with and without AD  and found that precipitous drops in 
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cognition tend to occur between one and three years prior to dementia diagnosis 91. Based on this result, we 

use up to three years of past data to predict imminent dementia onset. Unlike these longitudinal cognition 

studies, however, we evaluate the need for repeated testing and attempt to reduce the burden on both 

clinicians and participants of required study visits to achieve accurate, but efficient predictions of dementia 

onset. 

Diagnosing cognition status. Some research has focused on assessing whether an individual 

already has dementia98 or mild cognitive impairment (MCI)99 via short questionnaires. Multiple cognitive 

assessments have been developed to efficiently diagnose MCI86,100, such as the Mini-Mental State 

Examination (MMSE). Further studies have used MCI diagnoses made by clinicians101 and MMSE test 

scores102 to predict future dementia onset.  Building on these successes, we highlight a set of easily 

administered tests that significantly outperform the sole use of these clinical tests. 

Results 

We use data from the Religious Orders Study and Rush Memory and Aging Project (together known as 

ROSMAP)6,7, two longitudinal aging cohort studies, to build dementia onset risk prediction models (see 

Dataset sub-section of Methods). During each yearly visit, individuals provide medical information and 

undergo extensive cognitive testing (Table 4.6). We generate samples with at least three years of 

consecutive visits and no dementia history and then build models to predict imminent dementia onset (i.e., 

a diagnosis within the next three years). Results described below are based on 9,103 samples from 1,597 

individuals, split into stratified training and test sets. 

Preliminary analyses reveal feature interactions 

Preliminary data exploration comparing imminent dementia and control cases reveals many significant 

differences in the outcome variable among demographic and cognitive variables (Table 4.6). Additionally, 

strong correlations are seen between many features and the outcome variable, as well as among features 

themselves. This is expected since many of the cognitive tests assess the same cognitive domains. Together, 

these observations suggest that we could train an effective imminent dementia classifier from the available 

features. Furthermore, the high inter-relatedness of features indicates that some may provide redundant 

information and may therefore be reduced.  

We also explore non-linear and interaction effects in our data to identify appropriate model classes. 

From these analyses, we observe two notable complex interactions, shown in Figure 4.2. First, having a 

single APOE e4 allele seems to modulate dementia risk in particular groups:  males (Figure 4.2a), people 
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under 85 (Figure 4.2b), and relatively low cognition-scorers (Figure 4.2c). We observe similar modulation 

among carriers of two APOE e4 alleles (e.g., females), although they represent less than 2% of our sample 

(Table 4.6). Second, we see a strong interaction between overall cognition and many demographic features. 

Having a high cognition score may buffer dementia risk regardless of demographic factors, while 

demographic features might confer more information about risk when they coincide with low cognition. 

For example, APOE e4-carriers (Figure 4.2c), females (Figure 4.2d), older individuals (Figure 4.2e), and 

highly educated individuals (Figure 4.2f) seem to exhibit especially high risk if they are also low cognition-

scorers. Due to such non-linear effects among our features, a complex model may be useful for capturing 

interactions among features and risk. 

 

 

Figure 4.2. Average imminent dementia onset rates (with 95% confidence intervals) by demographic and cognitive 

factors, highlighting non-linear and interaction effects. 

 

 

Multivariate models enable dementia risk prediction 

To answer our first research question, we initially aim to build an ML model that can accurately predict 

dementia onset. To do so, we evaluate the prediction performance of multiple model classes and techniques 
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to address class imbalance and time-series data using stratified cross validation (CV) within our training 

set. Due to class imbalance in our dataset (13.7% rate of dementia onset), we consider various 

downsampling options. Due to the data's longitudinal nature, we explore the use of time encodings to pre-

process input data (e.g., moving averages; described further in Methods). We find that models trained 

without downsampling or specialized time encodings had similar or better CV accuracy, AUROC, and 

AUPRC scores across all model classes described below, and thus proceed with these selections for all 

subsequent model tuning.  

For our prediction task, we compare the performance of four classes of ML models: (1) regularized 

logistic regression (LR), (2) XGBoost (XGB), (3)  multi-layer perceptron (MLP), and (4) long short-term 

memory network (LSTM). For each model class, we perform extensive hyperparamter selection across five 

stratified cross-validation (CV) splits (within the training set). Table 4.1 shows the top-performing models 

in each class (Methods provides tuning procedure details).   

 

Table 4.1. Average cross-validation (CV) performance statistics for each model (± standard error). 

Model CV Accuracy CV AUROC CV AUPRC 

XGB 0.9046 ± 0.0045 0.9163 ± 0.0044 0.6763 ± 0.0132 

LR 0.9045 ± 0.0048 0.9205 ± 0.0044 0.6893 ± 0.0110 

MLP 0.9036 ± 0.0056 0.9186 ± 0.0050 0.6694 ± 0.0144 

LSTM 0.9021 ± 0.0050 0.9047 ± 0.0168 0.6691 ± 0.0189 

 

 

In general, we find that many of the model classes achieve similar predictive performance. MLP, 

LR, and XGB models perform similarly (within the standard error ranges) with respect to AUROC and 

AUPRC. Among complex model classes, we chose the XGB model because the neural network methods 

(MLP and LSTM) exhibit unstable performance, as shown by their large error bars in Figure 4.3 

(particularly when trained on a single year of data). We opt for an XGB final model over a linear (LR) one 

because: (1) Unlike linear models, XGB is able to learn non-linear and interaction effects like those found 

in our data. Prior meta-analyses of dementia risk prediction suggest that the linearity assumption does not 

hold for critical risk factors (consistent with our observations in Figure 4.2) 103. Another study found that, 

even when producing equally accurate predictions, linear methods applied to non-linear data sets tend rely 

on irrelevant features104. Thus, XGB may learn a richer representation of the true complex relationships 

among features. (2) Due to the non-linear and interaction effects learned by XGB, we can obtain 

personalized risk explanations for each individual via interpretability methods (e.g., SHAP, see Methods), 
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whereas linear models place the same importance on each feature across individuals. Thus, we elect to 

perform final analyses with an XGB model but compare these results to a linear model for completeness. 

Recent, not cumulative, observations are needed for effective dementia onset prediction 

We answered our first research question by successfully predicting future dementia onset from three years 

of consecutive ROSMAP study visits. However, the use of repeated visits may be unrealistic for predicting 

dementia onset in the general population since only 16% of American seniors receive regular cognitive 

assessments93. Therefore, we turn to RQ2 to evaluate whether we can reduce the burden of repeated 

cognitive testing (i.e., do we need multiple years of cognitive measurements to make an accurate 

prediction?). To that end, we evaluate our model's CV AUROC when we reduce the number of consecutive 

visits in the inputs (described further in Methods). As we reduce the number of cumulative years the model 

sees during training (Figure 4.3, circular markers), we find no major changes in model performance across 

all four model classes. This suggests that requiring multiple years of consecutive data is not necessary for 

accurate predictions, which may reduce the burden of regimented follow-up testing in the clinical setting. 

 

 

Figure 4.3. Average cross-validation area under the receiver operating curve (AUROC) for our four models trained 

on different combinations of yearly visits. Circle marks show that cumulative data has limited value, while triangle 

marks highlight the importance of recent data. 

 

Next, we identify the relative importance of recent data by evaluating the model trained on a single 

year of past data alone. As expected, we see a decline in prediction performance for models trained on older 

data (Figure 4.3, triangular markers). Although the most effective prediction models were trained with the 
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most recent year of observations (t), we evaluated the stability of our final conclusions by repeating analyses 

shown in Figure 4.5 and Table 4.2 using data from t-1 and data from t-2 (the same data shown by triangle 

markers in Figure 4.3). In both cases, models show slight drops in all performance metrics, but our models 

outperform baselines by similar margins on time t-1 and t-2 data compared to t data.  Together, these results 

imply that recent cognitive measurement are vital for predicting imminent dementia status, but that repeated 

testing is not needed for accurate dementia onset prediction since recent data may supersede outdated 

cognitive information obtained in past years.  

Finally, we apply SHAP105, a local feature attribution method, to our XGB model trained on all 

three years of consecutive data to ascertain whether the model relies on previously collected data.  We find 

that the model's top ten features consist of demographic data or tests from the most recent year:  even when 

provided access to measurements from prior years, our model still tends to focus on more recent data. Based 

on these CV results, we decided to train the final models using only the current year (t) of data, a decision 

that enables earlier, more efficient predictions that need not wait for additional years of cognitive tests 

before generating a dementia prediction. 

 

Table 4.2. Test performance of final models (± standard error from bootstrap re-sampling). 

 Test Accuracy Test AUROC Test AUPRC Relative IDI 

(simplified with 

APOE vs. row) 

 Final models     

 All Features (XGB) 0.8975 ± 0.0002 0.8977 ± 0.0003 0.6387 ± 0.0010 −0.0571 

 Simplified (with APOE) (XGB) 0.8947 ± 0.0002 0.8903 ± 0.0003 0.6236 ± 0.0010 - 

 Simplified (no APOE) (XGB) 0.8964 ± 0.0002 0.8896 ± 0.0003 0.6184 ± 0.0010 0.0084 

Baseline models in our study     

Linear Selected Features (LR) 0.8825 ± 0.0002 0.8224 ± 0.0004 0.4907 ± 0.0011 0.6012 

Linear Selected Features (XGB) 0.8781 ± 0.0002 0.8050 ± 0.0005 0.4771 ± 0.0011 0.7432 

Baseline feature sets in the 

literature 

    

Demographics + MCI (XGB)101 0.8770 ± 0.0002 0.8203 ± 0.0005 0.4449 ± 0.0011 0.5058 

Normalized Cognitive Features 

Sum (LR) 

0.8737 ± 0.0002 0.8128 ± 0.0005 0.4473 ± 0.0011 0.9804 

Demographics + MMSE30 

(XGB)102 

0.8748 ± 0.0002 0.8124 ± 0.0005 0.4273 ± 0.0011 0.6707 

Demographics (XGB)6 0.8593 ± 0.0003 0.7215 ± 0.0005 0.2660 ± 0.0008 2.9291 
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Efficient and effective dementia onset predictions can be made with a small subset of features 

After extensive cross-validation experiments, we settle on a final XGB model using the hyperparameters 

selected based on CV performance. This final “All Features” XGB model is trained on all training data 

using all available features from year t only. Table 4.2 shows held-out test set performance metrics for this 

model.  To drive further insights, we use SHAP local feature explanations105 to interpret the final model. 

To see which features our XGB model relies on, we aggregate the local explanations of our training samples 

to obtain global insights (described in Methods). Figure 4.4 shows the top 20 most important features 

(ranked by their average SHAP importance magnitude across all samples).  

First, we note that the feature attributions are consistent with findings in the literature, validating 

our modeling approach and SHAP interpretations. For example, nearly all previous work6 has found 

females, older individuals, and carriers of an APOE e4 allele to be at higher risk of dementia, consistent 

with Figure 4.4 SHAP explanations. Similarly, as expected, low performance on all cognitive tests 

contributes to a higher risk score. In contrast, our years of education feature attributions are not consistent 

with the literature (which find negative associations between high education and dementia incidence). We 

discuss this result further in the Discussion Section. 

As we move down the list of top-ranked features, we see a dramatic drop in the magnitude of SHAP 

values (i.e., relative influence of a given feature on the final prediction). We therefore hypothesized that 

future dementia onset can be predicted using only the most informative features. For evaluation, we choose 

the top four demographic features and top four cognitive tests and use them to train a simplified prediction 

model. The top demographic features (age, sex, education, and APOE genotype) are widely cited as being 

important6 and are simple to measure. The four top cognitive tests chosen are: categorical fluency (Cat Flu; 

2 minutes; semantic memory); symbol digit modality test (SDMT, ≤5 minutes, perceptual speed); word list 

test (WL, 3 minutes, episodic memory), and mini-mental state exam (MMSE30, 5-10 minutes, general 

cognition); Table 4.3 describes these tests. Interestingly, each test lies in a different cognitive domain in 

Table 4.6, indicating that the model relies on diverse and non-redundant cognitive attributes. From our 

simplified feature set, we train two “simplified” final models on our full training set: one including and one 

excluding the APOE genotype (which, though commonly used in prior studies, is not always available in 

clinical settings). Although cognitive diagnostic status (MCI diagnosis) was ranked among the top 

influential features, we excluded it from our simplified models: it is very time consuming to obtain in the 

ROSMAP study (since it is based on all cognitive tests and a clinician examination), and it may be difficult 

to obtain in the general aging population. 
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Figure 4.4. SHAP summary plot: violin plot of the 20 most informative features of the XGBoost current year model, 

ordered by importance. Each point is a training sample colored by its feature value. The point’s x-axis position is the 

feature’s contribution to the final risk prediction. 

 

Unlike the above use of SHAP-based feature selection from our XGB model, feature selection for 

linear models involves choosing those with the highest magnitude regression coefficients. For comparison 

with our SHAP selection method above, we use standard feature selection based on the final LR model's 

coefficient magnitudes. For consistency, we use the same four demographic features as above and then 

select the cognitive features with the highest-magnitude regression coefficients: digits forward, digits 

backward, digits ordering (all working memory), and the East Boston Test (episodic memory) (21 minutes 

total; See Table 4.3). 
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Table 4.3. Selected cognitive tests from XGBoost (XGB) and linear regression (LR) models (cognitive domains 

shown in table 4.6). Full cognitive battery: 98 minutes. 

Test (Domain) Time 

(min) 

Description 

Selected cognitive tests from XGB model:   

Categorical fluency (SM) 2 Subject names as many items in a category as they can in 

a minute (Rounds: animals, fruits). 

 

Symbol digit modality (PS) ≤5 Subject learns a symbol-to-digit mapping, then must 

substitute digits when symbols are shown. 

 

Word list (EM) 3 Subject hears a list of 10 words, then is tested on 

immediate recall, delayed recall, and recognition 

(selecting correct words from distractors). 

Mini-mental state exam ≤10 Short diagnostic general cognition test for dementia. 

Selected cognitive tests from LR model:   

Digits Forward (WM) 5 Given a list of numbers, subject repeats them in the same 

order as given. 

Digit Ordering (WM) 5 Given a list of numbers, subject repeats them in 

numerical order. 

East Boston Test (EM) 6 After hearing a short story, subject recalls story units 

immediately and after distractor-filled delay. 

Digits backward (WM) 5 Given a list of numbers, subject repeats them in the 

reverse order as given. 

 

 

 

We compare our final simplified XGB models to the XGB model trained on the full feature set, an 

LR and XGB model trained using the features from linear feature selection, and a baseline XGB trained on 

multiple commonly used clinical baseline feature sets. Figure 4.5 shows the held-out test set's receiver 

operating curves for all models, highlighting the sensitivity and specificity based on all decision boundaries 

on the test set. Using a decision cut-off of 0.5, we report true negatives, false positives, false negatives, and 

true positives for our top models and the top performing baseline model in Table 4.4. For each model, Table 

4.2 lists the area under the receiver operating curves (AUROC), precision recall curves (AUPRC), and the 

accuracy at a 0.5 decision cut-off point. Additionally, we calculate the relative integrated discrimination 

improvement (IDI), comparing the “Simplified (with APOE)” model's discrimination ability to every other 

model106. 

Together, these results show that computing SHAP feature importances for our XGB model allows 

us to identify measures that are particularly useful in our model and thus dramatically improve prediction 

performance over more basic clinical baselines by including a few short cognitive tests. These tests are 

standardized and simple to administer; any primary care physician or assistant could conduct them during 
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a patient's annual physical exam (taking a total of 15-20 minutes to administer compared to the 98 minutes 

required for all tests in the ROSMAP neuropsychological battery in Table 4.3). 

 

 

Table 4.4. Using a 0.5 decision cut-off, we report the number of true negatives (TN), false positives (FP), false 

negatives (FN) and true positives (TP) in the test set.  

 TN FP FN TP 

All Features (XGB) 1510 50 135 110 

Simplified (with APOE) (XGB) 1513 47 143 102 

Demographics + MCI (XGB)101 1479 81 141 104 

 

 

Figure 4.5. Receiver operating curves: final models and baselines from the literature (Lit). Area statistics are shown 

in Table 4.4. 

 

 

Cross-cohort generalizability. Due to differences in study design and measured features, it is 

uncommon for dementia prediction studies to validate findings with external datasets97,103. While our data 

is comprised of pooled ROS and MAP samples, the studies recruit participants from different groups (clergy 

from Catholic religious organizations across the US and individuals in retirement facilities throughout 



74 

 

northern Illinois, respectively)6,7, and these studies differ in demographic and lifestyle factors and outcomes. 

Thus, we seek to evaluate the cross-study generalizability of our final models. Using our previously defined 

training and test splits, we retrain our Simplified (with APOE) model separately for ROS and MAP training 

samples and evaluate each model's performance separately for ROS and MAP held-out test samples. In 

both cases, the “external” and “internal” test set AUROCs are within 0.01 of each other (Table 4.5). 

Furthermore, similar tests would be selected if we were to perform feature selection based on models trained 

separately from each cohort (the same top four tests for ROS, and three of four top tests--with the number 

comparison test replacing MMSE--for MAP). Together, these findings indicate that the model generalizes 

stably and effectively across cohorts, both in terms of predictive performance and selected features. 

Table 4.5. Cross-study test set performance for ROS vs. MAP models. 

  AUROC for Test Samples 

  ROS (N=1156) MAP (N=649) 

Training Samples ROS (N=4506) 0.8848 0.8948 

MAP (N=2792) 0.8792 0.8851 

 

Missing data experiments. As shown in Table 4.6, many features have missing values and are 

imputed for all analyses (see Methods). In particular, some features are missing at significantly different 

rates for control versus dementia onset cases. To ensure that our promising results were not driven by a 

confounding effect of imputing features at different rates between case and control groups, we experiment 

with removing potentially confounded samples and features as follows. We first exclude features with one-

fifth of samples missing (Stroop color naming and Stroop word reading tests). We next exclude all samples 

with a missing observation for any of the remaining 10 features with significantly different rates of 

missingness between control and dementia onset cases, resulting in a new dataset with 8,392 samples (92% 

of the original dataset). First, we note that final model performance on this filtered dataset (test 

AUROC=0.8952) is very similar to performance from the full dataset (test AUROC=0.8977). Importantly, 

our SHAP feature rankings (generated via average SHAP importance magnitude) result in the same top 

four selected cognitive tests as the original dataset. Further, we observe similar performance for the final 

simplified model (test AUROCs of 0.8865 and 0.8903, respectively, for filtered and original datasets). 

Together, these experiments indicate that imputing missing features had little effect on our final models. 

SHAP provides personalized risk explanations 

We turn now to our third research question, which addresses personalized dementia risk explanations. 

Because XGB learns complex relationships among features (unlike linear models), we examine SHAP 

interaction values among pairs of features (see Methods). For example, according to XGB interactions, 



75 

 

having one copy of the APOE e4 allele impacts an individual's XGB risk prediction, particularly if he or 

she has a low cognition score (Figure 4.6a, consistent with Figure 4.2c) or is younger (Figure 4.6b, 

consistent with Figure 4.2b). Finally, males, especially those younger than 80, are at particularly low risk 

for developing dementia (Figure 4.2c, consistent with earlier findings6). Thus, by using SHAP to interpret 

our simplified XGB model, we find that aggregating non-linear feature effects across samples reveals 

relevant interactions learned by the model, and that these interactions are consistent with our data's structure 

(Figure 4.2) and prior literature.  

 

 
 

Figure 4.6. SHAP interaction values for selected pairs of features in our final Simplified (with APOE) XGBoost 

model. 

 

 

 Beyond receiving a risk score, using XGB and SHAP feature attributions gives patients and their 

medical practitioners a personalized explanation of risk (i.e., how particular features drive the XGB's 

prediction). To illustrate how this benefit works, we generate a synthetic sample that represents the “typical 

sample” in our dataset (with mode- or average-valued features) and display the risk score and explanation 

in Figure 4.7a. We show perturbations to single features of APOE (where we change the APOE e4 allele 

count from zero to one) in Figure 4.7b and the word list delayed recall (WLDR) score from the average 

value to two standard deviations below the average in Figure 4.7c. In both examples, we see that the 

perturbed variable becomes the primary risk factor driving up the risk score compared to the “typical 

individual."  
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Finally, in Figure 4.7d, the effect of both risk factors from parts b and c shows that the combined 

risk of having one APOE e4 allele and a low WLDR score substantially increases risk. In particular, the 

jump in risk from both risk factors (a 0.21 increase over the “typical individual") far exceeds the additive 

effects of each single risk score alone (0.05 and 0.07 increase, respectively). A linear model, in contrast, 

would have produced additive predictive importance values and therefore would have failed to identify a 

compounding effect of these features. This example highlights the ability of our XGB model with SHAP 

interpretations to provide personalized risk explanations based on a combination of feature values. This 

ability may prove to be powerful in clinical settings because it would help clinicians discuss the unique 

configuration of risk factors relevant to individual patients. 

 

 

Figure 4.7. Feature explanations for synthetic samples: (a) risk and explanations for a “typical individual” in the 

ROSMAP data, (b, c) perturbations to single features (bolded), (d) the combined effects of both risk factors. 

 

 

Discussion 

Comparison with previous findings. Reviews of dementia prediction studies have found that combinations 

of cognitive tests have aided in the prediction of dementia onset97,107. In particular, for predicting conversion 

from MCI to dementia, combining episodic memory tests with executive functioning or language tests 

tended to produce high predictive accuracy107. A review of community-based aging cohort studies 

(consistent with our approach) also found that using three or four tests spanning multiple cognitive domains 
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led to improved predictions of dementia onset for 2.5 to 5 year follow-ups97. Compared to our results, these 

studies reported similar or lower AUROCs (ranging from 0.83 to 0.88); however, each study was based on 

samples from different cohorts (ranging from 478 to 551 total participants) and with different follow-up 

periods, so direct comparison may not be appropriate. Importantly, despite being performed on a larger 

cohort (1,597 individuals) and using a non-linear XGB model (unlike the previous studies, which all relied 

on linear analyses), our approach identified a small number of tests spanning multiple cognitive domains 

(Table 4.3) as predictors of dementia, consistent with these prior studies. 

Longitudinal input data. Curiously, our analyses show the modest value of longitudinal 

measurements. Because dementia is an acquired condition marked by cognitive decline, one might expect 

to see gradual changes in cognition prior to dementia onset. In fact, our choice of a three-year input data 

window was based on observed cognitive changes preceding dementia in prodromal cases91. However, 

because our goal is to predict a future dementia diagnosis (not a current one), changes in cognition scores 

may be less useful than expected. Our results seem consistent with other studies, which reported limited 

value for cognitive changes in predicting future dementia onset. In particular, one study found that reliable 

change indices (RCIs) for MMSE had low predictive accuracy for dementia onset108. Furthermore, because 

longitudinal input data inherently requires rarer datasets with multiple cognitive assessments, RCI-based 

studies have often failed to achieve the same predictive accuracy as single-observation studies97. 

Limitations. Our final dataset contained 9,103 samples from 1,597 individuals, of which, 521 

developed dementia. Although our study is based on a larger dataset than prior studies mentioned above97, 

future studies should replicate our findings in other populations. Because we rely on samples from the ROS 

and MAP cohorts, our findings are subject to potential bias introduced by each cohort’s procedures. In 

particular, for our ROSMAP samples, approximately three quarters come from females and two thirds from 

participants with 16 or more years of education. The unusually high education levels in our data may explain 

why some feature explanations for education level are inconsistent with findings in the literature. Future 

studies should especially explore sex- and education-based dementia risk in a more balanced dataset.  

It is uncommon for dementia prediction studies to validate their findings externally due to 

prohibitive differences in study design, populations, and measured features97.  According to a recent 

review103, less than a quarter of examined ML studies externally validated their findings (the majority of 

which were imaging studies with harmonized measurements). As with many prior studies, we could not 

directly assess our findings on an external dataset. Nevertheless, despite differences between the ROS and 

MAP cohorts, our models generalized well between them when trained separately. 
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Additionally, the Stroop color naming and word reading tests had high levels of missingness in our 

dataset  (Table 4.6), so it is possible that those tests may have been more highly ranked if they were observed 

in more samples. However, most features had relatively low rates of missingness (Table 4.6), and we found 

that there was not a significant relationship between feature missing rates and their SHAP importance for 

our final XGB model (Pearson correlation r=-0.11, p=0.46). Furthermore, analyses described in Missing 

Data Experiments sub-section showed that our imputation methods did not significantly affect our findings. 

Finally, our initial choice of time window (three input years and three years of onset monitoring) 

limited the samples that were included from the ROSMAP dataset, biasing our sample against individuals 

with fewer than six yearly visits. We made this decision based on prior work, which suggested at least one-

to-three years of cognitive data are useful for modeling cognitive decline in prodromal dementia  patients91.  

We also viewed this as a necessary drawback in order to evaluate whether longitudinal data is needed for 

accurate prediction.  

 

Conclusion 

We conducted an in-depth analysis of many ML models, sampling techniques, and usages of time-series 

data to obtain models that predict imminent dementia onset more accurately than basic demographics-based 

or single-test approaches and more efficiently than predictions from a full neuropsychological battery.   

Importantly, we can accurately predict imminent dementia diagnoses using data from just one 

clinical visit consisting of only demographic information and four easily measured cognitive tests that can 

be conducted in less than 20 minutes (five times shorter than the standard cognitive battery in the ROSMAP 

study).  By using complex non-linear models and leveraging ML interpretability methods, we also generate 

personalized explanations of risk predictions that account for non-linear and interaction effects. These 

findings may provide substantial clinical value given the growing aging population and low rates of routine 

medical assessments. Our method could be scaled to explain and highlight at-risk individuals for additional 

dementia screenings, preventative treatments (when they become available), and enable planning for a 

potential imminent diagnosis. Our study takes important steps toward using complex models to generate 

explainable dementia risk predictions from relatively cheap metrics. While our findings highlight the 

effectiveness of our approach, more studies are needed to provide further validation for use in clinical 

practice. Nevertheless, we provide a framework with which others may replicate our experiments and 

construct models tailored to other cohorts and their measured cognitive tests. 
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Table 4.6. Between-group baseline (time t) statistics. We provide summary statistics for each group (including 

missingness rates and indicators of significantly higher rates of missingness for one group). (*p<.05, **p < .01, ***p 

< .001 for statistical tests.) 

 All samples:  

Between-group  

test statistic 

Controls: No impending  

dementia (N = 7866)  

Dementia onset within 

3 years (N = 1244) 

Demographics    

Age t = −29.60∗∗∗ 80.12 ± 6.77 (0%) 86.19 ± 6.37 (0%) 

Sex: % male χ2 = 15.43∗∗∗ 29.5% (0%) 24.0% (0%) 

Years of education  t = 1.45 16.91 ± 3.61 (0.1%) 16.75 ± 3.56 (0.2%) 

Race (White/Black/Native 

American/Asian) 
χ2 = 12.72∗∗ 94.0%/5.5%/0.3%/0.2% (0%) 94.2%/4.9%/0.2%/0.6% (0%) 

Ethnicity: % Hispanic χ2 = 0.10 3.1% (0%) 3.3% (0%) 

# APOE e4 copies (0/1/2) χ2 = 54.59∗∗∗ 78.6%/20.3%/1.1% (1.5%) 70.3%/27.0%/2.8% (1.4%) 

Episodic Memory (EM)    

Word list: immediate (1min) t = 40.10∗∗∗ 20.57 ± 4.55 (2.4%)  15.01 ± 4.08 (2.3%) 

Word list: delayed (1min) t = 45.43∗∗∗ 6.76 ± 2.16 (2.4%) 3.69 ± 2.34 (2.4%) 

Word list: recognition (1min) t = 32.82∗∗∗ 9.85 ± 0.56 (2.3%) 9.02 ± 1.74 (2.7%) 

East Boston test: delayed (3min) t = 26.25∗∗∗ 9.89 ± 1.73 (0.3%) 8.46 ± 2.03 (1.0%**) 

East Boston test: immediate (3min) t = 34.59∗∗∗ 9.64 ± 1.90 (0.5%) 7.41 ± 3.07 (1.2%**) 

Logical memory I (3min) t = 37.73∗∗∗ 14.34 ± 4.10 (2.3%) 9.51 ± 4.44 (2.1%) 

Logical memory II (3min) t = 40.47∗∗∗ 13.23 ± 4.45 (2.4%) 7.60 ± 4.81 (2.4%) 

Perceptual Orientation (PO)    

Line orientation (15min) t = 13.54∗∗∗ 10.59 ± 2.97 (3.8%) 9.32 ± 3.02 (6.1%***) 

Progressive matrices (20min) t = 22.82∗∗∗ 11.65 ± 2.82 (5.1%) 9.61 ± 2.79 (8.2%***) 

Perceptual Speed (PS)    

Symbol digits modality test (5min) t = 37.91∗∗∗ 41.77 ± 10.09 (3.9%) 29.72 ± 9.87 (7.2%***) 

Number comparison (3min) t = 26.12∗∗∗ 26.22 ± 7.23 (3.7%) 20.29 ± 7.12 (6.2%***) 

Stroop color naming (3min) t = 22.30∗∗∗ 20.19 ± 7.34 (65.2%***) 12.34 ± 6.55 (60.0%) 

Stroop word reading (3min) t = 13.66∗∗∗ 48.87 ± 13.53 (65.3%***) 39.74 ± 14.55 (60.1%) 

Semantic Memory (SM)    

Boston naming (5min) t = 29.15∗∗∗ 14.19 ± 0.98 (3.0%) 13.22 ± 1.51 (4.0%) 

Categorical fluency: animals (1min) t = 33.21∗∗∗ 18.25 ± 5.45 (0.1%) 12.90 ± 3.96 (0.4%) 

Categorical fluency: fruits (1min) t = 37.98∗∗∗ 18.26 ± 5.13 (0.2%) 12.44 ± 4.15 (0.6%*) 

Categorical fluency (combined) t = 40.00∗∗∗ 36.51 ± 9.42 (0.1%) 25.33 ± 7.08 (0.4%) 

National adult reading test (2min) t = 5.15∗∗∗ 8.49 ± 1.94 (3.6%) 8.17 ± 2.14 (6.7%***) 

Working Memory (WM)    

Digits backward (5min) t = 16.94∗∗∗ 6.61 ± 2.05 (0.4%) 5.56 ± 1.82 (0.9%*) 

Digits forward (5min) t = 11.92∗∗∗ 8.43 ± 1.98 (0.2%) 7.70 ± 1.99 (0.6%) 

Digit ordering (5min) t = 21.30∗∗∗ 7.60 ± 1.56 (1.0%) 6.57 ± 1.67 (2.4%***) 

Global Cognition    

Mini-mental state exam (5-10min) t = 45.16∗∗∗ 28.59 ± 1.51 (2.2%) 26.20 ± 2.71 (1.4%) 

Medical history/lifestyle factors    

MCI (No/Yes/Yes-other) χ2 = 1685.26∗∗∗ 86.9%/12.8%/0.3% (0%) 37.1%/60.7%/2.3% (0%) 

Medical conditions sum t = −3.77∗∗∗ 1.68 ± 1.16 (2.0%) 1.82 ± 1.21 (2.0%) 

Vascular disease burden t = −7.02∗∗∗ 0.45 ± 0.66 (2.0%) 0.59 ± 0.75 (2.0%) 

Vascular disease risk t = −1.31 0.87 ± 0.81 (1.2%) 0.90 ± 0.77 (1.0%) 

Any history of:    

     cancer χ2 = 2.48 40.2% (2.0%) 37.8% (2.0%) 

     claudication χ2 = 19.62∗∗∗ 22.4% (2.0%) 28.2% (2.0%) 

     diabetes χ2 = 0.44 11.6% (2.0%) 12.3% (2.1%) 

     diabetes medication χ2 = 1.97 15.6% (1.2%) 17.2% (1.0%) 

     head injury with loss of consc. χ2 = 0.03 9.7% (2.0%) 9.8% (2.0%) 

     heart disease χ2 = 10.04∗∗ 12.7% (2.0%) 16.0% (2.0%) 

     hypertension χ2 = 7.24∗∗ 56.9% (2.0%) 61.0% (2.0%) 

     stroke χ2 = 36.05∗∗∗ 9.7% (0.9%) 15.3% (0.5%) 

     thyroid disease χ2 = 1.51 24.1% (2.0%) 25.8% (2.0%) 
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Methods 

We now describe in detail how we produced the results described in this paper. Additionally, our code for 

reproducing these results is available at: github.com/suinleelab/EEDRP. 

Dataset 

The Religious Orders Study (ROS)7 and Memory Aging Project (MAP)7 are complementary 

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 

(primarily employed or retired nuns, priests, and brothers). This study group was selected because 

communal living provided both high follow-up rates and relative consistency in life experiences and 

socioeconomic factors. However, as a volunteer cohort of Catholic clergy, the samples are not 

representative of a wider population of elderly individuals7. As a complementary study, MAP recruited 

participants from a wider range of life experiences throughout northeastern Illinois. Participants are 

primarily enrolled from continuous care retirement communities (ranging in care levels from independent 

living to nursing on campus). To reduce participant burden and facilitate high follow-up rates, data was 

collected via home visits. Clinical data collection procedures were consistent between both studies to allow 

the data to be merged for analyses7. Due to their recruitment strategies, follow-up rates of survivors reached 

around 95% for both studies. Compared to ROS samples, MAP samples were obtained from relatively 

fewer males (23.6% vs 31.9%) and from individuals who were older (83 vs 80 years on average) and less 

educated (15 vs 18 years on average). MAP samples also had higher rates of MCI (21.2% vs 19%) and a 

higher incidence of dementia onset within three years (15.3% vs. 12.7%).   

Upon entering the study, participants share demographic information (e.g., sex, age) and blood 

samples for genotyping. At each yearly visit, they provide updated medical information and undergo a 

battery of cognitive tests, resulting in repeatedly measured variables. We predict dementia onset from 41 

separate variables (per time point; note that categorical variables were one-hot encoded, leading to 49 total 

features), which we list in Table 4.6. In total, the data contains 3,194 individuals with one to 23 annual 

visits. Of all participants with at least two years of visit data and no original dementia diagnosis, 619 

(23.7%) were eventually diagnosed with dementia.  

Data processing: generating samples 

Our prediction task (Figure 4.1) is: Using data from his/her three most recent practitioner visits, does an 

individual with no history of dementia experience dementia onset within the next three years? In particular, 
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our selected time-frame was based on prior findings that a precipitous drop in cognitive abilities is usually 

observed one-to-three years prior to a dementia diagnosis91. To construct the appropriate dataset, we narrow 

our analyses from the 3,194 existing participants to 1,597 individuals for whom we have enough 

observations. 

Many participants had more than six consecutive yearly visits, so we applied a sliding window of 

six years over their available consecutive visits, thereby generating at least one sample, but often more, per 

participant. Each sample is split into an input window (consisting of the first three consecutive visits t-2, t-

1, and t) and onset prediction window (consisting of the next three consecutive visits:  t+1, t+2, and t+3), 

as illustrated by positive (dementia onset) and negative (no dementia onset) examples in Figure 4.8. Because 

the goal is to predict future dementia onset in individuals who do not yet have dementia, we exclude all 

samples in which dementia is already present during visits t-2, t-1, and t (e.g., Figure 4.8, Example 

Participant A, samples 2 and 3). Finally, we applied sliding windows of four and five years to identify any 

additional positive onset cases (e.g., Figure 4.8, Participant B, Samples 4 and 5), which helped to mitigate 

our class imbalance. This procedure could not be used to find negative dementia onset samples because all 

three future years must be known to definitively rule out a dementia diagnosis. 

 

 

Figure 4.8. Examples of samples from sliding windows. Our samples have no history of dementia during the first 3 

years, and either no onset for all of the next 3 years (negative case) or a dementia diagnosis in any of the next 3 years 

(positive case). 
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Data processing: pre-processing for all models 

After combining all valid six-year windows (and four- and five- year windows where appropriate), we have 

a sample size of 9,103 samples, of which 13.7% were labeled as positive dementia onset cases (derived 

from 1,597 individuals, of which 521 developed dementia). For each model next described, our model 

inputs consist of variables obtained during the first three visits (t-2, t-1, and/or t), called the input data 

window, and the outputs are a prediction of whether the individual was diagnosed with dementia at any of 

visits t+1, t+2, or t+3. Table 4.6 shows all demographic, cognitive, and medical features from our 9,103 

samples (at time t), split by dementia onset label, and associated between-group differences.  

Since some downstream analyses require variables to be on the same scale, we standardize all 

continuous variables for our input data and use z-scores as features for all models. To maintain consistent 

scores across time points, z-scores are calculated based on time t observations (and the same re-scaling 

procedure based on time t is applied to observations at t-1 and t-2). For categorical variables, we apply one-

hot encoding. We note in Table 4.6 that most variables have some missing observations across our samples. 

We impute all missing samples using the mean for continuous variables and the mode for categorical 

variables (across all samples). Using chi-square tests of independence, we find that some cognitive tests 

have significantly different missingness rates between dementia onset and control groups, although the rates 

tend to be low (between 0.2% and 6%, except for Stroop test variables). Additional analyses described in 

the Missing Data Experiments Results sub-section confirm that the effects of imputing values did not impact 

our final results (compared with filtering out the affected cases). 

We next describe model selection with cross-validation and then evaluation on a test set. For each 

analysis, we use the same stratified training and test sets. To avoid contaminating our test set with training 

examples, we split our data by participants so  that all samples from a single individual fall into the training 

set or test set, but not both.  

Of our 1,597 participants, we assigned one fifth of them to the test set (1,805 associated samples) 

and the remaining individuals (7,298 associated samples) to our training set. Next, we randomly divide our 

training set participants into five stratified cross-validation splits. All splits were performed in a stratified 

manner to maintain consistent ratios of AD to control cases.   

Building and evaluating prediction models 

We evaluated modeling options under several domains: sampling techniques to address class imbalance, 

time encoding techniques, and model class. Our modeling choices were based on average accuracy, areas 
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under the receiver operating curve (AUROC), and areas under the precision recall curve (AUPRC) across 

five cross-validation (CV) folds.  

Downsampling. The dataset has a class imbalance of 13.7% positive labels since few individuals 

experience dementia onset in any given 3-year window. Therefore, we experimented with four different 

downsampling techniques: (1) no downsampling, (2) class re-weighting (incorporated into loss functions 

during training), (3) random downsampling (randomly selecting as many negative as positive samples), and 

(4) matched pairs downsampling. In (4), for each positive sample, we select the closest negative sample 

based on sex, age, and education (greedily, without replacement). Due to equal or better prediction 

performance across five-fold CV, all final models are trained with no downsampling (see Methods). 

Time-series encoding. Because of the longitudinal nature of many features, we evaluated methods 

for incorporating repeatedly observed variables: (1) all data (no special encoding), (2) moving averages, 

and (3) slopes (see Table 4.7). Training with all data yielded similar or better CV performance, and thus 

was used for all subsequent models. 

 

Table 4.7. Encoding methods used for time-series features. 

Name Description 

All data Unaltered data from t,   t-1,   t-2 

Moving 

averages 

(1) Unaltered features from t, (2) One simple moving average feature derived from t,   

t-1,  and   t-2 features, and (3) Three exponential moving average features with half-

life values of 1, 2, and 3 years derived from t-2 features 

Slopes (1) Unaltered features from t, (2) the change in features from each year to the next 

(i.e., vt − vt−1 and vt−1−vt−2 for variable v), and (3) the overall change in scores from 

the earliest year to the current year (i.e., vt − vt−2) 

 

 

Model Type. We compared the performance of four classes of ML models: (1) logistic regression 

(LR; implemented with Scikit-Learn109, (2) gradient-boosted decision trees via the XGBoost algorithm 

(XGB; known for handling mixed feature types and medical data well110), (3) multi-layer perceptrons 

(MLP; deep learning approach), and (4) long short-term memory networks (LSTM; time series aware deep 

learning approach). Both deep learning approaches were implemented in Keras111 and tensorflow112. For 

each model class, we evaluated several hyperparameter settings and selected the setting with the highest 

average CV AUROC (reported in Table 4.1). We share our final hyperparameters, along with average CV 
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performance across modeling choices described in this section, in our code repository: 

github.com/suinleelab/EEDRP. 

Training with fewer input years. We next evaluate whether we can reduce the burden of repeated 

cognitive testing (i.e., do we need multiple years of data to accurately predict dementia?). We compare 

performance of models trained on the last 3 year's visits with models trained on fewer time points: the last 

2 years' visits (t and t-1) and the most recent visit (t) (circular markers in Figure 4.3). We also evaluate the 

importance of recent data for impending dementia predictions: in addition to evaluating the model trained 

on the most recent visit alone (t), we also train models on data from single visits one and two years earlier 

(t-1 alone and t-2 alone) (triangular markers in Figure 4.3). Results (Figure 4.3) indicate that recent, but not 

repeated, measurements are needed for accurate prediction.  

To further explore whether the model relies on past data, we perform feature importance analysis 

using SHAP (described in the next section) on our XGB model trained on the last 3 years of data. The 

model's top ten features are from time t (including demographic features), which provides further evidence 

that relying on past measurements is not necessary. 

Model interpretation with SHAP explanations 

To explore what the model is learning and drive further insights, we use SHAP local feature explanations 

applied to our XGB model (trained on the full feature set with current year, t, data). To obtain global feature 

importances, we aggregate local feature attributions across training samples. Features with higher global 

importances have more impact on model predictions across samples (Figure 4.4). Next, we select a subset 

of available features based on their global SHAP ranking: the top 4 demographic features (age, sex, 

education, APOE genotype) and the top 4 cognitive tests (with their sub-tests; Table 4.3). Our final feature 

set excludes the variable “No cognitive impairment diagnosis” because it is a cognitive diagnosis that is 

inefficient to obtain (based on both the full 98-minute neuropsychological battery and a medical review 

from a physician). Finally, to compare feature selection using SHAP global importances to the more typical 

global feature selection method in linear models, we use the same demographic features and select the four 

cognitive tests with the highest-magnitude coefficients from the linear model (Table 4.3). 

Measuring final model performance 

First, we compare final test performance of XGB trained on the full feature set compared with 2 simplified 

feature sets: (1) the top four demographic features and the top 4 cognitive tests, and (2) the same set of 

features but excluding APOE genotype, which may be expensive to obtain for those without existing 
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genotype data. To compare selected features from SHAP to those from a simple linear method, we also 

report performance for XGB and LR models trained on the features selected via LR coefficients, described 

above (Table 4.3). 

Finally, for comparison with our methods, we also generate multiple baseline XGB models trained 

on features commonly used as risk indicators in the literature (Figure 4.5 and Table 4.2): (1) demographic 

features (above)6; (2) MCI diagnosis and demographic variables101; (3) the MMSE30 and demographic 

variables102; and  (4) the sum over all normalized cognitive test scores controlled for age, sex, and education.  

Figure 4.5 displays ROC curves, showing the performance of models at all possible decision cut-

off points. We also show confusion matrices for the top-performing baseline and final models using an 

example cut-off of 0.5 (Table 4.4). Table 4.2 summarizes all performance metrics, including confidence 

intervals from bootstrap resampling of the test set (repeated 1,000 times). Per Figure 4.5 and Table 4.2, the 

features selected from the XGB model result in similar AUROCs compared with the full feature set (and 

outperform the linearly selected features). While the full cognitive battery requires 98 minutes of cognitive 

testing, we achieve similar predictive value using only four tests that take under 20 minutes.  

 Examining SHAP explanations in the final model 

Feature interactions. To explore the complex interactions learned by the XGB model, we examine SHAP 

interaction values among pairs of features in our final simplified model. For each sample in our training 

set, the SHAP interaction value for two features represents the remaining combined feature effect after 

removing individual main effects of both features. 

Figure 4.6 shows feature interactions in the XGB model: each point is a training sample colored by 

one feature and placed on the x-axis according to its value for the second feature. The y-axis indicates the 

sample's SHAP interaction value (refer for more detail to Lundberg et al. 2020 104). In parts b and c, samples 

with ages over 90 were censored due to privacy requirements. Higher absolute value y-axis values in these 

plots indicate that the XGB model makes risk predictions based on feature combinations rather than 

independently based on single features. 

Personalized explanations. For any sample, we can generate a SHAP force plot to explore 

personalized risk explanations provided by SHAP applied to our final XGB model (e.g., Figure 4.7). These 

plots indicate both the model's dementia onset risk prediction and the SHAP values for the highest-

contributing features impacting the prediction (pink arrows for risk factors, and blue arrows for protective 

ones).  
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To clarify the variations in explanations in a controlled setting, we generate four synthetic examples. 

First, we show a SHAP force plot for a “typical individual” in our dataset (i.e., a sample with mean or mode 

values for all features; Figure 4.7a). A “typical individual" has a low risk of developing dementia in the 

next three years since the diagnostic rate for dementia is low in any 3-year period. Next, we show 

perturbations to single feature values for APOE (where we change the APOE e4 allele count from zero to 

one; Figure 4.7b) and word list delayed recall (WLDR) score (from the mean value to two standard 

deviations below the mean, i.e., from six words remembered to just one; Figure 4.7c). Finally, we 

simultaneously perturb both risk factors above and show that the combined risk of having both one APOE 

e4 allele and a low WLDR score leads to a large, non-linear jump in risk that exceeds the combined single 

effects of each feature alone (Figure 4.7d). 
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Chapter 5. Explanation-guided dynamic feature selection for medical risk 

prediction 

In medical risk prediction scenarios, machine learning methods have demonstrated an ability to learn 

complex and predictive relationships among rich feature sets. However, in practice, when faced with new 

patients, we may not have access all information expected by a trained risk model. We propose a framework 

to simultaneously provide flexible risk estimates for samples with missing features, as well as context-

dependent feature recommendations to identify what piece of information may be most valuable to collect 

next. Our approach uses a fixed prediction model, a local feature explainer, and ensembles of imputed 

samples to generate risk prediction intervals and feature recommendations. Applied to a myocardial 

infarction risk prediction task in the UK Biobank dataset, we find that our approach can more efficiently 

predict risk of a heart attack with fewer observed features than traditional fixed imputation and global 

feature selection methods.§ 

Introduction 

In many medical decision-making scenarios, there is a tradeoff between collecting more features at a cost, 

versus making a decision about a patient based on what is currently known. In general, observing more 

information about the person can lead to more accurate and confident predictions, and current machine 

learning (ML) prediction models often expect a rich feature set, which may not be available at all times in 

practice. To that end, previous work has focused on designing models that can efficiently choose features 

dynamically, tailored to the context of a specific sample; however, they often rely on specific 

modeling/architecture innovations (e.g., decision trees113,114). Another line of research has involved 

sensitivity based approaches that aim to select features based on the unknown features’ influence on model 

predictions predictions115–117; however, these approaches have also tended rely on a specific class of model 

(linear models or neural networks118,119). For a fixed supervised ML model (about which we make minimal 

assumptions), we propose a general framework to simultaneously provide both flexible risk estimates for 

individuals with missing features and personalized feature recommendations to identify which missing 

features may be most informative to select next given the context. 

Our approach (Figure 5.1) relies on three main components: (1) a conditional feature imputer for 

sampling possible values of missing features given the observed ones, (2) a fixed supervised ML model, 

and (3) local feature explainer for the model. Empirically, we find that an approach using KNN-based 

                                                           
§ This project was done in collaboration with Wei Qiu and Su-In Lee  
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imputation, an XGBoost model, and a SHAP explainer is able to more efficiently predict 10-year risk for 

myocardial infarction than traditional single value imputation and fixed (global) feature selection. 

 

Figure 5.1.  Overview of our approach. (a) Our method relies on a fixed conditional feature imputer and risk prediction 

model fit to a training set. (b) For each incomplete sample at test time, we generate an ensemble of imputed samples 

and use the prediction model to produce a risk interval (left). The next feature is dynamically selected based on model 

explanations, and if observed, the process may be repeated. 

 

Methods 

For our approach, given an individual with partially observed features (e.g., a sparsely populated medical 

record), we stochastically impute their missing features–ideally, drawing from the conditional distribution 

of their missing features given observed ones–to generate examples of a complete record given the currently 

available information. We then use this “ensemble” of imputations to: (1) provide a risk interval (rather 

than just a single point estimate) around the adverse event, and (2) select a feature to collect next, guided 

by model explanations, which may best help reduce uncertainty with respect to the model’s prediction. 

Such an approach may enable clinicians to make better informed decisions by providing them with flexible 

risk intervals (regardless of how much information is already known about the patient) and suggesting 

follow-up tests to improve their understanding of a patient’s risk profile.  

Our approach is model agnostic, and relies on three main components: (1) A conditional feature 

imputer for generating ensembles of imputed samples. Our goal for the stochastic imputer is to conditionally 

sample missing features given observed ones such that, by sampling an “ensemble” of multiple imputations 
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for a given individual, we obtain a distribution of possible complete samples for that person. These 

imputation ensembles could then be fed into the predictor and explainer to generate a distribution of 

predicted risk scores and explanations conditioned on the observed context. In practice, developing 

generative models for conditional imputation is challenging, and an area of active research (e.g., neural 

network methods such as GAIN120 and GI121; however, we find that a simple approach of sampling nearest 

neighbors works well in practice (see Results). (2) A supervised ML model. For our approach, we assume 

that the model has already been trained on a labeled dataset consisting of a fully observed feature set and 

the clinical label of interest. We make minimal assumptions about the type of model used (for our 

experiments, we use an XGBoost110, and only require that the model has an associated (3) feature explainer, 

which can estimate each feature’s contribution to the model’s prediction for a given sample (for our 

experiments, we use SHAP105). 

For our experiments, we used a fixed training set for all components. However, we note that 

because the stochastic imputer and prediction model are trained independently, their training sets do not 

need to be identical. This may be particularly advantageous if there are many more unlabeled samples 

available (which may be used to train the imputer). 

Putting it all together: Our approach 

At test time (Figure 5.1b), from the imputation ensemble generated by the conditional feature imputer, we 

simply use the risk model’s predictions to generate a risk distribution (whose spread reflects variation in 

the model’s output with respect to imputed features). We further propose using the distributions of feature 

attributions to inform feature recommendations. In particular, we hypothesize that using variance in SHAP 

values across the imputation ensemble will be an effective metric for selecting the next feature. Intuitively, 

large variations in SHAP values would indicate that the model’s predictions are sensitive to our simulated 

variations in the missing features. In contrast, if a feature has high variance in the imputed values but not 

SHAP values, that would indicate that these variations are not relevant–according to the prediction model–

to risk. Similarly, a feature with high-magnitude but low-variance SHAP values may also be a poor choice, 

since given the current context, we are already confident about how the unknown feature would impact the 

model (for example, if we have two redundant features and have already observed one of them). 

Experiments 

We first evaluate our approach on a toy dataset with a known conditional distribution where we can compare 

feature selection approaches independently of imputation methods. We then apply our approach to data 

from the UK Biobank (www.ukbiobank.ac.uk), a biomedical database containing data from individuals 



90 

 

across the UK, including hundreds of features collected during an initial visit and detailed long-term health 

outcomes. For our analyses, we focus on a randomly selected subset of 100,000 samples, along with 252 

features (described further in Supplementary Methods), and we observe that about 2% of individuals have 

a reported myocardial infarction within 10 years after their initial screening. 

Results 

In Supplementary Methods, we show the advantages of our dynamic feature selection approach on a 

synthetic dataset where we directly impute missing features from a known conditional distribution, and thus 

can evaluate our feature selection approach in isolation. As shown in Supplementary Figure 5.1, compared 

with a fixed global ordering, our explanation-guided dynamic feature selection strategy more efficiently 

identifies relevant features given context from observed ones. 

We now turn to the task of 10-year myocardial infarction prediction in the UK Biobank (UKB) 

dataset. We first fit a supervised ML model and imputer to our training set. We then use a test set to simulate 

an interactive process in which we alternate between (1) generating a prediction given the current observed 

information, and (2) selecting the next feature to un-mask. We then observe how the prediction model’s 

average performance and prediction variation progress as features are selected and observed. 

Initial model training 

Supervised risk model and explainer. For the 10-year myocardial infarction prediction task, we fit an 

XGBoost model to the training set to establish baseline performance expectations for a complete feature 

set, for which we obtain test AUROC and AP scores of 0.768 and 0.088, respectively (Supplementary 

Figure 5.2). We use SHAP as our model’s explainer, and note that the top 20 features in the training set 

ordered by mean absolute SHAP value (listed in Figure 5.3b and shown in Supplementary Figure 5.2c) 

cover a range of feature types, from demographic features to medical lab tests. 

Conditional feature imputation. As described in Methods, our approach relies on a conditional feature 

imputer which samples missing features conditioned on the observed ones. We empirically find that a k-

nearest neighbors (KNN)-based approach, with an ensemble size of 100, works well in practice 

(Supplementary Methods). Across different rates of induced missingness, we find that this approach leads 

to the most accurate risk predictions (averaged across our XGBoost model’s outputs for the ensemble of 

imputed samples) compared with standard approaches such as mean-value imputation and imputing from 

the marginal distribution, or recently proposed deep learning imputation models120,121 (Supplementary 

Figure 5.2b). 
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Iterative feature selection experiments 

We now demonstrate the value of our approach for iteratively predicting risk intervals and dynamically 

selecting features. For each test sample, we run the following procedure (illustrated in Figure 2) beginning 

with 0 observed features, until 20 features have been observed: (1) Generate an ensemble of 100 imputed 

samples using the KNN-based approach described above, (2) use the supervised risk model to generate 

predictions for each of the 100 imputed samples, resulting in a predicted “risk interval”, (3) apply SHAP to 

obtain feature contribution scores for each feature across each imputed sample, and finally, (4) choose the 

feature with the highest SHAP value variance and uncover the true value of that feature. 

 

 

Figure 5.2.  An example of how our approach is applied to a single person in the UKB cohort. (a) We show how the 

distribution in risk scores predicted from imputation ensembles changes as each successive feature is collected. (b) 

Zooming into a specific time-point (here, we know just that the individual is a 68-year old male without self-reported 

angina), we show examples of imputed values vs. their resulting SHAP values for 3 candidate features. While we use 

the imputed features (x-axis) for generating the distribution of model predictions shown in part a, we use the 

distribution of SHAP values to select the feature with the highest SHAP-value variance.  
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To illustrate the potential use of our approach in practice, we show an example for a single 

participant in the UKB study in Figure 5.2. In Figure 5.2a, we first demonstrate the individual’s prediction 

interval evolves as each new feature is collected (resulting in a new ensemble of imputations, and 

subsequent risk scores). As more features are observed, we see that the prediction intervals tend to shrink 

indicating that uncertainty of the model predictions with respect to missing features’ imputations is 

decreasing. In Figure 5.2b, we show an example of imputed values vs. their contribution to the model’s risk 

scores (according to SHAP values) after observing three initial features. In this particular example, imputed 

values for Cystatin C have the highest-varying impact on model predictions given the context at that point, 

and is thus selected next. Our approach, as highlighted in this example, provides an explanation-guided 

recommendation (based on ensembles of imputations) for features, and thus may provide users with 

context-dependent insight into why a feature may be useful to observe. 

In Figure 5.3a, we report the performance of our approach, aggregated across the test set, as features 

are iteratively selected and observed. For comparison, we consider two baselines using fixed feature 

orderings provided by our global feature ranking (based on mean absolute SHAP value; Supplementary 

Figure 5.2c). First, we consider the same procedure described above, but replace the dynamic feature 

selection strategy (steps 3 and 4) with simply choosing features in the fixed global order. Second, a more 

traditional approach of using global feature selection involves re-training the prediction model on the 

selected features. Thus, we also consider a collection of models trained with feature budget (i.e., a single-

feature model trained on age, a two-feature model trained on age and sex, ..., and a 20-feature model trained 

on the top 20 features), as such a model is tailored to the specific expected use-case. 

 

Figure 5.3. (a) Comparison between our dynamic feature selection approach and global feature selection for 10-year 

myocardial infarction prediction in the UKB dataset. (b) Overview of our feature selection orders compared with fixed 

global feature selection (in y-axis). 
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From our experiments, we find that our approach more efficiently prioritizes features than fixed 

global feature selection strategies, leading to improved prediction accuracy with fewer features observed 

(Figure 5.3a). In Figure 5.3b, we show that our approach does indeed lead to different feature orderings 

tailored to samples’ context of previously observed features. We see that age is always selected first, but 

that the participant’s age informs the choice of the second feature, whose value informs the next feature 

choice, and so on. Supplementary Figure 5.3 provides a detailed view of feature orderings across the test 

set. Anecdotally, we note that for younger individuals, our approach tends to choose testosterone next; sex 

is often not selected till much later (perhaps because sex can be easily inferred from the testosterone values 

and thus would provide redundant information). 

Discussion 

In this work, we propose an approach to leverage conditional imputation and explainability methods to 

provide flexible health risk estimates and context-dependent feature recommendations for a fixed ML 

prediction model. Applied to a 10-year myocardial infarction prediction task in the UKB dataset, our 

approach (implemented with KNN-based imputation, XGBoost, and SHAP) led to more efficient feature 

prioritization compared with a static approach and single value imputation. One key consideration is that 

our method relies on having a reliable way to conditionally impute missing features. While our KNN-based 

approach worked well in practice, it is not guaranteed to be effective, and may be particularly limited in the 

case of small datasets where neighborhoods may be particularly sparse. 

There are several natural extensions of our work to consider. First, our feature selection strategy 

does not take into account the fact that those features tend to have varying costs. One simple extension is 

to adjust our feature collection policy to balance our current metric (i.e., SHAP variance) with the cost of 

the feature. Second, our experiments considered collecting features over a fixed budget of 20 features. In 

practice, it may be valuable to leverage some notion of uncertainty (contained in risk prediction intervals) 

in a triage setting, where we may allocate a feature budget unevenly across samples (e.g., terminating a 

sample’s collection procedure once its risk interval is sufficiently narrow). 

Although extensive experimentation is needed to validate our method in a real-world setting, initial 

experiments demonstrate its potential to provide flexible risk estimates despite incomplete medical 

information, along with context dependent feature recommendations which may aid clinicians in choosing 

tests to gain additional clarity. 
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Chapter 6. Conclusion  

In this work, we described projects, ranging from systems biology to healthcare applications, with a 

common goal of leveraging machine learning and explainability methods to better predict and interpret 

complex biomedical problems in the face of various real-world data limitations. With our MD-AD 

framework (Chapter 2), we jointly modeled gene expression and multiple related AD neuropathologies, 

performing the first multi-cohort neural network analysis of GE data in AD. We demonstrated the ability 

of a joint-learning approach to effectively capture relationships among gene expression and 

neuropathology, and were able to further interrogate our model with integrated gradients to clarify nuanced 

sex-specific relationships between immune response genes and AD. Inspired by interpretation challenges 

from MD-AD, in our PAC project (Chapter 3), we developed a method and tool for understanding 

relationships among biological pathway gene sets across several databases, which may help computational 

biologists to contextualize and interpret their biological findings. 

The computational systems biology field is growing rapidly, and alongside advancements in 

computational methods, emerging biotechnologies (e.g., spatial transcriptomics) are enabling the study of 

cells from new perspectives. While our analyses focused on a single modality of bulk RNA-sequencing 

data, ML methods will need to evolve to meet the unique challenges of these new emerging forms of data 

(e.g., as proposed by Weinberger*, Lin* & Lee122), and may be particularly useful in helping to unify views 

across several modalities collected together123. For our projects, we also note that we focused on a cases 

with  limited labels across datasets; yet, in some cases, labels may be altogether unavailable. Nevertheless, 

researchers may want to identify and characterize underlying sources of variation in fully unlabeled 

datasets, and new ML and explanation methods, such as work by Janizek et al.124, are already progressing 

towards such goals.  

In the area of clinical ML, in Chapter 4, we presented a method to predict imminent dementia onset 

with fewer time points and features than previously reported. By identifying globally important features, 

we were able to identify a small subset (one-fifth of the time required for a full standard neuropsychological 

battery), thus reducing the burden of clinical testing and possibly creating a more scalable approach for the 

general population. However, one key limitation of this global feature selection approach is that such a 

method does not accommodate missingness in the requested features, nor does it take advantage of already 

known features that were not selected by the global feature selection method. In Chapter 5, we proposed an 

approach to leverage sparse pre-existing information about a person to provide health risk estimates as well 

as context-dependent feature recommendations. For both of these projects, we assume that there exists a 

fixed ML model that has already been trained on a rich feature set, and use post-hoc methods to adapt the 
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method for limited resources at test time. While the ability to apply our methods post-hoc to an existing 

risk models may be advantageous when a fixed model is already in use, complementary lines of research 

have explored the use of modified architectures or approaches to train more flexible models in the first 

place118,119. Joint progress in both of these directions may lead to the largest strides in the field of efficient 

and flexible risk estimation. Finally, adoption of clinical ML models in practice has been notoriously 

limited, and will hinge on effective collaboration between ML researchers and clinicians to produce tools 

that are truly helpful125.   

Together, these projects – spanning in applications from systems biology to healthcare – illustrate the 

power of adapting machine learning and explainability methods towards the unique specifications of 

biomedical applications where limited data and resources preclude the out-of-the-box use of more 

traditional ML methods. In the coming years, rapid progress in biotechnology and healthcare will lead to 

new advancements, and also new challenges to address. I am grateful to my wonderful collaborators for 

joining and guiding my exploration of these topics, and look forward to seeing and contributing to the 

exciting future of AI for biomedicine.  
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Chapter 2 Supplementary Materials 

 

Supplementary Table 2.1. Descriptions of the six neuropathological phenotypes used for training MD-

AD (and baseline models). We provide descriptions for each phenotype directly from documentation from 

each individual cohort study. 

Phenotype  ACT MSBB ROSMAP 

CERAD 

Score 

Semiquantitative measure of neuritic plaques. A neuropathologic diagnosis was made of no AD, possible AD, 

probable AD, or definite AD based on semiquantitative estimates of neuritic plaque density as recommended by the 

Consortium to Establish a Registry for Alzheimer’s Disease (CERAD) 24 

Neuritic 

Plaques 
NA 

“Mean neocortical 

plaque density 

across 5 regions (# 

of plaques/mm2)” 

“Neuritic plaques (determined by microscopic 

examination of silver-stained slides from 5 regions: 

midfrontal cortex, midtemporal cortex, inferior 

parietal cortex, entorhinal cortex and hippocampus. 

Each regional count is scaled by dividing by the 

corresponding standard deviation.” 

Aβ-IHC 

“Beta-amyloid  

immunohistochemistry (fresh 

frozen tissue): areal density.”  

Measurements were available for 

each structure with corresponding 

expression data. 

NA 

“Amyloid beta protein identified by molecularly-

specific immunohistochemistry and quantified by 

image analysis. Value is percent area of cortex 

occupied by amyloid beta.” Used measurement from 

midfrontal cortex, closest available to DLPFC. 

Braak 

Stage 
Semiquantitative measure of neurofibrillary tangle spread across the brain. 25 

Tangles NA NA 

“Neurofibrillary tangles (nft) by microscopic 

examination of silver-stained slides from 5 regions 

midfrontal cortex, midtemporal cortex, inferior 

parietal cortex, entorhinal cortex and hippocampus. 

Each regional count is scaled by dividing by the 

corresponding standard deviation.” 

τ-IHC 

 “Phospho-tau (immature and 

mature) immunohistochemistry 

(fresh frozen tissue; labeled by 

AT8): areal density.” Measurements 

were available for each structure 

with corresponding expression data. 

NA 

“Neuronal neurofibrillary tangles are identified by 

molecularly specific immunohistochemistry 

(antibodies to abnormally phosphorylated Tau 

protein, AT8). Cortical density (per mm2) is 

determined using systematic sampling.” Used 

measurement from midfrontal cortex, closest 

available to DLPFC.  
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Supplementary Table 2.2. Overview of cohorts used for MD-AD training. For continuous variables, we 

show mean and standard deviation and make pairwise comparisons using two-sided t-tests. For 

categorical or binary variables, show percentages and use chi-square tests to compare across cohorts. For 

MD-AD training phenotypes, we show the mean and standard deviation (along with ranges due to skewed 

distributions) of the values consistent with units as indicated in Supplementary Table 2.1 (note that units 

vary across studies). Because units varied across studies, for computing statistical comparisons between 

MD-AD training phenotypes, we consider the normalized values used in MD-AD model training (values 

normalized to range from 0 to 1 within each data set). "NA" indicates that the variable was not available 

for the dataset. 

Across all variables, significant differences between groups (calculated via statistical tests described 

above) are indicated by the first letter of the dataset (e.g., A p <.05, AA p <.01, AAA p<.001). 

 

Variable ACT MSBB ROSMAP 

Counts (by region) 
N=337 (89 TCx, 84 HIP, 83 

FWM, 81 PCx) 

N=879 (244 BM10, 227 

BM22, 208 BM44, 200 

BM36) 

N=542 (all DLPFC) 

Age (capped at 90) 86.97 +- 4.08 MMM   83.30 +- 7.52 AAA RRR  86.55 +- 4.61  MMM  

Sex (% male) 62.31 MMM RRR  36.63 AAA   37.08 AAA   

Race (% white) 97.63 MMM     80.09 AAA RRR  98.52  MMM  

years of education 14.31 +- 3.13  RRR  NA 16.51 +- 3.49 AAA   

APOE genotype (% 

ε2ε2/ε2ε3/ε2ε4/ε3ε3/ε3ε4/ε4ε4) 

0.0/8.0/1.3/70.5/18.9/1.3 MMM 

R 

1.2/11.7/0.7/55.0/29.2/2.1 
AAA RR 

0.9/13.1/2.2/61.1/21.8/0.9 A MM 

APOE ε4 carrier (% carrying at 

least 1 ε4 allele) 
21.47 MM 32.03 AA R 24.91 M 

Cognition status (% dementia) 48.19 MMM   59.27 AAA RRR  42.80  MMM  

Cognition status including mild 

impairment* (% None/Mild 

Impairment/Dementia)  

NA 29.5/11.3/59.3 RRR 31.7/25.5/42.8 MMM 

Diagnosis based on 

NINCDS/ADRDA criteria** 

(%  No dementia/Probable 

AD/Possible AD/Dementia-

type unknown) 

51.3/18.7/20.5/9.5 RRR NA 57.2/35.6/5.0/2.2 AAA 

AD to death time (% no 

dementia/<=2/2-5/> 5 years) 
60.8/12.8/16.0/10.4    NA 56.1/16.1/17.2/10.7    

RIN 6.35 +- 1.07 MMM   6.84 +- 1.47 AAA   NA 

PMI (hours) NA 7.10 +- 5.33    7.16 +- 4.84    

MD-AD Training 

Phenotypes: 
      

CERAD Score 1.49 +- 1.08 (0.00-3.00) M   1.66 +- 1.28 (0.00-3.00) A   1.61 +- 1.16 (0.00-3.00)    



107 

 

Neuritic Plaques NA 8.05 +- 8.79 (0.00-42.00)    0.73 +- 0.79 (0.00-4.96)    

Aβ-IHC 0.02 +- 0.02 (0.00-0.09)    NA 4.72 +- 5.21 (0.00-26.31)    

Braak Stage 3.45 +- 1.67 (0.00-6.00)    3.68 +- 1.86 (0.00-6.00)    3.37 +- 1.28 (0.00-6.00)    

Tangles NA NA 0.55 +- 0.73 (0.00-6.17)    

τ-IHC 0.02 +- 0.03 (0.00-0.11)  RRR  NA 1.44 +- 5.68 (0.00-89.87) AAA   

 

*For MSBB, cognition status was based on the clinical dementia rating (CDR). For ROSMAP, this was based on 

consensus between a neuropsychologist and clinician based on a battery of tests. 

**For NINCDS/ADRDA criteria, Possible and Probable AD both indicates that the individual has dementia, but 

with differing certainty about the cause while they were alive. 

 

 

 

Supplementary Table 2.3. Overview of MD-AD consensus nodes. Each node is annotated with -log10(p-values) 

for phenotypes and covariates of interest. We also show or enrichment scores for KEGG and REACTOME 

pathways. Enrichment scores were masked to 0 when the enrichment p-value were not significant (i.e., p>0.05 after 

Bonferroni correction across nodes).  

The table is available for download here: https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-021-

25680-7/MediaObjects/41467_2021_25680_MOESM4_ESM.xlsx  

 

 

 

 

 

Supplementary Table 2.4. MD-AD's consensus gene scores, with high scores being most positively related to 

neuropathology and low scores being most negatively related to neuropathology. "all-related" is averaged over the 

six neuropathological phenotypes, while "abeta-related" is averaged over CERAD, PLAQUES, and ABETA_IHC, 

and "tau-related" is averaged over BRAAK, TANGLES, and TAU_IHC. 

The table is available for download here: https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-021-

25680-7/MediaObjects/41467_2021_25680_MOESM5_ESM.xlsx    

 

 

 

 

 

https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-021-25680-7/MediaObjects/41467_2021_25680_MOESM4_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-021-25680-7/MediaObjects/41467_2021_25680_MOESM4_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-021-25680-7/MediaObjects/41467_2021_25680_MOESM5_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-021-25680-7/MediaObjects/41467_2021_25680_MOESM5_ESM.xlsx
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Supplementary Table 2.5.  Overview of AddNeuroMed blood samples. For each cell, we show summary statistics 

(and any group with which this group has a statistically significant difference, as measured by independent t-tests or 

chi-square tests). For each group, we highlight all groups that are significantly different (*p<.05, **p<.01, 

***p<.001). 

Blood1 (GSE63060)  CTL (N=104)  MCI (N=80)  AD (N=145) 

age  72.38 +- 6.31 (MCI* AD***)  74.45 +- 5.96 (CTL*)  75.40 +- 6.56 (CTL***) 

gender (% female/male)  59.6/40.4   48.8/51.2 (AD**)  68.3/31.7 (MCI**) 

ethnicity (% Western 

European / Other Caucasian 

/ Other or Unknown)  95.2/4.8/0.0 (MCI*** AD*)  73.8/22.5/3.8 (CTL***)  85.5/13.1/1.4 (CTL*) 

    
Blood2 (GSE63061)  CTL (N=134)  MCI (N=109)  AD (N=139) 

age  75.29 +- 6.00 (MCI*** AD***)  78.16 +- 7.33 (CTL***) 77.89 +- 6.64 (CTL***) 

gender (% female/male)  60.4/39.6   59.6/40.4   61.2/38.8  

ethnicity (% Western 

European / Other Caucasian 

/ Other or Unknown)  91.0/6.7/2.2 (MCI*)  78.9/12.8/8.3 (CTL* AD**)  87.8/11.5/0.7 (MCI**) 

 

 

Supplementary Table 2.6.   Final selected models for MD-AD and baseline methods, after aggregating 

performance across all 5 test folds. All networks were trained for 200 epochs with batch sizes of 20, ReLU 

activations, and dropout units with 0.1 dropout rate, using an Adam optimizer.  

(View online materials to see an additional table showing the best hyperparameter setting for each phenotype within 

each model class, separately computed for each training/test split: https://static-

content.springer.com/esm/art%3A10.1038%2Fs41467-021-25680-

7/MediaObjects/41467_2021_25680_MOESM7_ESM.xlsx) 

Final selected hyperparameters for each method 

model kernel regularization learning rate gradient clipping norm 

MD-AD 0.001 0.001 0.1 

MLP_baselines for ABETA_IHC 0.00001 0.001 0.01 

MLP_baselines for TAU_IHC 0.00001 0.001 0.01 

MLP_baselines for PLAQUES 0.00001 0.001 0.1 

MLP_baselines for TANGLES 0.00001 0.001 0.01 

MLP_baselines for BRAAK 0.00001 0.001 0.1 

MLP_baselines for CERAD 0.00001 0.001 0.01 

Linear_baselines for ABETA_IHC 0.00001 0.001 0.01 

Linear_baselines for TAU_IHC 0.001 0.001 0.01 

Linear_baselines for PLAQUES 0.00001 0.001 0.01 

Linear_baselines for TANGLES 0.001 0.0001 0.01 

Linear_baselines for BRAAK 0.001 0.001 0.01 

Linear_baselines for CERAD 0.00001 0.001 0.1 

https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-021-25680-7/MediaObjects/41467_2021_25680_MOESM7_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-021-25680-7/MediaObjects/41467_2021_25680_MOESM7_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-021-25680-7/MediaObjects/41467_2021_25680_MOESM7_ESM.xlsx
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Supplementary Figure 2.1. (a) Overview of MD-AD and its advantages over traditional approaches. (b) Cumulative 

variance explained for principal components (computed from the full dataset after all pre-processing). (c) Average test 

MSE for predicting average neuropathology score from linear model trained on PC-transformed inputs vs all genes 

with standard error bands (n=5 test runs).  (d) First two principal components of gene expression data before and after 

ComBat batch effect correction. Brain regions shown: Brodmann areas 10, 22, 36, 44 (BM10, BM22, BM36, BM44), 

dorsolateral prefrontal cortex (DLPFC), hippocampus (HIP), frontal white matter (FWM), parietal cortex (PCx), 

temporal cortex (TCx). (e) Overview of our cross-validation (CV) and testing scheme. We generate five separate 

training and test splits, and then in each round, we perform cross-validation to choose hyperparameters, retrain the 

model on the full training set, and then report test performance. 
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Supplementary Figure 2.2. (a) We evaluate test set performance for ROSMAP using the same training and test splits, 

but training restricted to different subsets of available data sets, averaged over test folds (n=5 test runs per data set).  

(b) We experimented with several architectures for the MD-AD model. They are depicted with associated dense layer 

sizes. (c) We plot the difference in test set prediction error between five alternative architectures evaluated and the 

final selected MD-AD architecture, averaged over five test folds. Positive values indicate higher error relative to the 

MD-AD architecture (n=5 test runs per architecture). 
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Supplementary Figure 2.3.   (a) Test prediction performance using 5-fold cross-validation when training on different 

subsets of available datasets. We display performance for each dataset’s test samples separately. Circle markers show 

performance when transferring a trained model to a new dataset; diamond markers show changes in performance when 

augmenting the training set with samples from other datasets. (b) Same analysis as part (a), but highlighting how 

transfer performance changes when adding additional MSBB samples during training. 
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Supplementary Figure 2.4.  (a) t-test statistics measuring differences between each model’s predicted 

neuropathology scores for AD-diagnosed vs. control individuals. (b) Significance of 2-sided t-tests measuring 

between-group differences as shown in  boxplots in  Figure 2.2c. (c) Significance of 2-sided t-tests measuring between-

group differences as shown in  boxplots in Figure 2.2d. (d) t-SNE plots of embedded samples for external and mouse 

data sets. (e) t-test statistics measuring differences between each model’s predicted neuropathology scores for AD 

model strains of mice vs. wild type (WT) mice.  
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Supplementary Figure 2.5. External validation results considering APOE status. (a-c) show how 

neuropathology predictions compare for carriers vs. non-carriers of the APOE ε4 allele. (a) t-test statistics 

measuring differences between each model’s predicted neuropathology scores for carriers vs. non-carriers 

of APOE ε4.  (b) For samples from external validation data sets, we obtain neuropathology scores for each 

sample from each model. Left: Box plots displaying the distribution of predicted neuropathology scores 

from each method for APOE ε4 carriers vs. non-carriers. T-tests highlight between-group differences for 

each method (two-sided t-test, ***p<.001; see sample sizes in part c.) Right: Box plots displaying the 

distribution of MD-AD’s predicted neuropathology scores split by age group and APOE status. All box 

plots in this figure indicate median (center line), upper and lower quartiles (box limits), 1.5x interquartile 

range from quartiles (whiskers), and outliers (points). (c) sample sizes and p-values from t-tests comparing 

pairs of groups shown in part b. ). (d) Left: Predicted neuropathology scores for each method split by 

diagnosis (replicated from Figure 2.2c; see sample sizes in part e.). Right: Box plots displaying the 

distribution of MD-AD’s predicted neuropathology scores split by both diagnosis and APOE status (same 

box plot elements as described in part b). (e) sample sizes and p-values from two-sided t-tests comparing 

pairs of groups shown in part d.  



114 

 

 



115 

 

Previous page: Supplementary Figure 2.6.  Generating and annotating MD-AD “consensus” nodes. (a) Illustration 

of how we generate MD-AD consensus nodes.  (b) Bi-clustered last shared layer consensus node embeddings. (c) 

Correlations between consensus nodes and phenotypes of interest. Cells show the –log10(p-value) of the correlation 

after FDR correction across nodes. (d) Nodes’ GSEA enrichment score (ES) for REACTOME pathways: For each 

node, we obtain integrated gradients weights from each gene. We display only cells with |ES|>.2 and p<.05 after FDR 

correction (across nodes). REACTOME pathways with long names are indicated by their REACTOME stable IDs. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Next page: Supplementary Figure 2.7. t-SNE representation of all methods’ embeddings colored by pathology 

values. 
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Supplementary Figure 2.8. Illustration of how MD-AD “consensus” gene scores are generated. (a) For a single 

training run, we aggregate IG scores across samples to obtain a ranking over genes for each phenotype. (b) We 

aggregate IG gene scores across 100 re-trainings of MD-AD. (c) Consistency of top genes from aggregating IG gene 

scores across multiple training runs. 
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Supplementary Figure 2.9. Top genes and REACTOME pathway enrichment for correlation-based ranking: (a) Top 

50 genes ranked by correlations between expression and pathology. (b) GSEA enrichment p-values for pathways 

enriched in correlation-based ranking. 
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Supplementary Figure 2.10. (a) GSEA enrichment p-values for KEGG pathways enriched in MD-AD gene ranking, 

(b) GSEA enrichment p-values for pathways enriched in correlation-based ranking, (c) Comparison of top genes for 

MD-AD vs correlations. For MD-AD and correlation-based rankings, we identify all genes in the top 2% of the 

ranking, and then check their membership in KEGG categories.  
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Supplementary Figure 2.11. Additional details for sex interaction results. (a) Distribution of genes’ interactions with 

sex for MD-AD scores. For each gene, we compute the –log10(p-value) for the interaction term between the gene’s 

expression and sex. For comparison, we show the distribution from an experiment with all sex labels shuffled across 

samples.  (b) Replicated results from Figure 2.5a with KEGG categories. (c) Replicated results from Figure 2.5b with 

KEGG categories. (d) Comparison of top 1% ranked genes from MD-AD vs a correlation-based approach for 

microglial cluster members.  
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Supplementary Figure 2.12. (a) T-test statistics for comparisons among MD-AD predicted neuropathology and 

cognitive states, separately for blood datasets (see sample sizes in part b). (b) Pair-wise t-test p-values from Figure 

2.7b. (c) Embeddings from MD-AD’s last shared layer for brain and blood data. Each plot is colored by dataset or 

predicted pathology severity for various phenotypes. Pathology severity plots are produced with and without MD-

AD training (brain) samples for clarity. 
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Supplementary Figure 2.13. Cross-validation performance metrics for experiments with alternative methods (all 

bars indicate an average over five test runs, and each run’s performance is overlaid as a dot). For each subplot, we 

highlight differences in performance between alternative methods and MD-AD via 2-sided paired t-tests using n=5 

test runs (p-values:  *<.05, **<.01, ***<.001). (a) Figure 2.2a replicated with results from training and evaluation 

using GE normalized to account for post-mortem interval (PMI) and RNA integrity number (RIN). (b) Figure 2.3a 

replicated with results from training and evaluation using GE normalized to account for PMI and RIN. Each bar 

represents the –log10(p-value) after FDR correction over nodes for the correlation between the best node and 

phenotype listed, averaged over 5 test run. (c) Figure 2.2a replicated with new cross-validation and test splits 

generated by pseudorandomly assigning samples by individual (rather than completely randomly). (d) Figure 2.3a 

replicated with the new cross-validation and test splits. 

 

 

 

 

 

  



124 

 

 

Chapter 3 Supplementary Materials 

 

 

SUPPLEMENTARY METHODS 

Pathway graph construction  

In the PAC method, we create a pathway network in which each node represents a pathway, and each edge 

represents how closely two pathways are related in terms of their shared genes. In order to represent 

relatedness of pathways, we use Fisher’s exact test (FET), which is a commonly used statistical test for 

measuring gene set enrichment and relatedness between pathways1. To that end, we first generated a 

reference set of 17,640 genes (G) which were present in at least one pathway in any of the four pathway 

databases. For each pathway i we have Pi, the set of all genes in the pathway, and Pi
c, the set of all genes 

not in the pathway (i.e., in the reference set G but not Pi). For a pair of pathways Pi and Pj, we therefore 

use Fisher’s exact test based on the contingency table of these two pathway gene sets, as shown in 

Supplementary Figure 3.1a. Finally, we use the –log10(p-values) from each pairwise Fishers exact test 

(after Bonferroni correction across all pairs of pathways) as edges in the graph (note that edge weights are 

set to 0 for pairs of pathways that were not significantly overlapping at the p<.01 level). As described by 

Rivals et al.126, several formulations of enrichment tests all rely on an underlying hypergeometric null 

distribution, and all of these may equally be called Fisher’s exact tests or hypergeometric tests. For our 

purposes, we used the python scikit-learn implementation of FET. In particular, we use two-sided tests to 

be consistent with the fact that they are most commonly appropriate in practice for evaluating the 

enrichment or depletion of pathways in differential gene expression analyses (e.g., our example using breast 

cancer data).   

Preprocessing of pathways’ curated hierarchies  

While KEGG assigns each of its pathways to a high-level category that we use directly, REACTOME, GO 

Biological Processes (BP) and GO Molecular Function (MF) provide a tree hierarchy for their pathways 

that we trace to define the associated highest-level categories (see Figure 3.2 for the number of pathways 

and categories from each database). The processing steps below yield a set of “curated” category labels for 

pathways in each of the four databases, listed in Supplementary Table 3.1, which we use to evaluate our 

community detection methods: 

KEGG: KEGG consists of 186 pathways, which are divided across 35 higher-level categories provided by 

the resource, and thus needed no further pre-processing 

REACTOME: REACTOME consists of 1,499 pathways which are related to each other as a hierarchy of 

pathways ranging from highly specific to 25 general pathways (as shown on their interactive webtool: 

https://reactome.org/PathwayBrowser/). For each pathway, we trace the hierarchy tree and assign the 

pathway’s category as the highest-level pathway to which we can trace the original pathway. A small 

number of pathways have multiple parents, and in these cases, we count all possible paths to higher-level 

categories, and select the category label for which there are the most paths.  

Gene Ontology (GO): GO consists of three subcategories, which we treat as separate sources: Biological 

Process (BP), Cellular Component (CC), and Molecular Function (MF) containing 7,350, 1,001, and 1,645 

https://reactome.org/PathwayBrowser/
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gene sets, respectively. For this analysis, we exclude the CC gene sets because unlike the other databases 

and GO categories which relate more closely to biological processes, GO CC relates more closely to cellular 

structures. The GO resource contains detailed mappings (of several types) among gene sets which form a 

hierarchy, and only considered the ‘is_a’ relations between gene sets which were the most frequent relation 

type and we discarded the ‘obsolete’ GO terms that are not connected to any other terms. For BP and MF 

gene sets separately, we traced the entire hierarchy of gene sets mapping each gene set to its direct parents. 

Since GO terms often have multiple parents, we traversed the hierarchy multiple times for all possible 

traversals from a leaf node to the high-level node and recorded the most frequent curated category for each 

level of the tree for each gene set. This pipeline returned us a multiple layer of hierarchy and to define a 

universal set of curated labels, we selected the highest possible level in these hierarchies with a reasonable 

coverage, obtaining 64 and 69 high level categories for GO BP and MF, respectively. 

Community detection: Stability and Robustness  

The Louvain algorithm employs a greedy approach, and outcomes are dependent on an initial ordering of 

nodes. Thus, we repeatedly ran the algorithm with different initializations to explore the stability of the 

resulting communities in the full graph. Using a resolution of 0.4 as described above, we find slight 

variations in learned communities, however find overwhelmingly similar results, as shown in 

Supplementary Figure 3.5. When running the algorithm 100 times, we found that the median pair-wise NMI 

of learned communities between runs was 0.84, and all pairs had NMIs above 0.77. 

We further examined alternative approaches for computing edges in our community graph, including using 

the Jaccard similarity coefficient, and overlap coefficient. These approaches tended to produce similar or 

slightly worse downstream community detection results compared with FET-based edges; however, the 

Louvain algorithm continued to be the best community detection approach even with alternative edge 

construction methods (Supplementary Figure 3.3).   

Although the resolution of 0.4 was selected because it tended to yield the highest agreement with curated 

categories (Supplementary Figure 3.3), and produced a relatively easy-to-interpret 35 communities on the 

full pathway set, we also explored alternative resolutions for our final community detection analysis and 

found that the communities tended to agree with each other (although lower resolution-based communities 

tended to be subsets of larger communities learned in for higher resolutions; Supplementary Figure 3.6).  

Identifying significantly overrepresented genes in communities 

For each community, we identified genes which we believe are disproportionately represented across 

member communities. For each gene-community pair, we use one-way chi square tests to calculate whether 

the number of pathways in the community that contain the gene appears at a different rate than if the gene 

were randomly distributed across all pathways. We then consider genes to be significantly overrepresented 

genes to be those with a positive chi-square statistic and p<.01 after Bonferroni correction over communities 

and genes. Users may query genes to see whether they are significantly overrepresented in any communities 

on the gene-level view of our webpage at https://nicasia.github.io/PAC, and all results are available in 

Supplementary Table 3.3.  

Data processing supplementary info for breast cancer data 

We used data provided by the Molecular Taxonomy of Breast Cancer International Consortium 

(METABRIC) database, which we downloaded from the cBioPortal. In total, the dataset consists of gene 

expression profiles for primary tumors from 2,509 patients. Gene expression levels are reported for 24,368 

genes, and phenotypic or treatment labels were also provided with each sample. To demonstrate the use of 

https://nicasia.github.io/PAC
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our tool with minimal overhead, we used the gene expression data directly as it was provided cBioPortal 

with no further pre-processing.  

For our analyses, we restrict our analysis to 2,469 sampled profiles for which estrogen receptor status was 

reported, of which 74% of samples were positive for estrogen receptors. For each of 24,368 genes (labeled 

by HUGO gene symbols) measured, we compare expression levels for the 1,825 ER+ and 655 ER- samples 

using two-sided independent t-tests. After Bonferroni correction accounting for testing all 24,368 genes, 

we found that 8,984 genes were significantly differently expressed between groups. Of these genes, we use 

the 243 (top 1%) of genes with the lowest significant p-values (Supplementary 3.8) for our enrichment 

analyses.  

 

 

 

 

SUPPLEMENTARY TABLES  

All supplementary tables are too large to display here; they are available online at: 

https://academic.oup.com/nargab/article/4/2/lqac044/6617323#supplementary-data  

Supplementary Table 3.1. List of all pathways included in our analysis and their community assignment 

from PAC.  

Supplementary Table 3.2. Top 10 automatically generated descriptions for each pathway community. 

  

Supplementary Table 3.3. Full list of all genes with significant overrepresentation in any community.  
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Supplementary Figure 3.1. Contingency tables used for Fisher’s exact tests. (a) Contingency tables used to calculate 

pairwise pathway similarity among all pathways. Each pathway Pi is a set of genes, and we consider Pi
C to be the set 

difference between G (our reference gene set) and Pi. (b) Contingency tables used to query new gene sets (such as 

differentially expressed genes in our Breast Cancer example). 

 

 

 

Supplementary Figure 3.2. While our main analyses use normalized mutual information (NMI) to compare methods, 

other metrics are available for evaluating clusters. We show two alternative evaluation metrics: adjusted Rand index 

(ARI) and variation of information (VI). 
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Supplementary Figure 3.3. (a) Comparison of downstream community detection performance for three different 

edge types in the pathway network.  For each edge type, the pathway network is constructed based on the edge type 

described in the title of the table separately for each pathway database. We next perform the same four community 

detection methods on each of the four pathway databases and compare assignments to our ground truth labels for each 

community.  (b) Comparison of Louvain community detection for alternative edge types using all pathways. While 

our method uses network edges calculated from Fisher’s exact test, we also evaluate the similarity of our results 

compared with Jaccard index-based edges and overlap-coefficient base edges.  For each edge calculation method, we 

run 100 rounds of the Louvain algorithm and compare pairwise normalized mutual information between all pairs of 

runs from FET-based edges to the alternative approach.  
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Supplementary Figure 3.4. Comparison of full graph Louvain community detection at different resolutions with 

curated categories. For the graph of 4,847 pathways from 4 pathway databases, we perform ten random runs of the 

Louvain community detection algorithm at resolutions ranging from 0.1 to 1, and for each run, obtain a set of learned 

communities. We then compare the assigned communities with curated categories. (a) Separately for each pathway 

database, we evaluate the adjusted rand index with curated category labels (ignoring all pathways outside of the 

database). We note that ARI was used because it is sensitive to cluster sizes. (b) We combine all 198 curated category 

labels from each of the four databases and compare our learned communities to these combined labels. (c) Among the 

550 pathways that are founders of any Hallmark pathway, we compare the learned community label with labeling by 

Hallmark pathways to which each pathway was a founder. (d) Sizes of each community. Each subplot shows box-

and-whisker plots based on the 10 repeated trainings for each resolution. 
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Supplementary Figure 3.5.  Consistency of Louvain communities over random initializations. We ran the Louvain 

algorithm 100 times on the full pathway network using a resolution of 0.4. (a) From the 100 sets of Louvain community 

assignments, the distribution of all pairwise normalized mutual information (NMI) scores between all pairs of runs. 

(b) Frequency of the most frequent k-mer for each pathway across 100 runs. Blue lines indicate the first and third 

quartile; red line indicates the median frequency of most frequent k-mers across all pathways. (c) A more relaxed 

version of part b. For each pathway, we identify the top three k-mer labels from each run, and then aggregate these to 

identify the top three k-mers which appeared most commonly in top-three labels across all runs. We then compute, 

for each pathway, how many runs had any top three k-mer labels from that run overlapping with the top three overall 

k-mer labels. 
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Supplementary Figure 3.6. Comparison of Louvain community detection results across random runs of different 

resolutions. We re-ran the Louvain algorithm ten times for resolutions ranging from 0.1 to 1. The heatmap indicates 

pairwise normalized mutual information between community assignments from these different runs. Red lines indicate 

resolutions for the associated block of random runs.  Listed below the resolution, we also indicate the average number 

of communities (+/- standard deviation) for each resolution parameter evaluated.  
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Supplementary Figure 3.7. Example of automatic label generation for Community 28. (a) Overview of pathways in 

Community 28 (as shown in Figure 3.4b). (b) Examples of how pathway names are converted to k-mer terms. (c) K-

mer terms are gathered from each pathway, and within-community hubness is recorded for each pathway.  (d) We 

aggregate unique k-mer terms, computing the number of times it appears across the pathway names, and average 

hubness of those pathways. (e) Our rank our final k-mers first by k, then count (filtering out those appearing in fewer 

than 3 pathways), and finally break ties with average hubness of the pathways containing the label. 
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Supplementary Figure 3.8. Pathway membership for the top 243 genes with highest differential expression between 

ER+ and ER- breast cancer samples in the METABRIC dataset. The genes are sorted from lowest to highest p-value 

(top to bottom, and then left to right). We additionally indicate whether the gene appears in any pathways (split by 

community).  Gray squares on the heat map indicate communities in which the gene is significantly overrepresented, 

based on a one-way chi square test (p<.05). 
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Supplementary Figure 3.9. Clustering consistency between final communities (learned across all 4 pathway 

databases) and curated KEGG categories. Cells are colored by the percent of curated category’s pathway in each 

community; cell text indicates the exact number of pathways in each community and KEGG category (see 

Supplementary Figure 3.13 to see these results in the context of all databases). 
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Supplementary Figure 3.10. Clustering consistency between final communities (learned across all 4 pathway 

databases) and curated REACTOME categories. Cells are colored by the percent of curated category’s pathway in 

each community; cell text indicates the exact number of pathways in each community and REACTOME category (see 

Supplementary Figure 3.13 to see these results in the context of all databases).  
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Supplementary Figure 3.11. Clustering consistency between final communities (learned across all 4 pathway 

databases) and curated GO BP categories. Cells are colored by the percent of curated category’s pathway in each 

community; cell text indicates the exact number of pathways in each community and GO BP category (see 

Supplementary Figure 3.13 to see these results in the context of all databases).  
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Supplementary Figure 3.12. Clustering consistency between final communities (learned across all 4 pathway 

databases) and curated GO MF categories. Cells are colored by the percent of curated category’s pathway in each 

community; cell text indicates the exact number of pathways in each community and GO MF category (see 

Supplementary Figure 3.13 to see these results in the context of all databases).  
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Supplementary Figure 3.13. Clustering 

consistency between final communities 

(columns) and all curated categories 

(rows) across KEGG, REACTOME, GO 

BP, and GO MF. Cells are colored by the 

percent of curated category’s pathway in 

each community; cell text indicates the 

exact number of pathways in each 

community and category. 
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SUPPLEMENTARY METHODS 

Toy dataset experiment 

Data generating process and conditional imputation 

We first consider an example with synthetic data where we can stochastically impute samples directly from 

a known conditional distribution (thereby testing the dynamic feature selection model independently of the 

performance of an imputer). As illustrated in Supplementary Figure 5.1, the toy dataset contains pairs of 

correlated features, and a prediction task y = 4(x1+ x2+ ϵ)+2 ∗ (x3+ x4+ ϵ)+(x4+ x6+ ϵ) where ϵ ∼ N(0,0.01) 

represents random noise. The six features are normally distributed (mean 0, unit variance), and consist of 

three pairs of redundant features that are independent of the other pairs (ρ = .9 between paired features, as 

illustrated in Supplementary Figure 5.1a). Thus, we have simulated a case in which we have pairs of 

redundant features, where within each pair, the features contribute equally to y, and there’s a clear ranking 

of importance between pairs. 

Given this data generating process, it’s then straightforward to randomly sample imputations from 

a partially observed sample: for each correlated pair of features xa and xb, if xa is missing but xb was 

observed, we sample from the conditional distribution  (or vice versa). Otherwise, if 

both are missing for a given test sample, we randomly sample from the marginal distribution xb ∼ N(0,1), 

and then sample xa conditioned on xb as just described. Given a dataset simulated with this data generating 

process, we can now mask features and use our approach above to directly sample imputations for the 

masked features conditioned on the observed ones. 

Feature acquisition experiment 

For the supervised prediction model, we train an XGBoost model (with default parameters) on a 10,000-

sample simulated training set. First, we apply SHAP (a local feature attribution method)105 and SAGE (a 

global feature attribution)127 method to assess how an XGBoost predictor model relies on our simulated 

features to generate predictions. Consistent with the data generation process, these methods both identify 

a clear ranking among the pairs of features (Supplementary Figure 5.1b), although the relative importance 

within pairs slightly differs. In a standard global feature acquisition strategy, features would always be 

selected based on this global ranking (i.e., x1 → x2 → x4 → x3 → x5 → x6). 

We now turn to the evaluation of our approach on this toy example. In Supplementary Figure 5.1c, 

we show the average performance of our approach when simulating prediction and selection of features 

from no observed features until all features have been observed. In particular, for each of 1,000 test 

samples, we repeat the following steps until all features have been observed: (1) we sample 100 imputed 

samples conditioned on the features observed up until now, (2) we report the mean and variance of the 

model predictions on these 100 imputations, (3) we then compute SHAP values for each of the imputed 

examples and select the missing feature with the highest-variance SHAP value, (4) we un-mask the missing 

feature. In Supplementary Figure 5.1c, we also show how global feature selection policies compare with 

our context-aware approach (while still using stochastic imputation to generate prediction intervals). We 

additionally show results for “retrained” global selection approaches because in practice, when using 

global feature selection, given that the order is fixed, it is reasonable to re-train a prediction model with 
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the subsets of features that would be used at test time (i.e., a 1-feature model containing the top feature, a 

2-feature model containing the top two features, etc.). In this toy example, we find that our dynamic feature 

selection approach allows our method to more efficiently gather features at test time. By modeling the 

missing features conditioned on the observed ones, our approach avoids collecting redundant features that 

would be unlikely to substantially alter the model predictions, unlike global feature selection policies. 

 

 

Supplementary Figure 5.1. A toy example illustrating the advantage of our method of dynamic feature selection over 

a fixed ordering. (a) Scatter plots illustrating the relationships among features and a target variable in a simulated toy 

dataset. The feature set contains 3 pairs of correlated features which are independent of other pairs. Our target feature 

is a function of all features, but relies most heavily on x1 and x2 and least on x5 and x6. (b) Global feature importances 

for an XGBoost model trained to predict y on the simulated data shown in a. To compute global feature importance, 

we consider both SHAP (where we compute the mean absolute SHAP value)105 and SAGE127. (c) When simulating 

an interactive risk prediction and dynamic feature selection process on synthetic data illustrated in a, we assess the 

average performance of our approach on samples (y-axis) when starting at 0 information and then selecting a new 

feature at each time point (x-axis) with respect to both error (left) and ensembles’ prediction variation (right). 

Baselines: “random” follows our multiple imputation and prediction procedure, but with the next feature selected 

randomly at each time point. “Global: SHAP” and “Global: SAGE” follow our multiple imputation and prediction 

procedure, but features are acquired in order of global feature importance as shown in b. “SHAP retrain” and “SAGE 

retrain” use the same global feature orderings from b, but we retrain models at each feature budget. 
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UK Biobank (UKB) data overview and preprocessing 

UKB participants were enrolled between 2007-2014 from 21 assessment centers across England, Wales, 

and Scotland. Our study includes all measurements taken during their initial visit, available on December 

13th, 2021. During an initial comprehensive visit, hundreds of features were collected, including 

information about sociodemographic and lifestyle factors, health and medical history, cognitive testing, 

physical measures (such as composition and hearing tests), and lab tests from biological samples (including 

blood and urine). We exclude (1) features that are missing in more than 80% of the samples, and (2) highly 

correlated features with correlations greater than 0.98 (when such correlations existed, we kept just one of 

the features and removed the others). After excluding features, our UKB dataset has 825 features from 

numerous categories: demographics, blood assays, health and medical history, lifestyle and environment, 

physical measures, etc. 

For our analyses, we initially considered seven health outcomes which are provided by the UKB 

database as “algorithmically defined outcomes,” meaning that they are outcomes linked to hospital 

admissions and death registries (https://biobank. ndph.ox.ac.uk/showcase/label.cgi?id=42): chronic 

obstructive pulmonary disease, asthma, all-cause dementia, end-stage renal disease, myocardial infarction, 

all-cause parkinsonism, and stroke. One of the most densely annotated outcomes, and the focus of our 

analyses, are myocardial infarctions (also known as heart attacks; around 2% incidence over 10 years). For 

our analyses, we use a ten-year follow-up period as our prediction goal. For each of these conditions, we 

considered the individual to be a control case if they had no history of the condition during their intake visit 

as well as no report of the condition within 10 years after the visit, and a positive case if they had no prior 

history of the condition at their intake and subsequently had a reported incidence of the condition within 

the next ten years. For a given condition, the label was considered to be unknown if they had a pre-existing 

report of the condition during their intake, or if they had a report with an unknown time, and such samples 

were excluded from training our supervised models. 

For training and evaluating our models, we used a randomly selected sample of 100,000 

individuals, which we divided into training (64,000 individuals), validation (20,000), and test (16,000) 

splits. In order to train our models, we performed the following additional preprocessing steps: (1) We 

imputed missing features using MissForest128, a nonparametric random forest-based multiple imputation 

method for mixed-type data, (2) we normalized features to have 0 mean and unit-variance (which was 

necessary to compute distances for KNN-based imputation with similarly scaled dimensions). 

Finally, we generated a reduced feature set for our final models: for each of the seven conditions 

listed above, we trained a separate XGBoost model to predict whether the condition occurred within 10 

years based on the full 825 feature set. We then applied SHAP to each of the seven models and found that 

many of the features played no significant role among any of the models (SHAP values of 0 across all 

samples). Thus, to provide a more reasonable starting point for our models, we chose a reduced feature set 

of 252 features consisting of all features that had a mean absolute SHAP value of at least 0.001 for at least 

one of seven outcome models. Our final data for the myocardial infarction risk prediction experiments 

consisted of 62,444 training samples (from the initial 64,000 training samples, we excluded samples with 

unknown labels) with the 252 features described above, and 15,612 test samples which were used to 

evaluate the effectiveness of our approach. In our experiments, the 62,444-sample training set is used for 

both fitting the XGBoost model, as well as the KNN-based imputation approach. 

 

 

https://biobank.ndph.ox.ac.uk/showcase/label.cgi?id=42
https://biobank.ndph.ox.ac.uk/showcase/label.cgi?id=42
https://biobank.ndph.ox.ac.uk/showcase/label.cgi?id=42
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UK Biobank experiment details 

For our feature imputer, we use KNN-based imputation with an ensemble size of 100. In particular, we 

use an imputation ensemble size of 100, meaning that for a given partially observed test sample, we 

identify the 100 nearest neighbors in the training set (with distances computed in Euclidian space for 

normalized features based on the observed features only). We then generate an ensemble of imputations 

where, for each sample in the ensemble, the observed features are kept as is, and the remaining 

unobserved features are imputed from the record of the selected neighbor. For our XGBoost risk 

prediction model, we used the implementation from Chen & Guestrin110 and used default hyperparameter 

settings. Once fit, this trained model was used as the fixed supervised model across all feature collection 

strategies. 
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(Previous page) Supplementary Figure 5.2. Summary of our 10-year myocardial infarction XGBoost model. (a) Test 

set performance when considering the full feature set without missingness. (b) Simulating MCAR missingness at 

different rates, we compare the effectiveness of different imputation strategies. For each strategy (except mean/mode), 

we generate an imputation ensemble for each sample (100 imputed samples for each real sample) and consider the 

average of model predictions across the ensemble as our final risk estimate. For mean/mode imputation, we simply 

impute missing features with the mean (for continuous features) or mode (for binary features). We also evaluate the 

following strategies: marginal (uniformly sampling the feature’s value across the entire training set), GAIN (a neural 

network-based approach by Yoon et al.120), GI (a neural network based approach by Kachuee et al.121), and KNN, our 

final selected approach of identifying nearest neighbors in the training set based on observed features and directly 

using features observed in those neighbors. (c) SHAP summary plot for the trained model: distribution of training set 

values vs. their impact on the model output (SHAP values). The features are sorted by mean absolute SHAP value, 

and this ranking is used as our feature ordering for the fixed feature selection strategy. 

 

 

 

 

Supplementary Figure 5.3. Feature orderings across all samples in the test set. In the top heat map, each column 

represents a sample in the test set, and the cell color indicates the order in which features were collected (dark red for 

a sample’s first selected feature, dark blue for the 50th, and white if the feature was selected after the top 50 features 

for that sample). Below the main heatmap, we also show each sample’s age and sex for to highlight some possible 

relationships between collected features and the subsequent ordering of later features (e.g., for younger subjects, our 

approach tends to select testosterone early instead of sex). To the right, we also show the global ranking of features 

which is used for the fixed global feature ordering baseline. 


