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Abstract
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Unsupervised patient subgrouping in longitudinal biomedical datasets enables the discovery of
distinct temporal phenotypes that capture heterogeneity in disease progression, treatment
response dynamics, developmental trajectories, telemonitoring, and more. One-stage
multivariate time series (MVTS) deep clustering methods are well-suited to this task because
they (1) jointly model multiple longitudinal variables and (2) integrate missing data imputation,
representation learning, and clustering into a unified framework. Recent state-of-the-art MVTS
deep clustering approaches include Variational Deep Embedding with Recurrence (VaDER; de
Jong et al., 2019) and Clustering Representation Learning on Incomplete time-series data
(CRLI; Ma et al., 2021). In this work, we apply CRLI in two real-world longitudinal biomedical
contexts and evaluate its performance against VaDER using 20 synthetic MVTS datasets of our
own design. Our overarching question was: how and when are one-stage MVTS clustering

methods (VaDER, CRLI) useful in biomedical research data exploration?



In Aim 1 (Assessing the ability of CRLI to detect meaningful trajectories in a sparse, irregular,
biased real-world dataset), we explored CRLI's capacity to detect multivariate trajectories in the
electronic health record (EHR). Temporal EHR data is marred by irregular measurement
intervals, high missingness, and multiple biases (selection, measurement, time-related). We
assessed how well CRLI handles these hurdles in the context of identifying GLP-1 medication
(semaglutide, dulaglutide, etc.) treatment response subgroups in the NIH All of Us Research
Study. We showed that (1) CRLI can be used to identify post-treatment multivariate response
trajectories in the EHR and (2) this is possible despite a small cohort (h=336) and infrequent

measurements.

In Aim 2 (Assessing the ability of CRLI to detect meaningful trajectories in a high-dimensional,
multimodal, prospective dataset), we applied CRLI to another real-world data source, the
Adolescent Brain Cognitive Development (ABCD) Study, a longitudinal observational cohort with
a prespecified assessment protocol, including a consistent follow-up schedule and a high
retention rate (98.9%). This dataset allowed us to explore physical health trajectories (pubertal
hormones, anthropometrics) as we did in Aim 1, but also mental health trajectories, as
measured by 8 Child Behavior Checklist (CBCL) syndrome scales. We calculated cluster
associations with mental health outcomes to better characterize cluster differences. We showed
that (1) given longitudinal and static variables, CRLI identified longitudinal trajectories that had
non-uniform associations with static variables, providing a basis for testable clinical hypotheses,
and (2) CRLI identified clusters that could not have been identified with a single timepoint or

single variable alone.

In Aim 3 (Assessing the ability of CRLI and VaDER to detect trajectories in synthetic datasets

under diverse data constraints), we designed a framework using the mockseries Python



package that let us rapidly generate unique MVTS datasets by sampling from a range of values
for various datasets characteristics (time series length, noise, missingness, number of clusters,
number of samples). We also incorporated the ability to modify time series variable properties
(trend, rate of change, seasonality) by designing 5 distinct variable styles inspired by biomedical
trends we observed in Aims 1 and 2 and the literature. We reported VaDER and CRLI
performance on 4 external clustering validation indices (purity, RI, ARI, NMI) across 20 synthetic
datasets. We showed that (1) practitioners should be wary of novel methods that do not report
performance on adjusted metrics (ARI, AMI), (2) 2D visualizations are an invaluable
interpretability tool, especially when there are too many longitudinal variables to understand on
an individual basis, and (3) while CRLI generally outperforms VaDER, neither method achieved

across-the-board ARI dominance.

Cross-cutting contributions that emerged across the aims were as follows: (1) we observed that
internal clustering validation indices (Calinski-Harabasz, Silhouette, Davies-Bouldin, S_Dbw
validity) were rarely concordant, making the selection of optimal cluster number in Aims 1 and 2
complicated, (2) cohort selection criteria that required a minimum number of repeat
measurements across multiple longitudinal variables resulted in final cohorts that may not have
generalized well to the population and/or an external validation dataset, (3) method performance
in Aim 3 as measured by Adjusted Rand Index (external clustering validation index) was subpar
compared to other indices that have been reported in the literature, casting doubt on
trustworthiness of clusters identified in previous Aims, and (4) visual (qualitative) inspection and
interpretation of identified clusters is a necessary complement to quantitative clustering result
evaluation (by internal and/or external clustering validation index) for a holistic understanding of

trajectory differences between clusters.
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Glossary

EHR = electronic health record
All of Us = NIH All of Us Research Program
ABCD = Adolescent Brain Cognitive Development

MVTS = multivariate time series
IMVTS = incomplete multivariate time series

DC = deep clustering

DTSC = deep time series clustering

VaDER = Variational Deep Embedding with Recurrence

CRLI = Clustering Representation Learning on Incomplete time-series data
CVI = clustering validation index

UCR = University of California, Riverside
UCI = University of California, Irvine
UEA = University of East Anglia

KS = k-Shape

DEC = Deep Embedded Clustering

IDEC = Improved Deep Embedded Clustering
DTC = Deep Temporal Clustering

DTCR = Deep Temporal Clustering Representation
VaDE = Variational Deep Embedding

MAR = Missing At Random
MNAR = Missing Not At Random
MCAR = Missing Completely At Random
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1. Executive summary

1.1. Motivation

Unsupervised patient subgrouping in longitudinal biomedical datasets enables the discovery of
distinct temporal phenotypes that can capture heterogeneity in disease progression, treatment
response dynamics, developmental trajectories, telemonitoring, and more. Identifying such
phenotypes can have implications for intervention design, treatment personalization, drug
repurposing, and preventative care. Multivariate longitudinal approaches move beyond cross-
sectional analyses to allow for richer characterization of subgroups across many measures
simultaneously. Real-world (observational) data reflects true-to-life heterogeneity that may not be

captured in carefully designed and controlled trials.

End-to-end (one-stage) multivariate time series (MVTS) deep clustering methods are particularly
well-suited to this task because they (1) jointly model multiple longitudinal variables and (2)
integrate missing data imputation, representation learning, and clustering into a unified
framework. Recent state-of-the-art approaches include Variational Deep Embedding with
Recurrence (VaDER; de Jong et al., 2019) and Clustering Representation Learning on Incomplete
time-series data (CRLI; Ma et al., 2021). In this dissertation, we seek to characterize how and
when such end-to-end MVTS deep clustering methods are useful in biomedical research data
exploration. To that end, we apply CRLI in two real-world longitudinal biomedical contexts and
evaluate its performance against VaDER using 20 synthetic MVTS datasets of our own design
(Table 1). In Aim 1, we assess the ability of CRLI to detect meaningful trajectories in a sparse,
irregular, biased real-world dataset (NIH All of Us EHR). In Aim 2, we assess the ability of CRLI
to detect meaningful trajectories in a high-dimensional, multimodal, prospective dataset (The
Adolescent Brain Cognitive Development Study). In Aim 3, we assess the ability of CRLI and

VaDER to detect trajectories in synthetic datasets under diverse data constraints.
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Aim 1 Aim 2 Aim 3
Research area Glucagon-like peptide-1 Physical & mental Benchmarking for MVTS
(GLP-1) receptor agonist  |adolescent development clustering
(RA) treatment response
Data source type |Electronic health record Longitudinal observational [Synthetic
cohort
Dataset NIH All of Us Research Adolescent Brain Cognitive |Newly-developed
Program Development (ABCD) framework to generate
Study random MVTS datasets
Tools CRLI CRLI mockseries, VaDER, CRLI
MVTS clustering |Multiple treatment outcome |Many multidomain Range of dataset & time
applicability measures collected in developmental measures [series properties, incl. # of
routine clinical care assessed yearly variables, missingness

rate, sample size, noise,

Data challenges |Short time series lengths, irregular sampling rates, data | \
time series length

sparsity, nonlinearity, variable inter-correlations
Table 1. Aims overview

1.2. Related work

In terms of our biomedical areas of interest, deep representation learning has been applied to the
temporal EHR to characterize diabetes progression trajectories, but EHR-derived insights specific
to GLP-1 medications have been limited to (1) effectiveness and risks, (2) utilization,
discontinuation, and reinitiation patterns, and (3) treatment responsiveness.''9 Researchers have
used the ABCD dataset extensively to characterize mental health outcomes, like self-injurious
behavior, with respect to prevalence, predictors, and transitions.'-'” Physical health measures,
like pubertal timing and and body weight, and their relation to psychopathology, have also been
characterized in ABCD and other adolescent datasets.'®2?? However, trajectory modeling has
been limited to univariate approaches or relied on model-based statistical approaches for

multivariate analysis.?3-2%

1.3. Open questions and gaps in current knowledge

Deep time series clustering methods have been catalogued and benchmarked by several
others.?-2° But, thus far, the application of VaDER and CRLI to biomedical datasets has been

limited, despite their demonstrated capabilities.3®-3? Furthermore, the head-to-head evaluation of
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these two methods has lacked in diversity of MVTS datasets and rigor of validation metrics
reported.®® Thus, drawing from (a) our biomedical areas of interest (previous section), (b)
commonly utilized sources of longitudinal observational data, and (3) the aforementioned

evaluation inadequacies, we devised our three aims to better understand how and when one-

stage MVTS clustering methods (VaDER, CRLI) are useful in biomedical research data

exploration (Figure 1).
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Figure 1. Graphical abstract of our work

1.4. Overview of chapters

In Chapter 2, we discuss in depth the background and prior studies relevant to all aims. This
includes the structure of multivariate time series, types of longitudinal real-world data sources,
data challenges encountered when working with such datasets, deep representation learning-
based methods for clustering MVTS, including VaDER and CRLI in particular, and methods for

evaluating clustering results.
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In Chapter 3 (Aim 1: Assessing the ability of CRLI to detect meaningful trajectories in a
sparse, irregular, biased real-world dataset), we explore CRLI's capacity to detect multivariate
trajectories in the electronic health record (EHR). Temporal EHR data is marred by irregular
measurement intervals, high missingness, and multiple biases (selection, measurement, time-
related). We assess how well CRLI handles these hurdles in the context of identifying GLP-1
medication (semaglutide, dulaglutide, etc.) treatment response subgroups in the NIH All of Us

Research Study.

In Chapter 4 (Aim 2: Assessing the ability of CRLI to detect meaningful trajectories in a
high-dimensional, multimodal, prospective dataset), we apply CRLI to another real-world data
source, the Adolescent Brain Cognitive Development (ABCD) Study, a longitudinal observational
cohort with a prespecified assessment protocol, including a consistent follow-up schedule and a
high retention rate (98.9%). This dataset allowed us to explore physical health trajectories
(pubertal hormones, anthropometrics) as we did in Aim 1, but also mental health trajectories, as
measured by 8 Child Behavior Checklist (CBCL) syndrome scales. We calculate cluster

associations with mental health outcomes to better characterize cluster differences.

In Chapter 5 (Aim 3: Assessing the ability of CRLI and VaDER to detect trajectories in
synthetic datasets under diverse data constraints), we design a framework using the
mockseries Python package that lets us rapidly generate unique MVTS datasets by sampling
from a range of values for various datasets characteristics (time series length, noise, missingness,
number of clusters, number of samples). We also incorporate the ability to modify time series
variable properties (trend, rate of change, seasonality) by designing 5 distinct variable styles
inspired by biomedical trends we observed in Aims 1 and 2 and the literature. We report VaDER
and CRLI performance on 4 external clustering validation indices (purity, RI, ARI, NMI) across 20

synthetic datasets.
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In Chapter 6, we summarize key findings, limitations, and future directions for each aim. We also
discuss limitations that apply to all aims, cover recent advances in the field that have been made

since completion of our work, and promising new areas that are under active investigation.

1.5. Contributions

In Aim 1, we explored CRLI’'s capacity to detect multivariate trajectories of chronic disease
treatment response in the electronic health record (EHR). Specifically, in a cohort of 336 NIH A/l
of Us participants taking GLP-1 medications for at least 2 years, who had measurements of
HbA1c, serum creatinine, BMI, DBP, and SBP at least once in the 6 months prior to starting the
medication and twice in the 2 years after starting the medication, we reported a 5-cluster result
and a 2-cluster result. Both clustering results mapped to clinically relevant ranges across multiple
variables, showing that CRLI was able to identify quantitatively and qualitatively distinct clusters.
In both clustering results, we saw HbA1c decrease for all clusters, as expected. Interestingly, BMI
was quite different between clusters, but relatively stable within each cluster. We generated mean
lineplots with 95% confidence intervals for each cluster, allowing us to visualize cluster separation
and lability. In the context of our overall question, we demonstrated that CRLI is useful for
temporal EHR subtyping, even when data is sparse and irregularly sampled, though cluster
validation can be complicated by conflicting indices in the absence of a qualitative interpretation

(like clinical cogency as determined by a domain expert).

In Aim 2, we explored CRLI’s capacity to detect multivariate trajectories of physical and mental
health changes during adolescence in a prospective observational cohort. In a cohort of 2,923
female participants from the ABCD Study, we identified 3 multivariate trajectories of physical
development across pubertal hormones (DHEA, testosterone, estradiol) and anthropometrics

(BMI calculated from height and weight). In a cohort of 310 participants who exhibited self-
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injurious behaviors (SIB) at the year 3 ABCD assessment, we identified multivariate trajectories
of psychopathology (8 CBCL syndrome scales) in the years leading up to the SIB. We conducted
association testing between cluster membership and outcomes at year 3 and year 4, revealing
several significant associations with KSADS symptoms and diagnoses. CRLI was able to identify
specific inflection points in adolescent development where a subgroup may have an important
shift in rate of change of one measure or more. In particular, in Experiment 2 (SIB cohort), we
saw more marked cluster differences in thematic areas like pleasure, worry, and depression,

whereby some clusters had a “protective” influence against certain outcomes.

In Aim 3, we explored VaDER and CRLI’s capacities to detect multivariate trajectories in several
simulated datasets under diverse data conditions. Using Python package mockseries, we
generated 20 MVTS datasets with varying lengths, missingness proportions, noise levels, cluster
numbers, and sample sizes and evaluated performance of VaDER and CRLI against ground truth
labels using four external validation metrics (purity, Normalized Mutual Information, Rand Index,
Adjusted Rand Index). Our novel synthetic dataset generation approach complements the real-
world data-based MVTS clustering method benchmarks that are generally (1) univariate, (2) non-
biomedical, and (3) low missingness. We found that CRLI was equal to or outperformed VaDER
on 19/20 datasets. However, ARI was by far the most conservative of the 4 validation indices and
only crossed 0.5 in 3/40 evaluations (20 datasets*2 methods). As ARI was not reported by Ma et
al. in their evaluation of CRLI, our results cast doubt on whether it is actually as performant as
marketed in the original paper. Therefore, in the context of our overall question, we demonstrated
that CRLI is more able to detect clusters than VaDER under diverse data constraints, but that (a)
VaDER is possibly more performant if given enough training data and (b) neither method performs

well when assessed by ARI.
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Cross-cutting contributions that emerged across the aims were as follows: (1) we observed
that internal clustering validation indices (Calinski-Harabasz, Silhouette, Davies-Bouldin, S_Dbw
validity) were rarely concordant, making the selection of optimal cluster number in Aims 1 and 2
complicated, (2) cohort selection criteria that required a minimum number of repeat
measurements across multiple longitudinal variables resulted in final cohorts that may not have
generalized well to the population and/or an external validation dataset, (3) method performance
in Aim 3 as measured by Adjusted Rand Index (external clustering validation index) was subpar
compared to other indices that have been reported in the literature, casting doubt on
trustworthiness of clusters identified in previous Aims, and (4) visual (qualitative) inspection and
interpretation of identified clusters is a necessary complement to quantitative clustering result
evaluation (by internal and/or external clustering validation index) for a holistic understanding of

trajectory differences between clusters.
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2. Background and prior studies

Applying clustering approaches to longitudinal biomedical datasets enables the discovery of
distinct patient subgroups that reflect heterogeneous temporal patterns (Figure 2). Though the
end products are referred to by various names in the literature (progression patterns, longitudinal
phenotypes, clinical trajectories, trajectory subgroups, and so on), the underlying goal is the
same: group individuals together that have similar trajectories of one or more repeated
measures.3435 This approach can generate insights in areas like disease progression, treatment
response dynamics, developmental trajectories, telemonitoring, and more. Specific clinical areas
in which trajectory clustering approaches have already been deployed include cardiometabolic

disease, neurodegenerative disease, adult-onset asthma, mental disorders, and hospital-related

emergencies.®

In this chapter, we discuss longitudinal biomedical data sources, the complexities arising from
their temporality, the deep learning approaches that have been devised to handle those
complexities, and the specific methods that we employed in this work to characterize the value of

deep MVTS clustering in biomedical research data exploration.

Patient phenotypes

Feature 1 Feature 2 Feature 3 eoe00

—— Phenotype 1
e
i chister s Cluster 1 »
e -ie s uster
é g Cluster 2 > / Cluster 2 Phenotype 2
5] Cluster 2 = o .
O Cluster 3 = Cluster 3 q
% w === Cluster 3 + 2 + g = 2228
=i e o Cluster 4 = Shastarii m Phenotype 3
Cluster 4 = =

0000

Figure 2. Integrative clustering of multiple longitudinal features®

2.1. Multivariate time series definition and analyses

A time series is a chronologically ordered sequence of V-variate data points recorded at specific

time intervals. When V =1, it is a univariate time series; otherwise, it is a multivariate time series
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(MVTS). Figure 3 shows an MVTS dataset with 6 timepoints (TO-T5), 3 variables (A, B, C), and N

samples stacked into a 3-dimensional array.’” When the intervals between observations are not

consistent or regularly spaced, the time series is considered to be irreqularly sampled, leading to

missingness (Figure 4). Time series imputation aims to fill in missing values with realistic values

to facilitate downstream analysis (Figure 5).38
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Figure 3. MVTS data as a 3D array (timestamps, variables, samples)®”
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Figure 5. Before and after imputation of irregularly sampled MVTS%°
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Other time series analysis tasks include indexing, classification, forecasting, clustering, anomaly
detection, regression, similarity search, segmentation, and more. Non-biomedical application
domains for these tasks include finance, human activity and speech recognition, traffic flow, loT
sensors, and cyber-physical systems. Middlehurst et al. provide a flowchart (Figure 6) for
selecting the appropriate task given the analytical goal. Our focus is on unsupervised time series

clustering as a means to identify multivariate temporal phenotypes in longitudinal biomedical

datasets; non-clustering tasks have been described elsewhere.?7:38:40.41
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I Search similar series are? the series values? into segments? | Segmentation
Transformations Want to transform Finding anomalous r Anomaly |
the series? values? yes I Detection |

Figure 6. Flowchart for selecting an appropriate time series analysis task*!

2.2. Longitudinal real-world data sources

Common sources of observational, or real-world, data (RWD) include electronic health records
(EHR), administrative data, claims data, patient registries, patient-generated health data, and

observational cohorts.#?#* Each source has unique benefits and drawbacks with regard to
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reflecting the temporal patient, or participant, experience (Table 2).2 Since EHR data is collected
during the course of routine interaction with the healthcare system, it is the most realistic
representation of a patient’s longitudinal medical status. EHRs can contain multiple data types,
such as demographics, prescription history, laboratory tests, diagnoses, imaging, and
unstructured clinical notes. However, the EHR was not designed as a research tool and therefore
has no study design or guaranteed measurement regularity between patients (Figure 7).46-4¢ On
the other hand, prospective longitudinal cohort studies are restricted by study participation, and
thus may be less representative of true population heterogeneity. But they benefit from having a
prespecified study protocol and structured, regular assessment timepoints that results in more
complete data availability overall. More specifics on longitudinal EHR and observational cohort

data can be found in Chapters 3 and 4, respectively.

Characteristics RWD-EHR Prospective longitudinal cohort study or registry

Definition Data from EHR relating to patient health status and/or the delivery Non-interventional clinical study, prospectively collecting data on a
of healthcare routinely collected from a variety of sources group of patients with a particular disease or symptom

Patient population Broad, encompassing medical system or population area Restricted by study participation

Data types High dimensional High no, limited by research design and variables for collection

decided a priori

Data collected as part of patient care from both patients and Structured data collection and questionnaires
physicians

Data presence Sparce, noisy Structured, same data collected on all participants
Missingness not at random Fairly complete

Scale Large, thousands to millions Modest, hundreds to thousands

Generalisability Strong local structure can restrict generalisability Easily replicable in similar designed cohorts
Incorporating real-life noise into the analyses improves applicability Generalisability restricted by patient selection and data not always
to real life settings directly implementable to real life settings.

Table 2. Characteristics of observational data sources*

@ Regulatory bodies differ slightly on what they consider to be RWD (UK NICE vs. US FDA)*245
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Figure 7. Inter-patient variability of longitudinal measurement regularity in the EHR#®

2.3. Longitudinal data challenges

Across longitudinal data sources, there arise several data complexities unique to the temporal
component that complicate time series analyses. These include missingness, risk of bias, and

high dimensionality.

2.3.1. Missingness

2.3.1.1. Sampling rate, density, and length

Though most time series analysis models assume sequences are evenly spaced and complete,

real-world data rarely adheres to that assumption. MVTS can suffer from intra- and inter-series
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sampling irregularity (Figure 8). Intra-series irregularity occurs when time interval length within the
same series is not uniform. This can be handled by selecting a fixed interval and treating
timepoints without data as missing (Figure 9). Inter-series irregularity occurs when the sampling
rate differs across variables. This can be handled by (1) increasing the granularity of the fixed
interval to accommodate the higher sampled variable (MBP in Figure 8), thereby making for a
sparser time series in the lower sampled variables (PH in Figure 8), or (2) reduce the length of
the higher sampled variable by using a method like Piecewise Aggregate Approximation (see

Section 3.4.3.1 for details). While longitudinal cluster analyses have historically been limited to

few repeat measurements per subject (e.g., less than 10), densely sampled temporal datasets
are becoming increasingly common.*® Intensive longitudinal data (ILD) refers to time series with
a high measurement frequency (20 or more repeated observations within a time interval) which

can capture trends at a more granular level.%05
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Figure 9. Conversion of irregularly sampled data to missingness®
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2.3.1.2. Reasons for and patterns of missingness

Missingness in biomedical longitudinal datasets can occur for a number of reasons, depending
on the type of data source and the overall study design. These include participant drop out, missed
visits, faulty diagnostic equipment, time constraints, lack of insurance coverage, changing
monitoring guidelines, and so on. Nagin et al. distinguished two forms of missing data in
longitudinal studies: intermittent missingness and nonrandom attrition (i.e., dropout). Accordingly,
Figure 10 shows unique assessment patterns for four hypothetical participants in a six-period
study.®* Lu et al. described four kinds of commonly seen longitudinal data structures based on
variations in (1) spacing between data points and (2) data balance across individuals (Figure 11).
Scenario 1 shows equal time spacing and balanced data, Scenario 2 shows equal time spacing
and unbalanced data, Scenario 3 shows unequal time spacing and balanced data, and Scenario
4 shows unequal time spacing and unbalanced data.>? Extending this to the multivariate context,
if we consider each Scenario to be a separate variable in a dataset, we can see the previously

discussed intra- and inter-series sampling irregularity across variables.

O — f Subject 4: intermittent missing data
and nonrandom attrition

< % % g Subject 3: nonrandom attrition
< + g  Subject 2: intermittent missing data
< & & & & ¢  Subject 1: no missing data
@ @ @ @ & ®
1 2 3 4 5 6
Assessment period

Figure 10. Intermittent missingness and nonrandom attrition®*
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Figure 11. Examples of commonly seen longitudinal data structures®

2.3.1.3. Statistical mechanisms of missingness

Reasons for data missingness may or may not be recorded (observed). Missing data can be
described by 1 of 3 mechanisms: Missing Completely At Random (MCAR), Missing At Random
(MAR), and Missing Not At Random (MNAR). When data is MCAR, the probability of it being
missing is independent of any observed or unobserved data. Thus, while removing participants
with MCAR data from analysis can reduce cohort size, it does not introduce bias. The probability
of data MAR is dependent on observed data that is unrelated to the missing value itself. Removal
of participants with this type of missingness introduces bias, but it can be dealt with in subsequent
analysis since the relation is to an observed characteristic. Lastly, data that is MNAR has a

missingness probability that is directly related to unobserved data. Therefore, MNAR data are
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very difficult to characterize or even detect.?6%* Mechanisms and patterns of data missingness

have been discussed in more depth elsewhere.?%-5" Examples of structured missingness patterns

in the context of health data are shown in Figure 12.
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Figure 12. Examples of structured missingness®

2.3.2. Risk of bias

Real-world data sources can suffer from a number of biases, including confounding, selection

bias, external validity bias, measurement (information) bias, and time-related bias, each of which

has several subcategories.4258

Confounding results from the choice of intervention and the outcome(s) having a common cause.

For example, a worse disease status could be associated with more aggressive treatment but

also poorer outcomes. In the MVTS context, confounding could manifest as sicker patients

coming into the clinic more often and therefore having more repeat measurements available for

analysis.
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Selection bias occurs when the people under study are not representative of the target population.
For multivariate trajectory analysis, including clustering, repeat measurements are required to
form a time series. There may be nontrivial differences in the cohort of patients that has a sufficient
number of repeat measurements compared to the unselected patients who do not. Selection bias
can be caused by loss to follow up, if a subset of participants chooses to withdraw from a
longitudinal observational cohort, for example. It can also be caused by excluding those
participants with missing data from analysis. Selection bias can introduce, or further exacerbate,

external validity bias, wherein the findings from a study are not as applicable as intended to (1)

the population from which the sample was drawn and/or (2) another target population.*?

Measurement (information) bias can result from missing or erroneous data collected on

interventions, exposures, outcomes, covariates, and other patient features or characteristics.
Such limitations may be a product of improper data collection processes, differing study protocols,
or changing care patterns. These issues could be more or less consequential depending on their
magnitude in a dataset, their randomness or systematicness, and their distribution across groups
of interest. If present, this kind of bias could impact the interpretation of differences between

identified clusters with regard to any variables that were improperly recorded.*?

Lastly, time-related biases, which can be considered a subset of the other bias categories, occur

when follow-up time and/or exposure status are insufficiently accounted for in the study design or
analysis. A manifestation of this kind of bias is when treatments are given at different disease
stages, inherently introducing disease duration- and progression-related biases, but comparisons

do not account for that difference.%8
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2.3.3. High dimensionality

Not all available variables in a dataset may be related to underlying heterogeneity. Inclusion of
uninformative variables can make it more difficult for a clustering method to function effectively.
Pre-selection of variables that have high data quality and are most likely to capture heterogeneity
between patients is beneficial.3* Approaches to performing this selection are discussed in Section
4.4.2. It is also important to avoid over-representation of variables that measure the same
construct, as this can lead to distances between clusters being influenced more heavily by one
construct than another. However, some clustering approaches, like deep learning-based ones,

are less susceptible to these issues.36:5°

2.4. Deep representation learning for time series clustering

Time series clustering aims to partition a set of time series into a group of clusters by maximizing
(1) the similarities between time series within the same cluster and (2) the dissimilarities between
time series of different clusters (Figure 13).2¥ Numerous methods have been devised to
accomplish this task, and various taxonomies have been proposed to categorize them. Figure 14
shows one such taxonomy, devised by Paparrizos et al. Table 3 describes major clustering
challenges and how different models may be suitable for overcoming them. These methods have
been comprehensively described elsewhere.35%360-66 Qur work is solely concerned with deep
representation learning-based methods (Figure 15). As data becomes increasingly complex,
shallow (traditional) clustering methods struggle to handle high dimensionality. Deep
representations can capture non-linear, additive, and multiplicative effects in lower dimensions,

making them a natural extension to be used in clustering algorithms.59.67
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clustering clustering clustering
High dimensional, Problematic Problematic Problematic Problematic Requires variable selection and dimensionality reduction or
noise, and sparse subspace clustering methods
data
Skewed distribution Problematic Problematic Robust for models Robust when Data normalization is generally needed.
allowing density distributions are
variation correctly estimated
Qutliers Problematic Problematic Robust Can be problematic Fuzzy clustering is more robust to outliers. Qutlier/anomaly
detection models can be used prior to clustering.
Overlapping Problematic Problematic Problematic Robust Fuzzy clustering can be used when there are overlapping
boundaries cluster boundaries.
Arbitrary cluster Problematic Likely to be Robust Problematic There are many extension models available such as kernel-
shapes problematic based clustering and non-linear feature extraction models.
Rare events Likely to be Likely to be Likely to be Likely to be Consider anomaly detection algorithms when aiming to
problematic problematic problematic problematic identify very small clusters.
Mixed data Potentially Potentially Potentially Potentially problematic =~ Distance measures for mixed data can be used, however can be
problematic problematic problematic sensitive to outliers and not capturing important features.
Dimensionality reduction is needed prior to clustering.
Missing data Problematic Problematic Problematic Likely to be Multiple imputation models or clustering algorithms that
problematic specifically model data missingness are needed for data MAR.

Table 3. Challenges in clustering tasks and robustness for different models®°

2.4.1. Deep representation learning

Deep neural networks (DNNs) can learn complex representations of data, making them suitable
for capturing the intricacies of multivariate time series (high dimensionality, sparsity, non-linearity).
36,59.69 The goal of deep representation-based clustering methods for MVTS data is to (a) learn a

lower-dimensional representation of the input MVTS that retains the information necessary to
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compare it to others and (b) perform clustering on this new representation of the original data
(Figure 16). Advances in deep learning have enabled these unsupervised learning approaches to
achieve high performance.?” In this section, we lay out common representation learning
architectures, including deep neural network (DNN) layer types and loss functions, imputation

strategies, and specific methods adapted for time series data.
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Figure 16. General framework of DNN-based deep clustering methods™

2.4.1.1. Encoder architectures

Deep neural networks (DNNs) are typically composed of an input layer, one or more hidden
layers, and an output layer (Figure 17).7° Each layer is a non-linear function that can be one of
the following: Fully Connected Neural Network (FCNN), Convolutional Neural Network (CNN),
Recurrent Neural Network (RNN), Attention-based Neural Network (Transformer), Graph Neural
Network (GNN).?” We focus our discussion on FCNN and RNN, as they are the most commonly

used in our methods of interest.
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FCNN, also known as Multilayer Perceptron (MLP), is the simplest DNN layer architecture. As the
name implies, every neuron from one layer is connected to every neuron from the previous layer.
FCNN have been applied widely across domains but struggle with capturing specific interrelations
within a specific dimension, like space or time. RNNs are most commonly used for sequential
data analysis due to their internal memory mechanism which allows them to take into account the
temporal dimension of the input.?’?8 Figure 17 shows the difference between FCNN and RNN.
The RNN’s characteristic recursive behavior, denoted by the circular arrow, is “unrolled” in
Figure 18. However, the standard RNN struggles with long-term dependencies (remembering
information for long periods of time). The Long Short Term Memory (LSTM) variant of the standard
RNN was proposed to achieve better long-term recall. LSTM was further iterated on to produce
other variants, including peephole LSTM and Gated Recurrent Unit (GRU).”" These types of
recurrent cells are shown in Figure 19. Notably, no single variant consistently outperforms the

others.”1.72
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2.4.1.2. Pretext losses

To enable a DNN to learn a lower-dimensional, yet faithful, representation of the input MVTS, a
number of pretext losses have been proposed. This is one of the objective functions that the DNN

is optimized on. The most common is the reconstruction loss associated with the autoencoder

(AE) architecture (Figure 20). The autoencoder learns meaningful features in the latent
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representation by minimizing the error between the original input and the reconstructed output.?”
The variational autoencoder (VAE) is a widely-used AE variant that improves the capability of
generalizing to new data (Figure 21). The VAE encoder maps inputs to a probability distribution
in the latent space (as opposed to individual points, like the AE encoder does). The total VAE loss
function, known as evidence lower bound (ELBO), is achieved by adding a Kullback-Leibler (KL)
divergence constraint to the reconstruction loss.”® Other pretext losses include triplet loss,
InfoNCE loss, and cross-entropy loss.?® Figure 22 shows an example of an autoencoder

architecture that uses RNN layers to process multivariate time series for anomaly detection.

Latent Representation

+
Input Data —> Encoder — — Decoder — Output Data
//_, -xi_h\\“\—\_
1
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Figure 20. General framework of AE-based deep clustering methods™
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Figure 21. General framework of VAE-based deep clustering methods.”’
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2.4.1.3. Clustering losses

A pretext loss alone may not be sufficient to obtain a latent space that is suitable for clustering.

To encourage learning of a more separable latent space, a number of clustering losses have been

proposed as a complementary objective to be optimized alongside the pretext loss.?® Commonly

used clustering losses include DEC, IDEC, DEPICT, SDCN, VaDE, DTCR, and ClusterGAN

(Table 4).27:28

Authors Year |Full name Abbr. Based on

Xie, Girshick, Farhadi 2016 |Deep Embedded Clustering DEC™

Guo, Gao, Liu, Yin 2017 [Improved Deep Embedded Clustering |IDEC® DEC

Jiang, Zheng, Tan, Tang, Zhou |2017 [Variational Deep Embedding VaDE"®

Dizaji, Herandi, Deng, Cai, 2017 |DEeP Embedded Regularlzed DEPICT"” DEC

Huang ClusTering

Mukherjee, Asnani, Lin, Kannan [2019 |Cluster Generative Adversarial ClusterGAN’®
Network

Ma, Zheng, Li, Cottrell 2019 |Deep Temporal Clustering DTCR"® IDEC
Representation

Bo, Wang, Shi, Zhu, Lu, Cui 2020 |Structural Deep Clustering Network |SDCN?&° IDEC

Table 4. Widely used clustering losses?”

DEC is one of the most referred to and has been adapted and refined by many. It introduces an

auxiliary target distribution against which a soft clustering assignment distribution is assessed
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using Kullback-Leibler (KL) divergence (Figure 23). VaDE combines VAE and a Gaussian Mixture
Model to learn as many distributions as expected clusters.>? Samples are generated for each
distribution and the network is trained to reconstruct them and fit the generated distribution with
the original (Figure 24). DTCR incorporates an additional classification task to train the encoder

to discriminate between real and fake input. It also introduces a k-Means clustering loss

(Figure 25).27:28
Jp— o] & ! (O —
i 8 o & |0 8@
5 O 1O 2
21O O [:l 1O Olg
i O O i O O] S
\ encoder Q ! Q decoder
Yo

O O F Q

O O N L = KL(P||Q)

O O B

— DEC @)

Figure 23. DEC structure™

b In Section 2.4.3.1, we discuss Variational Deep Embedding with Recurrence (VaDER), which extends
VaDE to the time series setting. VaDER is one of the methods studied deeply in Aim 3.
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Figure 25. DTCR architecture™

2.4.1.4. Summary of methods

Deep time series clustering methods have been catalogued and benchmarked by several

others.?-2° Figure 26 shows a taxonomy of time series clustering methods, include deep learning-
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based ones, published by Paparrizos et al. in 2025. As discussed in Section 5.3.1, benchmarks

to date have focused on univariate and/or non-missing MVTS datasets.

-
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Figure 26. Taxonomy of time series clustering methods?

2.4.2. MVTS imputation

The methods discussed thus far cannot natively handle incomplete time series, so imputation is

typically performed prior to clustering. The simplest approach is to replace missing values with

zero, mean, or median values.3® More sophisticated deep learning-based imputation methods

have been discussed in depth elsewhere.5256:81-83 Figure 27 shows a taxonomy of such methods

with one representative model per category.
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Figure 27. Taxonomy of deep learning-based MV TS imputation methods®’

2.4.3. One-stage MVTS clustering methods

Missing value handling in time series clustering is divided into two categories: two-stage
approaches and one-stage (end-to-end) approaches. Two-stage methods impute first, cluster
second. However, this can lead to suboptimal results because the missingness patterns
themselves are not learned from by the model.? To rectify this, one-stage methods jointly optimize
imputation and clustering.333¢ Methods that integrate MVTS deep representation learning,

clustering, and imputation into one end-to-end framework include VaDER and CRLI (Figure 28).
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Figure 28. One-stage deep representation learning for MVTS clustering: VaDER and CRL[?7:33:5469.81

2.4.3.1. Variational Deep Embedding with Recurrence (VaDER)

VaDER is an autoencoder-based one-stage MVTS clustering method published in 2019 by de
Jong et al.? It uses the VaDE (Figure 24) latent loss to simultaneously learn latent representations
and cluster assignments of its input samples. It also incorporates peephole LSTM (Figure 19)
networks into the autoencoder architecture to model the auto- and cross-correlations in the MVTS
data (Figure 29). VaDER includes an implicit imputation scheme which is performed within model
training. This is achieved by defining a weighted reconstruction loss wherein imputed values are
weighted to 0, non-imputed values to 1. Missing values are initially imputed with arbitrary values
then treated as trainable parameters which are iteratively updated by stochastic gradient descent.
VaDER benchmarking experiments are described in Section 5.3.2. To date, VaDER has been
used to identity progression profiles of demented Alzheimer’s disease patients and Parkinson’s

disease patients.30:31
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Figure 29. VaDER architecture®

2.4.3.2. Clustering Representation Learning on Incomplete time-series data (CRLI)

CRLI, published in 2021 by Ma et al., is composed of two parallel branches which share a
bidirectional RNN acting as a generator for the upper branch and encoder for the lower branch
(Figure 30). In the upper branch, an adversarial strategy is employed to reduce error propagation
from imputation to clustering. The lower branch integrates a soft K-means objective (as in
Figure 25) to produce cluster-amenable representations. This joint training strategy makes the
imputed values more acceptable for clustering. As annotated in blue text in Figure 30, the
generator/encoder is a bidirectional multi-layer RNN, the decoder is a single-layer RNN, and the
discriminator is a 5-layer RNN. CRLI uses Gated Recurrent Units (GRU) in the RNN, as opposed
to LSTM (Figure 19).33 To date, CRLI has been used to identity distinct groups of clinical

trajectories of septic patients with acute respiratory failure in the ICU.32
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2.4.3.3. Comparative analysis

As discussed in Section 5.3.2, Ma et al. compared CRLI performance to VaDER’s on 8 real-world
datasets (Table 19). They also tested several two-stage methods, first imputing by using one of
three imputation methods (ZERO, GAIN, BRITS), then applying one of five clustering methods (k-
Shape, DEC, IDEC, DTC, DTCR).c These imputation and clustering methods are referenced in
Figure 27 and Table 4, respectively. Though CRLI outperformed VaDER and the two-stage
methods on most datasets (6/8) and metrics tested, VaDER was competitive on the two datasets
which were multivariate and sparse. Ma et al. did acknowledge this but attributed the performance
to the relatively larger training sizes of those two datasets compared to the others, stating that
VaDER requires more data owing to its generative clustering framework. They also critiqued
VaDER for not having constraints on missing values on the encoder side, likely leading to errors

being introduced into the clustering process.3?

¢ ZERO = zero imputation; GAIN = Generative Adversarial Imputation Nets; BRITS = Bidirectional Recurrent
Imputation for Time Series; DEC = Deep Embedded Clustering; IDEC = Improved Deep Embedded
Clustering; DTC = Deep Temporal Clustering; DTCR = Deep Temporal Clustering Representation
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2.4.4. Clustering evaluation

For any cluster analysis, MVTS or otherwise, careful evaluation of the clustering result is
paramount before drawing conclusions. Generally, this is made difficult by the lack of ground truth
labels in an unsupervised clustering scenario. Approaches to evaluation include (1) internal
clustering validation indices (CVI), when ground truth is not available, (2) external CVI, when
ground truth is available, (3) manual evaluation by a human domain expert, and/or (4) indirect

evaluation of the utility of the clustering result in its application area.3¢

2.4.4.1. Internal clustering validation indices

Internal CVI quantify the the goodness of a clustering structure without referring to external
information (like ground truth labels). They can be used to choose (1) between clustering
algorithms and (2) the optimal cluster number for a given dataset. Internal CVI are often based
on two criteria: compactness and separation. The former measures how closely related objects
in the same cluster are to one another. The latter measures how distinct a cluster is from the
others. 11 widely used internal CVI are shown in Table 5.8 Multiple studies have shown that no
single index dominates in every situation.®58 Therefore, we chose 4 indices (highlighted in

Table 5) that are well represented in the time series literature.8.87

Measure Notation Definition Optimal value
T
1 Root-mean-square std dev. ~ RMSSTD {3, Zzec‘,- | z—c: |I?/[P3;(n:i — 1)]}2 Elbow
2 R-squared RS (Eeepllz—cl? =%, Yoee, lz—e 1)/ Eeep lz—cl? Elbow
3 Modified Hubert T statistic T’ mfﬁ Peen Lyep Uz y)deec; yec; (6, c5) Elbow
P— . 5y nyd?(ci,0)/(NC—1)
4 Calinski-Harabasz index CH TiToco Blme) (o NT) Max
. d(x,c)
5 I index I (&= #ﬂ“i)‘ max; ; d(c;, c;))? Max

ming e, YECS d(xz,y)

6 Dunn’s indices D mini{minj(m‘i*k{ma*x,yeck FIERN): Max
7  Silhouette index S ke Ez{n% Yeec, %} Max
a(2) = 57 ey A 1), b(@) = ming (L 3, o dl, )]
Davies-Bouldin index DB e 2 ma,x,,,;ﬁ,-{[n% Paec, d(x, c;) + % ZmECj d(x, ¢;)]/d(es,c5)} Min
9  Xie-Beni index XB (X Coee, d*(z, ¢;)]/[n ming j2id> (ci, ¢5)] Min
10 SD validity index SD Dis(NCyaz)Scat(NC) + Dis(NC) Min
Scat(NC) = g ¥, | #(Ci) ||/ | o(D) ||, Dis(NC) = Tzt gl 57 (57, d(es )
11 S_Dbw validity index S_Dbw  Scat(NC)+ Dens_bw(NC) ' Min

Xazec;yc, flzuig)
Dens_bw(NC) = —Nc(l\l’c'—_l) 2205 e Sae g, f’(x,c,’),gzecj f(z,cj)}]

D: data set; n: number of objects in D; c: center of D; P: attributes number of D; N C': number of clusters; C;: the i—th cluster; n;: number of objects in Cj;

1
i: center of Ci; 0(C;): variance vector of Cyi; d(z, y): distance between x and y; || X; ||= (X - X:)2

o

Table 5. Internal Clustering Validation Measures®*
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2.4.4.2. External clustering validation indices

External CVI compare clustering results with a known underlying class labeling. They are used in

evaluation frameworks to compare method performance and estimate stability of cluster

assignments over resampled data. External CVI are typically classified into three categories

according to their similarity assessment technique: pair-counting, information theoretic, and set-

matching.8 Several analyses have cemented Adjusted Rand Index (ARI) as the standard for

external evaluation due to its independence from the number of clusters and adjustment for

chance.?8-%0 |In Aim 3, we compute ARI alongside three other commonly reported metrics (purity,

RI, NMI), equations for which are taken from Paparrizos et al. and shown in Table 6.28548° Qther

metrics not discussed here include F-measure, Entropy, Adjusted Mutual Information (AMI),

Fowlkes Mallows index, Homogeneity, Completeness, and Cluster Accuracy.?”:8°

Measure

Notation

Definition

Range

Purity

Purity

1
Nij&;ﬂCiHle

where N represents the total number of time-series data points, Ci
represents the cluster j, and T, represents for the ground truth class
label j

[0,1]

Rand Index

RI

Given two clusterings generated on the same data X, the predicted
clustering C and the ground truth T, Rl is computed as follows:

TP+TN
TP+TN+FP+FN

where True Positives (TP) represents the frequency with which data
points in a point-pair are grouped within the same cluster in both C and
T, True Negatives (TN) represents the frequency with which data points
in a point-pair are assigned to different clusters in both C and T, False
Positives (FP) represents the count of occurrences where data points in
a point-pair are clustered to the same cluster in C while T separated
them into different clusters, and False Negatives (FN) represents the
count of occurrences where data points in a point-pair are separated into
the different clusters in C while T grouped them into the same cluster

[0,1]

Adjusted
Rand Index

ARI

RI — Expected RI

Maximum RI — Expected RI

['1!1]
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Normalized
Mutual
Information

NMI

Given two clusterings M and N on the same set of data points X, where
M and N can have different numbers of clusters, NMI is computed as
follows:

I(M;N)

JH(M) -H(N)

I(M;N) = H(N) - H(N|M),

H(M) =~ " P(m)log, P(m),

NMI(M,N) =

meM
H(N) =~ ) P(n)log, P(n)
neN
P(m,n)
H(N|M) = - P(m,n)log, ———
mEh%EN : P(m)

where P(m, n) represents the joint probability of the value of M is m and
the value of N is n while P(m) and P(n) represents the probability of M
taking on the value m and the probability of N taking on the value n
respectively

[0,1]

Table 6. Selected external clustering validation indices and their equations?”

2.4.4.3. Visualization

Visualization can serve as a valuable qualitative tool for explaining and evaluating results. The

latent space can be viewed to better understand aspects of cluster structure, like compactness

and separation. Applying dimensionality reduction methods like t-SNE or UMAP, as others have

done, can generate a 2D plot where clusters are more easily decipherable than in the multivariate

longitudinal space. Such plots can serve as a complement to quantitative metrics to instill

confidence that a sensible separation has been found by the model. 3233°7 A mock 2D

visualization of clustered MVTS is shown in Figure 31.
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Figure 31. 2D representation of clustered MVTS data®”

2.5. Prior work and papers related to specific Aims

Thus far, we have covered topics that are relevant to all Aims. Aims 1 and 2 are each structured
around a specific longitudinal biomedical data source (retrospective EHR, prospective
observational cohort) and trajectory subphenotyping task for CRLI to tackle (GLP-1 RA response,
adolescent development). Aim 3 is concerned with the design of a synthetic MVTS dataset
generation framework and evaluation of VaDER and CRLI using such generated datasets.
Discussion of prior work and papers related to topics specific to each Aim can be found in their

respective chapters. Section 3.2 and Section 3.3 discuss responder endpoints in clinical trials,

the NIH All of Us dataset, treatment response modeling , GLP-1 RA effects, and trajectories of
diabetes progression and GLP-1 RA trends derived from the longitudinal EHR. Section 4.2 and
Section 4.3 discuss the multifaceted nature of adolescent development, the Adolescent Brain

Cognitive Development (ABCD) Study, and self-injurious behavior and pubertal timing during
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adolescence. Section 5.2 and Section 5.3 discuss considerations for machine learning benchmark

datasets, properties of longitudinal biomedical datasets, VaDER and CRLI benchmarking

performed to date, and approaches to synthetic time series generation.

2.6. Gaps in current knowledge and unanswered questions

Given our interest in identifying trajectory subtypes in diverse longitudinal biomedical datasets,
which are generally sparse, high-dimensional, and temporally complex, we isolated VaDER and
CRLI as being the most suitable methods available. We observed that CRLI had yet to be
deployed in a novel biomedical context (outside of the 2 medical benchmark datasets it was
evaluated on, which had ground truth labels), especially one characterized simultaneously by (i)
short time series length (<15 timepoints), (ii) small cohort size (<700), and (iii) multiple variables
(Table 19). We also observed that, while CRLI was more performant than VaDER on first glance,
it had not been comprehensively evaluated against VaDER on a synthetic benchmark with a wide
variety of time series and dataset characteristics. We devised our Aims to address these
methodological gaps, and satisfy our own biomedical interests. Our overarching research

question was thus: How and when are one-stage MVTS clustering methods (VaDER, CRLI) useful

in biomedical research data exploration?

To that end, in Aim 1 (Assessing the ability of CRLI to detect meaningful trajectories in a sparse,
irreqular, biased real-world dataset, Chapter 3) we assessed the ability of CRLI to detect
meaningful trajectories of GLP-1 RA response from short, sparse, irregularly sampled time series
from the All of Us EHR. In Aim 2 (Assessing the ability of CRLI to detect meaningful trajectories
in a high-dimensional, multimodal, prospective dataset, Chapter 4), we assessed the ability of
CRLI to detect meaningful trajectories of adolescent development from short, multidomain,
prospectively specified time series from the ABCD Study. And lastly, in Aim 3 (Assessing the

ability of CRLI and VaDER to detect trajectories in synthetic datasets under diverse data
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constraints, Chapter 5), we assessed head-to-head VaDER and CRLI performance on 20
synthetic MVTS datasets of our own creation. In the process, we formalized a framework that
allows for rapid generation of novel time series models for 7 distinct variable styles, which can be

combined to make novel datasets.

In the following chapter (Chapter 3: Assessing the ability of CRLI to detect meaningful trajectories
in a sparse, irregular, biased real-world dataset), we begin our exploration by deploying CRLI in
the temporal EHR to understand longitudinal patterns of GLP-1 RA treatment response across 5

routinely collected clinical measures.
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3. Aim 1: Assessing the ability of CRLI to detect meaningful trajectories in a sparse,
irregular, biased real-world dataset (NIH All of Us EHR)

3.1. Introduction

We began our experimental work with an assessment of CRLI in the context of longitudinal
electronic health records (EHRs). This data source is unique in that it most faithfully captures a
patient’s experience of clinical care. The fullness of the medical history contained in the EHR,
which can span heterogeneous types of data (labs, physical measurements, patient-reported
outcomes, free text, images), provides a comprehensive impression of each patient. Though not
originally intended for, or structured around, downstream research use, EHRs have been
increasingly used to complement other biomedical data sources for hypothesis generation,
pharmacovigilance, target trial emulation, treatment effects assessment, and more.%-% Along
with claims and billing activities, disease registries, and patient-generated data, EHRs fall under
the larger umbrella of real-world data (RWD), which is data collected during the routine delivery

of health care.%

Temporal EHR data can be mined to perform longitudinal analyses that go beyond the individual-
level to enable population-level knowledge discovery. However, this temporality comes with
specific difficulties, like irregular time series length and variable measurement missingness within
and across features and patients, which traditional machine learning approaches may be
unequipped for.*6 In response, advanced deep learning techniques, and self-supervised
representation learning techniques in particular, have emerged as a powerful and performant
analytical solution.?”% Of these, the major contribution that one-stage, or end-to-end, methods,

like CRLI and VaDER, make to the area of deep MVTS clustering is that they jointly optimize

imputation _and clustering. Imputation is the process of replacing missing data points with

substituted values, and clustering is the process of grouping points in a dataset, or patients in a
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cohort, based on degrees of similarity.>* One-stage methods accept incomplete, or “partially
observed”, time series as inputs without requiring pre-imputation, in contrast to two-stage
methods, which involve first imputing the incomplete time series dataset and then applying a
clustering technique to the resultant complete dataset.339°1%0 End-to-end MVTS clustering
strategies that minimize error propagation from the imputation stage are valuable in the EHR
context because missingness and measurement interval irregularity are very common due to data

being collected without a pre-specified protocol or research question in mind.33.54.100

While CRLI represents the latest advance in crisp IMVTS deep clustering, it has thus far only
been applied in the context of acute respiratory failure in the ICU. Importantly, this study by Wu
et al. did not utilize the imputation ability of CRLI and relied instead on traditional methods like
forward, backward, and median filling. Furthermore, they did not address our biomedical area of
interest, chronic disease treatment response.3? Thus, to address this biomedical interest and do
so in a way that would maximize the multivariate ability of CRLI, we chose to explore response
trajectories of GLP-1 RA medications, a prime example of a drug class with diverse, multiorgan
effects that are captured in the EHR during routine clinic appointments. While GLP-1 RA
medication use in All of Us and other RWD sources has been explored, there has yet to be an

investigation of longitudinal treatment response subgroups that utilizes IMVTS deep clustering.
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3.2. Background and significance

3.2.1. Chronic disease responder endpoints in clinical trials

Chronic disease progression and treatment response can seldom be described comprehensively
by a single outcome measure or biomarker. For example, measures of disease activity in
rheumatoid arthritis include visual analogue scale pain assessment, swollen joint count, C-
reactive protein level, and patient global evaluation.'' Similarly, T2D therapy goals can include
achieving control on various glycemic and metabolic targets (HbA1c, weight gain, SBP, LDL-
cholesterol).'9? As such, composite responder endpoints are utilized in clinical trials in order to
dichotomize patients into responders and non-responders based on multiple measures, such as
in clinical areas like oncology, rheumatology, endocrinology, and others.'%>-1% However, creating
binary and/or composite outcomes at a single predetermined point in time muddies the
importance of individual measures and discards the longitudinal trends intrinsic to treatment
response.'%® Improvement in one individual measure but deterioration in another would not be
apparent from an aggregate measure alone. Patients with chronic diseases exhibit significant
between-patient and within-patient variability over the course of disease progression and
treatment response. A composite measure representative of multiple dimensions of disease
activity or outcomes may suggest that individual components are changing in parallel, though that
would be a problematic assumption. At worst, treatment guidelines based on composite score
benchmarks could lead to mistreatment or overtreatment. This is because benchmarks (1) can
have different meanings in different patients and (2) do not illuminate which dimension of disease
should be prioritized for treatment. A single multidimensional measure may be appropriate for
clinical trial design due to improvement of signal-to-noise ratio and elimination of outlier effects.
But for the same reasons, its utility does not translate to monitoring individual patients in routine

clinical care who may experience a non-typical disease course.01.106
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3.2.2. Real-world data: NIH A/l of Us

Real-world data, and EHRs in particular, capture this routine clinical care in structured (diagnoses,
prescriptions, lab tests) and unstructured (clinical notes, imaging) formats.#” While not a
replacement for clinical trials, these datasets can be utilized to assess the comparative
effectiveness of medications in practice and survey more heterogeneous populations of patients
than trial eligibility guidelines may allow for.'°” In particular, previous studies have shown that
patients enrolled in randomized controlled trials may not be representative of chronic disease
patient populations. Therefore, investigation of these real-world datasets may identify formerly
unknown patient subpopulations in need of novel therapeutic interventions.® Internal validity of
trial results can benefit from stringent exclusion criteria that results in rejection of patients with
complex disease. However, this may limit external validity of those trials, and those excluded

patients may ultimately be subject to prescribing practices that are informed by those trials.'%®

One such dataset is the All of Us Research Program, an open-source, NIH-funded longitudinal
cohort study which aims to collect comprehensive health data of at least one million participants
from across the United States. Started in 2016, All of Us includes several biomedical data types,
including EHR, genomics, physical measurements, wearables, and surveys.'%%110 Assessing
treatment response in the context of All of Us real-world data, as opposed to carefully designed
and curated randomized controlled trials, is more representative of the multifaceted and
heterogeneous nature of routine clinical care. Approaches that analyze multiple disease-relevant
routinely collected clinical biomarkers individually and simultaneously, while considering the entire
longitudinal trajectory after initiation of treatment, present the opportunity to contribute to

personalized medicine approaches in the present era of massive, multimodal real-world datasets.
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3.2.3. Uncovering longitudinal treatment response subgroups

Analysis of longitudinal biomarker data across multiple facets of health can yield a richer depiction
of a participant’s changing disease status and response to treatment. Time series data available
through the EHR can capture trends over time. For example, participants may be “fast” or “slow”
responders to treatment, may improve across many dimensions or just a few, and may experience
temporary or lasting change. Beyond biomarkers, other measures, like vital signs and physical
measurements, can also be tracked over time to contribute to this bigger picture of participant

health.

Analysis of longitudinal clinical measures, particularly in a retrospective context, is complicated
by variable time frames, inconsistent time intervals, and overall missingness.*” CRLI, and other
recently developed deep learning-based time series clustering methods, tackle these issues by
simultaneously performing missing value imputation and clustering across variables.33% We
propose that these tools can be used to identify participant subgroups which would not be
represented in dichotomized response outcomes, as is typical of clinical trials. Further, this
approach reflects the reality of typical clinical care, where gold standard disease severity indices
may not be regularly assessed as they are in prospective trials. An analysis built on commonly

used labs and measurements is ripe for translation to the clinical setting.

3.2.4. Varied effects of GLP-1

Glucagon-like peptide-1 receptor agonists (GLP-1 RAs) are increasingly commonly prescribed
antidiabetic medications. GLP-1 RAs have been shown to lower blood glucose, reduce weight,
ameliorate hypertension, and preserve renal function. This multiplicity of targets is reflected in
composite endpoints used in GLP-1 RA trials."" Importantly, these specific effects are captured
in the EHR by the routinely collected measures like HbA1c, BMI, systolic and diastolic blood

pressure (SBP, DBP), and Glomerular Filtration Rate (GFR). These measures encompass both
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(1) outcomes the GLP-1 medications were designed to achieve and (2) tests that are ordered with

some regularity for T2D patients.

By applying multivariate trajectory clustering methods to EHR-derived clinical time series from All
of Us, we sought to identify GLP-1 RA treatment response subgroups and characterize these
subgroups based on their longitudinal patterns and associations with baseline characteristics and
outcomes of interest. We hypothesized that patient subgroups would exhibit variable (optimal vs.
suboptimal) multivariate GLP-1 RA response trajectories and that these trajectories would be
associated with risk factors that could guide diagnostic practices in the future. This work provides
GLP-1 RA-specific insights and lays a foundation to be extended to other chronic diseases, data

modalities, and longitudinal, real-world biomedical datasets.
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3.3. Related work

Our methodological approach borrowed principles from (1) statistical modeling of multivariate
treatment response in clinical trials, (2) deep clustering of diabetes progression trajectories from
the longitudinal EHR, and (3) evidence generation of GLP-1 efficacy from real-world data sources.

A selection of related works representative of these areas is laid out here.

3.3.1. Modeling treatment response

Modeling multivariate treatment response is a relatively novel concept; until recently, univariate
analyses were more common. Previous univariate works have applied mixture modeling to
observational data to identify longitudinal subgroups of response in conditions including major
depressive disorder (MDD), psoriasis, and obsessive-compulsive disorder (OCD)."'2-114 Recently,
Parodis et al. applied growth mixture modeling to multivariate disease activity indices and patient-
reported outcomes from clinical trial data to identify 4 latent classes of systemic lupus

erythematosus (SLE) evolution following the initiation of belimumab therapy.''s

Real-world data, and EHRs in particular, capture routine clinical care in heterogeneous
populations that observational cohort and clinical trial data, by design, may be unable to.47:96.107,108
However, longitudinal EHR are often characterized by inherent data issues like missingness,
irregular spacing of measurements, and variable time series lengths.8”.%” Fortunately, novel
methods, including those based on deep learning, have been formulated to accommodate these

issues.

3.3.2. Insights derived from longitudinal EHR data

Deep learning has been increasingly applied to EHR data for clinical informatics tasks like
information extraction, outcome prediction, phenotyping, and deidentification.®® In particular,

representation learning is a form of deep learning that is popular for EHR analysis because it can

63



identify latent patterns and structures within unlabeled data. Learned representations can be used
for downstream analyses like patient similarity analysis, cohort subphenotyping, predictive model-
building, and data visualization.®” One such application is deep clustering of multivariate time

series.28:69

3.3.2.1. Trajectories of diabetes progression

Type 2 Diabetes is a suitable biomedical target for longitudinal subtyping approaches in the EHR,
including multivariate time series clustering, because it (1) is a chronic disease with increasing
prevalence, (2) is associated with long-term, multiorgan complications like nephropathy and
retinopathy, and (3) has multiple goals of therapy, including HbA1c reduction and less or no weight
gain.'92116 To date, a number of groups have used deep clustering methods to characterize

diabetes progression trajectories.

Carr et al. developed a recurrent neural network autoencoder to cluster EHR data using
reconstruction, outcome, and clustering losses and proposed flexible balancing of those losses.
They proposed that combining the standard reconstruction loss with a time-to-event (outcome)
loss could discover clusters of patients with both different trajectories and outcomes. The final list
of features they clustered on included 286 primary diagnosis codes, 351 secondary diagnosis
codes, 175 procedure codes, 122 medication types, and 55 laboratory values. They trained three
versions of their model on a cohort of 29,299 diabetes patients: (1) without outcome loss, (2)
without reconstruction loss, and (3) with combined reconstruction and outcome loss (see Section
2.4.1 for a discussion on types of losses used to learn model parameters in deep clustering).
Their outcome of interest was time to first cardiac event. They trained the models multiple times
to find clusters from k = 2 to k = 7 and demonstrated that the cluster Kaplan-Meier (KM) time-to-

event curves change significantly depending on which loss functions are used. However, beyond
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plotting KM curves for k = 3 and k = 5, they did not provide clinical characterization of the clusters."

Similar outcome-guided time series clustering methods are discussed in Section 6.4.2.2.

Manzini et al. utilized a kernelized autoencoder framework to identify seven trajectories of type 2
diabetes progression using eleven routinely collected EHR measures, including glycated
hemoglobin (HbA1c), body mass index (BMI), diastolic and systolic blood pressure (DBP and
SBP), lipid profile, and renal function, across a five-year timespan. They then described clinical
characteristics (common comorbidities, antidiabetic treatments) in each cluster to identify
differential features that typified each clusters’ phenotype. Based on this differentiability, each
cluster was given a representative name: Neuropathic, Hypercholesteraemic, Multiple
Complications, Vascular Disease, Hypertensive, Retinopathy, and Metabolic. For example, while
the Metabolic and Multiple Complications Clusters had characteristics in common (age at
diagnosis, diabetes duration, high HbA1c levels), the Metabolic Cluster had more intensive
pharmacological treatment and a lower rate of patients developing comorbidities. The authors
propose that longitudinal clinical phenotypic evolution profiles like these can inform personalized

treatments for T2D patients.?

To our knowledge, one-stage deep MVTS clustering methods have yet to be employed with

respect to antidiabetic treatment response using data from real-world sources. This work is

especially relevant in the context of the availability of diverse treatment options with varied
mechanisms of action which can potentially optimize different treatment outcomes for patients.
We constrain our focus to GLP-1 receptor agonists, a relatively new class of antihyperglycemic
drugs, which are being increasingly utilized due to their additional positive effects on

cardiovascular, renal, and metabolic health.3
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3.3.2.2. GLP-1 analyses

A number of groups have analyzed longitudinal EHR data to characterize GLP-1 RA (1)
effectiveness and risks, (2) utilization, discontinuation, and reinitiation patterns, and (3) treatment
responsiveness. In their exploration of 7,239,854 person-years worth of EHR data from the US
Department of Veterans Affairs, Xie et al. systematically assessed associations between GLP-1
RA use and 175 diverse health outcomes across 12 diagnostic categories. They showed that,
compared to usual care (non-GLP-1 RA antihyperglycemic regimen), GLP-1 RA use was
associated with broad multidimensional effects that reinforce and extend those described in the
existing literature.® In their review of real-world evidence, Thomsen et al. noted that the
effectiveness of GLP-1 RA for weight loss is supported, but not at the levels seen in clinical trials,
likely because of reduced adherence and persistence. This discontinuation is frequently caused
by adverse events, especially gastrointestinal disturbances, and high medication costs. The
authors stress that future research should assess long-term clinical impacts and effects of
treatment discontinuation.* Rodriguez et al. explored this aspect in their analysis of a subset of
Truveta Data, linked EHR data from a collective of 30 US healthcare systems. Consistent with
other analyses, they found that the majority of patients who newly initiated GLP-1 RA treatment

discontinued within 1 year.®

In another analysis of Truveta data, Rodriguez et al. compared the efficacy of semaglutide and
tirzepatide for achieving clinically meaningful weight loss in a propensity-matched cohort, finding
that tirzepatide was the more efficacious medication and that patients without T2D experienced
larger weight reductions than those with T2D.5 Zhu et al. developed machine learning models
based on common clinical factors recorded in the EHR (demographics, lab values, medication
use, comorbidities) to predict GLP-1 RA and DPP4i responsiveness (defined as 0.5% HbA1c

reduction) in a cohort of almost 8,000 patients seen at Vanderbilt University Medical Center.”
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Cardoso et al. also used routine clinical features in the UK EHR to design a Bayesian methods-
based treatment selection algorithm capable of predicting differences in glycemic outcomes for

GLP-1 RA and SGLT2i therapies.'"”

Finally, several studies have explored similar GLP-1 RA themes within the All of Us dataset.
Devineni et al. characterized SGLT2i and GLP-1 RA prescribing trends in patients with diabetes
by cardiovascular risk and sociodemographic factors.® Mariam-Smith et al. used logistic
regression to investigate the impact of genetic variation in the NBEA gene on GLP-1 RA weight
loss.® Salvatore et al. used a PheWAS approach to compare novel diagnoses following GLP-1
RA, SGLT2i, and DPP4i prescription in T2D patients, highlighting semaglutide’s unique
downstream association profile.'"® Mayer and Fontelo (1) reported BMI, weight, and HbA1c
changes in semaglutide users, (2) assessed differences in outcomes by route of administration
(injectable vs. oral), and (3) examined development of common adverse events after starting the

medication.®

Taken together, these studies of the longitudinal EHR demonstrate the potential of routinely
collected health data to inform precision medicine approaches to T2D prescribing practices. We
designed a methodological approach to use one-stage deep MVTS clustering to extract latent
longitudinal subgroups of GLP-1 RA treatment response as captured by routinely collected

measures in the All of Us EHR.
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3.4. Methods

3.4.1. The All of Us Research Program: EHR domain

The All of Us research protocol, recruitment structure, timeline, scientific goals, and data access,
harmonization, quality, utility, missingness, and diversity have been described in detalil
elsewhere.%9.119-124 Qur work utilized the EHR domain of the All of Us Controlled Tier Dataset v7
Curated Data Repository (CDR), released in September 2024.725 The v7 CDR, which has a data
cutoff date of 07/01/2022, includes health data for 413,457 participants total, of which 287,012
had EHR data available.'?® EHR data are organized into five domains: condition occurrence,
observation, drug exposure, procedure, and measurement. Within those domains, data types
available include demographics, visits, diagnoses, procedures, medications, laboratory tests, and
vital signs. EHR data collected by the program are transformed into the Observational Medical
Outcomes Partnership (OMOP) Common Data Model (CDM) structure.'?-12° This transformation
process includes validation checks, characterization checks, data cleaning, and suppression of

certain tables and fields to ensure privacy protection.'3°

3.4.2. Cohort selection

3.4.2.1. GLP-1 RA prescription history

Using the All of Us Researcher Workbench Cohort Builder, we [GLP-1 analogue Count
albiglutide 109
first narrowed our cohort to only those with any history of GLP- dulaglutide 4556
1 RA prescription (n = 10,367). We specified this with ATC code |SXenatide 1,347
liraglutide 4,019
A10BJ (OMOP concept ID 1123618), “Glucagon-like peptide-1 [lixisenatide 61
semaglutide 3,739

(glp-1) analogues”, which included the medications and

Table 7. Counts per GLP-1 drug

participants counts shown in Table 7.3

We used the Dataset Builder to generate a SQL query for the “drug” domain, which built a

dataframe containing fields from the “drug_exposure” OMOP table and from the source
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vocabulary (in this case, RxNorm).'®2 Entries in each field can contain varying levels of
information. For example, “standard_concept name” can contain dosage, route of
administration, combination therapy medications, and brand name (e.g., “0.25 MG, 0.5 MG Dose
1.5 ML semaglutide 1.34 MG/ML Pen Injector”), but can also be as simple as “semaglutide”.’®3
The RxNorm structure revolves around the Concept Unique Identifier (RxCUI), which is used to
link related entities, like drug names, ingredients, and classes.'®* To focus our analysis, we

created a new field, called “drug_simple_name”, by extracting the GLP-1 RA drug name only from

“standard_concept_name” (as shown in Table 7).

3.4.2.2. Drug exposure duration

Some fields have higher missingness rates than others. For example, while
“drug_exposure_start_datetime”, known henceforth as “drug_start”, had no missing values,
“drug_exposure_end_datetime”, hereafter “drug_end”, was missing for 32% of prescriptions in
our cohort. First, we used “drug_start” to characterize the overall per-year GLP-1 prescription
volume in All of Us. Then, in the absence of reliable prescription lengths and adherence
information, we sought to approximate the length of time for which each participant was

consecutively prescribed, and therefore exposed to, their first recorded GLP-1 medication. We

selected only each participant’s earliest “drug_start” for each “drug_simple_name”. We then
selected the latest recorded “drug_start” and “drug_end” for that “drug_simple_name” for each
participant. For whichever of these two was the latest, we took the difference between it and the
participant's “drug_start’, and called this “drug_duration” (Figure 32). Participants with

overlapping prescription windows were removed.® Finally, we selected only the earliest prescribed

“drug_simple_name”, based on “drug_start”, for each participant. We included only the single

4 If a participant was at any point prescribed different GLP-1 drugs simultaneously (overlapping EHR
prescription records), they were excluded from the cohort because our modeling approach could not
account for concurrent medication use.
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earliest GLP-1 medication per participant in our dataset so that (1) the same participant was not
included multiple times in our analysis and (2) each participant’s outcome measures reflected
GLP-1 naiveness. However, this does not rule out the possibility that participants had taken GLP-
1 medications even earlier which were just not recorded or harmonized in the All of Us EHR.
Having computed the start date, end date, and drug_duration for this earliest prescribed GLP-1
medication (per participant), we assessed how many times each of our outcome measures of

interest were recorded leading up to and while each participant was on the medication.

3.4.2.3. Routinely collected longitudinal measures

We used the Dataset Builder to generate dataframes for participant demographics (“person”
domain) and our five outcome measures of choice (“measurement” domain, Table 8) which we
merged with our GLP-1 duration dataframe. Using participant sex, age, and serum creatinine, we
calculated eGFR using the 2021 CKD-EPI Creatinine Equation. This equation, which is non-race-
based, is the recommended method for estimating GFR in adults from the National Kidney

Foundation.135.136

Measure OMOP ID LOINC code

Body mass index (BMI) [Ratio] 3038553 39156-5

Systolic blood pressure 3004249 8480-6

Diastolic blood pressure 3012888 8462-4

Hemoglobin A1c/Hemoglobin.total in Blood 3004410 4548-4

Creatinine [Mass/volume] in Serum or Plasma |3016723 2160-0
Table 8. Longitudinal measure codes

American Diabetes Association (ADA) monitoring guidelines recommend assessing HbA1c a
minimum of two to four times per year, depending on treatment goals.'®” We anticipated that, for
most participants, time windows of (1) 6 months pre-treatment start would capture at least one
set of measurements, to serve as a baseline, and (2) 2 years post-treatment would capture at
least four sets of measurements, to capture longitudinal therapeutic effects. Thus, using a base

unit of 90 days to represent 3 months, we selected only those participants who had a
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“drug_duration” greater than or equal to 720 days. Then, for each outcome measure, we removed
values that were extreme outliers (z-scores > 10) across the entire cohort. Finally, we assessed
measurement availability (availability of the measurement data records for a given patient at a
given point in time) of our five measures such that we had at least 1 measurement of each in the
180 days prior to “drug_start” and 2 measurements of each measure in the 720 days after. This

left us with a final cohort size of 336 (Figure 32).

1Glucagon-like peptide-1 analogues

Participants prescribed any GLP-1 RA medication’ (OMOP: 1123618): albiglutide,
n =10.367 dulaglutide, exenatide, liraglutide,
- 3

lixisenatide, semaglutide

; ¢ More than one GLP-1 RA medication prescribed in
v same timespan (n = 930)

2Prescription window = End - Start, where

Participants with no overlapping GLP-1 RA medication Start = earliest drug_exposure_start_datetime

prescription windows? End = max(latest drug_exposure_start_datetime,
n =9,437 latest drug_exposure_end_datetime)
) « Consecutive prescription length of earliest recorded
v GLP-1 RA< 2 years (n = 7,364)
30ur base unit of time in this study is
Participants with at least 2. years3 of consecutive one month, defined as being 30 days
prescriptions of earliest recorded GLP-1 RA medication
n=2,073
; ¢ 1 or more measures not recorded in 6 months prior
v to Rx start (n = 1,610)

4BMI (OMOP: 3038553), SBP

Participants with at least 1 measurement of all 5 (3004249), DBP (3012888), HbA1c

measures? within 6 months® prior to Rx start (3004410), sCr (3016723)
n =463
3 + 1 or more measures not taken enough times in 2
v years after Rx start (n = 127)

Participants with at least 2 measurements of all 5

measures? within 2 years3 after Rx start
n =336

Figure 32. GLP-1 RA cohort selection diagram
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3.4.3. Data preprocessing

3.4.3.1. Time series regularization

CRLI is unable to accommodate time series of varying length, meaning that each input time series

must have the same number of data points, though any of those data points can be missing (see

Section 6.4.1.4 for further discussion). Thus, to regularize each participant time series to a fixed
length with equal-sized segments, we applied a modified version of Piecewise Aggregate
Approximation (PAA). This method divides our 900 day total window length (180 days before
treatment initiation, 720 days after) into 10 equal-sized segments of 90 days (3 months) each and
calculates the mean for any variable which is measured more than once in the same segment

(see Section 3.6.2.2. for discussion on window size).46:138.13% Though the original implementation

of PAA was intended for denoising highly sampled time series, we slightly modified it to handle
sparse time series as well (Figure 33).'%° The All of Us Data User Code of Conduct prohibits
dissemination of participant-level data, thus Figure 33 shows randomly generated synthetic data

to demonstrate PAA behavior.'#!
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Figure 33. Original (denoising) vs. modified (sparse) PAA behavior'#
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3.4.3.2. Normalization relative to baseline

Before applying PAA, for each measure, we had taken each participant's last measurement before
“drug_start” to be their pre-treatment baseline. After applying PAA, following de Jong et al., all
measures were normalized relative to baseline by (i) subtracting the baseline mean across all

patients and (ii) dividing by the baseline standard deviation across all patients.>

3.4.4. Clustering Representation Learning on Incomplete time-series data (CRLI)

CRLI is among the recently developed deep learning methods which simultaneously perform
missing value imputation and clustering across MVTS (Figure 30). We used the PyPOTS
implementation of CRLI. PyPOTS is a Python toolbox which supports imputation, classification,
clustering, forecasting, and anomaly detection tasks on multivariate Partially-Observed Time

Series with missing values.'#?

The CRLI hyperparameter search space described by Ma et al. (2021) is summarized in Table 9.
Further details can be found in the original CRLI paper, the corresponding GitHub repo, and the
PyPOTS GitHub repo.33144145 Dye to computational constraints, we used the same default
hyperparameters (underlined in Table 9) as in the original paper. We set the PyPOTS early
stopping mechanism (patience), which tracks performance based on generator training loss, to
20 epochs out of a total of 500 epochs.'#® Since we did not have ground truth cluster labels to
evaluate against, we trained CRLI on the full dataset and predicted cluster membership of the

same full dataset, rather than splitting our data into train and test sets. ™’
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Hyperparameter CRLI repo name |PyPOTS repo name |[Search space

Coefficient of the soft|lambda_kmeans |lambda_kmeans {1e-3,1e-6,1e-9}
K-means objective

# of units of each G_hiddensize rnn_hidden_size {50,100,150}
layer in the encoder

# of layers of the G_layer n_generator_layers [{1,2,3}

encoder

Table 9. CRLI hyperparameters

3.4.5. Clustering validation indices

Clustering validation indices (CVI) are used to evaluate unsupervised clustering results. The
creators of CRLI evaluated its performance with external CVI (Rand Index, Normalized Mutual
Information, Cluster Purity, Cluster Accuracy) on datasets where the ground truth labels were

known.?73366 |n this work, we utilized internal CVI to select the optimal k (number of clusters),

from a range of k values, since we do not have ground truth subgroups to compare against.
Internal CVI are designed to evaluate the goodness of a clustering result without any outside
information based on (1) compactness, which measures how closely related members within the
same cluster are, and (2) separation, which measures how distinct one cluster is from all others.8
However, no CVI is supremely performant across every clustering context, so utilizing multiple is
recommended. Drawing from related work and comparative studies, we specifically aimed to
maximize Calinski-Harabasz and Silhouette indices and minimize Davies-Bouldin and S_Dbw
validity indices (Table 5).68:84-87.89.148.149 |n our lineplots showing internal CVI performance for each

k, we highlighted in red the k for which each index was optimized (Figure 36).

For more discussion on the differences between external and internal CVI, see Section 2.4.4.

3.4.6. Coding workflow

While not identical to Aim 1, our Aim 2 workflow writeup is more refined and can be found in

Section 4.4.9.
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3.5. Results

3.5.1. Yearly GLP-1 prescription volume in All of Us

In 2021 alone, 27,334 GLP-1 prescriptions were written for 5,557 unique participants in All of Us
(Figure 34). Though the complete prescribing trend is not reflected in Figure 34 since CDR v7 has
a data cutoff date of 07/01/2022, we would expect to see the same exponential trendline in future
data releases. Semaglutide (first approved for medical use in the US in 2017) and dulaglutide
(2014) made up the bulk of written GLP-1 RA prescriptions in recent years, with liraglutide’s (2010)

portion decreasing.

GLP-1 RA prescriptions written per year
All of Us Controlled Tier Dataset v7

B albiglutide
25000 4 ®w dulaglutide
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Figure 34. Yearly GLP-1 RA prescription volume
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3.5.2. Individual GLP-1 RA outcome trajectories

A visualization of our methodological approach, Figure 35 shows all 336 participant trajectories
(with random noise added® to comply with All of Us data dissemination policy) for three outcome
measures.'*! These measurements were taken in the range (-6 months, +2 years] relative to
treatment start (t0). Dashed lines demarcate the ten 90-day windows to which PAA was applied

to regularize time series lengths before applying CRLI.

Hemoglobin Alc/Hemoglobin.total in Blood

Random noise added to protect patient privacy
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Figure 35. Individual outcome measure trajectories

3.5.3. Optimal cluster number selection

We concluded that 5 clusters was optimal
based on (i) reaching the elbow of the
S_Dbw index and (ii) relative minimization of
the Davies-Bouldin score. However, we also
generated a 2-cluster result based on (i)
of silhouette score and

maximization

Calinski-Harabasz  score, (ii) relative

minimization of Davies-Bouldin score and
(iii)

interpretability. Figure 36 shows calculations

greater  likelihood of  clinical
of each index for CRLI results specified on 2
to 8 clusters. Red points indicate the cluster

number for which the index achieved the

best performance.
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Figure 36. Internal CVI for GLP-1 RA outcome
clusters
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3.5.4. Trajectory cluster mean lineplots

3.5.4.1. Five clusters

All clusters experienced a mean drop in HbA1c, with Cluster 2 (green, n=61) starting the highest
and having the steepest decrease. Clusters 2 and 4 (purple, n=56) fell within the normal eGFR
range (>90 mL/min/1.73m?), Clusters 0 (blue, n=69) and 1 (orange, n=74) fell within the early-
stage kidney disease range (60-89), and Cluster 3 (red, n=76) fell in the kidney disease range
(15-59). Interestingly, BMI trajectories were relatively stablef across clusters, though Cluster 0 fell
into Class 3 (severe) obesity. Cluster 1 was the only group to fall within normal blood pressure
ranges; Clusters 0 and 2 were elevated and Clusters 3 and 4 would be considered stage 1
hypertension. These findings are summarized in Table 10 and mean lineplots are shown in
Figure 37.1%0-152 Qur clinical characterization of these clusters must be interpreted critically, given

the cohort selection limitations discussed in Section 3.6.2.1.

Cluster HbA1c (% change [eGFR (clinically |[BMI (obesity class)" |SBP & DBP'
from pre- to post- [relevant ranges)?
t0)
0 (blue) -11.2 60 - 89 Class 3 (40+) Elevated
(SBP: 120-129, DBP: <80)
1 (orange) [-11.6 60 - 89 Class 1 (30-35) Normal
(SBP: <120, DBP: <80)
2 (green) |-14.5 >90 Class 2 (35-40) Elevated
3 (red) -5.1 15-59 Class 1 Stage 1 hypertension
(SBP: 130-139, DBP: 80-89)
4 (purple) [-7.8 >90 Class 2 Stage 1 hypertension
Table 10. Summary of GLP-1 RA trajectory trends

f Absolute value of percent change did not exceed 5 for any cluster between any timepoints
9 Kidney disease-relevant eGFR ranges are from the National Kidney Foundation's°

h Obesity classes are from the Centers for Disease Control and Prevention 5

i Blood pressure categories are from the American Heart Association%?
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Figure 37. Multivariate trajectories of GLP-1 RA response (5 clusters)
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3.5.4.2. Two clusters

Three of the total five outcome trajectories are shown in Figure 38. A decrease in average HbA1c
after initiation of therapy was seen in both clusters. Interestingly, around the one year mark,
Cluster 1 (orange, n = 163) HbA1c begins to rise while Cluster 0 (blue, n = 173) remains stable.
Cluster 0 falls within the normal eGFR range while Cluster 1 can be characterized as at risk for
kidney disease. Lastly, Cluster 0 BMI is within Class 1 obesity range whereas Cluster 1 is at the
high end of Class 2. Though each cluster was characterized by higher or lower mean eGFR and
BMI, no positive or negative trend post-treatment was seen in either. SBP and DBP (not shown)

were similarly unremarkable.
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Figure 38. Multivariate trajectories of GLP-1 RA response (2 clusters)




3.6. Discussion
3.6.1. Conclusions from results

3.6.1.1. Informatics contributions

We have successfully deployed CRLI in a real-world data setting (electronic health record),
showing that even short, sparse, irregularly sampled multivariate time series data can contain
enough signal to identify distinct latent subgroups. In particular, this represents the first use of
CRLI to characterize multiple longitudinal treatment response outcomes in the context of chronic
disease. This complements work by others which have (1) applied deep clustering methods to
study common diabetes progression trajectories, (2) applied latent class mixed modelling to
define trajectories of treatment response in patients with other chronic diseases (e.g. psoriasis,
lupus), and (3) applied CRLI specifically to characterize sepsis-induced acute respiratory failure
in the ICU.232112115 Ag has been described elsewhere, we demonstrated the application of PAA
to temporal EHR data to regularize time series length to mimic the cadence recommended by
routine monitoring guidelines.*¢ Our overall approach was informed by components of
pharmacoepidemiology, clinical trial subgroup analysis, and treatment pathway elucidation from
observational data.58153.1% We also made contributions to the open-source PyPOTS repository,

as mentioned in Section 4.6.1.1.

3.6.1.2. GLP-1 prescription landscape

GLP-1 prescription volume has been exponentially increasing for the past several years, with the
bulk of that volume made up by dulaglutide and semaglutide since 2021. This finding is supported
by other EHR analyses.'® It will be crucial to continue to monitor these participants longitudinally
as more data points become available in future data releases. To that end, the All of Us CDR v8
was made available in February 2025 and includes more than a year more of data (cutoff date of
10/1/2023)."%5 Person-centered, longitudinal subtyping like that performed in this work lays the

foundation for a more complete understanding of the patient experience over time.
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3.6.1.3. Longitudinal GLP-1 response subtypes

CRLI identified distinct subgroups of multivariate response to GLP-1 treatment measured during
the course of routine care. Beyond the quantitative separation of clusters evident from internal
CVI and trajectory mean lineplot visualizations, we also found that each subgroup’s longitudinal
measures generally fell within clinically relevant and actionable ranges. These findings were
hypothesis generating and motivated further phenotypic characterization of clusters. For example,
we would expect Cluster 3 (Figure 37) to be enriched for kidney disease based on consistently
low eGFR levels. Similarly, we would expect Clusters 3 and 4 to have hypertension-related

comorbidities due to elevated systolic and diastolic blood pressure levels.

Interestingly, most subgroups generally had post-treatment longitudinal stability across outcome
measures. This calls into question the added value of using time series clustering, at least in this
context, as opposed to cross-sectional clustering. Richer phenotyping of clusters, as described
below in Future Directions, may lead us to a firmer conclusion. If we were to use cluster
membership as a predictor for future outcomes, it may be that simple aggregate measures, like
quantiles or percent change from baseline, would be just as performant. The stability of BMI in
particular casts doubt on the efficacy of these medications as antiobesity agents. However, it may
be that BMI stability is itself a treatment success because it is better than weight gain. This
motivates a parallel exploration of untreated T2D trajectories or a comparison with other

antihyperglycemic medications, like SGLT2 inhibitors and DPP-4 inhibitors.? 156

3.6.2. Limitations

3.6.2.1. Cohort selection

Our “drug_start’™- and “drug_end”-based medication sequencing logic is unlikely to have fully
captured the true per-participant duration of drug exposure. We did not have reliable data

regarding adherence, discontinuation, and adverse effects, though these have been
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characterized in other datasets.?'57:1% Qther approaches to medication sequencing logic have
additional stipulations, like requirement of repeat exposures to a given drug within a specified
timespan.'%®1%* We also did not have consistent information on dispensing, tracked via the
“drug_type_concept_id” field, though by EHR analysis conducted by Gratzl et al., we can expect
that around 70% of prescriptions were dispensed within 60 days.'3%55 We also did not consider
the indication for which the medications were prescribed (diabetes vs. obesity), neither by EHR-

based phenotyping nor by existence of the relevant diagnostic code in the patient’s history.0.15°

7,364 out of 9,437 (78%) participants were excluded due to having a consecutive prescription
length of less than two years (Figure 32). This is in line with analyses which have found GLP-1
RA discontinuation rates up to 75% at 12 months.5'5 Thus, while the proportion of included
participants is unlikely to increase drastically in future All of Us data releases, the total number of
included participants will rise as more individuals are enrolled in the study. Since CDR v7 was
limited to EHR history before July 2022, we were not able to capture the introduction of tirzepatide,

approved in the US in May 2022, into the prescribing landscape.'%®

Our final cohort was further limited by the strict measurement availability criteria. Because
inclusion of three timepoints allows for non-linear trajectory estimation, we required a total
minimum of three measurements of each outcome measure (1 before treatment start [t0], 2 after
treatment start [t0]).53 However, our final cohort represented only 3% of all participants ever
prescribed a GLP-1 drug. This 3% is likely very different from the overall population—they could
be (1) more chronically ill, requiring greater frequency of clinical visits, (2) of higher socioeconomic
status, giving them greater leeway with insurance to remain on medications for longer than others,
(3) be suffering from fewer adverse reactions (not reflected in our outcome measures) that would
have otherwise caused discontinuation, and/or (4) tolerating the medication but not benefitting

from it enough to discontinue within two years.®
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Future application of MVTS clustering application in contexts like this will require careful
consideration of how much cohort selection guidelines necessary for methods feasibility limit the
final cohort from being representative of the actual population being treated.®” Research design
could include a thorough characterization of repeat measurement availability and longitudinal
missingness before attempting to perform clustering.® Risks of subtyping in real-world data and

cohort generalizability concerns are discussed further in Section 6.4.1.3.

3.6.2.2. Data preprocessing

Routine monitoring (measured every 3-6 months) of HbA1c is recommended for type 2 diabetics,
but this frequency was not reflected in many participants’ EHR. We set our PAA window size to
90 days to approximately capture this recommended cadence but it may be worthwhile to iterate
through multiple other window sizes. Further, though we required 3 measurements total of each
measure per participant, we did not stipulate where in the post-treatment window the
measurements had to fall. Therefore, there could have been some participants with
measurements bunched together and others with a wider spread. Lastly, after removing extreme
outliers, we assumed that measurements without unit information were most likely the same as
the standard unit for that lab. However, we could have applied more thorough unit harmonization

strategies. 61162

3.6.2.3. Clustering

See Section 4.6.2.3 for discussion of limitations related to CRLI hyperparameter search space

and internal CVI usage. Optimal cluster number selection in the absence of ground truth labels
remains an open problem. Though a number of indices have been developed, these often give

conflicting results (Figure 36).68+ Our quantitative assessment of cluster separation lacked a
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complementary qualitative component of how well cluster trajectories represented actual clinical

relevance and generalizability from the judgment of a medical domain expert.3?

3.6.2.4. Visualizations

Since All of Us policy stipulates that we cannot report any participant-level data, we were unable
to show individual trajectories without adding noise, which obscured actual trends.'#! Also, we did
not include reference ranges on our mean trajectory plots due to visual overstimulation, however

they were used to compile the summary in Table 10.

3.6.3. Future directions

Clusters could be better phenotyped by conducting a phenome-wide association study (PheWAS)
with other fields available in All of Us, such as demographics (age, sex at birth, gender, race,
ethnicity), comorbidities (hypertension, CVD, CKD, neuropathy, ophthalmological complications),
exposures (concomitant and previous medications, substance use, physical activity), and social
determinants of health (employment, housing security, food security, stress, health literacy,
physical environment). Similarly, a GWAS could be utilized to characterize any genetic differences
between clusters.'®® Association testing could inform feature prioritization for development of

models predictive of post-treatment outcomes of interest. Also, as mentioned in Section 3.6.1.3,

it may be prudent to assess the value added when cluster membership is included in predictive
models compared to those based only on simple aggregate measures of longitudinal variables

(quantiles, percent change).

The methods selected exclude almost every patient, introducing significant, complex selection
bias. To increase cohort size, improve generalizability of results, and capture discontinuation,
medication switching, and combination therapies, we could code each antidiabetic medication as

its own longitudinal variable. At each time point, a participant could be assigned a value (binary,
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for whether they’re prescribed the medication or not, or specific dosage if available) representing
their assumed state of exposure at that time.®” This would reduce the number of participants
excluded due to not having a long enough consecutive GLP-1 prescription length. We could also
consider evaluating longitudinal missingness trends for each lab measure, as these patterns can

be informative of underlying subpopulation differences. 64165

This EHR-based exploration of GLP-1 RA treatment response would be well-complemented by a
similar analysis of clinical trial outcome data. Such data would likely be characterized by greater
regularity of measurements and lower discontinuation rates. It may also include longitudinal
patient-reported outcomes, which were not available in All of Us. Our analytical approach can
also be extended to other treatment contexts where participants and caregivers are interested in

multiple response outcomes.
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3.7. Conclusion

In Aim 1, we constructed a novel research direction by combining (1) advances in deep MVTS
clustering, (2) treatment response subgrouping of a medication class that is rapidly popularizing,
and (3) availability of routinely collected longitudinal physical health and lab measures in the EHR.
We believe this area of bioinformatics is ripe for further exploration, because as chronic disease
prevalence continues to increase, novel medications with pleiotropic effects are becoming
increasingly available, and temporal dynamics of medication usage are becoming easier to track

and analyze via real-world data sources.

We demonstrated the ability to deploy CRLI in a complex data environment, plagued by issues
like missingness, irregular time intervals, and nonstandardized measurements. However, this
came at the cost of a more inclusive cohort selection strategy which could have given us greater
confidence in the generalizability of our results. Requiring (1) prescription length and (2) repeat
measurement minimums was necessary for building an adequately dense MVTS dataset. But it
meant the final cohort may not have faithfully represented the overall GLP-1 RA medication user
population. This problem may be partially alleviated over time as (1) more patients start and stay
on these medications, (2) more All of Us data releases become available, and (3) other,

complementary digital health technologies are incorporated into the All of Us data stream.'%®

However, while the EHR may capture the typical care patterns of chronic disease patients, EHR
data is inherently plagued by the previously described issues, which can be hurdles to selecting
a cohort with enough repeat measure availability to identify temporal patterns. What data sources
like clinical trials, registries, and prospective observational cohorts lack in reflecting real-time,
typical patient care, they make up for in high retention rates, regular measurement intervals, and

detailed protocols which ensure assessment consistency and reproducibility. As such, these
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sources are likely to suffer less from the specific cohort selection pressures required to build

datasets amenable to analysis with CRLI and related methods.

In Aim 2, we explore one such data source, The Adolescent Brain Cognitive Development (ABCD)
Study. This NIH longitudinal observational study of almost 12,000 American youths includes
detailed yearly assessments encompassing hundreds of variables. Though we do not study the
same biomedical context (chronic disease treatment response) in this next aim, our intent is to
assess the ability of CRLI to detect meaningful multivariate trajectories in another longitudinal

biomedical context that complements our findings from the EHR.
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4. Aim 2: Assessing the ability of CRLI to detect meaningful trajectories in a high-
dimensional, multimodal, prospective dataset (The ABCD Study)

4.1. Introduction

In our pursuit of characterizing the utility of MVTS clustering methods in longitudinal biomedical
contexts, Aim 1 covered the setting of using data from electronic health records. We showed that
CRLI is able to identify distinct trajectories of GLP-1 treatment response in routine clinical care.
However, electronic health records, and studies based on them, can suffer from biases, including
confounding, selection bias, measurement bias, and time-related bias (see Section 2.3.2 for a
discussion on types of biases).® These limit the comparability of participant trajectories, which

can vary by length, observation regularity, and missingness.

In Aim 2, we sought to assess the ability of MVTS clustering methods to detect meaningful
trajectories in a longitudinal observational cohort with high dimensionality and multimodality. Our
dataset of choice was the Adolescent Brain Cognitive Development (ABCD) Study, which was
prospectively designed and thus does not suffer from some of the limitations of longitudinal EHR
data, like irregular measurement spacing and high sparsity. The ABCD study protocol specifies a
yearly follow-up schedule which most participants adhered to. While retention in the ABCD study
is not perfect, an analysis of late visits, missed visits, and withdrawals by Feldstein Ewing et al.
revealed no pervasive patterns of selective attrition. Out of 49,529 scheduled visits from 11,878
youth, 3.9% of visits were missed and 1.1% of participants withdrew.'8” Furthermore, the study
includes assessments across an array of health-promoting factors, including environmental,

genetic, neurobiological, and behavioral.'68

Thus, ABCD is an ideal candidate for our intention to explore longitudinal observational cohorts

and serves as a complement to Aim 1 in our overall characterization of MVTS clustering in
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biomedical research data exploration. Aim 2 builds on the results from Aim 1 by deploying MVTS
clustering methods in another important biomedical context. More specifically, prior trajectory
work on ABCD has utilized group-based multi trajectory modeling, which is limited in its ability to
capture nonlinear trends and requires a separate imputation strategy, which can affect subgroup
identification performance. One-stage MVTS deep clustering methods are more performant and

represent the most latest advancement in trajectory subtyping.?8

Our informatics goal for this aim was to apply MVTS clustering methods to large, multimodal,

longitudinal observational data. Our choice of dataset (ABCD) motivated our biomedical goal for

this aim, which was to identify latent multivariate trajectory subtypes of adolescent development.

We intend for our work to accelerate adolescent development-related hypothesis generation and
prioritization. We posit that (1) children develop according to variable multimodal trajectories, (2)
CRLI can identify these trajectories, (3) certain trajectory subgroups are enriched for negative
outcomes, and (4) risk factors associated with trajectories of concern can guide surveillance and

interventions.
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4.2. Background and significance

We aimed to maximally utilize the longitudinal data available in ABCD to reveal common patterns
of cognitive, behavioral, and physical development across several domains of adolescent health.
To do this, we employed a highly performant IMVTS deep clustering approach, CRLI, capable of
both imputing missing time series values and uncovering latent trajectory subgroups. We believe

that identification of such patterns can inform further biomedical, clinical, and therapeutic action.

4.2.1. Multifaceted nature of adolescent development

Adolescence is a life period marked by significant multifaceted development across physical,
mental, behavioral, and cognitive domains of health. Rates of mental health-related conditions,
like anxiety, depression, and suicidal behavior, are on the rise worldwide. Symptoms of these
conditions can emerge as early as preadolescence and often persist into adulthood if not
addressed.?3169.170 These disorders frequently co-occur and can have overlapping diagnostic
criteria.’”"172 Unique symptom constellations indicative of future adverse outcomes may go
undetected due to misalignment with current diagnostic paradigms. We would like to advance
understanding of risk factors associated with adolescent psychiatric illness by looking at

developmental trends over time.

4.2.2. Deep learning-driven clustering advances

CRLI, and other recently developed one-stage IMVTS deep clustering methods, have been
successful in identifying latent longitudinal subgroups even in the context of variable missingness
characteristic of high-dimensional biomedical datasets. In particular, CRLI can capture nonlinear
temporal dynamics that model-based methods, like latent class growth analysis (LCGA) and
group-based trajectory models (GBTM), may be unable to.33 It operates across many variables
simultaneously and handles imputation and clustering within a unified framework. The creators of

CRLI, Ma et al., demonstrated its performance on gene expression data (cancer subtyping) and
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medical time series (days post-surgery; ICU). Though it has not been applied to longitudinal
observational cohort data, the previous state of the art one-stage method, VaDER, identified
subgroups in that context, and CRLI generally outperforms it head-to-head. CRLI also
outperforms other state of the art two-stage clustering methods, like k-Shape, Deep Temporal
Clustering (DTC), and Deep Temporal Clustering Representation (DTCR). See Section 2.4.3.3

for further discussion on CRLI performance.

4.2.3. ABCD: longitudinal, high-dimensional, multimodal

The Adolescent Brain Cognitive Development (ABCD) Study is an ongoing, large-scale,
multimodal, multidomain, longitudinal, and demographically diverse observational study which
aims to track developmental patterns in almost 12,000 participants from childhood (age 9) into
young adulthood (age 19). ABCD data encompasses many important developmental domains,
including physical health, mental health, neurocognition, neuroimaging, and substance use. The
timing of the study (2016-2027) overlaps with the COVID-19 pandemic and rapid adoption of
social and electronic media among youths.'”® The sample size and data breadth and depth of
ABCD are unprecedented and motivate the application of powerful analyses that can handle such

high-dimensional biomedical data.' 174

From an informatics and biomedical data standpoint, ABCD is a valuable dataset because of its
(1) high-dimensionality across risk factors, longitudinal variables, and outcomes, (2) mixture of
levels of measurements (nominal, ordinal, interval, ratio), (3) many complementary modalities,
including neuroimaging, biospecimens, physiological measures, clinical assessments, self- and
caregiver-reported measures, and neurocognitive tests, and (4) extremely low rate of withdrawal
(1.1%).767175 For these reasons, it represents a halfway point between carefully curated clinical

trials and more messy, irregularly sampled real-world data sources.
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Single-timepoint predictive models for outcomes in ABCD, such as suicidal behavior and
psychopathology, fail to consider the effect that symptom trajectory may have on future outcomes.
Hill et al. demonstrated that social environment and behavioral measures strongly influenced Al
model-predicted psychiatric iliness risk in adolescents.'”® Harman et al. found that model features
important for identifying children endorsing suicidal ideation from healthy controls included
feelings of loneliness and worthlessness, impulsivity, prodromal psychosis symptoms, and
behavioral problems. They suggested that future analyses with longitudinal data could provide

additional predictive power. 1°

Previous trajectory work on ABCD has generally (1) been restricted to univariate analysis, (2)
investigated multivariate trajectories within a single domain (mental health), and/or (3) relied on
traditional model-based techniques (see Section 4.3.4). Considering the drawbacks of the
approaches taken by others thus far, and the suitability of ABCD for longitudinal analyses in
general, we believe it would serve as an appropriate testbed to evaluate MVTS clustering
methods, like CRLI. Given that adolescence is a time of significant developmental change during
which a range of transitional patterns are possible, longitudinal, multidomain, multimodal data,

and methods that can adequately handle that data, are crucial.

Thus, we propose to use recently developed deep learning methods (CRLI) to find groups of
participants with similar patterns of longitudinal variation across developmental data domains in
ABCD. These domains include physical health (anthropometrics, hormone salimetrics), mental
health (Child Behavior Checklist, Brief Problem Monitor), and neurocognition (NIH toolbox). We
will select instruments representative of each domain based on longitudinal availability and overall
range of variance. We will iterate on cohort selection criteria and cluster validation indices to
optimize CRLI performance. We will then assess associations between the identified groups and

participant outcomes (psychopathology symptoms and diagnoses, drug use, risk-taking
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behaviors) as indicators of adolescent mental health and behavioral challenges, a key component

of overall well-being.

4.3. Related work

A number of studies have leveraged the longitudinal nature of ABCD, and other adolescent
datasets, to investigate age-related changes in development across domains like physical health,
mental health, and neurocognition. However, to date, one-stage IMVTS clustering methods have
not been deployed in this setting. Here we discuss (1) our specific developmental domains of
interest, (2) the general longitudinal structure and potential of ABCD, and (3) prior work to identify

multivariate trajectories in these domains and others.

4.3.1. Self-injurious behavior during adolescence

Self-injurious behavior (SIB) is a comprehensive term, sometimes used interchangeably with
suicidal thoughts and behaviors (STBs), which includes suicidal ideation (Sl), suicide attempt
(SA), and nonsuicidal self-injury. Several studies have characterized prevalence and predictors
of overall SIB and its components, including nonsuicidal self-injury, suicide ideation, suicidal
intent, and suicide attempts, in the ABCD cohort."-'* Harman et al. used features implicated in
the adult suicide literature to build predictive models for suicidal ideation and attempt in the ABCD
baseline assessment.' Using data from ABCD Release 4.0 (three yearly assessments), Ortin-
Peralta et al. sought to characterize the transitions of suicide ideation and attempts over three
years.'® Wallace and Conner applied longitudinal network analysis (Panel Graphical Vector
Autoregressive models) to evaluate associations between STBs and previously identified risk and

protective factors (mental health symptoms, socioenvironment, stressors, substance use).!”
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4.3.2. The longitudinal richness of ABCD

Most major aspects of the ABCD Study design, recruitment, and dataset organization have been
described extensively elsewhere.®8177-181 \We would like to highlight two papers in particular
which touch on the longitudinal aspect of the dataset. In their 2021 paper, Barch et al. update
their earlier 2018 report on demographic and mental health assessments in ABCD to include age-
related trajectories of dimensions of psychopathology in Release 3.0 (ages 9-13). They explore
trajectories of mental health (externalizing and internalizing symptoms) as a function of
demographic factors, including sex, caretaker education, race and ethnicity, and socioeconomic
status, using mixed effects models.'® Hawes et al. provide an excellent discussion of many
aspects of longitudinal analysis of the ABCD Study, including insights which are extendable to
other rich, large-scale, longitudinal datasets. Among others, they touch on analysis of two
timepoints versus three or more, typical types of stability and change in developmental
trajectories, continuous and discrete outcomes, longitudinal measurement invariance, missing
data and attrition, and various approaches to longitudinal analysis. They specifically note the
limitations of variable-centered analyses, like those performed by Barch et al., and discuss ways
in which person-centered models can address those limitations.® Variable-centered approaches
(regression, factor analysis) focus on describing relationships between variables, whereas
person-centered approaches (cluster analysis, latent class analysis) focus on relationships

among individuals, aiming to classify individuals into distinct groups. 83

4.3.3. Pubertal timing and weight status during adolescence

In their review of the role of puberty as a risk factor for STBs, Ho et al. discuss pubertal hormones
(estradiol, progesterone, testosterone, dehydroepiandrosterone [DHEA]) in depth and explore
how pubertal timing and sex differences might contribute to STBs in adolescence.’® Bendezu et
al. analyzed joint cortisol-DHEA trajectories in a small cohort of adolescents (n = 215, Adolescent

Emotion Study) and investigated longitudinal links to emotional and behavioral problems. They
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found that subgroups with similar cortisol-DHEA stress responsivity had variable associations with
development of psychopathology.'® In ABCD, Dehestani et al. investigated the effect of pubertal
timing relative to chronological age, which they termed as the “puberty age gap”. Their combined
analysis of biological and physical pubertal features (hormones and Pubertal Developmental
Scale measures) revealed an association between pubertal timing and mental health problems.
This work, along with other non-ABCD studies, emphasizes the nonlinear nature of relationships

between age and pubertal development.20-22

Herting et al. reported differences in pubertal status by sex and body weight, among other
sociodemographic characteristics, in ABCD’s baseline assessment (9-10 year-old children).84
Gray et al.’s regression analyses to identify BMI predictors in the ABCD cohort found attention
problems and matrix (abstract) reasoning (inversely associated); and social problems and screen
time (positively associated) to be among the most important.’®> Adise et al. assessed the
relationship between changes in BMI and executive function (EF) from baseline to year 2 and

found that underlying differences in EF and cognition may precede weight gain.8¢

4.3.4. Multivariate trajectory modeling of adolescent development

Typically, trajectory clustering work takes the form of one of the following hypotheses:

(1) Risk factor X is associated with trajectories of variables 1, 2, ..., N

(2) Trajectories of variables 1, 2,...,N are associated with outcome Y

Several groups have modeled univariate trajectories in ABCD, including those of depressive
symptoms, psychotic-like experiences, addictive screen use, and cognition and neural
metrics.'69.187-191 To date, Voepel-Lewis and colleagues are the only group to have modeled

multivariate trajectories in ABCD. Their work has focused on co-occurring pain, psychological,
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and somatic symptom trajectories, as measured by parent-reported Child Behavior Checklist
(CBCL). In particular, they have explored associations of these trajectories with
sociodemographics, family adversity, health care utilization, early onset substance use.?*-%%
Others have applied multi-trajectory modeling to adolescent development in other datasets,
exploring longitudinal trends of physical activity, mood profiles, stress experience, screen time,

sleep, and more.'?2-1% We have included a selection of these works in AppendixTable 1.

In sum, these works motivate further robust person-centered, multi-hormone studies that examine
adolescents throughout pubertal development. Adoption of person-centered models and capture
of intra-individual variation in pubertal development is critical for understanding hormonal
contribution to risk for STBs in adolescents. As discussed in Chapter 2, CRLI and other one-stage
methods address limitations of traditional model-based approaches that ABCD researchers have
relied on, including (1) need for a strategy to deal with missing values (imputation or otherwise),
(2) inability to capture complex nonlinear relationships, and (3) assumption that the form of

trajectory patterns and random effects are correctly specified.3%:53
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4.4. Methods

4.4.1. ABCD Study and dataset organization

The ABCD study recruited a representative sample of 11,868 children aged 9-10 years old
(together with their parents/guardians) from 22 sites across the US for biannual follow-up until
age 20. Data collected include include genotype (~500k single nucleotide polymorphism variants)
and more than 80,000 assessments spanning phenotype and exposures (neuroimaging,
biosamples, physical exam, self-reported and parent-reported mental health measures,
neurocognitive testing, and linked geospatial data). Data collection protocols, geographical
distribution of research sites, and other details are available on the ABCD website.?°° The study

has been described in detail elsewhere.179.181.201

We used data from ABCD Release 5.0 (June 2023), in which events (also referred to as
timepoints) up to the 3-year follow-up event were completed, with varying numbers of missed
visits per event.?02203 The 42-month and 4-year follow-up events were still ongoing when the data
for this release was frozen, so data are included for a subset of participants for these timepoints.204
In total, release 5.0 contains data for 9 timepoints: 5 annual in-person visits and 4 mid-year remote

check-ins. Figure 39 shows the age distribution and participant count at each event.
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Age Distribution per Event
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Figure 39. Participant count and age distribution at each ABCD assessment event

Table 11 shows that assessment measurement and data collection vary between ABCD events.
Importantly, mid-year events were conducted on the phone or online and were significantly less
comprehensive than annual in-person events. Thus, the vast majority of variables were only

collected at a subset of annual timepoints.
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Baseline | 6 months | Year1 18 Year 2 30 Year 3 42 Year4 | Ongoing

(in (phone / (in months (in persen) months (in months (in
person) on-line) person) (phone / (phone / person) (phone / person)
on-line) on-line) on-line)
Participant Age 9-10 yrs 10-11 yrs 11-12 yrs 12-13 yrs 13-14 yrs

Substance Use & Related Factors
Youth Self-Report on Substance
Exposure/Use

Related Risk and Protective Factors ﬂ
Saliva & Hair Samples ¥ l' 4 i' ¥ i 4 i' Y i'

Mental Health & Related Factors
Parent-Report on Youth
Youth Self-Report
Parent Self-Report
Parent Report on Family
Physical Health & Related Factors
Parent-Report on Youth
Youth Self-Report
FitBit

ﬁ

! 5
ANee
H H (0B <3oceH | |
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Saliva for Hormone Assessment

Saliva/Blood for DNA & Health
Factors
Neurocognition
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Other “cold” cognitive measures

»|
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>

--..,‘,.
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ro- @

@
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Other “hot” cognitive measures

Gender Identity and Sexual Health

Culture and Environment

Parent-Report on Youth/Family
Youth Self-Report
Geocoding / Neighborhood Factors

1
|
|
L
L

A b 8
Y
W
J
uJ
v
Wl
J

=\
o

Brain Imaging

Note. (== Questionnaires and interviews; = /= biospecimen samples (e.g., saliva, hair, blood); U= Fitbit; 4 =saliva sample for hormone

assessment;g = NIH Toobox; " = “cold” cognitive measures; = "hot” cognitive measures; 7% = geocoded factors; = = brain imaging
measures.

Table 11. Data collection differences between assessment timepoints?®’

Data in ABCD are organized in a hierarchical structure by assessment domain, then table, then
individual assessments (also referred to as variables). For example, the Mental Health (MH)
assessment domain contains table mh_p cbcl which includes all 201 parent-reported Child
Behavior Checklist (CBCL) assessments. These assessments could be single instruments,
unidimensional composites, or multidimensional composites (Figure 40). In the case of CBCL, a

single instrument would be one of the 119 behaviors (e.g., “Feels they have to be perfect”)

presented to parents/caregivers to be rated 0, 1, or 2 (not true, sometimes true, often true)
depending on the frequency with which their child exhibited that behavior over the preceding 6

months. These individual behavioral assessments can be summed to create eight unidimensional
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composite syndrome scales (anxious/depressed,
Multidimensional

composite

withdrawn/depressed, somatic complaints, etc).

\ Y]
These can be further combined to create /F

multidimensional composite syndrome scales; , ' \
&
anxious/depressed, withdrawn/ depressed, and e * o {
. . x%e® ™ W

somatic complaints scales are rolled up to create a X &«

. .. . Single Unidimensional
broader internalizing problems composite instruments composites
(Table 12).205-207 This paradigm can be extended to Figure 40. From single instruments to

multidimensional composites’%

other assessment domains (e.g., domain: physical

health, single instruments: weight & height, composite: BMI).

Total Problems

Broad-Spectrum Groupings

sk Neither Internalizing 5
Internalizing e Externalizing
nor Externalizing
Syndromes
Anxious/ Withdrawn/ Somatic Social Thought Attention Rule-Breaking ~ Aggressive
Depressed ~ Depressed Complaints Problems Problems Problems Behavior Behavior
Examples of Problem Items*

Cries Enjoys little  Aches, pains  Clumsy Can’t get Acts young Bad Argues
Fears Lacksenergy  Eyeproblems  Gets teased mind off Can’t companions Attacks
Feels Rather be Feels dizzy Jealous thoughts concentrate  Breaks rules people

unloved alone Headaches Lonely Hears things ~ Can’tsit still Lacks guilt Disobedient
Feels too Refuses to Nausea Not liked Repeatsacts  Confused Lies, cheats Fights

guilty talk Overtired Prefers Sees things Daydreams Sets fires Loud
Talks or Sad Stomach- younger Strange Fails to finish  Steals Mean

thinks of  Secretive aches kids behavior Impulsive Swearing Screams

suicide Shy, timid Tired Too Strange Inattentive Truant Temper
Worries Withdrawn Vomiting dependent ideas Stares Vandalism Threatens

aAbbreviated versions of CBCL/6-18, TRF, and YSR items.

Table 12. Hierarchical model of empirically based assessment levels?°”

4.4.2. Longitudinal feature selection

ABCD 5.0 contains 86,591 variables with irregular longitudinality. Three examples of longitudinal

variables and their participant counts are shown in Figure 41. We systematically assessed the
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longitudinal nature of every non-imaging variable in ABCD by (1) counting how many events they

were measured at and (2) for how many study participants they were measured
(AppendixTable 2). The only instruments measured at more than 5 timepoints were the NIH

Toolbox Positive Affect (POA) and the Brief Problem Monitor (BPM).182.208.209

ksads_16_449 p

cbel_scr_syn_totprob_t
bpm_y_scr_internal_t 11022 10720

11202 11237
10569 R 10508

Subject count

Subject count
3
3
]
Subject count

Eventname

Eventname

Figure 41. Representative examples of irregular longitudinality between variables

A basic feature selection question arises when presented with hundreds of longitudinal variables
to select from: which will be most likely to inform meaningful multivariate trajectories? We

considered several philosophies that could drive our variable selection: prior knowledge, clinical

value, similarity, and data characteristics. Prior knowledge-driven selection relies on already
published literature pointing to certain variables that have interesting longitudinal patterns in

adolescents. Though this philosophy would allow us to use MVTS clustering to validate past

findings, it would not generate novel insights or generate new hypotheses. Clinical value-driven
selection prioritizes variables that are most clinically meaningful for pediatricians, child
psychologists, suicidologists, etc. This selection would be informed by our clinical collaborators
based on their own knowledge of the literature and their personal experiences working with

children and adolescents. Similarity-driven selection builds on intrinsic variable similarities and

potential biological or pharmacological insights that studying these variables together could entail.
For example, studying variables within the same domain (mental health, physical health,

neurocognition, etc.) or the same modality (salivary biosamples, anthropometrics, CBCL scales)
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is likely to be more biologically and clinically interpretable than cross-domain or cross-modality

analyses. Lastly, data characteristics-driven selection is a prior knowledge-agnostic approach that

prioritizes variables based on longitudinal availability and potential for statistical variation over
time. What this approach lacks in interpretability it makes up for in ability to generate novel insights
about multidomain, multimodality developmental patterns. This approach is also the most
reproducible as it relies only on innate properties of the data rather than external expertise or
notions of value. These philosophies are not necessarily mutually exclusive; we pursued a

combination of these four philosophies, with methodological emphasis placed on variability-driven

and domain-based selection.

4.4.2.1. Variability-driven selection

We first attempted to take a purely data-driven approach by prioritizing variables which had high
coefficients of variation (CV) across timepoints. CV, also known as the relative standard deviation,
is defined as the ratio of the standard deviation to the mean. It is a relative measure of variability
that allows for comparison between variables with different units, means, and distributions. For
each participant, we calculated the CV for each quantitative variable across all timepoints. Then
we generated ordered boxplots to visualize the distribution of CVs for each variable
(AppendixFigure 1). In financial time series analysis, CV is a metric used to assess volatility. We
anticipated that a variable with higher mean CV across participants would have more interesting

patterns of variability from which MVTS clustering methods could glean unique trajectory patterns.

AppendixTable 3 summarizes the four basic levels of measurement for a given variable. A
variable’s level reflects its intrinsic statistical properties, possible measures of central tendency
and variability, and most appropriate visualization. Of note, at time of writing, the ABCD Study
does not have a recommended strategy to distinguish numerical (quantitative) from categorical

(qualitative) variables (though this has since been addressed in Release 6.0, see Section
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6.2.3).2'° This is an important consideration because some variables may “appear’” numerical
without context. These variables, though recorded numerically, are purely categorical with the
numbers not representing a scale of any kind. To address this, we assumed a variable was

categorical if it had 10 or fewer unique values present in the dataset.

4.4.2.2. Domain-based selection

We also opted to select longitudinal features in a more “traditional” manner, drawing from ABCD’s
inherent domain-centric structure, collaborator expertise, and published work.

4.4.2.2.1. Mental Health

The Child Behavior Checklist (CBCL) is an inventory of the Achenbach System of Empirically

Based Assessment (ASEBA) School-Age Forms and Profiles. This parent-reported instrument
assesses youth competencies and psychopathology in dimensional terms. The Empirically Based
Syndromes scales were obtained through factor analysis, and items were grouped into the
following eight dimensions: Anxious-Depressed, Withdrawn/Depressed, Somatic Complaints,
Social Problems, Thought Problems, Attention Problems, Rule-Breaking Behavior, and
Aggressive Behavior (Table 12).207.21" Per Barch et al., we used raw scores, rather than age and
sex-adjusted T scores, to better capture relationships to developmental and sex differences
(Table 13).'® These eight CBCL syndrome scales were used, as opposed to other available

scales, due to their empirically derived factor structure.?'?

table_name var_name var_label

mh_p_cbcl cbcl_scr_syn_anxdep_r AnxDep CBCL Syndrome Scale (raw score)
mh_p_cbcl cbcl_scr_syn_withdep_r WithDep CBCL Syndrome Scale (raw score)
mh_p_cbcl cbcl_scr_syn_somatic_r Somatic CBCL Syndrome Scale (raw score)
mh_p_cbcl cbcl_scr_syn_social_r Social CBCL Syndrome Scale (raw score)
mh_p_cbcl cbel_scr_syn_thought r Thought CBCL Syndrome Scale (raw score)
mh_p_cbcl cbcl_scr_syn_attention_r  |Attention CBCL Syndrome Scale (raw score)
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mh_p_cbcl cbel_scr_syn_rulebreak r |RuleBreak CBCL Syndrome Scale (raw score)

mh_p_cbcl cbel_scr_syn_aggressive_r |Aggressive CBCL Syndrome Scale (raw score)

Table 13. ABCD mental health variable names and labels

4.4.2.2.2. Physical Health

ABCD includes measures of three pubertal hormone levels (estradiol in females only,

testosterone and DHEA in all participants) from saliva.?'® These were assessed at all 5 annual

timepoints. Anthropometrics (height, weight, waist circumference) were also measured annually.

The specific physical health variables we extracted from the ABCD dataset are summarized in

weight (lbs)
heightt? (inches)’

Table 14. We engineered a BMI feature by the following equation, BMI = 703 X
Of note, a total of 26 participants’ height and weight measures in the 5.0 release may have been
affected by data errors (decimal place shifts, transpositions, typos)), which we did not account for

(see Section 4.6.2.2 for further discussion).

table_name var_name var_label
ph_y_anthro anthroheightcalc Standing Height Average (inches)
ph_y anthro anthroweightcalc Average Measured Weight (Ibs)

Salimetrics hormone test DHEA mean of measures
ph_y_sal_horm |hormone_scr_dhea_mean |(pg/mL)

Salimetrics hormone test estradiol (HSE) mean of
ph_y_sal_horm |hormone_scr_hse_mean |measures (pg/mL)

Salimetrics hormone test testosterone (ERT) mean of
ph_y_sal_horm |hormone_scr_ert_mean measures (pg/mL)

Table 14. ABCD physical health variable names and labels

4.4.2.2.3. Neurocognition

The NIH Toolbox for the Assessment of Neurological and Behavioral Function (NIH-TB) is a
computerized, standardized assessment which measures performance across four domains:

cognition, motor function, sensation, and emotion. Specifically, the NIH-TB Cognition Battery

I See “ABCD 5.0 Changes and Known Issues - update June 22 2023 file on the NIMH Data Archive
website for more details?'4
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includes seven tests designed to |Cognitive construct |NIH-TB test

Executive/Attention Flanker Inhibitory Control and Attention*

tap  constructs - within - specific Executive/ Shifting Dimensional Change Card Sort

cognition subdomains. The tests Working Memory List Sorting Working Memory
Episodic Memory Picture Sequence Memory*
and corresponding  cognitive | anguage Oral Reading Recognition*
. . Language Picture Vocabulary*
constructs are summarized in - - -
Processing Speed Pattern Comparison Processing Speed*
Table 15 and described in more Table 15. Cognitive constructs and NIH Toolbox tests

detail in AppendixTable 4.215216 Of these seven, five were measured in more than 1,000

participants at 3 or more timepoints (starred in table).

4.4.3. Outcome measures

Kiddie Schedule for Affective Disorders and Schizophrenia for School-Aged Children (KSADS) is
a diagnostic semi-structured interview used to measure psychiatric disorders in children aged 6-
18 years old. It assesses current and past symptoms of depression, mood, anxiety, ADHD,
psychotic, and disruptive behavior disorders, among others.?'7:2'® Starting with the year 3 follow-
up, the ABCD study switched from KSADS 1.0 to 2.0, which includes better assessments of
autism spectrum and psychotic disorders. KSADS-COMP refers to the self-administered,

computerized version, which was used for information gathering in ABCD. 82

For outcomes related to broad psychopathology, we used measures from the KSADS Symptoms
& Diagnoses table (mh_y_ksads_ss), which captures DSM-V based symptoms and diagnoses
based on youth-reported responses to individual KSADS questions.?!'” Children answered
questions about present (past two weeks) and past (lifetime) mental health experiences. All

diagnoses and symptoms were ultimately coded as 0 (absent) or 1 (present).82

From this table, we selected all present diagnoses and symptoms at years 3 and 4, amounting to

96 and 226 variables respectively. This discrepancy is because, according to the ABCD Study’s
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prespecified assessment protocol, at year 3, only KSADS modules for suicide and substance use-
related behavior were collected, whereas a full KSADS was collected in year 4

(AppendixTable 5).182.219-221

4.4.4. Cohort selection

4.4.4.1. Longitudinal data considerations

Cohort selection was driven primarily by availability of repeat measures of variables of interest.
This availability was affected by (1) study protocol, (2) documented data release issues (3)
participant withdrawals, and (4) missed visits. Between data releases, instruments are re-
evaluated and can be found to be incorrect or misleading. For example, certain KSADS diagnostic
variables were not included in data release 4.0 because a review conducted by KSADS-COMP
originators revealed errors in diagnostic criteria which likely let to overestimates of several
disorder diagnoses.'®22'* The ABCD Retention Workgroup has characterized missing visits, late
visits, and participant withdrawals from the study up to and including year 3 follow-up.'®” Retention

patterns affect the availability of longitudinal variables suitable for MVTS clustering.

4.4.4.2. Which subset of timepoints?

In the context of prediction models, trajectory cluster labels can serve as model features and/or
model outcomes. For example, we could hypothesize that exposure X at baseline predicts
trajectory membership across the next 3 years. On the other hand, we could hypothesize that
inclusion of trajectory cluster label (y0-3) in a prediction model of some y4 outcome, like SIB, will
improve model performance compared to a single-timepoint model. To that end, we considered
three subsets of timepoints when selecting our cohorts:

(1) y0-y3: to find associations between pre-year 4 trajectories and year 4 outcomes (since

year 4 was the last available data release)
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(3) yO-y2: to find associations between pre-year 3 trajectories and year 3 outcomes (since
year 3 was the last full data release)
(2) y0-y4: to find associations between full trajectories and year 4 outcome (since this

approach made full use of all available longitudinal data)

4.4.4.3. Sex differences

In clustering experiments involving physical measures (pubertal hormones, anthropometrics) we
clustered males and females (sex at birth) separately due to (1) estradiol being measured only in
females in the ABCD study and (2) documented differences in pubertal development between
sexes.'®* Sex differences in mental health and behavioral patterns and outcomes have also been
well described in previous studies.®222 The ABCD variable “demo_sex_v2” captures sex at birth
by asking “What sex was the child assigned at birth, on the original birth certificate?”. Sex
assigned at birth differs from gender identity, though we did not investigate this relationship.
Previous work has applied the 2-step method to ascertain that 238 (5%) of youths identify as

gender diverse at year 4.223

4.4.4.4. Self-injurious behavior

Working backwards, we aimed to choose an outcome representative of adolescent well-being,
like self-injurious behavior (SIB), and identify multivariate trajectories within the group of
participants that exhibited that behavior at year 3. Using the KSADS diagnoses table mentioned
in Section 4.4.3, we developed an aggregate binary SIB measure based on all ten available youth-
reported, present suicidality diagnoses at year 3 (participant counts for each diagnosis are shown
in Table 16).2%4 If a participant had any of these ten measures present at year 3, they were

included in the SIB cohort (n = 441).
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Absent [Present [Missing |var_name var_label
9757 441 0 suicidal_agg Aggregate across ALL suicidality diagnoses (below)
9941 257 0 ksads2_23 905 _t [SelflnjuriousBehaviorwithoutsuicidalintentPresent
9947 251 0 ksads2 23 907 _t [SuicidalideationActivenonspecificPresent
10071 127 0 ksads2 23 906 t [SuicidalideationPassivePresent
10090 |108 0 ksads2 23 908 t [SuicidalideationActivemethodPresent
10140 |58 0 ksads2 23 909 t [SuicidalideationActiveintentPresent
10150 |48 0 ksads2 23 910 t [SuicidalideationActiveplanPresent
10165 |33 0 ksads2 23 911_t :;E[)aratoryActionstowardimminentSuicidaIbehaviorPre
10181 |15 2 ksads2 23 914 t [SuicideAttemptPresent
10187 |11 0 ksads2 23 913 t [AbortedAttemptPresent
10194 |4 0 ksads2 23 912 _t [InterruptedAttemptPresent
Table 16. KSADS SIB aggregate binary measure at year 3

4.4.5. Data preprocessing

4.4.5.1. Ordering participants by calendar age

During adolescence, even small calendar age differences can mean drastically different stages
of physical and mental development.?° Other groups performing trajectory clustering on the ABCD
dataset have used assessment periods as their timepoints of choice.?3?5 Since participant ages
are not uniform at each assessment period (Figure 39), we instead opted to use calendar age. It
is also a more granular, interpretable, and clinically meaningful way of ordering participants than
by assessment period.®? Also, the naming convention of the assessment periods (1 year followup,
2 year followup, etc) implies that participants have aged ~1 year between assessments, but this

is not always the case (Figure 43).

Another consideration is how to group half ages. For example, should a 13.5 year old be

considered 13 (as they would if they walked into a doctor’s office) or 14 (as they by decimal

rounding convention)? Another option is treating each half-age as its own timepoint to increase
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time series length and granularity, however
decreasing the number of participants at each

timepoint.

Given these considerations, we tried the
following approaches: (1) annual event, (2)
typical age rounding, (3) age integer floor
(clinical approach), (4) half years for maximum
granularity. Representative examples of these
approaches are shown in Figure 42.

For our final models, we used the third

approach, whereby a participant with age x

such that 11 < x < 12 would be considered 11.

After this age rounding, in cases where a
participant was the same age at consecutive
timepoints, we averaged values across those

timepoints.
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Participant age change between consecutive events
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Figure 43. Participant age change (in months) between consecutive yearly ABCD assessment events

4.4.5.2. Normalization relative to baseline

Following de Jong et al., for all variables, all time points were normalized relative to baseline by
(i) subtracting the baseline mean across all participants and (ii) dividing by the baseline standard
deviation across all participants.>* We calculated and saved the baseline mean and standard
deviation before converting to calendar age and applied the normalization with these saved values

after the conversion.
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4.4.6. Clustering Representation Learning on Incomplete time-series data (CRLI)

As discussed in Chapter 3 Methods, CRLI is among the recently developed deep learning
methods which simultaneously perform missing value imputation and clustering across MVTS
(Figure 30). We used the PyPOTS implementation of CRLI. Due to computational constraints, we
used the same default hyperparameters as in the original CRLI publication. See Section 3.4.4. for

further details.

4.4.7. Analysis

4.4.7.1. Clustering validation indices

As discussed in Chapter 3 Methods, we utilized internal clustering validation indices (CVI) to
select optimal cluster number since we did not have ground truth subgroups to compare against.
Specifically, we aimed to maximize Calinski-Harabasz and Silhouette indices and minimize

Davies-Bouldin and S_Dbw indices (Table 5).688487.89.148 See Section 3.4.5 for further details.

4.4.7.2. Outcome measures

We used the TableOne package to perform chi-squared tests to determine if outcome proportions
at years 3 and 4 differed between clusters.??5 All outcomes (KSADS diagnoses and symptoms)

were categorical and presented in the dataset as 0 (absent) or 1 (present).'®?

4.4.8. Visualization

4.4.8.1. Trajectories

Trajectories were visualized using (1) boxplots and (2) mean lineplots. Boxplots are more
informative, complete visualizations as they show the full spread of datapoints for each cluster at
each timepoint. Mean trajectories (with confidence intervals) sacrifice data completeness but are
more digestible for the viewer. We added a table at the bottom of both visualization styles which

includes counts of total measures taken at each timepoint. This captures the missingness in the
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cohort which is not immediately evident from the cluster participant counts in the legend. Finally,
we included barplots showing the average timepoint medians as a way of simplifying the cluster
comparisons for each variable. However, these barplots do not capture important trajectory

features like rates of change between timepoints and overall patterns of fluctuation.

4.4.8.2. Outcome measure proportions

We used stacked barplots to visualize differences in outcome proportions between clusters.
Barplots are ordered by ascending unadjusted chi-squared test p-value though we do report both
unadjusted and Bonferroni-adjusted p-values. TableOne internally applies the Bonferroni
correction by multiplying unadjusted p-values by the total number of tests performed.??® Barplot
column widths were scaled to the number of participants the outcome was measured in.
Accordingly, some outcomes are ranked highly due to low p-value but have very few observations.

In Results, we show the top 9 most significant outcomes (up to 0.1 unadjusted p-value).

4.4.9. Coding workflow

Our work was limited to the “core” directory in the ABCD 5.0 release, which we downloaded from

the NIMH Data Archive in 2023.2922'4 Qur full analytical workflow is as follows:

Initial measure filtering:

1) Read in tables/measures of interest informed by feature selection strategy [see Section
4.4.2]

2) Engineer any new measures of interest (ex: BMI from height and weight)

3) Optionally, drop any individual timepoints entirely (ex: year 4 due to incomplete data
release)

4) Optionally, subset to single sex and/or specific KSADS outcome (ex: SIB present at year

4) [see Section 4.4.4
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5) Very extreme outliers (z-scores > 10) were identified and treated as missing (replaced with
np.nan)

6) Ensure all measures are recorded for some minimum number of participants (ex: 100,
500, 1,000) at 3 or more timepoints

7) Keep only those participants who have all measures recorded at 3 or more timepoints

8) Drop any rows (single participant-timepoint data) which are NA (missing) for all measures
[this removes any empty timepoints for each participant but does not affect total subject

count]

Age conversion and normalization:

9) Calculate baseline mean and standard deviation for each measure

10) Convert assessment timepoint to age at assessment timepoint [see Section 4.4.5.1]

11) Average measurements in cases where participant has duplicate ages

12) Drop any ages for which there are very few participants (ex: 8, 14)

13) Keep only those participants who have all measures recorded at 3 or more ages (repeat
of step 7)

14) Normalize all timepoints (ages) relative to baseline by (i) subtracting baseline mean and
(ii) dividing by standard deviation (recorded in step 9)%

a) Save unnormalized data for plotting in step 18

Clustering:

15)Convert normalized dataframe to PyPOTS format (3D array of the shape
participants*timepoints*measures)
16) For each cluster number [2,9]:
a) Run CRLI on formatted array with default hyperparameters??” [see Section 4.4.6]

b) Calculate internal CVI
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c) Store clustering results (predict on same data CRLI was trained on)
17) Plot internal CVI values for each cluster number to inform best cluster number selection
18) For best cluster number, generate trajectory visualizations for each measure [see Section

4.4.8.1]

Outcome measure associations

19) For years 3 and 4, separately:
a) Retrieve present KSADS symptoms and diagnoses [see Section 4.4.3]
b) Merge outcome measures from (a) with cluster assignments from step 18
c) Perform chi-square tests of independence for all outcome measures and apply
Bonferroni adjustment to resulting p-values 225228-230

d) Visualize most significant outcome measures as stacked barplots
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4.5. Results

4.5.1. Experiment #1: Trajectories of pubertal hormones and BMI in female participants

Clustering trajectories of the three pubertal hormones (DHEA, testosterone, estradiol) and BMI

from ages 9-14 of female participants (n = 2,923) revealed 3 distinct subgroups.

4.5.1.1. Cohort selection

Estradiol was only measured in female participants, so we limited our cohort to females only to
maximize generalizability of our results.'® We further selected based on availability of all 4
physical health measures at 3 or more timepoints, per discussion in Hawes et al.®® After additional

preprocessing and filtering, our final cohort consisted of 2,923 participants (Figure 44).
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Figure 44. Experiment 1 cohort selection diagram
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4.5.1.2. Optimal cluster number selection
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Figure 45. Internal CVI for female physical health
clusters
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4.5.1.3. Trajectory visualization

Cluster 1 (orange, n = 377) was characterized by sharp increases in DHEA and testosterone

(ERT) after age 12 and an overall higher BMI than the other clusters. Cluster 0 (blue, n = 1,157)

had more modest increases in DHEA and ERT after age 12. Finally, Cluster 2 (green, n = 1,389)

showed the lowest levels across all measures and overall longitudinal stability (Figure 46). Mean

lineplot overlays with 95% confidence intervals are shown in AppendixFigure 2.
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Figure 46. Multivariate physical health trajectories of female participants

4.5.1.4. Associations of trajectories with outcome measures

Top significant associations between cluster membership and Year 3 KSADS outcomes revolved

mostly around suicidality and self-injurious behavior (Figure 47). Cluster 2 (green) had the lowest

proportions of participants exhibiting such behaviors and Cluster 0 (blue) had the highest. Suicidal

ideation and self injurious behavior were exhibited by 2.6% and 3.1%, respectively, of participants

in Cluster 2. In Cluster 0, those proportions were 4.5% and 5.1%.
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Figure 47. Year 3 outcome measure proportions per cluster

Top significant associations between cluster membership and Year 4 KSADS outcomes revolved
mostly around weight and eating-related behaviors (Figure 48). Cluster 1 (orange) had higher

proportions of participants exhibiting fear of becoming obese, weight control vomiting, and binge

eating.

K We report unadjusted and Bonferroni-adjusted chi-squared test p-values. TableOne package internally

applies the Bonferroni correction by multiplying unadjusted p-values by the total number of tests performed.
Barplots are ordered left-to-right by ascending unadjusted p-value.
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Figure 48. Year 4 outcome measure proportions per cluster

' We report unadjusted and Bonferroni-adjusted chi-squared test p-values. TableOne package internally

applies the Bonferroni correction by multiplying unadjusted p-values by the total number of tests performed.
Barplots are ordered left-to-right by ascending unadjusted p-value.
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4.5.2. Experiment #2: Trajectories of CBCL syndrome scale scores prior to self-injurious

behavior

Clustering trajectories of the 8 CBCL syndrome scale raw scores from ages 9-13 of participants

with an SIB diagnosis at year 3 (n = 310) revealed 4 distinct subgroups.

4.5.2.1. Cohort selection

We first limited our cohort to only those participants who were diagnosed with one or more of 10
KSADS self-injurious behaviors at year 3 (Table 16). We further selected based on availability of
all 8 CBCL syndrome scale raw scores (Table 12) at 3 or more timepoints. After additional

preprocessing and filtering, our final cohort consisted of 310 participants (Figure 49).
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Figure 49. Experiment 2 cohort selection diagram
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4.5.2.2. Optimal cluster number selection
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4.5.2.3. Trajectory visualization

Four of the total eight CBCL trajectories are shown in Figure 51. Cluster 1 (orange, n = 23) was

characterized by a rapid increase in Attention Problems and Withdrawn/Depressed behavior,

along with high levels of Social Problems and Thought Problems. Cluster 2 (green, n = 61)

exhibited a similar upward trend in Withdrawn/Depressed behavior but was otherwise stable or

moderately increasing. Cluster 0 (blue, n = 180) overall had the lowest and most stable scores.

Lastly, Cluster 3 (red, n = 46) was similar to Cluster 2 in Social Problems and Attention Problems,

similar to Cluster 0 in Withdrawn/Depressed behavior, and showed an overall longitudinal

decrease in Thought Problems. A brief summary of these trends is given in Table 17. Mean

lineplot overlays with 95% confidence intervals are shown in AppendixFigure 3.
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Figure 51. Multivariate CBCL trajectories of SIB-exhibiting participants
Cluster Social Attention Withdrawn/Dep |Thought
0 (blue) Low, stable Low, stable Low, stable Low, stable
1 (orange) High, increasing High, increasing Increasing High, stable
2 (green) Moderate, stable Moderate, increasing Increasing Moderate,
increasing
3 (red) Decreasing Moderate, decreasing Low, stable Low, stable

Table 17. Summary of Experiment #2 trajectory trends

131



4.5.2.4. Association of trajectories with outcome measures

Top significant associations with Year 3 KSADS outcomes reflect granular differences in
distribution of types of suicidality and self-injurious behavior across clusters (Figure 52). Cluster
3 (red) had the highest proportion of self-injury that could have resulted in death (first plot in
Figure) but the lowest proportion of suicidal ideation with intent to act (last plot in Figure). Cluster
2 (green) had the greatest proportion of participants ideating passively. Interestingly, Cluster 1
(orange) had lower proportions across the board, or in some cases similar proportions to Clusters

2or 3.
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Figure 52. Year 3 outcome measure proportions per cluster™

Top significant associations between cluster membership and Year 4 KSADS outcomes again
reflected suicidality, but also depression and anxiety (Figure 53). Cluster 1 (orange) was

associated with depressive symptoms, like anhedonia (inability to experience joy) and depressed

™ We report unadjusted and Bonferroni-adjusted chi-squared test p-values. TableOne package internally
applies the Bonferroni correction by multiplying unadjusted p-values by the total number of tests performed.
Barplots are ordered left-to-right by ascending unadjusted p-value.
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mood, while Cluster 2 (green) was associated with anxiety and worry. Both had higher proportions

of irritability. Clusters 0 (blue) and 3 (red) generally had very low proportions across all outcomes.
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Figure 53. Year 4 outcome measure proportions per cluster’

" We report unadjusted and Bonferroni-adjusted chi-squared test p-values. TableOne package internally
applies the Bonferroni correction by multiplying unadjusted p-values by the total number of tests performed.
Barplots are ordered left-to-right by ascending unadjusted p-value.
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4.6. Discussion
4.6.1. Conclusions

4.6.1.1. Informatics contributions

Our foremost informatics contribution is the deployment of CRLI in the context of a high-
dimensional, longitudinal observational cohort. At present, CRLI is the state-of-the-art one-stage
(joint optimization of imputation and clustering) incomplete time series clustering method. Thus,
our demonstration of feasibility and utility in this biomedical context is an important resource for
the broader research community focused on studying longitudinal trends in human health. The
analytical workflow we have produced is also fully reproducible since our dataset of choice is
publicly available. Additional functional contributions include comprehensive visualization
strategies which help with explainability of complex trajectory patterns. In this process, we made

contributions to the PyPOTS repository to uphold open-source community building.?31232

As discussed in Section 4.3, researchers working with ABCD and other clinical, epidemiological,
and developmental datasets, have relied on more traditional, model-based statistical approaches
to identify trajectory subgroups.3* We demonstrate that CRLI, and similar deep learning-based
clustering approaches, are a worthwhile consideration and may even capture trends that other
methods cannot. Our work lays the foundation for further analyses as more timepoints are
released in the future, including modalities that did not qualify at present due to too few repeat

measurements.233

MVTS clustering is able to elucidate latent trajectory patterns, but only if they exist in the first
place. In the process of characterizing the longitudinality of ABCD, we proposed an approach to
a priori identification of longitudinal measures that may be most informative to MVTS clustering

(Section 4.4.2.1). Though we did not flesh out our coefficient of variation idea completely, we offer
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it as an alternative to strictly domain knowledge-based or literature-informed feature selection. By
evaluating the inherent variation of each measure across all timepoints for all participants, this

approach can serve as a dimensionality reduction method before applying CRLI.

4.6.1.2. Specific experimental takeaways

Through cluster identification and association with KSADS outcomes, we were able to identify
protective trajectories and high-risk trajectories, which could inform clinical decision-making,
screening practices, and intervention design. CRLI is able to identify specific inflection points in
adolescent development where a subgroup may have an important shift in rate of change of one

measure or more.

In Experiment 1, subgroups identified based on hormonal and BMI trajectories were,
unsurprisingly, associated with year 4 outcomes related to weight control and eating disorders.
However, we also observed differences in proportions of, on the surface, unrelated outcomes like
bipolar and concentration disturbance, though these were measured in a smaller subset of the
cohort (Figure 48). In Experiment 2, we saw more marked cluster differences in thematic areas
like pleasure, worry, and depression, whereby some clusters had a “protective” influence against
certain outcomes (Figure 53). Year 3 outcomes were overall less informative than year 4, due to
a much smaller subset of youth-reported KSADS modules being administered in the former than
the latter (AppendixTable 5). Nevertheless, year 3 results from Experiment 2 showed value in
being able to identify specific subtypes of SIB associated with CBCL patterns (Figure 52). One
possible interpretation of Cluster 3 in Experiment 2 having (a) the highest proportion of self-injury
that could have resulted in death but (b) the lowest proportion of ideation with intent to act
(Figure 52) is that some participants may self-injure as an alternative to ideation. However, this
hypothesis requires careful analysis of the relevant KSADS lines of questioning and further causal

analysis before any conclusions can be made.

136



4.6.2. Limitations

4.6.2.1. Cohort selection

While the ABCD sample was designed to minimize selection bias, its representativeness of the
US population ultimately varies by the subset of the sample chosen for analysis and the specific
measure(s) under investigation.?** By enforcing a strict repeat measurement requirement as part
of our cohort selection criteria, we may have left out participants that had informative trajectories.
Though enforcing this minimum is consistent with recommendations involving developmental
studies, it is nonetheless a limitation of our approach to longitudinal analysis.®? It is also a function
of the ABCD protocol, which specifies inconsistent measurement cadences between
modalities.?°" As more timepoints become available through future ABCD releases, this same
criteria will result in fewer excluded participants. In Aim 3, we explore the imputation ability of

CRLI and VaDER to see if clusters can be identified even in the context of sparser time series.

4.6.2.2. Data preprocessing

There are several additional data preprocessing and feature engineering steps that we could have
added to our workflow. We used the equation typically used for adults to calculate BMI for our
cohort. For our population of children and teens, a more appropriate approach may have been to
use sex-specific BMI-for-age percentiles.8-235 Another option would have been to use height and
weight as individual longitudinal variables instead of calculating BMI at all. With regard to pubertal

hormone measures, we did not apply data cleaning protocols that have been outlined by others. 8

Per the ABCD 5.1 Changes and Known issues document, Release 5.0 contained data
missingness issues affecting KSADS scores, CBCL summary scores, and BPM summary scores,
among others, which were updated in 5.1.2%¢ Though 5.1 was released after we conducted our

analyses, our results may have been impacted by these data quality issues. Release 5.0 also had
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a number of errors in weight and height measures. Though some may have been caught in the

outlier removal step of our workflow, others may have remained and affected BMI calculations.

4.6.2.3. Clustering

Due to computational constraints, we did not perform an exhaustive search of the CRLI
hyperparameter space (Table 9). Doing so may have resulted in more precise clustering results.
Also, we could have selected a more comprehensive set of internal CVI on which to base our
optimal cluster number selection. Besides the non-highlighted measures in Table 5, others used
in related work include prediction strength and the Ray & Turi criterion.5488 |n terms of
visualization, we could have included a 2D representation of the latent space derived by CRLI to
show better show cluster separation.3?33 Lastly, our trajectory boxplots could have benefited from
inclusion of reference ranges, however this was complicated by the lack of widely accepted
ranges in the pediatric population, compared to adults. We posit that work like ours on a large,
diverse, developmental study like ABCD can inform decision-making on how reference ranges

are established.

4.6.2.4. Outcome measures

Our work only analyzed cluster associations with youth-reported KSADS measures, however
inclusion of parent-reported measures could have broadened our conclusions
(AppendixTable 5).12182 We also did not consider non-KSADS outcome measures that could also
be representative of adolescent well-being, such as academic performance, sleep, and peer

relationships.2%7

4.6.3. Future directions

A comparative analysis between CRLI and other multivariate trajectory subgroup identification

methods, like representation learning, mixture modeling, distance-based clustering, and others,
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could serve as a valuable benchmark and demonstrate pros and cons for each approach.?7:62 That
said, CRLI and similar methods can be computationally expensive and not immediately digestible
for the average patient, researcher, or clinician. Another useful comparison would be against
simple statistical aggregate measures, like deltas, quantiles, and reference ranges. Performing
more basic clustering, like k-means, on such engineered longitudinal measures could also be an

interesting future study.

The significant statistical associations we identified with outcome measures warrants an
investigation into the performance of predictive models using cluster membership labels as
features, along with other engineered longitudinal features or single-timepoint features.6%176 As

discussed in Section 4.4.4.2, cluster labels can serve as model features and/or model outcomes.

To take a step further, we can apply analytical and machine learning approaches to highly
associated or predictive features to develop a more causal understanding of these

relationships.238

In our longitudinal variable selection process, we ran into some preprocessing conundrums that
could be tackled with help from a large language model (LLM). An LLM could be leveraged to (1)
more confidently distinguish categorical from numerical variables, (2) identify variables across all
domains that are related under a framework like The Research Domain Criteria (RDoC), and (3)
given clustering results, generate nuanced trajectory summaries that are more descriptive than
our offering in Table 17. A 2024 study by Ralevski et al. found that LLMs (GPT-4) could scalably
and accurately identify instances of complex SDoH (housing instability) in the EHR.23%240 While
this gives us confidence that LLMs could accomplish similarly complex tasks according to our

desired use cases, any LLM-generated insights would need to be validated by a domain expert.
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Lastly, to fully harness the breadth and depth of ABCD, phenome-wide and genome-wide
association studies could be performed to see which phenotypes, exposures, and genetic
variations are associated with trajectories when many domains and instrument types are
analyzed.?*'-244 These results can be visualized with Manhattan plots, which convey association
testing results much more efficiently than our stacked barplot approach (AppendixFigure 4). We
can expand our association testing beyond outcome measures to include baseline risk factors
like demographics, physical health, parent mental health, environment, traumatic life events,

pregnancy exposures, family income, and more. 169
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4.7. Conclusion

In Aim 2, we evaluated CRLI's ability to identify multivariate trajectories of adolescent
development in the ABCD dataset. We showed that CRLI is able to capture nonlinear trends in
the context of a longitudinal observational cohort with a regular assessment cadence and high
retention. Beyond the methodological takeaways, we showed that trajectory subgroups had
variable associations with KSADS outcomes, emphasizing the value of person-centered
approaches to understanding the individual heterogeneity inherent to adolescent maturation. Our
findings indicate, like previous work in this area, that cross-sectional study of ABCD is not fully
informative and that time series clustering captures trends and patterns that statistical aggregate
measures do not fully reflect. Future work should compare the performance of one-stage deep
clustering methods head-to-head with more traditional model-based methods, like GBTM, to

validate these conclusions.

Thus far, we have explored one-stage MVTS deep clustering applicability in real-world and
observational cohort contexts. Both aims reflected the immense variation that is inherent in
biomedical time series data, across properties like trend, length, regularity, missingness,
dimensionality, and more. We were left wondering (1) how much missingness is tolerable before
latent clusters cannot be identified, (2) whether performance suffers when clusters are of greatly
different sizes, and (3) how much length of time series affects discernment of distinct trajectories,

among others.

In Aim 3, we sought to answer questions like these using synthetic time series data that we
generate ourselves. Our goal is to systematically vary a number of time series and dataset
properties in order to ascertain the limitations of VaDER and CRLI, the current state-of-the-art

incomplete MVTS deep clustering methods. In the context of the dissertation, Aim 3 complements
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Aims 1 and 2 by (1) formalizing those TS- and dataset-specific properties by which different MVTS
clustering tasks can vary and (2) generating synthetic datasets based on variations in these

properties to assess method performance under complex conditions.
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5. Aim 3: Assessing the ability of CRLI and VaDER to detect trajectories in synthetic
datasets under diverse data constraints

5.1. Introduction

Thus far, to better understand how and when incomplete multivariate time series (MVTS) deep
clustering methods are useful in biomedical research data exploration, we have explored the
ability of Clustering Representation Learning on Incomplete time-series data (CRLI) to detect
meaningful trajectories in two real-world biomedical datasets, NIH All of Us and the Adolescent
Brain Cognitive Development (ABCD) Study. In Aims 1 and 2, we observed that, despite irregular
timepoint intervals, small cohort sizes, and data sparsity, CRLI was able to identify distinct clusters
that had biomedical value. We also observed that MVTS clustering scenarios datasets can vary
greatly across a number of (1) time series properties, like length, noise, missingness, and trend,
and (2) dataset properties, like number of variables, number of clusters, and cohort size. While
real-world datasets can inform our understanding of these properties, generating our own
synthetic data can allow for finer-grained control over each property and a deeper understanding
of each method’s limitations. To date, a robust simulation-based evaluation incorporating diverse
data constraints has not been conducted in the incomplete MVTS setting. In Aim 3, we assess
the ability of IMVTS deep clustering methods to detect meaningful trajectories in synthetic

datasets under diverse data constraints.

Though it was the focus of our earlier aims, CRLI is not the only available one-stage, incomplete
MVTS deep clustering method. At the time of CRLI's publication in 2021, Variational Deep
Embedding with Recurrence (VaDER), published two years earlier in 2019, was the state-of-the-
art method against which CRLI was evaluated. The authors of CRLI critiqued VaDER’s
architectural shortcomings and demonstrated CRLI’s superior performance on 7 out of 8 real-

world benchmark MVTS datasets. However, in a few cases, the two methods were on par with

143



each other, warranting further investigation into when and why one method may outperform the

other and produce clusterings more credible for downstream analysis.

In the context of the dissertation, Aim 3 complements Aims 1 and 2 by (a) formalizing those time
series- and dataset-specific properties by which different MVTS clustering tasks can vary, (b)
generating synthetic datasets based on variations in these properties to assess methods under
complex conditions, (c) reporting VaDER and CRLI performance on comprehensive external
clustering validation metrics, and (d) exploring multiple alternative 2D visualizations of learned

latent representations to qualitatively understand cluster separation behavior.
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5.2. Background and Significance

5.2.1. Benchmark dataset considerations

Challenging, diverse, and established benchmark datasets are crucial for the comparative
evaluation of any group of machine learning methods, and clustering is no exception. To build
such datasets, empirical (real-world) data from domains of interest can be sourced and used (1)
as is, (2) post-modification (adding outliers, noise, missingness), or (3) as input for simulations.

This last category, realistic simulations, is distinct from synthetic simulations, which are generated

based on a set of carefully considered a priori technical assumptions. While some important
characteristics of method performance can be derived from empirical datasets, the most important
evaluation criteria cannot be assessed since we cannot isolate and manipulate the true values of
the underlying parameters we are interested in. On the other hand, simulation studies allow us to
investigate the behavior of methods when applied to synthetic datasets with known properties,
like those summarized in Table 18. While it is impossible to predict beforehand how well a method
will work on a particular dataset, simulations can at least provide systematic evidence of how
methods perform on synthetic datasets with similar properties.?*®> Thus, including a combination
of empirical and simulated datasets when constructing a benchmark dataset archive is important

for holistic evaluation of clustering methods.?46

5.2.2. Empirical MVTS data

The UEA° time series archive (30 multivariate datasets, AppendixTable 6) is currently the
standard consolidated benchmark for evaluating MVTS clustering methods.?4724 There are also
a handful of MVTS datasets scattered across other popular archives like (UCR, UCIP).33,56,64,249,250

While these datasets are diverse across properties like time series length, cluster number, and

© Collaborative effort between University of East Anglia (UEA) and University of California, Riverside
(UCR) researchers
P University of California, Irvine (UCI) Machine Learning Repository
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variable number, their focus is rarely on the kinds of short, sparse (high missingness) time series

that are common in many biomedical applications.%*

5.2.3. Longitudinal biomedical dataset properties

Longitudinal datasets, and biomedical ones in particular, can vary greatly depending on a number
of factors.60251-253 These include data source (EHR, observational cohort, clinical trial), care
setting (inpatient, ambulatory), and disease prevalence (common: type 2 diabetes, 10% of US;
rare: cystic fibrosis, 0.01%) and timespan (acute, chronic). As it relates to multivariate time series

(MVTS) clustering, this variation manifests across a number of properties listed in Table 18.

Results from Aims 1 and 2 results reinforce this notion. Aim 1 investigated trajectories of chronic
disease treatment response as measured by routinely collected measures from the EHR. Aim 2
explored trajectories of development from childhood to adolescence as measured by emotional,
behavioral, and physical assessments from a longitudinal observational cohort. While the same
clustering kinds of clustering methods (VaDER, CRLI) can be applied in both cases, the datasets
themselves differ across the aforementioned properties in Table 18. Variation in these properties
may impact clustering performance because differences in architectures between VaDER and
CRLI can impact their respective abilities to cope with that variation (see Section 2.4.3 for further

discussion).

To diversify the current empirical data-dominated MVTS clustering evaluation landscape, and

augment it specifically with longitudinal biomedical contexts in mind, we propose a synthetic

simulation approach to MVTS dataset generation that emphasizes moderate-to-high missingness
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rates (50%+), short time series (<20 timepoints), small sample sizes (<1,000), and noisy

distributions.d

Properties Example medical scenario

Trend & rate of change?®? e Increasing: BMI, cognition
e Decreasing: vision, bone density
e Seasonal/cyclic: hormones, body mass

Transition(s) between stable e Effect of exposure (medication,
states environment, procedure)®
Noise e Intra- and inter-patient variability?%3
) . . e Measurement error
T'me:rir")eesrt\i’:;'able Autocorrelation e Blood sugar concentration??

Length (# of timepoints) e Acute vs. chronic®*

e Discrete vs. continuous monitoring?>®
Missingness proportion e Loss to follow-up'®”

e Monitoring guidelines
Missingness type (MCAR, e Data quality
MAR, MNAR)%” e Disease severity

e Ascertainment bias

Clinical phenotypes
Disease population subtypes?®

Clinical availability
Study protocol
Ambulatory vs. hospital-based care®®’

# of clusters

# of variables

Dataset properties

Population/sample size?%3

Rare diseases

Typical vs. nontypical disease course
e Cohort selection criteria

Table 18. MVTS data properties and corresponding biomedical scenarios

# of samples (total, per cluster)

9 See Section 2.3 for discussion of these and other longitudinal data challenges
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5.3. Related work

Here we discuss the state of benchmarking for MVTS deep clustering methods, the evaluation
procedures undertaken by the authors of VaDER and CRLI in their respective publications, and
some existing techniques for synthetic biomedical time series generation. Our work fills a gap in

the literature left by the combination of approaches that have been taken thus far.

5.3.1. Deep TS clustering benchmarking

To date, Lafabregue et al. are the only group to have conducted an extensive comparative study
of deep clustering methods in the context of multivariate time series data. Notably, they broke
each method down into three components, (1) architecture (type, number, and configuration of
layers), (2) pretext loss, and (3) clustering loss (latent space separability), and evaluated
combinations of these components (see Section 2.4.1 for discussion of these components). They
applied 300 such combinations to 128 univariate datasets (UCR archive) and 30 multivariate
datasets (UEA archive).? Though these archives were originally designed to evaluate supervised
classification methods, they have been commonly used as a standard benchmark in the clustering
field. While the UEA multivariate archive is robust, having sourced datasets from diverse areas of
application (Human Activity Recognition, Motion classification, ECG classification, EEG/MEG

classification, Audio Spectra Classification), it includes no series with missing data.?*” Thus,

Lafabregue’s scope did not include one-stage (imputation included) methods like VaDER and
CRLI, though their analysis did include VADE and DTCR, clustering losses which VaDER and

CRLI, respectively, draw from.

5.3.2. Benchmarking performed in VaDER and CRLI publications

de Jong et al. (2019) introduced VaDER and evaluated its performance on four real-world
benchmark datasets (from UCI/UEA archives) and more than a hundred simulated datasets. For

the synthetic portion, they used mixtures of vector autoregressive (VAR) processes to simulate
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3-cluster MVTS datasets with 4 variables across 8 timepoints (AppendixFigure 5). An adjustable
clusterability parameter (A) was used to generate datasets with varying levels of separability. To
assess the imputation ability of VaDER, they introduced various amounts (0-90%) and types
(MCAR, MNAR)" of missingness and chose cluster purity as their measure of performance. Thus,
while their experiments did explore missingness type and proportion, and clusterability and trend,
they did not vary other properties such as number of variables, number of timepoints, number of
ground truth clusters, and number of samples per cluster.>* Furthermore, they reported only a
single external cluster validation metric (purity), which is not sufficient to fully understand

performance.

Ma et al. (2021) introduced CRLI and compared its performance to VaDER’s on 8 real-world
datasets (Table 19), but not on synthetic data in a controlled environment. They also tested
several two-stage methods, first imputing by using one of three imputation methods (ZERO,
GAIN, BRITS)s, then applying one of five clustering methods (KS, DEC, IDEC, DTC, DTCR).! 6 of
the 8 datasets (i) were univariate and (ii) had missingness ratios of 6% or less. The other 2
datasets (BloodSample, Physionet), both from the medical domain (highlighted in yellow in
Table 19), had (i) the same number of true clusters (two), (ii) similarly high missingness ratios
(80-86%), and (iii) larger training sizes (700+) than the other 6 datasets. Across the clustering

indices the authors reported, which did not include ARI, VaDER was competitive with CRLI on

these 2 sparse, multivariate biomedical datasets, especially PhysioNet. This is shown in Table 20,

which is summarized from the CRLI supplement.Y In a separate analysis, Ma et al. performed an

"MCAR = Missing Completely At Random; MNAR = Missing Not At Random

$ ZERO = zero imputation; GAIN = Generative Adversarial Imputation Nets; BRITS = Bidirectional Recurrent
Imputation for Time Series

tKS = k-Shape; DEC = Deep Embedded Clustering; IDEC = Improved Deep Embedded Clustering; DTC =
Deep Temporal Clustering; DTCR = Deep Temporal Clustering Representation; MVTS imputation and deep
clustering loss functions are discussed in Sections 2.4.2 and 2.4.1.3, respectively

Y Ma et al. repeated each experiment 5 times and recorded the average results and corresponding standard
deviations (shown in parentheses) as measurements for stability.
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assessment of CRLI's imputation ability by randomly dropping 20% of the values of the first 20
datasets in the UCR archive (AppendixTable 7), but this analysis did not include VaDER and

included different datasets than the aforementioned 8.

Datasel Clusters Length Dim  Missing raliol%) #1tain  #lest  Domain
Ali-vl 2 932 | 1.84 20 13 microarray
Ali-v2 3 1030 | 1.59 43 19 mucroarray
Ali-v3 - 1030 | 1.59 43 19 mucroarray

BloodSample 2 20 10 83.72 07T 176 medical
Chen 2 2328 | 231 125 54 microarray

Vote 2 16 | 541 03 131 media

Liang 3 2505 | 0.79 25 12 microarray

Physionet 2 48 35 80.52 2798 1199 medical

Table 19. Statistics of real-world datasets used to evaluate CRLI against other methods®?

Dataset Metric VaDER CRLI A (CRLI - VaDER)
RI 0.67 (0.06) 0.85 (0.02) +0.18
NMI 0.20 (0.00) 0.52 (0.04) +0.32
BloodSample 2 ey 0.80 (0.05) 0.92 (0.01) +0.12
ACC 0.79 (0.05) 0.92 (0.01) +0.13
RI 0.70 (0.10) 0.76 (0.00) +0.06
Physionet  |NMI 0.03 (0.00) 0.01 (0.01) 002
Purity 0.86 (0.00) 0.86 (0.00) 0.00
ACC 0.82 (0.11) 0.86 (0.00) +0.04

Table 20. VaDER vs. CRLI performance on real-world multivariate datasets with high missingness®

5.3.3. Synthetic time series generation approaches

Several methods exist to generate generic and biomedical-specific synthetic time series. These
include generative adversarial network (GAN) architectures (Wasserstein GAN, DéppelGANger),
vector autoregressive processes (used in the original VaDER paper), and longitudinal plasmode
simulations.%4251258 GAN architectures and plasmode simulations use existing data to generate
synthetic, privacy-preserving data that resembles the original with regard to underlying

distributional and correlation patterns. Isasa et al. developed an evaluation framework to measure
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the resemblance between synthetic time series and the real time series they were generated from,
but autocorrelation was the only time-series-specific metric they calculated. They mention that
other time series-specific features worth checking for resemblance on include central tendency
(mean, median, mode), variability metrics (range, variance), trend metrics (slope), and seasonality
metrics (cycle).?®' Vector autoregressive processes, originally developed for financial analyses,
are used to mathematically model variable auto- and cross-correlations between multiple time
points. While these methods have been shown to generate realistic biomedical time series data,
they do not allow for fine-grained control over the specific time series properties we intend to

manipulate, like those mentioned by Isasa et al. and those described in Table 18.

5.3.4. Gaps in benchmarking and synthetic data Aim 3 will address

Thus far, benchmarking of incomplete MVTS deep clustering methods has been restricted to real-
world and synthetic datasets with limited variability across important time series properties.
Characterizing the robustness of such clustering methods to the inconsistent data landscape
(Table 18) often encountered when working with biomedical datasets motivates Aim 3.
Lafabregue et al. performed extensive evaluations of many methods but did not include one-stage
methods, like VaDER and CRLI, in their scope. De Jong et al. generated synthetic datasets to
evaluate VaDER but explored a limited set of properties. Ma et al. compared CRLI and VaDER
performance on only 2 multivariate datasets with high missingness. Neither de Jong et al. nor Ma
et al. reported performance on ARI in their results. Our goal is to generate many unique synthetic
datasets by systematically varying a number of time series and dataset properties in order to
ascertain the limitations of VaDER and CRLI, two notable one-stage methods. We believe the
collection of experiments described here lays the foundation for a future, more exhaustive

benchmarking framework by which any incomplete MVTS clustering method can be evaluated.
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5.4. Methods

5.4.1. MVTS dataset generating process

The Python library mockseries grants direct control over synthetic dataset properties (numbers
of clusters, variables, samples) and time series properties (trend, seasonality, noise).?>°® We divide

these into dataset and variable style properties (Table 21) based on how and when they are

modified in our overall data generation process (Figure 55).Y We created 20 unique MVTS
datasets (Table 26) by randomly selecting 20 integers (known as scenario seeds) from {0,100}
and using them as seeds to sample values uniformly from the dataset property sample spaces in
Table 21. The following sections (1) describe how we used mockseries to design 7 time series
variable styles with distinct shapes, (2) show visualizations of how different mockseries

modifications affect time series models, and (3) report our dataset properties in full.

Properties Sample spaces
Time series length (# of timepoints), T {3, 5, 10, 15, 20, 50}
Noise (Gaussian), € 2,::?2;0{1, 2,3,4,5,6,7, 89,10}
Dataset Missingness proportion, m {0,0.1,0.2,0.3,0.4,0.5,0.6, 0.7, 0.8, 0.9}
# of clusters, K {2, 3, 5, 10, 20, 30, 50}
# of variables, P {2,3,4,5,6,7}
# of samples per cluster, n {10, 25, 50, 100, 200, 500}
Trend, rate of change
Variable style |Transition Discussed in following section
Seasonality

Table 21. MVTS data properties and search spaces used for dataset generation

5.4.1.1. Using mockseries to design distinct variable styles

The mockseries package is implemented as a collection of components, each of which has
several types that model specific longitudinal patterns (Table 22). Each type of component is

modified by a set of parameters (Table 23). For example, LinearTrend is modified by coefficient

v We acknowledge that some dataset properties could be modified at the variable level
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(slope) and flat_base (intercept), SinusoidalSeasonality is modified by amplitude and period, and

so on. Component types can be combined additively or multiplicatively to create time series

models of varying shape and complexity (Figure 54).

Component

Types

Modeling situations

LinearTrend, ExponentialTrend, FlatTrend,

Long-run movement and discrete regime

Trend Switch" changes
Seasonality %nusoidalSeasopality, DainSeasoninty, Cyplic patterns and con_straint-driven
eeklySeasonality, YearlySeasonality daily/weekly/yearly profiles
Transition® DirectTransitiqr_w, LinearTransition, Ho_w a Switch moves bc_atween base and
LambdaTransition switch values (instant, linear, or custom)
Noise GaussianNoise, RedNoise Additive white and autocorrelated (red) noise
Interaction  [Additivelnteraction, Multiplicativelnteraction [Strategy to combine components
Table 22. Mockseries components, types, and modeling situations
Component Type Parameters
Trend LinearTrend coefficient, time_unit, flat_base
ExponentialTrend factor, time_unit, base
Trend Switch start_time, base_value, switch_value, stop_time, transition
Transition LinearTransition transition_window, stop_window
LambdaTransition transition_window, transition_function, stop_window, stop_function
Seasonality [SinusoidalSeasonality [amplitude, period, offset
Noise RedNoise mean, std, correlation, random_seed

Table 23. Selected component types and the parameters that modify them

W Switch is a component type used to move the time series from one value to another.
X Transition components are used to define the time window and shape of change within a Switch. See
mockseries documentation for further details.
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Figure 54. Mockseries component combinations yield time series models of varying shape & complexity

We define a variable style as a group of time series models that have the same mockseries

component equation. We use the term variable since we are building multivariate time series

datasets. We use the term time series model because we later sample from these models to

populate those datasets. We constructed 5 variable styles (Table 24) inspired by longitudinal
biomedical trajectories we encountered in our own work and the literature.*¢° We combined a
subset of these (Variables 0, 1, 2) to create 2 additional variable styles (Variables 5 & 6) to

explicitly model cross-correlation between variables. We utilized ChatGPT to inform parts of

our variable style design (specifically, Variables 3 and 4). In particular, we prompted ChatGPT

to extend the design approach we used for Variables 0, 1, and 2 to build mockseries component
equations that could generate (i) U-shaped and (ii) exponentially increasing time series models.
After a few rounds of iteration, ChatGPT composed satisfactory equations for Variable styles 3

and 4, shown in Table 24.
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Variable style [Description Biomedical analogies Mockseries component equation
. Linear Hormones; heart rate LinearTrend() + SinusoidalSeasonality() +
Variable 0 . . o .
sinusoidal variability; gradual recovery |RedNoise()
. Linear transition [Acute episode; treatment  |Switch(LinearTransition) + RedNoise()
Variable 1 ;
response/adaptation
Variable 2 Two linear Dose escalation; stepwise |Switch(LinearTransition) +
transitions combination therapy Switch(LinearTransition) + RedNoise()
Variable 3 U-shaped curve [Biomarker rebound; stress |FlatTrend() + Switch(LambdaTransition) +
response Switch(LambdaTransition) + RedNoise()
Exponential Aggressive disease; FlatTrend() * ExponentialTrend() *
Variable 4 increase runaway metabolic process |[(FlatTrend() - Switch(LambdaTransition))
+ Switch(LambdaTransition) *
ExponentialTrend()] + RedNoise()
Variable 5 VarO+Var1 |- Variable 0 + Variable 1
Variable 6 VarO*Var2 |- Variable 0 * Variable 2
Table 24. Biomedical analogies for designed variable styles

As previously mentioned, each type of mockseries component is modified by a set of parameters.

Since variable styles are each defined by a specific mockseries component equation, we can

generate unique time series models of a given variable style by randomly sampling from search

spaces of each component’s parameters (Table 25).

sinusoidal

Variable style Mockseries component |Parameter Sample space
{0, 5, 10, 15, 20, 25, 30, 35,
40, 45, 50, 55, 60, 65, 70, 75,
flat_base 80, 85, 90, 95}
coefficient {-20, -15, -10, -5, 0, 5}
Variable 0: Linear LinearTrend time_unit_days {365}

{0.0,0.5,1.0, 1.5, 2.0, 2.5,
3.0,35,4.0,4.5,5.0,5.5, 6.0,
6.5,7.0,7.5,8.0,85,9.0,

Switch

amplitude 9.5}
{180, 270, 360, 450, 540,
SinusoidalSeasonality period_days 630}
start_time conditioned on T
{0, 5, 10, 15, 20, 25, 30, 35,
Variable 1: Linear 40, 45, 50, 55, 60, 65, 70, 75,
transition base value 80, 85, 90, 95}

switch_value

{5,6,7,8,9,10, 11,12, 13,
14,15, 16, 17, 18, 19}
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LinearTransition

transition_window_days

{180, 210, 240, 270, 300,
330, 360, 390, 420, 450, 480,
510, 540, 570, 600, 630, 660,
690}

Variable 2: Two
linear transitions

Switch

start_time 2

conditionedon T

base_value 2

{0, 5, 10, 15, 20, 25, 30, 35,
40, 45, 50, 55, 60, 65, 70, 75,
80, 85, 90, 95}

switch_value_2

{5,6,7,8,9,10, 11,12, 13,
14, 15, 16, 17, 18, 19}

LinearTransition

transition_window_days_2

{180, 210, 240, 270, 300,
330, 360, 390, 420, 450, 480,
510, 540, 570, 600, 630, 660,
690}

{5, 10, 15, 20, 25, 30, 35, 40,

FlatTrend center_level 45}
{75, 80, 85, 90, 95, 100, 105,
110, 115, 120, 125, 130, 135,
left_edge_level 140, 145}
{75, 80, 85, 90, 95, 100, 105,
_ 110, 115, 120, 125, 130, 135,
Variable 3: U- Switch right_edge_level 140, 145}
haped
shaped clirve {0.5,0.6,07,08, 0.9, 1.0,
1.1,12,13,1.4,15,16,1.7,
left_gamma 1.8, 1.9}
{0.5,0.6,0.7,0.8, 0.9, 1.0,
11,12,13,14,15,16, 1.7,
right_gamma 1.8, 1.9}
LambdaTransition time_to_valley conditionedon T
Switch inflection_timepoint conditioned on T
Variable 4:
Exponential start_level {30, 35, 40, 45, 50, 55, 60}
increase {1.2,1.21,1.22,1.23, 1.24,
FlatTrend right_rate 1.25, 1.26}

Table 25. Variable style components, parameters, and parameter sample spaces

5.4.1.2. Ensuring cluster reproducibility

To create unique clusters that are different from each other across all variable styles, we ensure

that the sampling behavior across all component parameters is controlled by the same seed

(“cluster seed” in Figure 55). For a given MVTS dataset, we selected K (# of clusters) random

integers from {0,100} so that each integer could act as a seed corresponding to the unique set of
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component parameter values that defines that cluster's variables. Thus, one cluster seed
corresponds to one distinct time series model from each variable style. Cluster seeds are
consistent across datasets, meaning, for example, cluster seed 73 in datasets
RandomScenario_seed-48 and RandomScenario_seed-91 generate the same component
parameters, but the time series models themselves may be different due to different dataset
properties selected by the scenario seed.Y While providing a mapping of every cluster seed to its
corresponding parameter values would be too space intensive, we show the mapping for
RandomScenario_seed-81 in Table 28. The corresponding trajectory visualization for that dataset

is shown in Figure 69. Cluster seeds are used to label the clusters they generated in figures later

on.
Figure 56 shows some representative visualizations of the variety of time series models we are
able to generate from each variable style with this workflow. For each variable style, each time

series model shown has the same component equation but different parameter values. Those

parameter values are chosen by sampling from predefined spaces (Table 25). Each color in this
figure can be interpreted as a multivariate time series cluster that can be sampled from to create
a dataset. The differences between the clusters can be visually understood and characterized per
variable. For example, the green cluster has a flat Variable 0 and a flat Variable 1 until a linear
decrease at timepoint 2030. Conversely, the red cluster has a decreasing Variable 0 and a linear
transition in Variable 1 around 2024. This sampling process can be extended to any number of
clusters, where each cluster has a unique seed that controls the selection of its variable style

component parameters, though we show only 5 mock clusters in Figure 56.

Y The exception to this rule is the subset of component parameters which have sample spaces conditioned
on time series length, T, which is a dataset property set by the scenario seed. These are start_time,
start_time_2, time_to_valley, and inflection_timepoint.
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Of note, though we generated all 7 variable styles for each cluster in every dataset, we kept only
a random subset of them, as determined by the dataset property P (# of variables). For each of
the 20 datasets generated, the (i) scenario seed used to select dataset properties, (ii) K cluster
seeds randomly selected from {0,100}, and (iii) P variable styles randomly selected from the 7

total are reported in Table 27. Our entire data generation process is diagrammed in Figure 55.

In summary, we designed a process that can generate MVTS datasets in a reproducible manner
(Figure 55). Each dataset is a 3-dimensional array with axes of samples, timepoints, and
variables. Variables in a dataset are unique time series models generated from 2 or more of 7
variable styles (Table 24) we designed using mockseries. Each variable style has its own
mockseries component equation, which can be used to generate unique time series models by
changing the parameter values of each component (Table 25). Within each dataset, clusters are
distinguishable by their distinct set of parameter values across all variables (reproducibility is
ensured by each cluster having its own seed). Thus, variables which come from the same style
have the same overall “shape” across datasets, but can be quite different from cluster to cluster
(Figure 56). Finally, an experiment/scenario is the application of both VaDER and CRLI to a single

dataset, which will be discussed in coming sections.
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5.4.1.3. Sampling from models to create scenario datasets

After generating a set of time series models (per variable style, per cluster), we sampled from
each model n times at T timepoints to create MVTS datasets with ground truth cluster labels. We
used cluster seeds directly as cluster labels to maintain consistency across scenarios. Figure 57
shows an example of this sampling behavior with T= 10, n =100, K = 5, and cluster seeds = {38,

73,76, 71, 69} for Variables 0 and 1 (left and right columns, respectively).

5.4.1.4. Missingness injection

For each sample array, the number of indices selected for replacement with missing is determined
by the missingness proportion, m, and the length of the time series, T. We randomly select m*T
(truncated to integer) indices from each array and set them to NA. Figure 58 shows an example
of this behavior using the same samples from Figure 57 (first row) with m = 0.7 (second row). In
the second row, the original sample time series are shown faintly in gray, while the post-
missingness time series are shown in their respective cluster colors, demonstrating the proportion

of values (70%) that were dropped.
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5.4.1.5. Dataset properties

The following set of figures show how the modification of dataset properties affects time series
models for a single variable style (Variable 0, though the modifications apply to all variable styles

similarly).

Figure 59 shows the modification of K, number of clusters. Each time series model shown
corresponds to a cluster seed which is what is used to sample from the mockseries component
parameter spaces to generate unique time series models within the same variable style. As seen,
though some time series models are similar, none of them are the same, since they have all been

generated with different cluster seeds.

3 CLUSTERS 10 CLUSTERS

*

Figure 59. Changing number of clusters, K (3 vs. 10)

Figure 60 shows the modification of T, time series length. Despite the same cluster seeds,
meaning the same underlying time series models, in both images, the clusters “look” very different
because there is more temporal information available in the image on the right. Thus, despite
having the same cluster seeds, datasets can end up being very different according to changes in
dataset properties. Clusters 39 (green) and 50 (orange) have low separability from timepoints 0-

8, but from 9 onwards they begin to diverge.
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—— 39 (n=100)

Value
Value

Figure 60. Changing number of timepoints, T (5 vs. 20)

Figure 61 shows the modification of o, which controls the noisiness of the time series models.
Increasing noise past a certain point can affect the separability of the final clusters. In the below
figure, the red, purple, and blue time series models are easier to distinguish from 2026-2028 in
the lower noise environment on the left than the higher noise environment on the right. Combined

with a lower sample size, higher noise can make it difficult to identify underlying clusters.

| NI X WM’WM*W'h:lt|1’u;-\:r’w‘l‘m .

Figure 61. Changing amount of noise, o (5 vs. 10)

Figure 62 shows the modification of n, number of samples per cluster. In practice, clusters may
not be the same size (imbalanced), however in our experiments, n was the same for each cluster
within a given dataset (balanced). This figure shows how increasing sample size can work to
counteract noisy time series models. Despite the same noisiness in both images, the clusters with
more samples (on the right) are visually easier to distinguish. Given more samples (training set),

methods may perform better, since they have more data points to learn patterns from.
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Figure 62. Changing nhumber of samples per cluster, n (100 vs. 500)

5.4.1.6. Summary of generated dataset properties

We generated a total of 20 datasets which spanned a variety of time series and dataset properties.
Reported below, per scenario, are number of timepoints, number of variables, number of clusters,
number of samples per cluster, noise (o parameter), and missingness proportion (Table 26). We
also included train/test splits, which will be explained in the following section. The specific variable
styles each scenario was built around and the seeds used to generate unique clusters from those
styles are reported in Table 27. As mentioned earlier, since providing a mapping of every cluster
seed to its corresponding parameter values would be quite space intensive, we show the mapping

for RandomScenario_seed-81 in Table 28 as a representative example.
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Dataset
RandomScenario_seed-15
RandomScenario_seed-23
RandomScenario_seed-26
RandomScenario_seed-30
RandomScenario_seed-31
RandomScenario_seed-32
RandomScenario_seed-4

RandomScenario_seed-44

RandomScenario_seed-48
RandomScenario_seed-53
RandomScenario_seed-59
RandomScenario_seed-6

RandomScenario_seed-62
RandomScenario_seed-67
RandomScenario_seed-79
RandomScenario_seed-81
RandomScenario_seed-88
RandomScenario_seed-91
RandomScenario_seed-94

RandomScenario_seed-96

timepoints, T vars, P

50

3
50

3
15
50
20

20
3

20
20
10
10
20

3

3
15
20

3
20

w N O o0 N M O N OO0 OO0 N> 0B MW oW

3

samples per

clusters, K cluster, n

30
20

3
10

2
20
10

3
20

30
30
5
30
2
2
3
20
50
30
30

50
10
10
10
200
50
500

50
100

25

10

50
200
100
500
500
200
200
200
100

train set size test set size noise, €

1050
140
21
70
280
700
3500

105
1400

525
210
175
4200
140
700
1050
2800
7000
4200
2100

Table 26. Synthetic MVTS dataset properties

450
60

9

30
120
300
1500

45
600

225
90
75
1800
60
300
450
1200
3000
1800

900

— —
A N O N O W o0 N N

—_

—
0 W W w o o o N o o

missingness, m
0.7
0.4
0.5
0.7
04
0.8
0.8

0.8
0.4

0.6
0.7
0.5
0.5
0.5
0.8

0
0.9
0.3
0.9
0.8
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Dataset

RandomScenario_seed-15
RandomScenario_seed-23
RandomScenario_seed-26
RandomScenario_seed-30

RandomScenario_seed-31
RandomScenario_seed-32

RandomScenario_seed-4
RandomScenario_seed-44

RandomScenario_seed-48

RandomScenario_seed-53

RandomScenario_seed-59
RandomScenario_seed-6

RandomScenario_seed-62
RandomScenario_seed-67
RandomScenario_seed-79
RandomScenario_seed-81

RandomScenario_seed-88

RandomScenario_seed-91

RandomScenario_seed-94

RandomScenario_seed-96

variable styles

[2, 3, 5]

[0, 2, 6]

[1, 3, 5, 6]

[2, 3, 4, 5]

[0, 1,2, 3, 5]

[0, 1, 3, 6]
[0,1,2,3,4,5,6]
[2, 3, 4, 5, 6]

[0, 1,2, 3,4, 6]

[0,1,2,3,5,6]

[0,1,4,5,6]
[01 11 27 3! 41 5! 6]

[0,1,2,3,4,5]
[0,1, 2, 6]

[0,1,2,3,4,5,6]
[0,1,3,4,6]

[01 11 27 4! 5! 6]

[1,9]

[3, 4, 5]

[1,2, 5]

cluster seeds

[55, 90, 6, 73, 2, 75, 33, 39, 53, 24, 23,14, 74,67, 72,7, 41, 78, 42, 94, 99, 50, 93, 65, 18, 35,
34, 80, 100, 98]

[10, 29, 34, 6, 40, 76, 22, 70, 87, 93, 55, 90, 73, 2, 75, 33, 39, 53, 24, 23]

[87, 93, 55]

[69, 48, 44, 22, 42, 45, 80, 24, 56, 4]

[88, 12]

[80, 57, 84, 29, 56, 68, 55, 17, 45, 43, 33, 88, 1, 89, 48, 77, 81, 13, 22, 79]

[45, 12, 55, 99, 51, 7, 25, 65, 30, 0]

[29, 14, 34]

[6, 43, 68, 4, 53, 32, 64, 36, 66, 52, 50, 84, 23, 39, 72,47, 74, 3, 38, 73]

[2, 23, 64, 44, 81, 8, 43, 12, 21, 80, 88, 76, 55, 34, 22, 5, 9, 24, 45, 15, 27, 68, 32, 62, 95, 99,
100, 35, 93, 60]

[97, 9, 49, 85, 83, 67, 24, 90, 20, 10, 6, 48, 43, 30, 93, 66, 95, 19, 25, 71, 46, 76, 0, 84, 41, 2, 14,
64, 86, 8]

[55, 90, 6, 73, 2]

[87, 95, 60, 98, 93, 8, 82, 91, 45, 14, 77, 33, 15, 2, 23, 64, 44, 81, 99, 43, 12, 21, 76, 55, 34, 22,
5,9, 24, 92]

[87, 95]

[44, 15]

[97, 9, 49]

[83, 65, 18, 35, 34, 85, 88, 23, 55, 6, 43, 68, 4, 53, 32, 64, 36, 66, 52, 50]

[44, 15, 94, 67, 23, 4, 30, 48, 79, 95, 26, 90, 62, 81, 93, 6, 53, 59, 32, 31, 29, 14, 34, 8, 72, 20,
22,40,7,3,63,75,35,5,88,71,68,0, 13, 73, 51, 28, 54, 42, 92, 83, 78, 27, 77, 74]

[87, 95, 60, 98, 93, 8, 82, 91, 45, 14, 77, 33, 15, 2, 23, 64, 44, 81, 99, 43, 12, 21, 76, 55, 34, 22,
5,9, 24, 92]

[76, 22, 70, 87, 93, 55, 90, 6, 73, 2, 75, 33, 39, 53, 24, 23,14, 74, 67,72, 7,41, 78, 42, 89, 85,
50, 88, 65, 18]

Table 27. Synthetic MVTS dataset variable styles and cluster seeds
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Cluster seeds -> 97 9 49
flat_base 10 40 0
coefficient 0 5 -10
Variable 0 |time_unit_days 365 365 365
amplitude 0.5 9.5 8.5
period_days 360 270 450
start_time 2021-07-24 0:00:00{ 2021-12-21 0:00:00| 2021-07-24 0:00:00
Variable 1 |base_value 95 75 60
switch_value 15 14 18
transition_window_days 270 540 510
start_time_2 2022-05-20 0:00:00{ 2022-11-16 0:00:00| 2022-05-20 0:00:00
Variable 2 |base_value_2 70 90 0
switch_value 2 7 18 12
transition_window_days_2 180 630 570
time_to_valley 2 2 1
center_level 5 45 45
Variable 3 left_edge_level 90 75 75
right_edge_level 100 75 110
left_ gamma 1.9 1.6 0.7
right_gamma 1.5 1.1 0.6
inflection_timepoint 547.5 547.5 547.5
Variable 4 |start_level 40 55 35
right_rate 1.26 1.23 1.26
Noise? mean 0 0 0
std 5 5 5

Table 28. RandomScenario _seed-81 variable style component parameters (K = 3)

z As a reminder, noise is set at the dataset level by the scenario seed, so it is constant across all

variables and clusters for a given dataset.
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5.4.2. Testing of clustering methods on synthetic datasets

We applied VaDER and CRLI to each of our datasets to see how well they could recapitulate
ground truth clusters.3354 At the time of writing, these methods are the state-of-the-art one-stage
(joint imputation and clustering) MVTS deep clustering approaches. Due to computational
constraints, we ran both clustering methods with default hyperparameters (Table 29). We set the
number of clusters in the clustering task to the ground truth K (Table 26) for each scenario. We
used the PyPOTS implementations of both methods, and hyperparameter descriptions can be
found in the PyPOTS github repository.43.146.260 Fy|| datasets were split 70/30 intro training and
test sets at the times series level and stratified on cluster membership, meaning that each entire
time series was either in the training or test set. For example, under this paradigm, a dataset with
2 clusters (A, B) and 100 samples per cluster would be split into a train set of 140 (50% A, 50%
B) and a test set of 60 (50% A, 50% B). This ensured that both sets were proportionally identical

with regard to cluster representation (Table 26).

PyPOTS hyperparameter |Description VaDER CRLI

Pretraining epochs number of epochs for pretraining the model 100 --
(reconstruction loss only, ignoring clustering loss)

Training epochs number of epochs for training the model (joint loss |100 100
function)

Learning rate controls step size taken during each iteration when |1e-4 5e-3
updating model parameters

Hidden layers®? # of layers of the encoder: [# of units per layer] 1: [64] 1: [50]

Batch size number of samples processed together in a single |16 16
training iteration

d_mu_stddev dimension of the mean and standard deviation of |10 --
the Gaussian distribution (VaDE latent space)

lambda_kmeans Coefficient of the soft K-means objective -- 1e-3

(encourages learned representations to form
cluster structures)

n_clusters number of clusters in the clustering task Ground truth, K
Table 29. VaDER and CRLI hyperparameters

@ The VaDER repository default is 2: [12,2] and the default mentioned in the paper is 2: [36,4]. We chose
1: [64] to match the default CRLI architecture while still being in the hyperparameter space that was
explored in the VaDER paper.
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5.4.2.1. Variational Deep Embedding with Recurrence (VaDER)

VaDER was published by de Jong et al. in 2019. The architecture, shown in Figure 29, combines
variational autoencoder principles with long short-term memory (LSTM) networks and implicit
imputation. This method was developed with multivariate clinical patient trajectories in mind and

was originally evaluated on simulated data and benchmark classification datasets.%*

5.4.2.2. Clustering Representation Learning on Incomplete time-series data (CRLI)

As discussed in Section 3.4.4., CRLI, published by Ma et al. in 2021, is another deep learning
method which simultaneously performs missing value imputation and clustering across MVTS.
Notably, Ma et al. compared their method’s performance against VaDER’s and critiqued VaDER
for (a) not sufficiently preventing error propagation from imputation to clustering and (b) requiring
a relatively large amount of training data (training size > 700, Table 19) to perform on par with

CRLI (see Section 2.4.3.3 for further discussion).3?

5.4.3. Performance evaluation

To evaluate the model-predicted clusters against ground truth, we used four external cluster
validation indices (CVI): cluster purity, Rand Index (RI), Adjusted Rand Index (ARI), and
Normalized Mutual Information (NMI). External CVI are typically classified into three categories
according to their similarity assessment technique: pair-counting (RI, ARI), information theoretic
(NMI), and set-matching (purity).?6' These are used widely in the clustering literature to quantify
clustering method performance and have been described in detail elsewhere (see Section
2.4.4.2).2" Purity measures how pure each predicted cluster is with respect to the true class labels.
Rl is the proportion of point pairs that are either in the same cluster in both partitions or in different
clusters in both. ARl is a corrected-for-chance extension of the RI. And, lastly, NMI evaluates the
correlation (mutual information) between two clusterings.?” Purity, RI, and NMI values range from

0 to 1, while ARI ranges from -1 to 1, with 1 indicating an identical match between predicted and
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ground truth clusters. The equations for each of these metrics is included in Table 6 and all were
implemented in PyPOTS. We calculated all 4 metrics for both methods (VaDER, CRLI) on the
held out test set in each of the 20 datasets. We also measured runtime, in minutes, for each

scenario using Python’s time.time() method.

For discussion on the differences between external and internal CVI, the latter of which are used

to evaluate clustering performance in the absence of ground truth labels, see Section 3.4.5

5.4.4. Visualization strategies

Following others, we applied principal component analysis (PCA), t-distributed stochastic
neighbor embedding (t-SNE), and uniform manifold approximation and projection (UMAP) to map
the test set latent representations learned by VaDER and CRLI into two dimensions for easier
visualization.?832.33 These methods are used widely for dimensionality reduction and visualization
of high dimensional datasets. While PCA is a linear method that struggles to perform in cases
where relationships are non-linear, t-SNE and UMAP are non-linear manifold learning methods
which find local and global structures with varying efficacy. They have been described in detail

elsewhere.262.263
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5.5. Results

We first report test set performance metrics and runtimes for both methods across all scenarios
in Table 30. This can be referenced against Table 26 in the Methods section to compare how
performance was impacted by differences in dataset properties. We then analyze five scenarios
in detail to (a) visualize our methodological workflow, (b) show examples of varying clustering
difficulty, and (c) highlight differential performance between VaDER and CRLI. Though we report
multiple clustering validation indices and 2D visualizations for each experiment, we base our
analysis of method performance primarily on (1) Adjusted Rand Index results, as discussed in

Section 2.4.4.2, and (2) UMAP visualizations, which have been shown to outperform t-SNE in the

deep clustering context.263

5.5.1. Full performance results

In Table 30 we report Purity, Rand Index (RI), Adjusted RI (ARI), Normalized Mutual Information
(NMI), and runtime (in minutes) per method for each dataset we constructed. We show many
instances where the non-ARI measures exaggerated method performance (examples:
RandomScenario_seed-23, RandomScenario_seed-53, RandomScenario_seed-94). This is
especially true for RI, despite its popularity in prior studies. ARI, and adjusted measures in
general, are more suitable for clustering since they are independent of the number of clusters.8°
Overall, ARI crossed 0.5 in only 4/40 cases: CRLI on RandomScenario_seed-26, 31, and 44 and
VaDER on RandomScenario_seed-91. We propose that (1) use of non-ARI metrics has inflated
the perception of method performance in general and (2) performance is generally poor across
most datasets with a few notable exceptions. We found that runtime increases were generally a

function of (1) time series length, T and (2) train set size.
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In Table 31 we report performance deltas (CRLI — VaDER). Positive values indicate CRLI >

VaDER (green); negative values indicate VaDER > CRLI (blue). We show that CRLI outperforms
VaDER on 17/20 datasets for ARI. However, the magnitude of the difference in ARI between the
two methods is less than 0.1 for 6/20 datasets and less than 0.2 for 11/20 datasets. Thus, CRLI’s
performance on ARI is only marginally better than VaDER across the majority of datasets. This is
in line with the evaluation conducted by Ma et al. in the CRLI publication (Table 20). This
demonstrates that (1) performance is highly dataset dependent across both methods but (2) there

is a subset of datasets for which one method outperforms the other.

Dataset Method Purity RI ARI NMI Runtime (mins)
RandomScenario_seed-15 CRLI 0.427 0.945 0.247 0.619 206.5
VaDER 0.309 0.893 0.111 0.499 53.3
RandomScenario_seed-23 CRLI 0.383 0.829 0.007 0.540 0.2
VaDER 0.183 0.728 0.014 0.318 0.8
RandomScenario_seed-26 CRLI 0.889 0.861 0.643 0.786 2.7
VaDER 0.667 0.639  0.071 0.393 1.5
RandomScenario_seed-30 CRLI 0.433 0.851 0.031 0.566 0.6
VaDER 0.500 0.851 0.078 0.575 0.4
RandomScenario_seed-31 CRLI 1.000 1.000 1.000 1.000 7.5
VaDER 0.558 0.503 0.007 0.013 5.7
RandomScenario_seed-32 CRLI 0.410 0.924 0.216 0.555 61.7
VaDER 0.257 0.902 0.059 0.344 35.6
RandomScenario_seed-4 CRLI 0.413 0.854 0.225 0.424 127.7
VaDER 0.243 0.827 0.120 0.300 75.5
RandomScenario_seed-44 CRLI 0.867 0.855 0.675 0.765 7.6
VaDER 0.644 0.652  0.240 0.309 4.5
RandomScenario_seed-48 CRLI 0.243 0.875 0.059 0.294 10.2
VaDER 0.155 0.877 0.017 0.151 7.8
RandomScenario_seed-53 CRLI 0.360 0.938 0.123 0.558 19.2
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RandomScenario_seed-59

RandomScenario_seed-6

RandomScenario_seed-62

RandomScenario_seed-67

RandomScenario_seed-79

RandomScenario_seed-81

RandomScenario_seed-88

RandomScenario_seed-91

RandomScenario_seed-94

RandomScenario_seed-96

VaDER®®
CRLI
VaDER
CRLI
VaDER
CRLI
VaDER
CRLI
VaDER
CRLI
VaDER
CRLI
VaDER
CRLI
VaDER
CRLI
VaDER
CRLI
VaDER
CRLI
VaDER

0.222 0.922 0.035 0.441
0.411 0.948 0.037 0.677
0.278 0.901 0.004 0.538
0.613 0.799 0.393 0.546
0.347 0.697 0.027 0.123
0.443 0.951 0.284 0.580
0.103 0.908 0.013 0.122
0.800 0.675 0.350 0.321
0.700 0.573 0.146 0.126
0.733 0.608 0.215 0.184
0.560 0.506 0.011 0.011
0.667 0.717 0.430 0.603
0.549 0.546 0.166 0.326
0.212 0.907 0.074 0.273
0.152 0.872 0.026 0.167
0.416 0.968 0.275 0.642
0.772 0.987 0.706 0.904
0.363 0.946 0.211 0.535
0.174 0.928 0.057 0.267
0.376 0.947 0.219 0.525
0.236 0.927 0.106 0.409

Table 30. VaDER and CRLI performance on external CVI*

13.8
7.9
4.7
3.3
2.1

80.3

49.8
7.4
3.1
5.0
3.8
0.2
5.7

76.6

46.3

250.6
183.3

54.1

232

75.8

447

bb \While clustering RandomScenario_seed-53, we encountered a batch size error which caused VaDER

to fail prematurely. For only that scenario, we changed VaDER batch size from 16 to 15.
€ For each experiment, the better performing method is bolded and underlined for each metric
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Dataset
RandomScenario_seed-15
RandomScenario_seed-23
RandomScenario_seed-26
RandomScenario_seed-30
RandomScenario_seed-31
RandomScenario_seed-32
RandomScenario_seed-4
RandomScenario_seed-44
RandomScenario_seed-48
RandomScenario_seed-53
RandomScenario_seed-59
RandomScenario_seed-6
RandomScenario_seed-62
RandomScenario_seed-67
RandomScenario_seed-79
RandomScenario_seed-81
RandomScenario_seed-88
RandomScenario_seed-91
RandomScenario_seed-94

RandomScenario_seed-96

Purity_delta RI_delta ARI_delta NMI_delta Runtime_delta

0.118
0.2
0.222
-0.067
0.442
0.153
0.17
0.223
0.088
0.138
0.133
0.266
0.34
0.1
0.173
0.118
0.06
-0.356
0.189
0.14

0.052
0.101
0.222
0
0.497
0.022
0.027
0.203
-0.002
0.016
0.047
0.102
0.043
0.102
0.102
0.171
0.035
-0.019
0.018
0.02

0.136
-0.007
0.572
-0.047
0.993
0.157
0.105
0.435
0.042
0.088
0.033
0.366
0.271
0.204
0.204
0.264
0.048
-0.431
0.154
0.113

0.12
0.222
0.393

-0.009
0.987
0.211
0.124
0.456
0.143
0.117
0.139
0.423
0.458
0.195
0.173
0.277
0.106

-0.262
0.268
0.116

Table 31. Performance deltas (CRLI — VaDER)

153.225
-0.59
1.222

0.13
1.836
26.075
52.155
3.106
2.377
5.321
3.219
1.181
30.564
4.288
1.175
-5.569
30.235
67.304
30.848
31.087
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5.5.2. Example #1: RandomScenario_seed-31

We remind the reader of RandomScenario_seed-31 properties and clustering result evaluation
performance in Table 32. Figure 63 shows the full longitudinal trajectories for this dataset (train +
test sets). This dataset was characterized by small sample size (n=280) and low inter-cluster
separability on two variables (0 and 5). Despite that, CRLI was perfect across all four external
CVI on RandomScenario_seed-31, greatly outperforming VaDER. Figure 64 shows the poor,
non-discriminative latent representation learned by VaDER. None of the 2D visualizations
demonstrate that VaDER was able to separate the samples into distinct clusters. The plots
colored by ground truth (first column, orange and blue) show members from both clusters are
interspersed amongst each other. Conversely, Figure 65 shows the highly discriminative latent
representation learned by CRLI. The two clusters are very well separated and the cluster
members themselves are predicted perfectly (second column) compared to ground truth, as

reflected by the external CVI performance.

CRLI VaDER| A (CRLI-VaDER)

Properties timepoints 15
vars 5

clusters 2

samples per cluster 200

train set size 280

test set size 120

noise 10

missingness 0.4

variable styles 0,1,2,3,5

Performance Purity 1 0.558 0.442
RI 1 0.503 0.497

ARI 1 0.007 0.993

NMI 1 0.013 0.987

Runtime 7.511 5.675 1.836

Table 32. RandomScenario _seed-31 properties and performance
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VARIABLE 0 VARIABLE 1

Var 0: Original vs 40% Missil Overlay Var 1: Original vs 40% Missil Overlay
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Figure 63. RandomScenario_seed-31 variable trajectories®

dd As discussed in Methods, clusters in these figures are labeled by the cluster seed that was used to
select the component parameter values underlying the time series variables.
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Figure 64. RandomScenario_seed-31 2D VaDER latent representation
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Figure 65. RandomScenario_seed-31 2D CRLI latent representation
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5.5.3. Example #2: RandomScenario_seed-91

We remind the reader of RandomScenario_seed-91 properties and clustering result evaluation
performance in Table 33. Figure 66 shows the full longitudinal trajectories for this dataset (train +
test sets). Notably, this dataset had the largest train set (n=7,000) and the most clusters (50) out
of the 20 datasets we generated. It was the only dataset on which VaDER nontrivially
outperformed CRLI, especially on the more conservative ARI. VaDER performing well when more
training data is available is in line with Ma et al.’s findings.® In the latent representation learned
by VaDER mapped to 2D (Figure 67), many tight, well-separated clusters are visible. However,
not all cluster membership is predicted with 100% accuracy, which dampened ARI performance.
For example, the red cluster at approximate coordinates (5,0) in the VaDER ground truth UMAP
was split into two in the VaDER—predicted clusters plot. Figure 68 shows the latent representation
learned by CRLI, which has far fewer well-separated clusters. The few samples that are separated
into tight clusters are not consistently predicted to be in the same clusters. Due to high cluster

number (50), legends were omitted for these 2D latent representation figures.

180



CRLI VaDER| A (CRLI-VaDER)
Properties timepoints 20
vars 2
clusters 50
samples per cluster 200
train set size 7000
test set size 3000
noise 3
missingness 0.3
variable styles 1,5
Performance Purity 0.416 0.772 -0.356
RI 0.968 0.987 -0.019
ARI 0.275 0.706 -0.431
NMI 0.642 0.904 -0.262
Runtime 250.579 183.275 67.304

Table 33. RandomScenario _seed-91 properties and performance

181




VARIABLE 1
Var 1: Original vs 30% Missingness Overlay

100

Timepoint

VARIABLE 5
Var 5: Original vs 30% Missingness Overlay

200 +

100

=100 -

—200 -

=300 A

—400

T T

3 4 5 6 7 8 9 1 1 12 13 14 15
Timepoint

Figure 66. RandomScenario_seed-91 variable trajectories
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Figure 68. RandomScenario_seed-91 2D CRLI latent representation
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5.5.4. Example #3: RandomScenario_seed-81

We remind the reader of RandomScenario_seed-81 properties and clustering result evaluation
performance in Table 34. Figure 69 shows the full longitudinal trajectories for this dataset (train +
test sets). While this dataset had no missingness, it was composed of very short time series (3
timepoints), meaning less total temporal data from the methods to learn from. On
RandomScenario_seed-81, CRLI outperformed VaDER, but the latent representation learned by
VaDER is visually more well-separated than the final cluster assignment would imply. Figure 70
shows the latent representation learned by VaDER, in which the cluster assignment (right column)
does not reflect the separation very well. This is especially clear for ground truth cluster 49 (green,
left column). Despite the proximity of the samples in the latent space, they are assigned to
different clusters in the prediction. Furthermore, the predicted cluster sizes are quite imbalanced
(351, 50, 49). Figure 71 shows the latent representation learned by CRLI, which suffered from a
similar problem, though less severe. As with VaDER, the predicted cluster sizes were imbalanced
(294, 82, 74). Both methods seemed to learn a representation that split samples into more than
3 clusters visually. Cluster 9 (orange) seemed to be well separated by both methods compared
to the other two clusters. This could be a reflection of the longitudinal separability visible in

Variables 0 and 6 in Figure 69.

CRLI VaDER| A (CRLI-VaDER)
Properties timepoints 3
vars 5
clusters 3
samples per cluster 500
train set size 1050
test set size 450
noise 9
missingness 0
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-20

-40

variable styles 0,1,3,4,6

Performance Purity 0.667 0.549 0.118
RI 0.717 0.546 0.171
ARI 0.43 0.166 0.264
NMI 0.603 0.326 0.277
Runtime 0.174 5.743 -5.569

Table 34. RandomScenario_seed-81 properties and performance

VARIABLE 0 VARIABLE 1

Timepoint
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Cluster
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1
Timepoint

VARIABLE 6

Var 6: Original vs 0% Missingness Overlay

1
Timepoint

Figure 69. RandomScenario_seed-81 variable trajectories
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Figure 70. RandomScenario_seed-81 2D VaDER latent representation
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Figure 71. RandomScenario_seed-81 2D VaDER latent representation
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5.5.5. Example #4: RandomScenario_seed-44

We remind the reader of RandomScenario_seed-44 properties and clustering result evaluation
performance in Table 35. RandomScenario_seed-44 demonstrated the interplay between high
longitudinal separability, low noise, and high missingness. Unlike in the previous examples, this
dataset's 3 clusters rarely overlapped for any of the 5 variables (Figure 72). The latent
representation learned by VaDER (Figure 73) was not impressive, showing poor separation
between samples overall. However, cluster 14 (orange) was better separated than the others in
the UMAP plot. CRLI isolated this cluster perfectly (Figure 74), but struggled to separate clusters
34 and 29 from each other. The ability of both methods to better distinguish cluster 14 may have
been driven by its unique trajectories across Variables 5 and 6 (compared to the other two clusters

which had similar trends or overlapping portions).

CRLI VaDER| A (CRLI-VaDER)

Properties timepoints 20
vars 5

clusters 3

samples per cluster 50

train set size 105

test set size 45

noise 2

missingness 0.8

variable styles 2,3,4,5,6

Performance Purity 0.867 0.644 0.223
RI 0.855 0.652 0.203

ARI 0.675 0.24 0.435

NMI 0.765 0.309 0.456

Runtime 7.623 4517 3.106

Table 35. RandomScenario _seed-44 properties and performance

189



140

120

100

2000

500

VARIABLE 2

Var 2: Original vs 80% Missingness Overlay

VARIABLE 3

Var 3: Original vs 80% Missingness Overlay

140
Cluster Cluster
—2 —2
—u —u
— 120 —
100
/
80
7
\ 0
\ 40
— 20
6 7 & 9 10 1 12 13 W 15 16 17 18 19 0 1 2 3 4 5 6 7 & 9 10 1 12 13 W¥ 15 16 17 18 1
Timepoint Timepoint
Var 4: Original vs 80% Mi: Overlay Var 5: Original vs 80% Missingness Overlay
Cluster Cluster
— = 100 —_2
— —u
— —n
[
-100
-200
-300
§ 7 8 9 10 1 12 15 M¥ 15 16 U 13 1 © 1 2 3 4 5 6 7 8 9 10 1 12 1B W 15 16 17 18 1
Timepoint Timepoint
Var 6: Original vs 80% Missingness Overlay
Cluster
2000 =—ld
—n
[
-2000
-4000
e
-6000
-8000

6 7 8

9 10 1 1 13 M 15 1 17 18 19
Timepoint

Figure 72. RandomScenario_seed-44 variable trajectories
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Figure 73. RandomScenario_seed-44 2D VaDER latent representation
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Figure 74. RandomScenario_seed-44 2D CRLI latent representation
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5.5.6. Example #5: RandomScenario_seed-48

We remind the reader of RandomScenario_seed-48 properties and clustering result evaluation

performance in Table 36. Compared to the previous example, RandomScenario_seed-48 had low

longitudinal separability (Figure 75), due in part to very few timepoints. Compared to

RandomScenario_seed-81 (Section 5.5.4), which also only had 3 timepoints, this dataset had

more clusters (20) and a higher missingness proportion (0.4). Both VaDER and CRLI struggled

to perform well, as seen in Figure 76 and Figure 77, respectively. The UMAP plots of both

methods’ latent spaces show that none of the learned separation corresponds to ground truth

label distinguishability. While this is not reflected in the inflated Rl scores, it is captured by the

poor ARI performance.

CRLI VaDER| A (CRLI-VaDER)
Properties timepoints 3
vars 6
clusters 20
samples per cluster 100
train set size 1400
test set size 600
noise 4
missingness 04
variable styles| 0,1,2,3,4,6
Performance Purity 0.243 0.155 0.088
RI 0.875 0.877 -0.002
ARI 0.059 0.017 0.042
NMI 0.294 0.151 0.143
Runtime 10.15 7.773 2.377

Table 36. RandomScenario _seed-48 properties and performance
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Figure 76. RandomScenario_seed-48 2D VaDER latent representation
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Figure 77. RandomScenario_seed-48 2D CRLI latent representation

196



5.5.7. Experimental takeaways

In summary, we (1) reinforce previous work which has recommended ARI as the standard for
external clustering validation, (2) show CRLI's outperformance of VaDER under most data
conditions tested, and (3) establish dataset properties that can potentially impact performance of
one or both methods. ARI crossed 0.5 in only 4/40 cases (compared to R, which crossed 0.8 in
28/40 cases). While CRLI outperformed VaDER on 17/20 datasets for ARI, the magnitude of the
difference between the two methods was less than 0.2 for the majority of datasets. In our analyses
of individual experiments, we found that both methods benefited from longer time series and lower
missingness. CRLI was able to perform better in trickier conditions (high missingness, few

samples) but was outperformed by VaDER when many training points were available.
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5.6. Discussion

5.6.1. Summary

In this Aim, we demonstrated the ability to generate any number of synthetic multivariate time
series (MVTS) datasets, without the need for existing data, and with fine-grained control over
important time series properties, in a way that can mirror commonly observed biomedical patterns
(Section 5.4.1). We utilized the Python package mockseries to achieve this and present the
approach as a complement to MVTS clustering method benchmarking which typically has relied
on real-world datasets that are often (1) not multivariate, (2) not from the medical domain, and (3)
not having much missing data. We generated 20 MVTS datasets with varying lengths,
missingness proportions, noise levels, cluster numbers, and sample sizes (Table 26) and used
them to evaluate the performance of VaDER and CRLI, two state-of-the-art incomplete MVTS

deep clustering methods.

As expected, CRLI, developed after VaDER and with VaDER’s shortcomings in mind,
outperformed VaDER in the majority (18/20) of scenarios (Table 31). However, in the case of

RandomScenario_seed-91 (Section 5.5.3), VaDER was superior, likely due to the low

missingness (30%) and large amount of training data available (n=7,000), which is in line with Ma
et al’s critique of VaDER that it performs well only on large datasets.3® Optimal method
performance on a given dataset is the result of achieving a delicate balance between the
reconstruction and clustering tasks, which is not trivial. In some cases, the latent representation
learned by VaDER was visually impressive, though ultimately the cluster assignment was
unsatisfactory. This warrants further investigation, as discussed in Future Directions. We also
showed that, for all but two cases (Table31: RandomScenario_seed-23 &
RandomScenario_seed-81), CRLI took longer to run, though the performance gains likely make

this worth it.
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Our work underscores the importance of reporting multiple, complementary cluster validation
indices (CVI). In their VaDER benchmarking experiments, de Jong et al. reported only cluster
purity. When comparing CRLI performance to VaDER'’s, Ma et al. reported only Rand Index (RI)
in the main text and Normalized Mutual Information (NMI), purity, and accuracy in the supplement.
Importantly, we report performance on Adjusted RI (ARI), which, as discussed earlier (Section
2.4.4.2), is a more conservative measure of performance than others. This is because the ARI
calculation is (i) independent from the number of clusters and (ii) adjusts for chance.®2 Our
trajectory visualizations, which are often absent from benchmark studies, demonstrate the need
for a clusterability, or longitudinal overlap, measure, which quantifies how discernable the clusters
are from each other per variable. This concept is obvious upon visual inspection of trajectories
but is not reflected in the dataset properties, like number of clusters, time series length, and

number of variables, that are typically reported, as we did in this Aim.

5.6.2. Limitations

5.6.2.1. Properties not explored

There are some properties that we did not explore in more depth and others that were out of
scope entirely. For example, our search space did not include very long time series, like those
that could result from telemetry monitoring. Our simulations were inspired by longitudinal EHR
and observational cohort datasets and as such did not address areas of biomedicine that have a
higher sampling rate. Another limiting factor of our workflow was that variable style design was
manually curated. Thus, though we generated 7 unique variable styles, there are many other
possible patterns of biological or clinical relevance that may be worth modeling. Within each of
our datasets, clusters were of the same size. This is not a totally faithful representation of real
patient cohorts, where distinct patterns may be disproportionately spread throughout a population.

We also only modeled one missingness mechanism, missing completely at random (MCAR),

199



though others, like missing at random (MAR) and missing not at random (MNAR) are prevalent in
biomedicine.%¢57 Finally, for the properties we did explore, and their corresponding search spaces
we defined, we limited our data generation process to 20 scenarios due to time and computational
constraints. Though this did not nearly cover the entire property search space, which is technically
infinite, it gave us a solid foundation on which to build future benchmarks. Since this Aim only
considered with time series generation, we neglected to generate and perform analyses of static
features and how they can vary (enrichment vs. depletion) across longitudinal clusters. This

includes components of fair unsupervised learning approaches.?64

5.6.2.2. Normalization/standardization were not applied

We did not apply any normalization or standardization techniques to the raw time series samples.
For reference, in the original VaDER publication, benchmark dataset time series were
standardized to zero mean and unit variance, while all ADNI and PPMI (longitudinal observational
studies)®® timepoints were normalized relative to baseline.®* Our intention was to assess how well
methods dealt with MVTS data “out of the box”, but a more robust analysis could have included

comparisons with preprocessed datasets.

5.6.2.3. Cluster difficulty quantification was not performed

In the unlikely event that two datasets shared all the same dataset properties, they could have
had different variable style properties due to our random cluster seed selection and mockseries
parameter generation process. This was by design to explore complexity across different
trajectory shapes. However, this meant that scenarios had varying, unquantified amounts of
longitudinal overlap between clusters for one or more variables. De Jong et al. quantified this

concept in their vector autoregressive (VAR) process simulations with clusterability parameter A,

€ ADNI = Alzheimer’s Disease Neuroimaging Initiative; PPMI = Parkinson’s Progression Markers
Initiative
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where a higher value corresponds to easier separability between simulated clusters.5* Without an
analogous metric in our analysis, we were unable to broadly assess the effect that clusterability
had on method performance, except on a case-by-case basis when we visually inspected full

variable trajectories.

5.6.2.4. Additional evaluation metrics could be explored beyond the four reported

Besides the four we reported, other external CVI described in the literature, such as F-measure,
Entropy, Adjusted Mutual Information (AMI), and Clustering Accuracy, may have been additional
valuable comparison points.?:28 Additionally, though for this aim we had ground truth labels
against which to evaluate performance (using external CVI), in practice, when true cluster
membership is unknown, internal CVI are used to determine the optimal cluster number for a
dataset, as discussed in Section 3.4.5. Running VaDER and CRLI on multiple K values for each
dataset, as done in Aims 1 and 2, and calculating internal CVI would have allowed us to see if the
internal CVI-informed optimal cluster number differed from the ground truth cluster number.
Lastly, since these methods are nondeterministic, we could have run each experiment multiple
times and reported average CVI results and standard deviations as measures of robustness and
stability.3* These additional analyses were not performed due to time and computational

constraints.

5.6.3. Future directions

The work performed in this aim sparked a number of interesting additional research directions. In
order to better understand what is driving performance and runtime differences, we could model
per-scenario performance as a function of dataset properties and use methods like SHAP to
quantify feature importance.?%® We could also devise a clusterability metric, perhaps by drawing
from the time series complexity literature, to include in such a modeling analysis that would

capture the inherent differences between cluster seeds that are not reflected in the dataset
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properties we reported.?® For a more targeted analysis of the influence of specific dataset
properties, we could take a subset of promising scenarios and modify a single property at a time

while holding all others constant.

To isolate and evaluate only the quality of the representation learned by either method, as
opposed to the final cluster label assignment, we could take the 2D representations mapped by
PCA, t-SNE, or UMAP and apply one standard clustering method (like k-means) to both VaDER
and CRLI outputs. We could then compare performance with the full end-to-end methods to see
what, if any, performance impact the representation learning step has versus the cluster
assignment step. Along these lines, McConville et al. competed with and, in some cases,
outperformed state-of-the-art deep clustering methods by replacing the clustering network with a
framework that (1) applies UMAP to the encoded representation and (2) clusters this new
embedding with a shallow clustering algorithm (Gaussian Mixture Model).?¢? In parallel, we could
compute per-cluster measures of compactness and/or dispersion, purity, and separation to inform
individual cluster “confidence” values. These would complement the global external CVI, which is
computed on all test samples, with a more specific quantification that could encourage certainty

in a subset of clusters, even if overall performance is unsatisfying.
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5.7. Conclusion

In Aim 3, we assessed the ability of CRLI and VaDER to detect meaningful trajectories in synthetic
datasets under diverse data constraints. In the process, we laid the foundation for a simulation-
based approach to benchmarking IMVTS clustering methods in general. Previous comparable
benchmarks have (1) been limited in their scope of explored properties, (2) used real-world
dataset archives originally designed to assess supervised classification method performance,
and/or (3) not been attentive to missingness beyond trivial or default imputations.?83354 Inspired
by longitudinal patterns found in Aims 1 and 2, we used mockseries, a synthetic time series
generation package written in Python, to design a number of time series variables analogous to
common biomedical trajectories. Our data generation process (DGP) allows for rapid production
of very diverse datasets by random sampling from variable building blocks and across a number
of MVTS properties, like cluster number, time series length, noise, and missingness. This DGP
enabled us to assess the ability of one-stage IMVTS deep clustering methods (VaDER, CRLI) to
detect complex trajectories under diverse constraints. Unlike Aims 1 and 2, in this aim we were
able to compare predicted clusters against ground truth clusters and report external clustering
validation metrics (CVI), including purity, Rand Index, Adjusted Rand Index, and Normalized

Mutual Information.

Overall, we reported that CRLI overperformed VaDER on these external CVI across the majority
of datasets. However, we note that some metrics can be forgiving, like RI, and others can be
overly conservative, like ARI. We also note that lower CVI did not always correspond to poor
latent representation partitions, as observed in the 2D PCA, t-SNE, and UMAP visualizations we
produced. A more comprehensive set of separation quality metrics that are calculated per-cluster
would be a valuable addition to future work. CRLI's performance even in low sample size and

high missingness contexts was impressive, but inclusion of more datasets with larger sample
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sizes (n = 5,000+) would have provided additional confirmation, beyond the single dataset, that
VaDER can compete when training data is abundant. Since we did not conduct hyperparameter
tuning for either method, or multiple runs per dataset, we cannot rule out potential performance
gains that would have resulted if we had. Since, in practice, these methods are deployed in the
absence of ground truth labels, a comparative analysis between performance on internal and

external CVI is warranted, and would make assessment alongside Aims 1 and 2 more feasible.

Our simulation-based approach in Aim 3 complements the real-world data-based exploration of
IMVTS deep clustering in the earlier aims. In Aim 3, we developed a tunable and modular
approach to IMVTS data generation and increased the quantity and variety of longitudinal data
constraints under which VaDER and CRLI have been placed to date. By doing so, we were able
to identify those scenarios where these methods may be most useful with regard to biomedical
research data exploration. In particular, we demonstrated those data conditions under which each
respective method can thrive and/or fail, which can inform future work on when and how to deploy

these methods on real biomedical use cases.

6. Summary

In this dissertation, we sought to characterize how and when one-stage MVTS clustering methods

are useful in biomedical research data exploration. These particular methods combine time series

imputation, representation learning, and clustering (Figure 78) to group incomplete multivariate
time series data into distinct clusters that are maximally dissimilar between clusters and minimally
dissimilar within clusters. At the time of writing, VaDER (2019) and CRLI (2021) are the two state-

of-the-art methods in this area. They are particularly suitable for clinical subgroup analyses
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(disease progression, treatment response, developmental trajectories, patient monitoring)
because longitudinal medical data is characterized by high missingness, multiple outcomes

measures of consequence, and complex temporal relationships, all of which these methods are

designed to address.
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Figure 78. One-stage deep representation learning for MVTS clustering: VaDER and CRL[?7-33:54.69.81

We selected 3 contexts (Figure 79, Table 37) to study the application of these recently developed
methods to real-world longitudinal biomedical datasets. First, we assessed the ability of CRLI to
detect meaningful trajectories in the EHR, characterized by sparse, irregularly sampled time
series. Second, we assessed the ability of CRLI to detect meaningful trajectories in the ABCD
Study, a prospectively designed longitudinal observational cohort, characterized by greater
regularity of measurement, higher retention, and multimodality. Third, we assessed the ability of
CRLI and VaDER to detect trajectories in synthetic datasets, characterized by systematic

variation across a number of dataset properties of interest. In this section, we summarize each
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Aim: our key findings, limitations, and future directions. We then discuss cross-cutting

observations that emerged from a holistic review of all Aims.
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Figure 79. Graphical summary of dissertation aims

Aim 1

Aim 2

Aim 3

Research area

Glucagon-like peptide-1
(GLP-1) receptor agonist
(RA) treatment response

Physical & mental
adolescent development

Benchmarking for MVTS
clustering

Data source type

Electronic health record

Longitudinal observational
cohort

Synthetic

routine clinical care

assessed yearly

Dataset NIH All of Us Research Adolescent Brain Cognitive |Newly-developed
Program Development (ABCD) framework to generate
Study random MVTS datasets
Tools CRLI CRLI mockseries, VaDER, CRLI
MVTS clustering |Multiple treatment outcome |Many multidomain Range of dataset & time
applicability measures collected in developmental measures [series properties, incl. # of

variables, missingness

Data challenges

Short time series lengths, irregular sampling rates, data
sparsity, nonlinearity, variable inter-correlations

rate, sample size, noise,
time series length

Table 37. Aims overview
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6.1. Aim1

In Aim 1, we assessed the ability of CRLI to detect meaningful multivariate trajectories in a
sparse, irregularly sampled, biased real-world data source, the electronic health record (EHR). In
the age of big data, the EHR is an increasingly utilized source for biomedical research data
exploration. The biomedical value of EHR data lies in its natural reflection of routine clinical care
experienced by patients. However, temporal EHR data is marred by irregular measurement
intervals, high missingness, and multiple biases (selection, measurement, time-related).®® Our
focus was to assess how CRLI handled these hurdles in the context of identifying GLP-1
medication (semaglutide, dulaglutide, etc.) treatment response subgroups in the NIH All of Us

Research Study (v7 CDR).

6.1.1. Key findings

We selected a cohort of 336 All of Us participants taking GLP-1 medications for at least 2 years,
who had measurements of HbA1c, serum creatinine, BMI, DBP, and SBP at least once in the 6
months prior to starting the medication and twice in the 2 years after starting the medication
(Figure 32). Due to discordant internal CVI results (Figure 36), we reported a 5-cluster result and
a 2-cluster result. Both clustering results mapped to clinically relevant ranges across multiple
variables, showing that CRLI was able to identify quantitatively and qualitatively distinct clusters.
In both clustering results, we saw HbA1c decrease for all clusters, as expected. Interestingly, BMI
was quite different between clusters, but relatively stable within each cluster. We generated mean
lineplots with 95% confidence intervals for each cluster, allowing us to visualize cluster separation
and lability. In the context of the overarching question of how and when IMVTS deep clustering
methods are useful in biomedical data exploration, the most important findings were that (1) CRLI

can be used to identify post-treatment multivariate response trajectories in the EHR and (2) this
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is possible despite a small cohort (n=336) and infrequent measurements. However, clinical
interpretation is challenging due to high dimensionality, and single-timepoint (cross-sectional)
clustering may be just as effective for identifying treatment response phenotypes, as evidenced

by outcome measure stability post-treatment in the longitudinal clusters we identified.

6.1.2. Limitations

Due to the multiple repeat measurement requirements we imposed, our cohort selection
bottleneck was severe: we retained only 336 (3.2%) of the 10,367 GLP-1 users in All of Us. This
raises questions about the generalizability of our results to the broader GLP-1 user population
and whether our clusters could be replicated in another comparable dataset. Furthermore, from
a statistical perspective, our approach assumed missingness completely at random (MCAR) since
the methods’ imputation processes did not have access to any static data that could have

explained missingness patterns in the longitudinal variables (Section 2.3.1.3) A lack of agreement

between the 4 internal CVI we used reduced confidence in the “true” underlying cluster number.
Future work could incorporate more recently developed CVI or formalize a strategy to pick a
cluster number when there is disagreement. Lastly, we did not have reliable structured dosage
data, did not have dispensing information, and cannot be certain of medication adherence over
the 2-year medication use period studied. In the context of the overarching question of how and
when IMVTS deep clustering methods are useful in biomedical data exploration, the implications
of these limitations are that (1) trajectories identified in the selected cohort may not be
generalizable to the population being studied, (2) a clustering experiment may need to be
repeated many times and assessed by many metrics to ensure confidence in results, and (3) EHR
data complexities, like excessive missingness or data quality issues, may be too difficult to

overcome to select a suitable cohort for longitudinal clustering.
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6.1.3. Future directions

Since completing this Aim, All of Us has released v8 (Feb 2025) which contains 20,793 GLP-1
users.?%” Revisiting our analysis with this updated data will surely increase our final cohort size,
both because there are more participants overall taking GLP-1 medications, but also because
some participants who would not have met our criteria due to insufficient time spent on the
medication (< 2 years) will likely now qualify. This is important because it would increase the
chances of generalizability to the GLP-1 user population and increase confidence in the

longitudinal clusters identified.

We limited our analysis to 5 outcome measures due to (1) relevant T2D treatment monitoring
guidelines and (2) clinical interpretability. However, patients may have other measurements
(Complete Blood Count, Metabolic Panel) drawn at routine visits which could be incorporated into
our analysis as additional longitudinal outcome measures. It may become difficult to interpret the
clusters clinically as the number of variables grows, but recent advances in explainability (Section
6.5.2.3) could aid in understanding, along with visualizations like PCA, t-SNE, and UMAP, which
were generated in our Aim 3 results. As biomedical datasets increase in breadth and depth
(number of participants, number of variables, number of timepoints), it will be important to
demonstrate that CRLI can identify meaningful trajectories across more than a handful of
variables since big biomedical data exploration often emphasizes finding patterns in high-

dimensional contexts.

To characterize our clusters beyond quantitative internal CVI values and reference range
alignment of the longitudinal variables that were clustered, we could perform association analyses
to describe the between-cluster differences in comorbidities, concurrent medication use, social

determinants of health, and other participant characteristics.? This is important because detecting
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“‘meaningful” trajectories is also a qualitative goal. In the context of biomedical data, clinical
interpretability and actionability are as important, if not moreso, than performance on quantitative

metrics.

Lastly, to assess the generalizability of our results, we propose validating these clusters in other,
comparable real-world datasets, like the UK Biobank, and even clinical trials. If application of CRLI
in these other contexts yields similar trajectory subgroups, we will have confidence that these
trends are not unique to just All of Us. Though our assessment of CRLI ability was limited to a
single dataset in this Aim, we can be more confident in its trajectory identification ability if it is

demonstrated in multiple EHR settings.
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6.2. Aim2

In Aim 2, we assessed the ability of CRLI to detect meaningful trajectories in a high-dimensional,
multimodal, prospective dataset. In the context of real-world biomedical research data exploration,
this represented another commonly utilized longitudinal data source, but one less hampered by
the issues we came across in the EHR. Our chosen dataset, the Adolescent Brain Cognitive
Development (ABCD) Study, is a longitudinal observational cohort with a prespecified
assessment protocol, including a consistent follow-up schedule and a high retention rate
(98.9%).'%" This dataset allowed us to explore physical health trajectories (pubertal hormones,
anthropometrics) as we did in Aim 1, but also mental health trajectories, as measured by 8 Child
Behavior Checklist (CBCL) syndrome scales.?” We were also able to calculate cluster
associations with mental health outcomes as measured by Kiddie Schedule for Affective
Disorders and Schizophrenia for School-Aged Children (KSADS) to better characterize cluster

differences.

6.2.1. Key findings

Using CRLI, we investigated longitudinal patterns in two domains of development central to
adolescent transitions: physical and mental health. In a cohort of 2,923 female participants from
the ABCD Study, we identified 3 multivariate trajectories of physical development across pubertal
hormones (DHEA, testosterone, estradiol) and anthropometrics (BMI calculated from height and
weight). In a cohort of 310 participants who exhibited self-injurious behaviors (SIB) at the year 3
ABCD assessment, we identified multivariate trajectories of psychopathology (8 CBCL syndrome
scales) in the years leading up to the SIB. We conducted association testing between cluster
membership and outcomes at year 3 and year 4, revealing several significant associations with
KSADS symptoms and diagnoses. In the context of the overarching question of how and when
IMVTS deep clustering methods are useful in biomedical data exploration, the most important

findings were that (1) given longitudinal and static variables, CRLI identified longitudinal
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trajectories that had non-uniform associations with static variables, providing a basis for testable
clinical hypotheses, and (2) CRLI identified clusters that could not have been identified with a
single timepoint or single variable alone. However, our assumption that working with an
observational cohort would improve sampling irregularity (due to regularly spaced annual
assessment intervals) was violated when we converted the timepoints to age at last birthday
(ALB). Working with a dataset where age is less of a biological concern (as it very much is during

adolescence) or one with a larger span of timepoints could alleviate this issue.

In Aim 1, we used basic mean lineplots with confidence interval bands to show trajectory clusters.
In Aim 2, we augmented our visualizations with boxplots (to more faithfully represent participant
spread in each cluster), measurement count tables (to show amount of missingness in each
cluster at each timepoint), and average timepoint median barplots (to capture the high-level

differences between clusters for each longitudinal variable).

6.2.2. Limitations

In an attempt to extract the longest trajectories possible, our data point selection included year 4,
which was incomplete at the time of ABCD Release 5.0. We could have analyzed variables
measured at mid-year remote check-ins (4 additional timepoints), but this would have introduced

a new hurdle for our chronological age approach (Section 4.4.5.1). The incomplete year 4 also

meant that we had fewer participants for which KSADS were recorded, making our cluster
association testing less powerful than at year 3. However, at year 3, the KSADS assessment
battery itself was limited, so neither timepoint was ideal (Section 4.4.3). Also, as in Aim 1, we
faced the challenge of discordant internal CVI and ultimately motivated our cluster number
choices based on a holistic view of all four CVI. In the context of the overarching question of how
and when IMVTS deep clustering methods are useful in biomedical data exploration, the

implications of these limitations are that (1) data availability can impact time series length, which
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can in turn affect trajectory discoverability and interpretability, and (2) evaluation of results from
unsupervised learning approaches (like clustering) remains difficult because there is definitionally

no ground truth that can be compared with.

6.2.3. Future directions

The release of ABCD 6.0 in June 2025 includes complete data for the 4-year follow-up and partial
data for years 5 and 6. It also includes improvements to data standardization and documentation,
including variable measurement levels (nominal, ordinal, interval, ratio) and an R package for
summary score calculation.?6® Of note, gender identity data was omitted from this release, and
presumably future releases, due to changing agency priorities.?®® Nevertheless, trajectory
subgroup analyses will benefit from more timepoints becoming available and lead to better pattern
discovery and more discernable subpopulations. Additionally, some important longitudinal
modalities, like imaging, neurocognition, and actigraphy (Fitbit), were underexplored in our work.
Unimodal clusterings of each, or multimodal clusterings that bring together diverse data types,
will be important to paint a fuller picture of developmental transitions. In the context of exploring
high-dimensional biomedical datasets, demonstrating CRLI utility in the multimodal aspect will
greatly expand the kinds of clinical questions that can be asked and potentially answered. In the
context of analyzing prospective cohorts, specifically ones where we expect to find trajectory
divergence at specific timepoints, re-analyzing later releases of ABCD will substantiate the added
value that each successive timepoint brings. For example, in Figure 46 we observe that cluster
trajectories began to meaningfully diverge only in the last 1 or 2 timepoints (ages 13-14). Re-
running the same analysis with the addition of ages 14-15 and 15-16 may yield more separable

trajectories.

In Section 4.4.5.1, we discussed our approach to lining up participant time series by chronological

age instead of assessment timepoint. For clinical interpretability, we converted participant age,
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recorded in months in ABCD, to age last birthday (ALB). Future work could explore increasing
this granularity to half years, quarter years, or even keeping age in months. Though this would
increase granularity (time series length and sampling regularity), it would also increase
missingness, so whether it would lead to more informative or discernible trajectories is unknown.
In the context of exploring real-world biomedical datasets, this kind of analysis can formalize the
amount of missingness CRLI can tolerate before its ability to detect distinct trajectories is
degraded. A comparison between clustering results from converted and unconverted timepoints
could inform best practices for working with observational cohorts where age of participant is of

consequence to trajectory interpretability.

Several groups have employed model-based clustering methods to capture latent trajectory
subgroups in ABCD. This presents an opportunity to feed the same longitudinal variables into
CRLI, or another advanced deep learning method, to see if the same subgroups are found across
methods. Comparative analyses (model-based vs. algorithm-based clustering) have been
performed in other contexts, but not including IMVTS methods and not on ABCD data
specifically.3>% These analyses can be combined with a wider-ranging exploration of cluster
associations with both baseline features and outcomes. This could take the form of a classification
model or phenome-wide association study (PheWAS), as some groups have performed on ABCD
recently, to see which static features are most important to discern clusters from each other.?41.242
In the context of biomedical research data exploration, comparative analyses using the same
dataset(s) can demonstrate which method, or group of methods, is most suitable for a specific
dataset or type of data source. Testing associations with high dimensional risk factors and
outcomes can provide important context for deriving clinical meaning of clusters, beyond analysis

of the longitudinal measures themselves.
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6.3. Aim3

In Aim 3, we assessed the ability of CRLI and VaDER to detect meaningful trajectories in
simulated datasets under diverse data constraints. In the context of biomedical research data
exploration, this provided a (i) robust synthetic complement to the real-world datasets analyzed
in Aims in 1 and 2 and (ii) a comprehensive benchmarking of two state-of-the-art MVTS deep
clustering methods. Our work in Aims 1 and 2 crystallized a number of MVTS dataset
characteristics (time series length, noise, missingness, number of clusters, number of samples
per clusters) that we felt needed further exploration in a synthetic context where we could take a
targeted approach to investigating each characteristic’'s impact on clustering performance. We
designed a framework using the mockseries Python package that let us rapidly generate many
unique MVTS datasets by randomly sampling from a range of values for each characteristic. We
also incorporated the ability to modify time series variable properties like trend, rate of change,
and seasonality by designing 5 variable styles (linear sinusoidal, linear transition, two linear
transitions, U-shaped curve, exponential increase) inspired by biomedical trends we observed in
Aims 1 and 2 and the biomedical time series clustering literature. This purely synthetic approach
to method performance evaluation can serve as a complement to the real-world dataset battery
(drawing from UCR, UCI, UEA time series archives) that has generally served as the standard

evaluation benchmark to date for MVTS clustering.

6.3.1. Key findings

We generated 20 MVTS datasets which varied across all of the aforementioned properties
(Table 26) and clustered them with VaDER and CRLI. We reported performance on 4 external
CVI (purity, RI, ARI, NMI), of which ARI has been neglected by benchmark evaluations of VaDER
and CRLI to date, even though it is recommended as the standard for external validation.® We
found that CRLI was equal to or outperformed VaDER on 19/20 datasets,

RandomScenario_seed-91 being the exception (Table 31). ARI was by far the most conservative
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of the 4 CVI and only crossed 0.5 in 4/40 evaluations (20 datasets*2 methods). As ARI was not
reported by Ma et al. in their evaluation of CRLI, our results cast doubt on whether it is actually
as performant as marketed in the original paper.3® In some cases, we observed incongruence
between learned representation 2D visualizations (PCA, t-SNE, UMAP) and cluster assignments.
This motivates an ablation analysis, especially of VaDER, to see if the 2D mapping of the learned
representation combined with a basic clustering algorithm (k-means) outperforms the end-to-end
method and why that may be. In the context of the overarching question of how and when IMVTS
deep clustering methods are useful in biomedical data exploration, the most important findings
were that (1) practitioners should be wary of novel methods that do not report performance on
adjusted metrics (ARI, AMI), (2) 2D visualizations are an invaluable interpretability tool, especially
when there are too many longitudinal variables to understand on an individual basis, and (3) while
CRLI generally outperforms VaDER, neither method achieved across-the-board ARI dominance

(Section 5.5.1).

6.3.2. Limitations

Due to computational constraints, we generated only 20 datasets through random sampling
(Figure 55), though an exhaustive search of all possible combinations of property values from
Table 21 would yield well over 100,000 datasets. For the same reason, we did not perform
hyperparameter tuning for either method, the drawbacks of which are discussed in Section
6.5.1.1. Lastly, we designed only 7 variable styles (5 original + 2 combinations), though there are
conceivably many more that would be valuable for a comprehensive benchmark. We were limited
by manual design in this work, but future approaches could incorporate realistic simulations
(empirical data-informed) to bolster the number of variable styles available.?*¢ In the context of
the overarching question of how and when IMVTS deep clustering methods are useful in
biomedical data exploration, the implications of these limitations are that (1) our simulation

approach was non-exhaustive, but reveals the next steps for which properties are most worth
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prioritizing in further methods stress testing, and (2) comprehensive testing of any deep learning
method is extremely computationally intensive since any hyperparameter could potentially have

non-negligible effects on performance.

6.3.3. Future directions

A number of dataset properties not covered in this Aim should be paid attention in future work:
imbalanced clusters, temporal autocorrelation, missingness type (MAR, MNAR), outliers, and
possibly others we have not considered. Given the outperformance of CRLI by VaDER when
trained on a large sample (7000 data points, Table 26), similarly large datasets should be
generated with other properties varied to better assess the performance potential of VaDER. One
property that we did not quantify or report is a priori cluster separability; a per-variable, per-dataset
quantification of this would capture an additional measure of difficulty that will make comparing
datasets easier. Lastly, we can use basic machine learning to understand which properties are
most impacting performance by regressing one or more external CVI on dataset properties and
using feature importance methods, like SHAP, to rank and visualize impact.?> This will be
especially insightful after generating more datasets with a greater spread of properties. In the
context of the overarching question of how and when IMVTS deep clustering methods are useful
in biomedical data exploration,(1) generation of more datasets with a greater spread of properties,
coupled with (2) systematic (quantitative) analysis of which specific properties most impact

performance, can inform best practices for methods usage on novel real-world datasets.
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6.4. Cross-cutting observations

In this section, we discuss limitations and future directions that emerged during our exploration of
how and when one-stage MVTS clustering methods (VaDER, CRLI) are useful in biomedical
research data exploration. This work deeply investigated methods developed at the junction of
MVTS imputation, representation learning, and clustering (Figure 78). Though we encountered
limitations related to computational constraints, cluster validation, and generalizability, our results
serve as a jumping off point for several interesting research directions, some of which are already

under investigation.

6.4.1. Limitations

6.4.1.1. Hyperparameter tuning

Deep clustering (DC) methods can be distinguished by their architectural differences (feedforward
autoencoder vs. convolutional autoencoder) and their type of clustering objective (flat,
hierarchical, non-redundant). Inherent to these structural differences are a number of
hyperparameters (number of neurons, type of optimizer, learning rate) that should ideally be tuned
for each clustering task individually.?”® However, such optimization is often computationally
expensive, and more difficult in the unsupervised setting due to lack of a training set, so IMVTS
DC practitioners may resort to using the default hyperparameters reported in a given method’s
publication, especially when performing comparative evaluations between multiple
methods.3233.100.271 Others may perform hyperparameter optimization for a task and proceed with
the set of hyperparameters that yielded the best performance.3?3" Depending on the complexity
of the structure, an optimally tuned DC method can demonstrate performance gains over an
untuned version.?®2° Though we did not perform hyperparameter tuning, future work should

incorporate some amount of tuning into the overall workflow, if computationally viable.
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6.4.1.2. Cluster validation indices

6.4.1.2.1. Internal

Internal cluster validation indices (ICVI), which are used to establish clustering acceptability in the
absence of ground truth labels, have been studied extensively, with no consensus on any one
index that outperforms all others in every clustering scenario.8586.88.149.272273 | jy et al. investigated
11 ICVI across 5 aspects (monotonicity, noise, density, subclusters, skewed distributions) and
found that S_Dbw index performed well in all 5.8* However, Arbelaitz et al. concluded that, while
Silhouette index obtained the best results in many of the the contexts they tested, no single ICVI
of the 30 tested, including S_Dbw index, showed a clear advantage in every context. They also
observed that noise and cluster overlap had a large impact on ICVI performance.® Van
Craenendonck & Blockeel concluded that all 4 of the ICVI they studied exhibited some undesired
properties.’® Noting this lack of agreement across studies, Hamalainen et al. recommended using

multiple ICVI when performing cluster analysis, as we did in our work.8

6.4.1.2.2. External

Of the many available external CVI, which are used to assess clustering performance in the
presence of ground truth labels, Adjusted Rand Index (ARI) is generally considered to be the
standard.® Even so, it is (1) not reported in many novel clustering method evaluations and (2) still
a global measure that does not provide a sense of how “good” each individual cluster is. Our
experiments in Aim 3 demonstrated that, even when the external CVI for a clustering result is low,
we can visually identify that certain clusters are more well-separated than others. This can be
quantified with per-cluster metrics, like purity, or simple confusion matrices.?’42’5> While we (1)
reported ARI in addition to other commonly reported external CVI and (2) attempted to
qualitatively (visually) assess per-cluster quality in some of our Aim 3 experiments, our results did

not include any quantitative per-cluster metrics.
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6.4.1.3. Risks of subtyping in real-world data and cohort generalizability concerns

The greater heterogeneity among real-world patients, compared to trial participants subject to
specific eligibility criteria, motivates precision medicine analytical approaches, including subgroup
discovery. Segal et al. discusses subgroup analysis in the context of heterogeneous treatment
effect (HTE) in real-world data (RWD). They distinguish between 4 objectives that researchers
may have when investigating HTE, which can be extended more broadly to apply to biomedical
data subgrouping in general: (1) confirming that subgroup differences exist, (2) describing the
magnitude and nature of those differences, (3) discovering subgroups through exploratory
analyses, and (4) predicting individual-level differences. Specific to objective (3), they underscore
the need for principled approaches to interpreting differences between newly discovered
subgroups when biological plausibility or social rationale for the differences is not strong. They
call for the development of a framework for determining whether evidence gathered from

subgroup analysis is clinically actionable.?"®

In Aims 1 and 2, our final cohorts were much smaller than the original dataset sample they drew
from. This raises questions about generalizability of the clusters identified in the cohort to the
population as a whole. Future work should better characterize how the final cohort differed from
the dataset sample and how similar either of those is to the actual target population. The same
kind of discrepancy that can exist between clinical trial internal and external validity can be
observed in our RWD context. Stuart et al. discuss emerging methods for assessing and
enhancing trial external validity, like propensity scores, principles of which can be borrowed from

to inform RWD analyses as well.?”7

6.4.1.4. Variable-length time series

VaDER and CRLI can handle time series of unequal length by padding missing values onto

shorter sequences and imputing them, but they still require a fixed-length grid that all input
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sequences must adhere to. However, some MVTS deep clustering methods are able to natively
ingest variable-length sequences by leveraging properties of the recurrent neural network (RNN),
representative architectures of which are Long Short Term Memory (LSTM) and Gated Recurrent
Units (GRU).?” Trosten et al. introduced Recurrent Deep Divergence-based Clustering (RDDC),
which builds on Deep Divergence-based Clustering (DDC) with a two-layer bidirectional GRU, to
cluster multivariate sequential data with variable sequence length.?’® lenco & Interdonato
published constrained Deep embedding time SEries Clustering (conDetSEC), a semi-supervised
deep embedding time-series clustering framework that is also based on GRUs and can take
varying length inputs.?’® Notably, neither of these methods incorporate imputation into their

pipelines, so they are not directly comparable to VaDER and CRLI in that regard.

6.4.2. Recent advances and future directions

6.4.2.1. Novel one-stage methods

After the design and execution of this dissertation, two papers by Li et al. introduced novel one-
stage deep clustering methods and compared their performance against VaDER and CRLI. The
first (2024) introduced an End-to-End Deep Fuzzy Clustering (EEDFC) model and the second
(2025) introduced a Multi-View Clustering Method for Incomplete Multivariate Time Series
(MVCIMTS)."00.271 EEDFC was compared to eleven other methods: 9 two-stage methods and 2
one-stage methods (VaDER, CRLI). MVCIMTS was compared to 5 incomplete multi-view
clustering (IMVC) methods and 2 temporal methods (VaDER, CRLI). Performance was validated
via application to a selection of 7-10 benchmark datasets from popular time series dataset
repositories (UCR, UCI, UAE).2%-282 The papers also explored method robustness against
missingness and noise, reporting evaluation metrics Rand Index (RI), normalized mutual
information (NMI), accuracy (ACC), and purity. Future work should consider these methods
alongside VaDER and CRLI and include ARI in the evaluation metrics. In the context of the

overarching question of how and when IMVTS deep clustering methods are useful in biomedical
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data exploration, these methods represent the new state-of-the-art and improve the landscape of
available approaches for joint imputation and clustering of longitudinal data.Whether these

methods will achieve high ARI performance across diverse synthetic datasets is to be determined.

6.4.2.2. Outcome-guided clustering

In parallel to the purely unsupervised clustering methods discussed in this dissertation, a strain
of predictive (outcome-informed) clustering methods has developed to take better advantage of
the disease status information that is often available in clinical datasets.’283-28¢ The van der
Schaar group has made several contributions to this area, the most recent of which is T-
Phenotype (2023), a temporal clustering method which takes advantage of both (i) multivariate
longitudinal trends and (ii) static outcomes of interest. They applied their method to synthetic data,
observational cohort data (Alzheimer's Disease Neuroimaging Initiative), and ICU data
(PhysioNet), demonstrating its prognostic value across multiple dataset types.?®® Wang et al.
proposed Outcome-Guided Deep Temporal Clustering (OG-DTC) in 2024, which incorporates an
autoencoder and clustering objective like other deep clustering methods, but adds a clinical
outcome regression to enhance interpretability and clinical significance. This enables the
identification of clusters with homogenous temporal patterns and close outcomes.?® In the context
of the overarching question of how and when IMVTS deep clustering methods are useful in
biomedical data exploration, these outcome-informed approaches can used to revisit experiments
like those in Aim 2, where specific outcomes of interest are recorded in the dataset (ABCD), with

a sharper focus on deriving clinical meaning.

6.4.2.3. Explainability

While deep learning approaches confer many advantages for clustering tasks over traditional
approaches, they suffer from a lack of explainability, and, therefore, interpretability. Explainability

methods should be able to (1) provide justification for the existence of a given cluster (do cluster
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members share common patterns?), (2) highlight cluster differences (what makes a member of
cluster A different from a member of B?), and/or (3) reveal what and where the model architecture
is capturing subtleties of cluster differences (are certain neurons capturing particular patterns?).
In their survey of recent advances in explainable deep clustering for time series data, Schlegel et
al. emphasize the accuracy-interpretability tradeoff and motivate several research opportunities
in the area. They also reference a proposed taxonomy of explainability techniques: (1) pre-
clustering explainability, (2) in-clustering explainability, and (3) post-hoc explainability.®! Similarly,
Huang et al. grouped time series clustering explainability methods into 3 categories: (1) data
preprocessing for explainability, (2) model training for explainability, and (3) visualization for
explainability. They also provide a list of qualities that ultimately influence a deep clustering
model’s overall trustworthiness: explainability, interpretability, interactivity, stability, robustness,
reproducibility, and confidence.?®” Both papers stress the importance of explainability in the
healthcare domain, where clusters must be interpretable for patients and providers to be medically
useful. AppendixTable 8, from Schlegel et al.,, summarizes representative deep time series
clustering approaches that incorporate explainability. In the context of detecting meaningful
trajectories in biomedical datasets, explainability approaches can help inform what specific
meaning should be derived from a clustering result by illuminating which aspects of each cluster
the deep learning methods used to actually differentiate them. This quantitative meaning can then
be translated into clinical meaning by other domain experts to encourage clinical trustworthiness

and actionability.

6.4.2.4. Synthetic clustering benchmarks

Recently, motivated by smart meter time series analyses, Yerbury et al. generated synthetic data
to evaluate a range of time series clustering methods (31 distance measures, 8 representations,
11 clustering algorithms) across varying dataset characteristics. They report that performance

was most impacted by cluster imbalance, noise, and outliers. However, (1) their investigation did
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not include deep learning methods, (2) they did not generate multivariate time series (only
univariate), and (3) they did not explore the effect of missingness on model performance.?® Most
similar to our Aim 3 work is the recently published CSTS (Correlation Structures in Time Series),
a multivariate synthetic time series benchmark. Their generation framework is customizable,
allowing for users to modify dataset characteristics like correlation structure, distribution
properties, segment lengths, sparsity, and number of subjects and time series variables
generated. However, their generated data lacks temporal dependencies (autocorrelation, trends,
seasonality), instead focusing on correlation structures between variables.?®° In the context of
assessing MVTS clustering method ability to detect trajectories in synthetic datasets under
diverse data constraints, complementary simulation approaches, like the aforementioned, can be
integrated with our own to create a comprehensive synthetic benchmark that probes every
conceivable angle of method performance. In addition to real-world MVTS repositories, this
benchmark could be used by future methods developers to instill confidence in researchers that

their methods are robust to wide-ranging data complexities.

6.5. Conclusion

Deep clustering for time series is a rapidly evolving and expanding field. In this dissertation, we
focused on applications to longitudinal biomedical data from real-world and synthetic sources
which involved an array of data-specific and clinical domain-specific nuances. Across three

distinct aims, we explored how and when recently developed one-stage incomplete multivariate

time series (IMVTS) deep clustering methods (VaDER, CRLI) are useful in biomedical research

data exploration. In Aim 1, we showed that, in the EHR, CRLI can be used to identify post-

treatment multivariate response trajectories despite small cohort size (less than 500) and
infrequent measurements. In Aim 2, in the observational cohort setting, we demonstrated CRLI’s
ability to identify multivariate trajectories that had significant differences in proportions of static

future outcomes of interest. In particular, we showed that CRLI identified meaningful clusters that
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could not have been otherwise identified without multiple timepoints and multiple variables. In Aim
3, we evaluated VaDER and CRLI performance on synthetic datasets using Adjusted Rand Index,
which has not been reported to date. We showed that (1) neither method achieved satisfactory
ARI performance across 20 diverse datasets and (2) external clustering validation indices (CVI)
alone are not sufficient to understand clustering performance. We generated 2D visualizations of
the latent representations learned by VaDER and CRLI and analyzed them alongside external
CVI to demonstrate the not uncommon disconnect between qualitative (visual) latent space
cluster separability and quantitative external CVI performance. Since the initiation of this
dissertation, several advances have been made that can augment future extensions of our work.
We remain incredibly excited about the potential that this area of research has for better

understanding longitudinal patterns in complex biomedical datasets.
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Appendix

Publication Dataset Longitudinal variables Risk factors & Outcomes
Voepel-Lewis 2025 |ABCD anxiety, depression, pain, Early onset substance use
somatic and somnolence (C-
PSST)
Senger-Carpenter ABCD Pain, Psychological, and Family adversities,
2025% Somatic Symptom (Pain-PSS)|supportive caregiving
Voepel-Lewis 20232 (ABCD co-occurring pain, health care utilization
psychological, and sleep
disturbance symptom (pain-
PSS)
Orri 2018192 Québec Irritability, depressive/anxious |Suicidal ideation & attempts

Longitudinal Study
of Child
Development

mood

Gallant 2020193

Monitoring Activities
of Teenagers to
Comprehend Their
Habits (MATCH)
study

Physical activity, screen time,
sleep

Bendezu 2022194

University of
Minnesota (UMN)
clinics and
neighboring areas

Depression, SIB,
frontolimbic neural circuity

Zdebik 201919

Quebec
Longitudinal Study
of Child
Development
(QLSCD)

Shyness, anxiety, depression

Internalizing problems

Hanson 2019'%

Birth-to-Twenty
Plus Cohort (Bt20+)

Physical activity, sedentary
behavior, sleep

SES, mother’s schooling,
mother’s marital status

Murray 2022197

Zurich Project on
Social Development
from Childhood to
Adulthood (z-proso)
longitudinal cohort
study

ADHD, internalising, and
externalising symptoms

Bullying, academic
achievement, maternal post-
natal depression

Zhang 20211%

longitudinal study
examining
psychosocial
determinants of
growth and
development in
Anhui Province,
China

Life style indicators

Psychopathological
outcomes

Carosella 2023199

University of
Minnesota

stress experience,
expression, and physiology
(EEP)

Depressive symptoms, SIB

AppendixTable 1. Adolescent trajectory identification in ABCD and non-ABCD datasets
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# of variables after thresholding

Core assessment domain [# of tables # of total 3+ timepoints & 5+ timepoints &
variables 10k+ participants 4k+ participants

ABCD General 5 419 8 8

Culture & Environment 28 515 119 94

Gender Identity & Sexual 4 122 1 1

Health

Genetics 2 78 - -

Imaging 264 56,384 - -

Linked External Data 71 2,775 - -

Mental Health 55 9,269 450 291

Neurocognition 16 498 - -

Novel Technologies 18 2,875 7 3

Physical Health 25 3,364 66 66

Substance Use 41 3,853 17 21

Total 529 80,152 672 488

AppendixTable 2. Summary of longitudinal variables in ABCD Release 5.0
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AppendixFigure 1. Variables ranked by median coefficient of variation across all participants and
timepoints




Levels of Measurement

Qualitative

Quantitative

Nominal

Ordinal

Interval

Ratio

Example

Eye color

Letter grades

[Temp (F/C)

\Weight

Properties

Category

Rank

Equal intervals

True zero

Central Tendency

Mode

Median

Arithmetic Mean

Geometric Mean

Variability

Range

IQR

SD

Variance

cv

Visualization

Pie

Bar

Histogram

Boxplot

Eye Color

Histagram of Temperature

Boxplots of cattle weights

1

eight (kg)

He

AppendixTable 3. Levels of measurement?*°
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Test name

TB subd: feonstruct ad time®

Stimulus and task description

Scores computed For validation study

NIHTB Flanker Inhibitory
Control And Attention Test

NIHTB Dimensional Change
Card Sort Test

NIHTB List Sorting Working
Memory Test

NIHTB Pattern Comparison
Processing Speed Test

NIHTB Picture Sequence
Memory Test

NIHTE Oral Reading
Recognition Test

NIHTE Picture Vocabulary
Test

Executive Attention

6 minutes

Executive Category Switching

T minutes

Working Memory: information helding and
manipulation

T minutes

Processing speed: number of items completed
in a finite amount of time

2 minutes

Episodic Memory for a sequence of pictured
evenls

9 minutes (depending on length of series)

Language: Written word pronunciation

6 minutes

Language: Auditory word-visual picture
matching

4 minutes

WVisual display of central arrow pointing left or right, flanked by arrows in the
same or opposite direction as the central arrow

Task: Indicate direction of central stimulus (leftward or rightward pointing) when
flankers are in the same (congruous) or in opposile (incongruous) directions
from the central stimulus

Visual display of two different stimuli side-by-side, each in a different color. Test
stimulus matching one of the two display stimuli in either color or shape
appears at the bottom of the screen

Task: On some trials, shape is the sorting criterion, on others, color. There are
5 pre-switch trials (one category), 5 post-switch trials (after shift to second
category) and 30 mixed category trials (shifting)

Stimuli from a single category (animals) or two categories {fruits and animals) are
presented sequentially visually and aurally in series ranging from 2 to 8 items

Task: Orally repeat the sequence of items in order of size. For two-category items,
order by size from one specified category first and then from the second.

Pairs of stimuli appear side by side

Task: Indicate if the stimuli are the “same™ or “not the same™

A series of pictures of people performing acts related to a single theme, but not in any
intrinsic order, is presented one at a time on the computer screen. After the last
item, the pictures are all “collected” in random array in the center of the screen

Task: The respondent must place the pictures in the same demonstrated sequence
There are three trials of learning with presentation of the sequence followed by
replication of the sequence in each

Single printed words are presented in the center of the screen to be read aloud by
the respondent. Examiner enters if response is correct or not. Ttems are
presented via CAT method based on the participant’s responses

Four pictures are presented in a two-by-two array on the screen. A single recorded
word is presented aurally and the participant must indicate which of the
pictures matches the word

Total Trials = 40
Total Score = 10

Score is based on an algorithm derived
from both accuracy and reaction time if
the former is >B0%. If less than 80%,
score is accuracy

Total Trials = 40
Total Score = 10

Score is based on an algorithm derived
from both accuracy and reaction time if
the former is >B0%. If less than 80%,
score is accuracy

Total Items correctly sequenced on the

one- and two-category trials, of a
possible 28

Total number of correct responses within
90 seconds. Maximum score = 130

Total number of correct placements across
three learning trials {total
possible = 48)

Theta score based on IRT

Theta score based on IRT

*Administration times are

IRT = item response theory; NIHTB = NIH Toolbox.

The norming version has been shortened to remain within the desired 30 minutes originally planned.

AppendixTable 4. NIH Toolbox Cognition Battery Tests®'?
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Baseline Year 1 Year 2 Year 3 Year 4 Year 5
Module # | Module Name Y C Y C Y C Y C Y C Y C
1-3 Mood Disorders 1 1 0 0 1 1 0 0 1 1 0 0
4 Psychosis 0 1 0 1 0 1 0 1 0 1 0 0
5 Panic Disorder 0 1 0 0 0 1 0 0 0 1 0 0
6 Agoraphobia 0 1 0 0 0 1 0 0 0 1 0 0
7 Separation Anxiety 0 1 0 0 0 1 0 0 0 0 0 0
8 Social Anxiety Disorder 1 1 0 0 1 1 0 0 1 1 0 0
9 Specific Phobia 0 1 0 0 0 1 0 0 0 1 0 0
10 Generalized Anxiety Disorder 1 1 0 0 1 1 0 0 1 1 0 0
Obsessive Compulsive 0 1 0 0 0 1 0 0 0 1 0 0

11 Disorder
12 Enuresis and Encopresis 0 0 0 0 0 0 0 0 0 0 0 0
13 Eating Disorders 0 1 0 1 1 1 0 1 1 1 0 0
Attention Deficit Hyperactivity 0 1 0 1 0 1 0 1 0 1 0 0

14 Disorder
15 Oppositional Defiant Disorder 0 1 0 1 0 1 0 0 0 1 0 0
16 Conduct Disorder 0 1 0 1 1 1 0 1 1 1 0 0
17 Tic Disorders 0 0 0 0 0 0 0 1 0 1 0 0
18 Autism Spectrum Disorders 0 1 0 0 0 1 0 0 0 1 0 0
19 Alcohol Use Disorder 0 1 1* 0 1* 1 1* 0 1* 1 1* 1
20 Drug Use Disorders 0 1 1* 0 1* 1 1* 0 1* 1 1* 1
Post-Traumatic Stress 0 1 0 0 0 1 0 0 0 1 0 0

21 Disorder
22 Sleep Problems 1 1 0 0 1 1 0 0 1 1 0 0
23 Suicidality 1 1 1 0 1 1 1 0 1 1 1 0
24 Homicidality 0 1 0 0 0 1 0 0 0 1 0 0
25 Selective Mutism 0 0 0 0 0 0 0 0 0 0 0 0

Note: Y = Youth; C = Caregiver; *Only administered if youth reported substance use.

AppendixTable 5. KSADS-COMP modules administered at each wave’®?
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AppendixFigure 2. Multivariate physical health trajectories of female participants (mean lineplots

overlaid)
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AppendixFigure 3. Multivariate CBCL trajectories of SIB-exhibiting participants (mean lineplots overlaid)
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-log(p-value)

S

SZPE

Weekday screentime (videos) STQ 0.0494  2.50E-04 0.0394 03155

ANT= Youth Anthrop CBCL = Child Behavior Checklist, ASR = Adult Self-Report,
STQ = Youth Screen Time Survey

AppendixFigure 4. Manhattan plot of 1,273 Psychosocial phenotypes®#
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Dataset Train Cases Test Cases Dimensions Length Classes
ArticularyWord Recognition 275 300 9 144 25
AtrialFibrillation 15 15 2 G40 3
BasicMotions 40 40 i 100 4
CharacterTrajectories 1422 1436 3 182 20
Cricket 108 72 i 1197 12
DuckDuckGeese il 40 1345 270 5
EigenWorms 128 131 i 17984 5
Epilepsy 137 138 3 206 4
EthanolConcentration 261 263 3 1751 4
ERing 30 30 4 G5 i
FaceDetection 3890 3524 144 62 2
FingerMovements 316 100 28 50 2
HandMovementDirection 320 147 10 400 4
Handwriting 150 850 3 152 26
Heartheat 204 205 61 405 2
JapaneseVowels 270 370 12 29 9
Libras 180 120 2 45 15
LSST 2459 2466 6 36 14
InsectWingheat 30000 20000 200 TR 10
Motorlmagery 278 100 64 3000 2
NATOPS 180 180 24 51 6
PenDigits 7494 3498 2 8 10
PEMS-SF 267 173 963 144 7
Phoneme 3315 3353 11 217 39
RacketSports 151 152 ] 30 4
SelfRegulationSCP1 268 293 6 206 2
SelfRegulationSCP2 200 120 T 1152 2
SpokenArabicDigits 6500 2199 13 093 10
Stand WalkJump 12 15 4 2500 3
UWaveGestureLibrary 120 320 3 315 B

AppendixTable 6. Summary of the 30 datasets in the UEA MVTS classification archive, 201847
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AppendixFigure 5. MVTS data simulated using VAR processes (4 variables, 8 time points, 3 clusters) for
different levels of similarity parameter A (from VaDER supplement)®*
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Metric RMSE RI
Method BRITS CRLI Raw_data BRITS CRLI
50words 0.67(0.19) 1.44(0.29) | 0.941(0.01) 0.952(0.00) 0.952(0.00)
Adiac 0.93(0.47) 6.78(2.14) | 0.921(0.02) 0.937(0.00) 0.934(0.00)
ArrowHead 1.36(0.50) 2.01(0.43) | 0.556(0.00) 0.503(0.01) 0.575(0.01)
Beef 2.12(1.23) 2.90(0.99) | 0.651(0.01) 0.648(0.01) 0.651(0.00)
BeetleFly 1.33(0.39) 3.03(0.16) | 0.479(0.02) 0.516(0.01) 0.528(0.02)
BirdChicken 1.94(1.15) 3.88(0.85) | 0.474(0.00) 0.474(0.00) 0.474(0.00)
Car 1.24(0.73) 3.04(1.12) | 0.702(0.05) 0.678(0.02) 0.698(0.01)
CBF 3.37(0.20) 3.21(0.08) | 0.704(0.01) 0.699(0.01) 0.710(0.01)
Chlorine 1.15(0.08) 3.10(0.17) | 0.528(0.00) 0.528(0.00) 0.528(0.00)
CinC 2.19(0.80) 3.96(0.24) | 0.693(0.01) 0.685(0.01) 0.695(0.00)
Coffee 1.11(0.36) 4.43(1.21) | 0.484(0.00) 0.484(0.00) 0.506(0.01)
Computers 5.80(0.37) 6.40(1.03) | 0.502(0.01) 0.510(0.00) 0.509(0.00)
Cricket X 3.52(0.25) 4.07(0.60) | 0.855(0.01) 0.855(0.00) 0.859(0.00)
Cricket_ Y 2.89(0.34) 3.05(0.22) | 0.858(0.01) 0.856(0.00) 0.861(0.00)
Cricket Z 3.53(0.32) 4.15(0.89) | 0.858(0.01) 0.855(0.00) 0.863(0.00)
Diatom 1.64(0.68) 2.00(0.38) | 0.926(0.00) 0.925(0.00) 0.927(0.00)
DPO.AgeGroup | 0.59(0.25) 1.04(0.04) | 0.764(0.00) 0.763(0.00) 0.763(0.00)
DPO.Correct 0.58(0.28) 0.92(0.05) | 0.505(0.00) 0.504(0.00) 0.504(0.00)
DPTW 0.85(0.50) 1.07(0.09) | 0.774(0.02) 0.777(0.00) 0.775(0.00)
Earthquakes 13.02(0.13) 10.49(0.37) | 0.499(0.03) 0.504(0.01) 0.511(0.01)
Average 2.492 3.548 0.684 0.683 0.691
AVG RANK 1.1 1.9 2.2 23 14
p-value - - 1.05E-02 3.19E-02 -

AppendixTable 7. RMSE & clustering RI comparison on first 20 synthetic incomplete datasets of UCR
archive®
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Method Model Explainability Stage Presented Do-
(Year) main
SOM-VAE VAE + 2-D Latent grid; proto- In-cluster ICU vitals;
(2019) [10] SOM type neurons MNIST seq.
T-DPSOM VAE + LSTM Trajectory map; In-cluster ICU patient
(2020) [21] + prob. SOM  uncertainty states
DeTSEC Attentive Attention on key In-cluster Speech, gesture,
(2020) [15] GRU autoen- subsequences ECG

coder
Time2Feat Feature ex- Interpretable do- Pre- 18 IoT / activity
(2022) [6] tractor + main features cluster sets

DNN
CDPS CNN shapelet Representative Pre- UCR archive
Shapelets learner + k- subsequences cluster
(2023) [8] means (shapelets)
Explain. Autoencoder  Cluster-specific Post-hoc  EEG brain states
Clust. (2023) [9] + k-means spectral patterns
CLAMP Model- Post-hoc rules and Post-hoc  Cyber-security
(2022) [5] agnostic prototypes logs

framework

AppendixTable 8. Representative deep clustering methods for time series with explainability, grouped by

the interpretable clustering three-stage taxonomy?®"2%!
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