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Machine Learning in Modeling Disease
Trajectory and Treatment Outcomes:

An Emerging Enabler for Model-Informed
Precision Medicine

Nadia Terranova™ ® and Karthik Venkatakrishnan®*

The increasing breadth and depth of resolution in biological and clinical data, including -omics and real-world data,
requires advanced analytical techniques like artificial intelligence (Al) and machine learning (ML) to fully appreciate
the impact of multi-dimensional population variability in intrinsic and extrinsic factors on disease progression and
treatment outcomes. Integration of advanced data analytics in Quantitative Pharmacology is crucial for drug-disease
knowledge management, enabling precise, efficient and inclusive drug development and utilization - an application

we refer to as model-informed precision medicine. Al/ML enables characterization of the molecular and clinical
sources of heterogeneity in disease trajectory, advancing end point qualification and biomarker discovery, and
informing patient enrichment for proof-of-concept studies as well as trial designs for efficient evidence generation
incorporating digital twins and virtual control arms. Explainable ML methods are valuable in elucidating predictors
of efficacy and safety of pharmacological treatments, thereby informing response monitoring and risk mitigation
strategies. In oncology, emerging opportunities exist for development of the next generation of disease models via
ML-assisted joint longitudinal modeling of high-dimensional biomarker data such as circulating tumor DNA and
radiomics profiles as predictors of survival outcomes. Finally, mining real-world data leveraging ML algorithms
enables understanding of the impact of exclusion criteria on clinical outcomes, thereby informing rational design
of appropriately inclusive clinical trials through data-driven broadening of eligibility criteria. Herein, we provide an
overview of the aforementioned contexts of use of ML in drug-disease modeling based on examples across multiple
therapeutic areas including neurology, rare diseases, autoimmune diseases, oncology and immuno-oncology.

Model-informed precision medicine' is envisioned as the appli-
cation of quantitative pharmacology models to generate hypoth-
eses and/ or substantiate evidence regarding the contribution of
patient-specific factors (e.g., genetic variation in the molecular tar-
get of adrug) to the efficacy and/ or safety of therapeutics. Model-
informed precision medicine takes the established discipline of
model-informed drug development into the realm of informing
not only the development but also the optimal clinical use of pre-
cision medicines, ensuring the utilization of the right drug for the
right patient, and for all patients. With a steady increase in the
dimensionality of biological and clinical data, traditional clinical
pharmacology study designs and methods of covariate analysis in
pharmacometrics to evaluate intrinsic/ extrinsic factor effects fall
short when faced with big “omics” data sets. These include patient-
level characterizations of the genome, transcriptome, proteome,
metabolome, radiome, microbiome, and exposome. Furthermore,
there is growing utilization of real-world data (RWD) from di-
verse healthcare settings. To address these challenges, artificial
intelligence (AI)/machine learning (ML) and related advanced
analytical approaches have rapidly permeated the disciplines of

Pharmacometrics and Quantitative Systems Pharmacology. These
techniques enable integration of multimodal and multidimen-
sional sources of variability in disease trajectory and the pharmaco-
logical response to thcrapcutics.2 Such integration is vital across the
pharmaceutical research and development lifecycle. It helps inform
confidence in the biological target beginning early in drug discov-
ery, selection of the right patient population for clinical develop-
ment, and maximization of benefit versus risk through optimized
dosage selection for all paticnts.3 Herein, we provide an overview
of opportunities for integrating ML in drug-discase modeling
for characterizing disease progression, variability in treatment re-
sponse and enhancing diversity and inclusion in clinical develop-
ment (Figure 1).

CHARACTERIZING HETEROGENEITY IN DISEASE
TRAJECTORY

Many chronic diseases (e.g., autoimmune, cardiovascular, neu-
rological, and neurodegenerative diseases) have complex patho-
physiology, translating to substantial heterogeneity in discase
trajectory, and inter-patient variability in treatment outcomes. In
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Figure 1 Opportunities for integrating machine learning in drug-disease modeling for model-informed precision medicine.

autoimmune diseases like systemic lupus erythematosus (SLE),
the relationships between soluble biomarker profiles (e.g., auto-
antibodies) and disease pathophysiology or treatment outcomes
are complex. These relationships and are often poorly understood
to inform patient selection/ stratification hypotheses and rela-
tionships to treatment outcomes. Furthermore, understanding of
the time course of changes in such biomarkers in relation to the
time course of clinical outcomes based on longitudinal patient-
level data is often absent. Attrition in drug development in these
discase areas due to lack of efficacy in phase II trials despite sci-
entifically appealing therapeutic hypotheses remain a significant
challenge. The multidimensionality of longitudinal biomarker
data linked to clinical outcomes motivates the application of ML
approaches to reveal predictors of disease trajectory and treat-
ment outcomes going beyond traditional cross-sectional analyses
that often ignore considerations of the time course of pathophys-
iological and pharmacological processes, as well as the underlying
interactions and relationships among those. In a recent example, a
longitudinal clustering method was applied to data from a cohort
of 805 patients with SLE to identify predictive profiles for clin-
ical outcomes.” The study analyzed data from 805 patients with
SLE over 10years, identifying 4 distinct patient clusters based
on autoantibody profiles. These clusters were associated with
differences in disease activity, organ involvement, treatment re-
quirements, and mortality risk, which also resulted in differences
in survival. Analyses of this nature have the potential to inform
intelligent proof-of-concept (POC) trial designs through appro-
priate patient stratification going beyond traditional phenotypic
traits, ultimately contributing to enhancing probability of tech-
nical success.

The measurement of disease progression and treatment response
in clinical trials is particularly challenging in neurological diseases,
especially in rare diseases where efficiency in clinical development
is of paramount importance. Integration of ML methods into
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natural history models for rare diseases should be considered as a
component of the toolkit to characterize sources of variability in
disease trajectory. Well annotated and curated RWD sources are
indispensable enablers. A successful example of such an applica-
tion has been described in Huntington’s disease (HD) using data
from the Enroll-HD registry.5 ML techniques, including k-means
clustering and the gradient boosting tree-based ensemble ML al-
gorithm XGboost, were applied to analyze clinical and functional
measures over time in 4,961 individuals with HD. The analysis
grouped patients into three clusters of progression: rapid, moder-
ate, and slow progressors. Notably, the most predictive feature for
cluster assignment was the cytosine adenine guanine-age product
score, which is directly reflective of the molecular hallmark of HD,
followed by factors such as years since symptom onset, a medical
history of apathy, body mass index at enrollment, and age at en-
rollment. These findings provide valuable insights into the factors
influencing the rate of disease progression in HD. We envision
opportunities for such models to serve as Bayesian priors for en-
hancing the design and analysis of POC studies. The discovery of
digital biomarker end points from longitudinal high-dimensional
data collected with wearable devices is another emerging area of
application for ML models. In one example, real-world movement
data were collected from 21 patients with Duchenne muscular
dystrophy (DMD) and 17 age-matched controls using a 17-sensor
bodysuit over 12 months.® Novel movement behavioral patterns
characterizing patients with DMD were identified, with AI/ML
algorithms enabling the discovery of a movement behavioral bio-
marker (KineDMD). This novel ethomic biomarker offered better
longitudinal disease predictions, reduced variability, and physio-
logically contextualizable age-related progression dynamics than
traditional clinical assessments, such as the standard 6-minute
walk distance test, raising valuable opportunities for more efficient
clinical trial design for evaluating investigational therapeutics for

DMD.

721

95U8017 SUOWILLIOD SAITe8.D 3|qedt dde sy Aq pauenob afe sopie O 9Sh J0 S9|N. 10} Ak 8U1IUO A8]1/ UO (SUOTIPUOD-PpUe-SWLB)AL0D" A8 | IMAle.d 1jou1|Uoy/:Sdy) SUonIpuoD pue swie | auy) 385 *[9202/T0/20] Uo Akiqiaulluo A1 ‘€STE 1d9/200T 0T/I0p/woo A8 im Alelq i jpuljuoidase//:sdny woJj pspeojumod ‘v ‘¥Z0Z ‘GES9ZEST



MINI-REVIEW

(@ 1.00 -
2
. é 0.75 A
2
5 9 050
© ©
83
oo
g 0251 Cladribine 5.25mg/kg
Placebo Cladribine 3.5mg/kg
0.00 A
0 48 96 144 192 240 288 336
Weeks
(b)
Training Test
Patient’s covariates Patient’s covariates
at week T-X at week T-X

Be

Disease activity status
atweek T

' @D x
@)

T

Bc

Disease activity status
atweek T

" @ &
@ b

-
/ ML model

T >

(¢ Decreased risk of DA Increased risk of DA
- >
High
TRTWeeks <4l w2
Comb..Unique..LRNT2NEL.LRET2L.LRGDONLY. ’ . .
Platelets B .
New.T1.Hypointense..Black.Holes. ’ +- ———————
Creatine.Kinase -.-.—-’
ARMSS$gARMSS 0—-1-.
Glucose ‘- ;“
KFSS1.Pyramidal.Functions . ‘0‘ o
Albumin “-‘ 2
T1.Hypointense.Lesions..Volume.in.mm3 ‘*-‘— :
Urate = -“ 5
AGE D> k:
Sodium L ; v
Hemoglobin o “
AOD e 4
Protein ’;’
Lymphocytes.Leukocytes “‘
NEUB L
Calcium ’;Q
Neutrophils.Leukocytes ‘"
Low

722

050 -025 000 025 050 075 1.00
SHAP value (impact on model output)

0.75

VOLUME 115 NUMBER 4 | April 2024 | www.cpt-journal.com

95U8017 SUOWILLIOD SAITe8.D 3|qedt dde sy Aq pauenob afe sopie O 9Sh J0 S9|N. 10} Ak 8U1IUO A8]1/ UO (SUOTIPUOD-PpUe-SWLB)AL0D" A8 | IMAle.d 1jou1|Uoy/:Sdy) SUonIpuoD pue swie | auy) 385 *[9202/T0/20] Uo Akiqiaulluo A1 ‘€STE 1d9/200T 0T/I0p/woo A8 im Alelq i jpuljuoidase//:sdny woJj pspeojumod ‘v ‘¥Z0Z ‘GES9ZEST



MINI-REVIEW

Figure 2 Explainable ML prediction of disease activity in patients with Multiple Sclerosis from cladribine trials. (a) Data from over 6years of
observation of 1,935 patients in the 3 phase Il pivotal trials of cladribine (CLARITY, CLARITY-EXT, and ORACLE-MS) were assessed to predict
whether a patient will have disease activity. (b) A supervised multivariate ML method was trained to take 57 input covariates for predicting
future status of disease activity, and then tested on the left-out dataset. (c) SHAP explained the model prediction for each patient. The global
view of the top 20 predictive covariates shows covariates contributions to discriminate between the patients who in future will have disease
activity and those who do not. DA, disease activity; ML, machine learning; SHAP, SHapley Additive exPlanations.

Digital twins have been proposed as a way to streamline the
drug development process and enhance efficiency in clinical trial
design by enabling highly powered studies with smaller control
groups. By leveraging generative Al, digital twins provide virtual
representation or digital replica of a subject by modeling multi-
modal, high-dimensional, and longitudinal individual data, and
enable simulations of how a patient’s disease trajectory may evolve
over time, factoring in variations if they were to receive either a
placebo or standard of care, as illustrated in a seminal example in
Alzheimer’s disease.” TwinRC'Ts, a pioneering concept proposed
by Unlearn.Al leverage regulatory-qualified methods to seam-
lessly integrate patients’ digital twins into clinical trials.® Crucially,
TwinRCTs uses a regulatory-qualified PROCOVA framework
to estimate treatment effects accurately. Patients are random-
ized to treatment or control groups, and at the trial’s conclusion,
information from their digital twins is harnessed. A prognostic
model, developed based on historical data, guides the estimation
of treatment effects, adjusting for patients’ predicted outcomes
(prognostic scores).” This procedure minimizes bias and opti-
mizes efficicncy, supporting its superiority over conventional co-
variate adjustment methods. The European Medicine Agency’s
(EMA) qualification of Unlearn’s procedure in September 2022
further supports the application of digital twins in clinical trials.'”
Nevertheless, the implementation of digital twins in clinical tri-
als is not without its challenges. Validation of digital twins and
simulation models is a complex endeavor, particularly as alternate
scenarios, not based on retrospective longitudinal data, are often
absent from the ground truth. Despite these challenges, the inte-
gration of digital twins in clinical trials holds the promise of re-
ducing sample sizes by 10 to 30%, thus increasing the efficiency
of drug development while maintaining patient safety and regu-
latory compliance.

IDENTIFYING PREDICTORS OF TREATMENT OUTCOMES

An important application of ML models is in the identification
of predictors of treatment response. In a recent example from our
rescarch group, disease activity in patients with multiple sclerosis
(MS) was predicted using supervised multivariable explainable
ML models of longitudinal data in the phase III clinical trials
of cladribine."" Using XGboost, the models combined patient
baseline characteristics, longitudinal magnetic resonance imag-
ing data, neurological assessments, and laboratory measures in
1,935 patients to predict disease activity 3 and 6 months before
it was clinically observed. Several predictive factors for early dis-
case activity were identified, including the duration of cladribine
treatment, the number of new combined unique active lesions, the
number of new T1 hypointense black holes, and the age-related
MS severity score. Difficulties in interpreting complex ML mod-
els, such as XGBoost and their predictions, sometimes limit the
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practical applicability of and confidence in ML. Explainable ML
is aimed at overcoming these hurdles and enhancinguptake of ML
model-informed findings in clinical settings. To this end, SHapley
Additive exPlanations (SHAP) methods were incorporated.
SHAP methods explain the model prediction for each patient by
computing the contribution of each covariate to the prediction
using game theory. The global ranking of important covariates is
obtained by ordering the covariates by their mean absolute SHAP
values for all patients. Importantly, graphical summarization of
the results of SHAP analyses (Figure 2) permitted understandable
communication of findings to non-technical audiences — a critical
competency for maximizing the return on investment in advanced
analytical models. Whereas the above example addressed disease
activity and treatment response, these ML methods are equally
valuable for elucidating and appreciating the relative importance
of predictors of adverse effects of drug treatments and inform de-
velopment of risk mitigation strategies. In one example, XGBoost
ML models coupled with SHAP analyses helped to identify pre-
dictors of hyperglycemia during treatment with the AKT inhibi-
tor anticancer agent ipatascrtib.12

In oncology drug development, a key challenge, particularly in
the development of immunotherapeutic agents, is the uncertainty
in linkage between short-term response and long-term survival
outcomes. Heterogeneity in molecular and radiographic response
to anticancer agents is substantial, with opportunities to character-
ize this variability and relationships to overall survival using ML
methods. Although total tumor size, assessed as the sum of longest
diameters of target lesions, remains the primary metric used to as-
sess radiographic response in oncology drug development, inter-
lesion heterogeneity in tumor dynamics is seldom characterized,
with often underappreciated implications for prediction of long-
term outcomes. In investigations from our research team in met-
astatic colorectal cancer, an ML-based classification clustering of
individual lesions (CICIL) methodology was developed to quan-
tify heterogeneity in trajectory of individual target lesions.”> When
applied to 6,369 individual target lesions data from 1,781 patients
with metastatic colorectal cancer receiving cetuximab-based ther-
apy, CICIL-based metrics of heterogeneity in lesion-level tumor
dynamics were found to be associated with the tumor molecular
profile (KRAS mutation status) and identified as an important
predictor of overall survival. /!>

Advances in liquid biopsy are enabling deep molecular charac-
terization of cancer evolution and molecular response dynamics via
circulating tumor DNA (ctDNA) measurements in clinical trials,
whereas advances in radiomics have exponentially increased the in-
formation content in radiographic imaging data. Although linkage
between changes in ctDNA or radiomic signatures and survival
outcomes have been described'® and progress has been made in
applying pharmacometric methodologies to modeling tumor size
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with integration of ctDNA and radiomics-based covariates, 718

disease progression modeling of longitudinal high-dimensional
ctDNA or radiomics profiles for elucidating POC and for iden-
tifying patient subgroups with differential treatment response re-
main largely untapped opportunities in drug development settings.
In a study involving 466 patients with non-small cell lung cancer
from a clinical trial that evaluated atezolizumab-based treatments,
ML was applied to jointly model the dynamics of multiple ctDNA
features as predictors of overall survival."” Patients were stratified
into high-risk and low-intermediate-risk groups, with significant
differences in survival. In addition to the high prognostic value
of baseline ctDNA levels, correlations of on-treatment ctDNA
changes with treatment response suggested opportunities to im-
prove patient risk stratification, when combined with radiographic
imaging. Examples like these highlight the opportunity for model-
based analyses assisted by ML methods to enhance the value of
longitudinal liquid biopsy measurements in anticancer drug devel-
opment. This is further reinforced by the recent US Food and Drug
Administration (FDA) Draft Guidance on ctDNA measurements
in early oncology drug devc:lopment.20 Envisioned applications in-
clude informing confidence in therapeutic potential, Go/No Go
decision making, patient selection, and dosage optimization based
on dose/schedule-related dynamics of disease- and mechanism-
relevant ctDNA signatures in early oncology clinical development.

ENABLING INCLUSIVE CLINICAL DEVELOPMENT
Generalizability of findings in clinical trials regarding the bene-
fit/ risk of investigational therapeutics to intended real world set-
tings of clinical use requires adequately inclusive enrollment. This
should ideally ensure that the intrinsic and extrinsic factors distri-
butions in the clinical trial sample approximate those expected in
the target patient population, while ensuring rational eligibility
criteria that protect the safety of clinical trial participants. Efforts
to broaden eligibility criteria in clinical trials are on the rise, rec-
ognizing that the rationale for exclusion criteria may not always
be scientifically justified. ML-based analyses of clinical trial da-
tabases have informed forecasting the impact of eligibility criteria
on demographic distributions (e.g., age and race) in a clinical trial
sample. In one example, ML analyses evaluated the impact of 150
study traits generated from 14 Alzheimer’s disease clinical trials
on 4 FDA-approved treatments. At least 30 study traits were iden-
tified, which when used as exclusion criteria were shown to lower
the age of the study population, thereby excluding older patients,
leading to their under-representation in Alzheimer’s disease clin-
ical trials.”!

Mining RWD in clectronic health records (EHRs) using Al/
ML methods enables identification of patient factors associated
with safety adverse events (AEs) and assessment of the impact
of commonly applied exclusion criteria on patient outcomes, in-
forming development of strategies to appropriately broaden eligi-
bility criteria and/ or inform risk management. One such study
was motivated by the observation of significant differences in eli-
gibility criteria among advanced non-small cell lung cancer trials,
even when they involved similar checkpoint inhibitor treatments.
Through Al-based analyses of data from the Flatiron Health
EHR database implemented in a computational framework T7ial
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PathFinder that was developed for this purpose, it was possible to
conclude that many commonly used laboratory-based exclusion
criteria did not have a substantial impact on survival outcomes.
Simulations of clinical trials with more inclusive criteria showed
that broadening eligibility could have nearly doubled the pool
of eligible patients, including more women and participants over
75years old, without affecting the survival benefit or treatment
withdrawals due to adverse effects.”? In another example, an ML
approach was developed to identify patient subgroups more or
less likely to experience post-treatment severe adverse events using
RWD in the OneFlorida+ Clinical Research Consortium, which
contains longitudinal and linked patient-level RWD including
data from Medicaid and Medicare claims, cancer registries, vital
statistics, and EHRs from its clinical partncrs.23 To account for the
high dimensionality of RWD, a novel supervised topic modeling
approach was developed that uses the severe AE (SAE) informa-
tion as a weak supervision. The developed algorithm identified
a set of clinical topics and derived novel patient representations
based on them with reduced dimensionality (i.c., from thousands
of clinical features to 40 topics), such that the patient subgroups
with or without SAEs could be well separated with these represen-
tations. These examples illustrate the potential of ML approaches
to understand factors governing patient outcomes in real-world
practice settings, thereby providing valuable input to enhance di-
versity and inclusivity in clinical trials without compromising the
balance of benefits and risks.

Global access to innovative medicines relies on an inclusive ap-
proach to drug development, enabled by regulatory frameworks
such as the International Conference on Harmonization (ICH)
E17 guideline that inform the design and analysis of multi-regional
clinical trials (MRCTs). A key guiding principle of ICH E17 is that
drug- and disease-related intrinsic and extrinsic factors should be
characterized early to inform MRCT dcsign.24 Furthermore, effi-
ciencies in trial design and analysis, including prespecified pooling
of geographic regions or countries with similar drug- and disease-
related intrinsic and extrinsic factors, is an opportunity offered by
ICH E17. The question of similarity in discase-related intrinsic
and extrinsic factors requires a robust characterization of sources
of variability in disease trajectory/ progression. Disease progres-
sion modeling is an established approach in pharmacometrics to
answer this question. Relevant data sources include adequately an-
notated RWD, patient-level data in pre-competitive collaborative
consortia, and internal data from failed and successful clinical tri-
als in the target indication. In recent examples from our research
group in SLE? and the maintenance treatment of gastric cancer,26
ML algorithms were embedded into pharmacometric workflows
to inform covariate modeling in disease progression modeling. An
objective of the covariate analysis was to understand the conser-
vation of disease trajectory in Asian patient populations. In both
examples, whereas a number of covariates were identified, Asian
populations were shown to have disease trajectories that were gen-
erally consistent with non-Asian populations. Findings of this na-
ture lend valuable support to the design of Asia-inclusive MRCTs.
Importantly, when intrinsic or extrinsic sources of variability are
identified in disease trajectory and their distribution is known or
expected to display regional variation based on epidemiological
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research, appropriate control of such variability (e.g., through se-
lection of appropriate stratification factors) will help mitigate the
impact of heterogeneity, while enabling an inclusive approach to
the design of MRCT. To this end, the intersection of pharmacom-
etric and ML-based covariate modeling methods is an ongoing area
of research where ML-based workflows hold promise to enhance

efficiency of covariate analyses in drug-disease modeling effores.”’

CONCLUDING REMARKS

Advanced analytical approaches, including but not limited to
AI/ML, are increasingly enabling integrated consideration of
multimodal, multisource, heterogenous sources of variability in
modeling disease trajectory and the pharmacological response
to treatments across diverse therapeutic areas. Such drug-disease
knowledge management is vital in drug development for inform-
ing selection of the right patient population, optimizing clini-
cal measurements of treatment response, enabling inclusive and
efficient clinical trial designs, and ultimately driving efficient
end-to-end evidence generation in pharmaceutical research and
development. Advancing progress in this emerging area relies on
interdisciplinary collaborations, including but not limited to dis-
case area experts, clinical pharmacologists, pharmacometricians,
biostatisticians, epidemiologists, and biomarker and data scientists,
with commitment to continuous learning and a growth mindset.
Of note, in the realm of AI/ML, it is essential to exercise caution
to prevent biased and non-generalizable outcomes from data. Best
practices should be followed by having human-in-the-loop and en-
suring that the context of use and risk-informed credibility assess-
ments are considered in the model development and validation.
With the rapid permeation of AI/ML into biomedical sciences
and pharmaceutical research and development and the enthusiasm
these advanced analytical techniques have gained in recent years, it
is important to ensure purpose—oriented application to maximize
impact.28 Although we have highlighted the value of incorporating
AI/ML algorithms in drug-disease modeling in this mini-review,
not all questions and contexts of use will require these approaches.
For example, a more traditional disease progression modeling anal-
ysis using established methods of covariate analysis in nonlinear
mixed effects modeling will be well-suited in cases where dimen-
sionality in the covariate space is limited. To this end, the scope of
the problem and context of use should dictate the chosen method-
ology aligned with the principles applicable for credible practice of
modeling and simulation applications in healthcare.” Explainable
ML approaches are particularly valuable in this regard to enhance
communication, interpretability, stakeholder understanding,
and trust, which are crucial enablers for enhancing influence and
impact.
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