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INTRODUCTION Figure 1: Impact of analysis on future trial design
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+ The demonstration of a clinical benefit over the control group is a crucial requirement for the which characteristis (age, gender, cohort selection and reduding variability. futurs

approval of new drugs worldwide.[1] This comparative efficacy is the cornerstone of regulatory tCQTOFb'd't'eS) introduce variability across trizls can be condgcted v;ith fewer pellrticipants,
.. : : rials. reducing costs and speeding up timelines.
decisions and is mandated by current drug approval I’eg_lJlatIOHS. | | | | +  Optimize the study population : By avoiding - Better Generalizability : Trials that

« However, for Health Technology Assessment (HTA) bodies and payers, proving efficacy against just overly heterogeneous cohorts, future trials can appropriately balance and address baseline

K ithi h ia] i h Th d d id h d increase statistical power and reduce heterogeneity are more likely to produce results
a key comparator within the trial is not enough. They demand evidence that demonstrates confounding factors that may obscure that apply to a broader population.
comparative efficacy across all available treatments. treatment effects.

* This broader assessment is often achieved through indirect treatment comparisons (ITCs) or Taored Stratification and Marginalized optimal distribution of
network meta-analyses (NMASs), which enable a comprehensive evaluation of the new intervention Randormiation o BACs B
relative to multiple existing therapies, thus providing a holistic view of the new drug's place within +Stratified randomization: Use prior T e g eTaes o e

- knowledge of BAC variability to stratify marginal distributions ot S, adqjuste
the therapeutic landscape.[2] participants into groups (e.g., based on for the BACs observed in other trials.

» In clinical trials, heterogeneity in baseline characteristics (BACs) across study populations often disease severity or age) before il dotbutom e mtione
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presents significant challenges, particularly in the context of Indirect treatment comparison (ITC). o g o DA reference point, enhancing cohort
: F : 1 : : : . : ation- selection and improving sample
Such varlabflfllty can impact the comparability of results across trials and complicate the synthesis of ;\:;;It\-/\éed;?;nzr?r::?tﬁjs Implement specificity for future studies
treatment effects. randomization
probabilities based on
« Variations in trial settings, inclusion/exclusion criteria, and outcome measures can lead to non- interim analyses of BAC variability.

comparable trial populations, resulting in inconsistent estimates of treatment effects. This variability
complicates the interpretation of comparative efficacy and may obscure the true benefit of the new
intervention or the control group. Such inconsistencies can not only impact regulatory decisions but Development of More Precise Subgroup

Optimizing Recruitment Strategies
* Informed recruitment plans: Understanding
the baseline heterogeneity can help create

- . Analyses recruitment targets based on desired
also dEIay broade_r Clinical adopy_on and pay?r gcj‘cepta.n(.:e. [3’4] _ _ - If the BACs contributing to heterogeneity characteristics, ensuring that the trial enrolls a
» Therefore, ensuring comparability and optimizing clinical trial designs—especially at the early across trials can be identified, pre-defined balanced, representative sample from the
: . : " - - subgroup analyses can be incorporated into outset.

stages, such as in the selection of study populations—has become critical for generating evidence the trial design to target population SUbSEs . Addressing recruitment challenges: For
that aligns with regulatory and payer expectations. In therapeutic areas like non-small cell lung that may respond differently to treatment (e.g., example, if certain demographics were

. . . . . T older adults or individuals with specific underrepresented in earlier trials, recruitment
cancer or breast cancer, where multiple treatment options are available, pivotal trials often exhibit comorbidities). strategies (e.q., expanding geographic regions
S|gn|flcant heterogenelty In BACs. or marketing to specific communities) can be

modified to avoid similar gaps.

While it may be feasible to anchor new drug development to one or two pivotal trials, this approach
becomes increasingly difficult when several pivotal trials with varying comparators are involved.
The resulting variability in BACs across these trials can pose challenges to maintaining
comparability. This inconsistency may lead to potential incompatibility issues between treatments,
especially when some BACs serve as key prognostic factors that influence outcomes.

By focusing on trial design and ensuring more consistent BACs across studies, drug developers
can better navigate the complexities of comparative efficacy and meet the high standards set by Average age
regulatory agencies and HTA bodies. This strategy not only strengthens the case for a drug’s 3.0 PIORGIIIEN OF MiEl® PelEnis
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approval but also facilitates its integration into clinical practice. Suey o e

Figure 2: Cluster plot demonstrating optimized marginal distributions of the baseline characteristics
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OBJECTIVES
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« We propose a machine-learning (ML) based approach to arrive at optimized (less entropy) marginal without smoking history
distributions for chosen BACs during early-stage trial planning, aiding in cohort selection and 3 proportion of PD-L1
accurate subgroup analyses, improving sample specificity and recruitment for future trials. ' DO [ER TEE

 The existing heterogeneity of BAC across trials can provide an early assessment of their r Study 17

distribution across different studies. While this doesn't directly impact trial recruitment, knowing Study 21 = Stﬂg ‘A

marginal distributions for the relevant BAC can still contribute to optimizing recruitment strategies. Study 19 Study 32
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Data preparation:

« A simulated dataset with 40 studies was generated incorporating six baseline characteristics of 0 Stady 35
lung cancer patients which included: average age, proportion of patients with no smoking history, A
proportion of male patients, proportion of caucasian patients, proportion of patients with PD-L1 Sl 24
positive expression, and proportion of patients with an ECOG score of 1. Appropriate statistical Study 11 A
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distributions were applied to model each baseline and trial characteristic, ensuring realistic Study 40 —
representation of the study data. 1s " Study 33
Clustering analysis: Study 28 Study 27 A
 Following that, a clustering algorithm utilizing the Hartigan and Wong (1979) algorithm was applied - oy 34 R St? .
u udy

and adjusted for the available trial and baseline characteristics.[5] A

 This method aims to estimate optimized (lower entropy) marginal distributions of the BACs,
represented as a centroid, by minimizing the heterogeneity of BACs across all other trials relative o Study 20
to that centroid. | Study 18 Study 10

« This approach aimed to generate clusters of comparable studies, leveraging both baseline and
trial characteristics. Within each cluster, the studies are similar based on baseline characteristics.

Relative importance analysis:

« Relative importance analysis was performed to identify pivotal features influencing between-cluster
variability and to discern key features responsible for allocating studies to distinct clusters, thereby - - .
generating between-cluster variability. - Dim1

RESULT Figure 3: Relative importance of trial and baseline characteristics

« Effectively managing heterogeneity in BAC significantly enhances clinical trial design, resulting in Proportion of PD-L1 positive patients _ 509
Improved cohort selection, tailored randomization and subgroup analyses, optimized recruitment °

strategies, reduced bias, and support for adaptive trial designs.(Figure 1)

« The clustering analysis revealed the optimized distribution of baseline characteristics associated
with the cluster centroid: 48% of patients were PD-L1 positive, 52% had an ECOG score of 1, Proportion of white patients ||| 20%
76% were male, 80% were white, and 35% had a smoking history. Mathematically, if a future trial
aligns with this distribution of baseline characteristics, the heterogeneity between the new trial

and previous trials will be minimized. (Figure 2) Proportion of patientswith no smokinghistory | 12%
« The RIA revealed that PD-L1 positive (50%) and white patients (20%) are the top BACs

contributing to heterogeneity within the cluster. (Figure 3)
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The selection of trials for analysis should be guided by the appropriate decision-making , ,
framework. Instead of including all available trials in the baseline characteristic analysis, it's more Proportion of male patients . o%
effective to focus on primary trials of the key comparators. When several pivotal trials with
different comparators are involved, this method offers a powerful way to optimize recruitment
strategies. ML can be a valuable tool in guiding clinical trial design by identifying critical baseline Average age . 304

characteristics that ensure homogeneity and comparability across studies. This approach
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