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ABSTRACT
Artificial intelligence (AI) is driving innovation in clinical pharmacology and translational science with tools to advance drug 
development, clinical trials, and patient care. This review summarizes the key takeaways from the AI preconference at the 
American Society for Clinical Pharmacology and Therapeutics (ASCPT) 2024 Annual Meeting in Colorado Springs, where 
experts from academia, industry, and regulatory bodies discussed how AI is streamlining drug discovery, dosing strategies, 
outcome assessment, and patient care. The theme of the preconference was centered around how AI can empower clinical 
pharmacologists and translational researchers to make informed decisions and translate research findings into practice. The 
preconference also looked at the impact of large language models in biomedical research and how these tools are democratizing 
data analysis and empowering researchers. The application of explainable AI in predicting drug efficacy and safety, and the eth-
ical considerations that should be applied when integrating AI into clinical and biomedical research were also touched upon. By 
sharing these diverse perspectives and real-world examples, this review shows how AI can be used in clinical pharmacology and 
translational science to bring efficiency and accelerate drug discovery and development to address patients' unmet clinical needs.
JEL Classification: Artificial Intelligence and Machine Learning
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1   |   Introduction

Artificial intelligence (AI) and machine learning (ML) have 
the potential to transform the landscape of quantitative clin-
ical pharmacology and translational science by offering un-
precedented opportunities to improve drug development, 
optimize clinical trials, and enhance patient outcomes [1]. 
The application of AI in these fields is rapidly transitioning 
from experimental uses to becoming integral components 
of modern biomedical research and healthcare delivery 
[2]. The American Society for Clinical Pharmacology and 
Therapeutics (ASCPT) 2024 Annual Meeting in Colorado 
Springs hosted a preconference workshop titled “Empowering 
Clinical Pharmacologists and Translational Scientists Using 
Artificial Intelligence: Unlocking Potential with Cutting-Edge 
Use Cases” [3]. This workshop explored the latest advance-
ments in AI-driven applications within clinical pharmacology 
and translational science presented by leading experts from 
academia, the pharmaceutical industry, and regulatory agen-
cies to discuss the current state and future potential of AI in 
these fields.

This review aims to capture the highlights and discussions from 
the ASCPT 2024 AI preconference and provide an overview of 
different applications where AI is being used to advance clini-
cal pharmacology and translational research. It covers a broad 
range of topics from AI in drug development and regulatory to 
dosing optimization, digital biomarker development, and patient 
monitoring. This review aims to present all the diverse views 
expressed during the preconference, so the reader can get a com-
plete picture of how AI is driving innovation in these fields. By 
summarizing these proceedings, this review serves as a valuable 
resource for researchers, clinicians, and industry professionals 
to stay up to date on the latest AI trends and learn about AI 
applications in drug development, clinical pharmacology, and 
translational research. For readers unfamiliar with certain tech-
nical terms and concepts discussed in this manuscript, a glos-
sary is provided in the supplemental materials with definitions 
of these terms.

2   |   AI in Drug Development and Regulation

2.1   |   Industry Perspective on AI-Driven 
Applications in Drug Development

The integration of AI and ML into clinical pharmacology and 
translational science is rapidly reshaping drug development and 
medical research. These technologies are driving significant 
advancements across various stages of the pharmaceutical pipe-
line, from early drug discovery to clinical trials and regulatory 
submissions. At the AI preconference workshop, several current 
applications and forward-looking use cases were presented, as 
described below.

2.2   |   Advancements and Applications

1.	 Generative AI in Medicine: Since the launch of ChatGPT 
by OpenAI in December 2022, there has been a signifi-
cant evolution from early large language models (LLMs) 

to advanced multimodal systems. Models like GPT-4 and 
Med-PaLM 2 demonstrate capabilities on par with human 
experts in clinical knowledge, vastly improving in han-
dling complex medical data, including images, genomic 
data, and radiology reports [4]. In the near future, AI is 
expected to assist in creating drafts of regulatory docu-
ments—such as protocols, statistical analysis plans, and 
clinical study reports—with dynamic links to source ta-
bles, pharmacokinetics/pharmacodynamics (PK/PD) data, 
patient narratives, and target product profiles. Optimized 
prompt engineering, retrieval-augmented generation, and 
fine-tuning of open-source or proprietary LLMs can en-
hance the factual accuracy of outputs and reduce bias and 
errors [5].

2.	 AI in Drug Discovery: AI technologies, particularly deep 
generative models, are instrumental across the drug de-
velopment continuum. From generating novel molecular 
structures to assisting in drug repurposing, AI signifi-
cantly enhances drug discovery processes [6].

3.	 Digital Endpoints: Digital health technologies, often 
augmented by AI and validated through patient-derived 
data, serve as innovative tools for continuous monitor-
ing of drug efficacy and safety endpoints. For example, 
the MAGIC trial demonstrated the capability of digital 
health technologies to gather highly reliable and compli-
ant data on gait and physical activity from pediatric pop-
ulations, applicable in both clinical settings and home 
environments [7].

4.	 Impact on Patient Experience: AI-driven digital workforce 
solutions are beginning to automate significant portions 
of clinical trial processes [8]. Tasks such as postcare fol-
low-up, subject consent, and vital sign tracking are being 
managed by AI, enhancing operational efficiencies and 
participant engagement.

5.	 Regulatory Submissions: The adoption of AI/ML in 
clinical development stages has notably increased, 
with a significant presence in regulatory submissions. 
Approximately 89% of AI submissions to the U.S. Food 
and Drug Administration (FDA) come from clinical de-
velopment, particularly in fields like oncology, psychia-
try, and neurology. Common analyses include outcome 
prediction, pharmacometrics modeling, and anomaly 
detection [9]. More in-depth discussion regarding the 
regulatory perspective on AI-driven applications in drug 
development was covered during the meeting with suc-
cessful case studies of using AI in regulatory submis-
sions, as explained in the next section.

2.3   |   Regulatory Perspective on AI-Driven 
Applications in Drug Development

The landscape in drug development is undergoing a transfor-
mative shift with the rapid integration of AI/ML technology, 
which is evident by the significant increase of AI/ML-driven 
regulatory submissions to the FDA in recent years. Before 
2018, submissions with AI/ML components were rare; how-
ever, in 2021, the number of such submissions surged to 132—
approximately a 10-fold increase compared to the previous 
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year—and continued to rise to 175 in 2022 [9]. This trend re-
flects the growing use of AI/ML in the biomedical field and is 
likely to continue.

The application of AI/ML now spans the entire drug devel-
opment life cycle and covers a wide spectrum of therapeutic 
areas. These applications are used in various tasks, such as 
informing drug discovery and repurposing, enhancing clini-
cal trial design elements, dose optimization, improving adher-
ence to drug regimens, endpoint and biomarker assessment, 
and postmarketing surveillance [9]. Recognizing the transfor-
mative potential of these technologies, the FDA has not only 
acknowledged their increased use but has also begun leverag-
ing AI and ML in its regulatory decision-making processes. 
For instance, in 2022, the FDA issued an Emergency Use 
Authorization for anakinra for the treatment of COVID-19 in 
hospitalized adults with pneumonia requiring supplemental 
oxygen who are at risk of progressing to severe respiratory 
failure and likely to have elevated plasma soluble urokinase 
plasminogen activator receptor (suPAR). The clinical efficacy 
and safety data supporting the Emergency Use Authorization 
were primarily based on the SAVEMORE trial, a randomized, 
double-blind, placebo-controlled study where patients were 
required to have a suPAR level ≥ 6 ng/mL. However, since 
the suPAR assay is not commercially available in the United 
States, the FDA review team used an AI/ML method to de-
velop a scoring rule to identify patients most likely to benefit 
from anakinra treatment [10]. This was the first time the FDA 
used AI/ML to identify a population for drug therapy.

In 2023, the FDA released a discussion paper on the use of AI 
and ML in the development of drug and biological products, 

aiming to spur discussion with interested parties and encourage 
engagement and collaboration [11]. In 2024, the FDA's Center 
for Drug Evaluation and Research established an AI Council to 
improve oversight and coordination of internal and external AI 
efforts. These are just few examples that underscore the FDA's 
proactive and leadership role in embracing AI/ML technology to 
advance drug development.

Traditionally, drug development and regulatory decision-
making have followed a model compartmentalized into three 
well-established domains: quality, nonclinical, and clinical. 
This model, dating back over 40 years, uses traditional meth-
ods and data types considered standard within these domains. 
However, some questions—such as dose-finding and optimiza-
tion, characterization of treatment effect size, and benefit–risk 
assessment—span across domains and should be addressed in 
a complementary and integrated manner. The availability of 
new data sources and types, including real-world data, and in-
novative methods like AI/ML, offers new opportunities for drug 
development and regulatory decision-making. Thus, there is a 
need to move toward a streamlined decision-making process 
that includes advanced technologies such as AI/ML and ad-
vanced modeling and simulation.

To address this evolving landscape, the European Commission 
has funded a new Horizon project named ERAMET 
(Ecosystem for Rapid Adoption of Modeling and Simulation 
Methods to Address Regulatory Needs in the Development of 
Orphan and Pediatric Medicines) under the Grant Agreement 
101137141. The ERAMET project proposes the use of a 
question-centric approach implemented using the credibil-
ity assessment framework [12], combined with the attribute 

FIGURE 1    |    Schematic representation of the implementation of the question-centric approach. Different steps include data searching, data format-
ting, interrogation of relevant data sources, data analysis, and benchmarking of the approaches (if applicable) to inform the final regulatory decision 
making. AI, artificial intelligence; FAIR, findability, accessibility, interoperability, and reuse; M&S, modeling and simulation; ML, machine learn-
ing; NLP, natural language processing. Reprinted from Musuamba et al. [13]. Reprint permission granted.
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framework and uncertainty quantification, to be applied to 
regulatory questions as well as data and methods used to ad-
dress them (Figure 1). This will ultimately take the form of an 
AI-based platform working in a protected environment to il-
lustrate this new way of thinking within the decision-making 
process.

The ERAMET framework will permit benchmarking alterna-
tive combinations of methods and data. Initially, this will be 
done from the perspective of regulatory assessors to facilitate 
the uptake of innovative approaches in pediatric and orphan 
drug development and regulatory assessment. It will subse-
quently be applied to selected use cases related to pediatric and 
orphan drug development. The first step involves developing a 
repository based on regulatory submissions that catalogs differ-
ent combinations of regulatory questions and the methods and 
data used to answer them. In this repository, relevant drug de-
velopment questions will be presented hierarchically. Data and 
methods to address each question will be described and bench-
marked using both the credibility and attribute frameworks. 
Methods for uncertainty quantification will be developed and 
incorporated into the credibility framework to inform accep-
tance criteria for alternative data and methods addressing the 
same regulatory question. Model credibility assessment, the at-
tribute framework, and uncertainty quantification will be im-
plemented for each scenario, and the different data, methods, 
and models used as alternatives to address a question will be 
benchmarked and compared to the method accepted by regula-
tors (considered the evidentiary standard).

AI/ML-based tools will be developed and progressively con-
nected to support different steps of regulatory assessment, 
namely data searching, formatting, analysis (including im-
plementation of the credibility analysis, attribute framework, 
and uncertainty quantification), and method benchmarking. 
New standards will be developed and proposed based on these 
results, which could serve as a basis for regulatory guidance 
documents. Eventually, an AI-based platform—the ERAMET 
platform—connecting the relevant internal and external tools 
and assessment methods to constitute a decision aid will be im-
plemented in a secure environment to support and expedite reg-
ulatory decision-making. The ERAMET project will be applied 
to use cases in the field of pediatric and orphan drug develop-
ment and assessment. This example represents a step forward 
toward enhancing the rigor and efficiency of regulatory assess-
ment processes.

In addition to the regulatory and industry perspectives on AI-
driven applications in drug development, other perspectives 
from leaders in academia and clinical research centers have 
been shared during the ASCPT 2024 AI preconference, which 
have been captured within the various case studies presented 
in the next sections of this review, illustrating various potential 
applications of AI in clinical research.

3   |   AI in Clinical Research

This section explores various case studies presented at the pre-
conference illustrating the diverse applications of AI and ML 
in clinical and translational research. From optimizing dosing 

strategies and enhancing clinical trials to developing digital bio-
markers, these examples underscore the potential role of AI in 
advancing clinical research and patient care.

3.1   |   AI in Clinical Trial Design and Dose 
Optimization

Data-driven dosing optimization faces numerous challenges, 
including patient variability, data noise, concomitant medi-
cations, nonlinear biological feedback mechanisms, and con-
founding factors. Leveraging AI in collaboration with human 
expertise is essential to navigate these obstacles and optimize 
outcomes.

ML offers a promising approach for exposure-response anal-
ysis due to its ability to handle large, complex data sets in a 
semi-automated manner [14] and uncover intricate patterns 
that traditional methods might miss [15, 16]. For example, 
ML was used to analyze hyperglycemia—a common adverse 
event associated with AKT inhibitors [17]. Clinical data from 
patients treated with the AKT inhibitor ipatasertib were ana-
lyzed using a tree-based XGBoost model. The model predicted 
the probability of hyperglycemia, identifying higher drug ex-
posure and baseline HbA1c levels as significant factors. The 
relationship between HbA1c and hyperglycemia was notably 
nonlinear, with a sharp increase in risk around the predia-
betic range.

In the context of efficacy, ML was applied to understand patient 
factors influencing remission in ulcerative colitis trials [18]. 
Data from four Phase 3 trials were merged, including ones in-
volving a complex induction–maintenance design. A causally 
aware ML approach was employed, leveraging an underlying 
causal diagram that accounted for prognostic factors influenc-
ing both exposure and remission. This analysis revealed a pos-
itive exposure–response relationship and identified key patient 
factors with nonlinear relationships to remission.

The development of pharmacology-informed neural network 
(PINN) architectures based on neural ordinary differential 
equations (neural-ODEs) has enabled the encapsulation of cau-
sality principles that underlie pharmacology in the deep learn-
ing modeling context  [19–21]. Such PINN models present an 
attractive framework for evaluating dosing regimens, particu-
larly in scenarios with noisy and variable biomarker data. This 
approach was applied to address alternate dosing regimens that 
might mitigate an observed increase in a safety biomarker by 
modeling the pharmacodynamic response in relation to plasma 
PK and concomitant medication timing using neural-PK/PD 
[21]. Model training generated patient embedding vectors that 
quantified the PD response at the individual level. The PINN 
architecture allowed for “what-if” simulations, quantifying the 
effects of alternate dosing regimens and concomitant medica-
tions on biomarker dynamics.

These examples illustrate the transformative potential of AI in 
enhancing dose optimization. While further methodological 
advancements are needed, leveraging causally aware ML and 
deep learning models allows drug developers and researchers 
to uncover complex relationships within clinical data, optimize 
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dosing regimens more effectively, enable precision medicine 
[22], and ultimately improve patient outcomes.

3.2   |   AI in Clinical Trial Enrichment for Type 1 
Diabetes Studies

Synthetic patient-level data generation is revolutionizing clini-
cal trial enrichmentby making advanced tools more accessible 
while safeguarding data privacy and meeting regulatory re-
quirements [23]. Through the development of an AI-driven syn-
thetic data generator, trained and validated on real-world patient 
cohorts, this approach retains essential patient characteristics 
without exposing actual individual-level data [24]. This method 
enhances data security and allows researchers to use enriched 
data sets to improve trial design and outcomes, offering a practi-
cal solution that balances accessibility with privacy protections.

T1dCteGui (https://​t1d-​cte.​c-​path.​org) is a clinical trial enrich-
ment tool designed for type 1 diabetes prevention studies [25]. 
This tool exemplifies the practical use of AI-generated synthetic 
populations in real-world research settings. Central to the tool's 
functionality is the use of a Conditional Tabular Generative 
Adversarial Network (CTGAN) model, implemented via the 
Synthetic Data Vault (SDV) Python package [24]. Using ad-
vanced modeling, the CTGAN framework generates synthetic 
patients based on insights from studies like TN01 and TEDDY, 
reflecting patterns observed in real-world data without compro-
mising privacy [26, 27]. Each synthetic patient is defined by nine 
covariates used in the parametric time-to-eventmodel, ensuring 
the synthetic data reflects meaningful patient characteristics 
without replicating any individual's data. The aggregate statis-
tical behavior of the synthetic cohort aligns closely with that of 
the original data set, particularly in downstream model predic-
tions. The synthetic data not only meets privacy requirements 
but also facilitates the identification of high-risk subpopulations 
by applying the time-to-event model to predict type 1 diabetes 
onset across varied trial scenarios.

The development of T1dCteGui reflects a shift in clinical re-
search, where AI-generated synthetic data plays a critical role 
in transforming drug development, allowing innovative trial de-
signs to progress while safeguarding patient privacy. Future ex-
pansions of this methodology to other therapeutic areas highlight 
the broader potential of AI/ML-generated patient populations to 
streamline clinical research and accelerate regulatory-grade ev-
idence generation.

3.3   |   AI in Digital Biomarker Development 
and Outcome Assessment

Digital biomarkers are objective, quantifiable physiological 
and behavioral data collected and measured by digital health 
technologies such as wearable sensors, smartphones, and other 
portable or implantable devices [28]. These biomarkers offer 
the potential for more frequent, even continuous, monitoring of 
patient health status. The complexity of processing digital bio-
marker data stems from factors like high dimensionality, tem-
poral nature involving time-series data, noise and variability 
in raw data, heterogeneity of data sources and formats, and the 

challenge of translating raw digital signals into clinically mean-
ingful insights [29].

AI and ML techniques have emerged as powerful tools for ad-
dressing these complexities, particularly in handling high-
dimensional data and extracting meaningful patterns. AI 
algorithms excel at signal processing, extracting relevant fea-
tures from raw sensor data, while ML approaches aid in dimen-
sion reduction, identifying the most informative variables from 
large data sets. These techniques enable sophisticated pattern 
recognition, multimodal data integration, predictive model-
ing, and anomaly detection, all crucial for developing effective 
digital biomarkers. Currently, AI/ML techniques have been 
applied to various digital biomarker development projects, in-
cluding image and voice analysis for neurological assessments, 
quantification of specific behaviors using wearable sensors, and 
integration of multiple data sources for comprehensive patient 
monitoring [30–32].

By leveraging AI and ML in digital biomarker analysis, research-
ers and clinicians can potentially detect disease progression ear-
lier, personalize treatment approaches, and gain deeper insights 
into the complex nature of neurodegenerative diseases, offering 
hope for improved patient outcomes in the future.

3.4   |   Explainable AI for Predicting Adverse 
Drug Events

AI is increasingly revolutionizing healthcare by offering ad-
vanced tools for evaluating disease activity and progression 
[33]. With its ability to process vast, complex data sets, AI/ML 
can identify patterns and predictors that may not be apparent 
through traditional methods. This technology provides more 
accurate predictions of disease trajectories, enabling earlier in-
terventions and personalized treatment strategies. In chronic 
conditions like cancer, AI enhances understanding of how dis-
eases evolve over time and how patients respond to treatments 
[34]. Furthermore, explainable AI ensures transparency, allow-
ing clinicians to trust and interpret the factors influencing pre-
dictions, a crucial element in clinical decision-making [1, 35].

In line with these advancements, explainable ML was applied to 
predict edema, a common adverse event in patients treated with 
tepotinib, a MET inhibitor for nonsmall-cell lung cancer [36]. 
Using longitudinal data from 612 patients across five Phase I/II 
clinical trials, researchers employed two ML models—random 
forest and gradient boosting trees—to assess predictors of edema 
occurrence and severity. The study developed a framework that 
integrated 54 time-invariant and time-varying clinical covari-
ates to account for the temporal nature of disease progression.

One of the key strengths of the study was the use of explainable 
AI tools, particularly Shapley Additive Explanations (SHAP) 
[37], which helped identify the most influential factors in pre-
dicting edema. Serum albumin levels were found to be the most 
significant predictor, with lower levels associated with higher 
severity of edema. Other important factors aligned with existing 
knowledge of the adverse event's behavior. Probability calibra-
tion via Isotonic Regression was used to ensure accurate estima-
tion of frequencies of edema grades.

https://t1d-cte.c-path.org
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This study demonstrates the power of AI in analyzing longi-
tudinal clinical data, providing insights into both population-
level trends and individual patient risks. By integrating 
explainable AI, the researchers developed a framework that 
can predict the future progression of edema with high ac-
curacy, achieving weighted F1 scores of up to 0.961 and en-
abling the interpretability of the results. This approach offers 

a valuable tool for clinicians, allowing them to make more 
informed treatment decisions while advancing precision 
medicine.

3.5   |   Machine Learning for Covariates Modeling 
and Selection

Understanding the fundamental principles of ML that underlie 
its modeling power and broad success is important for applica-
tions in clinical pharmacology and pharmacometrics. In these 
disciplines, model validation and interpretation are ongoing 
challenges for applying ML methods. Specifically, the principle 
of regularization and novel methods for interpretable ML bridge 
the gaps between modeling methods.

Regularization was applied in a Bayesian exposure-response anal-
ysis by using a spike-and-slab prior for the covariate effect—a 
sparsity-inducing prior interpreted through the perspective of co-
variate selection (Figure 2) [38]. The spike-and-slab prior uses a 
mixture distribution with two components: one for an informative 
covariate and another for a covariate considered to be noise. The 
regularization with the prior allows for a large number of covari-
ates to be included in a single model while maintaining stability 
and reasonable parameter uncertainty, resulting in the majority of 
covariates being shrunk to have negligible estimates. Estimates of 
the probability of a covariate being influential were also derived.

In an ML application, SHAP [37] was used to identify and inter-
pret covariate relationships in an XGBoost model that predicted 
the transition between multiple sclerosis subtypes (Figure  3) 
[39]. Nonlinear relationships for the effect of baseline disease FIGURE 2    |    Spike and Slab prior (solid line) construction, using a 

mixture of normal distributions (dashed lines).

FIGURE 3    |    Estimated univariate relationship between EDSS (Expanded Disability Status Scale) score, a measure of disease severity, and the 
Shapley Value to visualize the covariate effects in an xgBoost model.



7 of 13

severity and the log-odds of transitions were identified with 
SHAP. The magnitude and variability in effect across individ-
uals for each covariate were derived, yielding a ranking of co-
variate importance in the model. The ranking was compared to 
clinical expectations and generally showed agreement. Using 
the ML model allowed for hypothesis generation for new covari-
ates and flexible estimation of nonlinear relationships, greatly 
increasing the speed of model development compared to iterat-
ing through many parametric models.

These examples show how ML and classical modeling are not 
distinct domains but rather part of a larger space of modeling ap-
proaches and techniques. Specific applications can borrow and 
cross-pollinate ideas to address limitations in methods, from 
difficulty including many covariates in a parametric exposure-
response model to understanding the important predictors from 
a black-box ML model. Covariate modeling in an era of big data 
and extensive clinical questions presents an opportunity for ML 
principles to extend traditional models and apply methods to en-
sure ML models are trusted, validated, and accepted in a clinical 
pharmacology context.

4   |   AI in Translational Science: Bridging Research 
and Clinical Practice

4.1   |   Harnessing AI for Translational Medicine

A major challenge in translational medicine is bridging the gap 
between optimizing drug potency in preclinical models and 
achieving clinical efficacy and safety [40]. Ideally, drugs should 
be designed to maximize therapeutic effects while minimizing 
side effects in humans. However, direct human experimenta-
tion is unethical and impractical. AI-powered models provide a 
promising alternative, offering the ability to predict drug effects 
in humans by simulating the entire drug lifecycle at multiple 
scales, including genome-wide drug–target interactions, cellular 
responses, and clinical outcomes.

A key focus in drug design is predicting how molecules inter-
act with cellular components, particularly proteins. Recently, 
LLMs [41], semi-supervised learning [42], and meta-learning 
[43] have been leveraged to improve the modeling of protein-
small molecule interactions on a genome scale. While ligand 
binding kinetics—how fast a drug binds and unbinds from its 
target—are closely linked to drug efficacy and toxicity, predict-
ing these kinetics remains difficult due to limited data availabil-
ity. Integrating AI with molecular dynamicssimulations could 
enhance the accuracy of these predictions [44].

The increasing availability of single-cell omics data offers new 
opportunities to model how cells respond to drug treatments. AI 
techniques, such as multimodal learning, can integrate diverse 
omics data to simulate these responses across different genetic 
and environmental backgrounds [45]. Deep learning, in partic-
ular, can use large amounts of unlabeled data to develop foun-
dational models for biomolecules and cells while also enabling 
the fusion of diverse data types into a unified framework and 
simulating biological processes across multiple levels [46]. These 
methods hold great promise for predicting drug-induced cellular 
responses.

To understand human biology and disease, it is essential to 
map interactions between cells, tissues, and organs. Advances 
in spatial omics have made it possible to study these interac-
tions in detail, revealing the interconnected nature of many 
diseases. Computational models, such as studies on micro-
biome interactions, highlight the potential of a systematic 
approach to understanding and treating complex diseases 
[45, 47].

Perturbation genomics techniques, such as Perturb-seq and 
epigenome editing, are invaluable for modeling human physi-
ology. While these data sets are primarily derived from disease 
models, they are essential for developing AI models. However, 
even advanced systems like organ-on-a-chip cannot fully rep-
licate human biology. Therefore, translating insights from dis-
ease models to human systems is crucial. AI techniques such as 
contrastive learning, transfer learning, and generative models 
show promise in predicting clinical drug responses from disease 
data [48].

Despite progress, AI models in translational science still 
struggle with out-of-distribution problems, where new chemi-
cals or disease states differ from the training data. Improving 
model generalizability, uncertainty quantification, and in-
terpretability will be crucial for building trustworthy AI sys-
tems. Integrating advanced AI methods, systems biology, and 
biophysics offers tremendous potential for overcoming these 
challenges and realizing AI's full promise in translational 
science.

4.2   |   Integration of AI/ML Models in Drug 
Discovery

The goal of drug discovery programs is to identify compounds 
with a high probability of engaging the pharmacological target 
at a reasonable dose to trigger the desired pharmacodynamic re-
sponse toward achieving the intended efficacy. The PK profile 
combined with the appropriate potency of the compounds dic-
tates the extent and duration of target engagement. This relies 
on identifying compounds with the right balance of key proper-
ties such as solubility, permeability, and stability.

Clearance is one of the key PK parameters, and various trans-
lational approaches are utilized to estimate human clearance 
from preclinical studies. Mechanistic PK models, such as the 
well-stirred and parallel tube models, have been routinely used 
for translating in vitro clearance [49]. Recently, ML models have 
also been reported to predict human clearance using various ap-
proaches. Here we briefly summarize three approaches as illus-
trated in Figure 4.

•	 Approach A: Utilizes curated human clearance from litera-
ture. ML models are trained based on features derived from 
chemical structures to enable direct prediction of human 
clearance based on input chemical structures. This ap-
proach allows for virtual screening of a large set of designs 
to prioritize compounds for synthesis.

•	 Approach B: A hybrid approach involving ML and mecha-
nistic models. Multiple ML models are built using in vitro 
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data for human hepatocyte clearance and various bind-
ing measurements required for mechanistic prediction 
of human clearance. The ML models are trained using 
features derived from chemical structures, enabling esti-
mation of predicted human clearance based on chemical 
structures.

•	 Approach C: Similar to Approach A but uses measured 
in vitro data for six properties (hepatocyte clearance, pro-
tein binding in plasma and microsomes, blood-to-plasma 
partitioning, permeability, and logD) as features for the 
ML model. Measured in vitro data are required to predict 
human clearance.

Comparative studies have shown varying predictive perfor-
mance for these approaches, as shown in Table 1. For instance, 
Miljković et al. [50] used approach A to directly predict human 
clearance from chemical structure. For a cross-validation 
test set, the predictive performance was rather poor with R2 
of 0.1–0.2. Parrott et  al. [52] evaluated Approach B using a 

relatively challenging and prospective test set of 12 compounds 
with high lipophilicity and plasma protein binding along with 
poor aqueous solubility. While the absolute average fold error 
(AAFE) was 3.6, only 50% of compounds were predicted within 
threefold. Keefer et  al. [51] reported all three approaches, but 
instead of total clearance, trained and predicted in vivo intrinsic 
clearance (Clint). In addition to cross-validation, for two of these 
approaches, they also provided evaluation for a prospective test 
set. The latter is a rigorous assessment of ML models and simu-
lates ‘real world’ scenarios in application of ML models. In their 
analysis, comparing Approaches B and C for the prospective 
test set of 16 compounds, all three parameters, AAFE, %within 
threefold, and R2, were superior for Approach C. It should be 
noted that since the three publications described above used 
different training and testing sets, it would not be appropriate 
to compare their performance against each other. While direct 
comparison is challenging due to different data sets, these ML 
approaches represent valuable tools for predicting human clear-
ance and guiding drug discovery efforts.

FIGURE 4    |    Illustration of three approaches for preclinical to clinical translation of human clearance using machine learning and mechanistic 
pharmacokinetic models.

TABLE 1    |    Summary of models exemplifying the three approaches used for preclinical to clinical translation of human clearance using ML and 
mechanistic PK models.

Approach ML method Endpoint

Cross-validation Prospective validation

ReferenceAAFE R2
%within 

3-fold AAFE R2
%within 

3-fold

A Random Forest IV CL NR 0.1–0.2 NR NR NR NR Miljković 
et al. [50]

XGBoost In vivo Clint 3.1 0.46 61 NR NR NR Keefer 
et al. [51]

B ADMET 
Predictora

IV CL NR NR NR 3.6 NR 50 Parrott 
et al. [52]

XGBoost In vivo Clint 3.1 0.51 57 2.9 0.32 56 Keefer 
et al. [51]

C XGBoost In vivo Clint 2.5 0.67 65 1.9 0.84 88 Keefer 
et al. [51]

Abbreviations: AAFE, absolute average fold error; CL, clearance; Clint, intrinsic clearance; NR, not reported.
aADMET Predictor is a commercial software from Simulations Plus and uses proprietary algorithm for ML models.
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4.3   |   AI and Personalized Immune Digital Twins

The human immune system is implicated in 80+ autoim-
mune diseases, 400+ primary immune disorders, thousands of 
immune-inducing allergens, millions of annual infections, and 
is further implicated in a much broader spectrum of systemic bi-
ological responses, including chronic diseases, wound healing, 
and trauma responses. More than 14 billion laboratory tests are 
conducted annually in the United States, and 70% of medical de-
cisions depend on these results [53]. These data currently exist 
in discrete snapshots of various scales of biological organization. 
For example, resulting blood count and chemistry, pathogen cul-
tures/identification, iron, lipids, liver panel, immunoglobulins, 
nutrients, and T- and B-cell assays are all displayed as individual 
data points without regard to contextual significance, biological 
scale, or anticipated trajectory [54]. The lack of efficient inte-
gration of these data means that much of the historical data is 
ignored in favor of the most recent data points. These historical 
data, however, are critical to understanding disease progression 
because prior events continue to adjust the balance (homeosta-
sis) of a person's immune system. What is needed is a digital 
twin—a simulatable computer replica—of the human immune 
system that is capable of integrating patient data to personalize 
analyses and predict pathogenic trajectories on an individual-
ized basis. If a patient's data can be utilized to understand dis-
ease progression, it can also guide the understanding of disease 
reversal and disease prediction—saving money, time, and lives.

The immune system is one of the most complex human systems 
as it is governed by nonlinear networks across many scales of 
biological organization (e.g., signal transduction, metabolism, 
intercellular). To fully understand the etiology and pathology of 
immune-related diseases, we need immune digital twins capable 
of integrating multiple mathematical mechanistic approaches to 
fully represent the biological processes and interactions within the 
immune system, facilitating the exploration of causal relationships 
and system dynamics. The mechanistic aspects of immune digital 
twins can also simulate and explain the mechanism of interven-
tion effects (e.g., drug treatments), providing valuable predictions 
for hypothesis testing and clinical decision-making. The integra-
tion of AI into mechanism-based immune digital twins enhances 
these models by providing advanced tools for decreasing compute 
requirements through surrogate ML models, data integration, 
and predictive analytics to forecast the trajectory of the baseline 
state of one's immune system or its ability to respond to a poten-
tial threat (e.g., infection) [55, 56]. Finally, immune digital twins 
also need advanced visualizations that can represent the intrica-
cies of the immune system while facilitating engagement with the 
technology by multidisciplinary audiences, including researchers 
to collaborate on the development of the models and their use for 
drug discovery and development, clinicians to augment precision 
medicine by personalizing immune digital twins to their patients, 
and patients to use as a tool to increase their knowledge about their 
immune system and its health.

4.4   |   Decoding Neuronal Responses With Machine 
Learning

Parallel to developments in immune modeling, advancements in 
ML have also enabled the creation of highly accurate predictive 

models for neural population activity, particularly within the 
visual cortex. These models act as “digital twins” of the visual 
cortex, bridging the gap between biological and computational 
understandings of visual processing. They allow neuroscientists 
to test hypotheses in simulated and real-world settings, paving 
the way for AI-driven visual systems.

To predict neural responses, researchers use two main ap-
proaches: task-driven methods, which apply pretrained features 
from other computer vision tasks, and data-driven methods, 
which train an entire network end-to-end. Specifically tailored 
to neural activity, using the SENSORIUM data set—recordings 
of neuron responses from mice exposed to natural images—
researchers developed a state-of-the-art model that ranked 
first in the SENSORIUM 2022 Challenge [57]. This model 
incorporated object positioning data and utilized an ensem-
ble strategy, yielding a 15% improvement in prediction accu-
racy. Remarkably, it mirrored biological patterns seen in the 
primary visual cortex,where responses across different mice 
exhibited similar characteristics to the same stimuli. Such ad-
vances enhance our ability to predict and potentially control 
neural behavior, providing a noninvasive tool for exploring the 
organization of the visual cortex and informing therapeutic 
applications.

4.5   |   Large Language Models Applications in 
Biomedical Research

4.5.1   |   AI in the Biomedical Knowledge Economy

Advancements in systems biology and medicine increasingly 
depend on the ability to disentangle complex causal relation-
ships within high-dimensional biological data. Traditional 
approaches often struggle with the curse of dimensionality, 
making it challenging to infer causation rather than mere 
correlation. This complexity is exacerbated by the intricate  
nature of modern experiments, which involve numerous 
variables from clinical parameters to specific cell culture 
conditions.

To address these challenges, two open-source frameworks have 
been developed: BioCypher and BioChatter. These tools aim to 
democratize knowledge representation and streamline the inte-
gration of AI into biomedical research, thereby enhancing pro-
ductivity and facilitating deeper insights into complex biological 
phenomena.

BioCypher is designed to organize and ground biomedical 
knowledge efficiently [58]. It reduces redundancies in data cu-
ration by providing reusable components, thus enhancing pro-
ductivity in knowledge management tasks. The framework is 
modular, comprising three key components:

•	 Input adapters: Ingest data from diverse resources, stan-
dardizing various formats and technologies into a unified 
structure.

•	 Ontologies: Leverage domain-specific ontologies to ground 
knowledge, ensuring harmonization and interoperability 
across data sets.
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•	 Output options: Support multiple output formats, from in-
memory data structures to database management systems, 
facilitating analysis and sharing.

By harmonizing disparate data sets into cohesive knowledge 
graphs, BioCypher promotes reproducibility through container-
ization and end-to-end testing.

BioChatter introduces a conversational interface powered by 
LLMs [59]. This framework allows researchers to interact with 
their knowledge graphs using natural language queries. Key fea-
tures include

•	 Retrieval-augmented generation: Mitigates the tendency of 
LLMs to produce hallucinations by ensuring responses are 
grounded in factual data, drawing on data from BioCypher 
knowledge graphs and embeddings of unstructured 
information.

•	 API parameterization: Uses LLMs to parameterize external 
APIs, allowing users to utilize complex tools without exten-
sive technical knowledge.

•	 Multi-agent systems: Supports setups where chains of mod-
els control each other's output, potentially enhancing the 
scope, robustness, and accuracy of responses.

BioChatter offers multiple interfaces, including a Python API 
and developer toolkits for both prototyping and user-facing ap-
plications, making it accessible to a broad range of users.

An application example was created within the DECIDER 
project, focusing on ovarian cancer (https://​www.​decid​erpro​
ject.​eu). BioCypher and BioChatter are employed to construct 
a knowledge graph integrating whole-genome sequencing, 
transcriptomics, methylation profiles, and clinical data. These 
tools assist cancer geneticists in molecular tumor boards by 
providing insights into patient-specific mutations and their 
therapeutic implications (https://​bioch​atter.​org/​vigne​ttes/​
custo​m-​decid​er-​use-​case/​). By integrating external resources, 
such as OncoKB (https://​www.​oncokb.​org), with specific pa-
tient data, BioChatter facilitates conversational queries that 
retrieve relevant clinical information, enhancing decision-
making processes in personalized medicine. Connecting to a 
literature database of relevant publications allows background 
checks of therapeutic hypotheses (http://​decid​er-​next.​bioch​
atter.​org/​).

These frameworks represent significant strides toward integrat-
ing AI into biomedical research. By focusing on open-source 
development and modular design, they aim to make advanced 
knowledge management and AI tools accessible to the broader 
research community.

5   |   Ethical and Societal Implications of AI-Driven 
Research

Although the AI preconference workshop did not specifically 
address ethical considerations related to AI use in clinical 
pharmacology and translational sciences, audience questions 
and panel discussions frequently touched upon the topic. This 

section highlights those discussions and covers key ethical is-
sues related to this topic.

Ensuring patient safety and well-being is the utmost imperative 
in drug discovery and development. Inclusions of AI and LLMs 
in clinical and translational research workflows must be held to 
the same standard. The importance of regulating safety in the 
use of AI in healthcare is emphasized by President Biden's exec-
utive order on October 30, 2023, mandating the establishment of 
a system to track clinical errors related to AI implementation in 
the healthcare industry [60]. This includes instances that result 
in harm, bias, or discrimination. The order also specifies the de-
velopment of improvement and best practice guidelines based 
on the collected data and the dissemination of these guidelines 
to healthcare providers and relevant stakeholders. Similar levels 
of transparency and accountability is expected in the use of AI 
in clinical pharmacology and translational sciences, as findings 
in these disciplines will ultimately influence patient care and 
safety.

In Europe, the proposed AI Act [61] sets out a clear and detailed 
framework for regulating AI systems, with particular consider-
ation of high-risk AI applications in healthcare and life sciences. 
The aim is thereby to ensure that these systems meet very high 
standards of safety, transparency, and accountability. It calls 
for robust risk management processes, ongoing monitoring, 
and measures aimed at minimizing biases that would produce 
negative consequences. For example, AI instruments utilized 
in clinical trials or pharmacovigilance will be subject to strict 
scrutiny and control, with a view to ensuring that no harm is 
caused. This law underlines the increasing demand for interna-
tional harmonization of regulations concerning AI and empha-
sizes the need to build trust in AI technologies worldwide. As 
AI continues to play an increasing role in clinical pharmacology 
and translational sciences, adherence to these guidelines will 
be paramount to maintaining both ethical integrity and opera-
tional consistency.

Tracking the impacts of AI on decisions and outcomes necessi-
tates a robust framework for traceability. AI systems must in-
corporate the recording of metadata that directly relates to the 
support provided by the AI system. Establishing a comprehen-
sive set of metadata endpoints is essential prior to AI implemen-
tation. Robust traceability not only facilitates regulatory review 
and potential audit assessments but can also aid in addressing 
biases and other undesired features within AI models.

Data privacy and security remain significant concerns for both 
patients and sponsors. Data privacy and security systems must 
adhere to regulatory standards, which is further complicated 
when AI models play a bigger role in drug development. Bak 
et al. discuss in detail the balance necessary to meet guidelines 
from various regulatory agencies [62]. AI has provided modern 
data hackers with even more sophisticated tools to circumvent 
many security measures. However, this is also an opportunity to 
leverage AI to improve data privacy and security, as highlighted 
by Khalid et  al. [63] Tools such as the T1dCteGui discussed 
above highlight the potential of AI in enhancing data privacy.

Intellectual property and ownership are critical drivers of inno-
vation in drug discovery. The protections and benefits associated 

https://www.deciderproject.eu
https://www.deciderproject.eu
https://biochatter.org/vignettes/custom-decider-use-case/
https://biochatter.org/vignettes/custom-decider-use-case/
https://www.oncokb.org
http://decider-next.biochatter.org/
http://decider-next.biochatter.org/
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with intellectual property ownership justify the substantial fi-
nancial investments and the associated risks required for mod-
ern pharmaceutical development. However, current laws are 
likely not ready to address AI-supported drug discovery. Tsang 
et  al. [64] provide an extensive legal discussion on AI-driven 
drug discovery. This is highly relevant to clinical pharmacology 
and translational sciences, as findings in these areas are crucial 
for competitive advantage and patent disputes.

Bias and fairness are paramount issues in drug development. 
While AI can enhance human cognitive capabilities, it can also 
perpetuate biases. Sources of bias in AI models include data bias, 
algorithm bias, explicit bias, implicit bias, and selection bias. AI 
bias in healthcare is thoroughly reviewed by Chinta et al. [65]. 
Although bias in clinical pharmacology and translational sci-
ences may not directly impact patient care, it can introduce bias 
in development strategies that ultimately affect how the medi-
cine is used in particular populations or affect the eligibility of 
certain populations for the treatment.

AI is poised to cause disruptions in the workforce, including 
retraining, organizational changes, and shifts in the skill sets 
needed. Most projections indicate an overall increase in per-
sonnel, with a shift toward positions involving AI-integrated 
workflows. The implementation of AI strategies to complement 
current workforce skill sets and reskilling plans can mitigate 
the negative impacts on the workforce. Also, it is worth noting 
that although AI offers the potential for wider access to complex 
analyses by removing technical barriers, it also introduces the 
risk that unqualified users might conduct analyses to support 
critical decisions. Proper training, appropriate access, and safe-
guards will ensure that critical analyses are conducted without 
compromising quality standards.

6   |   Conclusion and Future Directions

6.1   |   Summary of Key Insights

The integration of AI and ML is profoundly transforming clin-
ical pharmacology and translational research. From drug de-
velopment and regulatory processes to dosing optimization, 
biomarker development, and patient monitoring, AI/ML tech-
nologies are enabling significant advancements across the 
pharmaceutical industry. The ASCPT 2024 AI preconference 
workshop highlighted numerous applications, including AI-
driven regulatory submissions, generative AI in medicine, AI in 
drug discovery, digital endpoints, and the impact on patient ex-
periences. Both industry and regulatory perspectives emphasize 
the increasing adoption of AI/ML and the necessity for innova-
tive approaches and comprehensive governance.

Advanced AI/ML techniques are enhancing pharmacology re-
search by enabling more accurate predictive models, such as 
those decoding neuronal responses in the visual cortex [57]. In 
clinical trial design and dose optimization, AI-based methods 
are improving dosing strategies and enriching clinical trials, as 
demonstrated in type 1 diabetes studies [25]. AI is also playing 
a pivotal role in biomarker development and patient monitor-
ing. Digital biomarkers, explainable AI for predicting efficacy 
and safety endpoints, and the use of ML methods for covariate 

selection and modeling all contribute to more personalized and 
effective patient care. In translational science, AI is bridging re-
search and clinical practice by harnessing AI for translational 
medicine, integrating AI/ML models in drug discovery, and de-
veloping personalized immune digital twins.

LLMs are being applied in biomedical research, contributing to 
the biomedical knowledge economy by democratizing knowl-
edge representation and integrating AI into research work-
flows. Ethical and societal implications of AI-driven research 
were also discussed, emphasizing patient safety, data privacy, 
bias and fairness, intellectual property, workforce impact, and 
the need for transparency and accountability.

6.2   |   Future Trends

As AI and ML technologies continue to evolve, their applications 
in clinical pharmacology and translational science are expected 
to expand further. Future trends include the development of AI-
based platforms like ERAMET for regulatory decision-making, 
the integration of advanced AI methods with systems biology 
and biophysics to overcome challenges in translational science, 
and the use of AI to enhance data privacy and security. The ad-
vancement of explainable AI will be crucial for ensuring trans-
parency and trust in AI-driven healthcare solutions.

Moreover, the use of AI in generating synthetic patient data and 
personalizing treatments will likely grow, contributing to more 
efficient clinical trials and personalized medicine. The integra-
tion of AI into routine clinical practice will necessitate address-
ing ethical considerations, ensuring patient safety, and fostering 
collaboration between AI developers, clinicians, researchers, 
and regulators.

6.3   |   Call to Action

To fully realize the potential of AI in clinical pharmacology and 
translational science, stakeholders must engage in continuous 
innovation, collaborative efforts, and comprehensive gover-
nance. Researchers and industry professionals should work to-
gether to develop and implement AI technologies that enhance 
drug development and patient care while adhering to ethical 
standards. Regulatory agencies should continue to adapt and 
provide guidance on the use of AI/ML in drug development and 
regulatory processes. Collaborations across academia, industry, 
and regulators are needed to develop evaluation frameworks for 
emerging technologies such as generative AI to ensure that risks 
are managed appropriately.

In addition, there is a need for ongoing education and training 
to prepare the workforce for the integration of AI into their 
workflows. Moreover, addressing ethical and societal implica-
tions, such as data privacy, bias, and intellectual property rights, 
is essential to ensure that AI-driven advancements benefit all 
stakeholders and lead to improved health outcomes. By embrac-
ing these challenges and opportunities, the clinical pharmacol-
ogy and translational science communities can leverage AI to 
drive innovation, enhance patient care, and shape the future of 
healthcare and drug development.
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