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Abstract 

Artificial intelligence (AI) is transforming the value chain in pharmaceuticals from molecular design to 

delivery of care but most available literature is based on narratives, focused on discovery and care 

separately, and gives a single accuracy score without including calibration, utility, and fairness evidence 

as required by the contemporary standards and regulators. This paper introduces AI-PHARM, a consistent 

machine-learning framework for evaluation with five common layers of data, representation, learning, 

evaluation and governance applied consistently to both ends of the value chain with the same 

methodology using publicly available recent datasets. In the drug-discovery track, six model families 

were compared on all six in vitro Absorption-Distribution-Metabolism-Excretion (ADME) endpoints of 

the publicly available Biogen dataset (3,521 compounds). The heterogeneous stacked ensemble model 

was found to be the most accurate on all endpoints (average R² = 0.533), significantly outperforming the 

best individual model on three endpoints, and applicability domain analysis showed increasing prediction 

error for new-to-chemistry compounds. For the pharmacists’ screening of dysglycemia based on patient-

care, five different classifiers were tested using 229,781 unique adult patients’ records in the CDC 

Diabetes Health Indicators Dataset; a well-calibrated gradient boosting model yields an AUC ROC of 

0.814 and near-perfect calibration (expected calibration error = 0.003) and positive net clinical benefit 

according to decision curve analysis, and a subgroup audit identifies differences in error rates due to 

population differences in terms of age and income. An example of a negative result—a finding of no 

value in applying the ensemble in the classification problem at hand—is given by the framework’s 

fundamental idea: Increased model complexity needs to be supported empirically, and discrimination, 

calibration, clinical usefulness, and fairness need to be considered together. Publicly available datasets 

and an explicitly defined experiment design have been used for all experiments. 

Keywords: artificial intelligence; drug discovery; ADME prediction; machine learning; pharmacy 

practice; clinical risk prediction; stacked ensemble; model calibration; algorithmic fairness 
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1. Introduction 

Despite the many improvements and advances in the drug development process, pharmaceuticals are still 

amongst the most costly and unreliable products that humanity invents, and the pharmacy is where 

medicines and patients finally come together. There is a very long chain of choices between the two—

from the choice of the target to work on, to which molecule to synthesize, which compound to develop, 

which patient to treat, and how to monitor that patient—all of which used to depend on expert judgment 

and empirical analysis. However, AI is now introduced in all stages of that chain. Structural prediction 

tools like AlphaFold 3 make predictions about the protein-ligand complex structure with an incredible 

accuracy (Abramson et al., 2024); explainable deep learning approaches discovered new classes of 

antibiotics (Wong et al., 2024; Liu et al., 2023); an inhibitor of TNIK developed with the use of 

generative AI is currently undergoing the trials for idiopathic pulmonary fibrosis (Ren et al., 2025); and 

large language models can provide expert-level answers to medical licensing questions (Singhal et al., 

2025). These very technologies have brought about a change in patient management by introducing alert 

systems, foundation models based on electronic health records and imaging data, and pharmacist decision 

support tools (Adams et al., 2022; Jiang et al., 2023; Zhou et al., 2023; Chalasani et al., 2023). 

1.1 Background 

Traditional drug discovery is a 10-year process that costs billions of dollars and fails to yield an approved 

medicine in the majority of cases due to unfavorable absorption, distribution, metabolism and excretion 

(ADME) properties or unexpected toxicity (Zhang et al., 2025). In vitro ADME tests such as microsomal 

stability, permeability and efflux, solubility and plasma protein binding are therefore conducted on 

thousands of compounds in each programme and shape the design–make–test–analyze cycle (Fang et al., 

2023). AI models based on historical ADME assay data could thus help triage virtual compounds before 

synthesizing them and have thus made ADME prediction one of the most practical uses of AI in industry 

(Swanson et al., 2024; Heid et al., 2024). Regarding patients, community and hospital pharmacists are the 

most available health-care providers for many groups of people and increasingly carry out screening, 

medication review and chronic disease management. Models that are accurately calibrated and fair can 

therefore allow extending those services to large groups of people inexpensively (Chalasani et al., 2023; 

Rajpurkar et al., 2022). 

1.2 Need of Research 

This study is driven by three gaps. The first one is that there is a lot of descriptive literature in the AI-in-

pharmacy field where the reviews discuss the opportunities and hardly ever experiment with the methods 

using an independent, open-source dataset (Blanco-González et al., 2023; Askr et al., 2023). Secondly, the 

discovery-stage and care-stage applications have been mostly studied separately despite being exposed to 

similar methodological risks of dataset shift, optimistic validation, improper calibration, and opacity of 

behavior (Sahiner et al., 2023; Wornow et al., 2023). Thirdly, new guidelines like TRIPOD+AI demand 

the evidence on calibration, utility, and subpopulations' performance, while regulators released their first 

guidelines on how AI should be used in drug development (U.S. Food and Drug Administration [FDA], 

2025; European Union, 2024). Therefore, a reproducible evaluation-focused framework applicable to both 

ends of the pharmaceutical process addresses a methodological gap. 

1.3 Motivation 

1. Molecules discovered by AI have been successful in achieving Phase I with a rate of 80-90%, much 

higher than the historic average of the industry; however, the success rate for Phase II is similar to those 

of traditional programmes (Jayatunga et al., 2024); better pre-clinical property prediction is one of the 

ways of decreasing attrition. 
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2. ADME databases that come with prospective industrial testing, like Biogen Public dataset (Fang et al., 

2023), enable transparent benchmarking of model families on real-world chemical data. 

3. Pharmacists have an opportunity to offer population-level screening for type 2 diabetes and pre-

diabetes, but they need tools that will provide risk predictions that are accurate, calibrated, and fair for 

different populations (Chen et al., 2023). 

4. Doctoral level research in the field of pharmaceutical AI needs not only accuracy metrics but also the 

uncertainty statistics, applicability domain analysis, decision utility, and fairness audit. 

1.4 Challenges 

•  Lack of data and data heterogeneity: assay data consists of only several thousands of noisy 

observations, and clinical data is imbalanced and confounded (Deng et al., 2023). 

•  Data shift: novel chemical series and novel population of patients differ from training data (Sahiner et 

al., 2023). 

•  Interpretability: explanations are as important for pharmacists, chemists and regulators as predictions 

themselves (Wong et al., 2024). 

•  Calibration and fairness: a model that is good at ranking patients might consistently overestimate or 

underestimate risks for some subpopulations (Chen et al., 2023). 

•  Evaluation and governance: benchmarking leakage and unrealistic predictions have been observed even 

for state-of-the-art models (Buttenschoen et al., 2024). 

1.5 Influencing Factors 

•  Representations: fingerprints, physiochemical descriptors, graph representations, chemical language 

models, and 3D representations (Ross et al., 2022; Heid et al., 2024). 

•  Algorithm families: tree ensembles are very competitive when dealing with tabular data, while deep 

learning methods excel when using very big or unstructured data (Grinsztajn et al., 2022). 

•  Quality and quantity of data: curation of open-access resources, for example, The Therapeutics Data 

Commons (Huang et al., 2022) and the MIMIC-IV database (Johnson et al., 2023). 

•  Clinical perspective: model utility at the point of care is determined by the choice of threshold, 

prevalence, and workflow (Collins et al., 2024). 

•  Regulation & ethics: risk-based approach to AI development in light of the EU AI Act and FDA’s draft 

guidance, WHO guidance on big multimodal models (World Health Organization [WHO], 2024). 

1.6 Conventional Methodologies 

The traditional paradigm of drug discovery is based on high throughput screening, QSAR based on linear 

regression, and medicinal chemistry heuristics. Traditional methods for assessing risks for patient care 

include manually calculated scores and logistic regressions with only a few predictors. They have a good 

interpretability level but lack certain capabilities: linear QSAR cannot model non-additive structure-

property dependencies, while manually calculated scores cannot account for interaction between risk 

factors. ML extends traditional methods by introducing non-linear models and combinations of models at 

the expense of complexity and governance (Zhang et al., 2025; Wang et al., 2023). 

1.7 Contributions 

The contributions of this paper are four-fold. (i) The AI-PHARM framework, a dual track, five layer 

architecture based on the same ML approach centered around evaluation to pre-clinical ADME prediction 

and pharmacist-driven patient risk stratification. (ii) Benchmarking of six families of models across the 
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six outcomes of the Biogen publicly available ADME dataset (Fang et al., 2023) along with an 

investigation of when a stacked heterogeneous ensemble would help. (iii) Testing of five classifiers across 

229,781 unique adult records of the CDC Diabetes Health Indicators dataset (Centers for Disease Control 

and Prevention [CDC], 2023) using calibration, decision curve, and subgroup-fairness analyses following 

TRIPOD+AI guidelines. (iv) Full protocol for the analysis is being made public to reproduce each number 

presented here from publicly available data. 

2. Literature Review 

Huang et al. (2022) developed the Therapeutics Data Commons, which is an integrated library of curated 

datasets, task-based splits and leaderboards for target discovery, ADMET, drug-target interaction, and 

outcome prediction of clinical trials. Standardisation of tasks and scaffold-based split strategy by the 

resource increased the reproducibility of comparisons among ML approaches for therapeutics but does not 

provide prospective leaderboard performance. 

Ross et al. (2022) presented MoLFormer – transformer chemical language model trained on 

approximately 1.1 billion SMILES and found that the embeddings obtained encode molecular structure 

and transfer to downstream tasks of predicting properties. It became evident in the work that self-

supervised pre-training is promising in chemistry and needs large compute budget. 

Rajpurkar et al. (2022) surveyed AI progress in health and medicine and discussed the transition from 

retrospective proof-of-concept to prospective deployments with the focus on data access, label quality and 

workflow integration as the most significant bottlenecks. Adams et al. (2022) provided one of the few 

prospective evidences: timely clinician confirmation of alerts produced by TREWS sepsis early warning 

system decreased in-hospital mortality risk. 

Fang et al. (2023) performed an analysis of the performance of machine learning models for six in vitro 

ADME endpoints over 20 months at Biogen and found that gradient-boosting and deep-learning models 

outperformed random forests and that frequent retraining performed better than hyperparameter 

optimization. Notably, they published 3,521 different commercial compounds tested on the same assays, 

the dataset used in Track A of this study. 

Deng et al. (2023) performed a comprehensive study of important factors in molecular property 

prediction, training thousands of models and proving that representation-learning models frequently 

cannot outperform fixed fingerprints in small datasets and that activity cliffs and the size of the dataset 

determine the maximum possible accuracy. Heid et al. (2024) discussed Chemprop, a popular directed 

message-passing neural network software package, and Swanson et al. (2024) developed ADMET-AI 

from Chemprop to screen large compound libraries against 41 Therapeutics Data Commons ADMET 

endpoints. 

In another study, Liu et al. (2023) employed a message-passing neural network to sift through 7,500 

molecules to identify abaucin, an antibiotic with a narrow spectrum of activity against Acinetobacter 

baumannii. Similarly, Wong et al. (2024) adopted an advanced machine learning strategy to discover a 

class of antibiotics that were active against methicillin-resistant Staphylococcus aureus in mice using an 

explainable graph-based substructure rationale; both studies exemplify how ML may be used to accelerate 

the hit identification process. 

Lin et al. (2023) found out that the ESM-2 protein language model could be used for atom-level structure 

prediction (ESMFold), whereas Watson et al. (2023) proposed RFdiffusion, which is capable of designing 

new protein binders from scratch. In addition, Abramson et al. (2024) adapted the AlphaFold algorithm to 

predict the structure of proteins, nucleic acids, and small-molecule ligands jointly. It is important, 

however, to note that many deep learning-based docking strategies produce physically invalid protein-

ligand complex structures and fail to generalize to novel protein sequences. 
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Jayatunga et al. (2024) studied the clinical pipelines of AI-native biotech companies and found success 

rates of Phase I ranging between 80-90%, higher than the historical average of about 40-65%, while Phase 

II success rate (around 40%) was similar to the industry average. In another paper, Ren et al. (2025) 

detailed how the TNIK inhibitor INS018_055 (rentosertib) was discovered using generative AI for target 

identification and molecule design and provided Phase I safety information. Zhang et al. (2025) reviewed 

AI from drug development pipeline aspects from target identification to clinical trials and post-market 

surveillance. 

With regard to healthcare applications, Jiang et al. (2023) used NYUTron pre-trained on unstructured 

clinical notes and demonstrated that one health system language model could predict readmission, 

mortality, comorbidity, and insurance denial. Zhou et al. (2023) developed RETFound which is self-

supervised foundation model for retinal image and its generalization ability for disease screening. Chen et 

al. (2024) introduced UNI, a general computational pathology foundation model. The study of Singhal et 

al. (2025) demonstrated that Med-PaLM 2 has expertise to provide answers to questions but Wornow et 

al. (2023) pointed out that foundation models are evaluated on narrow clinical tasks. 

In the context of pharmacy practice, Chalasani et al. (2023) conducted a review on AI in drug information 

services, prescription verification, adverse drug reactions detection and medication adherence, and Salas 

et al. (2022) conducted a systematic review on AI in pharmacovigilance, noting that most of the available 

literature is proof of concept and does not undergo external validation. Chen et al. (2023) identified 

potential sources of bias in medical AI algorithms and possible solutions to this problem, and Collins et 

al. (2024) developed TRIPOD+AI, which mandates the reporting of calibration, clinical utility and 

fairness of prediction models using machine learning. 

. 

Table 1. Summary of Literature Review 

S. 

No. 

Author(s) & 

Year 

Focus Methodology / Data Key Limitation 

1 Huang et al. 

(2022) 

Benchmark ecosystem 

for therapeutics ML 

Curated datasets, scaffold 

splits, leaderboards 

Retrospective only; no 

prospective test 

2 Ross et al. 

(2022) 

Chemical language 

model (MoLFormer) 

Transformer pre-trained on 

~1.1 B SMILES 

Heavy compute; limited 

gain on small sets 

3 Adams et al. 

(2022) 

Sepsis early warning 

(TREWS) 

Prospective multi-site 

cohort 

Observational; single health 

system 

4 Fang et al. 

(2023) 

Prospective ADME 

prediction 

120 internal datasets; 

3,521-compound public 

set 

Single company's assays 

and chemistry 

5 Deng et al. 

(2023) 

Drivers of molecular 

property prediction 

Large-scale systematic 

model comparison 

Mostly public benchmarks; 

few ADME assays 

6 Liu et al. 

(2023) 

Antibiotic discovery 

(abaucin) 

Message-passing neural 

network + wet lab 

Narrow-spectrum target 

organism 

7 Jiang et al. 

(2023) 

Clinical language 

model (NYUTron) 

Health-system-scale 

clinical notes 

Single institution; data not 

public 

8 Chalasani et 

al. (2023) 

AI in pharmacy 

practice 

Narrative literature review No quantitative evaluation 

9 Wong et al. 

(2024) 

Explainable antibiotic 

discovery 

Graph neural networks + 

substructure rationales 

Validation largely pre-

clinical 

10 Buttenschoen 

et al. (2024) 

Validity of AI docking PoseBusters physical-

validity test suite 

Docking only; small-

molecule focus 
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11 Jayatunga et 

al. (2024) 

Clinical success of AI 

drugs 

Pipeline analysis of AI-

native biotechs 

Small sample; early-phase 

dominated 

12 Collins et al. 

(2024) 

Reporting standard 

(TRIPOD+AI) 

Delphi consensus 

guideline 

Guidance, not empirical 

evidence 

13 Ren et al. 

(2025) 

Generative-AI drug 

(TNIK inhibitor) 

Target + molecule 

generation, Phase I 

Single programme; 

company-reported 

14 Singhal et al. 

(2025) 

Medical LLM (Med-

PaLM 2) 

Benchmarks + physician 

evaluation 

Question answering, not 

patient outcomes 

 

3. Problem Statement 

Although there have been advances, there is an evaluation issue for AI in drug development and 

healthcare that is shared. ADME models developed in the discovery phase are generally evaluated using 

a single measure of accuracy for one split, without uncertainty measures or an assessment of how 

performance deteriorates when faced with new chemical molecules. Risk models used in the care phase 

are evaluated purely on discrimination (AUROC), despite pharmacists acting based on probability 

predictions and threshold values, and despite performance varying by sex, age, and socioeconomic 

group. For both applications, there is no evidence on (a) which model family to use, (b) whether 

additional complexity, like ensembling, adds value, and (c) whether the model is safe and ethical to use. 

To that end, this study seeks to answer three research questions: 

•  RQ1: Which families of linear, kernel, tree-ensemble, neural, and stacked ensemble models perform 

best in predicting six in-vitro ADME endpoints from recently released public industrial data? 

•  RQ2: How effective are routine measures of health in identifying adults who have pre-diabetes or 

diabetes for pharmacist screening? 

RQ3: Would these models still be accurate for chemically novel compounds and equitable for all socio-

demographic sub-groups? 

4. Proposed Work: The AI-PHARM Framework 

We introduce AI-PHARM (AI for PHArmaceutical research and Medicines-use), an integrated 

evaluation-oriented framework in which the same machine learning approach is used for two opposite 

ends of the pharmaceutical value chain: preclinical property prediction in drug discovery (Track A) and 

risk profiling in patient care (Track B). The framework consists of five layers—data, representation, 

learning, evaluation, and governance—which span both tracks, as presented in Figure 1. The rationale is 

that the choice of models is less important than the evaluation process: each model is evaluated based on 

its accuracy and uncertainty, calibration, and applicability or fairness and utility, according to the most 

recent guidance (Collins et al., 2024). 
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Figure 1. The AI-PHARM framework: two tracks (drug discovery and patient care) sharing five layers — 

data, representation, learning, evaluation and governance. 

Architecture is illustrated in Figure 1. Data layer receives open recent datasets for each track. 

Representation layer transforms raw data into model-ready features, namely molecular fingerprints and 

descriptors for Track A, standardized clinical measures for Track B. Learning layer trains a group of 

heterogenous base models that get combined with cross-validated stacked meta-learner (Figure 2). 

Evaluation layer utilizes track-specific metrics with bootstrap uncertainty. Governance layer wraps the 

entire process in reporting, explainability, fairness, and drift monitoring techniques consistent with FDA 

(2025) guidance and EU AI Act (European Union, 2024). 

 
Figure 2. Stacked-generalisation architecture. Heterogeneous level-0 learners produce out-of-fold 

predictions that train a regularised level-1 meta-learner. 

4.1 Datasets 

Track A (drug discovery). We employ the Biogen publicly available ADME dataset from Fang et al. 

(2023), which includes 3,521 purchased compounds screened via six standard in-vitro assays according to 
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the authors’ internal procedures: HLM intrinsic clearance, RLM intrinsic clearance, MDR1-MDCK efflux 

ratio (permeability/efflux proxy), aqueous solubility at pH 6.8, human and rat plasma-protein binding 

(hPPB, rPPB). All endpoints are modeled using the log-transformed values used in the dataset. The 

authors’ released splits into training and test sets are adopted for all endpoints, ensuring no test 

compounds appear during training. The numbers of samples per endpoint are provided in Table 2. 

Track B (patient care). We will use the CDC Diabetes Health Indicators dataset (CDC, 2023; UCI 

Machine Learning Repository), which comes from the 2015 Behavioral Risk Factor Surveillance System. 

In total, there are 253,680 survey records for adults containing 21 risk indicators and a three-level 

glycemic state label (no diabetes, pre-diabetes, diabetes). After filtering out 23,899 duplicate records, 

there are 229,781 distinct respondents left. In accordance with the pharmacists' case-finding problem, 

where the task was to identify patients who need further testing for diabetes, we constructed a binary 

target, indicating either pre-diabetes or diabetes (17.1% prevalence). There are 21 predictors in total 

including medical predictors (hypertension, hypercholesterolemia, BMI, stroke/coronary disease), 

behavioral (smoking, physical activities, diet, alcohol abuse), self-assessed general/physical/mental well-

being, and socio-demographic predictors (gender, age group, education, income level). 

4.2 Representation 

In Track A, the molecules are encoded using the feature sets provided along with the dataset: the 1,024-bit 

functional-class fingerprint (FCFP4) feature set extended by 316 RDKit physicochemical descriptors, 

which constitutes 1,340 features. Fixed fingerprints along with descriptors are still a robust representation 

choice for small ADME datasets, where they can even compete with machine learning-derived 

representations (Deng et al., 2023). Missing and non-finite descriptors are imputed with their medians, 

and the descriptors themselves are standardised prior to usage in scale-sensitive learners. In Track B, the 

21 indicators are used as they are, whereas continuous variables are standardised in case of linear and 

neural learners. 

4.3 Learning Layer 

Each task involves training a heterogeneous panel of base learners and a stacked ensemble (Figure 2). For 

regression (Track A), the panel includes ridge regression, random forest (RF), histogram gradient-boosted 

decision tree (GBDT), support vector machine with an RBF kernel (SVR), and multilayer perceptron 

(MLP, two hidden layers, target standardization and strong weight decay). For classification (Track B) – 

penalized logistic regression (LR), RF, GBDT, and MLP. The model of interest is stacked generalisation 

ensemble: the base learners represent level-0, out-of-fold predictions of base learners are generated via 

internal cross-validation, and a regularized meta-learner (ridge regression for regression, logistic 

regression for classification) combines predictions of base learners at level-1. Stacking is selected due to 

partial independence of mistakes made by base learners, which means that convex combination could help 

reducing variance without model selection. All hyperparameters are set a priori based on default values 

and light pilot tuning on training data only; no test data were used for modelling decisions. 

In the case of Track B, in which there are five candidate models (the four base classifiers and the stacked 

ensemble) that can be chosen from, the operational model will be selected on the basis of the held out 

validation dataset by using the Brier score, in which both discrimination and calibration get considered; 

the threshold for the choice is determined at the point where Youden's J is maximised. 

4.4 Evaluation Layer 

For Track A, we provide the coefficient of determination (R²), Pearson's r, Spearman's ρ, mean absolute 

error (MAE) and root-mean-square error (RMSE) calculated on the held-out test set of each endpoint. In 

order to measure uncertainty and perform model comparisons, we used a paired bootstrap (1,000 

resamples of the test set) providing the mean and 95% confidence interval (CI) of the R² difference 
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between the stacked ensemble and each baseline. In order to investigate generalisability to new chemical 

space (applicability domain), we calculate, for each test molecule, the maximum Tanimoto similarity of 

its fingerprint to the training set, and analyse the relationship between the error and the similarity (Figure 

5). 

For Track B, we provide discrimination (AUROC, AUPRC), calibration (Brier score, expected calibration 

error [ECE] and reliability plots), and confusion matrix analysis (sensitivity, specificity, positive and 

negative predictive values, F1) at the chosen threshold. The CIs for AUROC are obtained using 500-

sample bootstrap, and the proposed model is compared with each baseline using a paired bootstrap of the 

AUROC difference. Since discrimination alone is insufficient for demonstrating clinical utility, we use 

decision curve analysis (see Figure 8). Interpretability is evaluated using permutation importance (see 

Figure 9), while subgroup fairness audit (see Table 6) is done considering prevalence, AUROC, true-

positive rate and false-positive rate for different sex, age bracket, income and education subgroups. 

4.5 Governance Layer 

Governance is the layer that makes responsible deployment work. The report is done using the 

TRIPOD+AI checklist (Collins et al., 2024). Explanation is given through permutation importance and 

applicability-domain analysis for Track A. Fairness and calibration are tracked through the subgroup audit 

and reliability diagrams. Since the medical and chemical data tend to drift over time (Sahiner et al., 2023), 

the framework includes revalidation and recalibration according to the findings of Fang et al. (2023), and 

consistent with the FDA (2025) risk-based credibility-assessment methodology and the high-risk system 

standards of the EU AI Act (European Union, 2024). All experiments rely on fixed random seeds and 

public datasets to be reproducible. 

4.6 Experimental Setup 

All model implementations are done using Python 3 and scikit-learn. The experiments were conducted in 

a 2-core Linux system. The random seeds are fixed to 42. In track A, the provided split per endpoint is 

used without changes. In track B, the de-duped data are split using stratified sampling into 70% training, 

10% validation and 20% testing. No extra data or pre-training has been used. The full procedure is 

deterministic based on the provided inputs. 

5. Results and Discussion 

5.1 Track A: ADME Property Prediction 

Table 2 shows the endpoints and the test set performance of the models. Amongst all the six endpoints, 

the stacked ensemble showed the highest R² values, lowest RMSE and lowest MAE, thus demonstrating 

that the stacking of heterogenous learners works well for ADME prediction (see Figure 3). The average 

R² value for the stacked ensemble amongst all the six endpoints was R² = 0.533, while the best performing 

family (GBDT) showed an R² value of 0.492, followed by SVR (0.476) and random forest (0.443). The 

relative difficulties of endpoints followed the expected trend, with plasma-protein binding and MDR1-

MDCK efflux being the easiest (hPPB, R² = 0.64; MDR1-MDCK, R² = 0.63; rPPB, R² = 0.56), while 

aqueous solubility being the hardest to predict (R² = 0.38). 
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Figure 3. Track A test-set R² for every model and endpoint. The stacked ensemble is highest on all six 

endpoints. 

Table 2. Track A — endpoints and test-set performance (R², with RMSE in parentheses; best model 

per endpoint in bold) 

Endpoint n train / 

test 

Ridge RF GBDT SVR MLP Stacked 

(proposed) 

HLM (log 

CL_int) 

2469 / 618 0.341 

(0.503) 

0.371 

(0.491) 

0.419 

(0.472) 

0.434 

(0.466) 

0.416 

(0.473) 

0.476 

(0.448) 

RLM (log 

CL_int) 

2443 / 611 0.403 0.427 0.472 0.453 0.400 0.515 

MDR1-

MDCK 

ER 

2113 / 529 0.541 0.498 0.577 0.556 0.572 0.628 

Solubility 

(pH 6.8) 

1738 / 435 0.327 0.312 0.343 0.333 0.327 0.384 

hPPB (% 

unbound) 

1446 / 362 0.591 0.561 0.604 0.543 0.615 0.636 

rPPB (% 

unbound) 

708 / 177 0.469 0.460 0.537 0.428 0.528 0.559 

Mean — 0.445 0.443 0.492 0.458 0.476 0.533 

 

The order of base learners is in line with that reported by Deng et al. (2023) and Fang et al. (2023), where 

the gradient boosting and kernel/neural learners were better than random forests, while the baseline ridge 

regression model performed well only for easier endpoints. There was no base learner dominating all 

scenarios, where SVR was superior to HLM, GBDT to RLM/MDR1/rPPB and MLP to hPPB. 

In order to confirm the reliability of the ensemble advantage, the paired-bootstrap R² difference between 

the stacked ensemble and the best single model was calculated for each endpoint (Table 3). The ensemble 

was significantly better than the best single learner for three out of six endpoints (HLM, RLM, MDR1-

MDCK; 95% CI not including zero) while showing a positive but insignificant advantage for the rest 

(Solubility, hPPB, rPPB), where the gradient-boosting and neural models performed almost as good as the 

ensemble model. In case of poorer baseline models (ridge, random forest), the advantage of the ensemble 
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was significant for all endpoints. This means that stacking gives a robust "no-regret" choice as it will be 

always at least as good as the best single model and will usually be significantly better at the price of 

around 10 times longer training time (116 s compared to 2–17 s per endpoint).. 

Table 3. Track A — paired-bootstrap R² gain of the stacked ensemble over the best single model 

per endpoint (1,000 resamples) 

Endpoint Best single model ΔR² (stacked − 

best single) 

95% CI Significant 

HLM SVR +0.041 [0.009, 0.068] Yes 

RLM GBDT +0.043 [0.020, 0.067] Yes 

MDR1-MDCK 

ER 

GBDT +0.050 [0.028, 0.072] Yes 

Solubility GBDT +0.040 [−0.001, 0.082] No (borderline) 

hPPB MLP +0.022 [−0.014, 0.057] No 

rPPB GBDT +0.023 [−0.019, 0.068] No 

 

Figure 4 gives the plots of predicted versus measured parity plots for the stacked ensemble across all six 

endpoints; prediction is in line with the regression to the mean for the extreme values. The applicability 

domain analysis is shown in Figure 5: the mean absolute error decreases monotonically with increasing 

maximum Tanimoto similarity of a test molecule to the training set, ranging from 0.50 log units for the 

most novel molecules (similarity < 0.2) to 0.33 log units for the closest analogues (similarity ≥ 0.5). This 

illustrates an important limitation for use—predictions for novel chemical scaffolds are significantly less 

reliable—and justifies the recommendation to report a per-molecule confidence flag according to training 

set similarity, analogous to the data drift problem pointed out by Sahiner et al. (2023) and validation 

failures reported by Buttenschoen et al. (2024). 

 
Figure 4. Track A predicted-versus-measured parity plots for the stacked ensemble; the dashed line is the 

identity. 
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Figure 5. Track A applicability domain: mean absolute error of the stacked ensemble versus maximum 

Tanimoto similarity of the test compound to the training set (error bars: standard error). 

5.2 Track B: Pharmacist-Led Dysglycaemia Screening 

After deduplication, there were 229,781 unique adults (17.3% had pre-diabetes/diabetes: 4,629 pre-

diabetes and 35,097 diabetes), which were divided into training (70%, n=160,846), validation (10%, 

n=22,978) and test sets (20%, n=45,957). The test set performance of the five models is provided in Table 

4. All five models had comparable discrimination (AUROC = 0.805-0.814), but varied significantly in 

calibration. The GBDT model had the best validation Brier score, thus it was chosen as the final model; it 

showed AUROC = 0.814 (95%CI 0.810-0.819), AUPRC = 0.472 (prevalence 0.173), Brier = 0.115 and 

expected calibration error = 0.003. 

Table 4. Track B — test-set performance (n = 45,957; selected model in bold) 

Model AUROC (95% 

CI) 

AUPRC Brier ECE 

Logistic 

regression 

0.805 (0.800–

0.809) 

0.441 0.118 0.013 

Random forest 0.811 (0.807–

0.816) 

0.468 0.115 0.012 

GBDT (selected) 0.814 (0.810–

0.819) 

0.472 0.115 0.003 

MLP 0.810 (0.806–

0.815) 

0.461 0.116 0.005 

Stacked ensemble 0.814 (0.810–

0.819) 

0.471 0.116 0.029 

 

It should be pointed out that, unlike Track A, the stacked ensemble does not perform better than the best 

individual model for this classification task; the stacked ensemble’s AUROC is no higher than that of 

GBDT (+0.000 AUROC; paired-bootstrap 95% CI: −0.001 to +0.001; p = 0.36), and its calibration is 

worse (ECE 0.029 compared with 0.003). This is an interesting negative result. In the case of a large, low-

dimensional tabular dataset, a well-regularized gradient-boosting model is enough to use all the 
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information contained in the data, which means that there are no errors left for a meta-learner to correct—

this is consistent with the effectiveness of tree ensembles on tabular data noted by Grinsztajn et al. (2022). 

The ROC curves are displayed in Figure 6 and reliability diagrams in Figure 7, whereby the GBDT curve 

follows the diagonal very closely for the entire range of probabilities, but the stacked model exhibits over-

prediction of probability on the high-probability side. At the validation-operating point (0.149, optimizing 

Youden’s J statistic), the GBDT algorithm provided a sensitivity of 0.808, specificity of 0.660, positive 

predictive value of 0.332 and negative predictive value of 0.943. As an opportunistically used tool in the 

pharmacy for identifying people with dysglycaemia, such values are quite reasonable, since it can identify 

about four out of every five people with the condition whilst rejecting 66% of the negatives, and a 

negative prediction is correct 94% of the time. 

 
Figure 6. Track B receiver-operating-characteristic curves on the test set (AUROC in parentheses). 

 
Figure 7. Track B reliability diagram; the selected GBDT model lies almost on the diagonal. 

Usefulness in a clinical setting is evidenced via decision curve analysis (see Figure 8). Within the feasible 

screening range (threshold probabilities of 0.05-0.30), GBDT demonstrated the highest net benefit 

compared to all other models and was superior to "screen everyone" and "screen no one." At the threshold 

probability of 10%, the net benefit for GBDT was 0.113, while the net benefit for "screen everyone" was 

0.081—roughly corresponding to an increase in the detection rate of almost three more actual cases out of 

every hundred patients screened but without an increase in the number of redundant confirmations. 
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Figure 8. Track B decision-curve analysis. The selected GBDT model gives the highest net benefit across 

the screening range and dominates screen-all and screen-none. 

Permutation importance for the selected model is depicted in Figure 9. The top predictors include self-

rated overall health status, body mass index, age group, high blood pressure, and high blood cholesterol 

level. This list can be considered clinically sensible and consistent with the known risk factors for 

diabetes, which may allow using a concise questionnaire instead. 

 
Figure 9. Track B permutation importance (top 10 predictors) for the selected GBDT model. 

5.3 Fairness and Subgroup Analysis 

The Subgroup Audit table (Table 5) shows the results of the selected GBDT model's audit by sex, age, 

income, and education levels. There was little discrimination, with AUROC within subgroups being 

between 0.762 and 0.823. Moreover, the mean predicted probability matched the prevalence rate in all the 

subgroups, meaning that calibration was maintained for each stratified population. Still, the false positive 

http://www.ijpams.com/


INTERNATIONAL JOURNAL OF PHARMACY WITH MEDICAL SCIENCES 
Peer Reviewed, Referred & Indexed Journal 

E-ISSN:3068-2738  

Vol.6, No. 4 (2026) 
www.ijpams.com 

IJPAMS| 31 Received: 07-09-2026 | Accepted: 15-10-2026 | Published: 21-10-2026 | www.ijpams.com 

 

 

 

 

 

 

rate was very uneven – ranging from 0.04 for the youngest and least prevalent subgroup to 0.54 for the 

oldest and least wealthy ones – since one global cut-off interacts with different prevalence rates among 

the subgroups. The true positive rate demonstrated the opposite trend. The example demonstrates the 

existing tension of fairness in modelling (Chen et al., 2023) – a well-calibrated model may have an 

uneven distribution of error rates among different groups. 

. 

Table 5. Track B — subgroup performance of the selected GBDT model at the global threshold 

Attribute Group n Prevalence AUROC TPR FPR 

Sex Female 25,671 0.163 0.823 0.800 0.310 

Sex Male 20,286 0.186 0.802 0.816 0.378 

Age 18–39 y 6,981 0.038 0.815 0.358 0.043 

Age 40–59 y 16,407 0.143 0.821 0.726 0.251 

Age ≥60 y 22,569 0.236 0.762 0.866 0.528 

Income < $25k 7,367 0.276 0.784 0.907 0.537 

Income $25k–<$75k 16,046 0.193 0.800 0.837 0.406 

Income ≥ $75k 22,544 0.124 0.814 0.702 0.243 

Education ≤ High 

school 

14,620 0.224 0.796 0.868 0.447 

Education Some 

college 

13,459 0.173 0.814 0.805 0.347 

Education College 

graduate 

17,878 0.131 0.816 0.726 0.257 

 

5.4 Discussion 

There are two clear lessons to take away from reading the results side-by-side. The first is that the very 

same discipline – using a diverse set of base learners, stacking meta-learners, and performance 

measurement going well beyond just one number for accuracy – translates directly from molecules to 

patients, reinforcing the argument for a common framework across discovery and treatment. The second 

is that the usefulness of the suggested method depends on the task at hand, and needs to be proven, rather 

than presumed – while stacking yielded statistically significant improvements on the small, noisy, high-

dimensional problems of ADME prediction, it showed no improvement on the large, low-dimensional 

classification problem, where a calibrated gradient boosting model had already proved optimal. 

This highlights another reason to consider evaluation outside of discrimination. In Track A, the 

applicability domain analysis showed that while headline R² hides the substantial reliance on chemical 

novelty; in Track B, there were two competing models which differed by nearly ten times in terms of 

calibration error despite the identical AUROCs, and while the one which demonstrated the greatest 

discrimination power was not chosen to be deployed. When it comes to drugs, whose prediction is used 

for making the synthesis and patient referral decisions, calibration, clinical usefulness and subgroup 

behavior are not extra but rather essential characteristics of the model to be deployed. 

Lastly, the research serves to confirm a general observation made by notable research findings in recent 

times, namely that AI is already creating real value in the pharma domain, from drug discovery (Ren et 

al., 2025) to new antibiotics (Wong et al., 2024), to increased early-phase clinical trial success (Jayatunga 

et al., 2024); however, there have been several examples in the same period of warning findings regarding 

benchmark validity (Buttenschoen et al., 2024) and physical reality (Wornow et al., 2023). An evaluation-

focused approach such as the AI-PHARM is one solution to this conflict. 
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5.5 Limitations 

Several shortcomings exist here. For Track A, the results are dependent on the particular company's assay 

conditions, along with a commercially skewed space of chemicals, hence, absolute accuracies will not 

necessarily carry over to other labs; in addition, we have used the published random splits and not 

scaffold splits that tend to overestimate the performance for novel chemicals; the applicability-domain 

analysis has partially taken care of this issue. We have used fixed fingerprints-plus-descriptors 

representations without testing graph neural networks and chemical language models (Heid et al., 2024; 

Ross et al., 2022) which could alter the rankings on larger datasets. For Track B, the data consist of self-

reported surveys from 2015 where the label is generated from the survey itself as opposed to laboratory-

verified glycaemic status, there is a mix of both pre-diabetes and diabetes in the positive class, and the 

cohort is of U.S. origin, hence, external and time validation are required prior to any deployment. The 

hyperparameters were fine-tuned only lightly and we performed no prospective analysis since Fang et al. 

(2023) and Adams et al. (2022) have shown that this constitutes the decisive factor. 

6. Conclusion 

In this paper, we presented AI-PHARM, a coherent and evaluation-focused machine learning framework 

bridging between two extremes of the pharmaceutical pipeline, namely pre-clinical ADME prediction in 

drug discovery and pharmacist-based risk screening among patients, and evaluated it on two recent 

publicly available datasets. In our evaluation using Biogen's public ADME dataset, a stacked 

heterogeneous ensemble delivered highest accuracies for all six in-vitro outcomes (R² = 0.533 on average) 

with statistically significant improvements over the best individual model in three endpoints; applicability 

domain analysis helped us quantify the deterioration of performance for novel chemical structures. In our 

experiments using the CDC Diabetes Health Indicators dataset, a gradient boosting model, properly 

calibrated, predicted pre-diabetes and diabetes with AUROC = 0.814, near-perfect calibration (ECE = 

0.003), and obvious net health benefit, while subgroup audit revealed error rate differences driven by 

prevalence that need to be handled prior to deployment. The negative results which have been deliberately 

communicated—that there was no benefit from the ensemble in the classification task—serve to 

emphasize the crucial principle in the framework, that model complexity should be demonstrated through 

empirical evidence, and that discrimination, calibration, clinical usefulness, and fairness need to be 

considered in concert. In employing a single methodological approach to discovery and treatment, and 

publishing an entirely reproducible methodology based on publicly available data, this study provides an 

exemplary approach to AI in contemporary pharmacy. 

7. Future Scope 

Future work will take five directions. Firstly, the ADME track will be generalized from existing 

molecular representations to directed message passing graph neural networks and chemical language 

models pre-trained (Heid et al., 2024; Ross et al., 2022), and to scaffold split and time split evaluation 

using Therapeutics Data Commons ADMET benchmarks (Huang et al., 2022), in order to evaluate 

generalization to novel chemistry. Secondly, the patient care track will be validated in an external setting 

for laboratory-confirmed cohorts and more recent survey waves, and will be further extended to cover 

additional conditions relevant to community pharmacy practice, such as cardiovascular risk and drug 

harm. Thirdly, uncertainty quantification (conformal prediction) and per-prediction explanation will be 

integrated to give both the chemist and the pharmacist not only the confidence but also the reason behind 

each prediction. Fourthly, prospective, embedded workflow evaluation—by far the most convincing 

demonstration carried out by Fang et al. (2023) and Adams et al. (2022)—will evaluate actual decision 

impact, not just accuracy5. Finally, the governance layer will be implemented via drift detection, 

scheduling for calibration, and creation of a credibility assessment dossier in line with the FDA (2025) 
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draft guidance on explainability of artificial intelligence medical software as a product and the EU AI Act 

(European Union, 2024). 
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