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In this work we performed a critical assessment of the benchmarking procedures used in 

Therapeutics Data Commons (TDC) ADMET leaderboards, focusing on reproducibility, 

robustness against data leakage, and signs of test-set overfitting across all 22 TDC ADMET 

endpoints. For each endpoint, the top 3 leaderboard models were screened with a unified 

protocol: execution environment reproducibility check, data leakage assessment, verification of 

hyperparameter optimisation practices, and final re-evaluation of results and TDC ranking. Only 

3 methods (CaliciBoost, MapLight, MapLight+GNN) passed all checks and showed overall 

reproducible performance, whereas most of top-ranked models exhibited unavailable code, 

non-reproducible execution environments, runtime incompatibilities, or various methodological 

flaws. In particular, we identified direct or indirect data leakages in MiniMol, GradientBoost and 

XGBoost models. We also used our in-house models based on the Mol2Vec architecture to 

investigate the consequences of deliberately overfitting on the TDC test set. It is shown that 

deliberate or accidental tuning on the public test set may lead to significant inflation of the 

model metrics and leaderboard position. Our results emphasize the urgent need for better 
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public ADMET benchmarks with the hidden test sets, strict dataset versioning and model 

submission with standardized inference environments. 

Introduction 
The process of novel drug development is lengthy, costly, and associated with a high risk of 

failure at late stages (1,2). One of the primary reasons for attrition (accounting for up to 50% of 

failures) is not insufficient therapeutic efficacy, but rather unfavorable pharmacokinetic and 

toxicological properties, collectively referred to as ADMET  (absorption, distribution, 

metabolism, excretion, and toxicity) (3–5).   

Understanding the ADMET profile at early stages of drug development is critically important for 

rational drug design, as it enables the elimination of inherently non-viable compounds before 

performing expensive in vivo testing (6). Preliminary evaluation of chemical libraries allows 

researchers to focus on regions of chemical space that exhibit an optimal balance between 

biological activity and safety (7,8), thereby dramatically reducing both drug  development time 

and costs. 

Historically, several computational approaches have been developed for ADMET assessment, 

ranging from classical “drug-likeness” rules (9) to quantitative structure–property relationship 

(QSAR) methods based on linear regression. However, with the accumulation of large-scale data 

in public databases (such as ChEMBL, PubChem, and ZINC) and the increasing complexity of 

prediction tasks, the focus has shifted toward machine learning (ML) methods. Today, ML 

models are capturing an ever-growing segment of the drug discovery landscape, gradually 

displacing traditional physicochemical simulations (10). This trend is driven by their ability to 

capture nonlinear relationships in high-dimensional data and their high prediction throughput, 

which is suitable for large-scale screenings (11–13). The most recent ML ADMET prediction 

models exploit novel neural network architectures such as graph neural networks (GNNs) 

(14,15) and transformers (11). 

With rapid proliferation of ADMET prediction algorithms, an urgent need has emerged for 

rigorous and fair comparison of their quality (16,17). Traditional evaluation strategies include 

cross-validation and testing on external datasets using standard performance metrics (RMSE, 

MAE for regression; AUC-ROC, F1-score for classification) (18). While these approaches are 

implemented in widely used libraries such as scikit-learn and DeepChem, their application to 

chemical data requires careful consideration of the features of chemical space structure: models 

often demonstrate excellent performance on familiar molecular scaffolds but lose predictive 

power when confronted with fundamentally novel chemotypes (19–21). 

Dedicated online ADMET benchmarking platforms have gained significant traction in recent 

years. Notable examples include MoleculeNet (22), PharmaBench (23), and arguably the most 

well-known Therapeutic Data Commons (TDC) (24). The TDC platform is a comprehensive 

resource that provides access to curated ADMET datasets with pre-defined data splits and 

introduces a public leaderboard for ADMET prediction models. As an open data platform, TDC is 
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often referred to as the ‘gold standard’ for the academic community, allowing researchers to 

instantly compare their results with the cutting-edge rivals (25,26). 

However, the availability of fully open datasets is both an advantage and a serious drawback. 

Open train-test split introduces the risk of deliberate cheating or unintentional model 

adaptation to a specific test set (27,28). When a test set remains publicly available for years, 

researchers may implicitly optimize architectures or hyperparameters to maximize performance 

on that specific dataset, without guaranteeing robustness under real-world conditions involving 

truly novel data (29). Moreover, some recent ML models reach prediction accuracy for certain 

endpoints that exceeds the accuracy of the experimental assays used to generate the training 

data. This phenomenon is a clear indicator of overfitting: the model captures dataset-specific 

noise or systematic measurement errors rather than genuine biological or chemical 

relationships (30,31). 

Researchers may resort to intentional overfitting because they need to demonstrate 

state-of-the-art results to get their articles accepted by high-ranking journals, obtain research 

grants, boost their own careers or promote commercialisation of the models in the drug 

discovery market. Regardless of the reason, inflated leaderboard positions diminish scientific 

value of the benchmarks and hamper the progress in the field.  

To flag overfitting, it is important to understand what the maximum ‘fair’ accuracy of predicting 

ADMET properties is. Given experimental uncertainty and inter-laboratory variability (32), the 

coefficient of determination R2 for most biological endpoints rarely exceeds 0.7–0.8 (33). As 

emphasized by domain experts, any model claiming accuracy beyond this threshold on noisy 

biological data is likely learning random fluctuations in a particular dataset rather than 

fundamental chemical principles (34,35). 

Thus, at the current stage of cheminformatics development, there is an urgent need for a 

critical assessment of existing ADMET benchmarking practices. The field must transition from 

merely recording leaderboard rankings toward the development of robust evaluation 

methodologies that explicitly account for data uncertainty (16,36) and prevent deliberate or 

unintentional data manipulations.  

The objective of the present study is to perform a critical analysis of the benchmarking 

procedures provided by the TDC platform. We performed assessment of the top TDC 

leaderboard models for all TDC deposed ADMET endpoints paying special attention to the 

following aspects: 

●​ Reproducibility of the model training and inference. 

●​ Robustness of the model training protocol in avoiding data leakage between test and 

train sets. 

●​ Signs of overfitting to test or otherwise inflating the metrics. 

We show that multiple top-ranked models in TDC leaderboards have serious issues in one or 

several of these categories and thus could not be considered as the state-of-the-art in the field 

despite seemingly outstanding performance metrics. 
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As an example of a properly developed and fairly tested ML model for ADMET prediction we 

also provide the results of our in-house models based on Mol2Vec architecture that feature  

decent positions in TDC leaderboards. 

Materials and Methods 

Among the ADMET property prediction models displayed on the TDC leaderboards, top models 

were identified for each of the 22 ADMET endpoints presented here. After comparing the lists 

of top models and identifying/removing duplicates, a final list of models was formed for 

subsequent quality assessment. The models were checked according to a procedure including 

verifying model reproducibility, assessing potential data leakage, and checking the correctness 

of model optimization. At each stage, models that did not meet the relevant criteria (see below) 

were eliminated, saving resources and evaluation time. Only models that successfully passed all 

stages of preliminary testing were admitted to evaluation using the complete set of ADMET 

endpoints. The ML model we developed for evaluating ADMET properties was also tested on 

this same complete set. 

1. Analysis of ADMET Benchmarks 

1.1. Selection of leaderboard models 

For each ADMET endpoint, we focused on the top three leaderboard models because 

benchmark analyses typically concentrate on the small group of leading methods rather than 

the full ranking. In many TDC endpoints, performance differences among the top models are 

small, so restricting the analysis to the top three captures the main competitive approaches 

while avoiding over-representation of closely related variants. This choice therefore allows the 

study to remain both representative of state-of-the-art performance and practically feasible for 

detailed verification. After removing duplicates across endpoints, this procedure resulted in a 

final set of ten representative architectures: 

ADMETrix, CFA, GradientBoost+, MapLight, Maplight + GNN, MiniMol, CaliciBoost, SimGCN, 

XGBoost, and ZairaChem. 

This strategy ensured that the analysis focused on models that are competitive according to the 

community of TCD benchmarks and, simultaneously,  lets rational use the resource and time for 

obtaining maximum useful information.  

1.2. ADMET endpoints 

To evaluate the models, all 22 endpoints available within the TDC ADMET benchmark 

leaderboard were involved. These endpoints span the full ADMET spectrum - absorption, 

distribution, metabolism, excretion, and toxicity - and include both regression and classification 

tasks with task‑specific evaluation metrics (MAE, Spearman correlation, AUROC, AUPRC). A 
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complete list of the endpoints, dataset sizes, and metrics is provided in Supplementary 

materials (Table S1). 

For individual models, evaluation was stopped early if significant issues (e.g. impossibility to 

code running, suggested data leakage or  unclear procedure of hyperparameter tuning) were 

encountered at earlier validation stages. 

1.3. Dataset sources and splits 

All datasets were obtained directly from TDC and used with the official training/test splits 

provided by the TDC platform. No resplitting, rebalancing, or data augmentation was applied, 

ensuring comparability with leaderboard results. 

An exception was the MiniMol model, which is a foundation model pretrained on the LargeMix 

dataset. In this case, the LargeMix pretraining set was filtered according to the developers’ 

recommendations by removing all molecules present in the TDC test sets, thereby preventing 

direct information leakage from pretraining to evaluation. 

 2. Evaluation Protocol for Leaderboard Models 

All selected leaderboard models were assessed using a unified, multi‑stage protocol designed to 

ensure reproducibility, methodological correctness, and fair comparison. 

2.1. Reproducibility check 

Models were tested in a local environment. Reproducibility was assessed using a single 

endpoint per model: specifically, the endpoint on which the model achieved its highest 

leaderboard rank. For this endpoint, the reported leaderboard metric was recomputed and 

compared with the published value. Given the sensitivity of some models to random seeds and 

software versions, minor numerical deviations in absolute metric values were considered 

acceptable, provided that they did not affect the model’s relative ranking on the leaderboard; 

only systematic discrepancies leading to rank changes were considered as essential. 

2.2. Assessment of data leakage 

To assess potential data leakage between training and test datasets, Tanimoto similarity scores 

were computed using Morgan fingerprints (radius 3, 2048 bits). Pairwise similarities were 

calculated between all molecules in the training and test sets. 

Two complementary statistical metrics were analysed: 

a)      Median similarity, reflecting the overall overlap between chemical spaces. 

b)      Maximum similarity, highlighting the presence of highly similar or identical 

molecules (Tanimoto ~ 1). 
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For the MiniMol model, similarity analysis was conducted between the pretraining dataset and 

the union of all TDC test molecules. An additional qualitative check was performed by querying 

PubChem for known ADMET-related proteins associated with the compounds from the 

pretraining dataset. 

2.3. Verification of optimisation procedures 

Primary publications and software repositories were examined to verify that: 

●​ Hyperparameter optimization procedures were explicitly described. 

●​ No tuning or model selection was performed on the test sets. 

This step is essential because all TDC test sets are publicly accessible, making intentional or 

accidental overfitting to a test set possible. 

2.4. Final evaluation 

Models that passed the previous stages were evaluated following the official TDC instructions 

(https://tdcommons.ai/benchmark/overview/) . 

The resulting metrics were compared against all leaderboard entries available at the time of 

writing (November 2025), and model rankings were recomputed accordingly. 

3. Development of an In‑House ML models 

To complement the analysis of leaderboard models, the in‑house ML models were developed 

and evaluated using the TDC protocol. 

3.1. Model architecture 

LightGBM (Light Gradient Boosting Machine) was selected as the base learning algorithm due to 

its computational efficiency, efficient handling of sparse molecular fingerprints, and consistently 

strong baseline performance in QSAR and ADMET prediction tasks. LightGBM implements 

gradient boosting decision trees with histogram-based split finding, which enables efficient 

training even for high-dimensional and heterogeneous molecular feature spaces. Regression 

tasks were handled using LGBMRegressor (37) API, while classification tasks employed  

LGBMClassifier (38) API with a binary cross-entropy objective.  

3.2. Molecular representations 

Mol2Vec embeddings were used as a fixed baseline representation across all benchmarks. 

Mol2Vec is an unsupervised embedding method inspired by distributional semantics models in 

natural language processing. In this approach, molecular substructures are treated analogously 

to words, while molecules are represented as sentences of such substructures. Embeddings are 
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learned such that substructures occurring in similar chemical contexts are mapped to nearby 

points in a continuous vector space. 

Mol2Vec embeddings were generated using a Skip-gram Word2Vec model trained on a large 

and chemically diverse set of 883,897,271 small molecules. Substructures were identified using 

Morgan fingerprints with radius 0 and 1, and the resulting vocabulary encompassed 13,278 

unique “words.” Each molecule was represented by aggregating the embeddings of its 

constituent substructures into a single 512-dimensional vector. Substructures not present in the 

training vocabulary were assigned a default embedding corresponding to the mean vector of 

the embedding space. 

In addition to Mol2Vec, diverse sets of molecular fingerprints (23 types, table S2) were used  as 

complementary feature groups to define the optimal feature set for calculation of each 

endpoint. In addition, benchmark-specific sets of features “filtered_descs” were generated by 

combining RDKit 2D and Mordred 2D descriptors with subsequent filtering. The filtering 

procedure included removing duplicate descriptors, excluding descriptors with calculation 

errors, low-variance filtering, and rejecting features with high correlation (cross-correlation 

filtering). Descriptor filtering was performed using training data only to avoid information 

leakage.  

3.3. Optimization pipeline 

Model optimization followed a two-phase procedure. In Phase 1, Sequential Forward Selection 

(SFS) was applied to identify an optimal set of molecular feature groups for each benchmark. 

Starting from a fixed Mol2Vec baseline, additional feature groups were iteratively added based 

on five-fold cross-validation performance.  The selection criterion was the selection_score 

value, calculated as the difference between the mean value of the appropriate metric and the 

corresponding standard deviation. 

In Phase 2, Bayesian hyperparameter optimization was performed using the Optuna framework 

(39) with a Tree-structured Parzen Estimator sampler (40). Hyperparameters were optimised 

using the same cross-validation protocol as in Phase 1. Optimisation was skipped for 

benchmarks where the model already achieved top leaderboard rank after feature selection 

alone. 

Performance on a test set was monitored exclusively for verification purposes and was never 

used for feature selection or hyperparameter tuning. 

3.4. Final training and evaluation 

For each benchmark, the final model was re-trained on the full training set using the selected 

features and optimised hyperparameters, and then evaluated on the TDC test set. To explicitly 

quantify the contribution of successive optimisation stages, all 22 ADMET endpoints were 

evaluated three times for the in‑house models: (i) using the baseline (non‑optimised) model, (ii) 
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after the feature selection stage (Phase 1 optimisation), and (iii) after hyperparameter 

optimisation (Phase 2 optimisation). 

3.5 Development of deliberately overfitted variants of In-house ML models 

To evaluate the possible overfit influence on the performance metrics and appropriate model 

ranks in TDC ADMET leaderboards, deliberately overfitted variants of In-house ML models were 

constructed. Overfitting was introduced by using the TDC test datasets instead of TDC train 

datasets during the both SFS and HPO optimisation phases. Resulting overfitted models have 

features sets and hyperparameters different from honest ones (see Supplementary tables S3 

and S4). 

Results 

Checking availability and reproducibility of the models 

First, we assessed the code availability and possibility to reproduce the results and have found 

critical issues in a number of models.  

Source code of the model CFA (Combinatorial Fusion Analysis) model (41) was not accessible 

due to the broken links on both the TDS website and the corresponding paper. This model ranks 

first in the clearance_hepatocyte_az and half_life_obach leaderboards, second in the 

bbb_martins and herg leaderboards, and third in the dili and vdss_lombardo leaderboards. 

For ADMETrix (42) (first in the ld50_zhu, second in the ames and lipophilicity_astrazeneca, and 

third in the cyp2c9_veith) and SimGCN models (43) (third in the herg) the execution 

environments could not be reproduced based on the available installation instructions. In the 

case of ADMETRix, the provided setup description specifies a broad Python version 

requirements, whereas the dependency set implicitly assumes a narrower and internally 

inconsistent range of versions; as a result, several required packages were either incompatible 

or unavailable, preventing successful environment construction. For SimGCN, the installation 

instructions do not specify a compatible version-matched combination of PyTorch and PyTorch 

Geometric extensions. This leads to unresolved dependencies and makes environment 

construction impossible. Fragments of the logs with the corresponding errors are shown in the 

Supplementary Information. 

ZairaChem model (44) (first in the ames, second in the cyp2c9_substrate_carbonmangels and 

dili, third in the bioavailability_ma) was successfully deployed, but execution failed due to 

incompatibilities among core libraries in the inference pipeline. In particular, the installation 

procedure delegates environment setup to an external script without fixing compatible versions 

of PyTorch and the TabPFN components used by the model, which results in runtime import 

errors despite nominally successful installation. The relevant log fragment containing a 

description of the errors encountered is provided in the Supplementary Information. 
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These findings emphasize the lack of proper software development practices, testing and 

quality control, which is, unfortunately, common in the academic machine learning community 

and hinders adoption and cross-validation of developed models. 

Assessment of data leakage between training and test datasets 

MiniMol is one of the most successful models, which is ranked first on seven TDC leaderboard 

(bbb_martins, bioavailability_ma, cyp2c9_substrate_carbonmangels, dili, hia_hou, 

lipophilicity_astrazeneca and solubility_aqsoldb). MiniMol is a foundational model pretrained 

on the massive Graphium LargeMix dataset containing approximately six million unique 

molecules. According to the authors, molecules present in all TDC ADMET test sets were 

removed from the pretraining corpus to prevent data leakage. However, the paper does not 

specify precisely how this matching and filtering were performed, which raises concerns about 

potential data leakage 

The LargeMix dataset comprises three types of data: transcriptomic data constituting about 5% 

of the pretraining set (L1000 VCAP and L1000 MCF7), biochemical assay data constituting about 

41% (PCBA-1328), and quantum chemical data constituting about 54% (PCQM4M G25 and 

PCQM4M N4 datasets). 

Following the description in the original paper, canonical SMILES were used to remove 

molecules belonging to the TDC test sets from the MiniMol pretraining corpus. This  results in 

exclusion rates consistent with those reported by the MiniMol developers — 7% for MCF7, 4% 

for VCAP, and 0.6% for PCBA. However, inspection of similarity distributions (Figs. 1A-C) 

demonstrates the presence of molecules that are highly similar or identical to ones in the TDC 

test set across all three analyzed MiniMol training datasets with the largest number of such 

molecules observed in the PCBA dataset.  

Upon closer inspection it became evident that simple filtering by canonical SMILES is 

insufficient, as it often fails to account for molecular chirality properly. It removes only one 

specific stereoisomer from the dataset, while alternative stereoisomers and/or representations 

of the same compound with missing stereochemistry annotations are retained and lead to a 

data leakage. For example, danazol is present as a concrete stereoisomer in the TDC all-test 

dataset (Figure 2a), yet it was not removed from the MiniMol pretraining dataset during 

filtering because its stereochemistry was not explicitly specified in the MiniMol training set 

(Figure 1D). Tautomerism may also contribute to the persistence of undetected duplicates, as 

different tautomeric forms of the same compound are usually represented by distinct canonical 

SMILES strings. Consequently, molecules that are chemically equivalent but differ only in 

tautomeric state may bypass filtering and contribute to unintended data leakage. 
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Figure 1. Distribution of similarities between Minimol pretrain and TDC test sets. (A) - MCF7, (B) 

- VCAP, (C) - PCBA. (D) - danazol molecule as found in TDC all-test dataset (with chirality 

annotations, top) and MiniMol pretrain dataset (without chirality annotations, bottom). 

Verification of hyperparameter optimisation procedures 

At this validation stage, significant issues were detected in two models — GradientBoost and 

XGBoost, both developed by the same author. GradientBoost ranks first on the ppbr_az 

leaderboard, whereas XGBoost ranks second on the caco2_wang leaderboard. 

For both models we identified a flaw in the dataset splitting procedure applied during 

hyperparameter optimization: the validation sets generated at the model tuning stage partially 

overlapped with the (public) TDC test sets. This issue originates from an incorrect function call 

that, prior to hyperparameter optimization, re-splits the full dataset randomly into training, 

validation, and test subsets with the default hard-coded random seed of 42. As a consequence, 

the validation set contains, among others, molecules from the original TDC test set constituting 

a direct data leakage. The similarity distributions between the test set and the validation sets 

used by the model authors and corrected by us are shown in Fig. 3. 

Although the core model training procedures are implemented correctly in both cases, the data 

leakage at the hyperparameters optimization leads to inflated reported leaderboard metrics. 
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After correcting the split function and re-evaluating the models we obtained substantially lower 

leaderboard ranks— third place for GradientBoost (decrease from first) and eighth place for 

XGBoost (decrease from second). 

 

Figure 3.  Distribution of molecules, which have different similarities, between TDC caco2  test 

set and both the validation set used during tuning and the correctly generated  validation set.  

Re-evaluation of model performance 

Only three models reached the final testing stage: CaliciBoost (first on the caco2_wang), 

MapLight + GNN (first on clearance_microsome_az, cyp2c9_veith, cyp2d6_veith, cyp3a4_veith, 

herg, pgp_broccatelli, and vdss_lombardo), and MapLight. 

CaliciBoost was developed exclusively for the evaluation of Caco-2 effective permeability. Our 

MAE estimate for CaliciBoost was 0.271 ± 0.002, compared with 0.256 ± 0.006 reported in TDC, 

while the model retained its first-place ranking. The small discrepancy between these values is 

most likely related to the updates of the TDC datasets, which are, unfortunately, not under 

version control. That is why it is not possible to attribute the benchmarking results to a 

particular well-defined dataset version unambiguously. Part of observed discrepancies may also 

be related to differences in computational hardware and/or software environments used for 

evaluation. 
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MapLight and MapLight + GNN were evaluated across all 22 TDC ADMET endpoints. A summary 

of their re-evaluated performance is shown in Table 1.  

Table 2. Original and re-evaluated performance metrics and ranks of Maplight and Maplight+ 

GNN models on different TDC ADMET endpoints. 

  Maplight Maplight+ GNN 

Task TDC metric TDC 
rank 

reproduced 
metric 

reprod
uced 
rank 

TDC metric TDC rank reproduced 
metric 

reproduced 
rank 

Caco2 0.276 ± 0.005 3 0.276 ± 0.006 3 0.287 ± 0.005 6 0.29 ± 0.008 7 

Bio 0.930 ± 0.002 4 0.741 ± 0.007 -- 0.938 ± 0.002 2 0.74 ± 0.01 -- 

Lipo 0.539 ± 0.002 10 0.542 ± 0.003 11 0.525 ± 0.003 7 0.525 ± 0.003 7 

Solu 0.792 ± 0.002 6 0.787 ± 0.006 5 0.789 ± 0.003 5 0.795 ± 0.004 6 

HIA 0.986 ± 0.000 5 0.983 ± 0.001 6 0.989 ± 0.001 3 0.989 ± 0.001 3 

Pgp 0.930 ± 0.002 3 0.932 ± 0.001 3 0.938 ± 0.002 1 0.938 ± 0.0 1 

BBB 0.916 ± 0.001 3 0.92 ± 0.002 2 0.913 ± 0.001 5 0.916 ± 0.002 4 

PPBR 7.660 ± 0.058 3 7.622 ± 0.065 3 7.526 ± 0.106 2 7.573 ± 0.163 2 

VDss 0.707 ± 0.009 2 0.716 ± 0.005 1 0.713 ± 0.007 1 0.716 ± 0.006 2 

CYP2c9 
Veith 

0.783 ± 0.002 7 0.786 ± 0.004 7 0.859 ± 0.001 1 0.859 ± 0.001 1 

CYP2d6 
Veith 

0.723 ± 0.003 3 0.72 ± 0.002 5 0.790 ± 0.001 1 0.79 ± 0.001 1 

CYP3a4 
Veith 

0.881 ± 0.001 5 0.881 ± 0.001 5 0.916 ± 0.000 1 0.916 ± 0.0 1 

CYP2c9 
Sub 

0.415 ± 0.008 8 0.411 ± 0.005 8 0.437 ± 0.008 3 0.446 ± 0.015 2 
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CYP2d6 
Sub 

0.713 ± 0.009 4 0.718 ± 0.008 4 0.720 ± 0.002 3 0.716 ± 0.007 3 

CYP3a4 
Sub 

0.650 ± 0.006 5 0.649 ± 0.006 5 0.647 ± 0.008 6 0.642 ± 0.004 6 

Half 0.562 ± 0.008 2 0.559 ± 0.011 3 0.557 ± 0.034 3 0.563 ± 0.009 2 

Clearenc
e_hepa 

0.466 ± 0.012 3 0.469 ± 0.016 3 0.498 ± 0.009 2 0.5 ± 0.012 2 

Clearenc
e_micro 

0.626 ± 0.008 3 0.625 ± 0.009 5 0.630 ± 0.010 1 0.635 ± 0.007 1 

LD50_Zh
u 

0.621 ± 0.003 7 0.618 ± 0.005 7 0.633 ± 0.003 12 0.629 ± 0.005 10 

hERG 0.871 ± 0.004 4 0.873 ± 0.004 4 0.880 ± 0.002 1 0.88 ± 0.003 1 

AMES 0.868 ± 0.002 4 0.865 ± 0.001 4 0.869 ± 0.002 3 0.872 ± 0.001 1 

DILI 0.887 ± 0.006 10 0.883 ± 0.003 12 0.917 ± 0.005 5 0.918 ± 0.005 5 

 reproduced rank got better.   reproduced rank got worse.        reproduced rank got much worse 

 

It is evident that MapLight+GNN retains its leaderboard rank in 13 out of 22 ADMET endpoints, 

improves its position in five cases (notably reaching first place for ames), and exhibits a lower 

rank in three cases. A substantial decline in performance is observed only for 

bioavailability_ma. 

Similarly, MapLight preserves its original rank in 11 endpoints, improves its ranking in four cases 

(including attaining first place for vdss_lombardo), and shows a lower rank in six cases. As with 

MapLight+GNN, a pronounced drop in performance is again observed for bioavailability_ma. 

Across all 22 endpoints, the absolute differences between TDC-reported and reproduced 

metrics are very small (< 0.01) for the vast majority of cases for both models, indicating high 

overall reproducibility of the leaderboard results. For most ADMET tasks, reproduced metrics 

fall within overlapping uncertainty ranges of the TDC values, and rank changes (where present) 

are small and consistent with the narrow performance gaps among top-ranked models. Minor 

deviations are likely attributable to routine technical factors such as random seed variability, 

numerical precision, or differences in software and hardware environments used for evaluation. 

It should also be noted that the TDC platform does not provide explicit dataset or leaderboard 
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versioning. As a result, minor changes in dataset composition, preprocessing, or split definitions 

over time may contribute to small discrepancies between reproduced and leaderboard metrics, 

even when identical evaluation protocols are followed. 

In general, MapLight+GNN tends to outperform MapLight, particularly for metabolism-related 

endpoints (cyp2c9_veith, cyp2d6_veith, cyp3a4_veith, and clearance_microsome_az), where 

MapLight+GNN consistently occupies top leaderboard positions and maintains close agreement 

between reproduced and TDC metrics. For several endpoints — including hERG, pgp_broccatelli, 

and cyp3a4_veith — the reproduced ranks for both models closely match the TDC leaderboard 

positions, highlighting stable and reproducible performance in these tasks. 

The largest and systematic discrepancies between TDC and reproduced results are consistently 

observed for bioavailability_ma, where both models exhibit markedly lower reproduced AUROC 

values and substantial rank changes. A second, but less pronounced, deviation is observed for 

ppbr_az, where MAE differences are larger than for other endpoints, although rankings remain 

comparatively stable. Given that TDC doesn't maintain publicly versioned dataset releases, it is 

possible that the benchmark snapshot used to obtain the original leaderboard results differs 

from the dataset currently available. Such untracked updates (e.g., removal/addition of 

molecules or adjustments to train-test splits) could contribute to systematic shifts in 

performance for particular endpoints. 

Performance testing of in-house models 

The summarized results of our in-house model performance evaluation across 22 ADMET 

endpoints are presented in Table S3. For the majority of endpoints, the two-stage optimization 

procedure — Sequential Forward Selection (SFS) followed by Bayesian hyperparameter 

optimization (HPO) — leads to improved predictive performance compared with the baseline 

models, as reflected in better evaluation metrics and/or higher leaderboard rankings. This 

indicates that, in most cases, systematic feature selection combined with targeted 

hyperparameter tuning is an effective strategy for enhancing model performance within the 

LightGBM framework. Notable exceptions are: 

(a) dili and pgp_broccatelli, for which the baseline variants of the models remain the most 

competitive; 

(b) bbb_martins, cyp3a4_substrate_carbonmangels, clearance_hepatocyte_az, 

clearance_microsome_az, and ames, for which the models after the first optimization stage 

(SFS) achieve the best performance among the three tested variants. In the case of 

bbb_martins, SFS substantially improves the model position from 8th to 2nd place on the 

leaderboard, whereas subsequent HPO results in a marked drop in ranking despite comparable 

or slightly improved metrics. 

For ppbr_az and half_life_obach, performance temporarily deteriorates after SFS but improves 

after HPO, ultimately yielding better metrics and rankings than those of the corresponding 
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baseline models. This suggests that, for these endpoints, feature selection alone is insufficient, 

whereas hyperparameter tuning is critical for achieving optimal performance. 

In the case of hia_hou, the optimized model reaches first place on the corresponding 

leaderboard. In addition, the optimized models for ld50_zhu, lipophilicity_astrazeneca, 

solubility_aqsoldb, and cyp2c9_veith rank within the top five positions of their respective 

leaderboards, indicating consistently strong performance across both physicochemical and 

metabolism-related tasks. 

A notable pattern emerges for several binary classification endpoints with very high reported 

AUROC values on the TDC leaderboards. In hia_hou, bbb_martins, and pgp_broccatelli, a 

substantial fraction of leaderboard models exhibit AUROC values above 0.9 (17 out of 25 

models for hia_hou, 12 out of 25 for bbb_martins, and 9 out of 25 for pgp_broccatelli). The 

AUROC values obtained for our optimized models on these endpoints also fall within this 

high-performance range. This suggests that achieving AUROC values above 0.9 on these 

benchmarks should not automatically be interpreted as evidence of overfitting and can be 

regarded as a normal performance regime for these tasks. However, this does not rule out the 

presence of overfitted models in the TDC ADMET leaderboards.  

The effect of deliberate model overfitting 

In order to study the effect of possible unintentional or deliberate model overfitting to the test 

set we constructed deliberately overfitted versions of our in-house models and analyzed their 

ranking patterns in comparison with those of other top-performing models such as 

MapLight+GNN and MiniMol. 

Table S4 summarizes the performance of deliberately overfitted in-house models across all 22 

TDC ADMET endpoints. In contrast to the “honest” models, the overfitted variants were 

intentionally tuned to maximize performance on the public TDC test sets, allowing us to 

examine how sensitive leaderboard rankings are to extreme, test-set–driven optimization. For 

each endpoint, we consider the best achieved leaderboard position across the three variants 

(baseline, SFS, and HPO). 

A clear and systematic pattern emerges. For a substantial fraction of benchmarks, deliberate 

overfitting leads to marked improvements in leaderboard positions, often elevating models 

from the middle or lower tiers directly into the top ranks. The most pronounced effects are 

observed for bbb_martins (rank 8 → 1), clearance_microsome_az (14 → 1), cyp2d6_substrate 

(12 → 1), and ames (13 → 1). Similarly strong gains are seen for caco2_wang (9 → 2), 

cyp3a4_substrate (14 → 2), dili (13 → 2), and hia_hou (2 → 1). 

For another group of endpoints, overfitting improves performance more moderately, 

consistently moving models upward in the leaderboard without necessarily reaching first place. 

This behavior is observed for lipophilicity_astrazeneca (13 → 5), solubility_aqsoldb (7 → 3), 

ld50_zhu (6 → 3), half_life_obach (11 → 9), and ppbr_az (9 → 5, then 7 after HPO). 
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In contrast, bioavailability_ma remains largely insensitive to deliberate overfitting: all three 

variants (baseline, SFS, and HPO) retain rank 21 despite noticeable changes in AUROC values. 

This likely indicates that our model architecture is generally unsuitable for this endpoint. On the 

other hand, the issue may originate from the benchmark itself. Specifically, it is possible that the 

dataset was updated without public disclosure, resulting in the inability to reproduce the 

leaderboard metrics reported for the top-ranked models before (see our verification results for 

MapLight + GNN and MapLight, both of which failed to reproduce the reported performance on 

this endpoint). 

Quantitatively, deliberate overfitting produces a substantial upward shift in leaderboard 

positions: the overfitted model reaches 1st place in 5/22 endpoints, 2nd place in 3/22, and 3rd 

place in 2/22, i.e., it appears in the top three in 10/22 endpoints overall (≈45%) (table2). In 

contrast, our conventionally trained (“honest”) in-house models reach the top three only twice 

across the same 22 endpoints (best rank across baseline/SFS/HPO), highlighting a pronounced 

gap between standard optimization and test-set–driven tuning. 

Table 2. Best metrics and ranks of in-house models across different TDC ADMET endpoints 

benchmark metric name honest 

metric 

honest 

rank 

overfitted 

metric 

overfitted 

rank 

caco2_wang MAE 0.2875 7 0.2694 2 

bioavailability_ma AUROC 0.6744 21 0.7147 21 

lipophilicity_astrazeneca MAE 0.5108 5 0.5112 5 

solubility_aqsoldb MAE 0.7808 5 0.7735 3 

hia_hou AUROC 0.9938 1 0.9951 1 

pgp_broccatelli AUROC 0.902 10 0.9202 7 

bbb_martins AUROC 0,9225 2 0.9376 1 

ppbr_az MAE 7.9457 7 7.779 7 

vdss_lombardo Spearman 0.4949 11 0.4909 13 

cyp2c9_veith AUPRC 0.7922 5 0.792 5 

cyp2d6_veith AUPRC 0.7178 7 0.7085 5 

cyp3a4_veith AUPRC 0.8748 9 0.8826 5 
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cyp2c9_substrate_carbonmangels AUPRC 0.3459 19 0.3566 18 

cyp2d6_substrate_carbonmangels AUPRC 0.6842 10 0.7566 1 

cyp3a4_substrate_carbonmangels AUROC 0.6384 9 0.6658 2 

half_life_obach Spearman 0.3927 9 0.4089 9 

clearance_hepatocyte_az Spearman 0.3353 16 0.4413 6 

clearance_microsome_az Spearman 0.5542 14 0.6314 1 

ld50_zhu MAE 0.5866 4 0.5766 3 

herg AUROC 0.8032 11 0.8495 6 

ames AUROC 0.8422 10 0.8723 1 

dili AUROC 0.86 16 0.9422 2 

Considering the TDC ADMET leaderboards at the time of the study, the top-three ranks are 

dominated by a small set of recurring models rather than a large, diverse pool of methods. 

Among these, MapLight appears in the top three 17 times (1 first place, 5 seconds, and 11 

thirds), MapLight+GNN 15 times (7 firsts, 5 seconds, and 3 thirds), and MiniMol 13 times (7 

firsts, 4 seconds, and 2 thirds), with additional recurrent contributions from CFA (8 

appearances), ZairaChem (5), and ADMETrix (4). 

Our deliberately overfitted model reaches the top three in 10 out of 22 endpoints, 

demonstrating that test-set–driven tuning can elevate leaderboard positions but can not 

dominate all leaderboards. By comparison, MapLight (17/22), MapLight+GNN (15/22), and 

MiniMol (13/22) appear in the top three substantially more often than any of our in-house 

overfitted models tested here. This suggests that the recurrent TDC leaders are likely to be 

superior in the choice of model architecture, descriptor set or training pipeline, rather than by 

deliberate fitting to a specific endpoint. 

Discussion 

The present study reveals systematic limitations in using the open TDC leaderboard as a direct 

indicator of ADMET model quality. Our re-evaluation of top-ranked TDC models shows that full 

reproducibility is achievable for only three methods - CaliciBoost, MapLight and MapLight+GNN, 

while all other  top-ranked models are prone to serious technical or methodological issues. At 

the same time, our experiments with deliberately overfitted in-house models demonstrate that 

accidental or deliberate model tuning to the public test set can substantially alter leaderboard 

positions, often elevating otherwise mediocre models to top ranks. 
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Some models that occupied the TDC ADMET top-3 at the time of writing could not be reliably 

used in practice due to unavailable source code, impossibility to set up an execution 

environment, inability to run the model in a properly configured environment or critical flaws in 

data processing and optimization procedures. This points to a structural weakness in the current 

leaderboard format: high ranks are not accompanied by systematic verification of code 

availability, functionality, and methodological correctness. 

An analysis of the model repositories showed that reproducibility issues in many cases stem 

from mistakes and omissions in the installation and running instructions. This signifies 

insufficient scrutiny in software development and distribution practices, which is, unfortunately, 

common in academic software development in general and in the ML field in particular. The 

availability of a public repository alone does not guarantee the practical reproducibility of 

models in the absence of complete, well-defined and well-tested installation instructions. 

Our analysis shows that although only about 30% of the selected models reached the final stage 

of verification, this subset overall demonstrates good reproducibility. For MapLight, 

MapLight+GNN, and CaliciBoost, discrepancies between reported and reproduced metrics were 

small and plausibly attributable to technical factors (differences in hardware, software 

environments, or library versions). This confirms that, when implemented correctly, top TDC 

models can be reproducible, but simultaneously highlights that a substantial fraction of leaders 

does not meet this standard. 

Comparison of our in house “honest” models with the ranges of TDC metrics shows that their 

values consistently fall within the characteristic ranges of the corresponding benchmarks. This 

indicates that the metric ranges reported on the leaderboards are broadly realistic and are not 

merely a consequence of pervasive overfitting. 

However, a markedly different picture emerges when analyzing the sensitivity of leaderboards 

to overfitting. Our deliberately overfitted models entered the top-3 in 10 out of 22 endpoints, 

whereas “honest” models did so in only 2 out of 22. This contrast demonstrates that public 

leaderboards are highly susceptible to accidental or deliberate overfitting to the open testing 

dataset. 

At the same time, leading TDC models (MapLight - 17/22, MapLight+GNN - 15/22, MiniMol - 

13/22 top-3 appearances) appear in the top ranks far more frequently than any of our own 

overfitted variants. Such dominance in a broad range of endpoints is difficult to reproduce 

within a single model architecture even under deliberate overfitting. Such dominance across a 

wide range of endpoints cannot be easily explained by tuning for specific endpoints, as models 

such as MapLight use a fixed set of descriptors that is the same for all tasks. Rather, this 

consistency suggests that the selected descriptors represent molecular properties that influence 

multiple ADMET processes, allowing the same modeling pipeline to perform well across 

different endpoints. The model authors do not disclose how exactly this particular set of 

descriptors was selected, but in terms of model performance, it appears to be quite successful.   
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These conclusions align with reports indicating that long-lived open test sets encourage gradual 

adaptation of models to a specific benchmark, even without deliberate “cheating” (45,46). 

Moreover, in some cases the reported accuracy may exceed the reproducibility of the 

underlying experimental measurements themselves, which can serve as an indicator of hidden 

overfitting (30,31). 

One of the crucial findings of this study is the absence of exact reproducibility of the TDC 

benchmarks even for the perfectly described models. We believe that it originates from the 

absence of explicit dataset versioning within the TDC benchmark suite. The platform does not 

provide fixed dataset releases, version identifiers, check sums or detailed changelogs describing 

updates to data composition and/or processing, so the dataset snapshot used to generate 

leaderboard metrics may differ from the version available at the time of reproduction. 

Consequently, some discrepancies between reproduced and leaderboard results may reflect 

dataset evolution rather than genuine methodological advantages or limitations of the models. 

More broadly, the lack of transparent versioning also reduces the practical usability of the 

benchmark, as it complicates cross-study comparisons and makes it difficult to determine 

whether performance discrepancies arise from the modeling pipeline features or from 

undocumented changes in the underlying data. 

TDC occupies a distinctive leading position among publicly available resources for ADMET 

prediction benchmarking, while other platforms implement somewhat different benchmarking 

models. DREAM (47) and SAMPL (48) rely primarily on time-limited blind challenges with 

centralized evaluation on hidden data; CodaBench (49) offers infrastructure for containerized 

benchmarks but does not maintain its own ADMET leaderboard; MoleculeNet (50) standardizes 

datasets and metrics but does not run a continuous ranking; PharmaBench (51) emphasizes 

reproducible workflows but lacks a community-wide public leaderboard; OpenADMET (52) 

maintains an open repository of ADMET models while developing supporting tools for training 

and model-to-model comparison. Therefore, none of these alternatives combines broad ADMET 

coverage with a continuously maintained public leaderboard in the way TDC does. 

At the same time TDC leaderboards also demonstrate significant shortcomings, which have to 

be addressed in the next generation of ADMET benchmarks: 

●​ The test set should not be publicly available to avoid deliberate or accidental model 

fitting towards it. 

●​ The dataset should be strictly versioned with a distinct checksum assigned to each 

release or snapshot. Reported model results should be tied to this checksum to allow 

exact reproducibility. 

●​ The model authors should submit the models rather than their results, complete with 

the inference environments in a standardised format. This will allow automatic quality 

control, reproducibility and proper versioning of the leaderboard. 

Taken together, our results indicate that TDC leaderboards are useful as a reference point, but 

high positions should not be interpreted as direct evidence of a model’s predictive strength. 
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Under conditions of fully open test data, TDC leaderboard results can be highly sensitive to 

various forms of data leakage, including apparent or hidden optimization of models for a 

specific benchmark sample. 
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