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ARTICLE INFO ABSTRACT

Keywords: Drug-target affinity (DTA) prediction is a key task in computational drug discovery, yet current research is often
Drug-target binding affinity prediction compromised by data leakage and non-reproducible preprocessing. We present DTA-GNN, an end-to-end Python
Graph neural IfEtWOFkS toolkit that automates the rigorous construction of target-specific datasets and streamlines the training of Graph
Cheminformatics Neural Network (GNN) based DTA predictors. To address data validity, the toolkit’s dataset construction pipeline

Reproducible research

Data leakage handles ChEMBL data ingestion and unit standardization, and implements scaffold- and temporal-splitting strate-

gies to prevent overestimation of performance. Integrated leakage audits quantify split integrity prior to modeling.
Following dataset construction, DTA-GNN provides a modular trainer that supports ten state-of-the-art GNN archi-
tectures and includes built-in hyperparameter optimization. In addition, DTA-GNN supports latent space analysis
either by extracting learned molecular embeddings or leveraging molecular fingerprints, and provides interactive
visualizations to explore chemical space and interpret model behavior. By unifying robust dataset construction
with accessible model training and latent-space analysis via Python library, CLI, and Web UI, DTA-GNN enables
researchers to produce standardized, reproducible, and leakage-free DTA benchmarks.

Code metadata

Nr. Code metadata description Metadata

Cl  Current code version v0.2.0

C2  Permanent link to code/repository used for this code version https://github.com/gozsari/DTA-GNN

C3  Permanent link to Reproducible Capsule https://colab.research.google.com/drive/1REX98XQ_bZk1ly17RCBT1Zt2necXAvv7

C4  Legal Code License MIT License

C5  Code versioning system used git

C6 Software code languages, tools, and services used Python, PyTorch [2], PyTorch Geometric [17], RDKit [5], scikit-learn [34]

C7  Compilation requirements, operating environments & dependencies Python 3.10 +; pip; optional GPU support via CUDA or MPS (no compilation required)
C8 Link to developer documentation/manual https://github.com/gozsari/DTA-GNN/tree/main/docs

C9  Support email for questions gokhan.ozsari@chalmers.se

* Corresponding author at: E-Commons, Physics Origo Building, Sixth Floor, Room: 6149, Chalmersplatsen 1, 412 96 Gothenburg, Sweden.
Email address: gokhan.ozsari@chalmers.se (G. Ozsari).

https://doi.org/10.1016/j.s0ftx.2026.102671

Received 6 February 2026; Received in revised form 1 April 2026; Accepted 18 April 2026

Available online 23 April 2026

2352-7110/© 2026 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


http://www.sciencedirect.com/science/journal/2352-7110
https://www.elsevier.com/locate/SOFTX

$-\log _{10}$


$IC_{50} > 10\,\mu $


$K$


$R^2$


$R^2$


$R^2$


$R^2$


$1.40\times 10^{-3}$


$R^2$


$R^2$


$R^2$


$R^2$

https://orcid.org/0000-0002-3023-9843
https://github.com/gozsari/DTA-GNN
https://colab.research.google.com/drive/1REX98XQ_bZk1ly17RCBT1Zt2necXAvv7
https://github.com/gozsari/DTA-GNN/tree/main/docs
mailto:gokhan.ozsari@chalmers.se
mailto:gokhan.ozsari@chalmers.se
https://doi.org/10.1016/j.softx.2026.102671
https://doi.org/10.1016/j.softx.2026.102671
http://creativecommons.org/licenses/by/4.0/

G. Ozsari, A.S. Rifaioglu, A.C. Acar et al.

1. Motivation and significance

Drug-target affinity (DTA) prediction is a core task in computational
drug discovery [3,4,36,37,40], supporting applications such as virtual
screening, target prioritization, and lead optimization [44]. Advances in
machine learning, particularly the increasing adoption of graph neural
networks (GNNs) for molecular representation learning [12,20,42,45],
along with recent model-level innovations such as multi-scale feature
fusion, transformer-variational architectures, and language model fine-
tuning for affinity prediction [19,22,23,39,46], have increased interest
in developing predictive models that operate directly on molecular
graph structures. In parallel, network-based approaches that encode
drugs and targets as nodes in biological networks and apply graph en-
coders to learn node embeddings represent a complementary direction
for DTA prediction [6,26,31]. However, the reliability of all such mod-
els depends critically on the quality and construction of the underlying
datasets.

Large public bioactivity resources such as ChEMBL [18]—an open-
access repository containing millions of bioactivity data points extracted
from medicinal chemistry literature—enable large-scale DTA modeling.
However, while ChEMBL provides extensively curated data, convert-
ing these raw records into a high-quality benchmark dataset is not a
straightforward task and requires significant domain expertise. The het-
erogeneous nature of bioactivity records requires rigorous preprocessing
steps—including unit harmonization, normalization (e.g., pChEMBL
conversion — negative logl0 of molar dose-response measures (IC50,
XC50, EC50, AC50) and binding affinity values (Ki, Kd) [1]), aggregation
of replicated or conflicting measurements and validation of molecular
structures—before the data can be used for model development.

Second, evaluation protocols often fail to account for prospective
generalization. A particularly important and well-documented issue is
data leakage arising from inappropriate dataset splitting strategies [28].
Random training-test splits can retain substantial overlap in molecu-
lar scaffolds between training and evaluation sets, leading to overly
optimistic performance estimates and models that generalize poorly to
genuinely novel chemical series—a key requirement in prospective drug
discovery settings. Despite this being a known issue, leakage-aware split-
ting and systematic leakage auditing are not consistently treated as
standard steps in DTA dataset construction and evaluation.

Third, reported model performance is often difficult to compare
across studies because model development and evaluation are frag-
mented: architectural choices, training procedures, hyperparameter
optimization, and evaluation protocols vary substantially and are fre-
quently not reproducible. While many cheminformatics and machine
learning libraries support individual components of DTA workflows
(e.g., molecular featurization, model training utilities, or access to pub-
lic bioactivity data) [35,471, they typically do not provide an end-to-end
workflow in which dataset curation, leakage-aware splitting, leakage au-
diting, and artifact tracking are tightly coupled and enforced as part
of a single evaluation protocol. As a result, assembling realistic and
reproducible DTA benchmarks often requires additional attention to
querying and curating ChEMBL records, generating consistent training—
validation—test splits, and tracking dataset and model artifacts. For
instance, DeepPurpose [25] offers a deep learning library supporting
several encoder—decoder architectures for drug-target interaction pre-
diction, but operates on pre-existing datasets and does not provide
target-specific dataset construction from raw ChEMBL records or au-
tomated leakage auditing. Similarly, the Therapeutics Data Commons
(TDC) [24] provides Al-ready datasets, standardized splitting strate-
gies, and leaderboards across diverse therapeutic tasks, yet it serves
as a benchmarking and data access platform rather than an end-to-end
pipeline that couples dataset curation from source databases with model
training and artifact tracking.

Here, we present DTA-GNN, a unified open-source toolkit designed
to address these challenges by enabling the construction of target-
specific drug-target affinity datasets and the training of predictive
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models within a single framework. DTA-GNN comprises four modu-
lar components—data ingestion, preprocessing, modeling/training, and
visualization—organized into a seven-phase end-to-end workflow. This
workflow covers dataset construction (including leakage-aware splitting
and leakage audits), model training (including hyperparameter opti-
mization), evaluation of both baseline machine learning methods and
graph neural networks, and post hoc analysis through latent-space in-
spection and interactive visualization of learned molecular embeddings.
By providing these capabilities in a single open-source toolkit, DTA-GNN
aims to enhance the transparency, reliability, and reusability of DTA
modeling workflows in computational drug discovery research.

2. Software description

DTA-GNN is an open-source toolkit designed to support the end-
to-end construction of target-specific drug-target affinity datasets and
the training of predictive models within a unified and reproducible
workflow. The toolkit integrates data ingestion, rigorous preprocess-
ing, leakage-aware splitting, automated auditing, and model training
into a single toolkit, reducing the need for ad hoc scripts and manual
coordination between separate tools.

2.1. Software architecture

DTA-GNN was developed as a modular Python package comprising
four components that form a pipeline with seven phases, as shown in
Fig. 1.

1. Component 1 - Data Ingestion: This component isolates I/0 op-
erations from processing logic. It implements the ChemblSource
interface with two concrete implementations: ChemblWebSource
for REST API interaction and Chemb1SQLiteSource for optimized
SQL queries against local database dumps. This abstraction allows
the backend to be swapped without modifying the downstream
pipeline.

2. Component 2 - Preprocessing: The core processing logic resides
here. The Preprocessing module handles vectorization of scalar
values (e.g., normalization to pChEMBL), while the Featurizer
module operates in parallel branches: one generating Morgan
fingerprints (implemented in RDKit library) and another con-
structing PyTorch Geometric data objects (node features, edge
indices) for graph-based learning.

To ensure scientific validity, the splitting logic is encapsulated
in this module rather than embedded in the data loaders. The
Splitter class implements “Cold-Drug” splitting (clustering by
Murcko scaffolds to enforce structural distinctness) and temporal
splitting (partitioning by publication year to simulate prospec-
tive validation). Crucially, a distinct Audit component serves as a
quality-assurance layer, computing intersection metrics between
data partitions to detect leakage prior to model instantiation.

3. Component 3 - Modeling and Trainer: The training component
is built on PyTorch, PyTorch Geometric and scikit-learn. It
uses a dynamic registry to instantiate models (e.g., GIN, GAT,
SVR) from configuration strings. This component integrates an
HPO wrapper that interfaces with the Weights & Biases API for
Bayesian hyperparameter search.

4. Component 4 - Visualizer: This component is architected as
a library of functions in the visualization module for la-
tent space analysis and visualization. It exposes a unified in-
terface for dimensionality reduction—accepting either ECFP4
features, a specific variant of Morgan fingerprints, or learned
GNN embeddings—and delegates projection to scikit-learn’s
t-SNE and PCA implementations.

These components are managed by the Pipeline class, which han-
dles state transitions and artifact serialization, ensuring that every
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Fig. 1. Overview of the DTA-GNN software architecture. The pipeline integrates data ingestion, preprocessing, and feature generation, leakage-aware dataset split-
ting, model training using baseline models or graph neural networks, and inference within a unified workflow. All runs produce timestamped artifacts to support

reproducibility and reuse.

execution produces a strictly versioned run directory containing data,
logs, and model weights.

2.2. Software functionalities

DTA-GNN exposes its functionality through a Python library, a
Command Line Interface (CLI), and an interactive Web UI. The key
capabilities available to the user include:

« Flexible Data Ingestion: Users can seamlessly switch between
the ChEMBL Web API for lightweight queries and a local SQLite
database for high-performance, offline dataset construction.(Phase
1 in Fig. 1)

.

Standardized Preprocessing: All fetched bioactivity measure-
ments are converted to the pChEMBL scale (- log,, of molar dose—
response values). Multiple measurements for the same compound—
target pair are aggregated using the median by default, with mean,
minimum, and maximum also available as configurable options.
Censored measurements (e.g., ICs, > 10uM) are retained by
default but can be excluded. For temporal splits, the earliest pub-
lication year among duplicated records is preserved to prevent
future-information leakage.

Leakage-Aware Splitting: The toolkit implements specific split-
ting strategies designed for drug discovery, including “Cold-Drug”
scaffold splitting (clustering by Murcko scaffolds) and temporal
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Table 1
Graph neural network architectures supported in DTA-GNN.
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Architecture Description

Key Characteristics

GIN Graph Isomorphism Network [43]

GCN Graph Convolutional Network [30]

GAT Graph Attention Network [41]

GraphSAGE  Sample and Aggregate [21]

PNA Principal Neighbourhood Aggregation [10]

A strong general-purpose model that can learn subtle structural differences between molecules
A simple baseline that averages information from directly connected atoms

Learns which neighbors are more important and gives them higher weight

Scales to large graphs by sampling neighbors instead of using all of them

Uses several ways of aggregating neighbors (mean/max/etc.) for richer representations

Transformer Masked Label Prediction: Unified Message Passing [38] A Transformer-style model adapted to graphs; uses attention-based message passing

TAG Topology Adaptive Graph Convolution [14]
ARMA Auto-Regressive Moving Average [7]

Cheb Chebyshev Spectral Graph Convolution [13]
SuperGAT Supervised Graph Attention Network [29]

Scans the graph with a set of fixed-size learnable filters that adapt to the local topology

Uses recursive filtering to capture wider, global context and diverse patterns beyond local neighborhoods.
Captures information up to K steps away using an efficient approximation

Makes attention models more robust to noisy edges via extra supervision/regularization

splitting (based on publication year) to simulate prospective val-
idation. (Phase 2 in Fig. 1)

Automated Leakage Audits: Built-in auditing functions quantify
the overlap of scaffolds and targets between training and test sets,
providing immediate feedback regarding dataset integrity. (Phase
2in Fig. 1)

Comprehensive Model Zoo: DTA-GNN supports baseline regres-
sors (Random Forest, SVR) and ten distinct Graph Neural Network
architectures (Table 1) with configurable hyperparameters (Phase
3 in Fig. 1).

Integrated Experiment Tracking: The toolkit streamlines
Hyperparameter Optimization (HPO) via a seamless integration
with Weights & Biases [8]. By simply providing an API key,
users can trigger Bayesian sweeps and automatically track training
metrics, loss curves, and artifact versioning through a cloud-based
dashboard without writing custom logging code (Phase 4 in
Fig. 1).

« Model Training: Using the selected hyperparameters, the toolkit
retrains the chosen model to produce a final optimized checkpoint
for downstream prediction and embedding extraction. (Phase 5 in
Fig. 1)

Inference with Trained Models: Trained models are saved as
reusable checkpoints and can be reloaded to perform inference
on unseen compounds, enabling binding affinity prediction for the
target of interest without retraining (Phase 6 in Fig. 1).

Latent Space Analysis & Visualization: Unlike standard libraries
that only output predictions, DTA-GNN allows users to extract
learned molecular representations (embeddings) from the GNN
encoder into NumPy format (.npz). The Web UI includes a dedi-
cated visualization module for dimensionality reduction. Users can
project high-dimensional molecular embeddings using t-SNE [32]
or PCA [33] and color-code points by dataset split, ground-truth
affinity, or model affinity predictions in order to visually audit the
separation of active and inactive compounds (Phase 7 in Fig. 1).
No-Code Web Interface: A Gradio-based UI allows users to vi-
sually configure pipelines, conduct hyperparameter optimization,
monitor training progress, and visualize chemical space distribu-
tions without writing code, allowing subject matter experts without
computational expertise to access its functionality. It is available on
Hugging Face Spaces! and ScilifeLab Serve.?

2.3. Sample code snippet

This sample code snippet demonstrates the DTA-GNN work-
flow: building a drug-target affinity dataset for a specific target
(CHEMBL1862-Tyrosine-protein kinase ABL1) using scaffold-based
splitting, and training baseline models (Random Forest, SVR) and a
Graph Neural Network (GIN) to predict binding affinities.

1 https://huggingface.co/spaces/gozsari/dta-gnn
2 https://dta-gnn.serve.scilifelab.se/

3. Illustrative examples

We present an end-to-end example that demonstrates the function-
alities of the proposed toolkit on EGFR (UniProt: P00533), a clinically
important human receptor tyrosine kinase implicated in multiple can-
cers. Using ChEMBL bioactivity data, we build target-specific datasets,
audit scaffold leakage, train and tune a GraphSAGE regressor to pre-
dict binding affinity, and evaluate performance on held-out splits. The
example was executed in a Google Colab notebook® using the ChEMBL
web API (or available dataset files) and produces all the tables/figures
used in this section.

3.1. Dataset construction and leakage auditing

Two target-specific datasets were constructed from ChEMBL bioac-
tivity records (standard types: IC50, Ki, Kd) using (i) a conventional
random split and (ii) a scaffold-based “cold-drug” split (Table 2). We
quantified scaffold overlap between the training and test sets using a
leakage ratio (the fraction of test scaffolds also present in the training
set). The random split exhibits substantial scaffold leakage [9], while
the scaffold split achieves zero overlap for this target (Table 3).

3.2. Hyperparameter optimization and training GraphSAGE model

We then optimized a GraphSAGE regressor on the scaffold split us-
ing Weights & Biases (WandB) Bayesian sweeps over learning rate and
number of message-passing layers (fixed seed: 42). Table 4 presents top
20 hyperparameter configurations from GraphSAGE HPO on the P00533
scaffold split, ranked by validation R2. The validation R? values across
the top 20 trials range from 0.62 to 0.66, indicating relatively stable
performance across a range of hyperparameter settings.The best con-
figuration found was a learning rate of 1.40 x 10~ with 5 GNN layers
(validation score R?: 0.66; Table 4). This HPO is documented as a report
and is available on WandB.*

Using the best performing hyperparameters on the validation dataset,
we trained a final GraphSAGE model on the scaffold split and evalu-
ated it on the held-out validation and test sets. Performance is reported
as RMSE, MAE, Pearson correlation, R?, and Spearman’s rank correla-
tion (Table 5), and the predicted-versus-true scatter plot illustrates the
calibration of the test set (Fig. 2).

3.3. Model inference, and embeddings

To demonstrate the inference capability of the toolkit, we obtained
the predictions of molecules in the test-set and listed the top-ranked
ones according to predicted affinity (Table 6). Finally, we extracted the
molecular embeddings learned from the trained encoder and visualized
the chemical space of the test set using PCA, color-coded by predicted
and ground-truth affinity (Fig. 3).

3 https://colab.research.google.com/drive/1REX98XQ_
bZk1ly17RCBT1Zt2necXAvv7
4 https://api.wandb.ai/links/lab_bio_inf/qv8jv1sr


https://huggingface.co/spaces/gozsari/dta-gnn
https://dta-gnn.serve.scilifelab.se/
https://colab.research.google.com/drive/1REX98XQ_bZk1ly17RCBT1Zt2necXAvv7
https://colab.research.google.com/drive/1REX98XQ_bZk1ly17RCBT1Zt2necXAvv7
https://api.wandb.ai/links/lab_bio_inf/qv8jv1sr

G. Ozsari, A.S. Rifaioglu, A.C. Acar et al. SoftwareX 34 (2026) 102671

1 from dta_gnn.pipeline import Pipeline
2> from dta_gnn.models import train_random_forest_on_run,
train_svr_on_run, train_gnn_on_run, GnnTrainConfig

i # 1. Build a dataset for your target of interest

5 pipeline = Pipeline(source_type="web")

¢ dataset = pipeline.build_dta/(

7 target_ids=["CHEMBL1862"], # target of interest

8 split_method="scaffold", # leakage-free splitting

11 print (f"Dataset: {len(dataset)} drug-target pairs")

12/# 2. Train a baseline model (Random Forest or SVR)

3 rf_result = train_random_forest_on_run("runs/current",
n_estimators=100)

11 print (£"RF Test RMSE: {rf_result.metrics[’splits’][’test
>][’rmse’]:.3f}")

16/ # 0Or train SVR

17 svr_result = train_svr_on_run("runs/current", C=10.0,
epsilon=0.1, kernel="rbf")

15| print (£"SVR Test RMSE: {svr_result.metrics[’splits’][’
test’][’rmse’]:.3f}")

20 # 3. Train a Graph Neural Network

21 config = GnnTrainConfig(
22 architecture="gin", # GIN, GCN, GAT, GraphSAGE,
PNA, Transformer, TAG, ARMA, Cheb, SuperGAT

23 hidden_dim=256,

24 num_layers=5,

25 epochs=100,

26 )

27 gnn_result = train_gnn_on_run("runs/current", config=
config)

2s print (£"GNN Test RMSE: {gnn_result.metrics[’splits’][’
test’][’rmse’]:.3f}")

Listing 1. DTA-GNN usage example.

Table 2 Table 3
Number of samples per dataset split Scaffold leakage ratio on P00533
for random and scaffold splitting. (lower is better).
Split Random  Scaffold Split Leakage ratio
Train 10,171 10,174 Random 0.5106
Validation 1453 1451 Scaffold 0.0000
Test 2906 2885
Total 14,530 14,530

regressor on the P00533 scaffold split and evaluated it on the validation
and test sets (Table 7).
When we compare the results, we observe that the Random Forest
Additionally, we trained a baseline model to assess the performance provides a useful reference point for this target. The metric scores given
of a classical approach and to quantify the improvement achieved by the in Table 5 and 7 are similar, probably due to the limited hyperpa-
proposed GNN models. To demonstrate this, we trained a Random Forest rameter search conducted for GraphSAGE. If additional improvement

3.4. Baseline model training and evaluation
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Table 4
Top 20 hyperparameter configurations from GraphSAGE HPO on the P00533
scaffold split, ranked by validation R?.

Rank  Trial Learning Rate (Ir) ~ Number of GNN Layers  Validation R?
1 34 0.001403 5 0.6574
2 12 0.000845 6 0.6556
3 41 0.001691 2 0.6551
4 39 0.001824 3 0.6507
5 33 0.001770 3 0.6485
6 32 0.002035 5 0.6482
7 8 0.002572 4 0.6457
8 10 0.002887 4 0.6454
9 28 0.003908 3 0.6445
10 7 0.002735 4 0.6444
11 35 0.002810 5 0.6440
12 18 0.002784 6 0.6420
13 9 0.002108 4 0.6412
14 11 0.002869 4 0.6378
15 48 0.000439 5 0.6371
16 42 0.000735 3 0.6357
17 0 0.007006 3 0.6332
18 20 0.005996 3 0.6313
19 30 0.000870 2 0.6254
20 4 0.009403 5 0.6186
Table 5
GraphSAGE performance on the P00533 scaffold split.

Split RMSE MAE R? Pearson Spearman R

val 0.88 0.67 0.66 0.81 0.82

test 0.89 0.66 0.60 0.77 0.78

Predicted vs ground truth (test set)

114
-—- y=x

101

Predicted affinity

3 4 5 6 7 8 9 10 11
Ground truth affinity

Fig. 2. Predicted vs. ground-truth affinity on the PO0533 test split (GraphSAGE).

is required, further GraphSAGE-specific optimization via an expanded
hyperparameter search can be pursued to boost the model.

3.5. Additional experiments

To illustrate the applicability of DTA-GNN across diverse protein
targets, we provide a complete worked example, benchmarking five
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GNN architectures (GCN, GIN, GAT, GraphSAGE, PNA) and two classi-
cal baselines (Random Forest, SVR) on three targets from distinct protein
families: Androgen Receptor (P10275), Acetylcholinesterase (P22303),
and Prostaglandin G/H synthase 2 (P35354). These examples demon-
strate how users can employ the toolkit’s end-to-end workflow—from
dataset construction, through W&B Bayesian hyperparameter optimiza-
tion, to model evaluation and embedding extraction—for their own
targets of interest. The results highlight practical considerations: GNN
architectures ranked highest on all three targets, but the margin over
fingerprint-based baselines varied substantially depending on the tar-
get’s ligand diversity, illustrating why the toolkit’s systematic compari-
son capability is valuable. The Supplementary Material also reports wall-
clock training times, per-epoch durations, embedding extraction times,
and peak GPU memory consumption for each architecture, providing
users with practical guidance for hardware planning and architecture
selection. All datasets, training scripts, optimized hyperparameters, pre-
dictions, runtime and memory profiles, and visualization artifacts are
provided in the Supplementary Material as a reference for users adapting
the pipeline to new targets.

4. Impact

« Standardizing Evaluation Protocols: In computational drug dis-
covery, inconsistent dataset construction and random splitting
frequently lead to the “Clever Hans” effect, where models exploit
data biases. DTA-GNN mitigates this by standardizing the evalu-
ation protocol. By automating “Cold-Drug” scaffold splitting and
temporal splitting, the toolkit provides realistic estimates of how
models will perform on novel chemical series.

Systematic Architectural Benchmarking: The current literature
is ambiguous about which GNN architectures are best suited to
specific tasks [15,16,27]. DTA-GNN allows researchers to perform
controlled ablation studies. Users can systematically benchmark
ten distinct architectures (e.g., PNA vs. GCN) on identical, target-
specific datasets. This enables targeted analysis of which graph
inductive biases are most effective for specific target classes, such
as kinases or GPCRs.

Supporting early-stage DMTA workflows: DTA-GNN contributes
to early-stage Design-Make-Test—-Analyze (DMTA) workflows [11]
by facilitating access to GNN-based deep learning model develop-
ment for subject matter experts without computational specializa-
tions. By replacing complex, ad hoc scripts with a standardized
“no-code” Web Ul, the toolkit empowers medicinal chemists to
independently construct datasets and train baseline models, sig-
nificantly shortening the iteration time between data acquisition
and decision-making. Crucially, the toolkit enables “Cold-Drug”
scaffold splitting to simulate prospective validation, ensuring that
generated models provide realistic performance estimates for
novel chemical series—a key requirement for the Design phase.
Furthermore, DTA-GNN strengthens the Analyze phase through
its interactive visualization module, which allows users to au-
dit learned molecular embeddings and distinguish active scaffolds
from decoys in the latent space. This integration enables project
teams to prioritize compounds more reliably before committing to
experimental synthesis.

Table 6
Top five test-set molecules ranked by predicted affinity (P00533, GraphSAGE).
Rank  SMILES Predicted Affinity ~ True Affinity
1 CCS(=0)(=0)Nclnc(-c2cce(F)cc2)e(-c2cenc(Ne3ee(C)e(N4CCC(NSCCN(C)CC5)CC4)cc30C)n2)s1 9.5069 8.0000
2 Cnlnce([N+]1(=0)[0-1c1C[N +](C)(C)C/C=C/C(=O)Nclccc2nene(Ne3ceee(Br)e3)c2el. [Br-] 9.3810 9.6600
3 0=C(/C=C/C(=0)NCCCN1CCOCC1)Cclcc2c(Ne3ecee(Br)e3)nenc2enl 9.3275 9.0900
4 C#Cclccece(Ne2nene3ec(OC)c(OCCCCCN/C(=N\C#N)Nc4ceneed)cc23)cl 9.2798 9.5900
5 Cclnc(F)eeel [C@H](Nelee(C#N)e2nec(C#N)c(NCC(C)(C)C)e2c1)C1 = CN(C2(C(N) = 0)CC2)NN1 9.2753 9.0000
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Fig. 3. PCA visualization of test-set embeddings for P00533, color-coded by (left) predicted affinity and (right) ground-truth affinity.

Table 7

Random Forest’s performance on the P00533 scaffold split.
Split RMSE MAE R? Pearson Spearman R
val 0.89 0.66 0.65 0.81 0.81
test 0.86 0.62 0.61 0.78 0.79

5. Conclusions

DTA-GNN is an open-source toolkit that addresses key practical chal-
lenges in drug-target affinity modeling by providing an end-to-end,
reproducible pipeline for dataset construction and model development.
The toolkit integrates standardized dataset construction, leakage-aware
dataset splitting, automated audits, and support for both baseline ma-
chine learning models and graph neural networks.

By emphasizing transparent dataset construction and reproducible
evaluation, DTA-GNN supports more reliable comparison of DTA mod-
eling approaches and facilitates reuse across projects. As part of model
analysis and validation, DTA-GNN enables latent space analysis and in-
teractive visualization of learned molecular embeddings, helping users
interpret model behavior and inspect latent chemical space organiza-
tion. The availability of a Python application programming interface, a
command-line interface, and a graphical user interface enables use by
both software-oriented researchers as well as users without program-
ming expertise, supporting adoption across interdisciplinary research
teams.

DTA-GNN is designed to complement existing cheminformatics and
machine learning libraries by providing infrastructure that bridges raw
bioactivity data and model training workflows. The toolkit is intended
to serve as a foundation for future methodological development and
applied research in drug-target affinity prediction.

Video

Demonstration of the DTA-GNN workflow (dataset construction,
leakage audits, model training, and latent-space visualization) and the
Web UL The video is available at the link.>
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