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ABSTRACT

Artificial intelligence and cheminformatics now
play an important role in early drug discovery,
especially for screening large compound libraries
before laboratory testing.However, existing
computational studies on kinase inhibitor prediction
often rely on isolated modelling approaches, limited
molecular representations, or single software
platforms, which can reduce reproducibility and
hinder  objective  performance  comparison.
Moreover, systematic cross-platform validation and
comprehensive evaluation of multiple machine-
learning algorithms for PIMI1 kinase inhibition
remain scarce in the current literature. This study
presents a combined KNIME-Python workflow for
predicting  inhibitors of PIM1 kinase, a
serine/threonine kinase linked to several cancers.
Bioactivity data were collected from ChEMBL and
converted to plCso values, with compounds
classified as active or inactive. Three fingerprint
types—MACCS, Morgan, and RDKit—were
generated to represent molecular structures. The
modelling pipeline was implemented in two formats.
A no-code KNIME workflow supported data
cleaning, fingerprint generation, and model training.
In parallel, a Python environment using RDKit and
scikit-learn allowed for full programmability and

reproducibility. Random Forest, Support Vector
Machine (SVM), and Artificial Neural Network
(ANN) classifiers were trained and evaluated with
stratified k-fold cross-validation. All models
performed well across fingerprint types, with SVM
combined with Morgan fingerprints achieving the
highest ROC-AUC value of 0.925. This indicates
strong predictive capability and highlights the
importance of descriptor choice in virtual screening
tasks. Random Forest models showed consistently
high sensitivity, whereas SVM models provided a
more balanced trade-off between sensitivity and
specificity. ANN models demonstrated stable
performance across fingerprints, supporting their
ability to model nonlinear structure—activity
relationships. The dual-platform  framework
developed here offers a practical and scalable
approach for QSAR modelling. It supports virtual
screening, scaffold identification, and early lead
prioritization, and can be extended to toxicity or
ADMET prediction by incorporating additional
descriptors.

KEYWORDS: PIMI kinase, QSAR modelling,
Morgan fingerprints, KNIME-Python workflow,
Machine learning, Virtual screening

DOI: 10.35629/5252-0805208215

| Impact Factor value 6.18 | ISO 9001: 2008 Certified Journal Page 208



\I" lk y International Journal of Advances in Engineering and Management (IJAEM)

- Volume 8, Issue 5 May. 2026, pp: 208-215 www.ijaem.net
IJAEM
GRAPHICAL ABSTRACT

Predicting PIM1 Kinase Inhibitors

A Dual-Platform Cheminformatics Workflow

Data Preparation KNIME Workflow

>
& CHEMBL l:: Data P?Cessing ]
. Model Tralnlng
Activity Labeling
piCs02 5 l

Python Script
e}# 5

Feature Extraction ]

N ‘
= > Model Training ‘

S—

@@

Fingerprint Generation Machine Learning Models
pMace ﬁ Random Forest

Morgan

ll-! SVM

RDKit
Fingerprint @ Neural Network

\/ Best SVM + Morgan Fingerprint

- ;-/

Virtual Screening & Lead Optimization

Figure 1Graphical Abstract

LINTRODUCTION

Drug discovery is a long and resource-
intensive process, and identifying compounds with
therapeutic potential often requires extensive
laboratory  testing. These challenges have
encouraged the use of computational and data-
driven approaches to help narrow down candidate
molecules before beginning experimental work
[10.18].  Artificial intelligence  (AI) and
cheminformatics play an important role in this early
phase, as machine learning models can analyse
chemical structure—activity patterns and support
virtual screening of large libraries as depicted in
Figure 1. [15]

PIMI kinase is a serine/threonine kinase
involved in several cancers, including leukaemia,
lymphoma, prostate cancer, and breast cancer. It
contributes to tumour cell survival, proliferation,
and resistance to apoptosis, making it an attractive
target for anticancer drug development [3]Because
of its defined ATP-binding pocket, PIM1 can be
targeted by small molecules, and several inhibitors
have already been reported [1]. However,

discovering new, selective, and potent inhibitors
remains a challenge.

Quantitative structure—activity relationship
(QSAR) modelling provides a practical approach for
predicting biological activity from chemical
structure. The success of QSAR models depends
largely on how molecular information is encoded.
Fingerprints are widely used for this purpose, with
commonly applied types including MACCS keys,
Morgan (ECFP4), and RDKit topological
fingerprints. Each captures different aspects of
molecular structure and can influence model
performance [9].

In this study, a  dual-platform
cheminformatics workflow Python was developed
using both KNIME and. KNIME offers a visual, no-
code environment for data processing and model
building, while the Python pipeline provides
flexibility, full control of parameters, and
reproducibility through scripted workflows. Using
both  environments allow  comparison of
methodology and ensures consistent results across
platforms. Three machine learning classifiers—
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Random Forest (RF), Support Vector Machine
(SVM), and Artificial Neural Network (ANN)—
were trained and evaluated using stratified k-fold
cross-validation to reduce bias and assess model
robustness [2].The aim of this work is to build
reliable machine learning models for predicting
PIMI kinase inhibitor activity and to demonstrate a
transparent, reproducible pipeline that can support
early-stage drug discovery. By combining
standardised data preparation, multiple fingerprint
types, and robust model evaluation, this workflow
can assist in virtual screening, scaffold identification
and compound prioritisation.

ILMATERIALS AND METHODS

Study design and data acquisition

A dual-platform cheminformatics workflow was
developed using KNIME Analytics Platform and
Python to model inhibitors of human PIM1 kinase.
Bioactivity data, including ICso values and canonical
SMILES strings, were retrieved from the ChEMBL
database (Target ID: CHEMBL2147) through the
ChEMBLWebResourceClient API  [11]. The
UniProt identifier P11309 was used to locate the
corresponding ChEMBL  target record [7]
Compounds without SMILES annotations, missing
or non-numeric ICso values, duplicates, or invalid
structures were removed during pre-processing. The
cleaned dataset was exported as CSV files for
further analysis.

Data pre-processing and activity labelling

ICso values reported in different units (nM, pM,

mM, M) were converted to nanomolar

concentrations to ensure consistency. Potency

values were then transformed into pICso using the

standard QSAR relationship:
pIC50=9—-10g10(IC50(nM))

This log-transformation is widely used in QSAR

modelling because it normalizes inhibitory potency

and improves compatibility with statistical learning

methods [12]. Compounds with pICse > 5 were

labelled as active, whereas compounds with pICso <

5 were labelled inactive. Duplicate structures were

resolved by retaining only one representative

potency value. The final dataset consisted of unique

compounds with harmonised potency measurements

and binary activity labels.

Molecular fingerprint generation

Molecular descriptors were generated using the

RDKit cheminformatics toolkit [13] .Three

fingerprint types were used for comparison:

1. MACCS Keys (166 bits)

2. Morgan circular fingerprints with radius 2 (2048

bits)

3. Topological torsion fingerprints (2048 bits)

Each fingerprint set was paired with the activity
labels and used consistently in both the KNIME-
based and Python-based workflows.

Modelling in KNIME

Machine-learning models were implemented in
KNIME Analytics Platform [5] using RDKit
extension nodes for molecular processing and
fingerprint  generation.  Three  classification
algorithms were developed: Random Forest (RF),
Support Vector Machine (SVM), and Artificial
Neural Network (ANN). Model performance was
evaluated using accuracy, sensitivity, specificity,
and ROC-AUC. Stratified k-fold cross-validation
was used throughout to preserve the ratio of active
and inactive compounds within each fold.
Modelling in python

A parallel Python workflow was built using Jupyter
Notebook. RDKit was used to compute molecular
fingerprints, and scikit-learn [16] was used to
implement RF, SVM with an RBF kernel, and an
MLP-based ANN. Stratified 5-fold cross-validation
ensured balanced sampling of activity classes.
Accuracy, sensitivity, specificity, and ROC-AUC
were computed using scikit-learn’s standard
evaluation functions. All datasets, scripts, and
models were version-controlled using Git, following
FAIR data-management principles [19].

Model training and evaluation

Nine  model-fingerprint  combinations  were
evaluated (RF, SVM, ANN x MACCS, Morgan, and
topological torsion). Hyperparameters were defined
prior to training, and fixed random seeds were used
to ensure reproducibility. Performance was assessed
across all cross-validation folds. SVM models built
using Morgan fingerprints consistently produced the
highest ROC-AUC values, aligning with established
findings on the strength of circular fingerprints for
ligand-based virtual screening [17].

Software and computational environment

All analyses were performed using KNIME
Analytics Platform, Python 3.x, RDKit (2024.03),
and scikit-learn (version 1.x). Computations were
carried out on a workstation equipped with a multi-
core CPU and a minimum of 16 GB RAM. All
workflows and scripts were version-controlled using
Git, and software dependencies were documented in
a requirements.txt file.

III.RESULTS AND DISCUSSION
Overview

Machine learning models were developed to classify
PIM1 kinase inhibitors using three molecular
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fingerprint types—MACCS, Morgan, and RDKit—
generated with RDKit [13].Models were trained in
parallel using KNIME Analytics Platform[5] and
Python-based workflows built with scikit-learn [16]
This dual-platform strategy ensured robustness,

KNIME-Based Model Performance

Three classifiers—Random Forest (RF), Support
Vector Machine (SVM), and Multilayer Perceptron
(MLP)—were evaluated on each fingerprint type.
Table 1 summarizes the sensitivity, specificity, F1-
score, and ROC-AUC values obtained from
KNIME-based modelling, providing a comparative
overview of classifier behaviour across molecular

representations.

Table 1: KNIME model performance across fingerprint types

reproducibility, and consistency across
implementations.
Fingerprint Type Model
MACCS Random Forest
Support Vector Machine
Multilayer Perceptron
Morgan Random Forest
Support Vector Machine
Multilayer Perceptron
RDKit Random Forest
Support Vector Machine
Multilayer Perceptron

ROC Curve

Figure 2.ROC Curve for MACCS
Fingerprints (SVM)

Figure 3. Performance Metrics for MACCS
Fingerprints (SVM)
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Sensitivity Specificity F1 Score ROC-AUC
0.987 0.594 0.973 0.832
0.985 0.481 0.966 0.873
0.973 0.545 0.963 0.825
0.993 0.516 0.972 0.785
0.973 0.655 0.968 0.925
0.970 0.612 0.964 0.861
0.991 0.583 0.974 0.847
0.969 0.678 0.967 0.913
0.981 0.548 0.967 0.879
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ROC Curve

Figure 6. ROC Curve for RDKit Fingerprints
(SVM)

Figure 7. Performance Metrics for RDKit
Fingerprints (SVM)

ROC curve visualizations for SVM models
using different fingerprints are shown in Figures 2—
7, illustrating differences in discriminative
performance across MACCS, Morgan, and RDKit
fingerprints. Among all evaluated combinations,
SVM combined with Morgan fingerprints achieved
the highest ROC-AUC value (0.925). This indicates
superior class separation and predictive reliability,
consistent with foundational SVM studies
demonstrating  strong performance in  high-
dimensional chemical feature spaces [16] and
reports showing that radial-basis kernels effectively
capture nonlinear structure—activity relationship
(SAR) patterns [17].
Random Forest models demonstrated consistently
high sensitivity across all fingerprint types,
indicating  effective identification of active
compounds. However, specificity was
comparatively lower, reflecting a bias toward
predicting compounds as active, consistent with
ensemble-tree characteristics described in earlier
Random Forest studies [18] and common in
chemically diverse or moderately imbalanced
datasets [13]. MLP models showed competitive and
stable performance across fingerprints, highlighting
their ability to model nonlinear structure—activity
relationships [19].

PYTHON-BASED MODEL PERFORMANCE
AND ROC ANALYSIS

Python-based modelling reproduced the
performance trends observed in KNIME, reinforcing
the robustness and reproducibility of the workflow.
Table 2 presents the AUC-ROC values obtained for
MACCS fingerprints, where Random Forest
achieved the highest AUC (~0.97), followed by
SVM (~0.95) and MLP (~0.93).Performance results
for Morgan fingerprints are summarized in Table 3,
where all classifiers maintained strong AUC values,
further confirming the effectiveness of circular
fingerprints. Table 4 reports the corresponding
results for RDKit fingerprints, showing consistently
high performance across Random Forest, SVM, and
ANN models.

Table 2: Python model performance for MACCS

fingerprints
Model AUC-ROC
Random Forest ‘ ~0.97
SVYM | ~0.95
MLP (ANN) | ~0.93

Table 3: Python model performance for Morgan

fingerprints
Model AUC
Random Forest ‘ ~0.92
SVM | ~0.89
ANN | ~0.90

Table 4: Python model performance for RDKit

fingerprints
Model AUC
Random Forest | 0.97
SVM (RBF) - 0.96
ANN (MLP) 097
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Receiver Operating Characteristic
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Figure 8. ROC Curve python based (MACCS)
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Figure 9. ROC Curve python based(MORGAN)
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Figure 10. ROC Curve python based (Rdkit )

ROC curve visualizations for Python-based models
are shown in Figure 8 (MACCS), Figure 9(Morgan),
andFigure 10 (RDKit). These curves demonstrate
strong generalization behaviour, particularly for
Random Forest and SVM classifiers. Across all
fingerprint sets, Random Forest and SVM models
consistently produced high AUC values. The strong
performance of the RBF-based SVM further
supports previous findings that radial kernels
effectively capture nonlinear

SAR patterns [10 ,17]
CROSS-VALIDATION RESULTS

Stratified k-fold cross-validation (k=5) was applied
to quantify generalizability. Table 5 summarises the
mean performance metrics and standard deviations
across folds for all fingerprint—-model combinations.

Table 5: Cross-validation metrics (mean + SD)

Fingerprint Model Accuracy Sensitivity Specificity ROC-AUC
Morgan Random Forest 0.92 +£0.01 0.96 +£0.00 0.83 +0.02 0.96 +£0.00
Support Vector Machine 0.93 £0.00 0.96 £0.00 0.83 £0.02 0.96 £0.02
ANN 0.90 £0.00 0.95 £0.01 0.79 £0.03 0.96 £0.00
MACCS Random Forest 0.90 +0.00 0.95 +0.00 0.76 +£0.02 0.95 +0.00
Support Vector Machine 0.90 £0.01 0.96 £0.00 0.73 £0.02 0.94 £0.01
ANN 0.87 +£0.01 0.94 +£0.01 0.68 +0.05 0.87 £0.04
RDKit Random Forest 0.91 £0.00 0.96 £0.00 0.80 +£0.01 0.96 £0.00
Support Vector Machine 0.92 +£0.00 0.96 +£0.01 0.82 +0.02 0.96 +0.01
ANN 0.91 +0.01 0.97 £0.01 0.77 £0.05 0.97 £0.00

Low standard deviations across accuracy,
sensitivity, specificity, and ROC-AUC indicate
reproducible performance. Morgan fingerprints
consistently yielded the most balanced and robust
metrics across classifiers, particularly when
combined with SVM modelling. This reinforces
prior comparative analyses demonstrating the

superior predictive power of extended-connectivity
fingerprints in ligand-based screening [6.15].

Overall, the integrated results demonstrate that
Support Vector Machines provide the best balance
between sensitivity, specificity, and ROC-AUC,
Random Forest models prioritize sensitivity at the
expense of specificity, and Artificial Neural
Networks effectively model nonlinear SAR patterns
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[16.17.18.19]. These observations highlight the
critical influence of classifier choice and fingerprint
selection on predictive performance, with Morgan
fingerprints combined with SVM yielding the
strongest class separation and generalization for the
PIM1 kinase inhibition task. The workflow is
therefore highly suitable for ligand-based virtual
screening, scaffold identification, and early-stage
drug discovery.

IV.CONCLUSION

This study developed a dual-platform
cheminformatics workflow using KNIME and
Python to model PIM1 kinase inhibitor activity. By
combining three fingerprint types—MACCS,
Morgan, and RDKit—with machine-learning
classifiers, the workflow provided a clear
comparison of how descriptor choice and algorithm
selection influence predictive performance.

Random Forest models showed
consistently high sensitivity but tended to
overpredict active compounds, while Artificial
Neural Networks performed competitively across
most fingerprint sets. The cross-validation results
further confirmed the stability of the models, with
low variance across folds.

Overall, the findings highlight the value of
circular fingerprints in ligand-based modelling and
demonstrate that a combined KNIME-Python
approach provides a reproducible and flexible
framework for virtual screening. This workflow can
support early drug-discovery efforts by helping
prioritize compounds for experimental testing and
can be extended to other kinase targets or integrated
with additional descriptors in future studies.
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