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A precise comparison of molecular target prediction methods
Tiantian He?, Klaudia Caba?, and Pedro J. Ballester®®

Abstract. Small-molecule drug discovery has transitioned from traditional phenotypic screening to more precise target-
based approaches, with an increased focus on understanding mechanisms of action (MoA) and target identification. With
more research on off-target effects of approved drugs and the discovery of new therapeutic targets, revealing hidden
polypharmacology can reduce both time and costs in drug discovery through off-target drug repurposing. However, despite
the potential of in-silico target prediction, its reliability and consistency remain a challenge across different methods. This
project systematically compares seven target prediction methods, including stand-alone codes and web servers
(MolTarPred, PPB2, RF-QSAR, TargetNet, ChREMBL, CMTNN and SuperPred), using a shared benchmark dataset of FDA-
approved drugs. We also explore model optimization strategies, such as high-confidence filtering, which reduces recall,
making it less ideal for drug repurposing. Furthermore, for MolTarPred, Morgan fingerprints with Tanimoto scores
outperforms MACCS fingerprints with Dice scores. This analysis shows that MolTarPred is the most effective method. For
practical applications, we introduce a programmatic pipeline for target prediction and MoA hypothesis generation. A case

study on Fenofibric Acid shows its potential for drug repurposing as an THRB modulator for thyroid cancer treatment.

Introduction

Over 90% of global pharmaceuticals are small-molecule drugs? for a
wide range of diseases, from infectious diseases to cancer, due to
their stability, accessibility, and cost-effectiveness2. From natural
extracts in early century, phenotypic screening was dominant in drug
discovery3. In the last three decades, target-based approaches were
developed with advances in molecular biology. While target-based
screening offers efficiency, the complexity of biological systems has
led to a resurgence of phenotypic methods as a complementary
approach* and increasing research on polypharmacology®. Targeting
multiple disease-related pathways, polypharmacology aims to
address limitations of single-target strategies in treating complex
diseases such as Alzheimer’s or cancer, also has emerged as a
promising solution to overcome drug tolerance, understand off-
target effects and facilitating drug repurposing® 7.  Off-target
effects result in side effects and new indications. For example,
nonsteroidal anti-inflammatory drugs (NSAIDs) primarily target
cyclooxygenase (COX) enzymes to alleviate pain and inflammation,
but they can also cause gastrointestinal damage due to COX-1
inhibition® 9. For positive outcomes of off-target effect, Gleevec and
Viagra, originally developed for leukemia and hypertension, was
repurposed to treat gastrointestinal stromal tumors® and erectile
dysfunction!?, respectively. These cases show the potential of
polypharmacology to repurpose existing drugs, saving resources and
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reducing the need for extensive safety and pharmacokinetic
testing!2.

Precise identification and validation of drug-target interactions
are essential. Experimental methods such as binding affinity assays,
gene expression analyses, and proteomics are reliable!3, but labour-
intensive and complex. Recent advances in high-throughput
techniques have significantly improved the efficiency of traditional
wet-lab methods!. Moreover, in-silico target fishing, including
target-centric and ligand-centric approaches, can enhance the
efficiency and accuracy of target prediction.

Target-centric methods build predictive models for each target
to estimate whether a query molecule is likely to interact with those
targets. They often use Quantitative Structure-Activity Relationship
(QSAR) models built with various machine learning algorithms, such
as Random Forest and Naive Bayes Classifier. Some target-centric
methods use molecular docking simulations based on 3D protein
structures. For example, Ponatinib, an FDA-approved tyrosine kinase
inhibitor for leukemia, was repurposed as a PD-L1 inhibitor. After
molecular docking and virtual screening using the ZINC database, in
vitro experiments confirmed its binding to PD-L1, and in vivo studies
demonstrated that Ponatinib delayed tumor growth in mice,
outperforming conventional anti-PD-L1 antibodies!>. However, the
application is limited by the availability of bioactivity data with which
to train the QSAR models and accurate 3D protein structures!® 17,
Recent advances in cryo-electron microscopy!® and computational
tools, such as AlphaFold® 20, have expanded the target coverage for
protein structures. With these computational tools, high-quality
structural models can be generated from amino acid sequences even
without experimental determination, yet many protein targets still
lack high-resolution ligand-bound structures?!. There is also the issue
that many structure-based scoring functions have low predictive
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accuracy, although this has been improving with the application of
machine learning?2. Even non-structure-based models based on
sequences or features heavily rely on quality and comprehensiveness
of existing datasets for training and validation?3,

Ligand-centric methods, on the other hand, focus on the
similarity between the query molecule and a large set of known
molecules annotated with their targets?*. Their effectiveness
depends on the knowledge of known ligands. With data on proved
interaction, several small-molecule drugs have been successfully
repurposed. For example, MolTarPred discovered hMAPK14 as a
potent target of mebendazole which was further proved by in vitro
validation?5 26, MolTarPred also predicted Carbonic Anhydrase I
(CAIl) as a new target of Actarit, suggesting potential for repurposing
this rheumatoid arthritis drug for conditions like hypertension,
epilepsy, and certain cancers?’. Not all similarity-based methods are
ligand-centric. For instance, the TAMOSIC method is also based on
similarity but cannot be simply classified as either ligand-centric or
target-centric because it learns the optimal similarity threshold for
each target?s.

In this study, we evaluate several target prediction methods and
compare their performance on a shared dataset to identify optimal
computational models for small-molecule drug repositioning. Both
available stand-alone codes and web servers are considered (see
Table 1). Among them, MolTarPred is a primary focus of this study,
and we further explore how model components such as fingerprints
and similarity metrics influence its prediction accuracy, and discuss
the implications for model optimization.

Experimental Setup

Database Selection

ChEMBL, PubChem, DrugBank and BindingDB are widely used

databases of bioactive molecules, including chemical

structures, biological activities and ligand-target interactions?°.
In this research, ChREMBL was selected for its extensive and

experimentally validated bioactivity data, includingdrug-target
interactions, inhibitory concentrations, difd Bintdhng RTARRIe330
While DrugBank is ideal for predicting new drug indications
against known targets due to its focus on drug-related
information, ChEMBL is more suitable for novel protein targets
because of its extensive chemogenomic data24.

Therefore, we used ChEMBL version 34, the most recent
publicly available release, containing 15,598 targets, 2,431,025
compounds, and 20,772,701 interactions3°. We hosted the
PostgreSQL version of ChEMBL 34 database locally and
retrieved data from molecule_dictionary and target_dictionary
tables, including unique ChEMBL IDs for both compounds and
targets, bioactivity interaction and canonical SMILES strings, by
connecting via pgAdmin4 software.

Database Preparation

The experimental bioactivity data provides binding affinity
between target and compound. We retrieved data from the
local PostgreSQL ChEMBL 34 database by querying the
molecule_dictionary, target_dictionary, and activities tables,
and selected bioactivity records with standard values for IC50,
Ki, or EC50 below 10,000 nM. The ChEMBL IDs and preferred
names of each target were also extracted for further analysis.

To avoid confusion and ensure data quality, entries
associated with non-specific or multi-protein targets were
excluded by filtering out targets whose names contained
keywords such as “multiple” or “complex.” To prevent
redundancy, duplicate compound—target pairs were removed,
retaining only unique pairs. Finally, a total of 1,150,487 unique
ligand—target interactions were retained.

To simplify the analysis and avoid redundant predictions, we
consolidated data for a single ligand across multiple targets into
one row, with the target IDs separated by colons. Finally, the
ChEMBL IDs, canonical SMILES strings, and annotated targets

were exported to a CSV file for further prediction and validation.

Table 1. Publicly available methods for target prediction employed in this research

Methods Source Database Algorithm Fingerprints Top Similar Ligand
ChEMBL Top 4,7,11, 33,
RF-QSAR3? Random Forest ECFP4
Web 20&21 66,88 and 110
e
Target- Lo . FP2, Daylight-like, MACCS,
A TargetNet33 server BindingDB Naive Bayes Unclear
centric E-state and ECFP2/4/6
ChEMBL34 ChEMBL 24 Random Forest Morgan Unclear
CMTNNS3% Stand- ChEMBL 34 ONNX Runtime Morgan Unclear
alone o Top 1,5, 10 and
MolTarPred36 ChEMBL 20 2D Similarity MACCS
code 15
Nearest Neighbor/
Ligand- Naive Bayes/
. PPB237 ChEMBL 22 MQN, Xfp and ECFP4 Top 2000
centric Web Deep Neural
server Network
ChEMBLand  2D/Fragment/
SuperPred3® o o ECFP4 Unclear
BindingDB 3D Similarity

This journal is © The Royal Society of Chemistry 20xx
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Fig 1. Target Fishing Methods Workflow. In MolTarPred, the most similar database molecules to the query are identified based on similarity
scores derived from chemical structure fingerprints. Known targets for the query molecule are retrieved from annotated target-compound
interactions with in vitro validation in ChEMBL database. In other methods, prediction results crawled from websites or obtained from
training models are compared with the known targets of the query and calculated to evaluate the predictive performance across all methods.

To enhance data quality for subsequent analyses, a filtered
database was employed, only containing highly confident
interactions with a minimum confidence score of 7. In the
ChEMBL database39, confidence score is defined from 0O (target
unknown or has yet to be assigned) to 9 (direct single protein
target assigned). The score of 7 means direct protein complex
subunits assigned, which ensures that only well-validated
Additionally, a
potentially improved fingerprint for similarity calculations,
Morgan hashed bit vector fingerprint with radius two and 2048

interactions are included in the analysis.

bits (Morgan), was tested for optimization effects3!.

Dataset Preparation for Benchmark

We collected molecules with FDA approval years to prepare a
benchmark dataset of FDA-approved drugs from the whole
ChEMBL database. To ensure that the performance was not
biased or overestimated, these molecules were excluded from
the main database to prevent any overlap with any known drugs
during prediction.

We randomly selected 100 samples from the FDA-approved
drugs dataset to validate prediction methods. We removed the
"CHEMBL" prefix from ChEMBL IDs and organized data into
separate files: one containing the 100 random samples as query
molecules, and another containing the remaining molecules in
the database to identify potential drug-target interaction
candidates for these queries.

Target Prediction via Various Methods

We considered seven target prediction methods: MolTarPred
with published codes3®, Polypharmacology Browser2 (PPB2)37,
RF-QSAR32, TargetNet33, ChEMBL34, ChEMBL Multitask Neural
Network (abbreviated as CMTNN)35, and SuperPred38. Among
these, MolTarPred and CMTNN are run locally with stand-alone

This journal is © The Royal Society of Chemistry 20xx

codes, while the others are web servers that require manual
querying. To automate the extraction of data from these web
servers, we implemented web crawlers respectively. These
crawlers navigate the webpages, simulate form submissions
and retrieve relevant target prediction results from responses.
For PPB2, we used the “NN(ECfp4) + NB(ECfp4)” configuration
favoured by the PPB2 webserver. This setting corresponds to
using Extended Connectivity Fingerprint of radius 2 (ECFP4) with
a combination of nearest neighbor (NN) similarity search and
Naive Bayes classification (NB). The Tanimoto coefficient was
applied for similarity scoring.

The prediction result of drug-target interaction is binary: the
model predicts a drug will bind to a particular target (positive)
or that there is no expected interaction between the drug and
target (negative). MolTarPred uses ChEMBL data based on
experimental evidence to determine interactions. Other
methods, such as PPB2, RF-QSAR, SuperPred, and TargetNet,
rank predicted targets by measuring similarity scores between
the query molecule and known ligands of a target or the
probabilities of a target interacting with the query.

For instance, SuperPred differentiates between positive and
negative drug-target interaction using a Tanimoto score based
on molecular fragments comparison, with a threshold of 0.45.
CMTNN generates probability scores ranging from 0 to 1
indicating the likelihood of targets interacting with the query
molecules. A common threshold of 0.5 is used for classification,
where scores above 0.5 indicate positive drug-target interaction
and scores below 0.5 indicate negative drug-target interaction.
For the ChEMBL prediction method, predictions were filtered to
only retain targets consistently classified as positive (active in
this context) across three confidence levels: 70%, 80%, and 90%,
representing different degrees of the model’s expected
prediction certainty. These retained predictions were then
confidence with higher confidence

ranked by scores,

J. Name., 2013, 00, 1-3 | 3
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predictions prioritized in the final analysis. To ensure
consistency across methods, the Top 5 and Top 10 predictions
will be chosen to regard as positive predictions in the next step.

Predictions with low confidence were not uniformly
interpreted across methods and were not treated as definitive
negatives. For example, the ChEMBL model does not define any
confidence thresholds for non-binding; low-confidence outputs
are instead considered uncertain. Similarly, RF-QSAR and
TargetNet rank likely binders by confidence scores, but do not
explicitly classify low-ranking targets as inactive. Only CMTNN
provides a clear probabilistic threshold, where values below 0.5
indicate predicted non-binding. Due to these differences in
handling low-confidence predictions, our evaluation focused on
reliable binding predictions and did not attempt to define a

consistent threshold for negatives across methods.

Prediction Methods Validation

Model validation varies across methods and is categorized into
two groups: virtual screening and target prediction. Virtual
screening methods, such as SuperPred, RF-QSAR, and TargetNet,
are evaluated based on metrics per target, assessing how well a
method can rank or identify potential targets for a given
molecule across a large set of targets. In contrast, target
prediction methods, including MolTarPred, PPB2, ChEMBL and
CMTNN, are evaluated based on metrics per query molecule,
focusing on how well the method predicts specific drug-target
interactions for each query molecule. Such ligand-centric
assessment provides a much more precise evaluation of target
prediction performance, as hit rates and how many true targets
are missed are calculated per molecule3®. Therefore, our work
focused on comparing methods from a target prediction
perspective, evaluating how well each method predicts drug-
target interactions on a per-molecule basis. We evaluated their
performance on a common standard to identify the most
effective target prediction method for comprehensively
predicting more known targets and discovering potential new
targets.

To evaluate the performance of the tested methods, we
classified them as true positives (TPs), false positives (FPs), false
negatives (FNs), or true negatives (TNs) by comparing predicted
drug-target interactions against experimental evidence.

True Positives (TPs): Correctly identified targets of a query
molecule verified experimentally.

False Positives (FPs): Predicted targets that are not
considered identified targets for a given query molecule. FPs
can be categorized into two groups: Confirmed FPs are targets
which have been tested in vitro with the query molecule and
shown negative results, proving they are not true targets.
Unconfirmed FPs are targets that have not yet been tested in
vitro with the query molecule and, therefore, remain
unannotated, which could potentially represent true targets if
confirmed by future experiments.

This journal is © The Royal Society of Chemistry 20xx

False Negatives (FNs): Targets incorrectly predicted to-net
interact with a given query molecule dthoUgh3esparinEneal
evidence suggests otherwise.

True Negatives (TNs): Correctly identified non-interacting
targets for a given query molecule.

Table 2. Confusion matrix for a query molecule

Targets Yes predicted No predicted
Yes in vitro TP FN
No in vitro FP* TN

*Note: FP includes predicted targets for the query molecule that
have not been tested in vitro. Thus, we evaluated on the worse-
case scenario by assuming that all these are true FPs. However,
these predictions could be true targets for drug repositioning
after in vitro validation in the future.

Whether the target IDs were obtained from the top hits in
the annotated database or from the top-ranked targets, they
were extracted and compiled in a standardized format. The
prediction results included the ligand ID, SMILES, and predicted
target IDs. After categorizing the predicted targetsas TP, FP, TN,
or FN, various performance metrics, such as accuracy, recall,
specificity, and precision, can be calculated for validation.

Accuracy is the proportion of correct target predictions:

TP+ TN
Accuracy = oo TP ¥ TN + FN

(1)

Recall, also known as sensitivity or true positive rate, is the
proportion of correctly predicted targets out of all the known

targets:
Recall = P (2)
T TPYEN
Specificity, or true negative rate, is the proportion of

predicted non-interacting targets that are correctly identified:
Specificit N (3)
pecificity = — T FP
Precision measures the proportion of predicted targets that

are experimentally confirmed:

Precision = _TP (4)
TP + FP
As one of the most robust measures in binary classification,
the Matthews Correlation Coefficient (MCC) is a balanced
measure of prediction quality, particularly useful for
imbalanced datasets, regarded as a more reliable evaluation
criterion3® 39, In target prediction methods, the number of non-
interacting targets far exceeds the number of true targets,
leading to significant imbalance. MCC takes all four metrics into
consideration, reflecting the correlation between predictions
and true values, making it a more appropriate measure of
performance?°.
TP-TN — FP-FN

Mee= JTP +FP)(TP + FN)(TN + FP)(TN + FN)

(5)

J. Name., 2013, 00, 1-3 | 4
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MoA Hypothesis Generation Pipeline

In this study, we first chose the optimal target prediction
method, focusing on FPs and correcting misclassifications
caused by targets with identical names but different target IDs.
Next, we generated a MoA hypothesis to help understand the
predicted drug-target interactions and disease pathways.
Hetionet is a heterogeneous network that connects biomedical
diseases) from 29

entities (such as genes, compounds,

databases. Via Rephetio*! platform (https://het.io/repurpose/),

we investigate potential links between drugs, new targets, and
related indications. Degree-Weighted Path Counts (DWPC)
were used to quantify the strength of these connections,
showing the possibility of a predicted target playing a role in the
MoA for a given disease. As a case study, we applied the pipeline
to a small molecule drug and analysed these results with
published studies to explore possible MoA hypotheses and
discover new therapeutic applications for drug repurposing.

Results and Discussion

Diversity of the Drug Dataset from 100 Random Samples
To evaluate the effectiveness of various prediction methods, we

selected a set of 100 FDA-approved drugs from the ChEMBL database.

These molecules were chosen randomly, aiming to ensure diversity
and comprehensiveness of dataset across key parameters, such as
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The presence of both single-target and polypharmacological
drugs with varying numbers of targets in the dataset tests whether
the models’ predictive ability is influenced by the number of known
targets. Meanwhile, the molecular weights varying from small
molecules (~200 g/mol) to larger compounds (~1500 g/mol) ensures
that both small and large molecules are well-represented in this
dataset. Pairwise Tanimoto similarity score visualized in a heatmap
(Figure 2C) presents low similarity between molecules and their high
chemical diversity. The variety of functional groups further proves it,
and distinct therapeutic classes offer an opportunity for wide range
of therapeutic indication predictions. This diversity ensures that the
prediction methods are tested on an unbiased and representative
benchmark.

Comparative Performance of Prediction Methods in Top 5

Using a dataset of 100 random samples from FDA-approved
drugs as query molecules, we evaluated the performance of
seven target prediction methods: MolTarPred, PPB2, RF-QSAR,
TargetNet, ChEMBL, CMTNN and SuperPred. The definition of
"Top k" varies across methods, with MolTarPred referring to the
number of most similar ligands identified for each query
molecule. Predictions are made from targets associated with
these top similar ligands. For other methods, "Top k" generally
refers to the top-ranked targets.

e) Therapeutic Class Distribution
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Fig. 2. Diversity Analysis of Drug Dataset from 100 Randomly Selected FDA-Approved Drugs (a) Number of Targets per Drug, (b) Molecular
Weight Distribution, (c) Pairwise Tanimoto Similarity Scores, (d) Functional Group Distribution, and (e) Therapeutic Class Distribution.
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We select "Top 5" and "Top 10" as evaluation standards
based on their promising results balanced between sensitivity
and precision, according to previous study3®. "Top 5" minimizes
false positives, making it ideal for precision, while "Top 10"
provides broader target coverage, for identifying
potential off-target effects but with a slightly higher risk of false
positives. For each method, we computed the number of
predicted targets (NPT), True Positives (TP), True Negatives (TN),
False Positives (FP), and False Negatives (FN), and calculated
performance metrics, including recall, precision, and MCC for
each query molecule.

useful

The violin plots (Figure 3) illustrate the distribution of main
metrics across the methods for the 100 query molecules under
the Top 5 predictions condition. Using the Kruskal-Wallis test, a
non-parametric statistical significance test that accounts for non-
normal distribution and outliers, we compared the performance of
MolTarPred with each of the other methods. MolTarPred was
identified as the optimal method, evidenced by its highest
median precision, recall, and MCC score, indicating its promising
performance in target prediction.

This journal is © The Royal Society of Chemistry 20xx

Comparative Performance of Prediction Methods in Top 10

When evaluating the performance under the Top 10 condition,
the violin plots (Figure 4) reveal that MolTarPred continues its
notable performance. The recall significantly increases,
indicating that expanding prediction results to the Top 10
enhances the breadth of target identification. Despite a slight
decrease in accuracy and precision, which can be expected,
MolTarPred’s performance still surpasses the other methods
according to the statistical significance tests between MolTarPred
and each of the other methods.

Compared to the metrics for Top 5, an increase in recall is
observed in PPB2 and RF-QSAR, while CMTNN shows an
improvement in precision. However, compared to the Top 5,
MolTarPred’s lower precision and recall in the Top 10 suggest
that the model may require further refinement. Optimizing the
model or integrating it with other methods could potentially
enhance its performance.

J. Name., 2013, 00, 1-3 | 6
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Table 3. Example of prediction results for a drug. Targets IDs are
separated by ":" without CHEMBL prefix. Information of target 1994:
https://www.ebi.ac.uk/chembl/web_components/explore/target/C
HEMBL1994

Drug Finerenone (CHEMBL2181927)
Known
1994:2034:1871:208
Targets
208:220:239:247:364:378:1871.:
MolTarPred
1994:2034:2459:3979:4158
PPB2 1994:1871:5023:2564:208:279:
4302:2276:4792:1936
5785:3286:3032:2148:1994:1871.:
RF-QSAR
244:220:208:202
4282:2219:252:4427:302:226:
TargetNet
4566:4068:4552:4616
4086:2073:4601:2283:4828:2966:
ChEMBL
2781:3321:1849:1929
3815:5023:2146302:2525:3922:
CMTNN
2781:2083:5263:2954:6164
3251:1293237:4203:5409:2535:
SuperPred
3137262:3060:4793:241:1293249
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Evaluation with Highly Confident Target-Ligand Interactions

To assess whether filtering for high-confidence interactions
enhances MolTarPred’s performance, we applied a new filtered
database containing only drug-target interactions with a
confidence score of at least 7, based on ChEMBL 34. This high-
confidence filter was used to test whether MolTarPred’s

performance would improve with more reliable interaction data.

In the post-filtered model, metrics including MCC, precision,
recall and NPT decreased, indicating a more conservative
prediction model (Figure 5). The high-confidence filter led to a

This journal is © The Royal Society of Chemistry 20xx

marginal increase in accuracy but common declines in NPT,
precision, recall, and MCC due to the loss of true targets. As a
result, this conservative model is not suitable for drug
repositioning or polypharmacology research. For such purposes,
identifying a wide range of potential targets, including those

with lower confidence scores, might still be meaningful.

Evaluation with Different Fingerprints and Similarity Scores

We assessed the impact of different fingerprints on

MolTarPred’s performance by comparing Morgan hashed bit
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vector fingerprint with a radius of two and 2048 bits (Morgan)31
to MACCS fingerprint, using both Dice score and Tanimoto score.
These fingerprints represent contrasting approaches: Morgan
offers a more detailed, comprehensive representation of
molecular structures, while MACCS provides a simpler, more
generalized view. Using a dataset of 100 randomly selected
query molecules, the model considered the top 10 nearest
neighbors (k=10) from a pre-filtered database.

As we can see in Figure 6, Morgan generally outperformed
MACCS across several performance metrics. Under the Dice
score, Morgan showed higher MCC and precision, though it had
a slight reduction in recall. The average number of predicted
targets (NPT) for Morgan was 30% lower than that of MACCS,
indicating that while Morgan predicted fewer targets, these
predictions were more reliable. This trend reflects Morgan’s
higher specificity, focusing on a narrower range of true
interactions with improved overall prediction reliability.

Using Tanimoto score makes no significant difference in
MACCS’s performance. In contrast, Morgan’s performance
improved, showing increased NPT, higher than both its Dice
score result and MACCS’s. Accuracy is a flattering metric, with a
median around 0.99 while median MCC is around 0.2. With
Tanimoto score, Morgan achieved the highest MCC and recall
among all evaluated methods, indicating an enhanced ability to
identify a broader range of true targets. Also, Tanimoto score
with Morgan results in more unconfirmed FPs, beneficial for
identifying a broader range of new potential targets.

The consistent performance of MACCS fingerprints across
both Dice and Tanimoto scores is attributed to their simple
structure feature representation, making it less sensitive to
different similarity measures?2. In contrast, Morgan fingerprints,
which capture more detailed structural information,
particularly from atoms’ local environments, performed better
with Tanimoto score. The Dice score is more sensitive to smaller
overlaps and less effective with Morgan’s dense representation,
while Tanimoto normalizes the similarity score based on the
total number of bits set to 1 by subtracting the overlapping
portion between two fingerprints to avoid double-counting
common bits, proved to be better suited for Morgan’s
complexity3.

Overall, while MACCS is robust to different similarity metrics
due to its simplicity, Morgan fingerprints are more sensitive and
perform better under Tanimoto score, especially for identifying
a wider range of true drug-target interactions.

Case study
To balance reliability and breadth of predictions, we selected
MolTarPred with Morgan fingerprint using Tanimoto score,
according to the findings of the previous analysis. This approach
was chosen due to MolTarPred’s high MCC score, which shows
its effectiveness and reliability in identifying more promising
new targets among those categorized as FPs that have not been
experimentally validated. In some cases, TPs were initially
misclassified as FPs due to having different target IDs while
sharing the same name as a known target. These targets were
discarded to avoid the misleading outcomes in the discovery of
new targets and indications.

We applied a MoA hypothesis generation pipeline to
explore the predicted drug-target interactions and disease

This journal is © The Royal Society of Chemistry 20xx

pathways. Rephetio leverages Hetionet, a heteregepequs
network, to establish connections betwd¥n: dPugs target) 'Rt
diseases. By applying advanced algorithms to Hetionet’s data,
Rephetio evaluates the strength and relevance of these
connections, supporting MoA hypotheses generation, drug
repurposing and the identification of new therapeutic
applications. Figure 7 shows an example.

Fenofibric Acid, a fibric acid derivative and the active
metabolite of Fenofibrate (a prodrug), is primarily used to
reduce triglyceride levels and increase HDL cholesterol levels by
activating peroxisome proliferator-activated receptor alpha
(PPARA), a key regulator in lipid metabolism*. Fenofibrate is
converted into Fenofibric Acid in the body, which then exerts
the therapeutic effects. Among the Top 10 similar ligands
predicted by MolTarPred, some share the same known target,
PPARA, while others suggest new potential targets, such as
THRB. Thyroid Hormone Receptor B (THRB) is also a member of
the nuclear receptor superfamily as Peroxisome Proliferator-
Activated Receptor a (PPARA). They both function as ligand-
activated transcription factors regulating metabolism*®. THRB is
a key regulator in thyroid hormone signaling. In thyroid cancer,
mutations or loss of function in THRB are often observed,
leading to uncontrolled cell proliferation and metastasis*. To
investigate the potential mechanism of action (MoA) for
Fenofibric Acid targeting thyroid hormone receptor beta (THRB),
we utilized the Rephetio platform to generate hypotheses. The
results show that Fenofibrate binds the known target PPARA
and predicted target THRB (Compound-binds-Gene, CbG),
which participate in the Gene-participates-Pathway (GpPW)
involving nuclear receptor transcription, RXR and RAR
heterodimers, and nuclear receptor signaling. THRB is linked to
thyroid cancer through the Disease-associates-Gene (DaG)
relationship. If the drug molecule targets THRB in a similar
manner to PPARA agonists, restoring or mimicking the normal
function of THRB, it could potentially reduce tumorigenic
properties and inhibit metastasis, especially in tumor types with
THRB gene loss or mutations, such as thyroid cancer.

Conclusions

In this project, we evaluated seven target prediction methods,
including MolTarPred, PPB2, RF-QSAR, TargetNet, ChEMBL,
CMTNN and SuperPred using FDA-approved drugs as query
molecules. MolTarPred consistently outperformed the other
methods in terms of median precision, recall, and MCC for both
Top 5 and Top 10 predictions. Filtering for high-confidence
interactions significantly reduced precision and recall, making
MolTarPred less suitable for uncovering broad
polypharmacology. Morgan fingerprints, particularly when
combined with the Tanimoto score, showed better
performance compared to MACCS fingerprints. A case study of
Fenofibric Acid showed its potential for drug repurposing as an
THRB modulator for thyroid cancer.
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Overall, we recommend MolTarPred for its effectiveness in View Article Online
target prediction and suggest further enhancing its DOI: 10.1039/D5DD00199D

performance by integrating it with other methods or optimizing
the model. Consistent names for targets and comprehensive
databases for drug-target interactions are essential for
successful drug repurposing.
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