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Introduction

The protozoan Trypanosoma cruzi (T. cruzi) is the etiological agent of Chagas disease. This
disease represents a serious public health problem due to around 8 million people being infected
worldwide, mainly in Latin America, where this disease is endemic [1]. The treatment of this disease
is based on drugs nifurtimox and benznidazole, which are most effective in the early stages of
infection and retains several side effects [2,3]. In the search for new drug candidates, the sterol 14a-
demethylase cytochrome P450 (CYP51) has been evaluated as a potential therapeutic target for T.
cruzi due to its role in the ergosterol biosynthesis, which is essential for the parasite’s survival [4].
Among the drug search strategies for new treatments, those focused on biological targets of the
etiologic agent, such as the CYP51 enzyme, seem promising [5]. This work focused on constructing
a machine learning (ML) model for virtual screening to identify potential hit candidates as TcCYP51
inhibitors.

Material and Methods

We obtained a TcCYP5L1 inhibitors library from the PubChem server, which compounds have
the same biological assay protocols and chemical structure diversity (PubChem AID:1159558) [8].
The 2D structures of selected compounds were generated by DataWarrior software, from which we
discarded the duplicate structures, inorganic salts, and undefined chirality [6]. After that, the dataset
obtained was classified by plCso values (-loglCso) and divided into active and inactive sets. The
descriptors were obtained by the RDKit Fingerprint in KNIME 4.1.3 software [7], considering the
following types: Morgan, Feat Morgan, RDKit, Avalon, AtomPair, Layered, Torsion, and MACCS.
The dataset built by active and inactive compounds was divided into the train and test sets (70:30
ratio) using the linear, random, and stratified partition modes.

The ML model was developed using the training set, considering the Xgboost and random
forest algorithms, which were validated by internal cross-validation ten times. Then, ML model
validation was made by the test set using the fallowed statistical metrics: AUC-ROC, sensitivity (Se),
specificity (Sp), precision (Ac), F-score (F1), and Matthew’s correlation coefficient (MCC).

Results and Discussion

We identified 584 TcCYP51 inhibitor compounds from PubChem. Among them, 139
compounds were classified as the active set (pICso > 5.0 potent inhibitors) since they have a diversity
of chemical structures and ICso values from the same biological assay [8]. The inactive set was
generated with 164 compounds (plCso < 4.5) that were submitted to the same biological assay
(PubChem AID:1159558).
The Gradient Boost algorithm provided better statistics parameters for training and test sets than the
Random Forest algorithm. For the test set, the AtomPair model with stratified partition mode
retrieved the best metrics of AUC-ROC (0.87), MCC (0.69), and F-score (0.833), with a recall of
83.3% of actives (Se), 85.7% of inactive (Sp) and Ac of 84.6%. AUC-ROC > 0.8 indicate a high



capacity for prediction. Still, other parameters need to be observed, as the MCC value can show the
performance of the model as a total prediction (+1), a random prediction (0), or a complete
disagreement between prediction and observation (-1) [9].

To improve the algorithm's performance and generate a model with a better discriminatory power
model, we used a consensus between the fingerprints by the average of the predictive activity for
each fingerprint, followed by the evaluation of statistical metrics [10]. The consensus model
generated with the 4 types of fingerprints (AtomPair, Morgan, Feat Morgan, and Torsion) showed a
better performance of statistical parameters: AUC - ROC (0.99), MCC (0.93) and F-score (0.96),
with the recall of 96.8% active (Se), 96.6% inactive (Sp) and 96.7% Ac.

Conclusion

In this study, we generated a high-performance ML model to discriminate inactive and active
compounds for TcCYP51 enzyme inhibition. The model obtained from the fingerprint consensus
showed improved performance, increasing its statistical parameters (AUC-ROC: 0.99, MCC: 0.93).
The developed ML model can be used in the virtual screening of compounds to identify potential
TcCYP51 inhibitors based on the structure of ligands, with a good discrimination between active and
inactive compounds.
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