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Abstract
Target-specific machine-learning scoring functions (MLSFs) have improved virtual screening for several
targets, but their performance depends heavily on benchmark design and modeling choices. Here, we
develop and evaluate target-specific MLSFs for human monoamine oxidase B (MAO-B), systematically
comparing three modeling decisions: classification versus regression, structure-based (PLEC) versus
combined structure- and ligand-based (PLEC + Morgan fingerprint) featurization, and untuned versus
hyperparameter-tuned models. Generic scoring function performance was first established on the DUD-E
benchmark, then re-evaluated on an independent test set composed exclusively of experimentally
confirmed inactive compounds to control for property-matched decoy bias. On DUD-E, RF-Score-VS
achieved the highest early enrichment among generic scoring functions (NEF1% = 0.789), but declined to
NEF1% = 0.061 on the true-inactive test set — indistinguishable from the native Smina docking score and
close to the random baseline (NEF1% = 0.024). Target-specific models trained on 2,328 actives and
121,764 DeepCoy-generated decoys consistently outperformed their classification counterparts:
regression exceeded classification for all five algorithms tested. Combining Morgan fingerprints with
PLEC features improved performance in five of ten baseline algorithm–task combinations. The best-
performing model was tuned XGB regression with combined features (NEF1% = 0.245), exceeding the
best generic scoring function on the same test set (CNN-Score, NEF1% = 0.082) by approximately
threefold. Hyperparameter optimization did not reliably improve early-recognition performance, and a
structural similarity analysis showed that the 25 test actives with above-threshold training-set similarity
were retrieved at a substantially higher rate than the remaining 92 (28.0% vs. 5.4% for XGB; 28.0% vs.
2.2% for SVM), indicating that a meaningful share of early-recognition performance reflects structural
analogy to known actives rather than generalization to novel chemical space. These findings argue for
carefully designed benchmarks, explicit bias controls, and prospective validation in future target-specific
MLSF studies.

1. Introduction
Structure-based virtual screening (SBVS) is widely used to identify active compounds from large
chemical libraries when a three-dimensional model of the target is available (Li et al., 2020; Tran-Nguyen
et al., 2023). In this workflow, docking generates candidate binding poses, and the success of screening
depends heavily on the scoring function used to rank protein–ligand complexes (Ain et al., 2015; Wang
et al., 2019). Classical scoring functions remain useful, but their simplified, often linear treatment of
protein–ligand interactions limits their ability to capture complex binding patterns and has contributed to
a plateau in virtual-screening accuracy (Ain et al., 2015; Li et al., 2020; Wójcikowski et al., 2017; Zhang et
al., 2023).

The growing availability of protein structures, compound libraries, and integrated bioactivity data has
created favorable conditions for machine-learning scoring functions (MLSFs) that can learn nonlinear
relationships from large training sets (Ain et al., 2015; Ghislat et al., 2021; Qamar et al., 2022; Tran-
Nguyen et al., 2023). Across retrospective and prospective studies, MLSFs have generally improved hit
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rates, potency recovery, and virtual-screening performance relative to classical scoring approaches (Ain
et al., 2015; Li et al., 2020; Tran-Nguyen et al., 2023). These gains have been especially notable for target-
specific models, which are trained on data from a given protein or target family and often outperform
generic scoring functions in practical screening settings (Qamar et al., 2022; Wang et al., 2019).

A robust target-specific MLSF therefore requires three elements: high-quality target-relevant data,
informative representations of ligand and protein–ligand interactions, and an algorithm suited to the
prediction task (Zhang et al., 2023). Recent pipelines have used descriptors and fingerprints such as
MACCS, ECFP4/ECFP6, IFP, SIFP, and PLEC, together with algorithms including random forest, gradient
boosting, deep neural networks, and graph convolutional networks, to improve target-specific screening
across diverse systems (Junaid et al., 2025; Qamar et al., 2022; Wang et al., 2025; Zhang et al., 2023).
Practical workflows for MLSF development now emphasize curated public activity data, target-specific
train/test partitioning, and rigorous evaluation against existing baselines (Ballester, 2019; Tran-Nguyen et
al., 2023).

At the same time, recent work shows that MLSF performance depends critically on how models are
trained and evaluated. Generic MLSFs often generalize poorly to dissimilar targets (Shen et al., 2020).
Even strong models lose performance under sequence- or pocket-based cross-validation, indicating that
benchmark design can inflate apparent accuracy when analogue leakage is not controlled (Zhu et al.,
2022). Likewise, on the relatively unbiased LIT-PCBA benchmark, target-specific MLSFs tended to
outperform Glide SP but did not consistently exceed ligand-based 2D QSAR models, emphasizing that
both accuracy and novelty should be assessed explicitly (Shen et al., 2021). These findings have
motivated bias-aware practices such as similarity-constrained splitting, property-matched decoy
generation, multi-pose augmentation, and consensus scoring (Ericksen et al., 2017; Junaid et al., 2025;
McGibbon et al., 2022).

Recent target-specific MLSF studies have further shown that model performance depends strongly on
modeling choices that are not yet fully understood. For PARP1, regression-based models trained on
quantitative bioactivity data generally outperformed classification-based models trained on the same
features, with the exception of random forest, for which the reverse was true (Caba et al., 2024). A
similar advantage of regression over classification was independently observed for TRPM8, where
switching from classification to regression increased early enrichment several-fold using otherwise
identical features and training data (James & Ballester). The same study also demonstrated that
training-set class imbalance must approximate the imbalance expected in a real screening library:
augmenting an initially near-balanced training set with additional inactive compounds to match the test
set's imbalance increased NEF1% several-fold, whereas ligand-only models lacking structural
information did not benefit from the same adjustment.

Human monoamine oxidase B (MAO-B) is a therapeutically important mitochondrial flavin-dependent
enzyme involved in the catabolism of dopamine and other biogenic amines (Cieślak et al., 2024;
Murugan et al., 2020; Shrestha et al., 2026). Because MAO-B activity contributes to dopamine depletion,
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oxidative stress, and neurotoxic metabolite formation, MAO-B inhibition remains an established strategy
for managing Parkinson’s disease and is also relevant to other neurodegenerative disorders. Although
many MAO-B inhibitors with micromolar to nanomolar activity are already known, there is still a need for
compounds with improved affinity, selectivity, and pharmacokinetic properties, particularly because MAO
inhibitor design is complicated by isoform similarity and historical safety liabilities (Cieślak et al., 2024;
Murugan et al., 2020; Shrestha et al., 2026).

For MAO-B, the case for a target-specific MLSF is particularly strong because standard force-field-based
ranking methods have shown weak performance on this target. In a benchmark of 3,753 MAO-B-active
compounds, AutoDock, AutoDock Vina, and MM-GBSA were unreliable or underperformed for inhibitor
ranking, whereas machine-learning approaches, especially KNN, gave better ranking accuracy at lower
computational cost (Murugan et al., 2020). Notably, this prior MAO-B work relied exclusively on ligand-
based physicochemical descriptors, without docking or structural protein–ligand interaction information;
a structure-based target-specific approach incorporating protein–ligand interaction fingerprints has not,
to our knowledge, been applied to MAO-B.

Against this background, developing a human MAO-B-specific ML scoring function for virtual screening
is well justified. MAO-B has clear therapeutic relevance, available bioactivity data, and documented
limitations of classical scoring on this target (Murugan et al., 2020). At the same time, the broader MLSF
literature supports the view that target-specific, carefully validated, and bias-aware models can improve
screening efficiency and hit prioritization over generic docking scores alone. Accordingly, the present
study develops and evaluates a target-specific machine-learning scoring function for human MAO-B,
using protein–ligand interaction fingerprints (PLEC) extracted from docked poses. Because prior target-
specific MLSF studies report inconsistent, target-dependent conclusions regarding classification versus
regression modeling, the added value of combining structural and ligand-based feature representations,
and the benefit of hyperparameter optimization, these three modeling choices are systematically
compared for MAO-B, alongside benchmarking against established generic scoring functions.

2. Methods

2.1 Receptor preparation and molecular docking
The crystal structure of human monoamine oxidase B (PDB: 1S3B), including its bound FAD cofactor,
was used as the docking receptor throughout this study. The structure was prepared using PyMOL
(https://www.pymol.org/) and PDBFixer (Eastman et al., 2017): hydrogens were added using PDBFixer's
standard protonation assignment at pH 7.4, the co-crystallized reference ligand was extracted separately
from the protein coordinates, crystallographic water molecules were removed, missing residues were
added using PDBFixer, and a single protein chain was retained.

All molecules were docked against a rigid receptor using Smina (Koes et al., 2013) with the default
Smina scoring function, a search space centered on the co-crystallized reference ligand (autobox), a box
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size of 30 × 30 × 30 Å, exhaustiveness = 1, a single output pose retained per molecule, and a fixed
random seed (0) for reproducibility. These parameters were applied identically to every docking run
performed in this study.

2.2 Virtual screening performance metrics
Virtual screening performance was quantified using the enrichment factor at the top 1% of the ranked
library (EF1%), defined as the proportion of true active compounds recovered within the top 1% of a
ranked molecule set, relative to the proportion expected under random ranking. EF1% values were
additionally normalized (NEF1%) by the maximum EF1% attainable for each specific dataset, given its
active:inactive ratio, enabling comparison across datasets of differing size and composition (Tran-
Nguyen et al., 2023). NEF1% was selected as the primary performance metric, rather than ROC-AUC,
BEDROC, or logAUC, for its direct focus on early recognition — the fraction of a screening library that is
realistically prioritized for experimental testing — consistent with recent target-specific scoring function
studies (Caba et al., 2024; James & Ballester). Precision–recall (PR) curves, computed across the full
ranked molecule set, were used to visualize screening performance beyond the single top-1% cutoff.

2.3 Generic scoring function benchmarking
Before developing a target-specific scoring function, the performance of existing, off-the-shelf (generic)
scoring functions was evaluated on MAO-B to establish a baseline for comparison, using the DUD-E
benchmark (Mysinger et al., 2012) for this target (168 experimentally confirmed active compounds and
6,931 property-matched decoys; 7,099 molecules; active:inactive ratio ≈ 1:41.3), docked as described
above.

Docked poses were rescored using four scoring functions: the native Smina docking score; CNN-Score
(GNINA v1.3, run in score-only mode), an ensemble of convolutional neural networks trained on protein–
ligand complex structures (McNutt et al., 2025); RF-Score-VS v2, a random forest model trained on the
DUD-E collection across 102 targets, including MAO-B itself (DUD-E target code: aofb) (Wojcikowski et
al., 2017); and an interaction-fingerprint-based similarity score (IFP) impletemeted in ODDT (Wojcikowski
et al., 2015), computed as the Tanimoto similarity between each docked pose's protein–ligand
interaction fingerprint and that of the co-crystallized reference ligand.

2.4 Bioactivity data curation
Bioactivity data for MAO-B were obtained from PubChem (UniProt P27338) and ChEMBL (CHEMBL2039,
version 39, downloaded August 2026). Only half-maximal inhibitory concentration (IC50) measurements
reported with a standard relation type of "=" (exact value) or ">" (censored) were retained, following Caba
et al. (2024); measurements reported as Ki, Kd, or EC50, or with a "<" relation type, were excluded.
Compound structures were standardized using RDKit 2026.03.6: salts were stripped, charges were
neutralized, tautomers were canonicalized. Measurements were pooled across both data sources by
standardized SMILES, yielding 7,798 compounds. For compounds with multiple pooled measurements,
IC50 values were retained only if their standard deviation did not exceed 2 nM; 380 compounds were
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excluded for exceeding this threshold. Compounds were classified as active if at least one exact
measurement indicated an IC50 ≤ 1 µM, consistent with a threshold widely used in the field; as inactive if
every available measurement supported inactivity (an exact measurement > 1 µM, or a censored
measurement with a lower bound > 1 µM); and discarded otherwise (93 compounds, ambiguous or
contradictory activity evidence). For regression modeling, active compounds were assigned a pIC50
calculated as −log10(mean IC50 in molar units) from their exact measurements. Following Caba et al.
(2024), every inactive compound was assigned a fixed pIC50 of 2, with no claim made about the
optimality of this choice. The final curated dataset comprised 2,454 active and 4,871 inactive
compounds, each annotated with a binary activity classification and a pIC50 value, enabling
classification and regression models to be trained and evaluated on an identical set of compounds
throughout this study. By construction, all active compounds had a pIC50 ≥ 6 and all inactive compounds
were assigned a fixed pIC50 of 2.

2.5 Decoy generation and test set construction
Property-matched decoys were generated for the 2,454 curated actives using DeepCoy (Imrie et al.,
2021), at a ratio of 100 generated and 50 retained decoys per active. All molecules were docked as
described in Section 2.1. Of 2,454 actives, 2,445 (99.6%) docked successfully and passed structural
validation, and of 4,871 curated inactives, 4,828 (99.1%) docked successfully, and of 122,250 decoys,
122,114 (99.9%) docked successfully. Decoys corresponding to the nine excluded actives were removed
from the decoy set (orphan filtering), yielding 121,764 decoys. Training and test sets were constructed
as follows: property-matched decoys were confined entirely to the training set, and test-set inactives
were drawn only from experimentally confirmed inactive compounds, isolating property-matched decoy
bias. Active compounds were partitioned using Butina clustering (Butina, 1999) on Morgan fingerprints
(radius 2, 2,048 bits; Tanimoto similarity threshold ≥ 0.70). Test-set actives were drawn exclusively from
singleton clusters, preventing structurally similar actives from appearing in both sets; as a consequence,
test-set actives are structurally distinct from training by construction, which may understate
performance relative to a prospective screening library. Of 861 clusters identified, 360 were singletons;
117 singleton-cluster actives were selected at random to match the active:inactive ratio of the DUD-E
benchmark (≈ 1:41.3), allowing comparison at the same early-recognition cutoff. The final training set
comprised 2,328 actives and 121,764 decoys (124,092 molecules); the final test set comprised 117
actives and 4,828 inactives (4,945 molecules; active:inactive ratio 1:41.26).

2.6 Featurization
Protein–ligand extended connectivity (PLEC) interaction fingerprints were extracted from docked poses
using ODDT, with fragment depths of 1 (ligand) and 5 (protein) and a fingerprint size of 4,092 bits. To
evaluate the added value of ligand-based information, Morgan (extended-connectivity) fingerprints
(radius 2, 2,048 bits), computed directly from each compound's structure using RDKit, were additionally
generated and concatenated to the PLEC features, yielding a combined 6,140-feature representation
(hereafter MF+PLEC).

2.7 Target Specific model development
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Target-specific scoring functions were developed using five algorithms: random forest (RF), extreme
gradient boosting (XGB), support vector machine (SVM), a single-hidden-layer artificial neural network
(ANN), and a multi-layer deep neural network (DNN), implemented using scikit-learn (Pedregosa et al.,
2011) and XGBoost (Chen & Guestrin, 2016). For each algorithm, both classification and regression
models were trained, using the identical training and test sets and feature representations described
above. Given the size of the training set (124,092 compounds), an exact support vector machine was
found to be computationally intractable; SVM was instead implemented as a Nystroem kernel
approximation (radial basis function kernel, 1,500 components) followed by stochastic gradient descent,
using scikit-learn. Given the severe class imbalance of the training set (2,328 actives to 121,764 decoys,
≈ 1:52), class-weighted loss functions were used for classification models where supported
(class_weight="balanced" for RF and SVM; scale_pos_weight, set to the training set's inactive:active ratio,
for XGB). ANN and DNN models used early stopping on a held-out validation split. Full implementation
details, including exact hyperparameter values, are available in the accompanying code repository. All
final results are reported as the median across five repeated training runs with different random seeds.

2.8 Hyperparameter optimization
Hyperparameters were optimized using Optuna (Akiba et al., 2019), via ten trials of Bayesian search per
algorithm and feature representation, each trial evaluated using five-fold cross-validation on the training
set. Search spaces are listed in Table S1. For regression models, the cross-validation objective was the
mean Spearman rank correlation between predicted and true pIC50 across folds; for classification
models, the objective was the mean Average Precision across folds. Both objectives were chosen over
alternatives such as raw error (MSE) or Matthews correlation coefficient (MCC) for their focus on ranking
quality, consistent with this study's early-recognition-based evaluation metric (NEF1%). Following
selection of the best-performing hyperparameter combination for each algorithm and feature
representation, final models were trained and evaluated as described above.

2.9 Generic scoring function baseline on the true-inactive
test set
To provide a baseline for comparison with target-specific models, the same three generic scoring
functions evaluated in Section 2.3 [Smina, CNN-Score, RF-Score-VS] were re-evaluated by rescoring the
docked poses of the final test set described in Section 2.5 (117 actives, 4,828 experimentally confirmed
inactive compounds), rather than the DUD-E benchmark.

3. Results

3.1 Generic scoring function benchmarking
RF-Score-VS achieved the highest performance of the four scoring functions evaluated on the MAO-
B/DUD-E benchmark (NEF1% = 0.789), recovering 56 of 168 true actives (33.3%) within the top 1% of the
ranked library — four-fold higher than the second-best method, CNN-Score (NEF1% = 0.197). The native
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Smina docking score performed considerably worse (NEF1% = 0.155), and the IFP score performed
worst overall (NEF1% = 0.028). Precision–recall curves (Fig. 1) show that RF-Score-VS maintained
precision near 1.0 out to a recall of approximately 0.2–0.3, whereas the other three scoring functions
declined sharply at low recall.

Because MAO-B was among RF-Score-VS's own training targets, and because DUD-E decoys are
property-matched rather than experimentally confirmed inactive compounds (Sieg et al., 2019), this
result cannot be interpreted as a measure of generalization to a novel target or a realistic screening
scenario. This is directly examined in the next section, where RF-Score-VS is re-evaluated against a test
set composed exclusively of experimentally confirmed inactive compounds rather than property-
matched decoys.

3.2 Generic scoring functions on the true-inactive test set
On the test set of 117 actives and 4,828 experimentally confirmed inactive compounds, all three generic
scoring functions performed close to the random baseline (NEF1% = 0.024), substantially worse than on
the DUD-E benchmark. RF-Score-VS declined from NEF1% = 0.789 on the DUD-E benchmark to NEF1% =
0.061 on this test set. CNN-Score achieved the highest performance among the three generic scoring
functions (NEF1% = 0.082, approximately 3.4-fold above random), followed by Smina and RF-Score-VS
(both NEF1% = 0.061, approximately 2.5-fold above random). These results indicate that generic scoring
functions provide only modest early enrichment for MAO-B once evaluated against experimentally
confirmed inactive compounds rather than property-matched decoys.

3.3 Regression versus classification, and the effect of
hyperparameter optimization
Table S2 and Fig. 2 summarize the performance of all five algorithms, trained as both regression and
classification models, using PLEC features, with baseline and hyperparameter-tuned configurations.
Regression outperformed classification for all five algorithms under both baseline and tuned
configurations. This difference was most pronounced for RF and DNN models, which produced NEF1% =
0.000 as classifiers at baseline (versus 0.102 and 0.143, respectively, as regressors). Hyperparameter
optimization did not consistently improve performance. Of ten algorithm–task combinations, tuning
improved NEF1% for four (XGB regression, ANN regression, RF classification, DNN classification), left
four unchanged (RF regression, SVM regression, XGB classification, ANN classification), and reduced
performance for two (DNN regression, SVM classification). This inconsistency mirrors prior reports that
hyperparameter optimization guided by cross-validation does not reliably translate into improved early-
recognition performance on an independent test set. Considering each algorithm–task combination at
its best-performing configuration (baseline or tuned), six of ten exceeded the best generic scoring
function (CNN-Score, NEF1% = 0.082): SVM and DNN regression at baseline (NEF1% = 0.143), XGB and
ANN regression after tuning (NEF1% = 0.122), RF regression (NEF1% = 0.102 at both baseline and
tuned), and SVM classification at baseline (NEF1% = 0.122).
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3.4 Effect of combining structural and ligand-based
features
Table S3 summarizes baseline and hyperparameter-tuned performance using the combined Morgan
fingerprint and PLEC (MF + PLEC) representation. Figure 3 compares baseline performance directly
between the two feature representations (PLEC alone, MF + PLEC) for each algorithm and modeling type.
At baseline, combining Morgan fingerprints with PLEC features improved performance in five of ten
algorithm–task combinations, left three unchanged, and reduced performance in two. The largest
improvement was observed for XGB regression (0.061 → 0.143), followed by XGB classification (0.041
→ 0.102), SVM regression (0.143 → 0.184), ANN regression (0.082 → 0.122), and DNN classification
(0.000 → 0.020). Performance declined for ANN classification (0.041 → 0.020) and DNN regression
(0.143 → 0.122), and remained unchanged for RF regression, RF classification, and SVM classification.

Hyperparameter tuning of the MF + PLEC representation improved performance in three combinations,
left one unchanged, and reduced performance in six. In the tuned regression panel (Fig. 4, bottom right),
XGB is clearly separated from all other curves, maintaining precision above 0.20 out to a recall of
approximately 0.10 — the strongest sustained early-recognition behavior of any curve in the figure,
consistent with its NEF1% of 0.245, a 1.7-fold increase over its own baseline (0.143). XGB regression
(MF + PLEC, tuned) was the best-performing model in the entire study, exceeding the best generic
scoring function (CNN-Score, NEF1% = 0.082) by 3.0-fold and the best PLEC-only result (SVM and DNN
regression, baseline, NEF1% = 0.143) by 1.7-fold. The same tuning procedure produced the opposite
outcome for SVM regression, the strongest MF + PLEC baseline model (NEF1% = 0.184): tuning reduced
its performance to 0.082, visible in Fig. 4 as a marked decline between the baseline and tuned regression
panels. This value coincides exactly with the best generic scoring function, and sits below every PLEC-
only regression baseline, reinforcing the inconsistent effect of hyperparameter optimization observed
with PLEC features alone (Section 3.3).

3.5 Structural similarity of retrieved hits
The true actives retrieved in the top 1% by the two best-performing models (XGB regression, MF+PLEC,
tuned, NEF1% = 0.245; SVM regression, MF+PLEC, baseline, NEF1% = 0.184) were characterized by their
maximum Tanimoto to any training-set molecule. XGB retrieved 12 true actives, 7 of which (58.3%)
exceeded 0.70 similarity to a training-set molecule; SVM retrieved 9 true actives, 7 of which (77.8%)
exceeded 0.70. In both cases, the nearest training-set neighbor was almost never an inactive compound
(decoy) (0/12 for XGB; 1/9 for SVM), suggesting this similarity primarily reflects structural overlap with
training actives rather than decoy bias. More broadly, 25 of 117 test-set actives (21.4%) had maximum
similarity ≥ 0.70 to a training-set molecule, despite being drawn from singleton Butina clusters. These 25
structurally overlapping test actives were retrieved at a substantially higher rate than the remaining 92
(28.0% vs. 5.4% for XGB; 28.0% vs. 2.2% for SVM).
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4. Discussion
The present results show that the apparent strength of generic scoring functions on MAO-B depends
strongly on the evaluation set used. On the DUD-E benchmark, RF-Score-VS achieved the highest early
enrichment among the generic methods examined, but this performance collapsed when the same
method was re-evaluated on a test set composed exclusively of experimentally confirmed inactive
compounds rather than property-matched decoys. This pattern is consistent with broader evidence that
decoy-based benchmarks can inflate apparent screening performance and that bias control is essential
when assessing machine-learning scoring functions for prospective use (McGibbon et al., 2022). The
modest performance of Smina, CNN-Score, and RF-Score-VS on the true-inactive MAO-B test set
illustrates the benefit of a target-specific approach here: whereas all three generic scoring functions
performed only slightly above the random baseline on this harder test set, several MAO-B-specific
models exceeded the best generic comparator. This agrees with the general view that target-specific
scoring functions often outperform generic alternatives in practical virtual screening, particularly when
target-relevant activity data are available (Tran-Nguyen et al., 2023). It is also especially plausible for
MAO-B, where earlier work showed that conventional force-field-based ranking methods were unreliable
or underperformed, while machine-learning approaches ranked MAO-B inhibitor complexes more
effectively .

Regression was consistently more effective than classification for all five algorithms with PLEC features,
and the contrast was strongest for RF and DNN, whose baseline classifiers failed to retrieve any active
within the top 1% while their regression counterparts achieved measurable enrichment. This result aligns
with recent target-specific MLSF studies showing that quantitative bioactivity labels can improve early
recognition relative to binary active/inactive training (Caba et al., 2024; James & Ballester). A likely
explanation is that regression preserves potency information within the active class, allowing the model
to learn rank order among binders rather than only the decision boundary between actives and inactives.
This difference was statistically significant (Welch's t-test, p = 0.0001; Figure S1)

Combining Morgan fingerprints with PLEC features produced gains that were positive overall but not
universal. Adding ligand-based fingerprints improved five of ten baseline algorithm–task combinations,
with the largest gains observed for XGB regression and SVM regression, while two combinations
declined and three were unchanged (not statistically significant when pooled across all combinations, p 
= 0.695; Figure S1. This mixed pattern is consistent with the broader literature: richer or complementary
descriptors can improve virtual screening by capturing information that coarse interaction summaries
miss, but the benefit depends on how well the representation matches the learning algorithm and the
target (Junaid et al., 2025; Tahir Ul Qamar et al., 2022). The best-performing model in the present work,
tuned XGB regression with MF+PLEC features, likely benefited from this complementary encoding of
ligand chemotype and docked interaction pattern. Hyperparameter optimization did not produce uniform
gains. We found improvement in only four of ten PLEC-based comparisons and in only three of ten
MF+PLEC comparisons, with several models unchanged and others worsened after tuning (not
statistically significant when pooled, p = 0.464; Figure S1). That result cautions against assuming that
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better cross-validation objectives necessarily translate into better early recognition on an external test
set, especially under class imbalance and chemically constrained train-test.

The structural similarity analysis indicates that a meaningful share of early-recognition performance
reflects structural analogy to training data rather than generalization to novel chemical space. Both best-
performing models retrieved the 25 test actives with above-threshold training-set similarity at
substantially higher rates than the remaining 92. Two contributing factors should be distinguished. First,
test actives were drawn from singleton Butina clusters as a deliberate strategy to reduce training–test
structural overlap, but Butina clustering is greedy and order-dependent, so singleton membership does
not guarantee pairwise dissimilarity to the full training set. Second, even in the absence of this effect, a
model trained on known MAO-B actives would be expected to prioritize chemotypes resembling those
actives. This does not undermine the finding that the MAO-B-specific models outperform the generic
scoring functions on the same test set, but it does temper the interpretation of model performance as
evidence of generalization to structurally novel chemistry.

Several limitations should temper interpretation of our findings. First, all compounds were docked to a
single rigid MAO-B structure with low exhaustiveness and a single retained pose, so errors in pose
generation or receptor conformation directly constrain the quality of the PLEC representation used for
learning. Second, regression assigned every inactive compound a fixed pIC50 of 2, which enabled
identical compound sets to be used for classification and regression but remains a modeling convention
rather than a validated biochemical truth. Third, the test-set actives were drawn from singleton clusters,
which was intended to strengthen structural independence from training data but, as shown in Section
3.5, did not fully achieve this. Fourth, class imbalance was corrected for RF, SVM, and XGB models but
not for ANN and DNN, this may partly explain why the neural models underperformed the tree-based and
kernel-based approaches. Fifth, final results are reported as the median of five training–test runs, a lower
number of repeats than in some closely related studies. Finally, this is a retrospective study; no
prospective validation was performed.

5. Conclusion
This study developed and evaluated target-specific machine-learning scoring functions for human MAO-
B, systematically comparing three modeling choices: classification versus regression, PLEC versus
combined Morgan+PLEC features, and untuned versus hyperparameter-tuned models. Three results
stand out.First, the apparent strength of generic scoring functions on MAO-B depends critically on the
evaluation benchmark. RF-Score-VS, the strongest performer on the DUD-E benchmark (NEF1% = 0.789),
declined to NEF1% = 0.061 when re-evaluated against experimentally confirmed inactive compounds —
indistinguishable from the native Smina docking score. This illustrates the limited realism of decoy-
based benchmarks and the value of true-inactive test sets for evaluating scoring functions intended for
prospective use. Second, regression consistently outperformed classification for all five algorithms
tested, and combining structural (PLEC) with ligand-based (Morgan) features improved performance for
most algorithm–task combinations. The best-performing model overall was tuned XGB regression with
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MF+PLEC features (NEF1% = 0.245), exceeding the best generic scoring function on the same test set
(CNN-Score, NEF1% = 0.082) by approximately threefold. Third, hyperparameter optimization did not
reliably improve early-recognition performance, and a structural similarity analysis showed that a
substantial share of early-recognition gains reflected structural analogy to known actives rather than
generalization to novel chemical space. These findings argue for carefully designed benchmarks, explicit
bias controls, and prospective validation in future target-specific scoring function studies for MAO-B and
related targets.
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Figure 1

PR curves for four generic scoring functions rescoring docked poses of the MAO-B/DUD-E benchmark.
The black markers represent the PR values corresponding to the top 1%-ranked molecules
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Figure 2

PRcurves for target-specific and generic scoring functions on the MAO-B test set, using PLEC
features.Panels show baseline and hyperparameter-tuned configurations for classification (left) and
regression (right) models. The y-axis is limited to 0–0.25 for visibility; the random baseline (NEF1% =
0.024) is shown as a horizontal dashed grey line. Each curve corresponds to the run giving the median
NEF1% across five repeats.
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Figure 3

Baseline NEF1% for each of the five target-specific algorithms using PLEC features alone versus
MF+PLEC representation. Panels show classification (left) and regression (right) models. Each line
connects one algorithm's PLEC and MF+PLEC baseline values.
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Figure 4

PR curves for target-specific MAO-B scoring functions using combined Morgan fingerprint and PLEC
(MF+PLEC) features, and generic scoring functions on the true-inactive test set. Panels show baseline
and hyperparameter-tuned configurations for classification (left) and regression (right) models. The
random baseline (NEF1% = 0.024) is shown as a horizontal dashed grey line. Each curve corresponds to
the run giving the median NEF1% across five repeats.
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