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SCOPE: From Shape and Color to Binding

Affinity, with Confidence

Jingyi L. Chen,? Chris Neale,! Mireille Krier,/?l Someina Khor,Pl Anthony R.
Bradley, %4 A Geoffrey Skillman,® Shyamal K. Nath*[!

Three-dimensional quantitative structure—activity relation-
ship (3D-QSAR) is widely used in lead optimization in drug
discovery, yet prediction reliability remains underexplored
despite the continued expansion of chemical space. Here,
we present SCOPE (Shape and Color-based Prediction
Ensemble), a confidence-aware ensemble model for bind-
ing affinity prediction that incorporates a target-agnostic
applicability domain mapping molecular similarity to predic-
tion confidence. SCOPE integrates 3D molecular shape and
color representations from ROCS (Rapid Overlay of Chem-
ical Structures) with complementary kernel-based meth-
ods, namely kernel partial least squares (kPLS) and Gaus-
sian process regression (GPR). The ensemble combines
ROCS-kPLS and ROCS-GPR with a 2D-GPR baseline to
produce confidence-weighted predictions. The ROCS-kPLS
component enables intuitive interpretation through 3D con-
tour maps highlighting favorable and unfavorable chemical
features. Across curated structure—affinity datasets span-
ning multiple protein targets, SCOPE consistently outper-
forms the 2D baseline under both random and cluster-based
cross-validation. Benchmark comparisons further show that
SCOPE achieves strong and competitive performance relative
to the best literature models, including classical 3D-QSAR
and modern machine learning methods.

Introduction

Three-dimensional quantitative structure—activity relation-
ship (3D-QSAR) is a computational modeling approach that
relates biological activity to the three-dimensional properties
and spatial arrangements of molecules [, Tt extends classical
QSAR approaches by explicitly incorporating spatial infor-
mation for activity prediction. The field was pioneered by
Comparative Molecular Field Analysis (CoMFA) (2 which
models binding affinity by sampling molecular interaction
fields on a 3D grid using various probes and analyzing them
with partial least squares (PLS). PLS yields interpretable
contour maps that highlight favorable and unfavorable re-
gions for activity. This interpretability makes it particularly
well suited for lead optimization (LO), where compounds
are typically close structural analogs and design decisions
rely on understanding how incremental structural changes
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affect activity. To mitigate CoMFA’s sensitivity to molec-
ular alignment, Comparative Molecular Similarity Indices
Analysis (CoMSIA) was subsequently developed ®!. CoMSIA
employs smoother Gaussian similarity fields and extends the
descriptor space to include hydrophobicity and hydrogen
bonding interactions, while preserving model interpretability.
Together, these methods form the foundation of classical
field-based 3D-QSAR methods, and remain widely used in
practice, as evidenced by their continued adoption in aca-
demic studies!*® as well as commercial > and open-source
computational platforms 10l

Incorporation of 3D features necessitates the identifica-
tion of bioactive conformations when constructing predictive
models. Fortunately, advances in experimental structural
biology have enabled structure-based drug design to become
the dominant paradigm in modern drug discovery[ll]. In
this context, available co-crystal ligand structures are pre-
ferred for model training and prediction. In their absence,
prediction tools such as POSIT provide a robust alterna-
tive. Specifically, POSIT leverages available target structures
and /or co-crystallized ligands to guide pose optimization 2!
and associates a confidence score with each generated pose,
providing a natural foundation for confidence-aware predic-
tions employed by SCOPE.

Recent developments in 3D activity prediction have broadly
followed three directions. The first builds upon the classical
field-based 3D-QSAR paradigm established by CoMFA, pri-
marily through the development of improved field descriptors
while preserving the underlying regression framework. Ex-
amples include the incorporation of descriptors derived from
quantum mechanics (QM) (13,141 ' The second is exemplified
by QMOD and QuanSA[*17 which employ field-based
model induction to jointly optimize ligand alignment and
affinity models. The third focuses on the adoption of more
advanced machine learning (ML) algorithms, such as random
forests (RF), support vector machines (SVM), and modern
neural networks (NN)-based models, to better capture non-
linear SAR, and in some cases to enable the construction
of more robust consensus models!'®* 2% Within this direc-
tion, many approaches use alternative 3D descriptors such as
protein-ligand interaction features*® and molecular proper-
ties derived from bioactive conformations 2!, More recent
NN-based models further replace engineered descriptors with
learned representations derived directly from protein-ligand
structures(®!.

While these approaches improve predictive performance on
some of the benchmark datasets, they introduce important
trade-offs. QM-derived descriptors are more computation-
ally expensive, and many ML models provide limited model
interpretability. NN-based methods, in particular, often ben-
efit from larger datasets than are typically available in LO
settings. Importantly, most of these developments do not
directly address the challenge of quantifying prediction reli-



ability. QMOD and QuanSA represent notable exceptions
in this respect, incorporating multiple measures to assess
prediction reliability; however, these are not explicitly cali-
brated against prediction error. More broadly, although the
importance of applicability domain (AD) to address predic-
tion reliability is well established in QSAR best practices (22]
and regulatory guidelines 23] such considerations are rarely
incorporated explicitly into 3D activity prediction models.
This is partly rooted in their historical use in LO within
congeneric series, where domain validity is often implicitly
assumed and emphasis is placed on predictive performance
and interpretability. However, modern drug discovery in-
creasingly explores broader chemical spaces, and multiple
distinct series may be considered in LO[lg]7 making explicit
reliability assessment essential. Moreover, integrating re-
liability assessment may also broaden the applicability of
3D activity prediction models to earlier discovery stages
involving more diverse chemical spaces.

Here, we introduce SCOPE (Shape and Color-based
Prediction Ensemble) for predicting the binding affinities of
small molecules against protein targets. The key contribu-
tions of this work are twofold. First, we extend ROCS 24
beyond its traditional role in virtual screening. ROCS-based
molecular overlap and similarity are integrated with kernel-
based methods to enable affinity prediction. Previous studies
have incorporated ROCS-derived features into ML models,
primarily for classification and virtual screening tasks!2%:2%
whereas their use in supervised regression frameworks for
affinity prediction remains limited. Because the training
of kernel-based methods scales at least quadratically with
dataset size, this approach is naturally suited to small- to
medium-sized datasets typical of LO. In contrast to CoMFA
and CoMSIA, SCOPE avoids explicit grid construction for
descriptor generation, reducing performance sensitivity to
grid parameters while naturally accommodating nonlinear
SAR.

Second, we introduce a target-agnostic AD model that
maps molecular similarity to prediction confidence, provid-
ing a quantitative measure of prediction reliability. This
AD framework enables uncertainty-aware prioritization of
compounds and supports more informed decision making in
practical workflows. Within the Design—Make—Test—Analyze
(DMTA) paradigm, compounds with both high predicted
affinity and confidence can be prioritized, while low-confidence
predictions identify underrepresented regions of chemical
space for targeted exploration to improve model performance.
In contrast to existing AD strategies (271 which typically rely
on similarity-based criteria and are implemented as binary
decision rules, SCOPE defines domain criteria directly in
terms of prediction confidence. This eliminates the need
to select similarity metrics and shifts AD definition from
similarity thresholds to confidence thresholds. An example
of how AD-derived confidence, together with POSIT pose
confidence can facilitate decision making in practical LO
workflows is given in Section 1.7.

As illustrated in Figure 1, SCOPE is implemented as an en-
semble comprising ROCS-kPLS, ROCS-GPR, and 2D-GPR.
The ensemble prediction is obtained as confidence-weighted
average of individual model predictions, while the ensem-
ble confidence is taken as the median of their confidences.
This framework combines two complementary kernel-based
methods, namely kernel partial least squares (kPLS) and
Gaussian process regression (GPR), reflecting complemen-
tary deterministic and probabilistic modeling approaches.
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Figure 1. SCOPE as an ensemble of ROCS-kPLS, ROCS-GPR, and
baseline 2D-GPR models. Conf denotes prediction confidence.

Pairwise molecular shape and color overlaps are directly
used as kernels in kPLS, preserving 3D interpretability and
enabling 3D contour map visualization to guide chemical de-
sign. For the GPR models, we adopt a similarity-embedding
strategy in which molecules are represented by their Tan-
imoto similarity vectors to the training set followed by a
linear kernel, where nonlinearity is introduced through the
similarity-based representation.

The validation of SCOPE consists of two complementary
components. First, the model design is evaluated with an
emphasis on statistical significance using curated structure—
affinity datasets, assessing the benefits of ensembling and in-
corporation of 3D information for affinity prediction. Second,
SCOPE is benchmarked against third-party 3D-QSAR and
ML methods on selected literature datasets. In the Results
section, we first discuss two complementary cross-validation
(CV) protocols used to construct the target-agnostic AD.
Then the model design is validated through Friedman tests
with post hoc Conover—Holm pairwise comparisons among
the 2D-GPR, ROCS-GPR, ROCS-kPLS, and ensemble mod-
els. We then present external benchmarking against third-
party methods, followed by comparison with a physics-based
approach. Finally, we illustrate model interpretability for
ROCS-kPLS and ROCS-GPR and conclude with a represen-
tative practical LO workflow with SCOPE.

Methods

0.1. ML models
0.1.1. ROCS-kPLS

kPLS extends PLS through the "kernel trick", which im-
plicitly maps the input data into a high-dimensional feature
space where nonlinear relationships can be modeled using
linear latent variables. Assuming a training set of size n and
an explicit feature vector space of dimension m, kPLS re-
places matrix operations of n x m in PLS with more compact
ones involving n x n kernel matrices.

In this work, we employ a composite molecular overlap
kernel built on the ROCS framework. Each heavy atom
is represented by an atom-centered Gaussian function, and
molecular shape is defined as their sum, yielding a smooth
scalar field that approximates the overall molecular shape.
In parallel, chemical "color" features are encoded using addi-
tional Gaussian functions centered on color atoms, assigned
according to the Implicit Mills-Dean color force field (28],
The kernel is expressed as



K (mol;, mol;) = Kghape(mol;, mol;) + a Kcolor (mol;, mol;)

(1)
where the weighting factor a modulates the relative contri-
bution of shape and chemical color features, and is computed
as the ratio between the maximum self shape overlap and the
maximum self color score across all molecules in the training
set.

The primary hyperparameter in kPLS is the number of
latent variables d, which balances model complexity and
generalization: too many components lead to overfitting,
whereas too few cause underfitting. The optimal value is
determined by CV on the training set ). Specifically, values
ranging from 2 to 15 are evaluated, and the final choice
maximizes CV performance, assessed here using Pearson’s
correlation coefficient squared (r?). An upper bound of 15
components was found sufficient based on prior experience.

Due to the additive nature of kPLS, the predicted affinity
can be decomposed into atomic contributions, enabling grid-
based 3D interpretation via contour maps. A uniformly
spaced grid is defined over the ligand domain, and probe
atom contributions are evaluated at each point. Here, a
carbon probe is used to capture shape contributions, while six
color probes, namely hydrogen bond (H-bond) acceptor, H-
bond donor, hydrophobe, rings, cation, and anion, defined by
the Implicit Mills—Dean color force field, are used to sample
chemical features. The resulting contour maps highlight
spatial “hotspots” where molecular shape or chemical features
correlate positively or negatively with activity, providing a
structural guide for LO.

All kPLS models were trained using an internal imple-
mentation % that sequentially extracts supervised latent
components from the kernel matrix via deflation .

0.1.2. 2D-GPR and ROCS-GPR

In contrast to the deterministic latent-variable formulation
of kPLS, GPR places a Bayesian prior over functions and
defines the model through a kernel-induced covariance struc-
ture, yielding both predictions and uncertainty estimates
that can be interpreted as an alternative approach for defin-
ing the AD. However, these uncertainties may be miscali-
brated in practice and do not necessarily provide a reliable
quantitative measure of prediction error without additional
calibration [32’33]7 as discussed in Section 1.2.

Molecular fingerprints are used for descriptor generation
in the 2D-GPR model. However, 2D fingerprints do not
admit a physically meaningful notion of overlap and are typ-
ically compared using the Tanimoto coefficient. While the
Tanimoto coefficient defines a valid kernel for binary finger-
prints [34], this validity does not generally hold for continuous
3D overlap measures. To enable a unified and well-defined
GPR framework for both 2D and 3D representations, a
similarity-embedding strategy was adopted in which each
molecule is represented by an explicit feature vector of sim-
ilarities to the training set. In the 2D-GPR model, this
consists of n Tanimoto similarities computed from 2D circu-
lar fingerprints using the OpenEye GraphSim Toolkit 1351 In
the ROCS-GPR model, an additional set of n 3D Tanimoto
similarities based on shape and color is concatenated, yield-
ing a 2n-dimensional feature vector. GPR is then applied
using a dot-product (linear) kernel with an additive noise
term, equivalent to Bayesian linear regression in similarity
space. The kernel takes the form
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K (mol;, mol;) = o + ¢(mol;) " ¢p(mol;) + o2 i,  (2)

where the first two terms represent the dot-product kernel
with bias, and the final term represents noise. ¢(mol) rep-
resents the feature vectors in similarity space. For a test
molecule, the posterior mean prediction for ROCS-GPR can
be expressed in linear form as

Jrocs—apr(mol) = b 4 tap dap (mol) + wapdsp (mol). (3)

where b is a global bias and w denotes the effective regression
weights. Equation 3 enables interpretation of the ROCS-
GPR model at the level of 2D and 3D feature contributions.

In this work, we used the scikit-learn implementation of
GPR with default hyperparameters for both the model and
kernel components 3%,

0.2. Curation of structure—affinity datasets

To evaluate the benefits of ensembling and incorporating
3D information, structure-affinity datasets were curated.
As with any ML approach, predictive performance depends
strongly on data quality. To provide the 3D models with
a well-controlled evaluation setting, datasets were curated
from the RCSB Protein Data Bank (PDB) 7 spanning a
diverse set of human protein targets. Each dataset consists
of ligands with experimentally resolved poses and affinity
data for a single target, aligned into a high-quality reference
structure via protein sequence-based alignment.

Given the inherent noise in heterogeneous public data,
several precautions were taken from both the structure and
affinity perspectives. For example, target-specific criteria
such as protein conformational state (e.g., kinase structures
restricted to DFG-in) was applied to ensure binding environ-
ment comparability. While single-lab noise for experimental
affinity data is estimated at approximately 0.3 log units 8,
reported variability increases to approximately 0.5—0.7 from
heterogeneous sources®*#%1.  To mitigate this issue, the
median value was used when multiple measurements were
available. Full details of the curation workflow are provided
in Section 1.1 of the Supporting Information (SI).

Table 1 summarizes the seventeen curated datasets. The
first fourteen were used for AD construction and model design
validation, while the remaining three served as external
validation sets for the AD. All datasets exhibit broad potency
ranges, providing sufficient signal-to-noise ratio for learning
meaningful SAR 1,

Before undertaking any ML studies, exploratory data anal-
ysis was performed to characterize data distributions. Figure
S2 (a—c) in the SI summarizes potency as well as pairwise
2D and 3D Tanimoto similarity distributions, along with
corresponding potency differences to relate structural and
activity similarity. The 3D similarity distributions exhibit a
broader spread, whereas 2D similarities are strongly skewed
toward low values (< 0.2), indicating limited substructural
overlap in circular fingerprint space. In contrast to 2D rep-
resentations, compounds dissimilar in fingerprint space can
exhibit higher 3D similarity, and a clearer relationship be-
tween structural and activity similarity is also observed using
3D measures, suggesting improved discriminative power.

Although these datasets deviate from typical LO set-
tings, their diversity supports more robust SAR learning
and broader AD coverage. While 3D activity models have
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Table 1. Details of seventeen curated structure—affinity datasets ordered by descending size.

UniProt Protein  Size Activity type Activity range Reference PDB
P56817 BACE1 136 pICsg 7.3 5HU1
060885 BRD4 128 pICsg 4.6 471Q
P24941 CDK2 123 pICso 6.1 6GUK
P00918 CAII 109 pK; 9.5 6RH4
P00742 Factor Xa 79 pK; 5.0 2Y5H
014757 CHK1 7 pICso 10.1 4HYI
Q16539 p38a 73 pICsg 6.4 2RG6
QI9H2K?2 TNKS2 69 pICso 5.4 5C5R
P07900 HSP90« 61 pICso 5.4 4NHS8
Q13627 DYRKIA 58 pICso 3.3 6514
P11309 PIM1 57 pICso 5.9 5DWR
060674 JAK2 56 pICsg 5.8 5CF8
P00797 Renin 53 pICso 5.4 3Q5H
P43405 Syk 53 pICso 4.4 5CXH

QINWZ3 IRAK4 49 pICso 6.8 8TX0
P34913 sEH 48 pICso 6.4 5ALY
P27487 DPP-IV 46 pICsg 5.5 3C45

traditionally been applied to congeneric series in LO, it is not
inherently restricted to such settings, and modern campaigns
increasingly explore multiple distinct chemical series[*9. In
contrast, the literature datasets in Section 1.4 reflect more
project-specific LO settings.

0.3. Validation of model design

The first fourteen structure—affinity datasets were used to
validate the proposed model design through systematic sta-
tistical testing, assessing whether one model consistently
outperforms another across multiple performance metrics
under different CV schemes. Figure S3 (SI) illustrates the
procedure.

Starting from fourteen datasets and four ML models, two
complementary CV schemes were used: 5 x 2 CV based
on random splits*?! and leave-one-cluster-out (LOCO) CV.
The 5 x 2 CV scheme, recommended for smaller datasets [43],
involves five random half-splits with alternating training and
test sets, yielding ten splits per dataset. For LOCO CV,
each dataset was clustered into five clusters using K-medoids
clustering where pairwise distance is defined as 1.0—2D Tan-
imoto (cluster distributions in Table S3). Each cluster was
held out once, producing five splits per dataset. K-medoids
was chosen for its more balanced cluster sizes and fewer small
clusters compared to alternatives such as hierarchical cluster-
ing. Clustering was implemented using the scikit-learn-extra
package (method="pam", init="k-medoids++") [44]

Performance metrics were aggregated across CV splits
prior to statistical testing. Under 5 x 2 CV, mean values
were used since variability was small (Figure S4). In contrast,
LOCO CV showed higher variability making split-level esti-
mates unreliable; therefore, pooled metrics were computed
by concatenating predictions across splits. Aggregated val-
ues (Pearson’s r?) under both CV schemes are reported in
Table S2 (SI).

Statistical testing followed Rainio et al.*®! using the Fried-
man test [*% to detect global differences among models. This
non-parametric test was selected primarily because ML met-

rics are often bounded and skewed. When significant (p <
0.05), Conover post hoc tests [+7] with Holm correction 8
were applied for pairwise comparisons. Implementation used
scipy.stats°! and scikit _posthocs 501

This procedure was applied across three performance met-
rics: (1) Pearson’s 72, which quantifies linear correlation; (2)
Kendall’s 7, which measures rank-order agreement; and (3)
median absolute error (MedAE), which reflects the typical
magnitude of prediction error in the same unit as modeled
endpoint. In practical LO settings, correlation and ranking
are often more directly relevant for compound prioritiza-
tion and decision-making, with absolute error serving as a
secondary metric.

0.4. Construction and validation of
target-agnostic AD

A target-agnostic AD was constructed separately for each
individual model. The training data of the AD was derived
by pooling the validation sets from 5 x 2 and LOCO CV
across the first fourteen structure—affinity datasets, yielding
6762 data points, with approximately 80% from 5 x 2 CV.

This AD relates a molecule’s maximum similarity to the
corresponding training set, normalized to the [0, 1] interval,
to an associated prediction confidence, defined as the empir-
ical fraction of accurate predictions. Prediction confidence
can thus be interpreted as the empirical probability that a
model prediction is accurate at a given level of similarity to
the training data.

Specifically, by aggregating predictions across all held-out
test sets from CV, the maximum similarity of a query
molecule = to the corresponding training set smax(x) was
computed for each model. Similarity metrics were chosen to
be consistent with each model’s descriptor representation:
2D Tanimoto similarity for the 2D-GPR model, ROCS Tan-
imoto similarity for the ROCS-kPLS model, and the sum
of 2D and ROCS Tanimoto similarities for the ROCS-GPR
model.

The resulting similarity values were normalized on a



per-model basis and subsequently binned into intervals of
width 0.1. Within each similarity bin, the fraction of accurate
predictions was computed to estimate empirical prediction
confidence as a function of similarity, effectively approximat-
ing the conditional probability P(le(x)| < ¢ | Smax(x) = ),
where () denotes the prediction error and § is the chosen
accuracy tolerance. In this work, § was set at 0.7, such that
a prediction is considered accurate when the absolute devia-
tion is within 0.7 log units, which roughly corresponds to the
upper range of experimental noise observed in heterogeneous
public datasets (see Section 0.2).

To obtain a smooth prediction confidence calibration curve,
bins containing fewer than 30 molecules (less than 0.5% of
total data points) were excluded to remove sparse regions for
each model. Remaining accuracy values were smoothed us-
ing weighted isotonic regression, with bin counts as weights.
Boundary points at (0.0, 0.0) and (1.0, 1.0) were added to en-
sure full coverage. Prediction confidence for a query molecule
is then obtained by interpolating this similarity—accuracy
curve based on its maximum similarity to the training set,
representing the empirical probability of achieving the speci-
fied accuracy. For the ensemble, predictions are combined
as a confidence-weighted average, with ensemble confidence
defined as the median of individual model confidences.

In order to validate the target-agnostic AD, including the
ensemble, the last three structure—affinity datasets, corre-
sponding to distinct protein targets were reserved as external
validation sets. Because prediction confidence is defined prob-
abilistically, the same 5x2 and LOCO CV protocols were
applied to generate resampled external predictions, yielding
858 data points.

Results and Discussion

1.1. Two complementary cross-validation
protocols

Although temporal splits provide the most realistic estimate
of prospective performance in LO, such information is typi-
cally unavailable. In their absence, random splits (5 x 2 CV)
provide an optimistic estimate due to chemotype mixing,
while cluster-based splits (LOCO CV) provide a pessimistic
estimate reflecting generalization to unseen chemical series.
Together, these protocols estimate practical upper and lower
bounds on expected performance.

As K-medoids clustering does not explicitly control inter-
cluster separation, we quantified chemical separation by com-
paring nearest-neighbor test—train similarity distributions un-
der both clustering and random splits. Under cluster-based
splits, median nearest-neighbor similarities were consistently
low (0.12-0.18) with narrow interquartile ranges and upper-
quartile values typically below 0.25-0.30, indicating effective
suppression of close neighbors. In contrast, random splits
produced higher similarities (medians 0.25-0.45), broader
distributions, and upper-quartile values frequently exceeding
0.40-0.50 (Tables S3, S4).

These results demonstrate that LOCO CV enforces stronger
chemical separation than random 5 x 2 CV, yielding a more
extrapolative and chemically challenging evaluation regime.
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1.2. Applicability domain and prediction
confidence

The left panel of Figure 2 shows the fraction of accurate pre-
dictions as a function of maximum similarity to the training
set for all individual models, including both raw accuracy
values and the smoothed calibration curve. Overall, accuracy
increases with increasing maximum similarity to the training
set, with occasional fluctuations near the bin boundaries
attributable to limited sample sizes in those regions.

Separate analyses for 5 x 2 and LOCO CV (Figure S5)
indicate that differences primarily reflect shifts in similarity
coverage rather than systematic change in accuracy at fixed
similarity. This suggests that prediction reliability is largely
governed by test—train similarity, motivating inclusion of
both CV schemes in AD construction.

After obtaining calibration curves for individual models,
the ensemble confidence is defined as the median of individ-
ual model confidences. The right panel of Figure 2 shows
the validation results for the AD, i.e., the observed frac-
tion of accurate predictions as a function of AD-derived
prediction confidence, including the ensemble. Overall, all
models exhibit an approximately linear relationship between
confidence and empirical accuracy, indicating that the AD
functions as a global estimator of predictive reliability across
these protein targets. Among various models, the ensem-
ble model shows a smoother trend than ROCS-kPLS and
2D-GPR, suggesting improved stability.

Finally, to examine how GPR uncertainty relates to pre-
dictive reliability, calibration analysis was performed on the
ROCS-GPR model using 5 x 2 CV predictions for the BACE1
dataset. The calibration curve (Figure S5, left) indicates
overconfident and miscalibrated GPR uncertainty estimates,
consistent with prior findings®?3. In contrast, AD-derived
prediction confidence (Figure S5, right) shows improved
correspondence with empirical accuracy, with only slight
underestimation at low confidence levels.

1.3. Validation of model design

Having established the AD and ensemble framework, we
next validate the model design by assessing (1) whether
ensembling improves performance over individual models
and (2) whether incorporating 3D information improves
affinity prediction.

The resulting Friedman test p-values comparing the en-
semble, ROCS-kPLS, ROCS-GPR, and 2D-GPR models
across both CV schemes and three performance metrics are
summarized in Table S5 (SI). In all cases, p-values were
well below the 0.05 significance threshold, indicating statisti-
cally significant differences in model rankings. Accordingly,
Conover—Holm post hoc tests were performed, with paired
significance results shown in Figure 3.

Overall, the ensemble consistently outperforms the 2D-
GPR baseline across different CV protocols and performance
metrics. However, in contrast to random 5 x 2 CV, fewer sig-
nificant differences are detected under cluster-based LOCO
CV, and the advantage of the ensemble over the individual
3D models diminishes in this setting. Under random 5x2 CV,
higher test—train similarity leads to higher prediction confi-
dence (Figure S7) with balanced model contributions (Figure
S8), allowing differences between models to be effectively
combined. In contrast, LOCO CV emphasizes extrapolation
regions, where lower and more heterogeneous confidence re-
flects domain shift. In this regime, model errors may become
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Figure 3. Paired significant plots from Conover—Holm post hoc tests from 5x2 and LOCO CV using Pearson's 72, Kendall's 7, and MedAE
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more systematic, and the ensemble places greater weight on
the 3D models, reducing effective diversity among models
and limiting the benefit of ensembling [°*.

To complement the rank-based non-parametric tests, we
further examined descriptive effect sizes for the primary
comparison between SCOPE and 2D-GPR (Figure S9). Ab-
solute paired Cohen’s d ranges from 0.9 to 2.0, with larger
effects under random splitting and more moderate but still
substantial effects under cluster-based splitting. Consistent
improvements are observed for both r? and 7, with mean
differences of 0.09-0.20. However, average improvements in
MedAE are limited to approximately 0.1 log units, which is
below typical experimental variability.

These results indicate that the primary benefit of ensem-
bling lies in improved correlation and ranking performance
rather than reductions of absolute prediction error. Similar
limits on absolute error reduction in ML models have been
reported in prior studies*®!. Furthermore, even rigorous
alchemical free energy methods typically achieve absolute er-
rors on the order of 1 kcal/mol (= 0.7 log units), approaching
experimental reproducibility limits %2,

Alternative GPR configurations were evaluated but did
not outperform the current implementation (Figure S10). A
simple k-nearest neighbors (kNN, £ = 3) model was also
compared with 2D-GPR (Figure S11). While kNN often
achieves lower MedAE, potentially due to local averaging, it
exhibits overall inferior correlation and ranking performance.

1.4. SCOPE vs. third-party methods

In this section, we benchmark SCOPE against various 3D-
QSAR and ML methods reported in the literature across
multiple datasets, which are predominantly drawn from
LO contexts. To ensure a fair and consistent comparison,
we adopt the same data-splitting protocols and input 3D
conformers used in the original studies. Unless a three-
way training/validation/test split was explicitly defined, the
latent space dimension d for the ROCS-kPLS model was
optimized using leave-one-out CV on the training set.

1.4.1. Industrial dataset PDE10A

Tosstorff et al. (2022) released a high-quality industrial
dataset comprising 1162 PDE10A (Phosphodiesterase 10A)
inhibitors spanning several chemical series with experimen-
tally determined pICso values®!. Ligand poses were gen-
erated using a multi-template docking workflow that lever-
aged 77 PDE10A X-ray protein-ligand co-crystal structures.
Using this dataset, the authors designed experiments that
reflect realistic LO scenarios and systematically evaluated a
wide range of 2D, 3D, and hybrid scoring functions, as well
as ML approaches, for binding affinity prediction.

Model performance was assessed under three data-splitting
strategies, each employing training, validation, and test sets:
(1) A single random split was used to measure interpolation
performance; (2) Three rolling temporal splits annotated by
the test year were designed to evaluate prospective perfor-
mance across project timelines, where models were trained
exclusively on data generated prior to the test year; (3)
Three binding mode splits were used to assess extrapolation
capability across protein—ligand interaction patterns. In this
setting, models were trained on two binding mode classes
and evaluated on the held-out third class.

Because individual molecule-level predictions were not
reported, we followed the literature and evaluated test-set
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performance using Spearman’s p and root-mean-square error
(RMSE). Performance was then compared across multiple
modeling approaches: (1) Mean of combined training and
validation set (baseline for RMSE); (2) Vanilla GOLD.PLP:
(PLP docking score from GOLD, baseline for Spearman’s p);
(3) Template GOLD.PLP (multi-template docking score); (4)
RF-PLP (scoring function with parameters fitted to training
set); (5) AttentiveFP (2D NN-based ML); (6) 2D3D hybrid
(ensemble average of RF-PLP and AttentiveFP); (7) ACNN
(3D NN-based ML); (8) PotentialNet (3D NN-based ML).

Figure 4 compares the predictive performance of SCOPE
and 2D-GPR against third-party approaches across three
temporal splits and three binding mode splits using Spear-
man’s p. SCOPE demonstrates consistently strong per-
formance across all splits in terms of p, achieving results
comparable to the best-performing models in the literature.
In contrast, literature 3D ML models, including ACNN and
PotentialNet, exhibit substantial variability across different
data splits.

RMSE results (Figure S12) show that none of the eval-
uated methods exhibits a clear advantage over the simple
baseline, defined as the mean value of the combined training
and validation set, which yields an RMSE of approximately
1 log unit. This is consistent with the earlier findings where
improvements in rank-based metrics do not necessarily trans-
late to reduced absolute error in affinity prediction. For
the temporal splits, SCOPE achieves RMSE comparable to
the baseline. In contrast, it underperforms the baseline in
two of three binding mode splits, a trend also observed for
literature 3D ML models.

Performance under the random split (Figure S13) shows
that SCOPE achieves comparable performance with the
best-performing literature models for both Spearman’s p
and RMSE.

Having established the comparative performance of SCOPE
across all splits, we next examine the relationship between
predicted and experimental values directly for each split.
Figure 5 presents predicted versus experimental pICso val-
ues obtained with SCOPE across the three temporal splits
and three binding mode splits.

For the temporal splits, a clear positive trend along the
parity line is observed, consistent with the strong Spear-
man’s p and lower RMSE values. In particular, alignment
is noticeably improved for temporal split 2013 compared
to temporal split 2011, reflecting cumulative training data
that expands chemical coverage . This is further supported
by the prevalence of higher-confidence predictions in tempo-
ral split 2013. In contrast, the binding mode splits exhibit
systematic deviations from the parity line, with a flattened
slope indicating reduced sensitivity to experimental potency.
Downward deviations in the first two splits align with higher
RMSE values, while a greater proportion of low-confidence
predictions suggests limited training coverage of the relevant
chemical space.

To further examine individual model behavior under bind-
ing mode splits, 2D-GPR, ROCS-GPR, and ROCS-kPLS
predictions were compared in Figure S14 (SI). Among these
models, 2D-GPR shows the most pronounced prediction
flattening, whereas ROCS-kPLS preserves the broadest dy-
namic range. Reduced flattening in ROCS-GPR compared to
2D-GPR suggests that 3D similarity is more discriminative,
mitigating regression-to-the-mean behavior. An alternative
2D-GPR formulation using a Tanimoto kernel yields simi-
larly poor performance (Figure S15), indicating that this
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limitation is not driven by the choice of similarity represen-
tation.

Taken together, SCOPE shows strong and competitive
performance relative to the best literature models across
random, temporal, and binding mode splits in ranking and
correlation. Results under binding mode splits further rein-
force QSAR best practices emphasizing explicit definition
and interpretation of the AD, particularly in extrapolative
regimes.

1.4.2. Eight Sutherland datasets

The eight Sutherland datasets 53] have become widely adopted
benchmarks for evaluating 3D-QSAR methods. They com-
prise eight pre-aligned target-specific ligand sets with experi-
mentally determined binding affinity data. For each dataset,
a single training/test split was defined, with approximately
one-third assigned to the test set and selected to maximize
structural dissimilarity with training set. Details of these
datasets are provided in Table S6 (SI).

Benchmarking comparisons include test set Coeflicient of
Determination (COD) results for CoMFA, CoMSIA-basic
(steric and electrostatic fields), and CoMSIA-extra (includ-
ing hydrophobic and H-bond descriptors), as well as sev-
eral recently developed 3D-QSAR methods/frameworks: (1)
Open3DQSARPY. which is an open-source 3D-QSAR frame-
work adopting CoMFA- and CoMSIA-like analysis; (2) COS-
MOSaI’3D[13], which employs field descriptors based on QM-
derived local o-profiles; (3) QMFA (14 which constructs field
descriptors from QM-derived local properties; (4) QMOD 161
which jointly determines ligand alignment during model op-
timization.

For Open3DQSAR, two variants were reported: one using
the original Sutherland alignments and another incorpo-
rating Open3DALIGN P51 denoted as Open3DQSAR and
Open3DALIGN/Open3DQSAR, respectively. In the QMFA
study, H-bond interaction fields were generated using wa-
ter and formamide probes, labeled as QMFA-water and
QMFA-formamide. QMOD results were originally reported
as Pearson’s r?, with no expected substantial differences
from COD noted by the authors. Results for SCOPE were
obtained using the original Sutherland alignment.

Figure 6 shows the distribution of COD values obtained
using SCOPE along with the collection of third-party meth-
ods described above. Dataset-specific COD values for all
methods are reported in Table S7 (SI).

SCOPE achieves one of the highest median COD while
maintaining a comparatively tight interquartile range, indi-
cating both strong average predictive accuracy and enhanced
robustness across datasets. Although COSMOsar3D and
two QMFA-based variants show slightly higher median per-
formance, they exhibit at least one outlier, reflecting reduced
robustness. Open3DQSAR attains comparable median COD
but displays greater variability, as indicated by a larger
interquartile range.

Predicted versus experimental potency values across all
eight datasets indicate that these datasets are predominantly
evaluated in an interpolative regime with high confidences
(0.6-0.8) where test compounds are well represented within
the training domain (Figure S16) .

1.4.3. BACE1 dataset

Subramanian et al. (2016) published a comprehensive dataset
of human BACE] inhibitors and evaluated various regression
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models under a challenging, data-limited scenario intended
to mimic realistic LO conditions®®l. Models were trained on
205 ligands with experimentally resolved X-ray binding poses
and validated on 1273 structurally related analogs without
structural data, all with experimental pICso values. Binding
poses for validation set were generated by propagating align-
ments from corresponding reference X-ray ligands. The study
systematically compared 2D ML models, including multiple
linear regression (MLR), random forest (RF), and deep neu-
ral networks (DNN) against 3D-QSAR approaches, including
CoMFA, CoMSIA, atom-based QSAR (ABM), and variants
using force-field and Gaussian formulations (FQSAR_ff and
FQSAR gau).

Because per-ligand predictions for all models were pro-
vided, we used Pearson’s 72, Kendall’s 7, and MedAE as
performance metrics. Figure 7 shows the validation set per-
formance comparison among SCOPE, 2D-GPR, and the
third-party approaches described above.

Across all three performance metrics, SCOPE demon-
strates consistently strong performance, achieving the high-
est Pearson’s 72 and Kendall’s 7. Its performance in MedAE
is also comparable to the strongest approaches from the
literature, namely 2D ML methods RF and DNN. Although
2D-GPR underperforms relative to RF and DNN in terms
of MedAE, it achieves competitive performance in terms of
ranking and correlation.

Similar to the Sutherland datasets, predicted versus ex-
perimental potency values show that most predictions are
associated with relatively high confidence (> 0.6) (Figure
S17), consistent with the strong overall predictive perfor-
mance observed for SCOPE.

1.5. Comparison with (MM/PBSA)

Here we extend the comparison to a physics-based approach,
namely ensemble-averaged Molecular Mechanics/Poisson—
Boltzmann Surface Area ((MM/PBSA)), derived from molec-
ular dynamics (MD) simulations using the first fourteen
structure—affinity datasets. Fully rigorous alchemical free
energy methods were not included, as they are typically
applied to small, highly optimized congeneric ligand series
that comprise only tens of compounds per target B2 In
contrast, MM /PBSA is used as a computationally efficient,
physics-informed ranking method [67.58] placing it closer in
scope to 3D activity models. Details of MD simulations and
<MM/PBSA> calculations are provided in Section 1.4 of SI.

Kendall’s 7 was used as the ranking metric. A small num-
ber of ligands were excluded when computing Kendall’s 7 for
<MM/PBSA>, primarily arising from force field application
issues. Specifically, 45 ligands were excluded for CAII, 7 for
JAK2, and 5 for CDK2, while all remaining datasets lost at
most two ligands.

Figure 8 compares Kendall’s 7 between (MM /PBSA) and
SCOPE evaluated under random and cluster-based splits.
For SCOPE, results across CV splits are shown as box plots
to illustrate the full range of observed performance.

Under random splits, SCOPE performs consistently higher
or comparable with <MM/PBSA>. In practice, however,
this evaluation regime presupposes the availability of an
initial training set that is sufficiently large and diverse
within the chemical space of interest. Under this assumption,
SCOPE can reliably achieve ranking performance compara-
ble to, and often exceeding <MM/PBSA> across a broad
range of targets.
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Figure 6. Performance comparison between SCOPE (blue) against third-party 3D-QSAR methods across the eight Sutherland datasets using
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Figure 7. Performance comparison among SCOPE (blue) and 2D-
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Prediction error is estimated using 95% confidence interval.
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In contrast, SCOPE performance evaluated under cluster-
based splits exhibits substantially broader distributions of
Kendall’s 7, highlighting pronounced variability across held-out
clusters. These results indicate that extrapolative perfor-
mance depends strongly on the chemical distinctiveness of
the new scaffold. In such cases, a more practical strategy
is to first acquire a modest amount of experimental data
for the new scaffold to establish baseline coverage of the
relevant chemical space, and subsequently retrain or update
the model to support further optimization.

1.6. Model interpretation

Beyond predictive performance, interpretability is critical
for practical deployment; here we examine how SCOPE can
be interpreted to provide actionable design guidance as well
as mechanistic insights.

Using temporal split 2011 of the PDE10A dataset as
an illustrative example, the ROCS-kPLS model component
was trained on the combined training and validation data
comprising compounds prior to 2011. Model interpretation
was performed by first constructing a 3D domain grid en-
closing all ligands, using a grid spacing of 1 A. The grid was
sampled using multiple probe atoms: a carbon atom and
six color atoms defined according to the Implicit Mills—Dean
color force field. Figure 9 presents a representative 3D con-
tour map derived from the ROCS-kPLS model highlighting
favorable regions for H-bond acceptor.

Importantly, these contour maps capture the collective
contribution of all molecules used to build the model, re-
flecting shared spatial interaction patterns learned across
the dataset. As such, they provide actionable guidance for
medicinal chemists by highlighting regions where introducing,
strengthening, or repositioning a chemical feature is likely
to improve activity, as well as regions where such features
may be less favorable.

Interpretation of ROCS-GPR was carried out by analyzing
the relative contributions of 2D and 3D similarity features
across the test set, which serves as a model diagnostic tool.
Figure S18 (SI) shows how 3D contributions become more
dominant under binding mode split compared to temporal
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Hydrogen bond acceptor

Figure 9. 3D Contour map highlighting favorable regions for H-bond
acceptor derived from the ROCS-kPLS model. A high contour value
of 0.19 is chosen. The most potent compound from the combined
training and validation set is shown for structural reference.

split, reinforcing the benefit of 3D information in extrapola-
tive regimes where 2D similarity is less informative.

1.7. An example lead optimization
workflow using SCOPE

Building on the characterization of SCOPE, we demonstrate
its use in a representative LO workflow based on the PDE10A
dataset. The 2011 temporal split is treated as a retrospective
prospective-like scenario, with pre-2011 compounds used for
training and 2011 compounds as an independent test set,
allowing assessment of how SCOPE would support decision
making in practice.

Ligand binding poses were generated using POSIT [
against all 77 PDE10A co-crystal structures. One training
compound failed pose generation, yielding 622 training, 70
validation, and 250 test compounds. In addition to pose
generation, POSIT also provides pose-confidence estimates,
which can be used as a quality-control criterion during model
construction or incorporated into prediction confidence dur-
ing prediction.
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Figure S19 (SI) shows that both training+validation and
test sets are dominated by high pose confidence (0.8-1.0),
reflecting the extensive structural coverage in the present
setting. Accordingly, no pose-based filtering was applied.
In more practical settings with fewer co-crystal structures,
pose confidences are expected to be more heterogeneous,
and it can be used to filter unreliable poses during model
construction to preserve training-set quality, with the choice
of threshold depending on the specific dataset and requiring
a balance between pose reliability and chemical coverage.

SCOPE was trained on the training-+validation set and
applied to the temporally held-out test set. At prediction
time, prediction confidence was updated as the product
of the AD-derived confidence and the corresponding pose
confidence, ensuring that predictions are considered confident
only when both the learned SAR and the underlying binding
pose are well supported.

Spearman’s p and RMSE are reported for consistency with
prior validation analyses. Following the practical-significance
framework of Ash et al.[**l, regression predictions were con-
verted into post hoc classification decisions using an activity
threshold of pICs¢ >= 7, and precision and recall were used
to assess reliability of prioritized compounds and the fraction
of active compounds successfully identified.

To reflect how AD can support decision making, the im-
pact of applying confidence thresholds on predictive perfor-
mance and decision-oriented metrics is illustrated in Figure
S20 (SI). Applying a confidence threshold of 0.6 increases
p from 0.50 to 0.59, reduces RMSE from 0.96 to 0.86, im-
proves recall from 0.64 to 0.82, and maintains high precision
(0.85 to 0.86). We note that the magnitude of these effects
depends on the chosen threshold; in practice, threshold se-
lection reflects a balance between reliability and coverage.
By comparison, literature-reported poses evaluated on the
full set yield slightly higher Spearman’s p (0.58 [0.48, 0.66])
and lower RMSE (0.94 [0.86, 1.0]) than POSIT-generated
poses (Spearman’s p=0.50 [0.40, 0.60]; RMSE=0.96 [0.88,
1.0]). Importantly, the 95% confidence intervals for these
metrics overlap, suggesting that the observed differences are
modest.

In this example, filtering out low-confidence predictions
improves predictive performance by restricting evaluations



to in-domain regions. In DMTA contexts, however, selec-
tively including low-confidence compounds may be desirable
to probe underrepresented regions of chemical space and
improve model performance over successive cycles 1591 Over-
all, this example demonstrates how SCOPE can support
practical LO workflows by integrating AD-based prediction
confidence and POSIT-derived pose confidence for informed
decision making.

Conclusion

SCOPE incorporates a target-agnostic AD framework that
maps similarity to an empirically calibrated prediction con-
fidence. Building on this foundation, it is constructed as a
confidence-weighted ensemble of ROCS-kPLS, ROCS-GPR,
and 2D-GPR models, with the overall prediction confidence
defined as the median of individual model confidences. In
prospective applications, this confidence information can
be used in several complementary ways. Compounds pre-
dicted to have both high affinity and high confidence can be
prioritized as reliable candidates for immediate progression.
Conversely, compounds assigned low prediction confidence
identify regions of chemical space that are poorly repre-
sented by existing training data. Strategically selecting and
experimentally evaluating a subset of such low-confidence
compounds provides a rational, data-driven approach for ex-
panding chemical-space coverage and improving downstream
model performance as new data are incorporated.
Validation results using curated structure—affinity datasets
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guide compound prioritization by jointly incorporating the
model’s AD and POSIT-derived pose confidence into deci-
sion making. Overall, these results position SCOPE as a
practical and scalable modeling framework that effectively
balances predictive accuracy, interpretability, and compu-
tational efficiency. The method is particularly well suited
for discovery programs in which reliable binding poses and
moderate to large amounts of ligand data are available, while
its AD supports responsible use in extrapolative settings.

For future work, incorporating pose ensembles may im-
prove prediction stability and accuracy by reducing sensitiv-
ity to the choice of a single predicted pose, for example by
aggregating predictions across the top-ranked POSIT poses.
Active learning would enable confidence-guided selection of
new compounds, allowing systematic expansion of chemi-
cal space specifically where the model is most uncertain.
Finally, tighter integration with physics-based refinement,
for example, applying MD selectively to low-confidence or
high-impact compounds, would support a hybrid workflow
in which SCOPE provides rapid triaging while physics-based
methods offer mechanistic validation.
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