Rayka and Naghavi BMC Bioinformatics (2026) 27:120 BMC Bioinformatics
https://doi.org/10.1186/s12859-026-06452-w

. o R @
Reindeer: a protein-ligand feature generator 2
software for machine learning algorithms

Milad Rayka'" and S. Shahab Naghavi'

*Correspondence:

Milad Rayka Abstract

miladrayka93@gmail.com . . . . .

'Department of Physical and Backglfound. Feature genergtlon.drlves machine Iearnlng—baseq drug dIS(.ZOVGFy by
Computational Chemistry, Shahid producing unigue, compact, invariant, and computationally efficient descriptors. In
Beheshti University, 1983969411, structural protein-ligand binding affinity prediction, machine learning has developed

Evin, Tehran, fran a range of feature generation methods, with geometry-based techniques achieving

the highest predictive accuracy—particularly when used with the eXtreme Gradient
Boosting (XGBoost) algorithm. Unfortunately, these techniques remain largely
inaccessible to end-users due to their reliance on programming expertise. To address
this, we introduce REINDEER, a software tool that streamlines geometry-based
feature generation through an intuitive Graphical User Interface (GUI), Command Line
Interface (CLI), and Python API.

Results REINDEER implements four state-of-the-art feature generation methods:
Occurrence of Interatomic Contact (OIC), Distance-Weighted Interatomic Contact
(DWIQ), Extended Connectivity Interaction Feature (ECIF), and Multi-Shell Occurrence
of Interatomic Contact (MS-OIC). The software also supports parallel processing to
accelerate computation. To demonstrate the REINDEER's capabilities, and validate
its implementations, we evaluate it on a novel protein-peptide dataset, assessing its
performance in three key areas: (i) computational speed under CPU parallelization, (ii)
binding affinity prediction accuracy using XGBoost, and (i) uncertainty quantification
via conformal prediction. Results confirm the computational efficiency of the
implemented methods and demonstrate that the generated features produce
predictive models in a practical workflow. Among the four methods, ECIF paired

with XGBoost yields the highest Pearson’s correlation coefficient (Rp = 0.651).
Furthermore, the XGBoost-ECIF conformal predictor proves both valid (mean accuracy
of 81%) and efficient (mean confidence region size of 1.442).

Conclusions By democratizing access to advanced feature generation methods
through GUI, CLI, and Python API, REINDEER enables researchers with limited
programming expertise to harness cutting-edge machine learning techniques in
designing machine learning-based scoring functions for their specific problems.

Keywords Machine learning, Feature engineering, Protein-ligand binding affinity,
Software, Scoring function, Conformal prediction, Uncertainty quantification
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Background

Traditional machine learning (hereafter ML) and deep learning (DL) have revolution-
ized protein-ligand binding affinity predictions, a critical task usually accomplished by
scoring functions [1-4]. While deep learning models—such as Deep Neural Networks
[5], Graph Neural Networks[6], and Transformers [7]—have gained recent popularity,
they present challenges including limited interpretability([8] (i.e., “black box” nature) and
a strong dependence on large training datasets [9]. Deep learning methods also require
substantial computational resources, particularly GPU acceleration for both training
and inference. In contrast, ML-based scoring functions offer competitive performance
with reduced data requirements and greater model transparency. However, this comes
at the cost of explicit feature engineering: ML models require carefully crafted descrip-
tors [10, 11], and generating high-dimensional geometry-based features can itself be
computationally intensive. However, unlike deep learning, this feature generation cost is
one-time, and the resulting static feature vectors can be reused across multiple modeling
tasks. For instance, ECIF:LD-GBT [12] and ENS-Score[13] both use interatomic feature
engineering along with Gradient Boosting Decision Trees (GBDT) [14] to get results on
par with computationally intensive deep learning methods on CASF-2016 benchmark.
Given the scarcity of protein-ligand complexes with binding affinity data, ML stands out
as a practical choice, assuming that feature engineering becomes more streamlined.

Despite their undeniable practicality, feature engineering methods are often inacces-
sible, buried within academic papers and their accompanying code. The Descriptor Data
Bank (DDB) was one of the earliest efforts to make these techniques accessible to end
users [15]. The DDP provides 16 descriptor extraction methods for proteins, ligands,
and protein-ligand complexes, along with various ML toolboxes to filter out irrelevant
features. Unfortunately, the DDB website and its source code are no longer available.
Likewise, the Open Drug Discovery Toolkit (ODDT) [16], a Python package for drug
discovery, showed early promise with tools for molecular docking, virtual screening,
and machine-learning-based scoring functions (RF-Score [17], PLEC [18], and NNScore
[19]). However, its development has stopped. More recently, the ML-based Protein-
Ligand Interaction Capturer (ML-PLIC) [20], an upgraded iteration of the Artificial
Intelligence-based Scoring Function Platform (ASFP) [21], was designed to automati-
cally generate new ML-based scoring functions. This platform—offering feature vectors
from established scoring functions like PLEC, SPLIF [22], and NNScore— streamlines
the feature generation process. However, it is solely accessible through a web applica-
tion, and it remains far from the ideal solution. A structured comparison between the
mentioned tools and the current work is gathered in Table S1.

While modern protein and molecular language models (e.g., ESM2 [23], and Chem-
BERTa [24]) provide powerful end-to-end representations, the geometry-based
descriptors have distinct practical and scientific advantages. First, they are inherently
interpretable: each feature corresponds directly to a physical interaction, enabling
straightforward attribution of predictions to structural components. Second, they are
computationally lightweight and do not require GPU acceleration or large pretrained
models, making them accessible in resource-constrained environments. Third, they per-
form robustly in low-data regimes, where large fine-tuning datasets may be unavailable.
Finally, these fixed-length descriptors integrate seamlessly into established machine-
learning workflows, supporting rapid prototyping and feature selection [25, 26].
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To address this gap, we present REINDEER (protein-ligand feature generator): an
open-source, multi-interface software platform that streamlines the generation of geom-
etry-based protein-ligand features. REINDEER integrates four well-established geome-
try-based feature engineering methods from RF-Score, ET-Score [27, 28], ECIF::LD-GBT,
and OnionNet-2 [29]. The current release (version 0.2.0) focuses solely on geometry-
based methods, excluding energy-based or empirical approaches like Ay ;o RF50[30].
It’s worth mentioning REINDEER enhances user-friendliness through both Command
Line and Graphical User Interfaces (CLI and GUI). Developed in Python with minimal
dependencies, it also supports parallelization for accelerated computation.

To demonstrate its capabilities, we use REINDEER to design an ML-based scoring
function for a recently published peptide-protein dataset[31] (see Fig. 1). Peptides, as
a new modality, open promising therapeutic avenues, especially as conventional small-
molecule drugs reach their discovery limits [32, 33]. To this end, we opt for the XGBoost
algorithm [34] alongside the Optuna package [35] for learning and hyperparameter
optimization, respectively. We also augment our ML-based scoring function by incor-
porating Conformal Prediction (CP) [36-38], which quantifies uncertainty and pro-
vides confidence estimates for predicted binding affinities. Our results demonstrate that
REINDEER accelerates drug design by generating reliable and well-optimized scoring
functions for peptide-protein complexes.

Implementation

Feature engineering techniques

In this version of REINDEER, we have implemented only geometry-based methods. As
listed in Table 1 and Fig. S1, we select the Occurrence of Interatomic Contact (OIC)
from RF-Score [17], the Distance-Weighted Interatomic Contact (DWIC) from ET-Score
[27], the Extended Connectivity Interaction Features (ECIF) from ECIF::LD-GBDT [12],
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Fig.1 Overview of the workflow in this study. The workflow depicts the generation of OIC, DWIC, ECIF, and MS-OIC
by REINDEER software. The software has been assessed at three levels: a execution time in parallel computation,
b designing an ML-based scoring function for the protein-peptide dataset, and ¢ conformal prediction for uncer-
tainty quantification
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and the Multi-Shell Occurrence of Interatomic Contact (MS-OIC) from OnionNet-2
[29]. We pick these feature vectors for their simplicity, popularity, and strong perfor-
mance compared to leading deep learning-based scoring functions, each of which we
explore in detail in the following section.

Occurrence of interatomic contact (OIC)

OIC introduced by Ballester et al. [17], forms the foundation of the RF-Score. This
method represents a protein-ligand complex by counting how often specific atom pairs
occur within a set distance threshold. The method assigns ten elemental atom types
(H, C, O, N, E, B, S, Cl, Br, and I) to protein and ligand, though hydrogen was originally
excluded. The occurrence is computed as:

ke

L;

Ty = Z S} (dcutoff - dkl) (1)

11=1

=
Il

where z; ; is the number of contacts between i and j atom types. k and / belong to pro-
tein and ligand, classified as i and j, respectively. dy; is their Euclidean distance, and © is
the Heaviside step function, which counts contacts within the deyoff = 12 A.

Distance-weighted interatomic contact (DWIC)

DWIC, used in ET-Score [27] to represent protein-ligand complexes as vectors, also
forms the foundation of GB-Score [28] and ENS-Score [13]. Like OIC, it defines ten ele-
mental atom types for both ligand and protein. However, it refines protein atom types
based on the properties of amino acid side chains, grouping them into four categories
to capture their distinct characteristics: Charged (c), Polar (p), Amphipathic (a), and
Hydrophobic (h).

Charged = {Arg, Lys, Asp, Glu}

Polar = {Gln, Asn, His, Ser, Thr, Cys}
Amphipathic = {Trp, Tyr, Met}

Hydrophobic = {Ile, Leu, Phe, Val, Pro, Gly, Ala}

Thus, each elemental type of protein atom fits into one of four groups. For instance, C,
represents a carbon atom in a polar residue. Like OIC, DWIC builds features from pro-
tein-ligand atom-type pairs. But, instead of using the Heaviside step function, DWIC
weighs interatomic contacts by the inverse square of their distance. The following equa-
tion defines this rule:

K Li
=YY @
k=11=1 'tk
The symbols follow the same definitions as in Eq. 1. As with OIC, DWIC sets
deutopr = 12A.

Extended connectivity interaction features (ECIF)
ECIF shares the same fundamental principles as DWIC and OIC but differs in atom type
representation and cutoff distance (dcytofr = 6 A) [12]. Retaining only OIC’s counting
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Table 2 Overview of four protein-ligand featurization algorithms. Each algorithm processes atomic
features and spatial distances to generate interaction-based descriptors

(o][« DWIC
Input Protein, Ligand, deutot = 12 A Input Protein, Ligand, ResidueGroups, deutog = 12 A
Output Feature vector x[i][]] Output Feature vector x[/][j]
T:z[i][j] < 0 Tzfi][j] < 0
2: For all protein atom p: ¢ «— type of p 2: For all protein atom p: 4 <— (element, group of p)
3:Forall ligand atom [: j < type of |/, 3:Forallligand atom [: j < type of /, d < dist(p, )
d < dist(p, 1) 41fd < dewsorr: @[d)[4]  @[i][4] + 3¢
40fd < deytosr: z[P][7] < x[d][j] + 1 5:Return x
5:Return x
ECIF MS-OIC
Input Protein, Ligand, deytosr = 6 A Input Protein, Ligand, deutor = 31 A, Shellwidth = 0.5 A
Output Feature vector x[i[j] Output Feature tensor x[/[j][s]
T:z[i][j] < O T:x[d][4][s] + O

2: For all protein atom p: i < ECIFType(p) 2:Forall ligand atom /- 4 < ligand type
3:Forall ligand atom I: j < ECIFType(l), 3: For all protein atom p: j < residue type, d <+ dist(p, 1)

d <+ dist(p,1) 4:1fd < deygoft: s < |d/ShellWidth| + 1
40fd < deytosr: z[P][7] < x[d][j] + 1 5:0f1 < s < 62:z[i][5][s] + z[z][5][s] + 1
5:Return x 6: Return x

scheme, ECIF classifies atoms by their environments—using the atom symbol, explicit
valence, number of attached heavy atoms, number of attached hydrogens, aromaticity,
and ring membership. This scheme yields 22 protein and 70 ligand atom types, forming a
feature vector of 1,540 integer-valued descriptors.

Multi-shell occurrence of interatomic contact (MS-OIC)

MS-OIC is a feature generation technique used in OnionNet-2 [29] and OnionNet [39].
Like other methods, it counts occurrences of various protein-ligand entity pairs. For
ligands, eight atom types are defined: H, C, N, O, P, S, HAL, and DU, where HAL repre-
sents all halogens, and DU includes any atoms not classified in these categories. On the
protein side, twenty natural amino acids and an additional “OTH” symbol are consid-
ered. This symbol accounts for water molecules, ions, and non-standard amino acids.
Residue-atom pair contacts are counted within 62 concentric shells around the ligand,
each 0.5 A thick, providing a detailed representation of the protein-ligand complex. The
final feature vector has a dimensionality of 10,416 (8 x 21 x 62).

Software architecture

We implement REINDEER software with the mindset of minimum dependencies.
REINDEER operates on standard Python (v3.9) libraries, e.g., Numpy [40] and
Scipy [41]. To ensure code quality and consistency, several extensions of VSCode
software, e.g., black and pylint, are utilized during development. The exact list of
libraries and quality control tools used alongside installation steps are available at the
REINDEER repository in GitHub. For feature generation, REINDEER provides three lev-
els: CLI, GUI, and Python API (see Fig. 2 and Fig. S1 for GUI). It is necessary to men-
tion that ligand and protein structures (assumed to have hydrogen atoms) should be
provided in separate MOL2 (SDF) and PDB formats, respectively. Users are expected
to add hydrogen atoms, at the desired pH, using external tools such as PDBFixer [42]
for proteins and OpenBabel [43] for ligands. Distance cutoffs for each method are set
to their original published values by default (OIC and DWIC: 12 A, ECIF: 6 A, MS-OIC:
31 A with 0.5 A shells). However, advanced users can modify these parameters via the
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» Input file > Python API

! from reindeer. feature_generators import ecif
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Fig. 2 Schematic of input file, Python API (Application Programming Interface), and Command Line interface for
REINDEER package

Python API and CLI to suit dataset-specific requirements. Generated features are saved
in comma-separated value (CSV) format in the user-specified directory. The Stream-
1lit package (v.1.25.0) is employed for the REINDEER GUI development (see Fig. S2).
Streamlit is an open-source library in Python that simplifies the creation and sharing
of custom web apps specifically for machine learning and data science. Instructions
on REINDEER usage at CLI and GUI levels or import as a module are available in the
REINDEER GitHub repository.

It should be mentioned that REINDEER’s implementations of ECIF and MS-OIC are
refactored from their original open-source codebases, preserving core algorithmic logic
while adding parallelization and unified interface support. Execution times reported
here reflect performance within the REINDEER framework and are not intended as

direct comparisons against the original standalone implementations.

Case study

We demonstrate the effectiveness of REINDEER by designing an ML-based scoring
function for a newly curated protein-peptide dataset. In this study, we utilize XGBoost
(eXtreme Gradient Boosting) [34] as our machine learning algorithm because of its
proven and reliable performance in cheminformatics and bioinformatics tasks, such as
predicting molecular properties and estimating protein-ligand binding affinity [44]. We
do not include a comparative analysis with other machine learning algorithms or other
state-of-the-art models, as it falls outside the scope of this paper. Algorithms, because
they go beyond the scope of the current paper. Additionally, we enhance the scoring
function to provide confidence levels for predicted binding affinities by implementing
a conformal predictor. In the following sections, we discuss the XGBoost algorithm
and conformal prediction mechanism and provide further details on hyperparameters

optimization.

XGBoost

A tree-boosting system, XGBoost [34], is selected to develop an ML-based scoring func-
tion. XGBoost is an ensemble method that builds models sequentially, each correcting
the errors of its predecessor. Unlike the commonly used Gradient Boosting Decision
Trees (GBDT) implementation in scikit-learn [45], XGBoost employs Newton’s
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method—a second-order gradient approximation—to enhance convergence and accu-
racy. It also incorporates regularization terms to prevent overfitting and efficiently han-
dles large datasets. These features make XGBoost a widely used learning algorithm in
bioinformatics and chemistry [46, 47].

Here, we implement and optimize our estimator and its hyperparameters using the
XGBoost package (v1.7.6) and Optuna (v3.6.1). Table S1 in the Supplementary Infor-
mation (SI) (Additional file 1) summarizes key hyperparameters and their corresponding
search space.

Conformal prediction

It is a standard practice to assess an ML performance using external test sets or cross-
validation. However, the lack of reported confidence for a new example makes trusting
the predictive value unsafe [37]. To address this problem, we opt for an off-line inductive
conformal prediction (ICP) framework [36, 37]. The conformal prediction (CP) approach
relies on a confidence predictor, a prediction algorithm that outputs a prediction region,
e.g., a real-valued interval in a regression case. To construct a confidence predictor, we
split a dataset into mutually exclusive training, validation, and test sets. Then, we ought
to define a nonconformity measure—an essential aspect of ICP measuring the difference
between the test sample and the rest of the data—by the following formula:

a; = |7/z€;yz| (3)
where y;, ¥;, and o; are true label, predicted label, and standard deviation of predicted
labels by an ensemble of size K for i*" data instance, respectively. In the next step, we
calculate o values for all validation data and sort them in ascending order. We select
80" percentile or Pgy from the sorted list concerning a desired confidence level. Even-
tually, we obtain a prediction or confidence region (CR) for new data instance by the
formula Pgy x €%, in which o; is the standard deviation of the prediction labels of K
trained models [13].

Results

We explore the capability of REINDEER by designing an ML-based scoring function for
protein-peptide complexes. It is essential to indicate that the primary objective of this
research is to provide software and a proof-of-concept example. We are not seeking to
conduct a comprehensive benchmark against state-of-the-art models, datasets, or intro-
duce additional capability like interpretability. Peptide—based drugs are an emerging
class of therapeutics—usually consisting of 2 to 50 amino acids—between small mole-
cules and biologics in size, complexity, and functionality. These drugs have higher speci-
ficity and affinity and show lower toxicity [48]. Their applicability spans from oncology
and metabolic disorders to cardiovascular diseases [49]. Specifically in metabolic disor-
ders, peptides like glucagon-like peptide-1 (GLP-1) analogs, e.g., liraglutide and sema-
glutide, are broadly used to treat type 2 diabetes and chronic obesity [50, 51].

Here, we employ a subset (2519 complexes) of the protein-peptide dataset of Durant
et al. paper [31] (see Zenodo repository for PDB IDs). They compiled this dataset from
the PDBBind 2020 version database [52] by preserving complexes with the letters “MER”
as the ligand code for peptides. In the current dataset, all binding affinity values are
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reported as pK units (i.e., —log19 K, where K is the equilibrium dissociation or inhibition
constant), which are dimensionless. Figure 3 see Table S2 for quantitative version—dis-
plays distributions of binding affinity and molecular properties related to drug-likeness
or bioavailability, such as molecular weight and number of hydrogen bond acceptors.
This figure illustrates how peptide-based drugs deviate from Lipinski’s Rule of Five,
resulting in poor ADME (absorption, distribution, metabolism, and excretion) and phar-
macokinetic characteristics, as noted in previous research on peptide-based drugs [48].

Then, we investigate the execution time of each feature generation method against
different numbers of CPU Cores. To this end, we utilize the GUI of REINDEER and
measure execution time on a common Linux distribution, equipped with an Intel(R)
Core(TM) i7-14700KF, and 64 GB RAM. Figure 4a and Table S3 depict improved paral-
lel efficiency by the decrease in execution time with the increase of CPU cores. However,
the extent of this improvement varies between the different algorithms. MS-OIC starts
with the longest execution time (/21288 s) but delivers the most drastic drop, particu-
larly from two to four cores, after which the drop slows but remains apparent up to 16.
In contrast, OIC and DWIC have relatively the same execution time profiles with lim-
ited reduction after four cores, suggesting bottlenecks or parallel execution inefficiency.
ECIF takes more execution time than OIC and DWIC initially but benefits more from
parallelization, with noticeable declines up to eight cores before leveling off.

The different scaling demonstrates the algorithmic complexity of each method.
OIC and DWIC employ simple counting and distance-weighting within 50 and 200
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Fig. 3 Binding affinity and molecular property distributions for the protein-peptide dataset
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Fig. 4 a Execution time vs. number of CPU cores for different algorithms (OIC, DWIC, ECIF, and MS-OIC) andb
Boxplots diagram of R p values on the test set

dimensions, respectively. So, their computational cost is dominated by pairwise dis-
tance calculations, which parallelize efficiently but can be saturated beyond four cores
as parallel overhead outweighs the lightweight per-contact computations. In contrast,
ECIF’s higher dimensionality (1,540) and complex atom typing shift the burden toward
feature accumulation, benefiting from additional cores. MS-OIC, with its 10,416-dimen-
sional output and 62 concentric shells, involves extensive binning operations per atom
pair, allowing effective utilization of up to 16 cores before memory bandwidth limits are
reached.

Prior to learning, the four generated features (i.e., OIC, DWIC, ECIF, and MS-OIC)
are pre-processed by standardizing and discarding static, quasi-static (variance less than
0.01), and correlated features (correlation above 0.95) [28]. This procedure reduces the
number of features to 25, 96, 780, and 8604 for OIC, DWIC, ECIF, and MS-OIC, respec-
tively (names of retained features are available on the “additional_files” accompanying
this manuscript). We design four ML-based scoring functions for predicting binding
affinity by the XGBoost regressor algorithm and four generated features. To this end,
we employ 10-fold cross-validation for model selection. In this procedure, we randomly
split the training folds into separate training and validation sets, retaining the last fold
solely for testing. We minimize computational costs by restricting hyperparameter
fine-tuning to the first set of training and validation splits.It should be noted that the
employed random 10-fold cross-validation does not control for sequence homology,
which may lead to optimistic performance estimates. Table S4 lists the optimized hyper-
parameters, tuned using Optuna’s default settings over 20 trials. Figure 4b shows the
spread of Pearson’s correlation coefficient (Rp) on the test set (for RMSE see Fig S2 in
Additional file 1). Table S5 reports the average and standard deviation of (Rp) and Root
Mean Square Error (RMSE) for both validation and test sets across 10 folds.

On the test set, ML scoring functions built with OIC and DWIC features yield the
lowest R p values--0.543 and 0.615, respectively. The ECIF feature vector produces the
strongest ML-Scoring function with Rp = 0.651 and RMSE = 1.180. While the MS-
OIC-based model performs closely (Rp = 0.640, RMSE = 1.196), we choose the
ECIF-based function for its lower computational cost and simpler design—consistent
with Occam’s razor [53]. It is worth noting that all models exhibited regression toward
the mean, with predicted binding affinities concentrated within the middle range, sub-
stantially narrower than the full experimental span. This well-documented behavior [31]
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Fig.5 The mean size of the confidence regions (CR), predictions (Mean Pred), and experimental (Mean Exp) bind-
ing affinity values and Validity (in percent) in each set of 10 iterations

likely stems from the underrepresentation of extreme values in the training data and
reflects a common challenge in binding affinity prediction.

To test the strength of feature vectors, we build a conformal predictor using the ECIF
feature vector and XGBoost to estimate confidence values. Our methodology employs
a random train-validation-test split with an 8:1:1 ratio, repeated 10 times to ensure sta-
tistical robustness. To boost model diversity, we create an ensemble of K = 10 dis-
tinct models by additionally sampling 90% of the training splits through bootstrap
aggregation.

Figure 5 illustrates the conformal prediction results across these 10 iterations, with
detailed numerical results provided in Table S5. The mean predicted binding affinity
remains stable across all iterations, with values between 5.8 and 5.9, indicating model
robustness. The experimental values show slightly greater variability but generally fall
within the confidence regions.

Our conformal predictor achieves remarkably tight confidence regions, with a mean
size of almost 1.442 across all repeats. The error bars show little variation, indicating
stable uncertainty estimates throughout. The validity metric matches theoretical expec-
tations, averaging 81% across iterations. Individual runs range from 76% to 86%, staying
close to the target 80% coverage set by our nonconformity percentile.

The strong match between predicted and experimental values, combined with the
appropriate coverage probability, suggests this approach could reliably identify poten-
tial false positives in virtual screening applications. Occasional wider gaps—such as in
Iteration 4—align with slightly broader confidence regions, showing the model adjusts

its uncertainty when needed.

Conclusions

In this work, we introduced REINDEER, a tool for generating feature vectors for protein-
ligand complexes. REINDEER aims to simplify the process for researchers by providing
an accessible framework for quickly prototyping ML scoring functions without dealing
with complicated implementation details. The current version of REINDEER (v0.2.0)
comprises several geometry-based feature generation methods, including Occurrence of
Interatomic Contact (OIC), Distance-Weighted Interatomic Contact (DWIC), Extended
Connectivity Interaction Feature (ECIF), and Multi-Shell Occurrence of Interatomic
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Contact (MS-OIC). To enhance computational efficiency, we accelerated the feature
generation procedure by leveraging multiprocessor computation, and our analysis indi-
cated that the implemented algorithms scale effectively with the number of CPU cores.
Furthermore, we evaluated the performance of the four feature vectors in developing
machine learning-based scoring functions for structure-based protein-peptide bind-
ing affinity prediction. Our results revealed that the ECIF feature vector, integrated
with the XGBoost algorithm, acquired the best performance in terms of Rp and RMSE
in a 10-fold cross-validation setting. Additionally, we explored the utility of ECIF and
XGBoost in constructing a conformal predictor for uncertainty quantification. By
employing a diverse ensemble of 10 models, we demonstrated the efficiency and validity
of the approach, which are essential criteria for an effective conformal predictor. While
the present study focuses on demonstrating REINDEER’s functionality, a comprehensive
benchmarking study comparing REINDEER-generated features against established pep-
tide-specific scoring and docking methods represents an important direction for future
research.

Looking ahead, we plan to expand REINDEER in several ways. First, we aim to inte-
grate topology-based feature generation methods, which utilize principles from topology
and differential geometry to represent protein-ligand complexes. For instance, tech-
niques such as OPRC-GBT [54], which employs Ricci curvature, and AGL-Score [55],
which uses multiscale weighted colored subgraphs, could be implemented to transform
protein-ligand complexes into numerical vectors. Additionally, we intend to incorpo-
rate Graphics Processing Unit (GPU) support for each algorithm, which could signifi-
cantly accelerate the feature generation process. While the present study demonstrates
the utility of REINDEER on a novel protein-peptide dataset, the established CASF-2016
benchmark remains the community standard for evaluating scoring power in protein-
ligand binding affinity prediction. A formal evaluation using the CASF-2016 benchmark
is planned as a follow-up study.

We believe that REINDEER, with its GUI, CLI, and Python integration, provides a
user-friendly platform for researchers with minimal programming expertise. Also, it can
be a valuable tool for designing machine learning-based scoring functions tailored to
specific protein targets. REINDEER is freely available under the MIT license and can be
accessed via its GitHub repository.
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