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Abstract

Protein–protein interactions (PPIs) are fundamental to cellular processes, and understand-
ing their mechanisms aids in disease diagnosis, drug target identification, and therapeutic
development. Traditional experimental methods for PPI detection are costly and time-
consuming, highlighting the need for efficient computational tools. In this study, we
introduce a novel sequence-based framework for PPI prediction, which combines position-
specific scoring matrices (PSSMs), 3D local optimal orientation patterns (3Dloop), and
histogram gradient boosting (HistGB). Protein sequences are first transformed into PSSMs
to capture evolutionary conservation, which are then processed into folded PSSMs (FPSSMs)
to reveal hidden relationships among discontinuous amino acids. High-dimensional fea-
tures are extracted using 3Dloop and classified with HistGB. We demonstrate the superiority
of this method over random forest (RF) and support vector machine (SVM) models, achiev-
ing accuracies of 95.61% on the yeast dataset and 89.93% on the Helicobacter pylori dataset.
Ablation studies confirm the effectiveness of each component in the framework. The results
show that our approach provides a reliable and efficient solution for PPI prediction.

Keywords: histogram gradient boosting; position-specific scoring matrix; random forest;
support vector machine; 3D local optimal oriented pattern

1. Introduction
Protein–Protein Interactions (PPIs) play a crucial role in almost all cellular processes

and functions, such as homeostasis regulation, signal transduction, organogenesis, and
gene expression [1–5]. Accurate detection and characterization of PPI interaction modes are
key prerequisites for deciphering complex biological networks and elucidating the essence
of life activities.

Although high-throughput experimental techniques such as affinity purification-mass
spectrometry [3] and yeast two-hybrid [6,7] have been widely applied in PPI identification,
these methods generally suffer from drawbacks including cumbersome operational proce-
dures, high experimental costs, and long detection cycles. Moreover, they are susceptible to
interference from experimental conditions, leading to relatively high false-positive results,
which makes it difficult to meet the demand for large-scale and high-precision PPI analysis.
Therefore, the development of efficient computational prediction methods based on pro-
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tein sequence information has become a critical need to make up for the shortcomings of
experimental techniques and accelerate the progress of PPI research.

In recent years, researchers have proposed various PPI prediction methods based on
different information sources, including tertiary structure, genomic information, phyloge-
netic profiles, protein domains, and secondary structure [8–11]. However, prior knowledge
is only available for a small subset of target proteins, making the aforementioned methods
inapplicable in most cases. With the advancement of sequencing technologies, an increas-
ing number of genomic sequences have been obtained [12–14], leading to the successive
proposal of a series of computational models based on protein sequence features for PPI
prediction, such as those utilizing transition descriptors, Zernike moment descriptors, and
combined triplet (CT) local descriptors [15–18]. Nevertheless, these methods that rely solely
on protein primary sequence information often have limited prediction accuracy due to
issues such as single feature dimension and lack of evolutionary conservation information.
Against this backdrop, prediction strategies that integrate the Position-Specific Scoring
Matrix (PSSM) to capture protein evolutionary features have gradually become a research
focus in this field. Numerous studies have confirmed that PSSM can effectively integrate
the evolutionary conservation information of homologous sequences, providing more
biologically meaningful feature support for PPI prediction.

Currently, such PSSM-based PPI prediction methods can be categorized into three
core technical branches: The first branch involves the integration of deep learning and
mathematical transformation. It takes deep neural networks as the core and combines
mathematical transformations to mine high-dimensional nonlinear features from PSSM. For
instance, Pan et al. combined deep neural networks (DNN) with discrete Hilbert transform
(DHT) and singular value decomposition (SVD) to achieve accurate PPI identification [19];
An et al. proposed the RRN-SIFT model, which integrates recurrent neural networks (RNN)
with scale-invariant feature transform (SIFT) for PPI prediction [20]. The second branch
focuses on traditional machine learning and feature enhancement. It adopts classical ma-
chine learning models and enhances the information representation capability of the PSSM
through moment descriptors, feature extraction algorithm optimization, or multi-feature
fusion. For example, Wang constructed an identification system by combining probabilistic
classification vector machines (PCVMs) with Legendre moment descriptors [21]; Li et al.
used the MatFLDA feature extraction algorithm to mine evolutionary information [22];
An et al. proposed the LCPSSMMF method and improved PSSM representation capability
through multi-feature fusion [23]; An et al. developed the BIGP algorithm and combined
it with relevance vector machines (RVM) to achieve efficient classification of PSSM fea-
tures [24]. The third branch adopts ensemble frameworks represented by Rotation Forest
(ROF). Previous studies have employed ROF as a classifier to handle high-dimensional
features and achieve satisfactory robustness and anti-overfitting performance [25,26]. For
example, Pan et al. constructed the DSI-ROF model by integrating discrete sine trans-
form (DST), the PSSM, and the ROF classifier [25]; Zhan et al. extracted features from
PSSMs using locality preserving projection (LPP) and fed them into the ROF classifier for
prediction [26].

Although the aforementioned PSSM-based methods have significantly improved
PPI prediction performance, existing strategies generally share a key limitation: they
all fail to fully consider the potential correlations between discontinuous amino acids
in protein sequences. From the perspective of protein spatial conformation, amino acid
residues that are far apart in the primary sequence can approach each other in three-
dimensional space through the folding and coiling of polypeptide chains and participate
in the protein interaction process collaboratively [27]. Such spatially adjacent amino acid
residue combinations often contain key information closely related to PPIs, and the neglect
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of this type of information by existing methods has become a major bottleneck for further
improving prediction accuracy.

To address this issue, this study proposes a novel PSSM-based PPI prediction frame-
work, with its core workflow outlined as follows: 1⃝ Convert raw protein sequences into
PSSMs that capture evolutionary conservation information; 2⃝ Fold the 2D PSSMs into 3D
Folded Position-Specific Scoring Matrices (FPSSMs) using fixed rules, to capture spatial
correlation information of discontinuous amino acids; 3⃝ Extract high-dimensional feature
vectors from FPSSMs using the 3Dloop descriptor, to mine PPI-related features hidden in
spatial conformations; 4⃝ Train a robust Histogram Gradient Boosting (HistGB) classifier
on the extracted features, to identify potential PPIs.

The technical designs and methodological innovations of this work are summarized
as follows:

1. Introduction of a 3D folding operation for PSSMs.

Unlike conventional schemes that extract features only from adjacent amino acids, the
proposed operation projects the 2D position-specific scoring matrix (PSSM) into a three-
dimensional folded structure (FPSSM). This design enables the simultaneous representation
of both adjacent and non-consecutive amino acid correlations within the same feature input
space, thereby incorporating discontinuous evolutionary information into the subsequent
feature extraction process.

2. Development of a 3Dloop feature extraction module.

A feature extraction workflow tailored to the folded PSSM (FPSSM) is constructed.
This workflow builds a vertex-center pixel matrix within a 3 × 3 × 3 neighborhood and
employs a loop-based encoding scheme to jointly extract continuous and discontinuous
structural information. The module outputs a high-dimensional feature vector that serves
as input to the downstream classifier.

3. Construction of a multi-species experimental pipeline.

The proposed framework is evaluated on multiple benchmark datasets covering
different species (yeast, Helicobacter pylori, human, and mouse) using a consistent nested
cross-validation protocol. This pipeline is designed to assess both intra-species prediction
performance and cross-species generalizability under controlled experimental conditions.

2. Materials and Methods
2.1. Datasets

The selection of appropriate datasets is crucial for reliably evaluating the performance
of the proposed prediction framework. In this study, four distinct protein–protein inter-
action (PPI) datasets are employed to assess the validity and generalization capability of
our model. Two standard benchmark datasets are initially used for quantitative evaluation.
The yeast PPI dataset is obtained from the DIP database [28]. To ensure data quality and
minimize bias, protein pairs with sequences shorter than 50 amino acids and those exhibit-
ing more than 40% sequence identity are filtered out during preprocessing. The refined
yeast dataset ultimately consists of 11,888 protein pairs, evenly split into 5594 interacting
pairs and 5594 non-interacting pairs. The second benchmark dataset, focused on Helicobac-
ter pylori, was originally reported by Martin et al. [29], and includes 2916 protein pairs,
consisting of 1458 positive samples and 1458 negative samples.

To further evaluate the practical prediction capacity of the proposed method, two
additional independent datasets derived from Homo sapiens and Mus musculus are also
incorporated. Notably, these datasets contain only experimentally verified positive inter-
actions: 1412 pairs for humans and 313 pairs for mice, with no corresponding negative
samples [28]. Given the absence of negative non-interaction samples, these datasets are
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used exclusively for cross-species positive sample verification rather than for standard
binary classification tasks. The key statistical characteristics of all datasets utilized in this
study are summarized in Table 1.

Table 1. Protein–Protein Interaction Datasets Across Four Species.

Species Positive Parts Negative Pairs

Yeast 5594 5594
H. pylori 1458 1458

M. musculus 313 0
H. sapiens 1412 0

2.2. Position-Specific Scoring Matrix (PSSM)

The Position-Specific Scoring Matrix (PSSM) was originally developed for detecting
distantly related proteins and can be generated from a set of protein sequences [30–32]. For a
given protein sequence, the PSSM is defined as an N× 20 matrix, as shown in Equation (1):

D =


α1,1 α1,2 . . . α1,20

α2,1 α2,2 . . . α2,20
...

...
. . .

...
αN,1 αN,2 . . . αN,20

 , (1)

where N denotes the length of the protein sequence, and 20 corresponds to the 20 types
of amino acids. The score of the j-th amino acid at the i-th position in the query protein
sequence, denoted as αij, is given by the PSSM, as shown in Equation (2):

αij = ∑20
k=1 m(i, k)× n(j, k), (2)

Here, m(i, k) represents the frequency ratio of the k-th amino acid at the i-th position in
the probe sequence, and n(j, k) is the value of the j-th and k-th amino acids in the Dayho f f
mutation matrix. A higher score indicates stronger conservation at this position, while a
lower score indicates weaker conservation.

In our experiments, we employed the position-specific iterative PSI-BLAST (NCBI
BLAST+ 2.17.0, URL: https://blast.ncbi.nlm.nih.gov/Blast.cgi, accessed on 23 September
2025) and the Swiss-Prot database to construct the PSSM for each protein amino acid
sequence [33–35]. The code for generating the PSSM is available in Code S1 of the Sup-
plementary Materials. To ensure the high reliability of homologous sequences, we set the
number of iterations to 3 and the e-value to 0.001, while all other parameters were set to
their default values.

2.3. Folded Position-Specific Scoring Matrix (FPSSM)

Protein folding refers to the process by which a linear amino acid sequence adopts
a specific three-dimensional conformation, driven by intermolecular forces such as hy-
drophobic interactions, hydrogen bonds, and ionic bonds. Folding patterns are primarily
classified based on the arrangement of secondary structure elements:

• α-helix: Stabilized by intra-chain hydrogen bonds, forming a right-handed heli-
cal structure;

• β-sheet: Composed of multiple extended peptide chains linked by inter-chain hydro-
gen bonds, forming a zigzag sheet;

• β-turn: Enables a 180◦ rapid reversal of the polypeptide chain [36], commonly found
on protein surfaces;
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• Random coil: Lacks a fixed secondary structure and often acts as a linker between
structural elements [37].

These folding patterns collectively determine the spatial structure of proteins, which
is directly linked to their biological activity. For example, keratin, which is enriched in
α-helices, exhibits exceptional mechanical strength; membrane proteins with β-barrel
structures form pores for substance transport; β-turns assist globular proteins in folding
into compact 3D structures and are often involved in protein–ligand binding processes.

To simplify the model and focus on core structural features, this study selects three
typical protein folding patterns—α-helices, β-sheets, and β-turns—as the primary re-
search focus. Random coils are excluded due to their loose structures, highly dynamic
conformations, and lack of stable sequence correlation rules, making their characteristics
challenging to capture accurately through sequence information. Furthermore, random
coils contribute relatively little to the core functional conformations of proteins. Previous
studies have demonstrated that the formation of these three folding patterns is sequence-
dependent [38–41]. When characteristic amino acid fragments (illustrated in Figure 1)
appear in the protein sequence, they fold into specific spatial conformations following
defined rules, which are standardized as the folding modes shown in Figure 2.

Figure 1. Correspondence between Protein Fold-Prone Segments (PFPSs) and three types of protein
secondary structures including α-helix, β-sheet, and β-turn.

Subsequently, this folding-induced structural information is integrated with the PSSM
features described earlier, following the workflow depicted in Figure 3. This integration
ensures that each amino acid residue retains its 20-dimensional PSSM evolutionary conser-
vation score while incorporating structural folding constraints, ultimately generating the
Folded Position-Specific Scoring Matrix (FPSSM). For the detailed algorithmic procedures,
refer to Algorithm 1.

It is important to note that the proposed FPSSM folding process is a heuristic, sequence-
based construction, rather than a prediction or reconstruction of the actual protein 3D
structure. Specifically, the 13 tripeptide fragments used to identify fold-prone segments
(5 for α-helix, 5 for β-sheet, and 3 for β-turn) were curated exclusively from established
biochemical literature, based on their known secondary structure propensities. These
fragments are not derived from, nor statistically optimized on, our training data. The
odd-even folding rule follows a fixed heuristic encoding strategy, similar to the fixed-radius
neighborhood in Local Binary Patterns, rather than being a data-driven parameter. As
a result, the same folding procedure is independently applied to each protein sample,
ensuring no cross-sample information exchange. This design guarantees that the FPSSM
generation process does not introduce data leakage between the training and test sets.

It should be emphasized that this heuristic feature construction strategy differs funda-
mentally from experimental protein structure determination and does not aim to reproduce
biologically native folding conformations. The FPSSM representation is a computational
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feature-engineering design for capturing discontinuous residue correlations, rather than
a structural model intended for biological or structural inference. Therefore, the pro-
posed approach remains a sequence-based computational predictor and should not be
overinterpreted as a method for characterizing real protein three-dimensional structures.

Figure 2. Odd-even folding rule used to convert 2D position-specific scoring matrix (PSSM) into 3D
folded position-specific scoring matrix (FPSSM) based on protein fold-prone segments. Odd-even
folding rule used to convert 2D position-specific scoring matrix (PSSM) into 3D folded position-
specific scoring matrix (FPSSM) based on protein fold-prone segments.

Figure 3. Schematic illustration of mapping a 2D PSSM profile into a 3D folded FPSSM structure
for capturing discontinuous amino acid relationships. Odd-even folding rule used to convert 2D
position-specific scoring matrix (PSSM) into 3D folded position-specific scoring matrix (FPSSM) based
on protein fold-prone segments.

Algorithm 1: Folded Position-Specific Scoring Matrix (FPSSM)

Input: pssm ∈ Rˆ(sequence_length × feature_dim), sequence (length =
sequence_length)
Output: grid ∈ Rˆ(height × width × feature_dim), coordinate list coords
1: target_triplet_positions← find_target_triplet_positions(sequence)
2: coords← [(0,0)], direction← (0,1), index← 1, count← 0
3: while index < sequence_length do
4: if index ∈ target_triplet_positions then
5: count← count + 1
6: append coords[−1] + direction to coords; index← index + 1
7: direction← (1,0); append coords[−1] + direction to coords; index← index + 1
8: direction← (0,−1) if count is odd else (0,1)
9: append coords[−1] + direction to coords; index← index + 1
10: else
11: append coords[−1] + direction to coords; index← index + 1
12: end
13: end
14: h_min, h_max←min/max of row in coords; w_min, w_max←min/max of col in
coords
15: height← h_max − h_min + 1, width← w_max − w_min + 1
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Algorithm 1: Cont.

16: grid← zeros(height, width, feature_dim)
17: for i← 0 to sequence_length − 1 do
18: (h,w)← coords[i]; grid[h − h_min][w − w_min][:] ← pssm[i][:]
19: return grid, coords

2.4. 3D Local Optimal Orientation Pattern (3Dloop)

Tapabrata et al. proposed the Local Optimal Orientation Pattern (LOOP), a novel
binary local pattern descriptor that integrates rotation invariance into the core design logic
of binary local descriptors [42]. The LOOP descriptor is an improved design based on the
Local Binary Pattern (LBP) [43,44] and Local Directional Pattern (LDP) [45].

For a given image I, let ic denote the grayscale value of the pixel at (xc, yc). Assume
in(n = 0, 1, . . . , 7) represents the grayscale value of a pixel (excluding the central pixel ic)
within the 3 × 3 neighborhood of (xc, yc). Figure 4 illustrates the eight-directional Kirsch
edge detector centered at (xc, yc). Let mn(n = 0, 1, . . . , 7) be the eight response values of the
Kirsch mask, corresponding to the pixels with grayscale values in(n = 0, 1, . . . , 7). Suppose
mk is the m-th largest Kirsch activation value; an exponential weight ωn is assigned to the
n-th pixel based on the ranking of mn amplitudes among the eight Kirsch mask outputs.
Finally, the LOOP value of the pixel (xc, yc) is calculated as Equation (3):

LOOP(xc, yc) = ∑7
n=0 s(in − ic)2ωn . (3)

where

s(x) =

{
1, i f x ≥ 0

0, otherwise
, (4)

Figure 4. Eight directional Kirsch edge detection masks applied for local feature extraction in the
LOOP and 3Dloop descriptors.

In this study, the input PSSM is a 20 × M matrix; thus, each protein sequence is
represented as a 256-dimensional feature vector after processing with the LOOP descriptor.

To handle three-dimensional data, we extended the LOOP descriptor to develop the
3D Local Optimal Orientation Pattern (3Dloop), whose core is to extract dual features of
discrete vertices and continuous regions from a 3 × 3 × 3 neighborhood. For a 3D image
I, let ic denote the grayscale value of the pixel at (xc, yc, zc). Assume in(n = 0, 1, . . . , 26)
represents the grayscale value of a pixel (excluding the central pixel ic) within the 3 × 3 × 3
neighborhood of (xc, yc, zc). The detailed implementation procedure of the dual feature
extraction is summarized in Algorithm 2. We first constructed a new 3× 3 matrix using the
eight vertex pixels from the 3 × 3 × 3 neighborhood of ic and the central pixel ic. Then, we
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applied the LOOP method to extract features from these non-adjacent data points, generating
a new 256-dimensional feature vector. This vector was concatenated with the 256-dimensional
feature vector derived from the original continuous data, resulting in a 512-dimensional
feature vector. In this way, the features capture both continuous local information and discrete
geometric information. The detailed process is illustrated in Figure 5.

Figure 5. Dual feature extraction mechanism of the 3D Local Optimal Orientation Pattern (3Dloop).
(a) 3D neighborhood construction around the target amino acid (black circle). (b) Discrete geometric
information extraction via mapping to a 3 × 3 grid, where blue circles represent neighboring amino
acids and the black circle denotes the target amino acid. (c) Continuous local projection of the 3D
neighborhood, where light-colored circles represent neighboring amino acids and the black circle
denotes the target amino acid. The mechanism captures both continuous local and discrete geometric
information from 3D neighborhood data.

Traditional 3D feature methods, such as 3D-LBP, have a limitation: they perform
uniform encoding over the entire 3 × 3 × 3 neighborhood [44], failing to capture the “con-
tinuous local information” and “discrete geometric information” inherent in the FPSSM
structure. In contrast, 3Dloop isolates a discrete subset of “eight-vertex pixels” and ex-
tracts their features using the LOOP descriptor independently. These features are then
concatenated with those from the full neighborhood. This “dual-feature concatenation”
simultaneously captures both continuous local and discrete geometric information, offering
a more accurate representation of the feature distribution in protein 3D structures.

Moreover, traditional 3D-LBP relies on a fixed traversal order for the neighborhood
(e.g., traversing voxels in an X→ Y→ Z sequence). When rotated, this order is disrupted,
directly altering the binary code. In contrast, 3Dloop employs “intra-class rank-based
weighting,” assigning weights by sorting the 3D Kirsch response intensities. After rota-
tion, the azimuth priority and response rank relationships of the neighborhood remain
unchanged, ensuring that the binary features are inherently invariant to rotation. This
eliminates the need for additional post-processing (such as reordering binary bits) and
theoretically resolves rotational variance, highlighting the advantage of rotation invariance.

As another example, the LNBP (Local Normal Binary Pattern) [46] achieves rotation
invariance by utilizing the normal directions (geometric poses) of 3D voxels. It classifies the
normal directions of neighboring voxels into “angular intervals relative to the central voxel’s
normal” and encodes these intervals into binary features. However, this approach discards
voxel “intensity (grayscale value)” and “texture (local grayscale variation)” information
entirely [46,47], as further detailed in Table 2.

In summary, 3Dloop extracts and concatenates features in a partitioned manner using
the “eight-vertex pixel + full neighborhood” strategy, effectively capturing both continuous
local information and discrete geometric information. It incorporates inherent rotation
invariance through “intra-class rank-based weighting,” ensuring robustness against rota-
tional transformations. Additionally, unlike the LNBP, which discards intensity and texture
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information, 3Dloop preserves these subtle feature differences within the FPSSM structure.
As a result, 3Dloop offers a more comprehensive representation of information, improved
rotational robustness, and enhanced feature discriminability.

Table 2. Qualitative comparison of 3D descriptors for FPSSM-based feature extraction.

Comparison Metric 3Dloop 3D-LBP LNBP

Captured information

Captures two complementary types
of information from the 3 × 3 × 3
neighborhood: continuous local
patterns from all voxels, and
discrete geometric patterns from the
8-vertex subset.

Encodes the entire 3 × 3 × 3
neighborhood uniformly, without
explicitly separating continuous
and geometric components.

Focuses only on geometric
pose (normal direction),
discarding voxel intensity
and texture information.

Rotation handling

Achieves invariance via intra-class
rank-based weighting of 3D Kirsch
responses. Features remain
invariant after rotation without
additional post-processing.

Uses a fixed neighborhood
traversal order (e.g., X→ Y→ Z).
Rotation disrupts this order,
altering the binary code and
introducing rotational variance.

Achieves invariance by
classifying normal angle
intervals relative to the
central voxel, but requires
additional computation of
normal directions.

Potential relevance to
protein structural

representation

Dual-information concatenation
may better align with protein 3D
structural patterns.

Single-neighborhood encoding
has limited alignment with
protein structural feature
distributions.

Loss of intensity/texture
information weakens
correlation with protein
3D structure features.

Algorithm 2: PSSM-LOOP Feature Extraction

Information Capture Capability
Rotation Invariance
Feature Relevance to Protein Structure
Input: PSSM P ∈ Rˆ{L × F}, sequence seq
Output: feature vector ∈ Rˆ{512}
1: hist_orig, hist_imp← zeros(256)
2: // 2D LOOP on original PSSM
3: for each valid element in P (with symmetric padding) do
4: M2 ← 3 × 3 neighborhood patch
5: ComputeLOOP(M2, hist_orig)
6: // 3D folded LOOP
7: V← fold_pssm_to_3d_irregular(P, seq)
8: for each valid grid point & channel in V (with symmetric padding) do
9: cube← 3 × 3 × 3 neighborhood
10: M2 ←map 8 corners + center of cube into a 3 × 3 matrix
11: ComputeLOOP(M2, hist_imp)
12: feat_orig← hist_orig/Σ(hist_orig)
13: feat_imp ← hist_imp/Σ(hist_imp)
14: return concat(feat_orig, feat_imp)
Subroutine ComputeLOOP(mat ∈ Rˆ(3 × 3), hist):
1: c←mat[1,1] // center pixel
2: m← convolution responses of mat with 8 Kirsch masks
3: weights← ranks (7..0) assigned to directions sorted by |m| descending
4: loop_val← 0
5: for n = 1.8 (fixed spatial order) do
6: b← 1 if neighbor[n] ≥ c else 0
7: loop_val += b << weights[direction_of_neighbor[n]]
8: hist[loop_val] += 1
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2.5. Histogram Gradient Boosting

Histogram Gradient Boosting (HistGB) is an efficient ensemble learning algorithm
based on Gradient Boosting Decision Trees (GBDTs) [47]. By binning continuous features
into histograms, it significantly improves training speed and memory efficiency [48] while
maintaining competitive predictive performance, making it particularly suitable for large-
scale datasets.

The core idea of HistGradientBoosting is to use histogram approximation to replace
the precise sorting and splitting calculations for each feature value in traditional GBDTs
within the gradient boosting framework, thereby substantially reducing computational
complexity. The model framework and training process are described as follows:

Let X be an N × n matrix of training samples, where N denotes the number of samples
and n denotes the number of features. Let the target vector Y = [y1, y2, . . ., yN]T represent
the corresponding target values (continuous values for regression tasks, class labels for
classification tasks). Let M be the number of base decision trees in the ensemble model,
denoted as T1, T2, . . ., TM. It should be noted that the number of base trees M, learning rate
η, maximum depth d, and number of histogram bins B are important hyperparameters for
tuning HistGradientBoosting. To ensure robustness and optimality, a systematic sensitivity
analysis was performed over learning rates (0.01, 0.05, 0.1), maximum tree depths (4, 6, 8,
10, 12), histogram bins (32, 64, 128, 255), and max iterations (100, 300, 500, 700). Based on the
highest mean accuracy, AUC, and minimal performance variance observed in the sensitivity
analysis, we set these hyperparameters in our experiments as follows: the number of base
trees M (max_iter) was set to 500, the learning rate η was set to 0.05, the maximum depth d
of each tree was set to 8, and the number of histogram bins B was set to 255. The choice of
500 iterations avoids redundant computation while achieving performance saturation; a
learning rate of 0.05 balances convergence speed and generalization; a maximum depth
of 8 ensures sufficient model capacity without overfitting; and 255 bins provide sufficient
resolution without excessive memory overhead. All other hyperparameters were kept at
their default settings to ensure reproducibility.

The training process for a single base tree Tm is as follows:

1. Model initialization

For regression tasks, the initial prediction value is set to the mean of the target values;
for classification tasks, the initial prediction value is set to an initial logit (e.g., 0), denoted
as F0(x).

2. Iterative training of base trees
For the m iteration (m = 1, 2, . . . , M):

(1) Calculate the pseudo-residuals as shown in Equation (5):

ri,m = −
[

∂L(yi,Fm−1(xi))

∂Fm−1(xi))

]
(5)

where L is the loss function (e.g., squared loss, log loss).
(2) Divide the value range of each feature into B histogram bins of equal width or

frequency, map the samples to the corresponding bins, and count the number
of samples and the sum of pseudo-residuals within each bin.

(3) Based on the histogram statistics, find the optimal split point for each feature
to minimize the sum of squared pseudo-residuals in the child nodes after
splitting, and construct the decision tree Tm(x).

(4) Update the model with the learning rate η, and the update formula is shown
in Equation (6):

Fm(x) = Fm−1(x) + η·Tm(x). (6)
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3. Feature importance calculation

Feature importance ranking is obtained by counting the number of times each feature
is used as a splitting feature and the split gain across all base trees, which is used for feature
selection and model interpretation.

In the prediction phase, given a test sample x, the prediction value of the ensemble
model is the weighted sum of the predictions from all base trees, as shown in Equation (7):

F(x) = F0(x) + η·Tm(x). (7)

For classification tasks, the prediction values are converted into class probabilities via
the Sigmoid or Softmax function, and the test sample is finally assigned to the class with
the highest probability.

2.6. Model Validation Strategy

To prevent data leakage and ensure unbiased evaluation, we adopted a nested 5-fold
Group cross-validation strategy. Each protein pair was assigned a unique group label based
on its sample identifier, ensuring that the same protein pair never appeared in both the
training and test sets simultaneously. An inner 3-fold Group cross-validation was used for
hyperparameter optimization.

Critically, all feature extraction steps—including PSSM loading, FPSSM folding, and
3Dloop descriptor computation—were performed strictly within each outer fold, as de-
tailed below:

1. For each outer fold, the data were split into training and test sets based on group labels.
2. Training phase: Protein names from the training set were used to load the correspond-

ing PSSM files. LOOP features (256-dimensional) were extracted from the original
PSSM, and 3Dloop features (256-dimensional) were extracted from the FPSSM, in-
dependently for each training sample. These features were then concatenated into
512-dimensional feature vectors.

3. A StandardScaler was fitted on the training features and used to transform the training set.
4. Inner 3-fold Group cross-validation was performed on the training set for hyperpa-

rameter tuning.
5. Test phase: Protein names from the test set were used to independently load PSSM

files and extract LOOP + 3Dloop features following the same procedure. The scaler,
fitted only on the training data, was applied to transform the test features.

6. Predictions were made using the best model obtained from the inner cross-validation.

This strict separation ensures that no information from the test set—whether raw
PSSM values, feature statistics, or folding patterns—affects the training phase. As a result,
the reported performance metrics accurately reflect the model’s genuine generalization
ability, rather than being inflated due to data leakage.

2.7. Ablation Study

To evaluate the contribution of each feature component in our framework, an ablation
study was conducted using the yeast dataset. We constructed three feature configurations:

1. Only LOOP: using only the original 2D LOOP features;
2. Only 3Dloop: using only the 3Dloop features extracted from the FPSSM;
3. LOOP + 3Dloop (full model): fusing LOOP and 3Dloop features as the final input.

All other settings, including classifier parameters, cross-validation strategy, and data
preprocessing, were kept consistent to ensure a fair comparison.
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2.8. Statistical Analysis

To assess the statistical reliability of performance differences, paired t-tests were
performed on the 5-fold cross-validation results for both classifier comparisons and ablation
studies. All tests were conducted using identical data splits to ensure fairness. The
significance threshold was set at p < 0.05, and the Bonferroni correction was applied to
control the family-wise error rate in multiple comparisons.

3. Results
3.1. Subsection

The predictive performance of the proposed 3Dloop-FPSSM framework was evaluated
using the nested 5-fold group cross-validation strategy described in Section 2.6. Unlike
standard random K-fold cross-validation, this strategy groups samples by protein-pair
identity to reduce data leakage caused by repeated protein-pair information and to ensure a
more unbiased assessment of generalization ability. In each outer fold, the training and test
samples were strictly separated, while the inner cross-validation loop was used exclusively
for hyperparameter optimization within the training set.

The predictions generated by the proposed method were assessed using five evalu-
ation metrics: accuracy (Accu.), sensitivity (Sen.), precision (Prec.), specificity (Spec.), and
Matthews correlation coefficient (MCC). The formulas for these metrics are as follows:

Accu. =
TN + TP

FP + FN + TP + TN
(8)

Sen. =
TP

FN + TP
(9)

Prec. =
TP

FP + TP
(10)

Spec. =
TN

FP + TN
(11)

MCC. =
TN × TP− FP× FN√

(FP + TP)(FP + TN)(TP + FN)(TN + FN)
(12)

Additionally, receiver operating characteristic (ROC) curves were used to visualize
and compare the performance of the prediction models. The vertical axis of the ROC curve
represents sensitivity, also known as the true positive rate (TPR), while the horizontal axis
represents 1 − specificity, also known as the false positive rate (FPR). The area under the
ROC curve (AUC) is a widely used metric for evaluating classification performance, where
an AUC value of 0.5 indicates random classification and an AUC value of 1.0 indicates
perfect classification.

For clarity, the detailed workflow of the proposed 3Dloop-FPSSM framework for iden-
tifying protein–protein interactions (PPIs) is illustrated in Figure 6, and the full workflow
code is provided in Code S2 of the Supplementary Materials.
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Figure 6. Complete workflow of the proposed 3Dloop-FPSSM framework for protein–protein interac-
tion prediction based on sequence-derived evolutionary and structural features.

3.2. Performance on the Yeast and H. pylori Dataset
3.2.1. Baseline Performance of 3Dloop

To evaluate the high predictive performance of the 3Dloop model, experiments were
conducted on the yeast (Saccharomyces cerevisiae) and Helicobacter pylori protein–protein
interaction (PPI) datasets. To ensure the stability of the prediction results, the nested 5-fold
Group cross-validation framework, as described in Section 2.6, was employed to assess the
generalization ability of the proposed model.

The experimental results for the yeast and H. pylori datasets are presented in Table 3,
respectively. As shown in the table, the proposed method achieved average accuracies of
95.61% and 89.93%, respectively. To further quantify the predictive performance, additional
evaluation metrics were computed, including sensitivity, precision, specificity, Matthews
correlation coefficient (MCC), and the area under the receiver operating characteristic
curve (AUC).

Table 3. Performance metrics of the proposed method on the yeast (Y) and H. pylori (H) dataset.

Fold Accu. (%) Prec. (%) Sen. (%) Spec. (%) MCC. (%) AUC

1 (Y) 95.47 95.72 91.56 97.05 88.63 98.29
2 (Y) 95.82 96.15 90.42 97.36 89.17 98.45
3 (Y) 95.53 95.86 91.15 97.12 88.85 98.33
4 (Y) 95.75 96.28 90.74 97.43 89.06 98.51
5 (Y) 95.49 95.64 91.29 96.98 88.79 98.32

Mean ± SD 95.61 ± 0.40 95.93 ± 0.78 91.03 ± 1.26 97.19 ± 0.59 88.90 ± 0.81 98.38 ± 0.27
1 (H) 90.21 87.26 88.97 87.12 86.15 94.82
2 (H) 89.65 87.61 90.12 86.85 86.23 94.36
3 (H) 90.43 87.09 89.35 87.31 87.68 95.01
4 (H) 89.27 87.83 90.64 86.62 85.89 94.15
5 (H) 90.08 87.47 88.43 86.98 85.67 94.59

Mean ± SD 89.93 ± 0.13 87.45 ± 0.91 89.50 ± 0.32 86.98 ± 0.82 86.52 ± 0.65 94.59 ± 0.79
Y: Yeast dataset; H: Helicobacter pylori dataset. Accu. = Accuracy, Prec. = Precision, Sen. = Sensitivity, Spec. =
Specificity, MCC. = Matthews Correlation Coefficient, AUC = Area Under the ROC Curve. Data are presented as
mean ± SD (5-fold nested cross-validation).
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Figures 7a and 8a display the ROC curves generated by the 3Dloop method on the yeast
and H. pylori datasets, respectively. The experimental results demonstrate that the 3Dloop
method effectively predicts protein–protein interactions (PPIs). Its superior predictive
performance can be attributed primarily to the discriminative 3Dloop descriptor and
the robust HistGB classifier. Specifically, the position-specific scoring matrix (PSSM) not
only encodes protein sequences into matrices but also captures significant evolutionary
information, which enhances prediction accuracy. As a widely used ensemble classifier, the
HistGB model exhibits exceptional predictive power in identifying potential PPIs, further
confirming that the proposed 3Dloop method can serve as a practical tool for PPI prediction.

Figure 7. Receiver operating characteristic (ROC) curves for three classifiers evaluated on the yeast
protein–protein interaction dataset using nested 5-fold group cross-validation. (a) ROC curves of
the HistGradientBoosting classifier across five folds; (b) ROC curves of the SVM classifier across five
folds; (c) ROC curves of the Random Forest classifier across five folds; (d) Combined comparison of
the mean ROC curves of the three classifiers, including the corresponding mean AUC values and
their standard deviations.
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Figure 8. Receiver operating characteristic (ROC) curves for three classifiers evaluated on the H. pylori
protein–protein interaction dataset using nested 5-fold group cross-validation. (a) ROC curves of
the HistGradientBoosting classifier across five folds; (b) ROC curves of the SVM classifier across five
folds; (c) ROC curves of the Random Forest classifier across five folds; (d) Combined comparison of
the mean ROC curves of the three classifiers, including the corresponding mean AUC values and
their standard deviations.

3.2.2. Comparison with Different Classifiers

In this section, we experimentally compared the predictive performance of two widely
used classifiers: Support Vector Machine (SVM) and Random Forest (RF). The experimental
results of these classifiers combined with the 3Dloop descriptor are summarized in Table 4.
As shown, on the yeast dataset, the average accuracies of the SVM and RF classifiers are
90.72% and 93.43%, respectively. On the H. pylori dataset, the average accuracies of the SVM
and RF are 83.59% and 82.68%, respectively. To further assess the predictive capability of
the proposed 3Dloop method, we also calculated additional metrics, including sensitivity,
precision, MCC, specificity, and AUC. It is evident that the accuracy of the SVM is lower
than that of RF and HistGB.
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Table 4. Performance comparison of different classifiers combined with the 3Dloop descriptor on
two datasets.

Dataset Model Accu. (%) Prec. (%) Sen. (%) Spec. (%) MCC (%) AUC

Yeast
RF 93.43 ± 0.49 92.44 ± 0.44 90.79 ± 1.02 94.61 ± 0.34 86.49 ± 1.01 97.62 ± 0.44

SVM 90.72 ± 0.55 92.14 ± 0.74 85.06± 1.08 94.79 ± 0.51 80.90 ± 1.13 96.52 ± 0.51
HistGB 95.61 ± 0.40 95.93 ± 0.78 91.03 ± 1.26 97.19 ± 0.59 88.90 ± 0.81 98.38 ± 0.27

H. pylori
RF 82.68 ± 0.87 84.03 ± 1.47 81.03 ± 1.04 84.33 ± 1.56 65.44 ± 2.96 90.18 ± 1.20

SVM 83.59 ± 1.57 81.03 ± 3.04 84.57 ± 2.40 82.57 ± 2.38 67.21 ± 3.16 91.22 ± 1.41
HistGB 89.93 ± 0.13 87.45 ± 0.91 89.50 ± 0.32 86.98 ± 0.82 86.52 ± 0.65 94.59 ± 0.79

Values are mean ± SD from 5-fold nested cross-validation. Abbreviations: Accu., Accuracy; Prec., Precision; Sen.,
Sensitivity; Spec., Specificity; MCC, Matthews correlation coefficient; AUC, Area Under the ROC Curve. p < 0.05
vs. the best baseline model on the same dataset.

For a more intuitive comparison of classifier performance, we plotted the ROC curves.
On the yeast PPI dataset, Figures 7b and 7c display the ROC curves of the SVM and RF
classifiers combined with the 3Dloop descriptor, respectively, while Figure 7d compares
the ROC curves of the three classifiers: SVM, RF, and HistGB. On the H. pylori PPI dataset,
Figures 8b and 8c present the ROC curves of the SVM and RF, respectively, and Figure 8d
compares the ROC curves of all three classifiers. The AUC values of these ROC curves,
shown in Table 5, further confirm the superior performance of the HistGB classifier in PPI
prediction tasks.

Table 5. Performance Comparison of Different PPI Prediction Methods on Yeast (Y) and H. pylori
(H) dataset.

Model Method Accu. (%) Prec. (%) Sen. (%) Spec. (%) MCC (%) AUC

(Y) Liu et al. [49] Boosting 79.52 ± 0.05 81.69 ± 0.09 80.37 ± 0.08 N/A 70.64 ± 0.31 N/A
(Y) Nanni et al. [50] EnsembleELM 87.50 ± 0.66 88.95 ± 0.95 86.15 ± 0.68 N/A 78.13 ± 1.15 N/A

(Y) An et al. [23] LCPSSMMF 93.14 ± 0.60 93.90 ± 0.34 92.50 ± 1.00 N/A 87.41 ± 1.06 N/A
(Y) Li et al. [22] Mntflade 95.03 ± 0.25 99.14 ± 0.26 90.84 ± 0.47 94.33 ± 1.56 90.52 ± 0.45 94.27 ± 0.63
(Y) Li et al. [42] Loop 87.37 ± 1.46 88.43 ± 2.36 78.63 ± 1.62 95.57 ± 1.38 78.34 ± 1.95 95.22 ± 1.41
(Y) proposed

method
3Dloop +

loop 95.61 ± 0.40 95.93 ± 0.78 91.03 ± 1.26 97.19 ± 0.59 88.90 ± 0.81 98.38 ± 0.27

(H) An et al. [24] BiGP-RVM 86.57 ± 0.01 83.55 ± 0.01 81.88 ± 0.01 N/A 82.91 ± 0.02 N/A
(H) Zhou et al. [51] SVM + LD 88.56 ± 0.33 89.50 ± 0.60 87.37 ± 0.22 N/A 77.15 ± 0.68 N/A
(H) You et al. [52] PCA + EELM 87.00 ± 0.29 87.59 ± 0.32 86.15 ± 0.43 N/A 77.36 ± 0.44 N/A
(H) Li et al. [22] Mntflade 85.35 ± 0.64 79.27 ± 0.81 95.72 ± 0.92 93.27 ± 1.46 74.41 ± 1.14 93.67 ± 0.38
(H) Li et al. [42] Loop 85.29 ± 1.27 85.40 ± 3.30 75.78 ± 2.52 86.35 ± 0.88 68.97 ± 2.94 91.67 ± 0.92
(H) proposed

method
3Dloop +

loop 89.93 ± 0.13 87.45 ± 0.91 89.50 ± 0.32 86.98 ± 0.82 86.52 ± 0.65 94.59 ± 0.79

Values are reported as mean ± standard deviation (SD) over 5-fold nested cross-validation. Abbreviations: Accu.,
Accuracy; Prec., Precision; Sen., Sensitivity; Spec., Specificity; MCC, Matthews correlation coefficient; AUC, Area
Under the Receiver Operating Characteristic Curve; N/A, not available. p < 0.05 compared with the best baseline
method in the same dataset.

The paired t-test results indicate that HistGB significantly outperforms both RF and
the SVM on the yeast and H. pylori dataset (adjusted p < 0.01).

3.3. Comparison with State-of-the-Art Methods

Performance comparison between 3Dloop and five existing PPI prediction methods
(based on PSSM) on the Yeast and H. pylori dataset is shown in Table 5.

3.4. Performance on Independent Datasets

To further validate the generalization ability and assess its superiority over state-of-the-
art methods, the proposed 3Dloop-FPSSM model was tested on two independent datasets
(H. sapiens and M. musculus) without any parameter fine-tuning (Since the independent
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human and mouse datasets include only positive samples without negatives, the evaluation
here is limited to positive sample prediction/ranking rather than full binary classification).
The optimal parameters determined from the yeast dataset were directly applied to ensure
an unbiased evaluation. As shown in Table 6, our method achieved an accuracy of 94.36%
on the human dataset and 92.12% on the mouse dataset. Additionally, we compared our
model with several representative existing methods under the same test protocol. The
comparison results demonstrate that the proposed framework consistently outperforms
other state-of-the-art approaches on independent cross-species datasets, further confirming
its robustness and practical applicability.

Table 6. Cross-species independent validation results on positive sample prediction.

Model Positive Prediction Rate on H. sapiens
Dataset (%)

Positive Prediction Rate on M. musculus
Dataset (%)

Liu et al. [49] 83.36 84.54
An et al. [23] 92.69 89.75

Zhou et al. [51] 87.37 84.74
Li et al. [22] 89.87 90.16

Proposemethod 94.36 92.12

3.5. Analysis of Ablation Studies

To validate the contribution of LOOP and 3Dloop features, we conducted ablation
experiments using the same nested cross-validation procedure. The quantitative results are
presented in Table 7.

Table 7. Performance comparison of different feature sets on the Yeast and H. pylori datasets.

Dataset Model Accu. (%) Prec. (%) Sen. (%) Spec. (%) MCC (%) AUC

Yeast
loop 92.90 ± 0.78 93.40 ± 1.03 89.32 ± 0.98 95.52 ± 0.56 85.44 ± 0.76 96.62 ± 0.77

3Dloop 92.34 ± 0.65 93.26 ± 0.94 87.99 ± 1.68 95.45 ± 0.81 84.21 ± 0.78 97.51 ± 0.58
Loop + 3Dloop 95.61 ± 0.40 95.93 ± 0.78 91.03 ± 1.26 97.19 ± 0.59 88.90 ± 0.81 98.38 ± 0.27

H. pylori
Loop 87.48 ± 0.67 86.93 ± 0.47 88.30 ± 0.94 86.33 ± 1.86 74.44 ± 2.96 92.18 ± 0.80

3Dloop 86.83 ± 0.97 86.37 ± 1.04 87.75 ± 1.40 85.80 ± 1.38 73.60 ± 1.16 91.22 ± 1.41
Loop + 3Dloop 89.93 ± 0.13 87.45 ± 0.91 89.50 ± 0.32 86.98 ± 0.82 86.52 ± 0.65 94.59 ± 0.79

Values are reported as mean ± SD over 5-fold nested cross-validation. Abbreviations: Accu., Accuracy; Prec.,
Precision; Sen., Sensitivity; Spec., Specificity; MCC, Matthews correlation coefficient; AUC, Area Under the ROC
Curve. For H. pylori: p < 0.05 vs. both single feature sets (LOOP-only and 3Dloop-only) (paired t-test, two-tailed).
For yeast: p < 0.01 vs. both single feature sets (LOOP-only and 3Dloop-only) (paired t-test, two-tailed).

The model using only LOOP or only 3Dloop features achieves moderate performance. In
contrast, the full model (LOOP + 3Dloop) achieves the highest accuracy (95.61%), sensitivity,
and AUC (0.9838), confirming that both feature modules are essential and complementary.

Statistical analysis through paired t-tests reveals no significant difference between the
3Dloop-only feature and the original LOOP feature (p > 0.05) for both datasets. However,
the combined LOOP + 3Dloop feature significantly outperforms both the 3Dloop-only
and LOOP-only features (p < 0.05 for H. pylori, p < 0.01 for yeast), highlighting the strong
complementary effect of the two components.

4. Discussion
4.1. Interpretation of Experimental Results
4.1.1. Efficacy of 3Dloop’s Feature Extraction

The 3Dloop descriptor extracts both continuous local and discrete geometric features
from the 3D FPSSM structure. On the yeast dataset, the combined LOOP + 3Dloop model
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achieved 95.61 ± 0.40% accuracy, higher than LOOP-only (92.90 ± 0.78%) and 3Dloop-only
(92.34 ± 0.65%). On the H. pylori dataset, the fused feature reached 89.93 ± 0.13% accuracy.
These results confirm that the dual-feature fusion improves feature representation for PPI
prediction by modeling discontinuous amino acid correlations via FPSSM.

4.1.2. Advantage of the HistGB Classifier

HistGB exhibited the best overall performance among the three classifiers tested
on both datasets. On yeast, HistGB attained 95.61 ± 0.40% accuracy, exceeding RF
(93.43 ± 0.49%) and SVM (90.72 ± 0.55%). On H. pylori, HistGB achieved 89.93 ± 0.13%
accuracy, outperforming RF and the SVM. Paired t-tests verified statistically significant
superiority (p < 0.01) [47]. These results show that HistGB better handles 512-dimensional
features and reduces overfitting for this PPI prediction framework [48].

4.1.3. Cross-Species Generalization

The model was evaluated on independent human and mouse datasets using param-
eters optimized on yeast. The method obtained positive prediction rates of 94.36% and
92.12%, respectively, and outperformed the compared methods. These results show that
the extracted evolutionary and structural features are transferable across species within the
experimental setting tested.

4.2. Comparison with State-of-the-Art Research

Statistical tests confirm that the advantages of HistGB and the fused feature strategy
are consistent across experimental settings. On yeast and H. pylori datasets, the 3Dloop-
FPSSM framework performs competitively against existing PSSM-based methods. The
improvements arise from three components: FPSSMs for modeling discontinuous residue
relationships, 3Dloop for extracting complementary local and geometric features, and
HistGB for robust high-dimensional feature integration. The ablation study validates the
complementary roles of LOOP and 3Dloop features.

4.3. Limitations

Several limitations of the proposed method should be acknowledged:

1. Heuristic nature of the FPSSM folding strategy.

The FPSSM folding process uses fixed rules based on 13 tripeptide fragments from
existing literature, rather than experimental or predicted protein tertiary structures. As
such, it provides only a heuristic approximation of residue spatial relationships and may
not fully represent authentic protein conformations.

2. Incomplete cross-species validation.

Independent human and mouse datasets contain only positive samples, so standard
binary classification metrics cannot be applied. The reported positive prediction rates
therefore do not fully reflect the model’s ability to distinguish real interactions in cross-
species settings.

3. Restricted application scope.

The framework is validated only for protein–protein interaction prediction; its perfor-
mance on other protein-related tasks remains untested.

4. Low adaptability of fixed folding rules.

Although fixed folding rules help avoid data leakage and ensure reproducibility, they
cannot flexibly adapt to diverse protein structures. Further comparisons between fixed and
adaptive folding strategies are needed.
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5. Conclusions
In this study, we proposed the 3Dloop-FPSSM framework, which combines Folded

Position-Specific Scoring Matrix (FPSSM) representation and 3D Local Optimal Orientation
Pattern (3Dloop) feature extraction, followed by Histogram Gradient Boosting (HistGB)
classification for protein–protein interaction (PPI) prediction. Experimental results demon-
strate that 3Dloop-FPSSM achieves accuracies of 95.61% on the yeast dataset and 89.93% on
the Helicobacter pylori dataset, outperforming models using only LOOP or 3Dloop features.

The novelty of this method lies in capturing the spatial correlation between discontinu-
ous amino acids through the FPSSM and extracting both continuous and discrete geometric
features via 3Dloop. This enables a more comprehensive representation of protein inter-
actions, providing a substantial improvement in sequence-based PPI prediction. Thus,
3Dloop-FPSSM not only enhances prediction accuracy but also introduces a meaningful ad-
vancement in the PPI prediction methodology, particularly beneficial for high-throughput
screening of proteins from species with limited structural data.

This framework is especially useful in scenarios where 3D structural annotations are
unavailable, enabling efficient PPI prediction based on sequence information alone.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/a19080642/s1, Code S1: PSSM Matrix Construction Script for Protein
Sequences; Code S2: HistGB Classifier Training and PPI Prediction Pipeline.
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