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Introduction: In real-world biomedical applications of data mining, machine learning and artificial intelligence, there are 
situations where the widespread problem of class imbalance cannot be addressed by data-level methods such as over- or 
under-sampling. Correct and efficient use of algorithm-level methods, on the other hand, needs paying heed to data structure 
and content. This study aims to devise and examine simple methods for addressing the imbalanced class distribution issue 
in predicting the protein-protein interaction (PPI) sites in membrane proteins as a biomedical case experiment. 

Methods: Using an adopted dataset of membrane protein complexes and a retrieved validation set, a class-weighted 
random forests (CWRF) classifier model was built for predicting interfacial residues from positional frequencies and an 
evolutionary index. 

Results: Among several class weighting methods, a data imbalance-emulating weighting method for the CWRF model 
achieved an area under the receiver operating characteristics curve (AUC) of 0.815 (95% CI: 0.805-0.823) in the independent 
test prediction and 0.802 (95% CI: 0.794-0.809) in the prediction for the external validation set, which outperformed 
previous similar studies. A case prediction confirmed the practical utility of this method. 

Conclusion: The proposed approach implies potential applications in other fields of biomedicine and beyond. It also 
highlights the role of algorithm-data interplay in addressing the class imbalance. 
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INTRODUCTION

In relationship modelling tasks that consider classification, the data structure can significantly 
influence the prediction performance. Real-world implementations of data mining frequently 
encounter the problem of imbalanced class distribution, which means the situation where the 

major part of the data points are contained in a majority class while a small proportion belong to an 
underrepresented minority class. In such cases, the classifying model tends to assign the input data 
mostly to the larger class, which leads to classification bias. Therefore, adopting prediction strategies 
suitable for uneven data is indispensable and is currently under active research.1-3 The methods so far 
suggested to tackle the imbalance issue, handle the problem either at the data level, such as under- or 
over-sampling, or at the algorithmic level, such as applying cost to biased predictions.4, 5 However, there 
are numerous situations where the data-level methods have not relevance or utility, including highly 
noisy data, unstructured data (e.g. images), data streams, and high-dimensional data. While algorithm-
level methods can be used in such cases, a more precise predictive model would be obtained when the 
data structure is considered in the modification of the machine learning algorithm or hyperparameters. 
Adopting this approach, the present study aims to propose simple and novel algorithm-level methods 
for data-guided correction for data imbalance. 

In the biomedical context, the issue of unbalanced classes or its rectification through data manipulation 
would lead to detrimental consequences such as mischaracterizations and misdiagnoses. Here, we adopt 
protein-protein interactions (PPIs) among membrane proteins as a basic biological case for examining 
our novel methods. Membrane proteins contribute to a diverse range of key functions in cells and are 
targets of more than half of the current drugs.6 Knowledge about the interactions among these proteins 
can lay the ground for structure-based design of appropriate therapeutic medicines to manipulate these 
interactions for treating diseases.7, 8 Protein chemistry techniques, such as crystallography and nuclear 
magnetic resonance, represent expensive and laborious methods for structural characterization of PPIs. 
The task is even more challenging for membrane-integrated proteins, mainly due to their hydrophobic 
surfaces.9 Therefore, robust and reliable computational methods such as machine learning prediction 
of the key residues from sequences are urgently required.10 

After successful implementation of DeepMind’s AlphaFold to predict the protein structures,11 the 
next breakthrough would be an efficient artificial intelligence tool for predicting protein complexes 
and interactions. Typically a small number of key interface residues participate to establish the 
major portion of the free energy in protein interactions.12 As a result, the class of minority in their 
classification is actually the one containing positive instances, i.e. interaction site residues.13 The 
imbalance problem should thus be a primary focus in the studies on predicting membrane proteins’ 
interactions. The present study aims to address this concern, by proposing a simple, efficient and 
accurate data-guided method at the algorithmic level for identifying the key residues in the interaction 
interfaces of membrane proteins. 



Algorithm-Level Data-Guided Correction for Class Imbalance in Biological Machine Learning ...

Barzegari E et al. 

348J BIOSTAT EPIDEMIOL. VOL. 11, NO. 3, 2025

METHODS
Dataset

A preprocessed dataset of membrane protein complexes, containing pre-2009 records of PDBTM 
database14 was taken from Bordner (2009) as the training set. In addition, another set of complexes 
was collected as the independent test set, retrieved from PDBTM updates since 2010 onward, with 
a protocol similar to that used for the training set.15 This set of 502 complexes was culled to a non-
redundant set using PISCES.16 In the new set, no pair of membrane protein complexes comprised 
proteins having < 30% sequence similarity. Only surface residues located within the hydrophobic 
core of the membrane were included in the training and testing sets. Surface residues were defined as 
those with relative accessible surface area ≥ 0.2, and integration within membrane was predicted using 
TMDET.17 Residues with < 4 Å heavy atom distance from opposing protein chain in the complex 
structure were labelled as interaction interfacial residue (grouped in class I), and otherwise labelled as 
a non-interfacial residue (grouped in class N).

To have an external validation set for testing our models, the latest update of Orientations of Proteins 
in Membranes (OPM) database 18 was searched for human membrane proteins with TM subunits ≥ 2, 
and the list of hits was downloaded (980 entries). PDB IDs existing in training and testing sets were 
removed, and items containing more than one unique chain were included in the new dataset as the 
membrane protein complexes. The same pre-processing steps as described above were performed to 
obtain the final validation dataset.

The Feature Space 

Independent variables were defined for each individual position along the sequence, and included 
the residue frequency for the 20 standard amino acids in the multiple alignment of similar sequences, 
as well as the evolutionary rate. Sequences were aligned using BLAST with the cutoff of 10-2 for 
E-value; redundant sequences were then removed using CD-HIT.19 The remaining sequences were 
used for generating multiple alignments by utilizing MUSCLE.20 We calculated the residue frequency 
for each residue type by measuring the proportion of residues of that type in the corresponding column 
of multiple alignment. The training and testing sets involved only those proteins with a minimum of 
20 sequences in the final alignment. For obtaining the evolutionary rate, the REVCOM method was 
used;21 the evolutionary conservation values obtained by this method show robustness to the local 
alignment errors and the sequence set composition. 

Class-Weighted Random Forests (CWRF) and Weighting Methods

The sample was split to 70%/30% train/test subsets. For accurate measurement of the prediction 
efficiency in future applications of the model on novel data, all residue-level data points associated to 
a particular protein were contained in one of the training or testing sets. The classifier models were 
trained and tested through a ten-fold cross-validation on the Bordner’s dataset, followed by evaluation 
using the independent test set. Random forest (RF) was used as the main tool for relationship modelling. 
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It is a promising and widely-used algorithm involving an ensemble of unpruned decision trees, which 
offers numerous advantages such as efficiency with large datasets, avoiding overfitting, and high 
accuracy.22 The model hyperparameters were optimized before implementation. 

Dealing with skewed data demands taking the degree of data imbalance into consideration. In that 
regard, the ratio of the number of instances in the majority class to that in the minority class is defined 
as the imbalance ratio (IR).23 One approach to make RFs suitable for learning from uneven data 
follows the idea of cost sensitive learning. In class-weighted random forests (CWRF), this is realized 
by assigning weights to classes. Weights in CWRF are an essential model tuning parameter, with the 
performance for independent test set as a benchmark.24 We devised and applied several weighting 
approaches to find the one achieving the highest distinction between interaction classes. Three CWRF 
models were built this way, including:

o	 CWRF-1: 
Class weight for the large class (i.e. the negative class N) = 1; 
Class weight for the small class (i.e. the positive class I) = IR; 

o	 CWRF-2: 
Class weight = Total sample size / Number of observations in the class of interest; 

o	 CWRF-3: 
Class weights are tuned so that 
(Predicted negatives / Predicted positives) = (TN+FN)/(TP+FP) ≈ IR, 
where TN is the number of true negative predictions, FN denotes false negative, TP is true positive, 

and FP shows false positive predictions. 

Importance of Residues in Interactions 

As an additional criterion of performance, the share of protein residues in the physical interactions was 
also measured and compared between different models. Our CWRF model estimated the contribution 
of input variables to the performance of prediction using its specific ‘variable importance’ measure, 
which was determined from the mean decrease in accuracy resulting from random scrambling of 
predictor values. 

Statistical Modelling 

For comparison, the binomial logistic regression (BLR) model was also applied to classify the 
residues. The choice of BLR was because it can be used as a standard statistical classifier, which also 
offers options for dealing with class imbalance, and provides feature weights to compare with RF’s 
importance values. To handle the data imbalance, we chose to change the model cut-off value. In 
the BLR model, Exp(B) coefficient (odds ratio) provided a measure of how much the corresponding 
parameter contributes to determining the interaction state of residues. 
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Model Performance Evaluation 

For performance evaluation of the models in the imbalanced class distribution cases, the prediction 
accuracy (PA) is not a proper criterion as this measure will receive the least impact from the rare 
class.25 However, the PA of individual classes may be useful. In this study, we evaluated our models 
with the area under the receiver operating characteristics (ROC) curve (AUC). Additionally, we used 
two performance criteria specifically developed for evaluation in class imbalance problems, including 
F-measure26 and Geometric mean (GM).27 PA, F and GM are defined as in Eq. (1)-(3). 

PA = (TP + TN) / (TP + FP + FN + TN)                                                               (1)
F = 2TP / (2TP + FP + FN)                                                                                   (2)
GM = ((TP/(TP+FN)).(TN/(FP+TN)))^1/2                                                         (3)

Building, running, evaluation and other analyses of the models and their output were conducted in the 
R programming language.

RESULTS

Prediction Performance 

The three devised class-weighting methods were applied in the CWRF implementation, using the 
imbalance ratio of 2.62 for our in-house dataset (Non-interface residues (N class) / Interface residues 
(I class) = 3604/1375). AUC, GM and F measures obtained from the independent test set prediction 
showed that the highest performance was demonstrated by CWRF-3, i.e. the model which tunes the 
class weights to make the predictions coincide with the imbalance ratio. Results of performance 
evaluation of BLR and the CWRF-3 model have been compared in Table 1. The ROC curves were 
plotted and shown in Figure 1. For CWRF-3, the AUC of training was 0.844 (95% CI: 0.823-0.868). 
Also, the acceptable AUC values of 0.815 (95% CI: 0.805-0.823) and 0.802 (95% CI: 0.794-0.809) 
were obtained in the prediction for the independent test set and external validation, respectively. 
Performance of the BLR model was relatively weak (AUC = 0.713 (95% CI: 0.702-0.727) in ten-fold 
cross-validation, 0.691 (95% CI: 0.684-0.699) in the independent test and 0.683 (95% CI: 0.675-
0.689) using the external validation set; max. PA = 81%; optimal cut-off of 0.663). 

Contribution of Residue Types to Membrane Protein-Protein Interfaces 

Table 2 presents the importance results of the two models and compares the orders of variable 
contributions suggested by different models in this research and the Bordner’s study.15 As this table 
shows, the contribution orders suggested by CWRF-3 and the random forests in the previous study 
follow approximately the same pattern, while that suggested by the BLR model is in relative accordance 
with those two. In general, alanine, the evolutionary rate, glycine and leucine can be proposed as 
the factors mostly contributing in membrane protein interaction interface sites, and glutamic acid, 
asparagine, cysteine and lysine as the least contributing residues. 
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Table 1. Performance measures of the utilized predictive models 

Model Testing method AUC (95% CI) F (95% CI) Geometric Mean 
(95% CI)

Prediction accuracy (%)

Total class I class N

Binomial logistic regression

Ten-fold cross-validation 0.713 
(0.702-0.727)

0.7794 
(0.7547-0.8011)

0.8242 
(0.8014-0.8570)

83.0 78.1 83.9

Independent test set 0.691 
(0.684-0.699)

0.7292 
(0.7138-0.7516)

0.7807 
(0.7574-0.8032)

79.6 74.2 81.0

External validation set 0.683 
(0.675-0.689)

0.7048 
(0.6898-0.7155)

0.7560 
(0.7505-0.7612)

77.9 72.2 79.5

Class-weighted random forest using the class weighting method 3 (CWRF-3)

Ten-fold cross-validation 0.844 
(0.823-0.868)

0.8436 
(0.8254-0.8616)

0.8915 
(0.8817-0.9026)

91.0 85.2 93.3

Independent test set 0.815 
(0.805-0.823)

0.8072 
(0.7786-0.8247)

0.8698 
(0.8639-0.8788)

89.1 82.7 91.5

External validation set 0.802 
(0.794-0.809)

0.7900 
(0.7815-0.7991)

0.8583 
(0.8520-0.8641)

88.2 81.4 90.6

Figure 1. The receiver operating characteristics (ROC) curve plot for the classifications by the Class-Weighted Random 
Forest using the class weighting method 3 (CWRF-3) and the Binomial Logistic Regression (BLR) models using the 
training dataset, the independent test set and the external validation set. 
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Table 2. Order of importance for input parameters, and its comparison between implemented models 

Class-weighted random forest using the 
class weighting method 3 (CWRF-3) Random forests (Bordner, 2009) Binomial logistic regression

Ala Ala Evolutionary Rate 

Evolutionary Rate Leu Leu 

Gly Gly Gly 
Leu Val Phe 

Met Evolutionary Rate Val
Val Met Met 
Ile Phe Ala

Phe Ile Asp 
His Trp Trp 
Trp Ser Gln
Ser Arg Ser 
Arg Lys Ile
Asp Thr Lys
Tyr Asn Arg
Thr Cys Tyr
Pro Pro Asn

Gln His Pro
Lys Tyr Glu
Cys Gln His
Asn Asp Thr
Glu Glu Cys

Case Prediction 

To demonstrate the effectiveness and utility of our approach for identifying the interaction interface 
residues, we drew the CWRF-3 predictions for a protein complex from our collected dataset, and 
the predictions were scrutinized in terms of accordance/discordance with previous experimental 
findings. By querying for the structures which have been challenging in the recent years, Glycophorin 
A (GpA), a sialoglycoprotein in human red blood cell membrane with Protein Data Bank ID 2KPE 28 
was chosen as the case. Prediction of its interaction site residues is shown in Figure 2. Of the seven 
positive residues of GpA (Leu75, Gly79, Val80, Gly83, Val84, Thr87, Ile88), four were correctly 
predicted as interfacial residues. Prediction of Gly79 and Gly83 is consistent with the well-known 
role of GxxxG motif in membrane protein interactions.29 Val80 and Val84, as large hydrophobic beta-
branched residues, have proved to perform an essential structural role by the space-filling capacity of 
their side chains.29 Regarding the results obtained, this method for prediction of interaction sites offers 
a valuable first approach for guiding wet-lab investigations on membrane protein-protein interactions 
and localizing the specific residues at membrane protein interfaces. 
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Figure 2. Prediction of the interaction site residues for Chain A of Glycophorin A (GpA) dimeric TM segment. Chain A 
is shown in space-filling model and the other chain in sticks. Labels show the amino acids from the protein to the back. 
Colour code of residues: True positives in Green; True negatives in Blue; False positives in Yellow; False negatives in Red. 
Out-of-membrane residues are shown in grey. 

DISCUSSION

Regarding the importance of the data imbalance problem, this study was devoted to address this 
issue in the prediction of interaction sites for membrane proteins, by proposing a novel method to 
apply the class-weighted random forests classifier. The reason why the random forest model was 
chosen instead of other machine learning algorithms is the advantages inherent and established for 
this model, including high accuracy, low bias, low overfitting, and high speed, making it the first-line 
choice in many data mining applications. In addition, among other machine learning methods, not all 
methods allow implementations to handle the class imbalance. An advantage when working with the 
class-weights feature in the RF algorithm is that the model implementation would involve the tuning 
of a few numbers, which would be easier and less error-prone in comparison with when the model is 
supposed to be profoundly modified. 

The present study aimed to provide and test the new class-weighting methods. Currently, the class-
weights feature is embedded in the Random Forest model, but not available or applicable using other 
ML algorithms such as SVM, deep NNs or graph-based methods. This is why we chose RF for this work. 
Nevertheless, we understand that a baseline method is always required for making comparisons. For 
several reasons, BLR was a suitable comparator for CWRF. Firstly, it has an adjustable hyperparameter 
(the model cut-off) that can be changed according to the rate of data imbalance; thus, it can be utilized 
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as an equivalent to class weights. We tuned and optimized this parameter, and the effect on prediction 
performance was compared between the optimal BLR cut-off and the best-performing CWRF class 
weights. Secondly, for determining important predictors (e.g. the key residues in protein-protein 
interfaces), BLR provides coefficients that can be considered as objective weights, while other ML 
methods do not provide such explainable output with that level of convenience. Thirdly, BLR is a 
simple and widely-used statistical technique without the complications associated with sophisticated 
ML algorithms. 

The aspect of novelty in this work and its superiority to other approaches lies in defining some 
strategies for determining the weights when applying the class-weighting technique. This strategy 
is guided by the data structure and properties, therefore it will be tailored domain-specifically for 
each type of input data. With this approach, researchers will have a rationale for deciding as to what 
exact value should be used as the weight for each class in an imbalanced classification. Therefore, 
blind, baseless and inaccurate determination of weights will be avoided this way. We applied the 
proposed technique for PPI prediction to show its applicability for an example real-world biological 
dataset. The performance improvement (although marginal), as well as the identification of previously 
established residue contributors confirmed that this approach has real utility in biomedical machine 
learning predictions. 

Generally, there are two approaches used to address the class imbalance issue; including the 
strategies applied at the data level, and those applied at the algorithmic level.4, 5 In the present study, 
we devised an algorithmic-level method which utilizes the data structure as a guide for tuning the 
learning machine. The best model was the one with weights adjusted to correspond with the degree of 
data imbalance in the dataset. Thus, our solution represents a hybrid approach combining data-level 
and algorithmic-level methods in handling the imbalance issue. The significance of this methodology 
is to highlight the interplay of data and algorithm in addressing the class imbalance, as opposed to 
a CWRF or any ML method blind to properties of the data of interest. The workflow applied in this 
study provided an exemplar of such interplay. 

Despite the existence of dozens of research papers and several webservers for dealing with interaction 
site prediction,30 there is still intense ongoing research aiming to develop novel methods to improve 
the predictions for both cytosolic and membrane proteins.31-33 Paucity of research for interaction 
predictions in membrane proteins is evident from a search in the literature. Accordingly, progressive 
development and improvement of data mining and artificial intelligence modelling algorithms is key 
to handle this challenge. Our obtained AUC values of 0.815 (95% CI: 0.805-0.823) in the classification 
for the independent test set and 0.802 (95% CI: 0.794-0.809) in the prediction for the external 
validation set outperformed the previous similar studies. The research by Bordner reported AUC of 
0.75 in its independent test, similarly using all lipid-facing residues.15 A study by our team on the same 
datasets using 73 classifiers reached a maximum AUC of 0.786 in the prediction for the independent 
test set using a tuned support vector machine.34 For reference, we have also outlined and compared 
methods, performances and residue importance in a review.30 In total, comparison of these results 
indicate the high efficiency of the novel data-guided algorithmic-level method proposed in this study. 
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It was observed that the improved performance of the CWRF-3 model was significant in most cases, 
and the few cases of overlap between confidence intervals encompassed small and negligible ranges. 
The same result was obtained using imbalance-specific measures such as GM and F for CWRF-3, 
indicating the model’s success in making accurate predictions using unbalanced PPI data. Considering 
the prediction accuracy, it was seen that, though the negative class is predicted with higher accuracy 
in all cases, the rate of correct predictions for the positive class was also remarkably high, particularly 
in the classification made by CWRF-3. From biomedical perspective, these improvements indicate 
that our proposed model is rigorous at distinguishing between the positive and negative classes in a 
biological or medical problem where the two classes have unequal size, which covers a wide range of 
applications in the biomedical domain. 

Identifying residues such as Ala, Val, Leu, Ile and Gly as the most influential factors in membrane 
protein interfaces by our model is in complete agreement with previous studies. Extensive investigation 
has proved the tight packing, specifically through GxxxG motifs in helix lateral bindings, as the main 
driving force promoting the membrane protein associations.35 Such van der Waals interactions are 
mediated by hydrophobic residues. In comparison with non-membrane proteins, the membrane-
associated proteins follow a relatively converse pattern in terms of frequent residues in their interfaces. 
For example, while Lys and Glu are frequent in cytosolic protein interaction sites,36 they are not 
preferred in membrane protein binding sites. Ala, Gly and Leu are disfavoured within interaction 
interfaces of non-membrane proteins,36 while they have high frequency within membrane protein 
interaction interfaces, as indicated by our study. Evolutionary conservation was also shown by 
our model to be of great importance in the interactions, as it has been the case in other studies.37-40 

Conserved residues constitute a key residue set in interacting domains. These residues are clustered 
as tightly packed regions in the centre of protein interfaces, and play a critical role in maintaining the 
stability of protein association and preserving the protein function.41 

The approach proposed in this study has some aspects of limitation and challenge which may restrain its 
applicability. Firstly, it applies the class-weighting as part of the RF as the machine learning technique, 
thus its implementation with other machine learning models such as neural networks or support vector 
machines will require devising specific methodologies. Secondly, the model’s generalizability to other 
biological and medical datasets needs a thorough investigation since extreme rates of data imbalance 
may reduce the effectiveness of weightings, leading to lower prediction performance. Thirdly, there 
may be potential problems when the input data suffer a high volume of missing values. To address 
these issues, we would suggest more research in the computer science field in collaboration with 
biologists and medical experts to explore novel algorithmic modifications and new approaches for 
handling missing data. 

CONCLUSION

The in silico prediction method proposed in this study is efficient as a novel machine learning-
based approach for discerning the usually more valuable but rare instances from the frequent cases 
of less value in many real-world applications. The use of this method for predicting the putative 
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binding site residues in membrane proteins is fundamental for detecting the targets of pharmacological 
therapeutics, obtaining insights on membrane proteins’ function, and analysing membrane proteomes. 
In practice, this method can contribute to faster and more accurate identification of interaction sites 
in large sets of membrane proteins. Furthermore, it lays the ground for targeted drug design to treat 
illnesses caused by impaired function of a membrane protein. Our result improvements ensure less 
erroneous prediction of binding sites on membrane proteins; thus, it could enhance the chance of 
success in studies exploring the potential targets on the surface of membrane proteins. 

Our suggested approach offers a streamlined algorithmic-level technique for improving the 
performance in imbalanced predictions by emulating the imbalance inherent in the input data. Practical 
application of this method can be extended to various biological and medical fields and beyond. 
Nevertheless, further research in the future is warranted to experimentally validate the predicted 
binding sites and to improve machine learning models for imbalanced data. In addition, utilization of 
the proposed technique with deep neural networks or more advanced methods based on explainable AI 
principles is recommended to enable model explainability in real-world applications. 
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