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Abstract. Risk stratification can be enhanced by assessing preoperative risk factors, which are
essential for guiding surgical decision-making. Machine learning (ML) and AI-based expert systems
can predict, detect, and monitor surgical site infections (SSIs) using data from electronic healthcare
records (EHRs). The predictive capability of classification algorithms is impaired by class imbalance
and depends heavily on the quality of features in a dataset, which may include irrelevant or redundant
information. The primary goal of feature selection is to remove such features to improve classification
accuracy. This study utilized a dataset of 64,793 surgical records, each featuring 25 variables, to
evaluate six machine learning classification methods: logistic regression (LR), K-Nearest Neighbors
(KNN), decision tree classifier (DTC), support vector machine (SVM), Gaussian Naive Bayes (GNB),
and artificial neural network (ANN). These techniques, intended to enhance classification accuracy,
frequently prioritize the majority class in an imbalanced dataset, hence distorting the accuracy
metric. To address the imbalanced classification problem in SSI prediction. The study applied
the hybrid sampling techniques SMOTEMOTE-ENN and SMOTE-Tomek, combined with wrapper
feature selection, to improve the model performance. The wrapper feature selection model optimizes
the feature set by reducing the number of features while simultaneously enhancing the classification
accuracy. Findings represented that the combined sampling of Edited Nearest Neighbors and Synthetic
Minority Oversampling Technique (SMOTE-ENN) with wrapper feature selection outperformed the
SMOTE-Tomek in all performance metrics (KNN; AUC: 98, recall: 61, precision: 80, F1-score: 69, and
accuracy: 98) and (DTC; AUC: 93, recall: 60, precision: 76, F1-score: 67, and accuracy: 98), particularly
for minority class. When paired with SMOTE-ENN sampling and optimized through wrapper
feature selection, the SSI prediction accuracy and AUC were significantly enhanced. The proposed
method effectively mitigates the overfitting and underfitting issues, though the wrapper method is
computationally intensive, which results in longer training times.
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1. Introduction
Surgical site infections (SSIs) are a significant and severe postoperative complication, with
a frequency ranging from 0.2% to 16.1%. (Petrosyan et al. [35]). SSIs can cause catastrophic
consequences like prolonged hospitalisation, osteomyelitis, instrumentation failure, increasing
patient suffering, readmissions, and increased hospital costs (Xiong et al. [47]). Therefore,
risk stratification can be improved by assessing preoperative risk factors, which help guide
surgical decision-making. ML and expert systems based on AI can predict, detect, and monitor
SSIs based on the data stored in electronic healthcare records (EHRs) (Samareh et al. [36]).
In the recent era, artificial intelligence has played a significant role in medicine for disease
prediction, image diagnosis, and confidentiality management (Xiong et al. [47]).

In data mining, classification aims to extract knowledge from huge datasets where
the method of complete classification is applicable for balanced datasets, whereas partial
classification phenomena are applied to imbalanced datasets. A fundamental problem in ML is
the imbalanced classification problem, which is resolved at three proposed levels: the hybrid,
the data, and the algorithm (Mahani and Ali [28]). In combination with large data, ML is
applied to predict SSIs where category ‘imbalance’ influences data structures (Xiong et al. [47]).
Nonetheless, imbalanced datasets, missing data, and interpretability issues may influence
the usability of the ML predictive models. The feature selection and sampling processes can
be useful for dealing with imbalanced classification problems as these techniques efficiently
select subsets of vital features, improving predictive accuracy and precision (Al Mamlook
et al. [2]). The second approach is feature selection, which involves algorithms categorized
primarily into filtering, embedded, and wrapper algorithms. The filtering algorithms depend
on the internal architecture of the features to select relevant features. Typically, methods that
measure information gain are employed for categorical feature filtering, whereas methods that
assess correlation are used for numerical feature filtering, as noted in reference (Chandrashekar
and Sahin et al. [5]). Although computationally efficient, interactions between features can
compromise feature selection effectiveness. The embedded feature selection method is integrated
into the model-building process and is highly efficient and capable of managing interactions
between various features. LASSO-based algorithms are frequently used in linear combination
models, whereas tree-based algorithms are applied in nonlinear combination models (Khalid
et al. [18]). Wrapper algorithms implement an iterative strategy to assess the suitability of a
feature subset to enhance model performance on a specified dataset. The process was continued
until optimal performance was achieved (Visalakshi and Radha [43]).

Conventional machine learning methods often fall short when there is a significant
imbalance because they were primarily designed under the assumption that classes have
roughly equal numbers (Haixiang et al. [15], and Nieto-del-Amor et al. [30]). When sufficient
data is available, machine learning algorithms may be able to learn from skewed distributions.
Comparable conditional distributions among classes have been shown to significantly affect
model performance, as noted in the study by Luque et al. [26].

Xiong et al. [47] highlighted that the synthetic minority oversampling technique (SMOTE)
is a well-established method for addressing imbalanced data to optimize machine learning
(ML) predictive models. Clinicians believe that high-risk patients with SSI can be identified
with prediction models developed by combining ML models with SMOTE for preoperative
management and optimized patient selection. Consequently, early preventive intervention
can be vital for reducing serious factors causing the prevalence of SSI (Xiong et al. [48]).
Furthermore, Xu et al. [48] noted that the imbalanced classification problem with traditional
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classification algorithms can be resolved when the patient samples are used in large numbers.
Besides, a commonly used oversampling method that enhances random oversampling is called
SMOTE, which recommended for data resampling under various ML techniques, preferably a
decision tree and random forest classifier (Xu et al. [48]). However, while replicating the minority
cases in oversampling, data may result in overfitting (Haixiang et al. [15], and Yap et al. [51]),
some earlier researchers have proposed that random undersampling is preferable to random
oversampling (Junsomboon and Phienthrakul [17]). The SMOTE can be utilised to prevent
overfitting for oversampling (Xiong et al. [47], and Yap et al. [51]). SMOTE creates a new instance
of the minority label at an arbitrary spot along the line connecting existing examples and their
nearest neighbor for each instance of the minority class (Junsomboon and Phienthrakul [17]).

According to previous research, the imbalanced classification problem in prediction of
SSIs has been resolved by implying under sampling and oversampling techniques (Xiong
et al. [47], and Xu et al. [48]). However, a gap has been observed in SSI prediction using
combined or hybrid sampling techniques. The accuracy of the classification model is strongly
dependent on the quality of the features in the dataset, which may contain unnecessary or
redundant information. The primary goal of feature selection is to remove such features to
improve classification accuracy. The wrapper feature selection model optimizes the feature set
by reducing the number of features while simultaneously enhancing classification accuracy.

Therefore, the current research aims to tackle the imbalanced classification problem in SSI
prediction by integrating SMOTE-ENN and SMOTE-Tomek sampling techniques, optimized
through wrapper feature selection. To evaluate model performance, six machine learning
classifiers were employed: DTC, GNB, KNN, LR, ANN, and SVM.

The remaining parts of this work are structured as follows. Section 2 highlights the
related work. Section 3 delineates the methodology employed in this paper, including the
data preprocessing procedures, modeling approach, and implementation hyperparameters.
Section 4 presents the evaluation metrics used to report the findings. Section 5 presents the
results of the SSI prediction models, focusing on the impact of employing combined resampling
techniques and model-based feature selection. Section 6 discusses the results, and Section 7
concludes the study.

2. Related Work
According to Bartz-Kurycki et al. [4], resampling approaches are essential for improving
the effectiveness of models in high-dimensional data analysis. The selection of sampling
method can profoundly influence model performance, particularly when the variable count
is extensive.These sampling techniques are mainly categorized as oversampling and under
sampling, used for improving the model performance involving imbalanced data. For example,
in the SMOTE oversampling approach, new samples are generated from the minority class
to enhance imbalance data classification and choose a predicted cut point probability that
optimizes the AUC curve. ML may clarify complicated relationships for huge datasets and shed
light on crucial aspects (Bartz-Kurycki et al. [4], and Colborn et al. [8]).

Furthermore, in a recent study conducted by Lu et al. [25], machine learning methods
were employed for the purposes of predicting (SSIs) post-posterior cervical surgery. The study
assesses the performance of eight distinct models with the assessment criteria encompassing
AUC, sensitivity, specificity, accuracy, true positive and true negative predictive value. It also
became clear that both Random Forest and Gradient Boosting models had satisfactory non-SSI
predictive capabilities and accuracies above the rest of the classifiers (Lu et al. [25]). Yang et
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al. [50] contributed to the research by providing a hybrid sampling technique that integrates
SMOTE and ENN. ENN was employed to undersample the oversampled data in the missed
abortion and diabetes datasets. Subsequently, RF was applied, and the results indicated that RF
attained superior performance on both datasets (Yang et al. [50]). Lu et al. [25] also concluded
that despite exhibiting a higher false positive rate, the KNN algorithm holds potential for
early SSI identification. Notably, the study emphasized the pivotal role of serum albumin
levels as a crucial indicator; it underscored the importance of preoperative nutrition support
among patients with low albumin levels. Moreover, changes in BMI were not very effective for
predicting SSI and it was found out that subcutaneous fat thickness was more effective (Lu et
al. [25]).

A machine learning predictive model can aid in identifying patients at elevated risk for
surgical site infections (SSI). Ying et al. [52] conducted a study involving 351 patients who
underwent open reduction and internal fixation (ORIF) between January 2018 and October
2022. The patients’ characteristics, surgery information, and laboratory values were included.
The research paper utilized ten different machine learning algorithms to create the prediction
model, indicating that ET, LR, and RF are the top performers. The performance of the models
illustrated in the figure indicates that the proposed ET model is valid, attaining the highest
AUC scores of 0.85 and 0.86. The decision curve and calibration curve illustrated the model’s
clinical efficacy. The study ultimately validated that all scores are strongly associated with
patient conditions, and the multivariate prediction model demonstrates sufficient accuracy
regarding its clinical predictive capability (Ying et al. [52]).

Few studies using national databases revealed two intriguing points. First, the results
proposed by previous studies that compared ML models indicated the best performance achieved
by Random Forest (RF) and AdaBoost classifiers (Petrosyan et al. [34]) and (Xiong et al. [47]) with
89% and 87% AUC, respectively. However, they have limited clinical implications because of the
low predictability with PPV (23% and 34%). Second, sampling methods like SMOTE were applied
to balance the dataset (Xiong et al. [47]), whereas other studies did not deal with imbalanced
classification problems that affected those prediction models’ performance. The number of
features generated from national databases is usually high; some are irrelevant. Therefore,
the feature selection step should ensure the key and important features from the original
features set in the recent research. For instance, Petrosyan et al. [34] used stepwise feature
selection before applying the RF model. Whereas other studies did not use feature selection
methods except (Bartz-Kurycki et al. [4]) used previous literature and clinical experts to feed
the models with only the set of important features.

A different study introduces a novel predictive model for SSI utilizing temporal data.
The model utilizes maximum likelihood with L1 norm regularization in the penalized logistic
regression analysis to detect SSIs from patients’ blood test data prior to the operation date. The
strategy integrates prior knowledge of blood test predictors, penalty factors commensurate with
test costs, and a specific parameter for early termination designed to limit the amount of features.
The fundamental C-reactive protein classifier yielded a mean AUC of 0.80, while the optimal
full LASSO model, limited to 20 features, achieved a mean AUC of 0.96. The study evidenced
that these findings imply the potential of the proposed models in enhancing the accuracy of
identifying high-risk patients for SSI, thereby assisting the domain specialists in decision-
making towards establishing novel guidelines for preoperative SSI prevention and monitoring
(Kocbek et al. [20]).

Communications in Mathematics and Applications, Vol. 16, No. 3, pp. 929–948, 2025



Optimizing Surgical Site Infection Prediction Performance. . . : S. Al-Ahmari 933

Moreover, a recent study concluded that predictive model not only help surgeons to identify
the potential factors for developing SSI but also help patients to be objectively aware of those
factors and try to avoid the complications (Gutierrez-Naranjo et al. [13]) Additionally, various
important metrics were calculated in the validation set to compare the result with previous
literature, such as precision, accuracy, recall, F-score, and AUC (Al Mamlook et al. [2], Bartz-
Kurycki et al. [4], Chen et al. [6], Song et al. [37], Xiong et al. [47]). The results from past
researchers showed that accuracy rates are up to 89% by employing ML models to predict SSIs
(Petrosyan et al. [35]). In 2024, Gutierrez-Naranjo et al. et al. [13] evaluated a number of clinical
and demographic factors using four medical models: neural networks, boosted generalized
linear models, naïve Bayes, and penalized discriminant analysis. The method attained a
maximum score of 77% for AUC, exceeding Youdon’s index of 62.5% and producing a Brier score
between 5.1% and 5.6%. Nonetheless, it is also noteworthy that these ML models displayed low
predictability, offering limited clinical implementations. Low predictability means the positive
predictive value was 34%, and the high imbalance between the two classes may lead to an
accuracy paradox (Luque et al. [26]). A high accuracy number does not always indicate a high-
quality model since the model is biased towards the majority class and may obscure the findings
(Kim et al. [19]). This occurrence is known as the accuracy paradox.

Further investigation is required to consider the diverse and conflicting results for predicting
SSI using ML models, the imbalanced data situation, and the many features specified in the
national dataset. The main goal of this paper is to accurately predict the possibility of SSI
after different types of surgical procedures. Therefore, the current research, Confusion Matrix,
Accuracy, Precision, Recall, F-score, and AUC evaluation measures are compared in the findings
to discuss the following objectives:

(1) SMOTE-EEN improves model robustness by balancing class distribution and reducing
noise, leading to more accurate predictions on imbalanced datasets.

(2) The wrapper feature selection method enhances model performance by retaining only the
most relevant features, improving accuracy and efficiency.

(3) Combined Benefits: Using SMOTE-EEN and wrapper feature selection together optimizes
dataset quality and feature relevance, resulting in high model performance and more
reliable predictions specifically with KNN.

3. Method
The current study predicted SSIs after various surgical procedures. The researcher used a large
dataset and six ML models to achieve the objective. Initially, the researchers cleaned the data,
handled missing values, removed unnecessary features and outlier values, and implemented
two sample approaches for combined sampling to improve the process. The study used a wrapper
feature selection approach to feed the ML models with the most important feature set. This study
intended to address the issue of imbalanced datasets by employing wrapper feature selection
and a hybrid sampling strategy, hence improving model predictability via several assessment
criteria. The structure displayed in Figure 1 directed the training as well as evaluation of
the prediction models.
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Figure 1. Flow diagram of the proposed methodology

3.1 Data Source
The dataset was acquired from the General Administration for Infection Control for Infection
Control in Health Facilities at the Ministry of Health in the Kingdom of Saudi Arabia.
The dataset was labelled with SSI and non-SSI cases. In this experiment, I collected 64,793
individual data points.

3.2 Data Pre-Processing
This study uses a raw dataset that contains many missing values and errors, necessitating
cleaning and preprocessing before use. The data cleaning stage includes data transformation,
outlier removal, and the management of missing values. I treated datasets differently to ensure
they didn’t miss the NaN values. For instance, I dropped rows or columns that had more than
half of their values as NaN; otherwise, I filled in the mean, mode, or median, or used a constant.

Three concepts are involved in data transformation: feature engineering, aggregation,
and normalization. According to Sun et al. [38], data normalization sets up the data such
that each field and record is comparable. Consequently, data transformation in this study
improved the coherence of entry types, leading to data cleaning, lead generation, segmentation,
and quality improvement; for instance, ‘CORE_TEMPERATURE’, ‘WEIGHT’, and ‘HEIGHT’
normalized to float. Feature engineering constructs new features from existing ones, including
‘cancer_fever_diabetics’ from the pre_procedure_diagnosis feature, ‘BMI’ from ‘height’ and
‘weight’, and ‘adult_child_infants’ also from the ‘pre_procedure_diagnosis’ column. Data
aggregation identifies common traits. For example, the World Health Organization has classified
BMI into four groups (underweight, normal weight, pre-obesity, and obesity) (Weir and Jan [45]).

Finally, the data preprocessed in this study included 25 features, and records from 64,793
patients were considered. However, I assigned a value of ‘0’ to patients without SSI and ‘1’
to those with SSI. The dataset included 97.5% of patients classified as ‘non-SSI’ and 2.5% of
patients classified as ‘SSI’. I divided the dataset into a 70% training set and a test set with the
remaining 30%.
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3.3 Class Balancing Using Combined Method
The combined sampling method leverages the strengths of different sampling techniques
to achieve better balance and improve the performance of classifiers (Kraiem et al. [22]).
The combined method involves integrating two or more sampling methods, such as oversampling
and undersampling, in a sequential or parallel manner (Tarimo et al. [39]). The sequential
combination involves first applying one sampling method and then applying another method
to the modified dataset. In contrast, parallel combinations apply multiple sampling methods
simultaneously and combine the resulting datasets (Kraiem et al. [22]).

3.3.1 SMOTE-ENN
SMOTE-ENN is a sampling technique that integrates over-sampling and under-sampling
through SMOTE and edited nearest neighbors (ENN); it enhances the minority class
representation via SMOTE and subsequently employs ENN to eliminate noisy instances.
This methodology mitigates the issue of imbalanced datasets by furnishing a more equitable
and dependable training set for classifiers (Ghorbani and Ghousi [12]). In instances of class
distribution imbalance, ML algorithms may demonstrate bias toward the majority class,
rendering this approach beneficial (Kraiem et al. [22]). SMOTE-ENN initially use interpolation
to augment the minority class, thereafter applying the ENN method to remove redundant
samples. When integrated with machine learning algorithms, it produces class-balanced data
that ultimately achieves the desired outcomes (Ghorbani and Ghousi [12]).

3.3.2 SMOTE-Tomek Links
Another combined method to address data imbalance in classification issues. The SMOTE-Tomek
Link method integrates the Tomek Link and SMOTE techniques (Hairani et al. [14]). SMOTE
generates synthetic instances to augment the minority class. Conversely, Tomek Link removes
noise or samples that are proximate to each other within both the minority and majority classes
(Tarimo et al. [39]). SMOTE-Tomek Link seeks to mitigate data imbalance by reducing noisy
samples and augmenting the quantity of synthetic samples in the minority class.Upon finishing
the class balancing technique, the resampled data was examined using a feature selection
method to ascertain the most pertinent features and enhance the classifier’s efficacy, hence refin-
ing the prediction of the SSI outcome. The integrated sampling method utilizes the advantages
of many sample techniques to enhance balance and optimize classifier performance (Kraiem et
al. [22]). The combined approach entails the integration of two or more sampling techniques,
such as oversampling and under sampling, executed either sequentially or in tandem (Tarimo et
al. [39]). The sequential combination involves first implementing one sampling technique, then
applying another approach to the modified dataset. Conversely, parallel combinations utilize
various sampling strategies concurrently and amalgamate the resultant datasets (Kraiem et
al. [22]).

3.4 Wrapper Feature Selection
When ML chooses a limited number of features as inputs for the model, the data may not be
sufficient for making predictions. The curse of dimensionality causes an increase in execution
time and diminishes generalizability due to the presence of many features (Visalakshi and
Radha [43]). Consequently, to ensure accurate forecasts, it is essential to select the most signifi-
cant components that influence the outcomes (Chandrashekar and Sahin [5]). Wrapper feature
selection is a method that determines the most pertinent features for a machine learning model

Communications in Mathematics and Applications, Vol. 16, No. 3, pp. 929–948, 2025



936 Optimizing Surgical Site Infection Prediction Performance. . . : S. Al-Ahmari

Table 1. Surgical site infection class distribution

Dataset Class Number of datapoints

Original distribution
Non-SSI

SSI
0: 64,793
1: 1632

Training set 50103
0: 49040
1:1063

Test set 19655
0: 19086
1: 569

SMOT-EEN resampled
Non-SSI

SSI
0: 50528
1: 47187

SMOTE-Tomek resampled
Non-SSI

SSI
0: 44298
1: 8674

by assessing the performance of several feature subsets (Visalakshi and Radha [43]). In wrapper
approaches, a search strategy incrementally incorporates or excludes information from a dataset.
The predominant search strategies are forward, backward, and recursive feature removal.
Recursive feature elimination (RFE) commences with all features in the training dataset and
systematically eliminates features until the specified quantity is achieved, as illustrated in
Figure 3. This research employed 5-folds cross-validation to determine the optimal amount
of features. The results were shown on an elbow curve to make sure the performance metric
was accurate and to avoid overfitting to the training data. The elbow point signifies the junc-
ture at which metric enhancement begins to plateau, indicating that the addition of further
features results in diminishing returns, as depicted in Figure 4. The elbow plot shows that

Figure 2. The process of Recursive Feature Elimination (RFE) [43]
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 Figure 3. Elbow curve with optimal number of features

the curve typically levels off markedly after a pronounced initial ascent, marking the optimal
amount of features. The performance improved to around five features. The performance seems
to reach its zenith at around 10 features. Following the inclusion of 10 features, the recall
measure experiences a minor decline and subsequently stabilizes at around 15 features.
Ultimately, ten features emerge as the optimal selection according to this elbow plot, as
performance attains its zenith before a subsequent fall.

3.5 Classification Algorithms and Hyperparameters
The aim of the current research was to examine the effectivity of various ML algorithms
in the prediction of SSIs. LR, DTC, SVM, GNB, ANN, and KNN were used to examine the
aim of the research and develop predictive models. However, the models’ convergence was
enhanced by using considerable sampling techniques for data preprocessing and balancing.
The main combined sampling techniques and related techniques for resolving the imbalanced
classification problem are presented in this paper. A wrapper feature selection technique was
used by the researchers to determine the best combination that yielded the most effective
prediction models. In this study, 30% and 70% of the testing and training datasets were
selected. The PYTHON version 3.9.12 package was used to predict SSI (Pedregosa et al. [33]).
For combined sampling, seven classifiers were used. The model was evaluated using the selected
hyperparameters (Table 2).

3.5.1 Logistic Regression (LR)
This approach uses a supervised ML algorithm to address classification issues (Bartz-Kurycki
et al. [4]). LR is adequately applied when there are categorical values in the target class to
categorise and predict the disease (Ahmed et al. [1]). The statistical method is appropriate
for analysing the relationship between a dichotomous or binary outcome (0/1) using a set of
independent predictors (Das [9]).
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Table 2. Classifiers and hyperparameters implemented for combined sampling in SSI prediction

Classifier Hyperparameters

Logistic Regression random_state=1, C=1.00, solver=’lbfgs’

Decision Tree Classifier random_state=1, min_samples_split=2, splitter=’best’

K-Neighbors Classifier K=[3,6,9]; weight options [uniform, distance], and metric
(Minkowski)

Gaussian Naive Bayes Default

Random Forest Classifier n_estimators=[5000,7500,10000,12500,15000],
split measured criteria=[’gini’,’entropy’]

Support Vector Classifier kernel=’linear’, gamma=scale, and tolerance=0.001

Stochastic Gradient Descent Classifier loss=’log_loss’

3.5.2 Decision Tree Classifier (DTC)
This technique categorises instances according to feature values. Notably, in a DT, each node
indicates a feature in an instance that needs to be categorised, and every branch provides a
possible value for the node (Song et al. [37]). A best-suited variable is attributed at the root
dividing the algorithm into parts to unmix the dataset. An iterative splitting occurs until
the data is grouped into homogenous partitions (Ahmed et al. [1]).

3.5.3 K-Nearest Neighbours (KNN)
KNN is another well-liked classification method for its easy interpretation and quick
computation (Nasteski [29]). It works well with the discrete target classes by calculating
the distances of the point of a query for each of the instances to find the K minimum distances.
KNN is an effortless algorithm in which data is grouped into coherent subsets or clusters, which
categories the data depending on its similarity with the trained dataset assigning the input
variable to the nearest neighbors (Taunk et al. [40]).

3.5.4 Support Vector Machine (SVM)
A supervised ML approach, SVM, aims to find an n-dimensional repeatable hyperplane that
maximises the distance among the support vectors of two different class labels (Al Mamlook
et al. [2], and Song et al. [37]). It is a classification-regression method developed for multiple
classification problems applied simultaneously with feature selection (Lengua and Quiroz [23]).

3.5.5 Gaussian-Naive Bayes (GNB)
It is a classification algorithm that assigns a label to a class, increasing the posterior probability
of an individual sample. It is applicable with the assumption of voxel contributions which
conditionally are independent following the rules of Gaussian distribution. The decision rule of
GNB is written by obeying the discriminant function for every class (Ontivero-Ortega et al. [31]).
GNB assumes that each variable predicts the outcome attribute independently, such that
the final prediction categorises the dependent variable into each group considering the highest
probability of the respective set of items (Nasteski [29]).

3.5.6 Artificial Neural Networks (ANNs)
These advanced machine learning algorithms, known as ANNs, are inspired by the intricate
architecture and operation of living neural networks in the human brain (Lydia and Francis [27]).
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These networks consist of interconnected nodes, referred to as artificial neurons, organized in
layers (Lu et al. [25]). The depth of an artificial neural network is determined by the quantity of
hidden layers it possesses. Essentially, basic neural networks and deep learning models often
comprise three or more layers. The depth of ANN is defined by the number of hidden layers it
contains. Fundamentally, basic neural networks and deep learning models, with the latter often
consisting of three or more layers (Lu et al. [25]).

4. Model Evaluation
The confusion matrix illustrates the predictive models’ ability in properly categorizing data into
actual classes. The confusion matrix, also known as the error matrix, is a specific table layout
that facilitates the presentation of the algorithm’s predictive accuracy. Figure 4 delineates
the classification of the confusion matrix into four components. True Positive (TP) indicates
that the instance has been accurately classified as affirmative (1); False Positive (FP) signifies
that the instance has been erroneously classified as positive; True Negative (TN) denotes that
the instance has been correctly classified as negative (0); and False Negative (FN) indicates
that the positive instance has been incorrectly classified as negative. The performance attribute
of accuracy, particularly indicates the generated ML model’s comprehensive capability of
prediction, is the first performance metric determined by the confusion matrix (Al Mamlook et
al. [2], and Yang and Berdine [49]). 

 

 

  Figure 4. Confusion matrix

The Area under Receiving Operator Characteristic (AUC), a performance indicator for ML
classifiers, is well-recognized. The crucial AUC is calculated using the ROC, a probability
curve showing sensitivity, i.e., TP rate on the vertical and specificity axes, whereas TN rate on
the horizontal axis. The predicted value of the AUC ranges from 0.5 (the lowest predictability)
to 1 (the highest predictability) (Al Mamlook et al. [2], and Yang and Berdine [49]).

Furthermore, to compare the results of all ML models, several significant metrics were also
computed in the validation defined below:

Accuracy: It is the measure of analyzing the proportion of the number of results which are
measured correctly (Chowdhury and Schoen [7]),

Acc= (TP)+ (TN)/(TP)+ (TN)+ (FP)+ (FN).
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Precision: It determines the ratio of correct predicted outcomes and the total number of positive
predictions (Badia et al. [3], Chowdhury and Schoen [7], Luque et al. [26]),

Precision=TP/(TP+FP).

Recall: It identifies the data outcomes that are positive and predicted correctly (Chowdhury
and Schoen [7]),

Recall=TP/(TP+FN).

F1-score: It combines precision and recall calculating the harmonic mean between 0 and 1
(Chowdhury and Schoen [7], Luque et al. [26], and Umscheid et al. [42]).

F1−score= 2× [(Precision×Recall)/(Precision+Recall)].

5. Results
I evaluated the performance of six machine learning models—LR, DTC, KNN, GNB, SVM,
and ANN—using a combined sampling approach and wrapper feature selection. The data
were pre-processed and balanced using the SMOTE-ENN and SMOTE-Tomek techniques, and
feature selection was performed using Wrapper. The models were then constructed, trained,
and validated.

From Table 3, using the SMOTE-ENN combined sampling approach, the accuracy was
highest for both the KNN and DTC classifiers, i.e., 99%. The precision of DTC was highest for
the majority class, i.e., 99%, whereas KNN demonstrated the highest precision for the minority
class, i.e., 80%. The highest recall was obtained for the majority class, i.e., 99% for the DTC
model; however, the KNN model demonstrated the highest recall for the minority class, i.e.,
61Among the six models, the F1-score for the majority class was high, and the KNN classifier
achieved the highest F1-score (69% for the minority class).

Table 3. Performance metrics of ML algorithms by SMOTE-EEN and SMOT-Tomek with wrapper feature
selection

ML Combined method Accuracy % Precision % Recall % F1-score %

0 1 0 1 0 1

KNN SMOTE-ENN 98 99 80 98 61 99 69

DTC SMOTE-ENN 98 99 77 99 60 99 68

ANN SMOTE-ENN 94 99 26 95 60 97 36

LR SMOTE-ENN 89 99 15 90 60 94 24

GNB SMOTE-ENN 87 99 13 88 60 93 21

SVM SMOTE-ENN 74 98 7 74 60 85 13

KNN SMOTE-Tomek 99 99 87 99 60 99 74

DTC SMOTE-Tomek 99 99 89 99 60 99 72

LR SMOTE-Tomek 88 99 14 89 60 93 23

GNB SMOTE-Tomek 86 99 12 86 60 92 20

ANN SMOTE-Tomek 85 99 11 86 60 92 19

SVM SMOTE-Tomek 73 98 6 74 60 84 12
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When using SMOTE-Tomek combined sampling, the lowest accuracy results were 73%, with
precision values of 98% and 6% for the majority and minority classes, recall values of 74% for
the majority class and 60% for the minority class, and F1-scores of 84% for the majority class
and 12% for the minority class for the SVM model.

The performance metrics evaluation can be used to explain why the KNN and DTC
classifiers utilizing both sampling approaches demonstrated the best levels of precision, recall,
accuracy, and F1-score, demonstrating their value for reducing FP instances. The results further
demonstrate that the proposed KNN can capture increasing TP occurrences and exhibits a
meaningful and authentic balance between recall and precision. In conclusion, KNN is the most
accurate predictor of both positive and negative outcomes of SSIs.

Confusion Matrix
Figures 4 and 5 show confusion matrices that link the model’s predicted result to the actual class.
As shown in Figure 4, the confusion matrices for all six ML models were split into four quadrants
for SMOTE-ENN combined sampling and wrapper feature selection. It should be noted that
the highest TP was obtained using the KNN model, i.e., 343 indicating the best performance in
detecting infected cases. The lowest FP (i.e., 44) was observed for DTC compared with the other
ML models under SMOTE-ENN sampling, explaining that DTC showed the lowest number of
non-infected cases as infected cases of SSIs. The lower FN (i.e., 226) compared to the other ML
models explains why KNN showed the lowest number of infected cases as non-infected SSI cases.
It was predicted that the DTC model would have the highest TN, i.e., 19042. Thus, it denoted
that the DTC model showed the maximum number of correct predictions for non-infected SSI
cases.  

 

 
  

Figure 5. Confusion matrices of models with combined sampling method (SMOTE-ENN)

Figure 5 shows all confusion matrices for ML models with SMOTE Tomek using wrapper
feature selection. The results show the highest TP value from the KNN classifier, i.e., 345;
the lowest FN value was noted for KNN, i.e., 224; the highest FP value was observed from
the SVM classifier’s confusion matrix, i.e., 5019; and the highest TN value was noted for KNN,
i.e., 18,998.
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Figure 6. Confusion matrices of models with combined sampling method (SMOTE Tomek)

The ROC curves for the Six ML models employing SMOTE-ENN and SMOTE Tomek
combined sampling are shown in Figures 6 and 7. When the AUC value exceeds 0.5, the ML
model can successfully distinguish between negative and positive instances. KNN validated
the best performance compared to the other models since it applied both SMOTE-ENN and
SMOTE Tomek combined sampling strategies and displayed the highest AUCROC (i.e., 0.90
(90%) and 0.89 (89%)). Also, DTC, when used with SMOTE-ENN, also showed the highest
AUCROC of 90%, as shown in Figure 7.

Figure 7. Models performance under ROC CURVE using combined sampling method (SMOTE-ENN)
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Figure 8. Models performance under ROC CURVE using combined sampling method (SMOTE Tomek)

6. Discussion
In the current study, the application of the KNN algorithm resulted in the highest AUC
of 0.90 when the combined sampling approach of SMOTE-ENN was used. This finding is
supported by previous research that used oversampling. For example, Xiong et al. [47] developed
a prediction model based on SMOTE and ML for the successful prediction of the risk of SSI for
early prediction. The proposed model employs four ML algorithms such as LR, SGD, RF, and
AdaBoost Classification Trees. Results revealed that the AUC of the AdaBoost Classification
Trees classifier with SMOTE sampling was the highest (0.90), and it correctly identified 15
out of 16 patients as having a higher risk of developing SSI (Xiong et al. [47]). Another study
by Fletcher et al. [10] used LR and SVM and showed that LR had an AUC accuracy of 96.5%,
while SVM performed best with image data with an accuracy of 99.5%. It was concluded that in
combination, they both performed well (Fletcher et al. [10]). However, a previous study that also
used six ML classifiers revealed that the DTC and KNN models had the highest AUC of 0.90
under the combined sampling of SMOTE-ENN. The results demonstrate that by selecting an
appropriate ML model, combined sampling under Wrapper feature selection is a highly suitable
approach to obtain higher accuracy than oversampling techniques.

Some heuristic algorithms of under sampling, like Tomek and ENN links, are significant
for solving the classification problem of imbalanced datasets based on the instance hardness
threshold (IHT) (Xu et al. [48]). Wang and Liu [44]) also introduced the SMOTE oversampling
technique. The author applied SMOTE sampling rates and concluded that the SMOTE and
SVM models demonstrated significant improvements in accuracy and assurance for tackling
imbalanced data classification issues (Wang and Liu [44]). Similarly, the outcomes of the current
research showed credible findings because KNN using both the SMOTE-ENN and SMOTE
Tomek combined sampling techniques demonstrated the greatest AUC (i.e., 0.90 (90%) and 0.89
(89%) compared to the other models; it verified the best performance makes accurate predictions
for unbalanced datasets.
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7. Conclusion
Adopting machine learning algorithms to decipher complex associations is crucial for identifying
key variables in large datasets. These techniques significantly enhance the effectiveness of
prediction models, leading to improved clinical outcomes. The current research also hypothesized
the integration of a KNN classifier as the model with the highest accuracy and AUC under
SMOTE-ENN and SMOTE-Tomek sampling techniques in SSI prediction when certain risk
factors were selected using wrapper feature selection. The issues of data overfitting and
underfitting are also resolved when analyzed using ML algorithms, which limit the challenges
faced in imbalanced datasets. By selecting only the most relevant features, the proposed wrapper
method improves model accuracy and effectiveness. This focused approach reduces noise and
irrelevant information, resulting in better predictions and more reliable results. However,
wrapper methods can be computationally intensive, especially with SVM and other complex
models because they require multiple iterations to evaluate different feature subsets. This can
lead to long training times and increased resource consumption.
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