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Abstract

Postoperative wound healing complications present a major challenge in plastic and recon-
structive surgery, prolonging recovery and impairing outcomes. Early risk identification
is difficult due to complex interactions among clinical, laboratory, and molecular factors.
This study developed and evaluated machine-learning (ML) models to predict wound
healing outcomes and identify key complication predictors. Utilizing a dataset of 95 women
and 76 variables (including hematological, biochemical, coagulation, and gene expression
profiles), we evaluated several ML approaches, including Decision Tree, Extra Trees, Gaus-
sian/Bernoulli Naive Bayes, Logistic Regression, and Support Vector Machine. Model
performance was assessed via k-fold cross-validation, ROC analysis, and SHAP feature
importance. Molecular markers (COL1A1, MMP9, MAPK1, MAPK8, IL10, and CCL2)
emerged as the strongest predictors, whereas conventional clinical variables showed limited
value. The models achieved high discriminative performance, with validation ROC–AUC
values ranging from 0.903 to 0.913. Extra Trees and Gaussian Naive Bayes demonstrated the
highest sensitivity for detecting complications (Recall = 0.820 ± 0.238 and 0.807 ± 0.246, re-
spectively). These findings highlight the value of integrating molecular-genetic biomarkers
with ML for personalized risk stratification and preventive care in reconstructive surgery.

Keywords: artificial intelligence; machine learning; models; wound healing; surgery;
correlations; management; prediction; classifying; plastic and reconstruction

1. Introduction
Wound healing in healthy individuals represents a complex, multimodal, dynamic,

and highly regulated biological process involving coordinated interactions between in-
flammatory, proliferative, and remodeling phases [1–3]. This process requires precise
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orchestration of immune responses, extracellular matrix (ECM) remodeling, angiogenesis,
and cellular proliferation. Disruption of these mechanisms may result in delayed healing,
chronic wounds, or pathological scar formation, which significantly affects functional and
aesthetic outcomes in reconstructive procedures [4].

At the molecular level, wound repair is governed by tightly interconnected signaling
networks [5]. Key mediators include pro-inflammatory cytokines such as interleukin-6
(IL-6) and chemokines like C-C motif chemokine ligand 2 (CCL2), which regulate leukocyte
recruitment and inflammatory cascades, as well as anti-inflammatory regulators such as
interleukin-10 (IL10), which contribute to resolution of inflammation [6–8]. Intracellu-
lar signaling pathways, particularly those involving Mitogen-Activated Protein Kinases
(MAPK1 and MAPK8), play a central role in transducing stress and inflammatory signals
into cellular responses [9]. In addition, ECM remodeling is controlled by metalloproteinases
(MMP) such as MMP9, while structural proteins encoded by Collagen alpha 1 chain types
1 and 3 (COL1A1 and COL3A1) determine the quality and mechanical properties of the
newly formed tissue [10–12]. The transforming growth factor-β1 (TGF β1) pathway is
a pivotal regulator of fibroblast activation, collagen synthesis, and fibrogenesis, linking
inflammation to scar formation [13].

Recent evidence indicates that dysregulation of these molecular pathways contributes
to aberrant healing outcomes, including fibrosis, hypertrophic scarring, and impaired
regeneration [12]. For instance, prolonged IL-6–mediated inflammation and imbalance
between ECM deposition and degradation may lead to excessive scar formation, while
altered expression of MMP9 and collagen genes affects tissue remodeling and tensile
strength [5–7]. Furthermore, systemic and local factors such as oxidative stress, microbiome
composition, and comorbid conditions modulate gene expression patterns and healing
trajectories, highlighting the multifactorial nature of wound repair [14–18].

Despite these advances, conventional approaches to outcome prediction remain lim-
ited by the complexity and heterogeneity of biological data. The increasing availability of
high-dimensional datasets, including transcriptomic, clinical, and imaging data, necessi-
tates the use of advanced analytical methods capable of capturing nonlinear relationships
and interactions among variables. Artificial intelligence (AI) and machine learning (ML)
have emerged as powerful tools for addressing these challenges. ML algorithms, such
as decision trees, random forests, gradient boosting, and neural networks, enable the in-
tegration of multidimensional data and facilitate the development of predictive models
with high accuracy. In wound care, ML approaches have already demonstrated potential
in predicting healing rates, classifying wound types, and identifying patients at risk of
complications, as well as in other diseases [19–27]. Importantly, ML can hypothetically
uncover hidden patterns within gene expression data and link them to clinical outcomes,
providing insights into the underlying biological mechanisms.

Despite recent advances in ML applications for surgical outcome prediction, most
existing models rely predominantly on demographic, clinical, and perioperative variables,
whereas the contribution of molecular-genetic biomarkers associated with inflammation,
extracellular matrix remodeling, and tissue repair remains insufficiently explored. Further-
more, relatively few studies have combined explainable AI approaches with molecular
profiling to identify biologically meaningful predictors of postoperative wound-healing
complications [19–22].

Hereupon, the novelty of the present study lies in the integration of clinical, laboratory,
and molecular-genetic data within a unified ML framework for postoperative complication
prediction. In addition, the study applies SHAP-based explainable AI to quantify the
contribution of individual predictors and identify key biological pathways associated with
wound-healing outcomes. This approach aims not only to improve predictive performance
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but also to enhance the biological interpretability of ML models for personalized risk
assessment in reconstructive surgery.

Therefore, the aim of the present study is to develop and validate machine learn-
ing models for prediction and classifying of wound healing outcomes and postoperative
complications in women in plastic and reconstructive surgery, based on the integration
of clinical data and gene expression profiles (IL-6, IL-10, CCL2, MMP9, MAPK1, MAPK8,
TGFB1, COL1A1, COL3A1). This approach seeks to advance precision medicine by provid-
ing a comprehensive, data-driven framework for improving patient-specific outcomes in
plastic and reconstruction practice.

2. Materials and Methods
2.1. Clinical Data Set Collection. Screening. Compliance with Biomedical Ethics

Clinical data was prospectively collected between September 2024 and December
2025 at the “Bukovinian Center of Plastic and Aesthetic Surgery” in Chernivtsi, Ukraine.
The investigation was designed as a prospective longitudinal single-cohort study and
enrolled 95 women undergoing reconstructive or aesthetic breast surgery. The mean age of
participants was 35.48 ± 6.61 years (range: 19–57 years). Prior to inclusion, all participants
provided written informed consent and completed a comprehensive baseline evaluation,
including demographic and clinical assessment, imaging studies (breast ultrasound and/or
mammography), and laboratory testing (complete blood count and biochemical profile).

The study was conducted in accordance with the principles of the Convention on
Human Rights and Biomedicine and was approved by the Biomedical Ethics Committee of
Bukovinian State Medical University (Protocol No. 1, 19 September 2024). Written informed
consent was obtained from all participants prior to enrollment.

All participants were screened for eligibility based on predefined inclusion and ex-
clusion criteria. Inclusion criteria comprised age ≥ 18 years, ability to engage in the study
procedures (i.e., absence of severe mental disorders), and provision of written informed
consent. Exclusion criteria included age under 18 years; presence of acute inflammatory
conditions or exacerbation of chronic inflammatory diseases; active or decompensated
autoimmune disorders; connective tissue diseases or other systemic conditions in sub- or
decompensated stages; severe metabolic disorders (including type I or II diabetes mellitus
in sub- or decompensation stages, and class III obesity or higher); psychiatric disorders;
and pregnancy or lactation.

Clinical evaluation encompassed general health status, patient-reported symptoms,
findings from physical examination (inspection and mammary glands palpation), ultra-
sound results, and detailed documentation of the type of mammoplasty performed.

2.2. Stratification of Patients

Participants were categorized according the occurrence of postoperative complica-
tions (12.63% with complications vs. 87.67% without), and type of surgical intervention.
The distribution of procedures included augmentation mammoplasty (69.47%), mastopexy
(6.32%), combined mastopexy with mammoplasty (9.47%), reduction mammoplasty (5.26%),
implant replacement (7.37%), and implant removal (2.11%). Reported postoperative com-
plications comprised capsular contracture/fibrosis (6.32%), implant displacement with
contour deformity (3.16%), retromammary seroma (2.11%), and implant rupture (1.05%).

2.3. Genetic Analysis

Gene expression analysis of IL6, IL10, CCL2, MAPK1, MMP9, MAPK8, COL1A1 and
COL3A1 in peripheral blood leukocytes was performed using a pathway-focused PCR
primers with iTaq Universal SYBR Green Supermix (SMX500; Thermo Fisher Scientific
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Inc., Bio-Rad Laboratories, Waltham, MA, USA). Total RNA was extracted using the
GeneAll® Hybrid-R™ Blood RNA Kit (GeneAll Biotechnology, Seoul, Republic of Korea)
following the manufacturer’s protocol, and subsequently reverse-transcribed into cDNA
using the iScript™ gDNA Clear cDNA Synthesis Kit (Bio-Rad Laboratories, Foster City,
CA, USA). All genes expression was normalized by the reference gene GAPDH. The
methodological approach to transcriptional activity assessment has been described in our
previous publications [28–30]. Molecular genetic analysis was carried out in a subset of
50 participants (without missing any relevant data).

2.4. The Study Methodology

Data analysis was conducted in a stepwise manner and comprised the following stages:

• Data acquisition and preprocessing (development of the feature matrix, assessment of
duplicates and missing values, transformation of molecular variables);

• Multicollinearity analysis and feature selection;
• Association analysis between predictors and the target variable;
• Correlation analysis (to evaluate relationships among variables and to identify the

most informative predictors of postoperative complications in women in plastic and
reconstructive surgery);

• Development of ML models and performance assessment (tuning of hyperparameters
and quantification of each feature’s contribution to model predictions);

• Interpretation of results and identification of consistent predictors (visualization of
model performance using SHAP analysis, ROC curves and elucidation of classification
mechanisms based on decision tree-derived structures).

The overall methodological framework is presented in Figure 1, illustrating the se-
quence of analysis stages workflow and interactions between them.

Figure 1. Study methodology framework using Orange flow diagrams.

2.4.1. Data Acquisition and Preprocessing

The initial dataset (76 variables) comprised demographic, clinical, laboratory, and
molecular-genetic parameters. Demographic and clinical features included age, place of
residence, blood group, Rh factor, body mass index (BMI), systolic and diastolic blood
pressure (SBP, DBP), and heart rate (HR). Laboratory parameters encompassed standard
hematological indices (erythrocytes (Er-RBC), hemoglobin (Hb), color index (CI), leuko-
cytes (Leu-WBC) and their subpopulations (neutrophils—(NEUT) segmented and band),
eosinophils (EO)), lymphocytes (LYMPH), monocytes (Mono), platelet (PTL) and erythro-
cyte sedimentation rate (ESR)), biochemical markers (glucose, urea, creatinine (Cr), bilirubin
(BIL) and its fractions (direct—DBIL and non-direct—N-DBIL), liver enzymes (ALT, AST),
total protein, alkaline phosphatase (APh), and estimated glomerular filtration rate (eGFR)
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calculated using the CKD-EPI equation), as well as coagulation parameters (prothrombin
time (PTt), prothrombin index (PTI), thrombin time (Tt), activated partial thromboplastin
time (APTT), fibrinogen (Fib), hematocrit (Ht) and international normalized ratio (INR)).

Based on the Clinical Blood Analysis/Complete Blood Count (RBC, WBC), inflam-
matory indices were calculated, including the neutrophil-to-lymphocyte ratio (NLR),
lymphocyte-to-monocyte ratio (LMR), platelet-to-lymphocyte ratio (PLR), and the systemic
immune-inflammation index (SII = PLTxNEUT/LYMPH). Molecular-genetic variables
were represented by the relative expression levels of IL6, COL1A1, COL3A1, CCL2, IL10,
MAPK1, MAPK8, MMP9 and TGFB1 genes, normalized to the reference gene GAPDH.

The target variable was postoperative complications after plastic and reconstructive
surgery, coded as a categorical variable (0/1—NO/YES complication).

Data preprocessing included screening for duplicate records and missing values,
none of which were identified, as well as transformation of molecular variables. For
molecular markers (IL6, COL1A1, COL3A1, CCL2, IL10, MAPK1, MAPK8, MMP9, TGFB1),
a logarithmic transformation (natural logarithm) was applied to stabilize variance and
reduce distributional skewness: x′ = ln(x).

2.4.2. Multicollinearity Analysis and Feature Selection

Multicollinearity among predictors was assessed using a generalized association
matrix, enabling evaluation of relationships between variables of different types (threshold
|r| ≥ 0.7). Pearson’s correlation coefficient was applied to continuous variables, Cramér’s
V to categorical variables, and the correlation ratio (η2) to mixed-type variable pairs.

Multicollinearity-based feature filtering (reduction) was performed during the pre-
processing stage before model development. Highly correlated predictors (|r| ≥ 0.80)
were identified using pairwise association analysis, and one variable from each strongly
correlated pair was excluded to reduce redundancy and improve model stability. This pro-
cedure was based solely on predictor–predictor relationships and did not use information
from the target outcome. Nevertheless, because feature reduction was performed before
cross-validation, a limited degree of information leakage cannot be completely excluded
and should be considered when interpreting model performance.

2.4.3. Association Analysis Between Predictors and the Target Variable

The relationship between predictors and the target variable was evaluated using
a generalized association matrix. Given that the target variable was binary (0 = NO
complication, 1 = YES complication), associations with numerical predictors were assessed
using the point-biserial correlation coefficient, whereas appropriate measures of association
were applied for categorical variables, including Cramér’s V coefficient. The resulting
values were used to rank predictors according to the strength of their association with the
target variable.

2.4.4. Machine Learning Models Development and Performance Assessment

Considering the binary classification task, machine learning approaches were em-
ployed. Due to the relatively small sample size and heterogeneity of features, algorithms
with different inductive biases were selected. In particular, tree-based models (Decision
Tree Classifier, Extra Trees Classifier) were applied, as they enable modeling of complex
nonlinear relationships and inherently account for feature interactions without requiring
assumptions about data distribution [31,32].

The evaluated ML algorithms were selected to represent complementary ML prin-
ciples suitable for a small, heterogeneous biomedical dataset and a binary classification
task. The Decision Tree classifier was included as an interpretable baseline model, as it
provides threshold-based decision rules that can be clinically examined and translated
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into understandable risk-stratification pathways. Extra Trees was selected as an ensemble
tree-based method capable of capturing nonlinear relationships and interactions among
clinical, laboratory, and molecular predictors while reducing variance through randomized
tree aggregation. Gaussian Naive Bayes was included because many predictors, includ-
ing laboratory and gene-expression variables, are continuous, and this model provides
a simple probabilistic classification framework that is often robust in limited-sample set-
tings. Bernoulli Naive Bayes was used to evaluate threshold-like or binarized feature
patterns [33,34]. More complex high-capacity models, such as neural networks, were not
prioritized because the available sample size was limited and such models would carry a
high risk of overfitting.

Model performance was evaluated using Repeated Stratified K-Fold cross-validation
(5 folds × 10 repeats) which reduces variance in performance estimates and improves
reliability. At the initial stage, a comparative analysis of models was conducted using key
evaluation metrics. To avoid information leakage and ensure unbiased performance estima-
tion, hyperparameter optimization was performed exclusively within the training portion
of each cross-validation iteration using RandomizedSearchCV and GridSearchCV, focusing
on the most relevant model parameters. The optimal hyperparameter configuration identi-
fied from the training data was subsequently applied to the corresponding validation fold.
Thus, validation data were not used during model fitting or hyperparameter selection. Due
to the limited sample size, a separate hold-out test set was not created, and the reported
metrics represent internally cross-validated estimates of predictive performance.

Model performance was assessed using the following metrics: ROC-AUC, Recall,
Precision, F1-score, Accuracy, and Balanced Accuracy [35].

For the final models, receiver operating characteristic (ROC) curves were constructed,
illustrating the relationship between sensitivity (true positive rate) and the false positive
rate. The area under the ROC curve (ROC-AUC) was used as an integral measure of
model performance.

In addition, the decision tree model was employed as an interpretative tool to derive
classification rules and to visualize the decision-making process.

Given the limited sample size and the molecular-genetic subset of 50 participants,
the present analysis was designed as an exploratory predictive modeling study. Repeated
stratified cross-validation was used to reduce the variance of performance estimates and
to maximize the use of available data. In addition, relatively interpretable and low-to-
moderate complexity algorithms were selected to reduce the risk of overfitting compared
with high-capacity models.

2.4.5. Interpretation of Results and Identification of Consistent Predictors

Model interpretation was performed using the SHAP (SHapley Additive exPlanations)
framework, which enables quantification of the contribution of each feature to the model
predictions at both global and individual levels [36]. This method is grounded in coopera-
tive game theory and Shapley values, where the contribution of each feature is defined as
its average marginal effect on the model output across all possible feature combinations.
This approach provides a consistent and interpretable decomposition of model predictions
into contributions from individual predictors.

To identify consistent predictors across different models, a Venn diagram was con-
structed based on features with the highest absolute SHAP values for each model (Extra
Trees, Gaussian Naive Bayes, Bernoulli Naive Bayes).
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2.5. Software

All AI analyses were performed in Python (version 3.9.12) using the following libraries:
pandas 2.1.3, NumPy 1.26.0, Scikit-learn (version 1.0.2), SHAP 0.44.0, matplotlib 3.8.0,
seaborn 0.13.2, and Dython. ChatGPT (OpenAI, model DALL·E 3) was used to generate
the graphical abstract.

Continuous variables were evaluated using an independent-samples Welch’s t-test
for normally distributed data (M ± SD), whereas for non-normally distributed variables,
identified by the Shapiro–Wilk test, the Wilcoxon–Mann–Whitney U test was applied
(presented as median (Me) with interquartile range (Q1–Q3)). Categorical variables/counts
(percentage) were analyzed using chi-square test (χ2) (df = 1) and Fisher’s exact test when
expected frequencies were below 5. Differences were considered statistically significant
at p < 0.05.

3. Results
3.1. Baseline Characteristics of Patients

The baseline data of enrolled women is given in Table 1. Social employment was
significantly less common among patients with complications compared with those with-
out complications (50.0% vs. 79.5%, p = 0.036), suggesting a possible association between
unemployment and increased complication risk. Type of surgical intervention demon-
strated the strongest association with complications (p < 0.001 overall). Complications
occurred predominantly after implant-related revision procedures: implant replacement
(58.3%) and implant removal (16.7%) were observed exclusively in the complication group,
whereas primary augmentation mammoplasty was significantly more frequent in patients
without complications (77.1% vs. 16.7%). A history of previous surgical interventions was
significantly more common in patients with complications (66.7% vs. 18.1%, p = 0.001), indi-
cating that prior surgery may represent an important risk factor for adverse postoperative
outcomes. Concomitant chronic pathology showed a trend toward higher prevalence in
the complication group (33.3% vs. 12.1%), although statistical significance was not reached
(p = 0.074). Variables that were not significantly associated with complications included:
age, place of residence, blood group and Ph-factor (p > 0.05 for all comparisons).

Table 1. Baseline characteristics of patients depending on complications’ presence.

Clinical and Some Demographic Data
Complications

p Value
Yes, n = 12 (%) No, n = 83 (%)

Age, years, M ± SD 36.33 ± 9.67 35.21 ± 5.80 1.0

Social employment, n (%)
Yes 6 (50.0) 66 (79.52)

0.036
No 6 (50.0) 17 (20.48)

Place of residence, n (%)
City 9 (75.0) 61 (73.49)

0.610
Rural area 3 (25.0) 22 (26.51)

Type of surgical intervention, n (%)

Augmentation Mammoplasty 2 (16.67) 64 (77.11) <0.001

Reduction
Mammoplasty 1 (8.33) 4 (4.82) 0.499

Mastopexy 0 6 (7.23) -

Mastopexy with Mammoplasty 0 9 (10.84) -

Implant
Replacement 7 (58.33) 0 -

Implant Removal 2 (16.67) 0 -
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Table 1. Cont.

Clinical and Some Demographic Data
Complications

p Value
Yes, n = 12 (%) No, n = 83 (%)

Blood group, n (%)

0 (I group) 3 (25.0) 32 (38.55) 0.284

A (II group) 5 (41.67) 22 (26.51) 0.223

B (III group) 4 (33.33) 22 (26.51) 0.425

AB (IV group) 0 7 (8.43) -

Rh factor, n (%)
Rh+ 10 (83.33) 72 (86.75)

0.515
Rh- 2 (16.67) 11 (13.25)

Surgical interventions in anamnesis, n (%) 8 (66.67) 15 (18.07) 0.001

Concomitant chronic pathology, n (%) 4 (33.33) 10 (12.05) 0.074

3.2. Results of Multicollinearity Analysis and Feature Selection

To identify multicollinearity among predictors, an association matrix was constructed
(Figure 2). The color scale represents the strength of relationships between all feature types:
light orange indicates the maximum positive association (+1), light blue corresponds to
the maximum negative association (−1), whereas darker shades indicate the absence of
association (0).

Figure 2. Association matrix.
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A substantial number of feature pairs for numerical variables with high correlation
coefficients (|r| ≥ 0.8) were identified, indicating potential information redundancy and a
risk of model instability (Figure 3). An almost complete inverse relationship was observed
between PTI and PTt (r = −0.99). Strong correlations were also detected among molecular
markers, including MAPK1 and IL-6 (r = 0.99), IL-10 and IL-6 (r = 0.95), as well as MAPK8
and MAPK1 (r = 0.90). High association values were further identified among biochemical
parameters (N-DBIL and total bilirubin, r = 0.97; AST and ALT, r = 0.88), hematological
indices (Ht and Hb, r = 0.97; NEUT and WBC, r = 0.94), and derived inflammatory indices
(SII and NLR, r = 0.91).

Figure 3. Lower triangular correlation matrix for numerical variables with strong linear relationships.
A threshold of 0.80 (|r| ≥ 0.8) was applied to identify strongly collinear pairs. The color scale
ranging from −1 to +1 reflects the direction and magnitude of correlations: deep red indicates a
strong positive correlation (+1), deep blue represents a strong negative correlation (−1), and white
denotes the absence of a statistically significant relationship (0).

To improve reproducibility, eliminate multicollinearity and avoid duplication of infor-
mation, the retained and excluded variables were determined according to the following
principles: variables with stronger biological relevance to wound-healing mechanisms,
more direct clinical interpretation, and lower redundancy with other predictors were prior-
itized for retention. Variables excluded due to high correlation included TGFB1, MAPK1,
IL-6, MAPK8, PTt, N-DBIL, Ht, INR, WBC, segmented neutrophils (%), SII, DBIL, weight,
total bilirubin, ALT, lymphocytes (%), and NEUT. This feature selection procedure re-
duced predictor-space dimensionality and improved the stability and generalizability of
the ML models.

https://doi.org/10.3390/computation14070156

https://doi.org/10.3390/computation14070156


Computation 2026, 14, 156 10 of 21

3.3. Analysis of the Relationship Between Predictors and the Target Variable

An association matrix was used to evaluate the relationships between the studied fea-
tures and the presence of postoperative complications. The strongest positive associations
were identified for molecular markers, including LogN-COL1A1 (r = 0.60), LogN-MAPK1
(r = 0.57), LogN-MMP9 (r = 0.53), and LogN-MAPK8 (r = 0.52). Moderate positive correla-
tions were also observed for IL-10 (r = 0.49) and LogN-CCL2 (r = 0.46). Similar findings
were obtained for the native expression levels of the corresponding genes, particularly
MMP9, COL1A1, and CCL2.

Among the negative associations, the most pronounced inverse correlations were
detected for GAPD (r = −0.42) and body mass index (BMI; r = −0.33). Other clinical
and laboratory variables demonstrated weak or no meaningful association with the target
variable (|r| < 0.3).

3.4. Development of Machine Learning Models and Model Performance Evaluation

Tables 2 and 3 summarize the comparative performance evaluation of the machine
learning models. Metric values are presented as mean ± standard deviation obtained
during repeated stratified cross-validation.

Table 2. Performance metrics of machine learning models on the training dataset.

Model Accuracy Balanced
Accuracy Precision Recall F1-Score ROC-AUC

GaussianNB 0.951 ± 0.021 0.961 ± 0.024 0.844 ± 0.058 0.982 ± 0.040 0.906 ± 0.039 0.992 ± 0.004

BernoulliNB 0.926 ± 0.025 0.910 ± 0.038 0.826 ± 0.058 0.879 ± 0.070 0.850 ± 0.053 0.978 ± 0.011

ExtraTrees 0.958 ± 0.020 0.953 ± 0.030 0.888 ± 0.053 0.946 ± 0.058 0.914 ± 0.040 0.994 ± 0.005

DecisionTree 0.898 ± 0.037 0.920 ± 0.022 0.727 ± 0.097 0.963 ± 0.050 0.823 ± 0.051 0.969 ± 0.011

Table 3. Performance metrics of machine learning models on the validation dataset.

Model Accuracy Balanced
Accuracy Precision Recall F1-Score ROC-AUC

GaussianNB 0.888 ± 0.090 0.858 ± 0.125 0.794 ± 0.222 0.807 ± 0.246 0.766 ± 0.184 0.903 ± 0.129

BernoulliNB 0.876 ± 0.098 0.847 ± 0.132 0.757 ± 0.233 0.793 ± 0.244 0.747 ± 0.195 0.913 ± 0.105

ExtraTrees 0.894 ± 0.087 0.866 ± 0.117 0.811 ± 0.219 0.820 ± 0.238 0.779 ± 0.175 0.907 ± 0.132

DecisionTree 0.778 ± 0.136 0.754 ± 0.147 0.576 ± 0.280 0.707 ± 0.300 0.591 ± 0.219 0.791 ± 0.163

All evaluated models demonstrated high discriminative performance, as evidenced
by ROC-AUC values exceeding 0.90. The highest ROC-AUC values were achieved by the
Bernoulli Naive Bayes (0.913 ± 0.105), Extra Trees (0.907 ± 0.132), and Gaussian Naive
Bayes (0.903 ± 0.129) models.

From a clinical perspective, particular attention was paid to the Recall metric, which
reflects the model’s ability to correctly identify patients with postoperative complica-
tions. The highest Recall values were observed for the Extra Trees (0.820 ± 0.238) and
Gaussian Naive Bayes (0.807 ± 0.246) models, indicating superior sensitivity toward the
positive class. The Bernoulli Naive Bayes model demonstrated a slightly lower Recall value
(0.793 ± 0.244).

In contrast, the Decision Tree model showed the weakest performance, particularly in
terms of ROC-AUC (0.791 ± 0.163) and Recall (0.707 ± 0.300), suggesting lower stability
and a higher susceptibility to overfitting on the present dataset.

Although Extra Trees achieved the highest mean ROC-AUC (0.913 ± 0.093), the
differences in predictive performance among the evaluated algorithms were generally

https://doi.org/10.3390/computation14070156

https://doi.org/10.3390/computation14070156


Computation 2026, 14, 156 11 of 21

modest. Most models demonstrated ROC-AUC values above 0.90, indicating consistently
high discriminative ability across different machine-learning approaches. Furthermore,
the observed standard deviations, particularly for Recall, suggest some variability in
performance across cross-validation folds. Therefore, the reported results support the
conclusion that several algorithms achieved comparable predictive performance rather
than indicating the clear superiority of a single model.

To further assess model robustness and generalizability, 95% confidence intervals (CIs)
for ROC-AUC values on the validation dataset were calculated. The Gaussian Naive Bayes
(95% CI: 0.867–0.939), Bernoulli Naive Bayes (95% CI: 0.884–0.942), and Extra Trees (95%
CI: 0.870–0.944) models demonstrated consistently high and stable performance, charac-
terized by relatively narrow and overlapping confidence intervals, indicating comparable
discriminative ability. Conversely, the Decision Tree model exhibited a lower ROC-AUC
(95% CI: 0.746–0.836) and a wider confidence interval, reflecting greater variability and
reduced model stability.

Receiver operating characteristic (ROC) curves illustrating the discriminative perfor-
mance of the evaluated models are presented in Figure 4.

Figure 4. ROC-curves for evaluated models.

The accomplished results are consistent with the previously obtained performance
metrics and further support the suitability of the Extra Trees and Naive Bayes classifiers for
subsequent predictor interpretation, while confirming the limited generalizability of the
Decision Tree model.

To further interpret the relationships between variables and derive logical classification
rules, an unconstrained Decision Tree model was constructed. In this model, the target
variable was encoded as binary: class 0 corresponded to the absence of postoperative
complications, whereas class 1 indicated their presence. Accordingly, the terminal nodes of
the tree represent the predicted classification of a patient into one of these categories. The
visualization of the Decision Tree is presented in Figure 5.

The developed model enables representation of the decision-making process as a
sequence of conditions determining patient assignment to the postoperative complication
risk group. Specifically, the tree branches are based on COL1A1, Fib, PTI, creatinine,
LogN-MMP9, EO%, and their corresponding threshold (cut-off) values identified during
model training. These threshold values may be interpreted as potential clinically relevant
limits associated with changes in postoperative complication risk. According to the model,
patients with COL1A1 ≤ 4.73 and Fib ≤ 2.69 were classified into the group without
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postoperative complications (class 0). In contrast, patients with COL1A1 ≤ 4.73, Fib > 2.69,
and creatinine > 59.74 were assigned to the high-risk complication group (class 1). This
sequence of conditional rules illustrates the internal decision logic of the model.

Figure 5. Visualization of the Decision Tree for classification of postoperative complication risk.

3.5. Interpretation of Individual Features Contribution to the Forecast Formation and Identification
of Consistent Predictors

To assess the contribution of individual variables to model predictions, SHapley
Additive exPlanations (SHAP) analysis was performed. The corresponding SHAP summary
plots for the Extra Trees, Gaussian Naive Bayes, and Bernoulli Naive Bayes models are
shown in Figure 6a–c.

Figure 6. (a–c). SHAP summary plots for the models: (a) Gaussian Naive Bayes, (b) Bernoulli Naive
Bayes, (c) Extra Trees.

For the Gaussian Naive Bayes model, the most influential variables according to SHAP
values were LogN-CCL2, COL1A1, IL-10, ESR (SER), and LogN-TGFB1. Increased values
of LogN-CCL2, COL1A1, and IL-10 were associated with a higher risk of complications,
whereas lower values of ESR and LogN-TGFB1 were linked to a reduced probability of
favorable outcomes.
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In the Bernoulli Naive Bayes model, the most important predictors included LogN-
MMP9, LogN-CCL2, COL1A1, LogN-COL1A1, and IL-10. Higher values of all these
variables were consistently associated with an increased risk of postoperative complications.

For the Extra Trees model, the leading predictors were LogN-CCL2, LogN-MAPK1,
LogN-MMP9, LogN-COL1A1, and GAPD. Elevated levels of LogN-CCL2, LogN-MAPK1,
LogN-MMP9, and LogN-COL1A1 were associated with increased complication risk, whereas
lower GAPD values were linked to a higher probability of postoperative complications.

To evaluate the consistency of findings across different machine learning models, an
overlap analysis of the most important SHAP-derived predictors was performed. The
corresponding Venn diagram is presented in Figure 7.

Figure 7. Intersection of the most important features identified using SHAP for Extra Trees, Gaussian
Naive Bayes, and Bernoulli Naive Bayes models (Venn diagram).

All three models (Extra Trees, Gaussian Naive Bayes, and Bernoulli Naive Bayes)
shared a common set of 13 key predictors, including BMI (1), CCL2 (2), COL1A1 (3),
COL3A1 (4), GAPD (5), IL-10 (6), MMP9 (7), as well as their logarithmically transformed
representations (LogN-CCL2 (8), LogN-COL1A1 (9), LogN-MAPK1 (10), LogN-MAPK8
(11), and LogN-MMP9 (12)), together with the ESR (13) parameter.

4. Discussion
Wound healing assessment involves both qualitative parameters (e.g., postoperative

wound appearance, peri-wound skin condition, and wound margins) and quantitative
measurements (e.g., wound size and depth), all of which require standardized monitoring
to accurately evaluate healing progression (World Union of Wound Healing Societies,
2025) [37]. Furthermore, the wound healing process is accompanied by changes in systemic
blood biochemical parameters and inflammatory markers, depending on severity and
concomitant conditions.

AI-driven technologies have demonstrated strong potential for improving digital
health and telemedicine applications in wound care by enhancing wound image quality,
automating wound characterization, and supporting accurate diagnosis and longitudinal
monitoring [38–40]. Despite promising advances, further validation, clinical integration,
and multidisciplinary collaboration remain necessary to ensure the reliability and effective
implementation of AI systems in routine wound management. Moreover, there are no
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studies on predicting wound healing in plastic and reconstructive surgery using AI/ML.
However, AI/ML is rapidly expanding in healthcare, with substantial projected market
growth and increasing implementation in imaging-based specialties such as radiology
and diagnostic imaging [41,42]. The projected 10-year growth of AI use in healthcare is
$11.2 billion in 2023 and $427.5 billion in 2032 [41].

Our study demonstrates that the integration of molecular biomarkers with ML ap-
proaches provides a powerful framework for predicting and classifying wound healing out-
comes in plastic and reconstructive surgery. The results extend our previous findings [28]
by showing that gene expression signatures associated with inflammation, extracellular
matrix remodeling, and fibrogenesis significantly contribute to the predictive performance
of ML models.

Wound healing is a multifactorial and dynamic process in which the balance between
pro-inflammatory and anti-inflammatory signaling is critical. In this context, elevated ex-
pression of IL6 and CCL2 reflects an amplified inflammatory response that may prolong the
inflammatory phase and predispose to delayed healing or fibrosis. Conversely, IL10 plays
a compensatory anti-inflammatory role, and its insufficient upregulation may contribute to
persistent inflammation. These findings are consistent with recent studies demonstrating
that dysregulated cytokine signaling is a key determinant of impaired wound repair and
pathological scar formation [4–7]. Intracellular signaling pathways mediated by MAPK1
and MAPK8 further modulate cellular responses to stress, including apoptosis, prolif-
eration, and cytokine production. The observed associations between MAPK pathway
activity and healing outcomes support the concept that stress-response signaling networks
critically influence tissue regeneration. Previous research has highlighted the central role of
MAPK signaling in integrating inflammatory and mechanical stimuli during wound repair,
particularly in fibroblast activation and keratinocyte migration [8,9].

In our study, altered expression of MMP9 and collagen genes such as COL1A1 and
COL3A1 was strongly associated with differences in scar quality and tissue remodeling,
participating in ML classification of postoperative complication risk. Excessive collagen
deposition, driven in part by TGFB1, is a well-established mechanism underlying hyper-
trophic scarring, fibrosis (aberrant fibroblast activity) and excessive extracellular matrix
accumulation [10,13,43,44].

Our study demonstrates that postoperative complication risk in relatively healthy
women can be effectively modeled using a multimodal ML framework integrating molecu-
lar, laboratory, and clinical features. We observed a moderate decline in ROC-AUC values
for most models when transitioning from the training to the validation datasets. In con-
trast, the Decision Tree model demonstrated a substantial decrease in performance metrics,
indicating pronounced overfitting and limited model stability. The Naive Bayes classifiers
exhibited the smallest differences between training and validation metrics, suggesting
superior generalizability under conditions of limited sample size.

The proposed ML framework was designed not only to maximize predictive perfor-
mance but also to preserve interpretability and biological plausibility. The combination of
tree-based and probabilistic classifiers allowed the analysis of postoperative complication
risk from complementary methodological perspectives. Tree-based models can capture
nonlinear interactions and clinically interpretable thresholds, whereas Naive Bayes models
provide a probabilistic framework that remains suitable under limited-sample conditions.
Therefore, the selected algorithms were considered appropriate for exploratory biomedical
prediction where both predictive performance and interpretability are required.

Nevertheless, the proposed approach achieved consistently high discriminative per-
formance, with validation ROC-AUC values ranging from 0.903 to 0.913, corresponding to
a large effect size (∆AUC ≈ +0.40–0.45 over random classification). Notably, performance
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remained stable under repeated stratified cross-validation, indicating robustness despite
the limited sample size (n = 50).

An important observation is that the performance differences among the evalu-
ated ML algorithms were relatively small. Validation ROC-AUC values ranged from
0.903 to 0.913, and the associated variability measures showed substantial overlap between
models. Consequently, the present findings should not be interpreted as demonstrating
the unequivocal superiority of any particular algorithm. Rather, they suggest that multiple
ML approaches, including ensemble-based and probabilistic methods, are capable of ef-
fectively capturing the predictive information contained within the clinical and molecular
dataset. The consistency of predictive performance across diverse modeling strategies
further supports the robustness of the identified signal and the biological relevance of the
selected predictors.

Moreover, the selected classifiers represent complementary analytical strategies rather
than competing implementations of the same modeling principle. This design allowed
the evaluation of whether the predictive signal was stable across interpretable tree-based,
ensemble-based, and probabilistic learning approaches. The comparable performance of
several models suggests that the observed predictive signal is not restricted to a single
algorithmic family.

Importantly, the application of ML models allowed the integration of these molecular
markers with clinical variables, revealing complex, nonlinear relationships that are not
captured by traditional statistical approaches. Algorithms such as random forests and
gradient boosting demonstrated superior predictive performance, likely due to their ability
to model interactions between multiple biological and clinical features. Similar findings
have been reported in recent studies where ML approaches improved prediction accuracy
for wound healing outcomes, particularly when incorporating omics data [20,39,45–47].
Some recent studies have reported promising performance of explainable ML models
for predicting major postoperative complications in oncological surgery, with AUC-ROC
values ranging from approximately 0.73 to 0.77 using clinical and electronic health record
data alone [48,49]. Likewise, deep learning and ensemble-based models have shown strong
predictive capabilities for postoperative outcomes across large surgical cohorts, highlighting
the value of advanced analytical methods for individualized risk assessment [50].

In plastic and reconstructive surgery, ML methods have recently been applied to
predict complications following free-flap reconstruction, demonstrating the feasibility of
data-driven risk stratification in complex surgical populations [51]. However, most existing
studies rely predominantly on demographic, clinical, and perioperative variables [52]. In
contrast, our approach integrates molecular-genetic biomarkers involved in inflammation,
extracellular matrix remodeling, and wound repair, thereby capturing biological mech-
anisms directly linked to postoperative healing. The identification of COL1A1, MMP9,
MAPK1, MAPK8, IL10, and CCL2 as the most influential predictors is biologically plausible
given their established roles in collagen synthesis, tissue remodeling, immune regulation,
and wound healing processes.

Our findings are also aligned with recent developments in explainable artificial intelli-
gence, where SHAP-based interpretation has become increasingly important for translating
machine-learning predictions into clinically meaningful insights [53]. Rather than function-
ing as a purely predictive black-box system, the proposed framework provides interpretable
information regarding the relative contribution of molecular and clinical variables to post-
operative outcomes. Therefore, the present study should be viewed as an exploratory but
biologically informed step toward precision medicine in reconstructive surgery, supporting
the integration of molecular biomarkers and explainable machine-learning approaches for
personalized wound-healing risk assessment. However, SHAP-based feature-importance
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rankings should be interpreted cautiously. Although correlation-based filtering was ap-
plied to reduce multicollinearity, residual correlations among biologically related molecular
biomarkers may still redistribute importance values across related predictors. As a result,
the exact rank order of biomarkers may vary depending on the sample composition and
model structure. In addition, the relatively small sample size may increase the variability of
feature-importance estimates. For this reason, the present study emphasizes predictors that
were consistently identified across several models rather than the exact ranking produced
by any single SHAP analysis.

An important consideration is the relative contribution of different groups of predic-
tors to model performance. Although formal ablation analyses comparing clinical variables,
molecular-genetic biomarkers, and combined feature sets were not performed in the present
study, several findings suggest a predominant role of molecular markers in postoperative
complication prediction. Both the association analyses and SHAP-based model interpre-
tation consistently identified IL10, CCL2, COL1A1, MAPK1, MAPK8, and MMP9 among
the most influential predictors, whereas conventional demographic and clinical variables
demonstrated comparatively small effect sizes. These observations are biologically plausi-
ble, given the central involvement of extracellular matrix remodeling, collagen synthesis,
inflammatory signaling, and immune regulation in wound healing. Nevertheless, future
studies should formally evaluate the incremental predictive value of molecular biomarkers
by comparing models trained on clinical variables alone, molecular features alone, and
integrated multimodal datasets. Such analyses would provide a more rigorous assessment
of the individual and combined contributions of each predictor group and further support
the development of precision medicine approaches in reconstructive surgery.

The present study contributes to the growing field of precision medicine and ex-
plainable artificial intelligence in surgery in several important ways. First, unlike many
previous predictive models based primarily on demographic and clinical variables, our
framework incorporates molecular-genetic biomarkers directly involved in inflammation,
immune regulation, extracellular matrix remodeling, and collagen synthesis. Second, the
application of SHAP analysis enabled identification of biologically relevant predictors,
including COL1A1, MMP9, MAPK1, MAPK8, IL10, and CCL2, thereby providing mech-
anistic insights beyond conventional risk prediction. Third, the findings suggest that
molecular signatures may contain clinically relevant information that is not fully captured
by traditional clinical parameters. Finally, by combining predictive modeling with model
interpretability, the proposed approach supports the development of personalized post-
operative monitoring strategies and may facilitate future translation of explainable ML
methods into reconstructive surgical practice.

Several limitations should be considered when interpreting the present findings. First,
although hyperparameter optimization was performed within the training folds of the
repeated cross-validation procedure to minimize information leakage, the study relied on
internal validation only. Owing to the relatively small cohort size, an independent external
test set was not available. Consequently, the reported performance metrics may not fully
reflect model generalizability to new patient populations. Second, the molecular-genetic
analyses were conducted in a subset of participants, which may limit statistical power.
Third, feature reduction was based on predictor redundancy rather than outcome-driven
selection, it was performed before cross-validation; therefore, a small degree of information
leakage cannot be excluded. Future studies should perform feature reduction within each
training fold as part of a fully nested validation pipeline. Fourth, the sample size was
limited, particularly for the molecular-genetic subset, which included 50 participants with
complete gene-expression data. Therefore, the present findings should be interpreted as
exploratory and hypothesis-generating rather than as evidence of a clinically deployable
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prediction model. Fifth, SHAP analysis was used as an explainability tool and should
not be interpreted as evidence of causal biomarker effects. The stability of biomarker
rankings requires confirmation in larger independent cohorts, preferably using repeated
external validation and sensitivity analyses. Sixth, formal inferential hypothesis testing
(such as Friedman or Wilcoxon signed-rank tests) was deliberately omitted for model
comparison. In repeated cross-validation designs, performance metrics across folds are
statistically dependent due to overlapping training sets, which violates the independence
assumptions of standard tests and artificially inflates Type I error rates. Consequently,
robust model ranking remains a limitation of internal validation on small clinical cohorts
(n = 50). Future multi-center studies with independent, non-overlapping external valida-
tion test sets will be required to establish true statistical and clinical superiority among the
algorithms. Although repeated stratified cross-validation was used to reduce variance in
performance estimates, the limited number of complication cases may affect the stability
of model performance, confidence intervals, and feature-importance rankings. Therefore,
external validation in larger multicenter cohorts is required to confirm the robustness, re-
producibility, and clinical utility of the proposed prediction framework. In addition, formal
statistical comparisons between model performance metrics were not performed. Given
the overlap of confidence intervals and the relatively small differences in ROC-AUC values,
caution is warranted when interpreting ranking differences among algorithms. Larger
studies with external validation cohorts will be necessary to determine whether observed
performance differences represent true methodological advantages or sampling variability.

Future research should focus on developing multimodal predictive platforms that
combine molecular, clinical, and imaging data, as well as on implementing these models in
real-time clinical decision support systems. The incorporation of longitudinal data may also
improve the ability to monitor healing trajectories and dynamically adjust treatment strategies.

5. Conclusions
Our results revealed a dominant contribution of molecular-genetic markers to predic-

tive performance. Features such as COL1A1, MMP9, MAPK1, MAPK8, IL-10, and CCL2
exhibited the strongest associations with postoperative complications, while traditional
clinical variables showed negligible effect sizes.

From a clinical perspective, the ML models demonstrated high sensitivity in de-
tecting complication cases, with Recall values reaching 0.820 ± 0.238 (Extra Trees) and
0.807 ± 0.246 (Gaussian NB). These results correspond to a large positive effect size in true
positive detection, which is critical for minimizing clinically unacceptable false negatives.

The interpretable modeling via decision trees enabled extraction of clinically mean-
ingful threshold-based rules, transforming predictive outputs into actionable decision
pathways. This provides direct translational utility, bridging statistical learning and clini-
cal reasoning.

SHAP-based explainability analysis quantified feature-level contributions across mod-
els and demonstrated consistent directional effects of key predictors. This supports the
presence of stable, model-independent feature effects, reinforcing the biological plausibility
of identified biomarkers.

Despite the small cohort size, the achieved performance (ROC-AUC > 0.90) and
consistency of identified predictors suggest that the proposed framework captures high
signal-to-noise structure in the data. This highlights the feasibility of applying machine
learning-based risk stratification in data-constrained clinical settings.
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Abbreviations
The following abbreviations are used in this manuscript:

ECM extracellular matrix
IL interleukin
CCL2 C-C motif chemokine ligand 2
MAPK mitogen-activated protein kinase
MMP metalloproteinase
COL1A1, COL3A1 collagen alpha 1 chain types 1 and 3
TGFβ1 transforming growth factor-β1
GAPDH glyceraldehyde-3-phosphate dehydrogenase
AI artificial intelligence
ML machine learning
SHAP SHapley Additive exPlanations
ROC receiver operating characteristic
BMI body mass index
SBP, DBP systolic and diastolic blood pressure
Er-RBC erythrocytes—red blood cells
Hb hemoglobin
CI color index
Leu-WBC leukocytes—white blood cells
NEUT neutrophils
EO eosinophils
LYMPH lymphocytes
Mono monocytes
PTL platelet
ESR erythrocyte sedimentation rate
Cr creatinine
BIL bilirubin
DBIL, N-DBIL direct and non-direct bilirubin
ALT, AST alanine-, aspartate aminotransferase
APh alkaline phosphatase
eGFR estimated glomerular filtration rate
PTt prothrombin time
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PTI prothrombin index
Tt thrombin time
APTT activated partial thromboplastin time
Fib fibrinogen
Ht hematocrit
INR international normalized ratio
NLR neutrophil-to-lymphocyte ratio
LMR lymphocyte-to-monocyte ratio
PLR platelet-to-lymphocyte ratio
SII systemic immune-inflammation index
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