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Development of machine learning prediction
models for postoperative outcomes in adult
male circumcision
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Abstract

Background Male circumcision is among the most commonly performed and clinically endorsed surgical
procedures globally, deeply rooted in medical, cultural, and religious traditions. While circumcision confers well-
documented health benefits such as reduced infection and inflammation, adult patients often experience variable
outcomes related to anatomical variations and comorbidities, emphasizing the importance of optimizing procedural
planning.

Methods The objective of this study was to develop and internally validate prediction models for short-term
postoperative complications following adult male circumcision. This retrospective study evaluated the ability of
supervised machine learning models (logistic regression [LR], random forest [RF], and support vector machines
[SVM]) to predict short-term postoperative complications following adult male circumcision, using procedural

and intraoperative variables, including surgical modality (scalpel- and clamp-based (traditional) vs. laser-based),
intraoperative blood loss, and operative technique. Data from 194 adult male patients (> 18 years) who underwent
circumcision between 2023 and 2024 at a single clinical center in Milan, Italy, were analyzed. Models were trained
using standardized preprocessing pipelines and evaluated via stratified 10-fold cross-validation using classification
metrics, calibration curves, and SHapley Additive exPlanations (SHAP)-based interpretability analysis.

Results The SVM model demonstrated superior predictive performance, achieving the highest area under the curve
of the receiver operating characteristic (AUC ROC) of 0.907, sensitivity of 0.862, average precision of 0.832, and the
lowest Brier score of 0.105. SHAP analysis identified intraoperative blood loss and surgical technique as the strongest
predictors of postoperative complications.

Conclusions These findings support the clinical utility of interpretable machine learning models for individualized
risk prediction in adult circumcision, guiding tailored preoperative decisions, particularly in high-risk or resource-
limited clinical settings. Study strengths include rigorous evaluation and interpretability, while limitations encompass
single-center data and the absence of external validation. Therefore, future research should assess generalizability
across more diverse surgical populations and healthcare environments.
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Background

Though often considered routine, male circumcision in
adult patients presents a distinct set of clinical challenges
due to comorbidities, anatomical variability, and periop-
erative factors. Beyond its cultural and historical roots,
the procedure carries well-established public health ben-
efits, including reduced risks of infection, inflammation,
and certain sexually transmitted diseases [1]. Tradition-
ally performed using scalpel excision and suturing, cir-
cumcision has more recently evolved with the adoption
of carbon dioxide (CO,) laser-based techniques, which
offer advantages such as improved hemostasis, shorter
operative times, and faster recovery [2].

Clinical research, including the work of Leonardi and
Saitta [3] has demonstrated reduced intraoperative
bleeding, lower infection rates, and improved wound
healing with laser-based methods. These findings have
driven increasing interest in adopting laser techniques,
particularly for adult patients with more complex risk
profiles.

Despite these clinical advancements, postoperative
complication rates remain non-negligible, and a reliable,
data-driven approach to preoperative risk stratification
has yet to be established in this surgical context. Predic-
tive modeling using supervised machine learning has
shown promise across various surgical domains but has
not been widely explored in adult male circumcision.

While the clinical benefits of each technique have been
described, few studies have leveraged predictive model-
ing to assess complication risk based on procedural fac-
tors alone. This study addresses that gap by introducing
a data-driven framework to forecast short-term postop-
erative complications and support individualized surgical
risk assessment. Although the present approach incor-
porates intraoperative variables, these features provide
mechanistic insight into procedural risk patterns and
establish a foundation for future preoperative risk strati-
fication using preoperative predictors.

Methods

Reporting guidelines

The study was conducted and reported in accor-
dance with the TRIPOD statement (prediction model
development).

Study population

The aim of this retrospective, single-center study,
based on outcomes extracted from existing clinical
records without blinding, was to develop and evaluate
machine learning models for predicting postoperative

complications in adult male circumcision. Machine
learning methods were chosen because they can capture
complex, nonlinear relationships and interactions among
clinical and procedural variables that may not be ade-
quately modeled using traditional statistical techniques.
The study was conducted between 2023 and 2024 at a
clinical site in Milan, Italy. Of 202 patients initially identi-
fied during the study period, 194 adult male patients (>18
years) were included after exclusions based solely on age.
All data were fully de-identified before analysis.

Outcome definition

The primary outcome was defined as a composite binary
variable indicating the presence of any clinician-docu-
mented postoperative complication, including bleeding,
edema, pain, or infection. Patients were coded as positive
for the outcome if any one of these events was recorded
within one week of the procedure. Complication data
were extracted from structured clinical documentation in
the patient record. This composite definition was selected
to enhance statistical power and account for potential co-
occurrence among complication types.

Data preprocessing and variable transformation

The dataset was cleaned and standardized to ensure
consistency and reproducibility. Body mass index (BMI)
was recalculated from height and weight measurements
(kg/m?®) and categorized using standard clinical cutoffs
(underweight<18.5 kg/m?, overweight 25.0-29.9 kg/m?®,
obese >30.0 kg/m?*). Mean arterial pressure (MAP) was
derived from systolic and diastolic blood pressure values.
Variable names were standardized for clarity and unifor-
mity across predictors.

Multiple comorbid conditions were documented
in the source data, including ischemic heart disease,
hypercholesterolemia, Parkinson’s disease, varicocele,
arterial hypertension, and hydrocele. For modeling pur-
poses, only diabetes mellitus was retained due to its
higher prevalence and consistent documentation across
patients. Among the full cohort (n=194), 64 patients
had at least one recorded comorbidity, of whom 30 had
diabetes mellitus. Other comorbidities were excluded
from model development because of limited sample size
or inconsistent documentation. To descriptively charac-
terize the study population, the distribution of recorded
comorbidities across age groups was examined (Fig. 1).

Variables and measurements
Predictors were selected a priori from routinely collected
demographic, clinical, procedural, and intraoperative
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Fig. 1 Comorbidities by age group. Frequency of reported comorbidities
across age groups. Abbreviations: DM = Diabetes Mellitus, Favismo=Fa-
vism, IPA=Arterial Hypertension (Ipertensione Arteriosa), Ipercolesterol-
emia=Hypercholesterolemia, LS=Lichen Sclerosus, epilessia=_Epilepsy,
m. Parkinson=Parkinson’s Disease, prec peritonite=History of Peritonitis,
s. Gilbert=Gilbert's Syndrome. DM was the most prevalent

data. The final predictor set included 13 variables: age,
body mass index (BMI), surgical technique (traditional
vs. laser-based), intraoperative blood loss, operative
time, intraoperative heart rate, pulse oximetry, systolic
blood pressure, diastolic blood pressure, diabetes status,
and BMI category indicators (underweight, overweight,
obese). Surgical technique was encoded as a binary
indicator (0=traditional, 1=laser-based), and categori-
cal predictors (e.g., BMI categories) were converted to
binary indicator variables. Predictors with near-zero vari-
ance (variance <0.02) were removed (height, comorbidity
indicator, and local anesthesia indicator). After prepro-
cessing, all predictors were numeric and the final mod-
eling dataset contained no missing values. All variables
used as candidate predictors, including definitions, units,
and measurement timing, are detailed in Supplementary
Table S1.

Model development and evaluation

Three supervised machine learning models were devel-
oped to predict postoperative complications: logistic
regression, random forest, and support vector machine
classifiers. Each model was trained using a consistent
preprocessing pipeline that applied MinMax scaling
(rescaling numeric features to a uniform range). Evalu-
ation was conducted using stratified 10-fold cross-val-
idation to ensure balanced representation of outcome
classes and surgical modalities across all folds. To address
class imbalance, all models incorporated balanced class
weights. Additional sensitivity analyses using Synthetic
Minority Oversampling Technique (SMOTE) and ran-
dom oversampling were conducted; neither materially
changed model rankings. Hyperparameter tuning was
performed via grid search across defined parameter
ranges, using average precision as the scoring metric for
all models. In selecting the best model candidate from
each configuration series, the highest average precision

Page 3 of 10

score on the out-of-fold samples was used as the deter-
mining criterion. For logistic regression, penalty strength
was varied; for random forest, the number of estima-
tors, maximum tree depth, and minimum samples per
split were tuned; and for SVM, kernel type, cost param-
eter, and gamma value were optimized. The final selected
hyperparameters for each model correspond to the con-
figuration yielding the highest average precision dur-
ing cross-validation and are reported in Supplementary
Table S2. Classification thresholds were optimized using
the beta-weighted F-score, which balances precision
and recall (sensitivity) based on the relative importance
of false negatives. The optimal threshold was selected by
maximizing:

Precision - Recall
2. Precision + Recall

Fg =(1+87%)-

with beta values of 1 and 2 used to explore different
trade-offs between precision and recall. Model perfor-
mance was evaluated using sensitivity, specificity, preci-
sion, F1-score, average precision, area under the receiver
operating characteristic, and Brier score.

Model calibration curves were generated using Platt
scaling to assess the alignment between predicted prob-
abilities and observed outcomes.

The SVM determines the optimal decision boundary by
solving the following constrained optimization problem:

wlglgfl} <;|w|2 + C;Q) s.t.y; (quS(:zri) + b) >1-&,6>0
Here, y; € {—1,+1} denotes the binary class label, C is
the regularization parameter, ¢(z;) is the kernel mapping
function, and &; are slack variables allowing for some
misclassification. The radial basis function (RBF) kernel,
used to compute similarity between instances, is defined
as:

K (o) =exp (<yle—a' IP) . v =55

This allows the model to project input features into
a higher-dimensional space, where a linear separator
becomes viable. In the context of this study, such non-
linear separation is critical for capturing subtle clini-
cal distinctions between patients with and without
complications.

All modeling was conducted in Python 3.11.11 using
the model tuner library (v0.0.34b1) [4] for pipeline con-
struction, hyperparameter tuning, and performance
evaluation. Additional dependencies included eda tool-
kit (v0.0.19) [5], model metrics (v0.0.4al10) [6], numpy
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Table 1 Baseline clinical characteristics by surgical technique

Variable Traditional  Laser P-value
Circumcision Circumcision
(n=132) (n=62)
BMI 24.08 (3.03) 24.06 (2.97) 0.9665
Diastolic BP 86.97(11.12) 7435(20.54)  <0.001
Systolic BP 121.82(11.37) 123.55(7.26) 02126
Heart Rate (bpm) 76.48 (5.96) 74.76 (5.57) 0.0484
Pulse Oximetry (%) 96.70 (1.80) 96.66 (1.76) 0.8741
Intraoperative Blood Loss 11.59(1764) 0.03(0.52) <0.001
(ml)
Surgical Time (min) 28.70 (5.44) 27.06 (5.94) 0.0684
Age - <0.001

Age 18-29 79(59.85%) 6 (9.68%) -

Age 30-39 16 (12.12%) 6 (9.68%) -

Age 40-49 4 (3.03%) 6 (9.68%) -

Age 50-59 4(3.03%) 13 (20.97%) -

Age 60-69 9 (6.82%) 21 (33.87%) -

Age 70-79 10 (7.58%) 10 (16.13%) -

Age 80-89 7 (5.30%) 0 (0.00%) -

Age 90-99 3(2.27%) 0 (0.00%) -
Obese 8 (6.06%) 3 (4.84%) 09918
Overweight 34 (25.76%) 19 (30.65%) 0.5894
Diabetes 11 (8.33%) 19 (30.65%) <0.001
Bleeding, Edema, Pain, or 57 (43.18%) (1.61%) <0.001
Infection

Values are presented as mean (standard deviation) for continuous variables and
number (percentage) for categorical variables. The ‘Underweight’ BMI category
was evaluated but excluded from Table 1 due to low sample size (n=3) and no
significant between-group difference (p=1.0). Bold values indicate statistically
significant between-group differences (p < 0.001)

(v1.19.5) [7] and scikit-learn (v1.5.1) [8]. Analyses were
executed in a Linux-based development environment.

Results

The final sample ranged from 18 to 93 years of age
(median = 34; mean=43.13, SD=21.8). Table 1 summa-
rizes baseline demographic and clinical characteristics
of the study population, while Supplementary Figure S1
illustrates the inclusion and modeling workflow. Due to
the retrospective design and use of a fixed dataset, no a
priori power calculation was performed.

Among the 194 included patients, postoperative com-
plications occurred in 58 individuals (29.9%), while 136
patients (70.1%) experienced no complications. Pearson
correlations across modeling features indicated moder-
ate correlations between diabetes status and both age
(r=0.50) and BMI (r=0.23), supporting the inclusion
of diabetes as a standalone comorbidity variable in the
model. Distributions of numeric features such as age,
BM]I, and intraoperative metrics were found to be uni-
modal and approximately continuous, supporting their
treatment as scaled numerical inputs. Surgical time
exhibited a primary unimodal distribution with a minor
secondary density peak near 36 min.
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Fig. 2 Prevalence of surgical technique by age group. Prevalence of sur-
gical technique by age group, shown as both absolute counts (top) and
normalized proportions (bottom). Laser-based circumcision was most
commonly performed in younger patients, particularly those aged 18-29,
whereas traditional methods predominated in older age groups. These
patterns illustrate age-dependent modality selection and support the in-
clusion of surgical technique as a modeling feature

While not used as inclusion criteria, data on preop-
erative antibiotics and anesthesia type were available
for review. Cefazolin was the most frequently adminis-
tered antibiotic, given to patients in the traditional group
(n=113) and the laser group (n=62). Use of amoxicillin
(n=7), ciprofloxacin (n=8), and gentamicin (n=4) was
observed exclusively in the traditional group. Similarly,
lidocaine was the predominant anesthetic agent, used
in traditional cases (n=128) and laser cases (n=62).
Other anesthetics, such as mepivacaine (Carbocaine)
(n=4), were used only in the traditional group. Though
not included as predictive features, preoperative anti-
biotic and anesthesia usage patterns were reviewed to
characterize perioperative clinical practices that may
indirectly influence complication rates. Surgical modal-
ity varied notably by age group. Across the full cohort,
68.0% of procedures (n=132) were performed using
the laser-based method, while 32.0% (n=62) traditional
techniques. Laser circumcision was predominantly used
in younger patients, with 92.9% of procedures among
individuals aged 18-29 (n=79 of 85) performed using
this method. In contrast, traditional methods were more
common in older age groups, particularly between ages
50-69 (n=47), where laser was used in only 27.7% of
cases (n=13). These trends highlight a clear stratification
by age and support the inclusion of surgical modality as a
covariate in predictive modeling. These trends are further
visualized in Fig. 2, which illustrates both the absolute
and relative prevalence of surgical modality across age
brackets.

All three classifiers (logistic regression, random forest,
and SVM) were evaluated using stratified 10-fold cross-
validation across key classification metrics. Results are
summarized in Table 2.
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Table 2 Bootstrapped performance metrics (95% confidence
intervals) for predictive models of postoperative complications

Metrics Logistic Random Support Vec-
Regression Forest tor Machine
Precision/PPV 0.571 0.706 0.725
(0.469-0.663) (0.596-0.810)  (0.623-0.826)
Average Precision 0.809 0.737 0.832
(0.704-0.899) (0.613-0.875) (0.735-0.913)
Sensitivity/Recall 0.897 0.828 0.862
(0.817-0.966) (0.719-0917)  (0.765-0.939)
Specificity 0.713 0.853 0.860
(0.632-0.783) (0.786-0.910)  (0.797-0.915)
F1-Score 0.698 0.762 0.787
(0.603-0.778) (0.667-0.837)  (0.706-0.857)
AUC ROC 0.900 0.887 0.907
(0.849-0.943) (0.826-0.940)  (0.855-0.950)
Brier Score 0.137 0.105 0.105
(0.117-0.160) (0.077-0.136)  (0.077-0.134)

Values are point estimates with 95% confidence intervals shown in parentheses.
95% confidence intervals were estimated using non-parametric bootstrap
resampling of patients (n = 194; 1,000 resamples) based on out-of-fold
predictions. Metrics without parentheses are point estimates only

The SVM consistently outperformed the other models
across nearly all evaluation criteria, including precision,
recall, specificity, F1-score, AUC-ROC, average preci-
sion, and Brier score (Table 2). Model-specific classifica-
tion thresholds optimized using out-of-fold predictions
were applied for performance evaluation (0.238 for SVM,
0.318 for random forest, and 0.439 for logistic regres-
sion), as described in the Methods. The SVM achieved
the highest area under the receiver operating charac-
teristic (AUC=0.907), along with the highest F1-score
(0.787) and sensitivity (0.862). In addition, the SVM
yielded the highest average precision (0.832), indicating
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a stronger ability to correctly identify true positive cases
while minimizing false detections. Specificity (0.860) and
precision (0.725) were also higher than those observed in
logistic regression and random forest. The Brier score of
0.105, the lowest among the three models, indicated bet-
ter overall calibration. Random forest also demonstrated
strong performance, with an F1-score of 0.762, precision
of 0.706, and high specificity of 0.853, although, its sen-
sitivity (0.828) and average precision (0.737) were lower
than those of the SVM. Logistic regression, while more
interpretable, underperformed in comparison. It pro-
duced the lowest precision (0.571), the lowest F1-score
(0.698), and relatively low specificity at 0.713. Despite
these limitations, logistic regression showed strong sen-
sitivity (0.897) and a competitive AUC of 0.900, indicat-
ing effective detection of true positive cases, although
its Brier score (0.137) reflected relative to the other two
models.

To further illustrate model performance, Fig. 3 dis-
plays Area Under the Receiver Operating Characteristic
(AUROQC) curves for all three classifiers. The SVM dem-
onstrated both strong discrimination and well-calibrated
probability estimates, as reflected by the highest AUC
(0.907) and average precision (0.832), with predicted
performance closely aligned with observed outcomes.
Random forest followed closely, while logistic regression
showed greater divergence; this is particularly true in set-
tings with class imbalance.

Figure 4 presents the confusion matrices for each
classifier at their optimized classification thresholds,
determined via S-weighted F-score maximization. The
SVM demonstrated the most balanced performance,
correctly identifying 50 out of 58 complication cases
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Fig. 3 AUROC and PR curves across classifiers. The left panel displays AUROC curves, while the right panel shows PR curves for LR, RF, and SVM. AUROC
and Average Precision (AP) values are indicated in the legend. These plots illustrate each model’s ability to distinguish complication risk and maintain

predictive confidence under class imbalance
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Confusion Matrix: Logistic Regression
(Threshold = 0.44)

Confusion Matrix: Random Forest
Classifier (Threshold = 0.32)
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Confusion Matrix: Support Vector Machine
(Threshold = 0.24)
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Fig.4 Confusion matrices for Logistic Regression, Random Forest, and Support Vector Machine at optimized thresholds. Each matrix displays the number
of true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN) for the respective classifier at its optimized classification threshold.
Thresholds were determined via beta-weighted F-score maximization, allowing for a tailored balance between sensitivity and precision

Table 3 Comparison of observed and predicted complications
by surgical technique (SYM model)

Metric Traditional Laser Total
Circumcision  Circumci- (n=194)
(n=132) sion
(n=62)
Observed Complications (n) 57 1 58
SVM Predicted Positive (n) 69 0 69
True Positive (TP) 50 0 50
True Negative (TN) 58 59 117
False Negative (FN) 7 1 8
False Positive (FP) 17 2 19

Complication counts are presented by observed and SVM-predicted outcomes
at the optimized threshold (8=1), stratified by surgical technique

(sensitivity=0.862) while minimizing false positives
(n=19). RF performed similarly, with slightly lower sensi-
tivity (0.828) and 20 false positives. LR, despite achieving
the highest sensitivity (0.897), misclassified 39 non-com-
plication cases, demonstrating its lower precision and
specificity. These results reinforce the relative advantage
of SVMs not only in aggregate performance metrics but
also in reliably distinguishing complication risk with
minimal overclassification.

Model interpretability and feature importance

Of the 58 patients who experienced postoperative com-
plications (bleeding, edema, or pain), 57 underwent tra-
ditional circumcision and one underwent laser-based
circumcision. At the optimized threshold, the SVM cor-
rectly identified 50 complication cases, all within the
traditional circumcision group. The single complication
occurring in the laser group was not predicted by the
model likely due to the small number of adverse events in
this subgroup, which limits the model’s ability to general-
ize across underrepresented classes. While this highlights
the clinical importance of procedural type and confirms
the model’s alignment with observed outcome patterns,

it also reveals a specific limitation. Predictive models may
fail to detect uncommon complications within subgroups
characterized by low complication rates. This observa-
tion emphasizes the necessity of thorough error analy-
sis when interpreting model performance, especially in
scenarios involving imbalanced classes and influential
predictive features. Table 3 cross-tabulates observed and
SVM-predicted (radial basis function kernel; C=100,
gamma = auto) complication status by surgical technique,
showing that most false-positive predictions (17 of 19)
and the majority of false negatives occurred in the tra-
ditional circumcision group, while two false positives
and one missed complication were observed in the laser
group.

To improve interpretability, SHAP values were com-
puted to quantify each feature’s contribution to the pre-
dicted risk of postoperative complications produced
by the SVM classifier (radial basis function kernel; C =
100, gamma = auto). SHAP provides a model-agnostic
approach to estimating feature influence attributing the
predicted output to individual features for each case. In
this context, it confirmed that intraoperative blood loss
and surgical technique were the most influential variables
in the model’s decision-making process. This level of
transparency supports clinical validation and strengthens
the credibility of machine learning predictions in surgical
risk modeling [9].

As shown in Fig. 5, intraoperative blood loss displays
a clear monotonic relationship with predicted risk.
Patients with higher blood loss consistently exhibited
elevated risk scores, while those with minimal blood loss
tended to fall on the lower end of the risk spectrum. Sim-
ilarly, patients undergoing traditional surgical methods
were more likely to be classified as high risk compared to
those treated with an alternative technique. SHAP analy-
sis revealed that age, diabetes status, and overweight BMI
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Fig. 5 SHAP summary plot showing feature contributions to predicted risk. Each dot represents a single patient. Feature values are color-coded from
low (blue) to high (red). SHAP values indicate each feature’s contribution to the predicted risk of postoperative complications, with higher values repre-
senting stronger influence on model output. Features ranked higher on the y-axis contributed more to overall predictions across the cohort. For binary
variables such as surgical technique and diabetes, the clustering of blue points reflects the larger number of patients in the traditional circumcision and

non-diabetic groups, respectively

category consistently contributed to higher predicted
risk in distinct patient subsets, reflecting their influence
within the model’s learned relationships. Notably, SHAP
values for diabetes showed relatively consistent positive
effects, reinforcing its role as a high-confidence compli-
cation risk factor. In contrast, BMI-related variables (e.g.,
obesity vs. overweight) demonstrated a wider distribu-
tion of effects, suggesting that risk is mediated by inter-
actions with other clinical factors rather than BMI alone.
Additionally, both clinical vitals (e.g., diastolic pressure,
pulse oximetry) and procedural metrics (e.g., surgical
time) exhibited modest but heterogeneous SHAP contri-
butions, highlighting patient-specific physiological varia-
tion. This variability demonstrates the model’s capacity to
capture individualized risk signals across a range of peri-
operative inputs. These results not only support the face
validity of the model’s reasoning but also offer actionable
insights for perioperative planning, enabling more indi-
vidualized procedural decisions based on risk profiles.

Use of the prediction model
For an individual patient, the prediction model esti-
mates the probability of experiencing a postoperative

complication within 7 days based on preoperative and
intraoperative variables, including age, BMI, surgical
technique, intraoperative blood loss, operative time, vital
signs, and diabetes status. Predicted probabilities were
generated from the final trained models, and model-
specific probability thresholds were applied to classify
patients as high or low risk for postoperative complica-
tions. Threshold selection procedures are described in
the Methods section.

Discussion

These findings align with prior literature indicating
that both patient comorbidities and intraoperative vari-
ables significantly influence postoperative outcomes in
adult circumcision procedures [10]. Conditions such
as diabetes and overweight status are known to impair
healing and increase the risk of complications. Diabe-
tes has been associated with delayed wound healing
and an elevated risk of infection, especially in surgical
patients [11]. Intraoperative variables, including blood
loss and surgical duration, provide real-time indica-
tors of procedural complexity and physiological stress.
Previous research has shown that complication rates in
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Fig. 6 Distribution of intraoperative and procedural variables by age
group. Boxplots display BMI, intraoperative blood loss, surgical time, and
heart rate across age brackets. These trends contextualize risk heterogene-
ity and reinforce inclusion of these variables in modeling. These findings
not only reinforce the predictive value of comorbidities and intraoperative
factors but also motivate a deeper investigation into how specific features
influence individual risk predictions, an essential step toward model trans-
parency and clinical trust
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Fig. 7 Model calibration curves after Platt scaling. Calibration curves com-
pare predicted probabilities against actual observed event rates. A well-
calibrated model aligns closely with the diagonal line representing perfect
calibration. Among all models, the SVM demonstrated superior calibration,
as reflected by its low Brier score, indicating greater reliability in its prob-
ability estimates compared to logistic regression and random forest

circumcision depend not only on the surgical technique
used but also on factors such as anatomical abnormali-
ties and the patient’s overall medical condition, including
comorbidities and age [12]. The present work builds on
this evidence by quantifying the influence of these fac-
tors on predicted complication risk through interpretable
machine learning models. By doing so, it offers a trans-
parent and data-driven framework for identifying which
clinical variables most strongly contribute to predicted
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postoperative outcomes. This helps bridge clinical rel-
evance with algorithmic reasoning and supports a more
informed approach to postoperative surgical risk assess-
ment. Additional distributions of key intraoperative
variables by age group are provided in Fig. 6 to further
contextualize these patterns.

These findings not only reinforce the predictive value
of comorbidities and intraoperative factors but also moti-
vate a deeper investigation into how specific features
influence individual risk predictions, an essential step
toward model transparency and clinical trust.

In clinical settings, precise calibration is essential when
risk estimates guide patient management [13]. Figure 7
shows that the SVM demonstrated the closest alignment
with perfect calibration, reinforcing its suitability for
real-world decision support in perioperative planning.

Its nonlinear RBF kernel enables flexible decision
boundaries that capture complex feature interactions,
improving discrimination of patients at elevated risk for
postoperative complications.

Taken together, these findings highlight the SVM as the
most effective model for predicting short-term postoper-
ative complications following circumcision, particularly
when both recall and precision are prioritized. While
RF offers a strong alternative with slightly better inter-
pretability, LR may be more appropriate for exploratory
or transparency-focused applications rather than high-
stakes prediction.

Limitations

The present study has several limitations that should be
acknowledged. Our analysis is based on retrospective
data from a single clinical center, which limits generaliz-
ability to other populations or surgical settings. In par-
ticular, laser circumcision was underrepresented in this
cohort compared to its prevalence in broader clinical
practice, which may limit the generalizability of findings
to institutions where laser-assisted techniques are most
commonly used. Moreover, only one postoperative com-
plication was observed among laser circumcision cases,
which the SVM did not detect. This finding highlights
the model’s limited sensitivity within small subgroups
where complications are rare. The relatively modest
sample size may restrict the precision of our model’s pre-
dictions and the stability of performance metrics across
diverse patient cohorts. Given the retrospective nature
of data collection, the potential for residual confounding
or unmeasured variables influencing postoperative com-
plications cannot be entirely ruled out. Furthermore, the
predictive models have not undergone external valida-
tion, so future prospective studies are needed to confirm
these findings and evaluate generalizability.
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Conclusions

This retrospective study demonstrates that support vec-
tor machine classifiers trained on intraoperative and
procedural features can effectively predict short-term
complications following adult male circumcision. Among
evaluated models, the SVM exhibited the highest dis-
criminative ability and best calibration, as reflected in its
low Brier score and strong AUC. Post-hoc interpretabil-
ity analysis using SHAP values aligned with clinical rea-
soning, identifying intraoperative blood loss and surgical
technique as the most influential predictors. The model
distinguished between traditional and laser circumcision
techniques, identifying a markedly lower complication
profile in the laser group. When thoughtfully integrated
into surgical decision-making, such models may enable
more personalized care and help reduce avoidable com-
plications. Future studies should focus on validating
these findings in multi-center cohorts and exploring how
such models can be integrated into real-world clinical

workflows.
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AUC Area Under the Curve

AUC ROC area under the curve of the receiver operating
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BMI Body Mass Index

DM Diabetes Mellitus

Epilessia Epilepsy
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IPA Arterial Hypertension (Ipertensione Arteriosa)

Ipercolesterolemia
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False Negatives

FP False Positives

IQR Interquartile Range

LR Logistic Regression

LS Lichen Sclerosus

MAP Mean Arterial Pressure

MinMax Min—max feature scaling to the [0, 1] range
m. Parkinson Parkinson’s Disease

PPV Positive Predictive Value (Precision)

PR Precision-Recall

prec peritonite
RBF

History of Peritonitis
Radial Basis Function

RF Random Forest

ROS Random Oversampling

SD Standard Deviation

s. Gilbert Gilbert's Syndrome

SHAP SHapley Additive exPlanations

SMOTE Synthetic Minority Over-sampling Technique
SVM Support Vector Machine

N True Negatives

TP True Positives
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