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Abstract

Background Incisional hernia (IH) is a significant complication that occurs after midline laparotomy and is associated with
high morbidity and economic impacts. A fundamental goal of preventing IH is to determine which patients are considered
low- or high-risk, as modifications in prevention techniques have been justified in high-risk patients.

AIM of this study was to externally validate the IHXGBoost-P model to assess its accuracy, generalizability, and clinical
applicability in an independent cohort.

Methods: A prospective cohort study was conducted in a tertiary hospital in Mexico (March 2021-December 2022) to
externally validate the IHXGBoost-P model. Patients older than 18 years who underwent midline laparotomy and have a
minimum follow-up of 24 months were included. The performance of the model was evaluated via area under the receiver
operating characteristic curve (AUROC), accuracy, sensitivity, precision, specificity and calibration metrics.

Results Of the 438 patients analyzed, 62 (14.1%) developed IH. The model demonstrated good discriminative capacity
(Accuracy: 0.94 + 0.015) and calibration (Brier score: 0.051). Key predictors included the risk of surgical site infection
(odds ratio (OR): 3.01, 95% CI: 2.32-3.91), previous surgery, and body mass index (BMI). The specificity (0.97 + 0.013)
was determined to be high and useful for identifying lowrisk patients.

Conclusions The IHXGBoost-P model is a reliable tool for predicting the risk of IH, with robust performance being observed
in external validation. Its integration into clinical practice through a web application could optimize surgical decision-mak-
ing to prevent IH.
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Introduction

Incisional hernia (IH) is a serious complication due to its
high incidence (12.8% overall and 30% in high-risk patients)
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[1] and high recurrence (ranging from 40% to 70% depend-
ing on whether mesh was used during the initial repair) [2].

This incidence is influenced by several factors, such as
the type of investigated population (e.g., bariatric surgery
vs. emergency patients), the location of the incision (mid-
line vs. outside of the midline), the duration of follow-up,
and the method utilized (clinical or imaging methods) for
the diagnosis [3].

IH has an enormous economic impact on health institu-
tions [4]; moreover, it is an important cause of morbidity
(e.g., pain) and has a negative effect on both patients’ qual-
ity of life and their body image [3]- [4].
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For all of the above-mentioned factors, the prevention of
IH is a priority in international consensus. A fundamental
goal of preventing IH is to determine which patients are
considered low- or high-risk, as modifications in prevention
techniques have been justified in high-risk patients. Further-
more, techniques involving closure or placement of a pro-
phylactic mesh have been utilized to reduce complications
[5]-[6].

Although several predictive scales have been developed
to identify key risk factors (including emergency surgery,
chronic obstructive pulmonary disease (COPD), BMI > 25,
and surgical site infection (SSI)) [7—14], their clinical adop-
tion has been limited. This limitation is due to significant
methodological heterogeneity, various biases (such as over-
fitting), and a lack of robust external validation that confirms
the usefulness of these scales in environments other than
those in which the scales were developed (Table 1) [15].

Unlike traditional statistical models, machine learning
models (including algorithms such as XGBoost) can capture

Table 1 Predictive scales for IH

Autor Sample
size

Veljkovic et 646

Characteristics C-Statistic

Open surgery; follow-up >6 0.92(0.88—

al., 2010 [7] months; general abdominal  0.96)
surgery; development phase
only; prospective study.
Hernia 872 Open and laparoscopic sur-  0.77(0.74—
project gery; 41-month follow-up;  0.80)
Goodenough general abdominal surgery;
etal., 2015 development and external
[13] validation phases; prospec-
Cherlaet al., tive study.
2017[14]
Basta M et 2161 Open and laparoscopic sur-  0.85(0.78—
al., 2016 [8] gery; 28-month follow-up;  0.92)
bariatric surgery; develop-
ment phase; retrospective
study.
Fisher et al., 12,373 Open surgery; 32-month 0.77(0.74—
2016 [9] follow-up; general abdomi-  0.88)
nal surgery; development
phase; retrospective study.
Lanni et al., 30,865 Open and laparoscopic sur-  0.70(0.69—
2016[10] gery; 30-month follow-up;  0.71)
colon surgery; development
phase; retrospective study.
Tecce et al., 2145 Open surgery; follow-up 0.82(76-
2017 [11] not specified; hysterectomy; 0.88.88)
development phase; retro-
spective study.
BastaMet 29,729 Open and laparoscopic 0.83(0.76—
al., 2019 Pen surgery: 32-month follow-  0.89)
Hernia Risk up; general abdominal
Calculator surgery; development and

[12]

internal validation phases;
retrospective study.

C-Statistic: reported as mean and 95% confidence interval
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complex and nonlinear relationships between variables,
thereby increasing the predictive accuracy [16]. Our group
previously developed the IHXGBoost-P model to predict IH
after midline laparotomy. This model demonstrated excel-
lent performance in its developmental phase (area under the
curve (AUC): 0.93) [17].

The objective of this study was to perform external vali-
dation of the IHXGBoost-P model to evaluate its accuracy,
generalizability and clinical applicability in an independent
cohort, thus facilitating its future implementation in medical
practice.

Methods
Study design

A longitudinal and comparative prospective cohort study
was conducted. The performance of the study and the
reporting of its results were based on the TRIPOD-IA guide-
lines [18] Supplementary Information, Appendix A. This
study was registered with the research ethics committee of
the Hospital Regional de Alta Especialidad del Bajio IMSS-
Bienestar, Guanajuato, Mexico (registration number: DPEI/
CI/HRAEB/002/2021). Development and Internal valida-
tion were registered with Clinical Trials: NCT05718999.

Selection criteria

The following inclusion criteria were utilized: patients who
were older than 18 years, who underwent midline laparot-
omy in either urgent or scheduled scenarios (regardless of
background diagnoses) from March 2021 to December 2022
and who completed the minimum follow-up time period
of 24 months to objectively determine the presence of H.
The exclusion criteria included patients who participated in
other research protocols associated with laparotomy and for
whom no information was available regarding the variables
of the model.

Variables of IHXGBoost-P

The THXGBoost-P model includes 13 variables selected
through a structured, multi-phase process based on eight
previously published predictive scales for IH. This approach
integrated prior evidence, eliminated redundant or non-
significant predictors, and retained only those consistently
associated with IH across studies [17]. A detailed descrip-
tion of the variable selection procedure is provided in Sup-
plementary Information, Appendix B.

This model consists of 13 variables. These values were
obtained from the electronic file and included age (years),
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sex (female/male), colon surgery (yes/no), COPD (yes/no),
ascites (yes/no), jaundice (yes/no), anemia (yes/no), emer-
gency surgery (yes/no), previous surgery (yes/no), BMI
(which was calculated by dividing weight by height squared
and reported as kg/m?), ostomy (yes/no), oncological
patient (yes/no) and the risk of infection marked in the web
app as RISKWINF (risk of infection), which was obtained
from the National Surgical Quality Improvement Program
(NSQIP) Surgical Risk Calculator of the American Col-
lege of Surgeons (ACS). This tool has multiple published
validations and ensures a good estimation of risk, which is
reported as a percentage from 0% to 100% [19]— [20]. The
risk factors for each patient were entered into the risk cal-
culator (https://hi-eelh-app-1035249958862.us-centrall.run
.app) by two researchers; additionally, this calculator is an
open access tool [21].

The primary outcome was the presence of IH, detected
either clinically or with an imaging study, as defined by the
European Hernia Society (EHS). Specifically, the following
EHS definition of IH was used: “any site of the abdominal
wall with or without protuberance in the area of a postop-
erative scar perceptible or palpable by clinical examination
or imaging” [3, 22]. The patient was assessed at 1 month, 3
months, 6 months, and subsequently every 6 months until
completing at least two years of follow-up. If a hernia was
detected clinically, no additional imaging study was per-
formed. During all these assessments, an abdominal wall
ultrasound was conducted, and in cases of diagnostic uncer-
tainty, the patient underwent a computed tomography scan.
Our hospital is a public institution; therefore, performing
these imaging studies did not incur any additional cost for
the patient.

Sample size

The sample size was calculated by using the R program-
ming language in the R studio environment with the use of
the library: pmsampsize [23]. A sample size of 395 patients
was determined to be necessary for the external validation
of the model on the basis of obtaining 56 events and an
event ratio of 4.25 for each parameter used in the validation
of the tool. Supplementary Information, Appendix C.

Structure of the model for external validation

For external validation, the final risk prediction model, based
on the Extreme Gradient Boosting (XGBoost) algorithm,
was applied to the independent cohort. The entire valida-
tion process was executed using the Python programming
language within the Google Colab environment. The model
was optimized prior to being locked to prioritize sensitiv-
ity, thereby ensuring a high capacity to correctly identify

patients at the greatest risk of IH. To ensure the integrity
of this locked model, it was saved in.pkl format using the
joblib library, thereby preserving its complete architecture
and optimized parameters. Performance was evaluated
using clinically relevant metrics, including the area under
the receiver operating characteristic curve (AUC-ROC),
sensitivity, specificity, and positive predictive value. Com-
plete technical details regarding the algorithm parameters,
optimization process, and code are available in the Supple-
mentary Material, Appendix D.

Statistical analysis

Continuous baseline variables are expressed as the mean
and standard deviation because these variables were nor-
mally distributed. Categorical variables are presented as
numbers with percentages. The cohort was divided into two
groups according to whether IH was present. Quantitative
variables were compared via the Student’s t-test, and quali-
tative variables were compared with the ¥ test.

To evaluate the model, its predictive capacity was ana-
lyzed by using the ROC-AUC and the Youden index, as
well as classification metrics such as sensitivity, specificity,
predictive values (positive and negative), overall accuracy
(Accuracy) and the balance between precision and accuracy,
which involved the recall metric (F1 score). A calibration
analysis was performed to evaluate the agreement between
the predicted and observed probabilities by using goodness-
of-fit tests and calibration graphs.

A Bayesian analysis was performed with the results of
the confusion matrix, and the Fagan nomogram was con-
structed to determine the prevalence after the test. Both
analyses were implemented from the post-test probabili-
ties derived from the observed sensitivity, specificity and
prevalence values by using the following libraries: caret
for the confusion matrix and mada for the nomogram.
Any value of p<0.05 was considered to indicate statisti-
cal significance.

Results
Study population

A total of 551 patients were included in this study; 113
patients (20.5%) were excluded for various reasons, includ-
ing a lack of completion of follow-up, unconfirmed pres-
ence of IH in their files, reoperations for causes other than
IH, or death during the immediate postoperative period.
Ultimately, 438 patients were included in the analysis, of
whom 62 developed IH (representing 14.1% of the sample)
(Fig. 1, STROBE format flowchart).
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Fig. 1 STROBE format flowchart Initial Cohort (n=551)

N

« Lost to follow-up: 14 (2.5%)

Excluded (n=113, 20.5%)

« Missing imaging/records: 52 (9.4%)

« Reoperation (non-HI reason): 36 (6.5%)

)

« Postoperative mortality: 11 (2.0%)

79.5%)

Final Analysis Cohort (n=438,

y

IH cases: 62 (14.1% incidence)

Baseline characteristics

Significant predictors of IH included age (OR: 1.02, 95%
CIL: 1.00-1.38), colon surgery (OR: 2.51, 95% CI: 1.47—
4.29), RISKWINF (OR: 3.01, 95% CI: 2.32-3.91), previous
surgery (OR: 2.55, 95% CI: 1.24-5.27) and BMI (OR: 1.06,
95% CI: 1.00-1.12). Table 2.

Model performance

The IHXGBoost-P model achieved a ROC-AUC: 0.88+0.011,
Accuracy: 0.94+0.01, Precision (PPV, positive predicted
value): 0.84+0.01, Recall (sensitivity): 0.79+0.05, NPV
(negative predicted value): 0.96+0.01, F1 score: 0.81+0.02
and Specificity: 0.96+0.03. Compared with the accuracy of
the internal validation assessment (0.93), the accuracy of
the model increased by 0.01, which was likely due to popu-
lation variability and exclusion.

The SHAP analysis corroborated the findings of the
multivariate logistic regression, highlighting RISKWINF,
previous surgery, age, colon surgery, and BMI as the most
influential predictors of IH. This analysis added value by
quantifying each variable’s contribution to the model out-
put and revealing non-linear interactions that traditional
regression may overlook. Thus, SHAP not only confirmed
the robustness of the adjusted model but also provided indi-
vidualized interpretability, reinforcing the biological and
clinical plausibility of the identified risk factors. Figure 2.

Calibration and discrimination
The discrimination plot (Fig. 3A) shows an area under the
ROC curve (AUC=0.88), confirming that the model effec-

tively distinguishes between patients who developed an
IH and those who did not, thus supporting its predictive
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Table 2 Bivariate analysis between predictive variables and the pres-
ence of IH in the external validation

Variable IH (n=62) NoIH P OR (CI95%)
(n=376)
Age (year) 54.7(15.8) 49.9(14.2) 0.026 * 1.02(1-
1.38.38)
Sex 40(64.5)  220(58.5) 0.37 1.29(0.74—
Female 22(35.5) 156(41.5) 2.26)
Male
Colon surgery 31(50) 123(33) 0.008  2.51(1.47-
4.29)
COPD 5(8.1) 14(3.7) 0.12 2.64(0.92—
7.58)
Ascites 11(17.5) 51(13.5)  0.39 1.62(0.8-3.31)
Jaundice 1(1.6) 24(6.3) 0.13 0.28(0.04—
2.12)
Anemia 17(27.4) 175(46.2) 0.005  0.43(0.24—
0.78)
Emergency 26(41.9) 113(30.1)  0.06 1.63(0.94—
surgery 2.82)
RISKWINF 9.9(3.2) 4.03(1.8)  0.001* 3.01(2.32—
3.91)
Previous surgery 12(19) 32(8.4) 0.009  2.55(1.24—
5.27)
BMI (Kg/m?) 26.94.7)  25.5(4.6) 0.041* 1.06(1-
1.12.12)
Ostomy 9(14.3) 34(9.2) 0.18 1.65(0.75—
3.62)
Oncologic 49(79.4)  254(67.6) 0.07 1.62(0.89—
patient 3.16)

*Mean (SD), Student’s t-test. Qualitative variables are reported as
frequency and percentage, analyzed using the 2 test. COPD Chronic
Obstructive Pulmonary Disease, BMI Body Mass Index, RISK-
WINF Risk of infection, score obtained from the ACS Surgical Risk
Calculator

accuracy and clinical reliability. The calibration curve
(Fig. 3B) compares the predicted probabilities generated by
the IHXGBoost-P model with the observed incidence of TH,
demonstrating good agreement, particularly across low- and
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Global Feature Importance (SHAP values) for KernelExplainer
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Fig.2 SHAP values for the IHXGBoost-P model. (A) Global feature importance. (B) Feature impact on model output
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Fig. 3 (A) Discrimination (ROC-AUC) (B) Calibration (Brier score and Calibration plot)

intermediate-risk groups. The Brier score of 0.051 reflects
excellent overall calibration. Figure 3 illustrates the model’s
performance in terms of calibration and discrimination.

In the Bayesian analysis, the Fagan nomogram, revealed
that the IHXGBoost-P model demonstrated good diagnostic
performance, significantly improving the post-test risk esti-
mation and both confirming and ruling out IH with observed
prevalences of 84% and 3%, respectively, which were out-
side the classic zone of uncertainty. Figure 4.

In the threshold analysis, the probability distribution
of predicted risk (Fig. 5) demonstrated a clear separation
between patients with and without IH. A 10% probability
cut-off provided the best balance between sensitivity and
specificity, yielding sensitivity of 0.89, specificity of 0.93,
and an AUC of 0.96. This threshold accurately identified

high-risk patients while maintaining a low false-positive
rate, supporting its use for clinical decision-making.

Discussion

The objective of this study was to externally validate the
IHXGBoost-P model. The results demonstrated good dis-
criminatory capacity (ROC-AUC=0.88, Accuracy 0.94) and
calibration (Brier score of 0.051) for predicting the occur-
rence of [H in patients after midline laparotomy, similar to
the results from its development and internal validation.
The model demonstrated an expected reduction in
the ROC-AUC from 0.94 to 0.88 in the external valida-
tion assessment, which was most likely associated with
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Fig.4 Fagan nomogram for prior %1
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population variability. Its sustained specificity (0.96) sup-
ports its use to identify low-risk patients. Calibration and
discrimination are fundamental factors for determining
the validity of a prediction model; however, good cali-
bration does not guarantee good discrimination (and vice
versa) [24].

Of the 551 patients who met the inclusion criteria,
113 were excluded from the final sample due to lack of
follow-up, unconfirmed IH in the files, reoperations for
other causes, or early postoperative death. Moreover, this
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exclusion was implemented prior to the analysis, and there
were no “losses” of the final sample. Therefore, we do not
believe that these losses compromised the statistical power
of the model.

Currently, no similar model exists in the literature for
predicting IH; Cole et al. [25] published a study in 2021
with similar characteristics but evaluated the prediction of
acute dehiscence without assessing IH. Thus, the current
research will have a considerable impact on determining
which patients can be considered either high risk or low
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risk, with the results being utilized to modify the technique
accordingly.

IH and SSI are recognized as the main complications that
occur after laparotomy and are associated with increased
morbidity, hospital stays and costs. In the United States,
agencies such as the Centers for Disease Control and Pre-
vention (CDC) and the Joint Commission consider colon
surgery and its complications (particularly SSI) to be key
indicators of surgical quality. In our model, both variables
significantly affected the occurrence of IH [26].

A meta-analysis by Tansawet et al. [15] revealed that
only two of seven predictive scales included SSI in their
final models, assessing it dichotomously (yes/no) and ret-
rospectively, although they reported a strong association
between SSI and IH (OR: 5.54). In our cohort, we confirmed
this relationship, demonstrating that SSI increases the risk
of IH threefold (OR: 3.00, 95% CI: 2.32-3.91).

A specific strength of our study involves the use of
the NSQIP Surgical Risk Calculator of the ACS to pro-
spectively estimate the risk of SSI, which allowed for the
incorporation of this variable in advance in the model, thus
increasing its clinical utility and predictive capacity [19].
Lozada et al. (2025) conducted the external validation of the
ACS NSQIP Surgical Risk Calculator in patients undergo-
ing midline laparotomy, demonstrating excellent diagnostic
performance (AUC = 0.88; Brier score = 0.072) and good
calibration for predicting postoperative SSI. A cut-off points
of 6.6% optimally discriminated against low- and high-risk
patients, allowing stratification that improved predictive
accuracy and clinical applicability. These findings support
the inclusion of the prospectively estimated RISKWINF in
the IHXGBoost-P predictive model [27].

The Bayesian analysis and the Fagan nomogram were
calculated by using the prevalence of the cohort and the met-
rics obtained from the confusion matrix. The post-test prob-
ability after a positive result was 84%, whereas it decreased
to 3% after a negative result, consistent with a good abil-
ity to confirm and rule out IH at the utilized cutoff point
of 10%, which demonstrated an optimal balance between
sensitivity and specificity in the external validation.

Another strength of this study involved the performance
of external validation in a different cohort compared with
that used for development and internal validation. However,
the same clinical characteristics were used; thus, selec-
tion bias was reduced. Another strength involved the cor-
rect identification of the variables that form the model, in
addition to its prospective nature and the utilization of an
adequate, timely follow-up, along with the diagnosis of the
hernia. An additional strength included the development
and use of a web app that allowed for the simple identifica-
tion of patients and the completion of the variables compris-
ing the model.

The effective clinical translation of a predictive model
critically depends on its reproducibility and accessibility
across diverse hospital settings. Recognizing that hetero-
geneity in resources among centers can limit the adop-
tion of tools based on advanced statistical methods, the
development of a free, intuitive web application consti-
tutes the fundamental mechanism to overcome this bar-
rier. This web app eliminates the need for local statistical
resources, specialized expertise, or costly infrastructure.
Any surgeon, in any center, can obtain a standardized risk
prediction immediately using only a web browser. Thus,
the tool not only validates the model from a statistical
standpoint but also ensures its operational reproducibility
and democratizes access, enabling universal and equitable
implementation that is essential for a real-world impact
on [H prevention.

Limitations include its single-center nature and focus
on a specific population, without including other types of
incisions (such as paramedian or transverse). Addition-
ally, applicability to other ethnicities or countries may
require multicenter external validation and local recalibra-
tion (including intercept and slope adjustments), as differ-
ences in variable incidence (e.g., proportions of patients
undergoing surgery, colon surgery, SSI rates, or BMI)
can modify baseline risks. A further limitation is that the
current model predicts the patient’s intrinsic risk without
incorporating technical factors related to abdominal wall
closure (such as suture technique or mesh use), which also
influence the final risk of IH. We also acknowledge other
considerations that contextualize our findings. The lim-
ited number of outcome events may affect the precision
of certain performance estimates and precludes extensive
subgroup analyses. Furthermore, this validation did not
include a direct comparison with other existing risk pre-
diction scores. Ultimately, the clinical impact and practi-
cal utility of this model must be evaluated in prospective
implementation studies.

Conclusions

The IHXGBoost-P model accurately predicted the risk of
IH (ROC-AUC: 0.88; Brier score: 0.051) in patients who
underwent midline laparotomy. Its high specificity and pro-
spective evaluation of the risk of SSI can allow for the use
of personalized surgical strategies (such as the use of pro-
phylactic mesh) to reduce the incidence of IH. Moreover,
integrating this model into clinical workflows through a web
tool could improve patient outcomes and reduce care costs.

Supplementary Information The online version contains supplementary
material available at https://doi.org/10.1007/s10029-025-03579-2.
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