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ABSTRACT

Background: Accurate prediction of postoperative mortality is crucial in thoracic surgery to guide clinical
decisions and optimize patient care. The objective of this study was to demonstrate how to develop a
reproducible machine learning—based model for predicting 30-day postoperative mortality in thoracic

surgery patients, using a realistic synthetic dataset and clinically relevant perioperative variables.

Materials and Methods: We developed a machine learning (ML) model to estimate 30-day mortality
risk in thoracic (lung) surgery patients, using realistic synthetic data of 1000 patients to illustrate the
approach. Risk factors (age, sex, comorbidities, pulmonary function, etc.) and surgery type (wedge/
segmentectomy, lobectomy, pneumonectomy) were incorporated. We tested logistic regression, random

forest, and XGBoost algorithms.

Results: Logistic regression yielded the best performance (AUC=0.82548) on our synthetic cohort of
1000 patients. The model also demonstrated good calibration (Brier score=0.040), indicating accurate
probability estimation. Key predictors included advanced age, high ASA class, reduced FEV , presence
of COPD, and undergoing pneumonectomy consistent with known clinical factors. Model steps are

detailed below. An appendix provides Python code for data generation and model training.

Conclusion: This work demonstrates a reproducible pipeline for risk prediction in thoracic surgery
using a synthetic dataset, aligning with modern approaches like the STS risk calculators and advanced
ML models (e.g. Predicthor). This model is intended for methodological demonstration only and is not

clinically validated for real-world use.
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Introduction

Thoracic surgery carries significant perioperative risk,
with 30-day mortality reported at 4.3% after pneumonec-
tomy, compared with 2.0% after lobectomy and less than
1% after segmentectomy [1,2]. Many factors contribute
to this risk. Advanced age, poor pulmonary reserve, and
multiple comorbidities (COPD, cardiovascular disease,
diabetes, renal failure, etc.) significantly increase postop-
erative mortality [3,4]. Similarly, higher ASA (American
Society of Anesthesiologists) class and emergency sur-
gery are strong predictors of perioperative death [4].

Given these risks, clinical guidelines often recom-
mend formal risk stratification. The Thoracoscore and
other traditional models (e.g. logistic regression scores)
have been widely used, but they can be outdated or im-
precise for modern practice [5,6]. Recent efforts apply
machine learning (ML) to create more accurate calcu-
lators. For example, the STS introduced updated risk
calculators (pulmonary resection and esophagectomy)
built on large contemporary datasets [7]. Zimmermann
et al. developed the Predicthor ML model using the
French Epithor database; it achieved an AUC of 0.81
for 30-day mortality and demonstrated improved pre-
dictive performance [5].

In this work, we illustrate step-by-step how to build
an ML model for mortality risk in thoracic surgery. We
generate a realistic synthetic dataset of 1000 patients,
train and compare models, and evaluate performance.
All significant steps (data preparation, model training,
evaluation) are described in detail. Finally, we present
the Python code (Appendix) so the entire pipeline is re-
producible. The goal is to show how modern ML meth-
ods can be applied to surgical risk prediction, comple-
menting and potentially improving existing tools [4,5].

Materials and Methods

We simulated a cohort of 1000 thoracic surgery patients
with features known to affect risk. No real patient data
were used; therefore, ethical approval and informed
consent were not obtained. This study was reported in
accordance with the TRIPOD+AI reporting guideline
for prediction model studies [8]. Continuous and cat-
egorical variables were chosen to mimic real-world dis-
tributions. For each patient, we generated:

1. Age (years): drawn from a normal distribution
(mean 65.2, SD 10, clipped to 18-90) to reflect typi-
cal surgical populations.

2. Sex: binary, 50% male/50% female.

3. Comorbidity count: an integer (0-4) sampled from
a Poisson-like distribution to represent number of
significant chronic conditions (e.g. COPD, hyper-
tension, diabetes). High comorbidity burden is rec-
ognized as a top risk factor [3.4].

4. ASA class: assigned 1-4, with higher values for pa-
tients with more comorbidities. For example, patients
with =3 comorbidities were more likely ASA 3-4, cap-
turing the link between co-morbidity and ASA [4].

5. COPD (yes/no): 30% of patients had COPD. COPD
is prevalent (40-70%) in lung cancer patients and
increases surgical risk [3].

6. FEV (% predicted): pulmonary function. For COPD
patients, FEV was drawn from a lower distribution
(mean 70%, SD 10); for others a higher range (mean
90%, SD 10). Thus, COPD and low FEV | correlate.

7. Procedure type: categorical with four classes:
Wedge resection, Segmentectomy, Lobectomy,
Pneumonectomy. We assigned approximate fre-
quencies (10% wedge, 10% segment, 60% lobec-
tomy, 20% pneumonectomy). Pneumonectomy is
known to carry the highest mortality [1,2].

8. Synthetic Risk Label: We assumed 30-day mortal-
ity probability is a logistic function of the above
features. Specifically, we set a log-odds model with
coefficients aligned to clinical intuition: older age,
higher ASA, more comorbidities, presence of COPD,
and lower FEV | increase risk; each surgery type adds
a fixed offset (highest for pneumonectomy). For
example, in our generation formula, undergoing a
pneumonectomy added significantly to the log-odds
of death. The exact coefficients were tuned so that
the overall mortality rate in the synthetic cohort was
5-6%, and mortality stratified by procedure matched
published values (9% for pneumonectomy vs. 3-5%
for lobectomy) [2]. Each patient’s mortality outcome
(0/1) was then sampled from this probability.

Categorical variables were encoded. We one-hot en-
coded the procedure type into binary dummy variables
(e.g. proc_Lobectomy = 1 if lobectomy, etc.). Continu-
ous features (age, FEV ) were left numeric. No further
missing data imputation was needed for this complete
synthetic set. As model training and selection; the data
were split into 80% training and 20% testing subsets.
We fit three models: (a) Logistic Regression (baseline
statistical model), (b) Random Forest, and (c) XGBoost



(gradient boosting). These were chosen as representa-
tive of simple and complex approaches. Model hyper-
parameters were left at defaults except as needed (e.g.
sufficient trees). Each model’s probability predictions
on the test set were evaluated by area under the ROC
curve (AUC). In addition to discrimination, calibration
performance was assessed using the Brier score and cal-
ibration curves generated on the test dataset. Calibration
evaluates the agreement between predicted probabilities
and observed outcomes and provides complementary
information to discrimination metrics such as AUC. The
model with the best AUC and balanced performance
was selected for further use. Accuracy, sensitivity, spec-
ificity, and confusion matrix were also examined using
a 0.5 cutoff. The model with the best AUC and balanced
performance was selected for further use. All model
results, including feature importance and coefficients,
were examined to ensure consistency with clinical ex-
pectations. We implemented the above in Python using
NumPy and pandas for data manipulation, and scikit-
learn and XGBoost for modeling. Details of the code
are given in the Appendix. The entire pipeline - from
synthetic data creation to model training - can be rerun
to verify results.

This study utilized a publicly available, anonymized,
and synthetic dataset. Since the research did not involve
human subjects, personal data, or animal experiments,
institutional ethics committee approval was not required
according to the national regulations and the Declara-
tion of Helsinki

Results

The synthetic dataset contained 1000 patients (see Ta-
ble 1 for summary statistics). Mean age was 65.2 years,
50% male. Common comorbidities (mode 1-2 per pa-
tient) and ASA distribution (mean 2.4) reflected a typi-
cal thoracic surgery population. COPD was present in
30% (consistent with published lung cancer cohorts)
[3]. As designed, mortality was 5.6% overall: 3.0% in
wedge resections, 4.0% in segmentectomies, 5.1% in
lobectomies, and 9.4% in pneumonectomies. These
synthetic rates closely match literature (e.g. pneumo-
nectomy around 5-7% at 30 days (2), though real 90-
day mortality is higher). The overall 30-day mortality
rate was 5.6%, reflecting a mixed cohort with varying
procedural risk, where high-risk procedures such as
pneumonectomy were balanced by a larger proportion
of lower-risk resections.
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Table 1. Summary of synthetic cohort (n=1000).

Variable Mean (SD) / % of cohort
Age (years) 65.2 (£9.7)

Male sex 51.5%

ASA (14 2.4 (x0.89)

FEV1(% pred.) 83.2 (x13.7)

COPD present 30.3%

Comorbidity count | 1.47 (x1.16)

Procedure Wedge 10%, Segment 10%, Lobec-
tomy 60%, Pneumonectomy 20%
Mortality (30d) 5.6% overall

When fitting the models, logistic regression achieved
the highest discrimination (AUC=0.83), followed by
XGBoost (AUC=0.71) and Random Forest (AUC=0.66)
on the held-out test set. The confusion matrices showed
that logistic regression produced probabilities well-cor-
related with outcomes, and its coefficients were all in
expected directions: older age, higher ASA, presence of
COPD, lower FEV , and the pneumonectomy indicator
all had positive association with mortality. For example,
the fitted logistic model assigned one of the largest posi-
tive coefficients to pneumonectomy, reflecting its higher
risk compared with less extensive resections, and signifi-
cant weights to COPD and ASA. These findings align
with known predictors [4,5]. Model discrimination per-
formance for 30-day mortality prediction is illustrated in
Figure 1. The relative contribution of individual predic-

tors to mortality risk is summarized in Figure 2.

ROC Curves for 30-day Mortality Prediction
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Figure 1. Receiver operating characteristic (ROC) curves compar-
ing Logistic Regression and Random Forest models for 30-day mor-
tality prediction in thoracic surgery patients. Higher AUC values

indicate better discrimination performance.
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Normalized Feature Importance Comparison for 30-day Mortality Prediction
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Figure 2. Normalized feature importance comparison (top 10 pre-
dictors) for Logistic Regression and Random Forest models. Lo-
gistic Regression importance is based on absolute standardized
coefficients, whereas Random Forest importance is derived from

impurity-based measures.

Calibration analysis demonstrated acceptable agree-
ment between predicted and observed outcomes. The
logistic regression model achieved a Brier score of
0.040, indicating accurate probability estimation and
good overall calibration within the synthetic cohort.
The calibration curve showed close alignment with the
reference line across predicted risk levels (Figure 3).
Together, these findings support reliable probability es-
timation by the model.
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Figure 3. Calibration curve of the logistic regression model for pre-
dicting 30-day mortality in the synthetic thoracic surgery cohort.

The dashed diagonal line represents perfect calibration, where pre-

dicted probabilities equal observed event rates. The plotted points
show the relationship between predicted mortality risk and observed
outcomes across risk strata, demonstrating good agreement between

predicted and observed probabilities.

Decision curve analysis demonstrated that logistic re-
gression yielded greater clinical net benefit across a
wide range of threshold probabilities compared with
alternative models (Figure 4).

Decision Curve Analysis for 30-day Mortality Prediction
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Figure 4. Decision curve analysis comparing the clinical net benefit
of Logistic Regression, XGBoost, and Random Forest models for 30-
day mortality prediction across a range of threshold probabilities. Lo-
gistic regression provided the highest net benefit over most clinically

relevant thresholds compared with treat-all and treat-none strategies.

Because logistic regression performed best and is
easily interpretable, we adopted it as the final risk mod-
el. Its high AUC indicates good discrimination of high-
vs. low-risk patients in our test set. By contrast, the ML
ensemble models did not improve performance on this
synthetic data; this is plausible since the risk relation-
ships were generated linearly. In practice, more com-
plex relationships or interactions could exist, in which

case tree-based methods might show an advantage.

Using the selected logistic model, one can compute
an individual’s mortality risk by plugging in their fea-
tures. For illustration, we applied the model to the entire
cohort. Predicted risk ranged from near 0% for young,
healthy patients undergoing wedge resection, up to 25%
for elderly patients with COPD and ASA=4 undergo-
ing pneumonectomy. The five highest-risk patients (all
pneumonectomy, age >75, multiple comorbidities) had
predicted 30-day mortality >20%. These synthetic ex-
amples demonstrate the model’s face validity: it assigns



very low risk to a young, fit patient having a minor re-
section, and very high risk to an old patient with severe

comorbidities and the most extensive surgery.
Discussion

ML encompasses a group of data-driven algorithms that
learn patterns from clinical data to generate predictions
without being explicitly programmed for each scenario
[9]. In recent years, ML-based approaches have gained
increasing attention in surgical outcome research, as
they are capable of integrating multiple patient-, dis-
ease-, and procedure-related variables and modeling
complex interactions that may not be fully captured
by traditional statistical methods [10,11]. In the pres-
ent study, we deliberately selected three complementary
modeling strategies logistic regression, random forest,
and XGBoost to balance interpretability and predic-
tive performance. Logistic regression remains the most
widely used method in clinical risk prediction and of-
fers transparent, coefficient-based interpretation that
is familiar to surgeons and clinical researchers [12]. In
contrast, random forest is an ensemble, tree-based meth-
od that can model non-linear relationships and higher-
order interactions between predictors, albeit at the cost
of reduced interpretability [13]. XGBoost represents a
modern gradient-boosting approach that sequentially
improves model performance by correcting previous er-
rors and has demonstrated strong predictive accuracy
in medical outcome studies [14]. By comparing these
models within the same synthetic thoracic surgery co-
hort, we aimed to illustrate how different ML paradigms
attribute risk and how model choice influences both dis-

crimination and clinical interpretability.

We have presented a comprehensive workflow to de-
velop and evaluate a mortality risk prediction model for
thoracic surgery patients. Our approach integrates clini-
cal insight (risk factors and case mix) with ML tech-
niques. Key points include: identifying and encoding
relevant features (age, comorbidities, lung function, sur-
gical procedure, etc.), generating or collecting data, and
systematically comparing candidate models. We found
logistic regression to be sufficient and indeed superior
in our scenario, but other ML methods remain valuable
options especially with large, complex datasets.

Our findings reinforce known clinical knowledge:
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pneumonectomy carries the highest risk (as seen in
many studies) [1,2], and pulmonary function is critical
(low FEV /COPD portends poor outcomes) [3]. Addi-
tionally, global health status indicators (ASA, comor-
bidity count, markers like anemia or high CRP) strongly
influence mortality [4]. These factors emerged as top
predictors in our model and are consistent with the lit-
erature. For instance, Predicthor’s ML analysis of real
patient data also highlighted age, comorbidities, tumor
stage, FEV , and dyspnea as major predictors [5].

In addition to discrimination performance, calibra-
tion analysis provided important insight into the reli-
ability of predicted probabilities. The logistic regression
model demonstrated good calibration, with a low Brier
score (0.040) indicating accurate probability estimation
and close agreement between predicted and observed
outcomes across risk strata. Calibration is a critical
component of clinical prediction modeling, as reliable
probability estimates are essential for risk stratification
and clinical decision-making. The favorable calibration
performance observed in this study is partly expected,
as the synthetic outcome generation followed a logis-
tic structure similar to the fitted model. Nevertheless,
model calibration should be interpreted cautiously and
requires validation in external real-world datasets be-

fore clinical application.
Limitations of the Study

The primary limitation is the use of synthetic data.
Although care was taken to match published outcome
rates and feature distributions, synthetic cohorts can-
not capture all nuances of real-world patients. In a real
implementation, one would train the model on a reg-
istry or institutional data. Also, some potentially im-
portant features (e.g. specific lab values, imaging find-
ings, or nuanced comorbidity indices) were omitted for
simplicity. The model’s performance on synthetic data
may be optimistic; real patient data may contain noise,
missingness, or hidden biases that challenge the model.
Our limitation is that we evaluated only short-term (30-
day) mortality. Thoracic surgery also entails long-term
outcomes, complications, and quality-of-life consider-
ations. Future work could extend to 90-day mortality or
composite morbidity indices (as was done with Predic-

thor) [5]. Another limitation is that cross-validation and



Current Thoracic Surgery-Volume 11 Number 1 p: 7-13

systematic hyperparameter tuning were not performed.
In this study, default model parameters were intention-
ally used to demonstrate a simplified and reproducible
modeling pipeline within a tutorial framework. How-
ever, more rigorous model development typically in-
volves k-fold cross-validation and hyperparameter opti-
mization to improve generalizability and reduce the risk
of overfitting. Future studies using real-world clinical
datasets should incorporate these procedures to enhance

model robustness and predictive performance.

Despite these caveats, this work demonstrates the fea-
sibility of building a predictive model step-by-step. It
complements ongoing efforts (such as the STS calcu-
lator [7] and published ML scores [5]) by providing a
clear, reproducible template. In practice, a model trained
on real data could be deployed as a risk calculator to
inform surgeon—patient discussions, tailor perioperative
care, or stratify patients in clinical trials. The appendix
code can serve as a starting point for researchers or cli-

nicians to apply such models to their own data.

Taken together, the results highlight important differ-
ences between modeling approaches. As shown in
Figure 1, logistic regression achieved the highest dis-
crimination performance for 30-day mortality predic-
tion, while tree-based models provided complementary
perspectives on risk attribution. Feature importance
analysis (Figure 2) demonstrated that procedure type,
ASA class, COPD status, age, and lung function were
consistently identified as key determinants of postop-
erative mortality, supporting the clinical plausibility of
the models. Furthermore, decision curve analysis (Fig-
ure 4) illustrated that logistic regression offered greater
potential clinical net benefit across most clinically rel-
evant threshold probabilities compared with alternative
strategies. These findings suggest that interpretable ML
models may serve as practical tools for perioperative
risk stratification in thoracic surgery, particularly when

transparency and clinical usability are prioritized.

In conclusion, we have shown how to construct a ML
model that predicts perioperative mortality in thoracic
surgery patients. By combining known clinical risk fac-
tors with an appropriate algorithm, we can achieve ac-

curate risk stratification. In our example, logistic regres-
sion on synthetic patients yielded a strong predictive
model. Key risk features included advanced age, poor
lung function, multiple comorbidities, and extensive
surgery (pneumonectomy). The provided Python code
and description allow others to replicate and extend this
analysis. In a clinical setting with real patient data, such
a model would be trained similarly, and we anticipate
it could enhance decision-making and patient counsel-
ing, as recent studies (e.g. Predicthor) have suggested
[5]. As data quality and computational tools improve,
ML-driven risk scores will likely become integral to
thoracic surgical practice, complementing traditional
scores and surgeon judgment. Importantly, the present
model has not been clinically validated and should not
be interpreted as a deployable clinical decision-making
tool. The findings are intended solely to demonstrate a
methodological framework using synthetic data, and
clinical implementation would require validation using

real-world patient datasets.
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