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Abstract

Introduction
: Artificial intelligence(AI) techniques may combine various omics datasets to create more accurate
predictive models for lung cancer patients management. The aim of this study from the LANTERN
project, is to develop an AI-based predictive model of post-operative complications after lung resection
for NSCLC.

Methods
In the framework of LANTERN Consortium we prospectively collected data from 3/2023 to 12/2024 of
patients who underwent curative surgery for Stage I-III NSCLC and were herein analyzed considering 80
preoperative clinical features and 43 spirometric variables to predict the occurrence of post-operative
complications. Prediction models were developed on the basis of different feature selection algorithms
and machine-learning models. An external dataset composed by a surgical series of 232 patients was
used for validation.

Results
The final analysis was conducted on 231 surgical patients. Post-operative complications were observed
in 37 patients (16%). AI-based models showed that pathologic score (AUC = 0.72, 95% CI [0.62–0.81])
and pre-opFEV1_TEOR (AUC = 0.77, CI [0.67–0.89]) was the most relevant variables. Testing the models
on the external dataset, while the predictive value of Pathologic score alone was reduced, pre-
opFEV1_TEOR and the combination of Pathologic score and pre-opFEV1_TEOR were confirmed to
predict post-op outcome. Postoperative risk rises by about 6% per pathologic score level and 11–12% for
each 10% decrease in FEV1_TEOR.

Conclusions
Combining the FEV1_TEOR and the pathologic score permits to predict the complications risk in
significant way. This model could be tested in a further prospective cohort of patients to verify its
effectiveness in order to improve the perioperative management of lung resection candidates.

INTRODUCTION
The application of artificial intelligence (AI) and machine learning (ML) into lung cancer treatment has
shown potential in improving diagnostic accuracy, treatment personalization, and patient outcomes [1].
AI applications in thoracic surgery is revealing the potential to improve surgical precision, patient safety,
and overall care efficiency [2]. Despite remarkable advances in lung cancer management, postoperative
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complications continue to represent a major determinant of outcomes, as they may increase morbidity
and mortality. In the era of novel multimodal strategies for resectable NSCLC, which may also affect the
complexity of surgical procedures, the identification of patient subgroups at higher risk of postoperative
complications is of paramount importance. Such stratification could enable the implementation of
personalized perioperative strategies aimed at improving overall outcomes. Under this point of view,
Advances in precision medicine offer hope to improve also surgical outcomes [3].

Previous studies investigated the possibility to individuate high risk patient in different setting (5),
considering also the radiological or pre-operative features and using AI based models (5,6)

In this frame, the LANTERN (Lung cancer multi-omics digital human avatars for integrating precision
medicine) project [4] arises, with the aims to deliver a novel approach for comprehensive lung cancer
decision making solutions, based on predictive digital platforms powered by the integration multi-omics
data. The current study, namely LANTERN1, has been led with the aim of creating a machine learning
algorithm, able to analyze all the pre operative features of patients candidate to thoracic surgery, to
predict the post operative complication risk.

In literature, different studies have been published with the aim of predicting post operative
complications after non cardiac thoracic surgery. For example, He and coworkers [5] analysed a ICU
(intensive care unit) cohort, to predict in particular respiratory complications and they used univariate
and multilogistic regression to perform the analysis. Another interesting experience, from Nonomura and
coworkers [6] tries to predict the risk of pulmonary complications on the base of pre operative
radiological features. A very interesting experience is from Salati et al [7]. They already proposed an AI
based model able to define the risk of cardiac and pulmonary complications in the early postoperative
period for patients submitted to anatomic lung resection. By the way, as reported by the authors, their
experience is a monocentric one and they analyzed the risk on the base of 50 preoperative features. Our
study considered more than 100 variables and comprises an external cohort to validate the results. To
the best of our knowledge, our analysis would be the first one with these characteristics, with the aim of
predicting post operative complications, in patients candidate to surgery for NSCLC, with AI algorithms.
This would improve the process of risk definition and therapy planning for patients undergoing lung
surgery

With this study, we aimed to develop an AI based model for complication risk in a large cohort of
patients who underwent curative surgery for NSCLC.

METHODS

Ethics
The protocol of the study has been drawn up in accordance with the Standards of Good Clinical Practice
of the European Union and the current review of the Helsinki Declaration and has been approved by the
Ethics Committee of this structure. All methods will be carried out in accordance with relevant guidelines

Page 4/18



and regulations. The informed consent has been obtained from all subjects and/or their legal
guardian(s). Approval of Fondazione Policlinico Universitario Agostino Gemelli IRCCS – Università
Cattolica del Sacro Cuore Ethics Committee Number: 5420 − 0002485/23; Trial registration -
clinicaltrial.gov: NCT05802771.

Study Design and Population
This study was designed as a prospective, multicenter observational trial followed by external validation,
in accordance with the TRIPOD (Transparent Reporting of a multivariable prediction model for Individual
Prognosis or Diagnosis) guidelines [8]. Data for 337 patients were collected prospectively between
March 2023 and December 2024 within the framework of the LANTERN consortium [4]. Of these, 231
patients with Stage I-III Non-Small Cell Lung Cancer (NSCLC) underwent curative-intent surgery.
Spirometry was performed for 176 of these patients (Fig. 1). To assess the generalizability of the final
model, we used an independent, retrospective surgical cohort of 232 patients collected from a separate
cancer research center..

Data Acquisition and Endpoints
We collected and categorized a comprehensive set of preoperative variables. The clinical dataset
included 80 variables, covering among other things, patient demographics, clinical characteristics, and a
panel of comorbidities (see Supplementary Table 1A). The second part of the dataset consisted of 43
spirometry variables derived from preoperative pulmonary function tests, including but not limited to
Forced Expiratory Volume in one second (FEV1), Diffusing Capacity of the Lungs for Carbon Monoxide
(DLCO), and other derived flow and volume parameters (see Supplementary Table 1B). The primary
endpoint was the occurrence of any postoperative complication, graded according to the Clavien-Dindo
classification [9].

We considered 20 adverse events as defined as Fernandez and coworkers reported [10] : air leakage,
pleural effusion, subcutaneous emphysema, pneumonia, arrhythmia, hemorrhage, sepsis, wound
dehiscence, abdominal collection, anemia, acute myocardial ischemia, deep venous thrombosis, fistula,
infected wound, occlusion, pulmonary embolism, renal failure, infection of the urinary tract.

A further sub-analysis was performed to predict specific complications, grouped as cardiovascular
events (defined as acute myocardial ischemia, arrhythmia, deep venous thrombosis pulmonary
embolism) and respiratory events (defined as pleural effusion, air leakage, subcutaneous emphysema,
pneumonia).

The cardiopulmonary as well as respiratory complications were analyzed as a binary outcome
(complicated vs not-complicated patient). Only complications occurred within the first 30 days after the
operation, or later if experienced within the same postoperative hospital stay were included in the
present analysis.
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Before proceeding with the AI analysis, the database underwent a preprocessing with specific data
quality assessment procedures for optimizing data completeness (reported in Supplementary Table 1A
and 1B) and consistency.

Feature Selection, Model Optimization and Evaluation
To identify preoperative predictors, we designed and implemented a machine learning workflow. First, we
performed a feature selection protocol embedded within a 20-repetition bootstrapping framework to
ensure the stability of feature rankings. Three distinct algorithms were applied: Minimum Redundancy
Maximum Relevance (mRMR) [11], Lasso logistic regression [12], and Elastic-Net logistic regression [13].
Feature importance was aggregated across all repetitions to generate a stable ranked list, and the
algorithm demonstrating the highest average Area Under the Receiver Operating Characteristic (AUROC)
curve was chosen as the optimal method (Supplementary Figs. 1A and 1B).

Using the best ranked feature list, we then identified the optimal combination of signature length and
machine learning model. We evaluated four supervised learning algorithms: logistic regression (LR),
random forest (RF) [14], a support-vector machine (SVM) with a radial basis function (RBF) kernel [15],
and eXtreme Gradient Boosting (XGBoost) [16]. For each algorithm, we incrementally constructed
feature signatures of increasing length, from 1 (the most important feature) to 10 (the top 10 most
important features). The performance of each algorithm and signature length combination was
evaluated using a 5-repetition, 3-fold cross-validation scheme on the training data. Model-specific
hyperparameters were tuned to maximize performance. The configuration that maximized the mean
AUROC across all cross-validation folds was selected as optimal.

Finally, predictive models were trained on the entire training dataset using the optimal learner and
feature signature length. This process was performed using clinical dataset only, spirometry dataset
only, and integrating top features from both datasets. The performance of these final models was then
assessed on the independent, external validation cohort by calculating the AUROC with 95% confidence
intervals.

All data processing, statistical analysis, and machine learning model development were conducted using
R (version 4.5.1). The feature ranking, signature determination, and final model development were
supported by the “Fully Automated Machine Learning with Interpretable Analysis of Results” (FAMILIAR)
framework [17].

The initial step in our modeling process was to identify the most stable and performant feature selection
algorithm. We evaluated three distinct methods within a 20-repetition bootstrapping framework. The
Elastic-Net algorithm consistently achieved the highest average Area Under the Receiver Operating
Characteristic (AUROC) curve for both the clinical and spirometric datasets (Supplementary Fig. 1A and
1B).
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RESULTS

Patient Characteristics and Outcomes
A total of 231 patients who underwent curative-intent surgery for NSCLC were included in the training
cohort. The baseline clinical and pathological characteristics of this cohort are summarized in Table 1.
The mean age was 68.6 years (SD ± 9.5), and the majority of patients were former or current smokers
(184 patients, 79.7%). Postoperative complications of any grade occurred in 37 patients, corresponding
to an overall complication rate of 16.0%. A total of 48 complications occurred in these 37 patients, as
nine patients experienced two complications and one patient experienced three. Among the patients
with complications, the majority experienced low-grade events (Clavien-Dindo grade I-II: 23 patients,
63.9%), with a mean time from surgery to complication onset of 7 days (SD ± 13). The characteristics of
the complications are summarized in Fig. 2 and Table 2.

Model Development and Internal Performance
To identify the most stable and performant feature selection algorithm, we compared the performance
of three methods. The Elastic-Net algorithm consistently achieved the highest average Area Under the
Receiver Operating Characteristic (AUROC) curve for both the clinical and spirometric datasets
(Supplementary Fig. 1A and 1B) and was therefore selected to generate the final feature importance
rankings.Based on these Elastic-Net rankings (Supplementary Figs. 2 and 3), the machine learning
workflow identified the Charlson Comorbidity index (also defines as Pathologic Score in text (see
supplementary Table 1)) (Fig. 3A) and the ratio of preoperative Forced Expiratory Volume in one second
to its theoretical value (FEV1_TEOR) (Fig. 3B) as the most influential variables for predicting
postoperative complications. This was determined by evaluating four different machine learning models
across various feature set sizes (signature lengths). The tables in Figs. 3A and 3B report the peak
performance for each model. The selection of these features is the result of a cross-validated
hyperparameter search that included optimizing the signature length for four distinct machine learning
algorithms. The tables report the optimal cross-validated AUROC for each algorithm. A logistic
regression model with a signature length of one demonstrated the highest predictive power for both
clinical (AUROC of 0.674) and spirometric (AUROC of 0.738) datasets.

When performed on the entire training cohort, a model based on the pathologic score alone achieved an
AUROC of 0.72 (95% CI [0.62–0.81]), while a model using only preoperative FEV1_TEOR demonstrated
superior predictive power with an AUROC of 0.77 (95% CI [0.67–0.89]). By integrating these two key
features, the combined model produced the highest performance on the training data, achieving an
AUROC of 0.82 (95% CI [0.72–0.92]), indicating a strong predictive signal within the development dataset
(Fig. 3C). To facilitate clinical application, this final two-feature model was translated into a nomogram,
providing a graphical tool to estimate the probability of postoperative complications (Fig. 3D).
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When fixing the pathologic score at 5, changes in FEV1_TEOR are associated with significant variations
in postoperative risk: a value of 75% corresponds to an estimated risk of 26.4%, 65% to 37.0%, and 55%
to 49.1%. Conversely, when fixing FEV1_TEOR at 65%, variations in the pathologic score also show a
clear trend: a score of 4 corresponds to a 31.0% risk, 5 to 37.0%, and 6 to 43.3%. These findings suggest
an approximate 6% increase in postoperative risk for each incremental step in pathologic score, and an
increase of about 11–12% for every 10% decrease in FEV1_TEOR.

External Validation of Predictive Models
When the trained models were evaluated on the independent external validation cohort, their
performance varied. The model based only on the pathologic score failed to generalize, showing no
predictive ability beyond random chance (AUROC = 0.50, 95% CI [0.43–0.58]). In contrast, the
preoperative FEV1_TEOR was confirmed as a robust and generalizable predictor (Fig. 4A), with the
spirometry-only model achieving an AUROC of 0.72 (95% CI [0.66–0.79]) on the external dataset. The
combined model, integrating both pathologic score and FEV1_TEOR, also demonstrated valid predictive
performance (Fig. 4B), with an AUROC of 0.68 (95% CI [0.61–0.75]), although this was slightly lower than
the performance of the FEV1_TEOR-only model.

Analysis of Specific Complication Types
To investigate the prediction of specific adverse events, the modeling pipeline was re-applied to develop
distinct models for cardiovascular and respiratory complications. Using the previously identified optimal
features, we trained and validated models specifically for these endpoints. In the external validation
cohort, similar to the overall complication analysis, the pathologic score alone showed no predictive
power for these specific endpoints. Whereas, model using only preoperative FEV1_TEOR (Supplementary
Fig. 4A) proved to be effective for predicting both cardiovascular events (AUROC = 0.76, 95% CI [0.64–
0.87]) and respiratory events (AUROC = 0.69, 95% CI [0.61–0.77]). Finally, the combined model,
incorporating both FEV1_TEOR and pathologic score (Supplementary Fig. 4B), also remained predictive
for both sub-endpoints, though its performance was somewhat attenuated, achieving an AUROC of 0.69
(95% CI [0.56–0.81]) for cardiovascular and 0.62 (95% CI [0.53–0.71]) for respiratory complications. To
facilitate clinical use, nomograms derived from these combined models are provided for estimating the
probability of cardiovascular and respiratory events (Supplementary Fig. 4C).

DISCUSSION
The present analysis, based on LANTERN data, focused on a still not well investigated topic, the
prediction of post operative complications in patients candidate to thoracic surgery for NSCLC with
curative intent with ML algorithms.

The LANTERN project was ideated [4] with the purpose to create personalized models of lung cancer
treatment through the collection of a great amount of patients data (big data) in digitalized human
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avatar (DHA). Using an artificial intelligence–based approach, we were able to include a large number of
variables (over one hundred), which are typically excluded from analyses relying on traditional statistical
methods due to limited data collection or intrinsic methodological constraints.

Only few studies already described the AI application for post-operative complication prediction. Matar
and coworkers [18], trained a machine learning model to create a nomogram to predict osteonecrosis
after fibula free flap reconstruction in oral cancer patients. In their model, pre-operative radiation therapy,
post-operative wound infection, plate exposure, and surgical re-exploration were the most influential
features in model predictions. Another interesting experience comes from Wang and colleagues [19].
They focused on a machine learning-based model to predict of gastroparesis risk following complete
mesocolic excision. They found this complication to be associated with advanced age, prolonged
surgeries, extensive intraoperative blood loss, surgical techniques, low serum protein levels, anaemia,
diabetes, and hypothyroidism and the strength of their results stays in the fact that they validated their
results with an internal validation.

Also in pediatric surgery ML algorithms have been studied. Liu et al. [20] presented an integrated
machine learning model delayed graft function prediction in pediatric renal transplantation from
deceased donors.

While the aforementioned studies successfully apply specific ML algorithms, our work highlights the
value of a structured machine learning workflow. We systematically tested combinations of feature
selection techniques and ML learners to ensure the final model represents the most robust and
predictive configuration for identifying patients at risk of postoperative complications.

Concerning instead the prediction of complication specifically in thoracic surgery, some studied
formulated analysis based on traditional statistics to create nomograms. For example, Wang et al. [21]
created indeed a nomogram, based on four objective and easily assessed factors. It demonstrates
excellent predictive performance for pediatric postoperative pulmonary complications after one-lung
ventilation, enabling early risk assessment and targeted interventions to improve patient outcomes.
Zhou and colleagues [22] led a prospective bicentric study for the elderly patients submitted to thoracic
surgery. They developed and validated of a nomogram for predicting postoperative pulmonary
complications in this cohort of patients. This nomogram could identify patients at risk for complication
within 30 days. Liu and coworkers developed a very similar experience [25] creating a nomogram to
predict complications in older patients. They identified preoperative presence of chronic obstructive
pulmonary disease (COPD), elevated leukocyte count, higher partial pressure of arterial carbon dioxide
(PaCO2) level, surgical site, thoracotomy, intraoperative hypotension, blood loss > 100 mL, surgery
duration > 180 min, and malignant tumor to be good prognosticator of complications. A very interesting
experience comes from Shixin and colleagues [24], who focused their analysis on post operative
complication prediction in patients surgically treated for NSCLC. The population of interest is the same
we considered but they developed a nomogram through traditional statistic approach.
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Taking into account the prediction of complications in thoracic surgery for NSCLC, with the application
of AI, to the best of our knowledge, only 2 experiences are reported. A similar analysis to ours, was
reported by Salati et al. [7], but they considered patients submitted to surgery for both malignant and
non-malignant conditions and analysed a lower number of variables (n = 50). Furthermore, their one was
a retrospective experience, instead ours is a prospective one with the validation on an external cohort.
Another one comes from Wand and colleagues [25], who considered patients operated for NSCLC, but
then took into account for the analysis, only pneumonectomies. They applied ML models, as multiple
machine-learning models (Logistic regression, eXtreme Gradient Boosting, Random forest, Light
Gradient Boosting Machine and Naïve Bayes). Multivariate logistic regression analysis revealed that age,
surgery duration, intraoperative intercostal nerve block, postoperative patient-controlled analgesia,
bronchial blocker use and sufentanil use were independent predictors of cardiovascular and neurologic
complications.

Our analysis brings up some novelties if compared to literature. To our knowledge, this is the first study
to evaluate a cohort of patients surgically treated for NSCLC with curative intent, encompassing all types
of resections performed in this setting—both anatomical and non-anatomical—according to the best
available evidence. Furthermore, one interesting aspect, is that more than a hundred variables were
considered, of which nearly a half about spirometric parameters. Our results show the weight of the
variables in predicting overall complications and the different type of complication with several clinical
implications. In particular, pre operative FEV1_TEOR and the combination of Charlson comorbity index
and pre operative FEV1_TEOR are the most powerlful factors in predicting post operative complications
both in our series and in the external cohort, even if in this cohort with a lower AUROC. Charlson
comorbity index alone could predict post operative complication only in our cohort. These results were
also confirmed when analysing in particular cardiovascular and respiratory complications.

The external cohort used for validation consisted of surgical patients, and therefore the indications for
surgery were comparable to those applied at our center. However, the patient populations differed, as did
the distribution of lobectomies and segmentectomies and the overall rate of postoperative
complications. This represents a strength of our study, since the reproducibility of the results in an
independent external cohort supports the robustness of the proposed model and demonstrates that it
can be trained on heterogeneous patient populations while maintaining satisfactory performance.

The observed differences between the two cohorts may be partly attributable to the ongoing process of
data reporting within the dataset, which relies on human input and may introduce variability related to
the subjective assessment of complications. Indeed, a well-recognized limitation of AI-based analyses is
the challenge of reproducibility, as data codification, interpretation, and reporting are inherently
dependent on human oversight and may vary across centers, even when the ontology and definitions are
prospectively standardized. In addition, population characteristics may differ between institutions,
despite our efforts to select cohorts with comparable features in terms of ethnicity, lifestyle habits, and
geographical background. From this perspective, the implementation of cloud-based infrastructures
enabling continuous and automated data updating will be of paramount importance, as it would allow
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models to be continuously retrained, thereby reducing variability, improving reproducibility, and ultimately
enhancing their generalizability.In light of the considerations outlined above, the proposed model is not
yet ready for routine clinical implementation. In accordance with the objectives of the LANTERN project,
prospective validation in our patient cohort will be required once enrollment is completed.

The use of a machine learning approach enabled the integration of a broad range of variables that are
frequently excluded from conventional statistical analyses because of data quality issues or
methodological limitations. This represents a clear advantage over traditional regression models, as it
allows the simultaneous evaluation of multiple clinical features that have been insufficiently explored in
relation to postoperative complications, largely due to the constraint of limiting the number of covariates
in standard multivariate analyses.

The ultimate goal is the development of an online application (e.g., for smartphones and tablets, already
widely adopted in clinical practice) capable of estimating the overall risk of postoperative complications,
as well as the specific risk of cardiovascular and respiratory events, based on patient data, including at
least the most clinically relevant variables.

In the near future, such a tool could support personalized perioperative management by enabling
targeted preventive strategies. For instance, a predicted increased risk of postoperative atrial fibrillation
could prompt the initiation of preoperative beta-blocker therapy. More broadly, postoperative intensive
care unit (ICU) utilization could be anticipated according to the estimated surgical risk, potentially
reducing both healthcare costs and ICU-related complications.

Although cardiovascular and respiratory complication categories encompass events requiring different
clinical interventions (e.g., antibiotic therapy for pneumonia versus surgical sealants for air leaks),
identifying patients at increased risk for a specific complication group may heighten clinical awareness
and facilitate the implementation of tailored preventive measures, such as prophylactic sealant use,
early antibiotic treatment, or intensified respiratory physiotherapy.

Overall, this modeling approach has the potential to enhance clinical practice by informing training
strategies, optimizing diagnostic and therapeutic decision-making, supporting interventional planning,
and improving patient monitoring and follow-up.

CONCLUSIONS
In the field of AI application in surgery, the implementation of a model including preoperative data, in
particular, pre-operative FEV1_TEOR and the pathologic score permits to predict post-operative
complications, selecting ad hoc strategies for patients management. 
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Figure 1

Workflow for Patient Selection and Machine Learning Model Development and Evaluation. The process
involves data collection, preprocessing, feature selection, training of different machine learning models
and evaluation on an external cohort.
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Figure 2

Distribution of post operative complications. The pie chart illustrates the relative frequency of all 48
postoperative complication events.
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Figure 3

Machine learning workflow and model performance on the training cohort. (A) The bar plot shows the
top 10 most important clinical features ranked by elastic net feature importance. The table below
displays the peak cross-validated AUROC for four ML models, identifying the Pathologic Score as the
single best predictor (AUROC = 0.674) using Logistic Regression. (B) The bar plot shows the top 10 most
important spirometric features. The corresponding table reports the peak cross-validated AUROC for
each model, identifying FEV1_TEOR as the single best predictor (AUROC = 0.738), also via Logistic
Regression. (C) AUROC for the final model, which combines the Pathologic Score and FEV1_TEOR. The
model achieves an AUROC of 0.82 (95% CI [0.72-0.92]). The shaded area represents the 95% confidence
interval, and the red diagonal line indicates a random classifier (AUROC = 0.50). (D) A nomogram
developed from the final logistic regression model to provide a graphical tool for calculating the
probability of postoperative complications based on a patient's Pathologic Score and FEV1_TEOR.
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Figure 4

Model performance in the external validation cohort to predict postoperative complications. The panels
show the performance, evaluated by Area Under the Receiver-Operator Characteristic (AUROC) curves, of
models using: (A) FEV1_TEOR​ alone; and (B) the combined Pathology Score and FEV1_TEOR. For all
curves, the light grey shading represents the bootstrapped 95% confidence interval, and the red line
indicates the performance of a random classifier (AUC = 0.50).
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