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Abstract Background Lung cancer is the most prevalent and lethal cancer globally, necessi-
tating accurate differentiation between benign and malignant pulmonary nodules to
guide treatment decisions. This study aims to develop a predictive model that
integrates artificial intelligence (AI) analysis with biomarkers to enhance early detec-
tion and stratification of lung nodule malignancy.
Methods The study retrospectively analyzed the patients with pathologically con-
firmed pulmonary nodules. AI technology was employed to assess CT features, such as
nodule size, solidity, and malignancy probability. Additionally, lung cancer blood
biomarkers were measured. Statistical analysis involved univariate analysis to identify
significant differences among factors, followed by multivariate logistic regression to
establish independent risk factors. The model performance was validated using
receiver operating characteristic curves and decision curve analysis (DCA) for internal
validation. Furthermore, an external dataset comprising 51 cases of lung nodules was
utilized for independent validation to assess robustness and generalizability.
Results A total of 176 patients were included, divided into benign/preinvasive (n¼ 76)
and invasive cancer groups (n¼100). Multivariate analysis identified eight independent
predictors ofmalignancy: lobulation sign, bronchial inflation sign, AI-predictedmalignancy
probability, nodule nature, diameter, solidity proportion, vascular endothelial growth
factor, and lungcancerautoantibodies. Thecombinedpredictivemodel demonstratedhigh
accuracy (area under the curve [AUC]¼0.946). DCA showed that the combined model
significantly outperformed the traditionalmodel, and also proved superior tomodels using
AI-predicted malignancy probability or the seven lung cancer autoantibodies plus tradi-
tional model. External validation confirmed its robustness (AUC¼0.856), achieving a
sensitivity of 0.80 and specificity of 0.86, effectively distinguishing between invasive and
noninvasive nodules.
Conclusion This combined approach of AI-based CT features analysis with lung cancer
biomarkers provides a more accurate and clinically useful tool for guiding treatment
decisions in pulmonary nodule patients. Further studies with larger cohorts are
warranted to validate these findings across diverse patient populations.
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Introduction

Lung cancer stands as the most prevalent and fatal malig-
nancy worldwide, with its incidence and mortality rates
steadily climbing in China.1,2 Timely diagnosis and treatment
significantly impact patient outcomes,3 yet accurately dis-
tinguishing between nodules requiring intervention and
those that do not remains a challenge. Historically, clinical
judgment has guided the assessment of pulmonary nodules,
but this approach has resulted in overtreatment, particularly
with pure ground glass nodules.4 Thus, the imperative to
balance timely intervention with avoiding unnecessary
treatment persists. The emergence of artificial intelligence
(AI) recognition software systems offers promise in swiftly
and precisely identifying lung nodules and assessing their
malignancy potential based on various characteristics and
ancillary data. However, some domestic scholars have
highlighted limitations in sensitivity, specificity, and overall
agreement rates of AI imaging systems, with elevated mis-
diagnosis rates.5 Concurrently, studies have revealed the
detection of lung cancer autoantibodies months to years
prior to cancer diagnosis through imaging modalities. Nota-
bly, research by Trudgen K.6 at the Mayo Clinic in 2014
demonstrated that lung cancer autoantibody profiles could
identify stage I lung cancer and provide early warning signs
of lung cancer symptoms up to 5 years earlier than imaging,
aiding in early detection and risk stratification.6 Neverthe-
less, evolving perspectives on the management of ground
glass nodules underscore the need for refined approaches.
Some experts, following the WHO’s fifth edition of chest
tumor classification, argue that in situ cancer should not be
consideredmalignant and, thus, does not necessitate surgical
resection.7 Proposing a novel strategy, we advocate for
leveraging AI recognition technology to analyze CT features
and predict malignancy probability, integrated with lung
cancer autoantibodies, tumor markers, and other factors, to
establish a predictive model for tumor malignancy and
infiltration depth. Such an approach aims to empower clini-
cians with data-driven insights to make informed treatment
decisions, ultimately enhancing patient outcomes. Hence,
this study was undertaken.

Materials and Methods

Study Design and Population
Retrospective collection and analysis were conducted on
patients who underwent surgery, using Shenrui Medical’s
AI recognition technology combinedwith seven types of lung
cancer autoantibodies for analysis.

Inclusion criteria
All enrolled patients must have chest CT results confirming
the presence of pulmonary nodules without any clinical or
drug intervention; after performing chest CT, clear patho-
logical results proving the presence of benign or malignant
nodules; age �18 years; liver function (values of aspartate
aminotransferase and alanine aminotransferase are below
2.5 times the maximum normal value), renal function, and

heart function are normal; no functional damage to other
major organs; and no other primary malignant tumors.

Exclusion criteria
Those who have undergone chest CT and indeed have
pulmonary nodules but no pathological examination;
patients who have undergone clinical and medication inter-
ventions before undergoing blood sampling; patients with
rheumatic immune-related diseases; severe hemolysis or
high blood lipids �18.75mmol/L, high concentration of
bilirubin �573.5 μmol/L; acute or chronic infection; other
lung metastases from tumors; and have a history of mental
illness.

According to the inclusion and exclusion criteria, a total of
176 cases were included in this study during this time period,
including 67 males and 109 females, with an average age of
60 years and a median age of 61 years. All cases had clear
pathological types and clinical stages, including 40 benign
nodules, 36 preinvasive lesions (8 atypical adenomatous
hyperplasia [AAH], 26 in situ carcinoma), 40 minimally
invasive adenocarcinoma, and 60 invasive adenocarcinoma.
patient CT data were imported into Shenrui Medical’s AI
recognition technology system, automatically calculating
and giving output of the nature, diameter, proportion of solid
components, average CT value, as well as the presence or
absence of features such as lobulation, speculation, pleural
depression, and vascular penetration of pulmonary nodules.
At the same time, the malignancy probability of the nodules
was judged based on the above features and classified as high-
risk nodules if they were greater than 50%. Seven types of
lung cancer autoantibodies and tumor marker values were
collected from the blood samples, mainly, including neuron-
specific enolase (NSE), carcinoembryonic antigen (CEA), cyto-
keratin fragment (CY211), squamous cell carcinoma antigen
(SCC), Pro-Gastrin-Releasing Peptide (Pro-GRP), and vascular
endothelial growth factor (VEGF).

Spiral CT Examination Methods and Artificial
Intelligence Analysis of Pulmonary Nodules
Siemens 64-row CT machine was used for routine chest CT
scanning, with the patient in a supine position and the
scanning range from the apex of the lung to below the
costophrenic angle at the bottom of the lung. All images
were reconstructed through thin-layer postprocessing. pa-
tient CT data were imported into Shenrui Medical’s AI
recognition technology system, automatically calculating
and giving output of the nature, diameter, proportion of
solid components, average CT value, as well as the presence
or absence of features such as lobulation, speculation, pleural
depression, and vascular penetration of pulmonary nodules.
At the same time, the malignancy probability of the nodules
was judged based on the above features and classified
as high-risk nodules if they were greater than 50%.

Detection Methods and Evaluation Criteria for Lung
Cancer Autoantibodies
Peripheral venous blood samples were collected from pre-
operative or preoperative fasting patients, and the serum
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was centrifuged and separated. Enzyme-linked immunosor-
bent assay (ELISA) was used to detect autoantibodies against
proteins encoded by the tumor suppressor gene TP53, PGP9.5
(protein gene product 9.5), SOX2 (sex-determining region Y-
box 2), GAGE7 (G antigen 7), GBU4-5 (RNA helicase-related
antigen 4-5), MAGEA1 (melanoma antigen A1), and CAGE
(cancer-associated gene) in the serum. Normal reference
value range: p53 <13.09 U/mL, PGP9.5 <11.1 U/mL, SOX2
<10.26 U/mL, GAGE7 <14.36 U/mL, GBU4-5 <6.99 U/mL,
MAGEA1 <11.92 U/mL, and CAGE <7.23 U/mL. If the test
result exceeds the reference range, it is judged as positive. If
any test result is positive, it means that the test results for
seven types of lung cancer autoantibodies are judged as
positive.8

Statistical Analysis
For continuous variables that conform to normality and have
uniform variance, an independent sample t-test is used. For
variables that do not conform to normality, a nonparametric
Mann–WhitneyU test is used. For categorical variables, the chi-
square test is used. Univariate analysis was conducted on 21
factors including gender, age, nodule nature, nodule diameter,
CT features, combined detection of lung cancer, CEA, etc. A
p-value <0.05 was considered statistically significant. Data
with statistically significant differences were included in the
results of univariate analysis into multivariate analysis to
identify independent risk factors for pulmonary nodule infil-
tration. a tumor infiltration probability prediction model was
established, receiver operating characteristic (ROC) curves
were drawn, the area under the curve (AUC) was calculated,
the diagnostic cutoff value of the model was determined, and
the sensitivity and specificity of themodel were analyzed. AUC
between 0.5 and 0.7 indicates a low diagnostic value, 0.7 to 0.9
indicates amoderatediagnosticvalue, and>0.9 indicates ahigh
diagnostic value. p-Value �0.05 indicates a statistically signifi-
cant difference. At the same time, in order to prevent false
positive and false negative results and better evaluate the
clinical utility of the prediction model, we drew a clinical
decisioncurveanalysis (DCA). In addition to the internal cohort,
a separate external dataset comprising multiple categories of
lung nodules was used to validate the prediction model.

Results

A cohort of 176 patients was enrolled in the study, stratified
according to the WHO classification criteria. Patients were
categorized into two groups: those with benign or preinva-
sive lesions not necessitating surgical intervention, encom-
passing AAH and adenocarcinoma in situ (AIS); and those
with invasive cancers warranting surgical management,
including microinvasive carcinoma. There were a total of
76 cases in the benign/preinvasive lesion group, including 29
males and 47 females, with an average age of
(56.36�13.325) years. There are a total of 100 cases of
invasive cancer, including 39 males and 61 females, with
an average age of (61.53� 11.298) years. Detailed CT
features, tumor indicators, and the outcomes of seven lung
cancer autoantibodies are summarized in ►Table 1.

Following univariate analysis, significant differences were
observedbetweenthebenign/preinvasive lesiongroupand the
invasive lesion group in several parameters, including age
(p¼0.012), spiculation (p<0.001), pleural depression
(p¼0.005), bronchial inflation sign (p<0.001), lobulation
sign (p<0.001), nodular ground glass (p<0.001), partial
solidity (p¼0.037), AI-predicted malignancy probability
(p<0.001), average CT value (p¼0.043), nodule diameter
(p¼0.038), solidity proportion (p<0.001), VEGF (p¼0.017),
and the seven lung cancer autoantibodies (p<0.001). Con-
versely, no statistically significant differences were noted in
gender (p¼0.91), vacuolar sign (p¼0.429), vascular penetra-
tion (p¼0.168), CEA (p¼0.17), CY211 (p¼0.566), NSE
(p¼0.862), SCC (p¼0.762), and Pro-GRP (p¼0.475).

Multivariate analysis via binary logistic regression revealed
that lobulation sign (p¼0.004), bronchial inflation sign
(p¼0.003), AI-predicted malignancy probability (p<0.001),
nodule nature as partially solid (p<0.001), nodule diameter
(p¼0.001), the proportion of solid (p<0.001), VEGF
(p¼0.008), and seven autoantibodies of lung cancer
(p¼0.002) were independent risk factors affecting the patho-
logical characteristics of lung nodules, as shown in ►Fig. 1.
Based on the results ofmultiple factor analysis, we established
a joint prediction model (group—lobulation signþbronchial
inflation signþmalignant probabilityþpartial solidityþnod-
ule diameterþ solidity proportionþVEGFþ lung cancer
seven joint detections). The formula of this model is logit
(P)¼�8.829þ2.593 � lobed signþ2.055 � bronchial inflation
signþ0.05 � malignant probabilityþ3.274 � partial solid
�1.129 � nodule diameterþ5.936 � solid proportionþ0.008
� VEGFþ1.743 � lung cancer seven joint detections, and
compared with the traditional model (group—lobed signþ
bronchial inflation signþpartial solidityþnodule diameterþ
solid proportionþVEGF). At the same time, AI prediction of
malignant probability, nodule diameter, and solid proportion
areplotted. TheROCcurvesofVEGFandpredictionmodel have
AUCs of 0.760, 0.591, 0.718, 0.605, and 0.946, respectively, as
shown in►Fig. 2. The AUC of the combined prediction model
can reach 0.946 and achieve a sensitivity of 0.80 and a
specificity of 0.86. At the same time, to prevent false positive
and falsenegative results andbetter evaluatetheclinical utility
of the predictionmodel, we plotted the clinical decision curve
DCA, as shown in ►Fig. 3. According to the DCA curve,
compared with the traditional model, the net reclassification
index p-value is less than 0.05, indicating a statistical differ-
ence, specifying that thejointmodel is significantlybetter than
the traditional model. The joint model improved by 0.3432
compared to the traditional model, and the comprehensive
discrimination improvement index p-value is less than 0.05,
indicating a statistical difference. At the same time, we sub-
divided the model validation and evaluated the advantages
and disadvantages of AI prediction of malignancy probability,
seven autoantibodies of lung cancer, and their combination.
According to the DCA curve, the combined model is also
significantly better than AI prediction ofmalignancy probabil-
ity or seven autoantibodies of lung cancerþ traditional mod-
els, as shown in ►Fig. 4, indicating that AI recognition
technology combined with seven autoantibodies of lung
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Fig. 1 Forest plot of multivariate analysis for predicting lung nodule malignancy. The figure illustrates the odds ratios (ORs) with 95% confidence
intervals for the eight independent predictors of malignancy, identified through multivariate logistic regression analysis. The x-axis represents
the ORs on a logarithmic scale, with the red dashed line indicating an OR of 1 (no effect). Larger OR values indicate stronger predictive
power, with significant p-values (<0.05).

Table 1 Univariate analysis of pathological characteristics of pulmonary nodules

Variable name Benign/Preinvasive (n¼76) Invasive (n¼100) Z-value/χ2 p-value

Age 56.36 (47.00, 67.00) 61.53 (55, 70) �2.51 0.012

Gender 0.013 0.91

Female 47 (26.7) 61 (34.7)

Male 29 (16.5) 39 (22.2)

Emphysema sign 19 (10.8) 20 (11.4) 0.626 0.429

Spiculation sign 27 (15.3) 71 (40.3) 22.020 <0.001

Lobulation sign 5 (2.8) 29 (16.5) 13.927 <0.001

Vascular penetration 54 (30.7) 80 (45.5) 1.903 0.168

Pleural retraction 27 (15.3) 57 (32.4) 7.981 0.005

Bronchial inflation sign 5 (2.8) 39 (22.2) 24.208 <0.001

Ground glass opacity 33 (18.8) 12 (6.8) 22.402 <0.001

Part-solid 19 (10.8) 40 (22.7) 4.360 0.037

Malignancy probability 59.237 (18.00, 88.75) 81.91 (82.25, 90.00) �5.956 <0.001

Mean CT value �341.205 (�563.525, �50.875) �251.821 (�495.45, �12.025) �2.021 0.043

Nodule diameter 1.389 (0.725, 1.80) 1.574 (0.8, 2.0) �2.071 0.038

Solid component ratio 0.411 (0.00, 1.00) 0.756 (0.6, 1.0) �5.147 <0.001

Vascular endothelial
growth factor

120.00 (58.518, 151.470) 156.017 (73.98, 206.05) �2.389 0.017

CEA 2.389 (1.483, 2.938) 3.40 (1.560, 3.415) �1.372 0.17

CY211 1.920 (1.335, 2.303) 2.113 (1.310, 2.495) �0.573 0.566

NSE 13.426 (11.615, 14.923) 13.579 (11.735, 14.745) �0.173 0.862

SCC 0.758 (0.50, 0.90) 0.86 (0.5, 1.0) �0.303 0.762

Pro-GRP 37.549 (28.008, 42.933) 37.312 (29.615, 43.6275) �0.714 0.475

Combined detection of
seven lung cancer biomarkers

13 (7.4) 47 (26.7) 17.175 <0.001

Abbreviations: CEA, carcinoembryonic antigen; CYFRA21-1, cytokeratin 19 fragment; NSE, neuron-specific enolase; Pro-GRP, pro-gastrin-releasing
peptide; SCC, squamous cell carcinoma antigen.
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cancer has significant advantages in predicting lung tumor
infiltration.

The external validation of the prediction model was
conducted using a separate dataset comprising 51 cases of
multiple categories of lung nodules. The model performance
was also evaluated using the ROC curve, which yielded an
AUC of 0.856 (►Fig. 5). This indicates a strong discriminatory
ability of the model to distinguish between invasive and
noninvasive lung nodules. The model achieved a sensitivity
of 0.80 and a specificity of 0.86, indicating a well-balanced
performance between correctly identifying invasive nodules
and minimizing false positives.

Discussion

Lung cancer stands as one of the most prevalent malignan-
cies globally. The widespread adoption of chest CT scans has
led to a steady rise in lung cancer detection rates over recent
years. Findings from the 2011 National Lung Screening Trial
underscore the efficacy of low-dose spiral CT in identifying
up to 85% of stage I lung cancer cases, thereby enhancing
patient survival by 20%.9 However, as our comprehension of
lung nodules deepens, concerns regarding overdiagnosis and
overtreatment have gained prominence. Scholars abroad10

have emphasized that the risk of overtreatment arises from
challenges in accurately discerning the invasiveness of lung
cancer. Misclassifying indolent tumors as aggressive ones
can result in unwarranted interventions. Given the ambigui-
ty surrounding pulmonary nodules, there exists controversy
regarding the optimal timing for surgical intervention.11,12

Hence, there is an urgent need to precisely differentiate
between preinvasive and invasive lesions in clinical practice.
Li et al13 developed a model that effectively distinguishes
between different stages of lung adenocarcinomas by inte-
grating CTmorphological features and nodule quantification
parameters, thereby enhancing diagnostic accuracy. While
blood-based tumor markers like CEA, NSE, cytokeratin 19
fragment (CYFRA21-1), Pro-GRP, and SCC are commonly
used in diagnostic evaluations, their limited sensitivity and
specificity restrict their utility as early-stage biomarkers.14

In contrast, lung cancer autoantibodies have emerged as
promising diagnostic indicators, detectable months or even
years before cancer diagnosis through imaging tests.15 This
study endeavors to devise a predictive model leveraging CT
features and seven lung cancer autoantibodies, aided byAI, to
assess the invasiveness of lung cancer tumors.

The investigation unveiled several significant determi-
nants influencing the invasiveness of lung cancer. Among

Fig. 2 ROC curves comparing the predictive power of individual features and the combined prediction model. The ROC curves show the
predictive accuracy of various features and the combined prediction model for distinguishing lung nodule malignancy. The areas under the curve
(AUCs) with 95% confidence intervals (CIs) are provided for each feature. The combined prediction model (red curve) demonstrates the
highest AUC, indicating superior discriminative ability compared to individual features. The diagonal line represents a random classifier
(AUC¼ 0.5). ROC, receiver operating characteristic.
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these factors, the presence of lobulation sign, bronchial
inflation sign, AI-predicted malignancy probability, partial
solid nodule nature, nodule diameter, proportion of solid
components, VEGF, and the presence of seven lung cancer
autoantibodies emerged as independent risk factors. Nota-
bly, the proportion of solid components exhibited thehighest
discriminatory value in evaluating the invasiveness of lung
cancer.

According to relevant studies,16,17 certain conventional
CT features, such as lobulation, spiculation, pleural inden-
tation, and vascular convergence, exhibit significantly
higher frequencies in invasive nodules compared to pre-
invasive ones. However, in the present study, only the
presence of the lobulation sign and bronchial inflation
sign demonstrated statistical significance in predicting
tumor infiltration. Regarding tumor biomarkers, none
showed statistical significance in predicting tumor infiltra-
tion, suggesting their limited capacity in determining
nodule pathology. VEGF, a pivotal angiogenic factor, is
implicated in lung cancer angiogenesis, tumor proliferation,
and metastasis. While VEGF holds diagnostic value for lung
cancer, it lacks associations with tissue type and clinical
staging.18 Among emerging tumor biomarkers, the seven
autoantibodies for early lung cancer diagnosis exhibit nota-

bly higher sensitivity compared to traditional markers.19

Their amalgamation with chest CT enhances the positive
predictive value and diagnostic accuracy of malignant
nodules, reducing the false positive rate of the autoanti-
bodies.20,21 In this study, the seven lung cancer autoanti-
bodies emerged as significantly superior independent risk
factors for predicting lung cancer invasiveness compared to
other tumor markers. With the rapid advancement of
technology, AI has become a cornerstone of technological
progress in various industries, significantly expediting the
medical technology revolution. AI facilitates the intuitive
extraction of pulmonary nodule imaging features and can
predict nodule malignancy probability through specific
algorithms. Nevertheless, some scholars posit22,23 that
while AI can furnish ancillary evidence for clinical diagno-
sis, it cannot wholly replace human judgment.

The external validation results of the prediction model
further reinforce its robustness and clinical utility. Themodel
demonstrated a strong discriminatory ability to distinguish
between invasive and noninvasive lung nodules with an AUC
of 0.856, underscoring its potential application in clinical
settings. The optimal threshold, identified by maximizing
Youden’s Index, provided a well-balanced sensitivity of 0.80
and specificity of 0.86. This balance suggests that the model

Fig. 3 decision curve analysis (dca) for the combined prediction model versus the traditional model. This DCA compares the standardized net
benefit of the combined prediction model (orange line) and the traditional model (blue line) across different high-risk thresholds. The “All”
(gray line) assumes that all patients are treated as having malignant nodules, while the “None” (black line) assumes that no patients are
treated. The combined model shows a higher net benefit than the traditional model across a wide range of threshold probabilities, indicating
superior clinical utility. The x-axis represents the high-risk threshold, and the y-axis represents the standardized net benefit.
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is effective not only in correctly identifying invasive nodules
but also in minimizing false positive results, which is crucial
for reducing unnecessary interventions and optimizing pa-
tient management. These findings highlight the model’s
potential for aiding clinical decision-making, particularly
in scenarios where accurate risk stratification is critical. By
integrating AI with CT features and lung cancer autoantibody
detection, the model offers a novel, data-driven approach to
assessing lung nodule invasiveness, thereby enhancing diag-
nostic precision and supporting personalized treatment
strategies. Future research should focus on expanding the
dataset and conducting further external validations to en-
sure the model’s generalizability and to refine its predictive
capabilities across diverse patient populations.

Conclusion

This combined approach of AI-based CT features analysis
with lung cancer biomarkers provides a more accurate and
clinically useful tool for guiding treatment decisions in
pulmonary nodule patients. Further studies with larger
cohorts are warranted to validate these findings across
diverse patient populations.

Fig. 4 decision curve analysis (dca) comparing various predictive models for lung nodule malignancy. This DCA evaluates the standardized net benefit of
four predictive models across different high-risk thresholds: the combined prediction model (orange line), the traditional model (blue line), the traditional
model combined with AI-predicted malignancy probability (green line), and the traditional model combined with the detection of seven lung cancer
biomarkers (purple line). The “All” (gray line) assumes that all patients are treatedas havingmalignantnodules,while the “None” (black line) assumes thatno
patients are treated. The combined model consistently provides the highest net benefit across a wide range of threshold probabilities, indicating superior
clinical utility. The x-axis represents the high-risk threshold, and the y-axis represents the standardized net benefit. AI, artificial intelligence.

Fig. 5 ROC curve for external validation of the prediction model. The
ROC curve represents the performance of the prediction model in
distinguishing between invasive and non-invasive lung nodules using
an external validation dataset of 51 cases. The model achieved an AUC
of 0.856, indicating strong discriminatory power. The model’s
sensitivity was 0.80, and its specificity was 0.86. The diagonal line
represents a random classifier (AUC¼ 0.5). AUC, area under the curve;
ROC, receiver operating characteristic.
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