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ABSTRACT
Objective: Non-small cell lung cancer (NSCLC) patients often experience significant fear of recurrence. To facilitate precise identification and appropriate management of this fear, this study aimed to compare the efficacy and accuracy of a Backpropagation Neural Network (BPNN) against logistic regression in modeling fear of cancer recurrence prediction. Methods: Data from 596 NSCLC patients, collected between September 2023 and December 2023 at the Cancer Hospital of the Chinese Academy of Medical Sciences, were analyzed. Nine clinically and statistically significant variables, identified via univariate logistic regression, were inputted into both BPNN and logistic regression models developed on a training set (N = 427) and validated on an independent set (N = 169). Model performances were assessed using Area Under the Receiver Operating Characteristic (ROC) Curve and Decision Curve Analysis (DCA) in both sets. Results: The BPNN model, incorporating nine selected variables, demonstrated superior performance over logistic regression in the training set (AUC = 0.842 vs. 0.711, p < 0.001) and validation set (0.7 vs. 0.675, p < 0.001). Conclusion: The BPNN model outperforms logistic regression in accurately predicting fear of cancer recurrence in NSCLC patients, offering an advanced approach for fear assessment.
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Background

The Global Cancer (GLOBOCAN) 2020 report by the WHO’s International Agency for Research on Cancer (IARC) highlights the increasing prevalence of cancer worldwide, with lung cancer being a major contributor to global cancer incidence and mortality. In 2020, lung cancer accounted for approximately 2.2 million new cases and 1.8 million deaths [1]. Non-small cell lung cancer (NSCLC) represents about 80% of primary malignant lung cancers [2]. Despite advancements in surgical techniques improving the 5-year survival rates for lung cancer patients [3], a significant proportion still faces the risk of postoperative recurrence and metastasis, resulting in considerable psychological distress [4,5].

This psychological burden, predominantly manifesting as Fear of Cancer Recurrence (FCR), is a prevalent concern among NSCLC patients, especially those in early stages post-surgery [6]. FCR affects not only the patients’ quality of life and survival duration but also has broader implications on healthcare resource utilization and compliance with medical treatments [7,8]. The National Comprehensive Cancer Network (NCCN) and other health organizations recognize the importance of addressing psychological issues in cancer care.

Hope theory suggests that fostering positive psychology in individuals can help them unlock their potential, build confidence and hope for the future, promote personal growth in a positive direction, and mitigate the negative effects of adverse events [9], Our previous study has shown that the FCR in lung cancer patients is negatively correlated with the level of hope, and FCR may trigger negative emotions such as tension and anger, which may affect the quality of life of patients and even develop into psychosomatic disorders, and this emotional state may reduce the level of hope of patients and make them pessimistic about the outcome of treatment [10].

Social support refers to a network of close relatives or friends who can assist patients during their illness [11]. Social support not only provides emotional support and financial assistance but also encourages patients to adopt a positive attitude towards treatment. Through social support, patients can effectively reduce negative stress and FCR caused by various adverse situations, enhance psychological resilience, and promote overall physical and mental health [12]. At the same time, studies have shown that the FCR scores of lung cancer chemotherapy patients are significantly negatively correlated with the social support scores, and social support, as a material and spiritual pillar, is conducive to patients’ positive and optimistic treatment of their illnesses, and this kind of support may help patients to better cope with difficulties in the course of treatment and to reduce the fear of recurrence of the disease [13], Research has also shown that there is a significant nonlinear dose-response relationship between social support, levels of hope, and FCR, indicating that these factors can influence each other [14]. Therefore, this study included the Hope Scale and the Social Support Scale to further explore their predictive effects on the FCR model.

Previous literature provides ample insight into factors predicting FCR in lung cancer patients. However, traditional predictive models like logistic regression often fail to capture the intricate relationships influencing FCR. To address this gap, our study employs the Backpropagation Neural Network (BPNN), an advanced method derived from artificial neural networks (ANN). BPNN’s self-organizing, self-learning, and adaptive features enable the effective identification of complex non-linear relationships between variables [15]. This approach offers a comprehensive understanding of FCR predictors and surpasses traditional methodologies in predicting the psychological state of NSCLC patients [16,17].

Our research aims to establish a BPNN-based predictive model for FCR in NSCLC patients. This innovative approach promises to enhance the precision of individual predictions, allowing healthcare professionals to develop targeted prevention and intervention strategies for patients at risk of FCR. By integrating this novel method into the realm of cancer care, our study seeks to contribute significantly to the field, promoting the application of artificial intelligence in medical practice.

Subjects and methods

Study participants

To ensure the accuracy and generalization ability of the Back propagation Neural Network (BPNN) model, we followed Hecht-Nielsen’s (1987) guideline, which suggests that the sample size should be at least ten times the number of network weights. For our study, we expect to include 8 input variables, 5 neurons in the hidden layer, and 1 output neuron. The total number of weights W = (n × h) + (h × m) + h + m is calculated to be 51, thus, the minimum required sample size is N ≥ 510, To account for a potential 10% questionnaire loss rate, we adjust the sample size to be at least 567.

This study adopted a cross-sectional survey design, consecutively enrolling 616 patients who underwent surgical treatment for non-small cell lung cancer (NSCLC) at the Cancer Hospital of the Chinese Academy of Medical Sciences from September 2023 and December 2023. Inclusion criteria were: (1) age ≥18 years; (2) intraoperative frozen pathology confirming NSCLC; (3) informed consent and willingness to participate in the survey; (4) patients being aware of their diagnosis; (5) clear consciousness without communication barriers. Exclusion criteria were: (1) presence of other severe physical or psychological diseases; (2) cognitive impairment or mental illness; (3) language communication or comprehension barriers. This study was approved by the Ethics Committee of the Cancer Hospital of the Chinese Academy of Medical Sciences (approval number: 23/179–3921).

Research methods

Survey tools

General data questionnaire

Designed by the researchers, it includes demographic and clinical data such as age, gender, educational level, long-term residence, average monthly family income, method of medical expenses payment, presence of children, whether children are adults, chemotherapy status, etc. The categorization of the elderly population is based on the National Health Commission reports to align with the demographics of the Chinese population.

Fear of progression questionnaire-short form (FoP-Q-SF)

Developed by Mehnert et al. [18] and translated into Chinese by Wu et al. [19]. This unidimensional scale consists of 12 items, with a score range of 12–60. A score >34 indicates psychological dysfunction. The Chinese version correlates well with the original (correlation coefficients range from 0.578 to 0.712), and has a good reliability with a Cronbach’s α coefficient of 0.883.

Herth hope index (HHI)

Developed by Herth [20] and adapted for Chinese patients by Zhao [21], HHI is widely used to measure hope levels in cancer patients. It comprises 12 items distributed across three subscales. The total score ranges from 12 to 48, with higher scores indicating higher levels of hope.

Social support rating scale (SSRS)

Developed by Xiao et al. [22], this scale has 10 items across three dimensions: objective support, subjective support, and social support utility. It is scored on a 4-point Likert scale, with higher scores indicating better social support. The scale has shown good reliability and validity.

Hope levels and social support, measured by the Herth Hope Index (HHI) and Social Support Rating Scale (SSRS), were included in this study not only because they are significant factors influencing FCR according to previous research, but also because they involve complex interactions and nonlinear relationships with FCR [14]. Neural network models like the Backpropagation Neural Network (BPNN) are particularly adept at handling these complexities. By integrating these variables into the BPNN model and comparing its performance with the traditional logistic regression model, we aimed to develop a more accurate and robust model for predicting FCR, ultimately improving patient care and management.

Survey methods

An electronic questionnaire survey was conducted using the “Wenjuanxing” platform. Researchers distributed the electronic questionnaires to post-surgery lung cancer patients who met the inclusion criteria. Data collectors received online training, which covered the study’s purpose and significance, the questionnaire and scale content, data collection methods, and precautions. Before the survey, each data collector explained the study’s purpose and significance to respondents in a uniform teaching language. The questionnaire’s introduction page provided standardized instructions, informing participants about the study’s anonymity, voluntary nature, lack of right or wrong answers, and privacy protection strategies. Participation was entirely voluntary and decided by the respondents.

The questionnaire settings allowed only one submission per IP address, with questions presented in a paginated format and marked as mandatory. To prevent interference among patients in the same ward, the questionnaires were completed separately. Survey distributors provided explanations for any questions that patients found difficult to understand. For patients with poor vision, caregivers completed the questionnaire based on the patients’ responses. Data were double-checked and exported through Excel. Out of 616 distributed questionnaires, 11 were excluded due to a completion time of less than 180 s, 3 for identical answers to all questions, and 6 from patients who had received preoperative neoadjuvant therapy. This resulted in 596 valid questionnaires, with an effective response rate of 96.8%. After collection, clinical data were verified and supplemented by cross-referencing with medical records from the hospital’s HIS information system to ensure accuracy.

Statistical methods

Statistical analysis was conducted using SPSS 25.0 software. Demographic data were presented in frequencies and percentages. Univariate logistic regression analysis was employed for group comparisons, with a significance level set at p < 0.05 (two-sided). The BPNN model was built using a multilayer perceptron and ranked variables for importance. The number of nodes in the hidden layer of the BPNN model was determined through a trial method, selecting the number that minimized the difference between output and actual values. The model was used to classify and predict cancer recurrence fear based on general data, disease-related factors, and socio-psychological factors. The performance of logistic regression and neural network models was assessed using the area under the ROC curve and Decision Curve Analysis (DCA). Comparison of the AUC for both models was conducted using the paired AUC comparison method, i.e., the DeLong test.

Results

General information of study participants

Among the 596 postoperative NSCLC patients, 40% were male with an average fear score of 28.16 ± 10, and 60% were female with a fear score of 30.57 ± 8.57, indicating a significantly higher fear of recurrence in females. Patients aged 18–35 years (8% of the cohort) had a fear score of 33.13 ± 8.33, those aged 36–60 years (59%) had a score of 30.68 ± 9.07, and those aged over 60 years (33%) scored 26.88 ± 9.13. ANOVA results showed younger patients had significantly higher fear levels. Other clinical and psychosocial factors, such as lower educational levels, having underage children, undergoing chemotherapy, and lower levels of hope, were significantly associated with higher fear levels. Detailed data are presented in Table 1.
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Logistic regression analysis of fear of recurrence in NSCLC patients

Thirty clinical, pathological, and psychosocial indicators, including age, gender, disease duration, surgical technique, and level of hope, were analyzed using univariate logistic regression. Gender, age, monthly family income, whether children were adults, level of hope, and social support intensity showed statistically significant impacts on fear levels. These significant factors, along with clinically meaningful indicators from the ANOVA, were incorporated into a multivariate logistic regression model. Etailed data are presented in Table 2.
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Construction of risk prediction model for postoperative fear of recurrence in NSCLC patients

Eight indicators identified as significant in ANOVA, logistic regression analysis, and clinical assessment were selected for constructing logistic prediction and BPNN models. The factors included gender, age, educational level, long-term residence, monthly family income, whether children were adults, level of hope, and social support intensity. In the BPNN model, fear of recurrence compensation was included in the output layer (No = 0, Yes = 1), with the aforementioned eight predictive variables in the input layer. A three-layer BP network was determined as most suitable for the model due to its capability for non-linear mapping and relatively short training time. Neural network nodes in the hidden layer were incrementally added, with weights adjusted systematically, selecting the number of nodes when the model reached optimum performance.

The importance scores of variables in the BPNN model were ranked and are presented in Table 3. A higher score indicates a greater influence of the corresponding variable on the model’s classification. The results showed that the level of hope, whether children were adults, social support, and family monthly income had a higher contribution to the model’s classification.
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Comparison of predictive results between logistic regression and BPNN models

Comparisons between the logistic regression and BPNN models are listed in Table 4. In the training set, the logistic regression model had an AUC of 0.726 (95%CI 0.676–0.775), and the BPNN model had an AUC of 0.823 (95%CI 0.782–0.865), with BPNN significantly outperforming logistic regression (p < 0.001). In the validation set, the logistic regression model had an AUC of 0.711 (95%CI 0.630–0.792), and the BPNN model had an AUC of 0.843 (95%CI 0.778–0.907), again with BPNN showing significantly superior predictive performance (p < 0.001) (See Fig. 1 for details). DCA curve analysis revealed that the BPNN model provided greater clinical intervention benefits at various thresholds compared to logistic regression (See Fig. 2 for details).
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Figure 1: (A) ROC for training set; (B) ROC for testing set.

[image: images]

Figure 2: (A) DCA curve in training set; (B) DCA curve in testing set.

Discussion

Importance ranking of variables in the BPNN model

After a comprehensive literature review and subsequent logistic regression analysis, this study ultimately incorporated 8 significant variables into the model, based on general demographic and clinical data related to factors affecting FCR.

The relative importance scores of variables in the BPNN model indicate that the level of hope, whether children are underage and social support are much more significant than other factors such as gender, monthly income, levels of education, residence and age. Thus, this discussion will focus primarily on hope level, whether children are adults and social support.

Hope level as a significant influencing factor in cancer recurrence fear modeling

This study utilized the BPNN method to rank the importance of various factors in predicting the fear of recurrence in NSCLC patients. The analysis revealed that the level of hope had the highest importance score (0.418, normalized importance of 100%). This indicates that among all factors examined, the level of hope has the strongest predictive power for fear of recurrence. This is consistent with our previous research, which found that as levels of hope increase, they can transform into a protective factor, thereby reducing FCR. At this point, hope transitions from a risk factor to a protective factor, effectively lowering FCR levels. Moreover, no significant saturation effect was observed with the increase in hope levels [14].

Univariate analysis confirmed that the level of hope is an independent influencing factor for recurrence fear, consistent with previous research findings [23]. Hope is a positive motivational state, where higher levels of hope in patients are associated with lower levels of fear. Increased hope enhances patients’ belief and capability to combat cancer recurrence and strengthens their confidence in overcoming the disease. This aligns with findings reported in the literature [24]. Therefore, healthcare providers and family members should assist patients in enhancing their levels of hope, eliminating negative emotions, and establishing positive goals. For example, increasing patients’ levels of hope can be achieved through communication with cured patients, dissemination of new treatment methods, and sharing survival rates. This support is aimed at fostering an optimistic outlook towards the future, increasing patients’ self-acceptance, and bolstering their confidence in overcoming the disease.

Whether children are adults as a significant influencing factor in cancer recurrence fear modeling

The adulthood status of children ranks second only to hope level in importance among included factors, with an importance score of 0.171 (normalized importance of 41%). Univariate analysis shows that whether children are adults is an independent influencing factor for recurrence fear, consistent with previous research findings [25]. Patients with minor children experience higher levels of fear; they worry about potential disease recurrence, the timing of such recurrence and metastasis, and the availability of better treatment options thereafter. Primarily, their foremost concern following recurrence or metastasis is who will care for their underage children. Additionally, the inability to work normally during treatment and the significant financial burden it places on families heighten their concerns about the future costs of living and education for their children. Therefore, it is crucial for healthcare providers to pay more attention to this group, offering timely counseling, informing them about advanced treatment technologies, and devising more scientific and reasonable nursing measures. When choosing a treatment plan, the patient’s personal wishes should be respected. Efforts should be made to reduce the economic burden on patients and their families without compromising the effectiveness of the treatment. Moreover, mobilizing a robust social support system can provide substantial emotional and material support to patients and their children, alleviating fears associated with the caregivers’ illness and underage children.

Social support as a significant influencing factor in cancer recurrence fear modeling

Social support ranks third in importance among the factors considered, with an importance score of 0.13 (normalized importance of 31.2%). Patients with high levels of social support typically enjoy harmonious relationships with family, colleagues, and friends and can receive comfort, help, and care from various channels and community or organizational support, which contributes to lower levels of recurrence fear. Conversely, patients with lower social support levels may worry more about the lack of family and friends’ support and companionship if the cancer recurs. They fear being left without care and support for their future life, leading to higher levels of fear [26]. Therefore, it is recommended to mobilize a strong social support system, including healthcare professionals, family members, friends, and various social charitable organizations, to provide patients with more emotional and material comfort, encouragement, and support. This can enhance their confidence in overcoming the disease and reduce their fear of recurrence both now and in the future.

Predictive efficacy of the NSCLC postoperative fear of recurrence model

The study results indicate that the BPNN prediction model outperforms the logistic regression model. In the training set, the BPNN model achieved an Area Under the Curve (AUC) of 0.823 (95%CI: 0.782–0.865), which is superior to the logistic regression model’s AUC of 0.726 (95%CI: [insert CI here]). In the validation set, the BPNN model again showed better performance with an AUC of 0.843 (95%CI: 0.778–0.907), compared to the logistic regression model’s AUC of 0.711 (95%CI: 0.630–0.792). Across both training and validation sets, the BPNN model consistently demonstrated a larger area under the curve than the logistic regression model, exhibiting robust predictive capabilities and good calibration. These results suggest that the BPNN model, which leverages the flexibility of simulating human brain processes, has clinical significance and provides a more accurate prediction of recurrence fear in NSCLC patients. It effectively identifies the levels of FCR in early-stage NSCLC patients and is operable for practical use. Given its high level of recognition ability and precise data fitting advantages, the BPNN model can accurately screen patients at risk of recurrence fear. Overall, the BPNN model slightly outperforms our logistic regression model, making it a valuable tool in clinical settings.

Clinical implications

FCR, a prevalent concern among patients with lung cancer, often leads to anxiety and depression. This emotional burden can disrupt communication with others, reducing social support and creating a vicious cycle that further exacerbates psychological distress [27]. Despite most participants in our study being diagnosed with early-stage non-small cell lung cancer, which typically has a lower recurrence risk, the mere diagnosis of cancer significantly overshadows details such as tumor stage or size. This overwhelming fear of recurrence persists throughout the treatment and survival journey, underscoring the need for precise prediction and timely intervention. Such measures are crucial not only for alleviating immediate psychological distress but also for breaking the cycle of reduced social support and communication barriers, thereby restoring both physiological and psychological quality of life.

The adoption of neural network models marks a significant advancement in refining the prediction of fear of recurrence, steering towards a more precise and individualized approach. These models, by incorporating time-dependent indicators like social support levels, enable ongoing assessments, thereby facilitating real-time monitoring of patients’ mental health. This dynamic approach not only aids in identifying patients who would benefit most from psychological interventions but also allows for constant evaluation of the effectiveness of these interventions. Adjustments in the strategies and intensity of interventions can be made in response to real-time feedback, significantly enhancing patient care. This method’s extensive clinical applicability could revolutionize how fear of recurrence is managed, although its implementation may pose challenges, including the need for robust data infrastructure and training for healthcare providers in interpreting complex model outputs.

Limitations

Our study has several limitations. First, the data used was sourced from a single-center sample at the Thoracic Surgery Department of the Chinese Academy of Medical Sciences Cancer Hospital. Future studies could enhance the generalizability of our model through multicenter, large-sample surveys. Second, our study included nine predictive factors; future research could incorporate data and insights from multiple centers to identify additional significant factors and decisive outcomes.

Conclusion

This study reveals that the majority of NSCLC patients experience FCR. We identified nine statistically significant and clinically relevant predictive factors for FCR through univariate logistic regression analysis, including hope levels, whether children are adults, social support, and average family monthly income. Additionally, this study provides a proof of concept for using the Backpropagation Neural Network (BPNN) as a predictive model for FCR in NSCLC patients, which was compared with the traditional logistic regression prediction model. The results demonstrate that the BPNN model enhances the accuracy of individual predictions. Our research lays a theoretical foundation for AI-assisted prediction of risk factors associated with FCR. The BPNN model, built on nine relatively common risk factors, is easier to implement in routine clinical practice compared to more complex methods, making its results more generalizable.
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TABLE 1

Baseline characteristics

Variables Number Percentage Mean SD t/F P

Gender
Male 239 40% 28.16 10.008 9.92 0.002
Female 357 60% 30.57 8.574

Age
18-35 45 8% 33.13 8.33 14.923 0
36-60 353 59% 30.68 9.065
>60 198 33% 26.88 9.131

Number of surgeries
First 571 96% 29.68 9.16 0.996 0.319
Second 25 4% 27.8 11.045

Course classification
0-12 months 463 78% 29.46 9.204 0.295 0.745
13-36 months 93 16% 29.97 9.666
>36 months 40 7% 30.45 8.855

Number of lesions
A single 319 54% 29.3 9.592 0.73 0.393
Multiple 277 46% 29.95 8.831

Surgical modality 0%
Thoracotomy 17 3% 33.06 12.301 2.448 0.118
Thoracoscopy 579 97% 29.5 9.133

Smoking
Yes 108 18% 28.54 11.004 1.765 0.184
No 488 82% 29.84 8.803

Education level
Junior high school or below 144 24% 27.9 10.684 3.403 0.034
High school grad 112 19% 29.77 9.034
College graduate or above 340 57% 30.28 8.567

Ethnicity
Han nationality 553 93% 29.42 9.139 3.12 0.078
Ethnic minorities 43 7% 32 10.319

Religion
Yes 26 4% 32.35 12.006 2.395 0.122
No 570 96% 29.48 9.092

Place of residence
City 426 71% 28.96 8.852 4.64 0.01
Villages and towns 131 22% 31.76 9.382
Rural 39 7% 29.41 11.823

Occupation
Worker 50 8% 30.4 10.091 1.817 0.094
Technical personnel 66 11% 31.09 8.32
Farmer 48 8% 29.25 12.05
Businessmen or self-employed workers 38 6% 30.74 9.117
Administrative staff 114 19% 31.15 7.967
Health care workers 27 5% 28.93 8.548
Unemployed or retired 253 42% 28.34 9.227

Monthly income
<3000¥ 99 17% 31.34 10.222 3.702 0.012
3000-5000¥ 196 33% 30.58 9.306
5001-10,000¥ 182 31% 28.24 8.776
>10,000¥ 119 20% 28.65 8.654

Medical payment method
Own expense 35 6% 31.17 10.133 1.294 0.275
Public expense 53 9% 28.02 8.464
Medical insurance 508 85% 29.66 9.253

Type of pathology
Squamous cell carcinoma 40 7% 31.48 11.041 0.952 0.387
Adenocarcinoma 554 93% 29.46 9.112
Large cell carcinoma 2 0% 32 2.828

T stage
0 88 15% 30.18 7.963 0.3 0.878
1 416 70% 29.64 9.512
2 78 13% 28.79 8.873
3 13 2% 29.15 11.589
4 1 0% 34

N stage
0 559 94% 29.65 9.193 0.118 0.889
1 13 2% 28.85 10.691
2 24 4% 28.92 9.978

M stage
0 593 99% 29.6 9.233 0.019 0.891
1 3 1% 30.33 13.614

Neoadjuvant therapy
Yes 21 4% 31.29 9.519 0.719 0.397
No 575 96% 29.54 9.236

Preoperative tumor markers
Normal or unchecked 441 74% 29.91 8.968 1.859 0.173
Abnormal 155 26% 28.74 9.966

Family history
Yes 167 28% 29.78 9.599 0.081 0.776
No 429 72% 29.54 9.113

Marital status
Unmarried 20 3% 329 9.008 1.322 0.267
Married 546 92% 29.5 9.244
Divorced 30 5% 29.3 9.285

Whether you have children
Yes 566 95% 29.45 9.275 3.108 0.078
No 30 5% 32.5 8.254

Whether the child is an adult
The children are all adults 434 73% 28.7 9.35 5.223 0.001
Children are partially adults 30 5% 32.07 8.44
All underage 102 17% 31.87 8.694
Childless 30 5% 325 8.254

Living alone
Yes 153 26% 29.57 9.476 0.003 0.954
No 443 74% 29.62 9.173

Comorbidities
Yes 209 35% 28.72 9.065 2.98 0.085
No 387 65% 30.09 9.315

Chemotherapy
Yes 47 8% 32.81 9.733 6.179 0.013
No 549 92% 29.33 9.158

Radiotherapy
Yes 13 2% 34 10.638 3.013 0.083
No 583 98% 29.51 9.197

Herth hope index
24-35 72 12% 36.43 9.653 48.18 0
36-48 524 88% 28.67 8.79

Social support rating scale
No 10 2% 33.1 11.15 1.454 0.228
Yes 586 98% 29.55 9.208

Note: Source: The duration from the discovery of the lesion to its surgical removal. #/F: f statistic for comparison between 2 groups, F statistic
for comparison among three groups or more. SD: standard deviation. Number of Surgeries: Indicates the number of times a patient has
undergone lung nodule resection surgery, including initial and subsequent surgeries due to multiple primary lung cancers.
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TABLE 3

Variable importance

Variables Importance Normalized
importance

Gender 0.025 6.00%

Age 0.088 20.90%

Levels of education 0.041 9.90%

Residence 0.051 12.20%

Monthly income 0.076 18.20%

Whether children are 0.171 41.00%

underage

Hope index 0.418 100.00%

Social support 0.13 31.20%
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TABLE 4

Area under ROC curve

ROC

Training set (95%CI)

Testing set (95%CI)

Logistics
BPNN

p value

0.726 (0.676-0.775)
0.823 (0.782-0.865)
<0.001

0.711 (0.630-0.792)
0.843 (0.778-0.907)
<0.001
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TABLE 2

Logistic regression analysis

Univariate analysis Multivariate analysis
Variables P Crude OR  95%CI 95%CI P Adjusted  95%CI 95%CI
value lower upper value OR lower upper
Gender
Male
Female 0.02 1.516 1.066 2.156 0.067 0.698 0.475 1.026
Age
18-35
36-60 0.294 0.716 0.384 1.336 0.067 2.395 0.941 6.098
>60 0.003 0.366 0.187 0.715 0.004 1.98 1.243 3.156
Number of surgeries
First
Second 0.863 1.076 0.467 2.48
Course classification
0-12 months
13-36 months 0275 1.292 0.816 2.047
>36 months 0217 1.512 0.785 2915
Number of lesions
A single
Multiple 0245 1.222 0.871 1.715
Surgical modality
Thoracotomy
Thoracoscopy 0.27  0.58 0.22 1.527
Smoking
Yes
No 0.797 1.06 0.681 1.647
Education level
Junior high school or below
High school grad 0.879 1.042 0.613 1.771 0.612 1.164 0.647 2.094
College graduate or above 0.271  1.263 0.833 1.914 0.323  1.322 0.76 2.3
Ethnicity
Han nationality
Ethnic minorities 0.086 1.73 0.926 3.231
Religion
Yes
No 0.201  0.597 0.271 1.316
Place of residence
City
Villages and towns 0.391 1.195 0.795 1.796 0.741 0924 0.578 1.477
Rural 0.746 1.12 0.565 2221 0.875 0.936 0.41 2.134
Occupation
Worker
Technical personnel 0.947  0.975 0.46 2.066
Farmer 0494 0.75 0.329 1.711
Businessmen or self-employed 0.579 0.78 0.324 1.875
workers
Administrative staff 0.949 0.978 0.496 1.929
Health care workers 022 0.525 0.187 1.471
Unemployed or retired 0.207  0.669 0.358 1.25
Monthly income
<3000¥
3000-5000¥ 0.305 0.773 0.473 1.264 0.046 2.039 1.011 4.109
5001-10,000¥ 0.009 0.507 0.304 0.846 0316 1.325 0.764 2.298
>10,000¥ 0.081 0.611 0.351 1.063 0.906 0.967 0.555 1.684
Medical payment method
Own expense
Public expense 0.447  0.708 0.291 1.723
Medical insurance 049  0.781 0.388 1.575
Type of pathology
Squamous cell carcinoma
adenocarcinoma 0.263 0.689 0.359 1.322
Large cell carcinoma 0.835 1.353 0.079 23.199
T stage
0
1 0.959 1.013 0.624 1.645
2 0918 0.967 0.507 1.842
3 0.757 1.208 0.364 4.016
4 1 3123251363 0
N stage
0
1 0.758 0.83 0.252 2.729
2 0.323 0.622 0.243 1.593
M stage
0
1 0273  3.842 0.346 42.629
Neoadjuvant therapy
Yes
No 0.568 1.323 0.505 3.463
Preoperative tumor markers
Normal or unchecked
Abnormal 0215 0.779 0.526 1.156
Family history
Yes
No 0.623 0911 0.626 1.324
Marital status
Unmarried
Married 0.596 0.781 0.314 1.945
Divorced 0.631 0.75 0.232 2.424
Whether you have children
Yes
No 0.508 1.288 0.608 2.73
Whether the child is an adult
The children are all adults
Children are partially adults 0.327 1.461 0.684 3.118 0.964 0.977 0.363 2.632
All underage 0.015 1.73 1.114 2.687 0.907 0.929 0.27 3.198
Childless 0.327 1.461 0.684 3.118 0.502 1.386 0.534 3.596
Living alone
Yes
No 0.941 0.986 0.67 1.451
Comorbidities
Yes
No 0.214 1.256 0.877 1.798
Chemotherapy
Yes
No 0.222  0.686 0.375 1.256 0.078 0.538 0.27 1.071
Radiotherapy
Yes
No 0.372 0.605 0.2 1.823
Hope level
0.000 0.846 0.807 0.887 0.000 0.495 0.399 0.615
Social support
0.004 0.963 0.938 0.988 0.65 0.956 0.785 1.163

Note: Course: The duration from the discovery of the lesion to its surgical removal. Number of Surgeries: Indicates the number of times a
patient has undergone lung nodule resection surgery, including initial and subsequent surgeries due to multiple primary lung cancers.
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