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Purpose: Patients with non-small cell lung cancer (NSCLC) complicated by malignant pleural effusion (MPE) face a dismal
prognosis. Existing biomarkers (eg, VEGF, CEA) show limited sensitivity, while nutritional indices (eg, PNI) are emerging as
prognostic factors. This study aimed to develop a novel nomogram integrating lipid metabolism and nutritional indices to predict
survival in NSCLC-MPE patients.

Methods: Multicenter retrospective cohort study enrolling patients with confirmed NSCLC combined with MPE who underwent
thoracentesis from 2018 to 2024 from each of two centers. Univariate, multifactorial Cox regression analysis was used to identify five
key clinical variables, and a nomogram model was developed. The predictive accuracy of the model was evaluated by calculating the
area under the curve of the work characteristics of the recipients.

Results: A total of 250 patients with NSCLC combined with MPE were analyzed in this study, 195 in the training group and 55 in the
validation group. The multifactorial COX test showed an interaction between ECOG PS, pleural lactate dehydrogenase (LDH),
T stage, low/high-density lipoprotein cholesterol concentration ratio (LHR), and prognostic nutritional index (PNI). At 1, 2, and 3
years, the area under the curve (AUC) values were 0.899, 0.808, and 0.748 for the training set and 0.899, 0.798, and 0.669 for the
validation set, respectively.

Conclusion: MPE carries a poor prognosis for NSCLC patients, and the clinical prediction model we constructed shows good
promise in predicting OS in this patient, which can assist direct the selection of optimal treatment strategies.

Keywords: non-small cell lung cancer, malignant pleural effusions, prediction model, survival analysis, prognostic nutritional index

Introduction
MPE is mainly seen in malignant pleural mesothelioma (MPM) originating in the pleura and secondary to metastatic
tumors elsewhere, mainly including lung cancer and breast cancer.' Studies have shown that the presence of MPE in lung
cancer patients implies a inadequate prognosis, and the average duration of survival after diagnosis ranges from 3 to 12
months depending on the cell type, while NSCLC makes up approximately 85% of all lung cancers, so accurate
prediction of the prognosis of patients with NSCLC in combination with MPE is particularly important for the
development of personalized treatment strategies for patients with NSCLC.>>

Current treatments for NSCLC patients with combined MPE include expectant therapy, pleural cavity puncture
drainage, pleural fixation, pleurodesis, and other local treatments in addition to antitumor therapy.* A good prognostic
assessment of patients with NSCLC combined with MPE can lead to different treatment options, such as therapeutic
thoracentesis drainage to alleviate symptoms such as dyspnea for patients with a shorter life expectancy. For patients with
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a longer life expectancy, tunneled chest drain implantation or pleural fixation can be used to improve quality of life. To
predict the survival time of MPE patients, many researchers have long developed several prediction models, such as the
LENT score and the PROMISE score. Among them, the LENT score, which categorizes patients into low-risk,
intermediate-risk, and high-risk groups through risk stratification (with median survival times of 319, 130, and 44
days, respectively), is a simple and effective tool for predicting the survival of patients with MPE.> The PROMISE score,
a prospectively validated prognostic model for MPE, accurately estimates 3-month mortality and is specifically designed
for patients with a confirmed diagnosis of MPE who are scheduled to undergo pleural surgery.® The LENT and
PROMISE scoring systems exhibit limitations when evaluating patients across different cancer types, as they overlook
the biological specificity of distinct tumors, primarily predict short-term survival, offer limited prognostic value for long-
term survival in NSCLC patients, and lack universal molecular biomarkers, consequently providing only generalized
information.

Nevertheless, molecular biomarkers have fundamentally reshaped the entire diagnostic and therapeutic workflow for
NSCLC, serving as the core engine of precision medicine.” In diagnosis, the tertiary lymphoid structure that predicts
immune efficacy transcends tissue and staging limitations, enabling new possibilities for early screening and treatment
response prediction.® For treatment decisions, molecular subtyping directly guides individualized plans, matching driver
genes such as EGFR, ALK, and ROSI with targeted therapies.”'® In prognosis and management, liquid biopsy
technology dynamically monitors ctDNA, allowing real-time assessment of treatment efficacy and resistance develop-
ment, thereby propelling NSCLC precision medicine to a higher level.'" '

Therefore, to provide a more accurate estimate of individualized survival probability, the objective of this study is to
create a novel prognostic model utilizing clinical data and laboratory indicators, with the goal of assisting clinicians in
formulating more informed and effective treatment plans.

Methods
Study Population

This is a multicenter retrospective cohort study with a study population consisting of two datasets: a training set and an
external validation set. The training set was selected from Zhejiang Provincial People’s Hospital, and the validation set
was selected from the Second Hospital Affiliated to Zhejiang University of Traditional Chinese Medicine. We included
patients hospitalized between January 2016 and May 2023 for NSCLC combined with MPE. Inclusion criteria: (1)
patients with confirmed NSCLC confirmed by biopsy or pathology; (2) first presentation of pleural effusion; and (3)
cytologic confirmation of the presence of MPE, pleural biopsy findings, or histologically confirmed metastatic disease.
Exclusion criteria: (1) patients with NSCLC without histological confirmation; (2) failure of follow-up immediately after
thoracic drainage; (3) presence of a second primary tumor; and (4) A comprehensive medical history was not available.

The study protocol followed local guidelines and was approved by the Ethics Committee of Zhejiang Provincial
People’s Hospital and the Second Hospital Affiliated to Zhejiang University of Traditional Chinese Medicine. We
confirmed that all methods were performed in accordance with relevant regulations and that each patient signed an
informed consent form. The study was in accordance with the Declaration of Helsinki.

Statistical Analysis

We described and compared the clinical characteristics of the training and validation sets. Normally distributed data were
expressed as means (SD) and compared using the independent samples test; non-normally distributed data were
expressed as medians (P25, P75) and compared using the chi-square test; categorical variables were expressed as
percentages and frequencies. Subsequently, univariate Cox regression analysis was conducted on clinical variables within
the training set using SPSS statistical software. Variables with a significance level of P<0.05 were incorporated into
multivariate Cox regression analysis, which utilized a stepwise selection method for model construction. To safeguard
against multicollinearity affecting model stability, variance inflation factors (VIFs) were computed for all continuous
variables; all recorded VIF values were below 5. For categorical variables, Cramér’s V coefficients were calculated and
complemented with chi-square tests, confirming the absence of significant multicollinearity. Based on the variables
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screened by the above methods, we constructed a nomogram to predict the 1-, 2-, and 3-year survival of each MPE
patient using R software, and externally validated the model performance using the validation set. The sensitivity and
specificity of the prognostic scoring system were tested by calculating the AUC using the receiver operating character-
istic (ROC) curve. To evaluate the model performance, internal validation was conducted, and the Bootstrap method with
1000 resamplings was used for the internal validation. The models were evaluated using Decision Curve Analysis (DCA)
to assess whether they could improve the net prediction benefit. Patients were stratified into high-risk, intermediate-risk,
and low-risk groups based on their risk scores. Survival differences among these groups were analyzed using Kaplan—
Meier curves and the Log rank test. Furthermore, missing data across all cases were addressed as follows: for categorical
variables, missing values were assigned to a dedicated “missing” category; for continuous variables, missing data were
imputed using multiple imputation methods.

Results

Demographic and Clinicopathological Characteristics

We initially included 285 patients with confirmed NSCLC combined with MPE who underwent thoracentesis at two
hospitals from 2018 to 2023. After data collection, 5 patients with dual primary tumors, 20 patients who were lost
immediately after thoracentesis, and 10 patients without a complete history were finally excluded, and Figure 1 shows the
flow chart of case screening. A total of 250 patients were finally enrolled in this study, including 195 patients in the
training group and 55 patients in the validation group, in which the median age of the training group was 69 years
(quartile, 52—78), and patients with lung adenocarcinoma, squamous carcinoma, and adenosquamous carcinoma
accounted for 80%, 19%, and 2%, respectively, and that of the validation group was 68 years (quartile, 62-76), and
patients with adenocarcinoma, squamous carcinoma, and adenosquamous carcinoma accounted for 85.3% and 85.2%,
respectively. adenocarcinoma, lung squamous carcinoma, and lung adenosquamous carcinoma patients accounted for
85.5%, 12.7%, and 1.8%, respectively. Except for CA125 (P < 0.05), the differences between the two groups were not
statistically significant (other P > 0.05). Table 1 summarizes the clinical characteristics of the training and external
validation groups.

Development of Prediction Model

Based on clinically known risk factors and an extensive review of the literature, a total of 34 candidate variables were
included in this study, as detailed in Table 1. We identified 14 variables using one-way Cox regression analysis (P<0.05),
and then included them in a multifactorial Cox regression analysis with a test level of 0.05, which identified 5 candidate
variables with the strongest correlation with patients’ OS: PS (OR=3.08; 95% CI: (2.36—4.02)), pleural LDH (OR= 2.13;
95% CI: (1.39-3.26)), T staging (OR=1.52; 95% CI: (1.21-1.91)), and low/high density lipoprotein cholesterol
(OR=1.46; 95% CI: (1.21-1.76)), PNI (OR=0.95; 95% CI: (0.92-0.98)), as shown in Table 2, Figures 2 and 3. The
rms package (version 4.0.1) for R was used to plot the column-linear tables for the training and validation sets, where 1-,
2- and 3-year risk estimates were selected, and predictive models were built based on the magnitude of the regression
coefficients of the individual influencing factors. The pROC package is used to draw ROC curves for calibration, and the
ROC curves for the training and validation sets are shown in Figure 4. We can see that the calibration curves of the
training set show that the prediction results of each model are in good agreement with the actual observations.

Validation of Prediction Model

Multifactorial Cox regression showed that PS score, pleural LDH, T stage, low/high-density lipoprotein cholesterol, and PNI were
independent prognostic factors in patients with NSCLC combined with MPE (Figure 3). Based on these five independent risk
factors, a nomogram was developed to predict individual probabilities of 1-, 2-, and 3-year overall survival (Figure 5). The PS
score emerged as the strongest prognostic factor, followed by PNI and the low/high-density lipoprotein cholesterol ratio. By
summing the scores assigned to each variable, an overall risk score can be calculated for each patient. This score provides
clinicians with a practical tool for convenient and individualized survival prediction. The ROC curves for the training and
validation sets were shown in Figure 4, and the AUC was0.899, 0.808 and 0.748 in the training set, and 0.899, 0.798, and 0.669 in
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Figure | Flow chart of patients screening and recruitment.

the validation set. We performed predictions for 1-year, 2-year, and 3-year survival rates in the training set and validation set,
respectively. Calibration curves were used to visually assess the accuracy of the predicted 1-year, 2-year, and 3-year overall
survival rates. As shown in Figure 6, at all three time points, the calibration curves of both the training set and the validation set
were relatively close to the diagonal line. Although a slight downward deviation was observed in the validation set curve at the
3-year mark, overall, it still demonstrated good agreement.

DCA demonstrated that the model provided superior net benefit compared to the “treat all” or “treat none” strategies across
most threshold probabilities in both the training and validation sets (Figure 7). Using cut-off values derived from the risk scores in
the training set (low-risk: < —0.4749; intermediate-risk: —0.4749 to 0.3430; high-risk: > 0.3430), patients were categorized into
low-, intermediate-, and high-risk groups. Kaplan—Meier analysis and Log rank tests confirmed significant survival differences
among the groups. The Log rank test results indicated that the survival differences among the three patient groups were highly
statistically significant (P <0.0001, P <0.0001) in both the training and validation sets (Figures 8). The pairwise comparisons
demonstrated that in the training cohort, significant differences were observed between the low- and intermediate-risk groups (p =
0.0335), the low- and high-risk groups (p = 1.26x10'?), and the intermediate- and high-risk groups (p = 1.05x10"%). In the
validation cohort, the overall Log rank test also indicated a significant difference in survival curves among the three groups (p =
6.92x107°). However, pairwise comparisons revealed no significant difference in survival between the low- and intermediate-risk
groups (p = 0.9933).
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Table | Patient Characteristics in the Training and Validation Cohorts

Patient Characteristics Training External Validation P value
Set (N=195) Set (N=55)
Gender 0.001
Male 121 (62.1) 20 (36.4)
Female 74 (37.9) 35 (63.6)
Age,M (P25,P75) 69 (52,78) 68 (62, 76) 0.901
Smoking 0.867
No 130 (66.7) 36 (65.5)
Yes 65 (33.3) 19 (34.5)
BMl,mean (SD) 21.61 (3.68) 21.84 (3.76) 0.691
Performance Status 0.125
0 4 (2.1) I (1.8)
| 8l (41.5) 13 (23.6)
2 37 (19.0) 16 (29.1)
3 48 (24.6) 17 (30.9)
4 25 (12.8) 8 (14.5)
Pathology 0.402
Adenocarcinoma of the lungs 156 (80.0) 47 (85.5)
Squamous carcinoma of the lungs 37 (19.0) 7 (12.7)
Adenosquamous carcinoma of the lungs 2 (1.0) 1 (1.8)
T 0.096
| 22 (11.3) 7(12.7)
2 56 (28.7) 8 (14.5)
3 46 (23.6) 20 (36.4)
4 71 (36.4) 20 (36.4)
N 0.406
0 13 (6.7) 7 (12.7)
| 40 (20.5) 8 (14.5)
2 76 (39.0) 20 (36.4)
3 66 (6.7) 20 (36.4)
M 0.894
| 111 (56.9) 30 (54.5)
2 40 (20.5) 13 (23.6)
3 44 (22.6) 12 (21.8)
EGFR 0.647
Positive 96 (49.2) 29 (52.7)
Negative 99 (50.8) 26 (47.3)
Pneumonia 0.457
No 89 (45.6) 22 (40)
Yes 106 (54.4) 33 (60)
Targeted therapy 0.159
No 82 (42.1) 29 (52.7)
Yes 113 (57.9) 26 (47.3)
Chemotherapy 0.850
No 95 (48.7) 26 (47.3)
Yes 100 (51.3) 29 (52.7)
Surgery 0.775
No 149 (76.4) 41 (74.5)
Yes 46 (23.6) 14 (25.5)
Location of pleural effusion 0.705
Left side 52 (26.7) 17 (30.9)
Right side 79 (40.5) 23 (41.8)
(Continued)
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Table | (Continued).

Patient Characteristics Training External Validation P value
Set (N=195) Set (N=55)

Bilateral 64 (32.8) 15 (27.3)

Massive pleural effusion 0.821

No 103 (52.8) 30 (54.5)

Yes 92 (47.2) 25 (44.5)

Pericardial effusion 0.153

No 162 (83.1) 50 (90.9)

Yes 33 (16.9) 5(9.1)

Transparency 0.209

Clear 3 (1.5) 5(9.1)

Slightly cloudy 69 (35.4) 17 (30.9)

Turbid 123 (63.1) 33 (60)

Levanta Experiment 0.790

Negative 12 (6.2) 2 (3.6)

Weakly positive 35 (17.9) 11 (20)

Positive 148 (75.9) 42 (76.4)

Pleural fluid LDH 0.273

<1500 134 (68.7) 42 (76.4)

21500 61 (31.3) 13 (23.6)

Pleural fluid glucose,M (P25,P75) 6.54 (4.98,7.80) 6.87 (5.28,7.47) 0.887

Pleural fluid red blood cell count,M (P25,P75) 6000 (1000,23750) 3290 (750.00,21830) 0.450

Uric acid,M (P25,P75) 289 (220,369) 285.58 (116.24) 0.607

Hemoglobin,M (P25,P75) 119 (102,132) 126 (106,132) 0.345

Triglyceride,M (P25,P75) 1.05 (0.76,1.46) 1.00 (0.76,1.33) 0.420

LDL/HDLM (P25,P75) 2.62 (2.10,3.32) 2.76 (2.12,3.39) 0.626

D-dimer,M (P25,P75) 1750 (1010,3880) 1600 (790,3290) 0.327

Fibrinogen,M (P25,P75) 3.86 (3.02,5.09) 4.25 (1.43) 0.621

Prothrombin time,M (P25,P75) 11.90 (11.30,12.90) 1.7 (11.20,12.80) 0.393

CEAM (P25,P75) 5.90 (2.70,36.50) 10.20 (3.30,63.80) 0.079

CAI25M (P25,P75) 87.10 (45.00-193.10) 104.4 (61.80,358.10) 0.034

CAI99,M (P25,P75) 13.30 (6.70-36.10) 18.8 (8.9,75.9) 0.080

PNLM (P25,P75) 38.1 (33.5,42.3) 36.88 (10.21) 0411

Table 2 Chart of Univariate Cox Regression Analysis

Patient Characteristics P value | Chi-square value

Gender 0.927 0.008

Age 0.022 4.926

Smoking 0.145 2.136

BMI <0.001 16.742

Performance Status <0.001 132.603

Pathology 0.005 7717

T <0.001 34.111

N 0.036 4.447

M 0.045 4.055

EGFR status 0.290 0.821

Pneumonia 0.022 4.964

Targeted therapy 0.103 2.679

Chemotherapy 0.803 0.062

Surgery 0.065 3.467
(Continued)
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Table 2 (Continued).

Patient Characteristics P value | Chi-square value
Location of pleural effusion 0.002 9.602
Massive pleural effusion 0.156 2.022
Pericardial effusion 0.506 0.443
Transparency 0.123 2.390
Levanta Experiment 0.668 0.184
Pleural fluid LDH <0.001 32.923
Pleural fluid glucose 0.632 0.230
Pleural fluid red blood cell count 0.294 1.187
Uric acid 0.610 0.261
Hemoglobin 0.009 7.980
Triglyceride 0.824 0.05
LDL/HDL <0.001 21.263
D-dimer 0.831 0.045
Fibrinogen 0.004 8.467
Prothrombin time 0.009 4.086
CEA 0.547 0.374
CAI25 0.301 1.080
CAI199 0.129 2.459
PNI <0.001 59.325

Sensitivity Analysis

In the training set of this study, we conducted a sensitivity analysis based on histological subtypes. DCA performed for

the three histological subtypes (lung adenocarcinoma (LUAD), lung squamous cell carcinoma (SCC), and pulmonary

adenosquamous carcinoma (ASC)) consistently demonstrated that, across a wide range of threshold probabilities, the

pvalue Hazard ratio

Age 0.022 1.020(1.003-1.037)

Ps <0.001 2.749(2.293-3.296)

BMI <0.001 0.899(0.855-0.945)
Pathology 0.005 1.740(1.186-2.553)
Pneumonia 0.022 1.545(1.063-2.245)
Fibrinogen 0.003 1.206(1.068-1.362)
Prothrombin time 0.004 1.057(1.018-1.097)
Pleural fluid LDH  <0.001 3.027(2.080-4.405)
T <0.001 1.814(1.484-2.217)

N 0.030 1.261(1.023-1.555)

M 0.037 1.254(1.014-1.552)

Location of pleural effusion 0.002

LHR

PNI

<0.001

<0.001

1.496(1.166-1.918)
1.420(1.231-1.638)

0.891(0.867-0.916)

Figure 2 Forest plot of the significant parameters in the univariate cox regression analysis.
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Hazard ratio
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Figure 3 Forest plot of the significant parameters in the multivariate cox regression analysis.

model provided higher clinical net benefit compared to the strategies of “intervene for all” or “intervene for none”.
(Figures 9) Calibration plots further indicated good agreement between predicted probabilities and actual observations
(Figure 10).

However, the performance of the model varied somewhat across different histological subgroups, with the most
notable differences observed in the adenosquamous carcinoma subgroup. These variations may be attributed to the
imbalanced sample size distribution or the heterogeneity in pathological features. In this study, LUAD accounted for 80%
of the patients, LUSC for 19%, and ASC for only 1%. Future studies should aim to include more cases of adenosqua-
mous carcinoma to validate the model’s applicability in this rare subtype and enhance its generalizability across more

diverse patient populations.

Discussion

Lung cancer is the second most common cancer and the leading cause of cancer-related deaths in developed countries.'”
Considering the poor prognosis of patients with NSCLC combined with pleural effusion, we need to find out the
prognostic factors specific to these patients and individualize the diagnosis and treatment, which can help doctors and
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Figure 7 Decision Curve Analysis Plots of the Training Cohort (A) and Validation Cohort (B).

patients to understand the prognosis of the disease and evaluate the effectiveness of treatment. This study developed and
validated a clinical nomogram that integrates five conventional parameters—pleural effusion LDH, LHR, PNI, T stage,
and PS score (Figure 2)—for predicting personalized survival in patients with NSCLC and MPE. Multivariate Cox
analysis (Figure 3) confirmed that all five variables are independent predictors of overall survival. The model’s strength
lies in its innovative integration of multidimensional indicators representing “tumor burden” (T stage, LDH), “metabolic
state” (LHR), and “host condition” (PNI, PS score), offering a practical prognostic tool that outperforms any single
parameter.

Beyond the established prognostic factors of TNM staging'®'® and PS scoring,'*** LDH,**2° the PNI,>” %’ and the
lymphocyte-to-high-density lipoprotein ratio (LHR) (33—40) also demonstrate independent prognostic value and potential
clinical utility. These biomarkers reflect key physiological dimensions: tumor metabolic activity, systemic nutritional and
immunological status, and lipid metabolic balance, respectively. As a key glycolytic enzyme, elevated levels of LDH are
frequently associated with the Warburg effect—a metabolic adaptation in which tumor cells rely predominantly on
glycolysis for energy even under aerobic conditions, facilitating rapid proliferation.>*' This study confirms that an LDH
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Figure 8 Kaplan-Meier analysis of |-, 2-, and 3-year survival based on risk scores in the training and validation sets.
Notes: (A) Training cohort, P <0.0001. (B) Validation cohort, P <0.0001.
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level >1500 U/L serves as an independent risk factor for reduced overall survival in NSCLC-MPE patients (OR = 2.13).
In addition to indicating tumor burden and aggressiveness, elevated LDH has recently been implicated in resistance to

immune checkpoint inhibitors, providing a rationale for its use in guiding personalized therapeutic strategies for
advanced NSCLC.* The PNI, calculated from serum albumin and lymphocyte count, offers an integrated assessment
of a patient’s nutritional and immune status. This study identifies PNI as an independent protective factor in NSCLC-
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MPE patients (OR = 0.95), with lower values correlating significantly with poorer outcomes. Adequate nutrition and
a robust immune microenvironment are essential for tolerating anti-tumor therapies, reducing complications, and
potentially enhancing responses to immunotherapy. PNI has proven valuable in predicting surgical risk, treatment
response, and long-term survival, supporting its integration into clinical practice for comprehensive patient assessment
and personalized treatment planning.”*36

Most notably, the model exhibits high predictive accuracy for short-term survival: the AUC for 1-year survival
reached 0.899 in both the training and validation sets, while for 2-year survival, the AUC values were 0.808 (training set)
and 0.798 (validation set). These results indicate that the model reliably discriminates between high- and low-risk
patients at clinically critical near-term intervals (1-2 years). As such, it holds potential for guiding treatment strategies—
such as decisions regarding intensive chemotherapy, early palliative care, or enrollment in clinical trials. Furthermore, the
calibration curves (Figure 6) show excellent agreement between predicted probabilities and observed outcomes, further
affirming the model’s reliability.

Notably, in the external validation cohort, although the survival difference between the high-risk group and the low-
and intermediate-risk groups remained significant, the difference between the low- and intermediate-risk groups did not
reach statistical significance. We speculate that this may be related to the relatively small sample size of the validation
cohort, which limited the statistical power, while also suggesting that the model’s discriminative ability may be more
subtle in patients with a favorable prognosis. The primary objective of this study was to identify high-risk patients with
extremely poor prognosis for intervention, and the model demonstrated excellent and robust performance in this core
aim. Future studies will further optimize the risk stratification cutoff values in larger cohorts.

The limitations of this study are that it was a retrospective study that collected NSCLC patients who underwent
thoracentesis from 2018 to 2023; however, many of the patients had already passed away, making it impossible to
determine with certainty each patient’s physical condition, and the data could only be collected based on the clinical case
system. Second, even though this was a multicenter study, there was some screening and information bias in the small
sample size, which calls for additional clinical case data. Third, we used dichotomous variables, which may reduce the
accuracy of continuous variables. Our study has several strengths; first, it is a multimedia center-based retrospective
study on patients with NSCLC combined with MPE. Second, we selected only case data from patients with laboratory-
confirmed NSCLC, which may circumvent the heterogeneity caused by different pathologic types of lung cancer. Future
prospective, multicenter studies are warranted to validate this model. Furthermore, incorporating its predictive scores
with emerging molecular biomarkers or radiomic features may help counteract the observed decline in long-term

predictive accuracy, thereby enhancing its overall predictive utility.*”-**

Conclusion

In summary, the aim of this study was to establish a prognostic model for patients with NSCLC combined with MPE to
help physicians be able to assess the risk factors of patients at an early stage, so that they can develop better prevention
and individualized treatment strategies. Our predictive model incorporated five variables with good predictive effects, but
more cohort or prospective studies are needed to confirm the credibility of our model in the future.
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