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Abstract: Objective: To explore the application value of a gradient boosting decision tree (GBDT) in predicting post-
operative atelectasis in patients with destroyed lungs. Methods: A total of 170 patients with damaged lungs who 
underwent surgical treatment in Chest Hospital of Guangxi Zhuang Autonomous Region from January 2021 to May 
2023 were retrospectively selected. The patients were divided into a training set (n = 119) and a validation set (n = 
51). Both GBDT algorithm model and Logistic regression model for predicting postoperative atelectasis in patients 
were constructed. The receiver operating characteristic (ROC) curve, calibration curve and decision curve were used 
to evaluate the prediction efficiency of the model. Results: The GBDT model indicated that the relative importance 
scores of the four influencing factors were operation time (51.037), intraoperative blood loss (38.657), presence of 
lung function (9.126) and sputum obstruction (1.180). Multivariate Logistic regression analysis revealed that opera-
tion duration and sputum obstruction were significant predictors of postoperative atelectasis among patients with 
destroyed lungs within the training set (P = 0.048, P = 0.002). The ROC curve analysis showed that the area under 
the curve (AUC) for GBDT and Logistic model in the training set was 0.795 and 0.763, and their AUCs in the valida-
tion set were 0.776 and 0.811. The GBDT model’s predictions closely matched the ideal curve, showing a higher net 
benefit than the reference line. Conclusions: GBDT model is suitable for predicting the incidence of complications 
in small samples.
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Introduction

Destroyed lung refers to the extensive tissue 
damage caused by fungal infection, silicosis, 
extensive bronchiectasis or tuberculosis, along-
side recurrent pulmonary bacteria. This condi-
tion leads to irreversible functional loss, pre-
senting as long-term and recurrent clinical  
episodes. Due to the presence of abundant 
microorganisms, the lung becomes a major 
infection source, leading to repeated infections 
[1]. Normally, CD4(+) and CD8(+) T cells can 
identify and attack foreign pathogens and 
abnormal cells. However, vascular destruction 
inside the destroyed lung prevents these cells 
from reaching the lesion, impairing the protec-
tive function of the human immune system [2]. 
Additionally, the characteristically thick-walled 
lesions hinders drug penetration, which compli-

cates conservative drug treatments [3]. There- 
fore, surgical treatment is an option for patients 
with destroyed lungs.

Postoperative pulmonary complications, includ-
ing atelectasis which accounts for 8.4% of su- 
ch complications, represent a significant risk 
during the perioperative period of thoracic sur-
gery, with an incidence ranging from 15% to 
40%. Atelectasis forms a pathophysiological 
basis linked to potentially preventable morbidi-
ty and mortality [4, 5]. The complications 
include hypoventilation or pneumonia. While 
significant atelectasis can manifest with hypox-
emic symptoms, other symptoms are often 
attributable to the underlying cause or superim-
posed pneumonia. The small airways within the 
atelectatic region are subject to repeated col-
lapse and reopening during breathing, exacer-
bating lung injury.
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Early prediction and intervention of postope- 
rative atelectasis in patients with destroyed 
lungs are crucial for reducing incidence rates. 
However, obtaining large study samples is often 
impractical, especially for rare diseases. Here, 
the Gradient Boosting Decision Tree (GBDT) 
model, an ensemble decision tree approach 
suited for small sample sizes and effective in 
supervised learning classification, is explored 
[6]. GBDT is a machine learning algorithm that 
can effectively identify the influencing factors 
from a large amount of data, regardless of the 
original modelling rules. Compared with the tra-
ditional Logistic regression model, the GBDT 
model is more suitable for processing clinically 
unordered data, such as gender and disease 
type, due to its high interpretability [7]. However, 
no existing literature explores the use of GBDT 
for predicting postoperative atelectasis in 
patients with destroyed lungs. This study aims 
to fill that gap by analyzing the factors influenc-
ing postoperative atelectasis using the GBDT 
model, thereby offering insights for postopera-
tive care and treatment strategies.

Materials and methods

Subjects

A total of 170 patients who were pathologically 
diagnosed with destroyed lungs and received 
surgical treatment in the Chest Hospital of 
Guangxi Zhuang Autonomous Region between 
January 2021 and May 2023 were retrospec-
tively selected. Of these, 25 patients develop- 
ed atelectasis while 145 did not. This study 
was approved by the ethics committee of the 
Chest Hospital of Guangxi Zhuang Autonomous 
Region. Inclusion criteria: (1) patients with an 
age of 18 years or older; (2) patients who 
received surgical treatment in our hospital; (3) 
patients with a diagnosis of destroyed lung by 
chest CT, displaying a large high-density shad-
ow in the damaged lung, extensive fibrosis, and 
tubular or cystic bronchiectasis with necrosis 
and cavitation [8]; (4) patients with complete 
clinical data, encompassing baseline informa-
tion, and pre-, intra-, and postoperative met-
rics. Exclusion criteria: (1) patients with a prior 
history of chest surgery; (2) patients with con-
current pulmonary conditions, such as asthma, 
chronic obstructive pulmonary disease (COPD), 
and lung cancer. The study design is shown in 
Figure 1.

Data collection

The data of patients were collected from the 
hospital’s electronic medical record system, 
including baseline data [gender, age, height, 
weight, history of smoking, diabetes, hyper- 
tension, COPD (chronic obstructive pulmonary 
disease), bronchiectasis, type of lung damage, 
electrolyte abnormalities], preoperative indi- 
cators [lung function, preoperative fasting 
blood glucose, white blood cell count, neutro-
phil count, platelet count, fibrinogen, CRP 
(C-reactive protein), hs-CRP (high sensitive 
C-reactive protein)], intraoperative indicators 
(type of operation, operation time, intraopera-
tive blood loss), and postoperative indicators 
(postoperative pain score, hypoxemia, pleural 
effusion, sputum obstruction). The preopera-
tive indicators of the patients were measured 
the day before the operation, and the postop-
erative indicators were taken as the values of 
the first measurement of each indicator after 
the operation.

Model construction and validation

The model was built using R (version 4.2.1). All 
patients were randomly divided into a training 
set (n = 119, including 19 atelectasis patients 
and 100 non-atelectasis patients) and a valida-
tion set (n = 51, including 6 atelectasis patients 
and 45 non-atelectasis patients) according to  
a ratio of 7:3. The training set was used for 
model construction and the validation set was 
used to evaluate the prediction performance of 
the model. With the complication of atelectasis 
as the outcome variable, the GBDT model and 
logistic regression model were established 
using the training set. The predictive perfor-
mance of the model was evaluated in the vali-
dation set, by calculating and drafting the 
receiver operator characteristic (ROC) curve, 
calibration curve, and decision curve of the pre-
dictive model. Delong test was used to com-
pare the difference in AUCs (area under the 
curve) between the different models.

Statistical methods

SPSS 23.0 was used for statistical analysis. 
Quantitative data conforming to a normal distri-
bution were expressed as (

_
x  ± s), and the inter-

group difference was examined by independent 
sample t-test. The quantitative data conforming 
to skewed distribution were expressed as medi-
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an (M) and quartile (P25, P75), and the compari-
son between groups was performed using the 
Wilcoxon rank sum test. Count data were shown 
as count (%) and inter-group difference was 
examined by x2 tests. P<0.05 was considered 
as statistically significant.

Results

Single-factor analysis of clinical data of pa-
tients with destroyed lung

The single factor analysis of the clinical data 
showed that the differences in lungs function 
(x2 = 5.170, P = 0.023), operation duration (Z = 
-3.135, P = 0.002), intraoperative bleeding vol-
ume (t = 2.186, P = 0.039), and sputum 
obstruction (x2 = 29.899, P<0.001) between 
the postoperative atelectasis group and the 
non-atelectasis group were statistically signifi-
cant. Other variables, such as gender, age, 

height, weight, history of smoking, diabetes, 
hypertension, presence of COPD, presence of 
bronchiectasis, type of lung damage, preopera-
tive fasting blood glucose, white blood cell 
count, neutrophil count, platelet count, fibrino-
gen, CRP, hs-CRP, electrolyte abnormalities, 
operation type, postoperative pain score, hy- 
poxemia, and pleural effusion, were not statisti-
cally different between the two groups (all 
P>0.05). The results in detail are shown in 
Table 1.

GBDT model and logistic model construction

All patients were randomly divided into a train-
ing set (n = 119) and a validation set (n = 51) 
according to a 7:3 ratio. There was no differ-
ence in patient data between the training set 
and the validation set (Table 2). Indicators with 
statistical significance in single-factor analysis 
(lung function, operation duration, intraopera-

Figure 1. Study flow chart.
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Table 1. Single factor analysis of clinical data
Variable Atelectasis (n = 25) Non-atelectasis (n = 145) χ2/t/Z P
Gender 3.353 0.067
    Male 22 (88.00) 98 (67.59)
    Female 3 (12.00) 47 (32.41)
Age (years) 49.00 ± 13.63 46.67 ± 14.07 0.649 0.522
Height (cm) 164.76 ± 6.88 163.51 ± 8.68 0.913 0.370
Body weight (kg) 54.80 ± 9.19 54.65 ± 10.78 -0.225 0.824
Smoking history 0.121 0.728
    Yes 3 (12.00) 11 (7.59)
    No 22 (88.00) 134 (92.41)
Pulmonary function 5.170 0.023
    With 13 (52.00) 42 (28.97)
    Without 12 (48.00) 103 (71.03)
Diabetes 0.050 0.823
    Yes 1 (4.00) 11 (7.59)
    No 24 (96.00) 134 (92.41)
Hypertension 0.018 0.892
    Yes 1 (4.00) 5 (3.45)
    No 24 (96.00) 140 (96.55)
COPD 1.289 0.256
    Yes 4 (16.00) 10 (6.90)
    No 21 (84.00) 135 (93.10)
Bronchiectasis 0.038 0.845
    Yes 2 (8.00) 10 (6.90)
    No 23 (92.00) 135 (93.10)
Destroyed area 7.449 0.114
    Upper left lobe 11 (44.00) 56 (38.62)
    Lower left lobe 2 (8.00) 36 (24.83)
    Upper right lobe 10 (40.00) 64 (44.14)
    Right middle lobe 0 (0.00) 13 (8.97)
    Lower right lobe 2 (8.00) 7 (4.83)
Fasting blood glucose (mmol/L) 4.95 (4.39, 6.72) 5.10 (4.62, 5.88) -0.229 0.819
Electrolyte abnormalities 0.095 0.758
    Yes 8 (32.00) 42 (28.97)
    No 17 (68.00) 103 (71.03)
White blood cells (109/L) 6.73 ± 1.85 7.09 ± 2.37 -1.087 0.288
Neutrophils (109/L) 4.36 ± 1.58 4.61 ± 2.17 -0.658 0.517
Platelets (109/L) 266.00 (218.5, 310.00) 269.00 (217.00, 327.00) -1.063 0.288
Fibrinogen (g/L) 3.37 (2.42, 4.28) 3.15 (2.45, 4.17) -1.171 0.241
CRP (mg/L) 12.80 (4.40, 12.80) 11.60 (2.25, 18.34) -0.057 0.954
hs-CRP (mg/L) 5.20 (2.25, 8.18) 6.80 (2.15, 6.87) -0.657 0.511
Surgery type 0.003 0.959
    Minimally invasive 14 (56.00) 82 (56.55)
    Open 11 (44.00) 63 (43.45)
Surgical method 1.954 0.162
    Pneumonectomy 1 (4.00) 25 (17.24)
    Partial lobectomy 24 (96.00) 120 (82.76)
Operation duration(h) 5.47 (4.26, 6.59) 4.03 (3.11, 4.83) -3.135 0.002
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Intraoperative bleeding volume (ml) 1620.00 ± 1084.36 1177.38 ± 1121.44 2.186 0.039
Postoperative pain score 6.36 ± 1.50 6.40 ± 1.29 -0.104 0.918
Pleural effusion 0.898 0.343
    Yes 3 (12.00) 7 (4.83)
    No 22 (88.00) 138 (95.17)
Sputum obstruction 29.899 <0.001
    Yes 7 (28.00) 7 (4.83)
    No 18 (72.00) 138 (95.17)
Postoperative hypoxemia 0.360 0.548
    Yes 4 (16.00) 14 (9.66)
    No 21 (84.00) 131 (90.34)
COPD: chronic obstructive pulmonary disease; CRP: C-reactive protein; hs-CRP: high sensitive C-reactive protein.

Table 2. Comparison of clinical data between the training set and validation set
Variable Training set (n = 119) Validation set (n = 51) χ2/t/Z P
Gender 0.540 0.463
    Male 86 (72.27) 34 (66.67)
    Female 33 (27.73) 17 (33.33)
Age (years) 48.97 ± 13.30 44.74 ± 14.63 1.844 0.067
Height (cm) 163.71 ± 8.65 163.65 ± 8.00 0.288 0.775
Body weight (kg) 54.95 ± 10.54 54.02 ± 10.61 0.210 0.834
Smoking history 0.566 0.452
    Yes 11 (9.24) 3 (5.88)
    No 108 (90.76) 48 (94.12)
Pulmonary function 1.568 0.211
    With 42 (35.29) 13 (25.49)
    Without 77 (64.71) 38 (74.51)
Diabetes 0.067 0.796
    Yes 8 (6.72) 4 (7.84)
    No 111 (93.28) 47 (92.16)
Hypertension 0.586 0.444
    Yes 5 (4.20) 1 (1.96)
    No 114 (95.80) 50 (98.04)
COPD 2.039 0.153
    Yes 12 (10.08) 2 (3.92)
    No 107 (89.92) 49 (96.08)
Bronchiectasis 0.001 0.980
    Yes 9 (7.56) 3 (5.88)
    No 110 (92.44) 48 (94.12)
Destroyed area 1.260 0.868
    Upper left lobe 102 (85.71) 16 (31.37)
    Lower left lobe 52 (43.70) 12 (23.53)
    Upper right lobe 104 (87.39) 22 (43.14)
    Right middle lobe 18 (15.13) 4 (7.84)
    Lower right lobe 12 (10.08) 3 (5.88)
Fasting blood glucose (mmol/L) 5.10 (4.60, 6.08) 4.89 (4.46, 5.74) -0.131 0.896
Electrolyte abnormalities 1.214 0.270
    Yes 32 (26.89) 18 (35.29)
    No 87 (73.11) 33 (64.71)
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tive blood loss, and sputum obstruction) were 
included in the GBDT model. The prediction 
model was constructed based on the training 
set data, and the relative importance score of 
the four indicators was obtained by GBDT. The 
importance scores in descending order were 
51.037 for operation duration, 38.657 for intra-
operative blood loss, 9.126 for presence of 
lung function, and 1.180 for sputum obstruc-
tion. The results are shown in Figure 2.

The operation duration (measured value), intra-
operative blood loss (measured value), lung 
function (assignment: yes = 1, no = 0), and spu-

tors, the operation duration and sputum ob- 
struction were the influencing factors of post-
operative atelectasis in patients with destroyed 
lungs in the training set (P = 0.048, P = 0.002). 
Based on this, a logistic regression model was 
constructed, and the formula is Y = -3.551 + 
0.315 × operation duration + 2.281 × sputum 
obstruction, see Table 3.

GBDT model and logistic model validation

The ROC curve showed that the AUC of the 
GBDT model in the training set was 0.795 [95% 
CI (0.685, 0.906)], the specificity was 0.800, 

White blood cells (109/L) 7.11 ± 2.41 6.87 ± 2.03 1.198 0.237
Neutrophils (109/L) 4.68 ± 2.20 4.33 ± 1.81 1.138 0.260
Platelets (109/L) 266.00 (223.00, 236.00) 293.00 (232.00, 360.00) -0.056 0.955
Fibrinogen (g/L) 3.20 (2.50, 4.19) 3.14 (2.27, 4.17) -0.994 0.320
CRP (mg/L) 12.20 (3.10, 18.34) 11.90 (2.10, 18.34) -0.393 0.694
hs-CRP (mg/L) 6.87 (3.30, 6.87) 5.40 (1.10, 6.87) -0.630 0.529
Surgery type 0.164 0.685
    Minimally invasive 66 (55.46) 30 (58.82)
    Open 53 (44.54) 21 (41.18)
Surgical method 0.138 0.710
    Pneumonectomy 19 (15.97) 7 (13.73)
    Partial lobectomy 100 (84.03) 44 (86.27)
Operation duration (h) 4.08 (3.17, 5.50) 3.83 (3.17, 4.92) -0.492 0.623
Intraoperative bleeding volume (ml) 1294.62 ± 1195.66 1120.78 ± 935.13 -0.340 0.735
VAS score 6.50 ± 1.31 6.14 ± 1.31 0.505 0.615
Pleural effusion 0.482 0.488
    Yes 6 (5.04) 4 (7.84)
    No 113 (94.96) 47 (92.16)
Sputum obstruction 0.566 0.452
    Yes 11 (9.24) 3 (5.88)
    No 108 (90.76) 48 (94.12)
Postoperative hypoxemia 0.107 0.744
    Yes 12 (10.08) 6 (11.76)
    No 107 (89.92) 45 (88.24)
COPD: chronic obstructive pulmonary disease; CRP: C-reactive protein; hs-CRP: high sensitive C-reactive protein.

Figure 2. Relative importance of included features within the GBDT model. 
GBDT: Gradient Boosted Decision Tree.

tum obstruction (assignment: 
yes = 1, no = 0) were used as 
independent variables, while 
the presence of postopera- 
tive atelectasis was used as 
dependent variable (assign-
ment: occurrence = 1, no 
occurrence = 0). Multivariate 
logistic stepwise regression 
analysis was performed. The 
results showed that after 
removing the insignificant fac-



GBDT in lung injury with postoperative atelectasis

2870	 Am J Transl Res 2024;16(7):2864-2876

and the sensitivity was 0.737; while the AUC in 
the validation set was 0.776 [95% CI (0.524, 
1.000)], the specificity was 0.800, and the sen-
sitivity was 0.833, as shown in Figure 3. The 
AUC of the logistic regression model in the 
training set was 0.763 [95% CI (0.620, 0.906)], 
the specificity was 0.820, and the sensitivity 
was 0.684; while the AUC in the validation set 
was 0.811 [95% CI (0.672, 0.950)], the specific-
ity was 0.578, and the sensitivity was 1.000, as 
shown in Figure 4. The results of the Delong 
test showed that there was no significant differ-
ence in AUC between the training set and vali-
dation set of the GBDT model and the Logistic 
regression model (Z = 0.348, P = 0.728; Z= 
-0.415, P = 0.678). The calibration curve 
showed that the actual curves predicted by 
both GBDT model and logistic regression model 
were close to the ideal curve, as shown in 
Figures 5, 6. The decision curve of the GBDT 
model showed that the net benefits for patients 
were higher than the two extreme curves 
(Figure 7), suggesting that the model had good 

clinical effectiveness. The decision curve of the 
logistic regression model showed that the net 
benefits for patients in the training set were 
higher than the two extreme curves (Figure 8).

Discussion

Destroyed lung is characterized by chronic 
fibrous lesion in lung tissues caused by pulmo-
nary tuberculosis or severe pulmonary infec-
tion. During the disease progression, the lung 
tissue undergoes extensive damage, leading to 
irreversible lung function loss [9]. In the surgi-
cal treatment of destroyed lung, atelectasis is a 
common postoperative intrapulmonary compli-
cation. Due to the collapse of the lung caused 
by surgical trauma, inflammatory reactions and 
other factors, lung tissue cannot expand nor-
mally. Without timely intervention, it may prog-
ress to respiratory failure, posing a serious risk 
to patient survival [10]. Therefore, predicting 
postoperative atelectasis is of great signifi-
cance for early prevention and timely treatment 

Table 3. Influencing factors of postoperative atelectasis in patients with destroyed lungs
Variable β SE Wald χ2 P OR 95% CI
Operation duration 0.315 0.159 3.923 0.048 1.371 1.003-1.873
Sputum obstruction 2.281 0.720 10.042 0.002 9.783 2.387-40.090
Constant -3.551 0.860 17.064 <0.001 0.029 -

Figure 3. The ROC curves of GBDT model in the (A) training set and (B) validation set in predicting postoperative 
atelectasis in patients with destroyed lung. ROC: receiver operator characteristic curve; GBDT: Gradient Boosted 
Decision Tree.
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in patients with destroyed lungs. In recent 
years, the Gradient Boosting Decision Tree 
(GBDT) model has received extensive attention 
and demonstrated ideal performance in practi-
cal applications [11-13].

In this study, the GBDT model was used to fur-
ther verify the significance of four factors iden-
tified in the univariate difference analysis as 
influencing postoperative atelectasis in pa- 
tients with destroyed lungs. The factors include 

operation duration, intraoperative bleeding vol-
ume, lung function, and sputum obstruction, 
with significance scores of 51.037, 38.657, 
9.126, and 1.180 indicated by GBDT. Lung  
tissue damage can trigger an inflammatory 
response, leading to a series of physiological 
changes [14]. In addition to respiratory func-
tion, the lung is also involved in platelet produc-
tion and hematopoiesis. A reduction in platelet 
count can result in increased intraoperative 
bleeding and prolonged operation, increasing 

Figure 4. The ROC curves of Logistic model in the (A) training set and (B) validation set in predicting postoperative 
atelectasis in patients with destroyed lung. ROC: receiver operator characteristic curve.

Figure 5. The calibration curves of GBDT model in the (A) training set and (B) validation set in predicting postopera-
tive atelectasis in patients with destroyed lung. GBDT: Gradient Boosted Decision Tree.
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the risk and difficulty of the operation [15, 16]. 
Patients with destroyed lungs have serious 
adhesion at the lesion and require broader sur-
gical dissection, which complicates the surgery 
and lengthens the operation time. Additionally, 
the blood vessels at the lesion may be dam-
aged, and repeated bleeding or excessive blood 
loss may occur during the operation, consum-
ing a large amount of coagulation factors. 
Meanwhile, prolonged surgery duration can 
also lead to long-term exposure of tissues, 
aggravating the degree of traumatic stress in 
patients, thus increasing the impact of surgery 
on body function and the risk of postoperative 

atelectasis [17, 18]. Therefore, both the surgery 
duration and the intraoperative blood loss sig-
nificantly influence the likelihood of postopera-
tive atelectasis complications. Hence, a clini-
cally experienced surgery team is essential to 
prevent extended surgery times. Postoperative 
pulmonary infection is a common complication, 
stemming from a variety of reasons including 
bed rest, decreased immunity, epiglottic dys-
function and regurgitating aspiration [19]. 
These factors also contribute sputum obstruc-
tive atelectasis. In this study, the majority of 
patients were in critical condition with severely 
compromised lung function, making it challeng-

Figure 6. The calibration curves of Logistic model in the (A) training set and (B) validation set in predicting postop-
erative atelectasis in patients with destroyed lung.

Figure 7. The decision curves of GBDT model in the (A) training set and (B) validation set in predicting postoperative 
atelectasis in patients with destroyed lung. GBDT: Gradient Boosted Decision Tree.
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ing to accurately assess their pulmonary capac-
ity using standard instruments. The prognosis 
for these patients is generally unfavorable. 
Hence, the assessment of pulmonary function 
is also a crucial prognostic indicator for predict-
ing the likelihood of postoperative atelectasis 
in patients. Sputum obstruction occurs when 
an excess or unusually viscous sputum pro-
duced within the respiratory tract cannot be 
expectorated effectively, leading to partial or 
complete blockage of the airways. In individu-
als with compromised lung function, such as 
those with destroyed lung, the airway’s innate 
clearance mechanisms may be diminished, 
causing a buildup of sputum. Additionally, lung 
structural changes can increase the likelihood 
of sputum obstruction in the respiratory tract, 
which can lead to atelectasis of lung segments, 
lobes or even complete atelectasis of one side. 
It can also lead to airway obstruction, ineffec-
tive excretion of infected necrotic material, dif-
ficulty in controlling pulmonary infection, signifi-
cantly decreased lung ventilatory ability, and 
dyspnea in patients. With the progression of 
the disease, respiratory failure may even occur 
in severe cases, requiring rescue treatment 
with tracheal intubation and invasive ventilato-
ry support, which seriously endangers the life 
of patients [20].

In contrast, in the Logistic model after stepwise 
regression, only two factors remained: opera-
tion time and sputum obstruction. This analysis 
reveals that operation duration is the most 
important factor for postoperative atelectasis 

in patients with destroyed lungs. Stepwise 
regression is a technique used to create a 
model that performs as well as the full variable 
model but with fewer factors. Essentially, it 
screens out the most useful independent vari-
ables by employing software tools and elimi-
nates the factors that have less influence on 
the dependent variables, maintaining an effec-
tive fit similar to that achieved using all vari-
ables in the model [21]. Although sputum 
obstruction is included in the Logistic model by 
stepwise regression, it is directly related to atel-
ectasis and can even represent atelectasis in a 
sense. Therefore, sputum obstruction has a 
large range of 95% CI in the Logistic model and 
its importance score is lowest in the GBDT 
model. Clinically, it is recommended to closely 
observe the symptoms of patients and dis-
charge phlegm timely to avoid the occurrence 
of atelectasis.

The AUC reflects the accuracy and ability of  
the GBDT model to distinguish between target 
classes [22]. In this study, the AUCs of GBDT 
and logistic model for postoperative atelectasis 
prediction in patients with destroyed lungs was 
0.795 and 0.763 in the training set, 0.776 and 
0.811 in the validation set. The Delong test 
results show that the performances of the 
GBDT and logistic model were similar. However, 
the 95% CI for the Logistic regression model 
was broader, indicating model instability. This 
may be attributed to the limited sample size, 
suggesting that a larger sample size is neces-
sary for the robustness of logistic regression 

Figure 8. The decision curves of Logistic model in the (A) training set and (B) validation set in predicting postopera-
tive atelectasis in patients with destroyed lung.
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model. However, obtaining a sufficiently large 
sample size in every study is not always feasi-
ble, particularly when dealing with diseases  
of low incidence, such as rare conditions. A 
model capable of handling small sample sizes 
becomes critical for identifying disease risk 
factors. As an integrated model of the decision 
tree, GBDT has a good effect on the classifica-
tion of supervised learning and is suitable for 
the case of small samples [6]. The model’s pre-
dicted curve for postoperative atelectasis in 
patients with destroyed lungs was close to the 
ideal curve in the training set; however, the pre-
diction effect in the validation set was slightly 
inferior to that in the training set. This discrep-
ancy could be attributed to biased data extract-
ed from the validation set, exacerbated by the 
small total number of samples and the low inci-
dence rate of the condition. The net benefits of 
patients in the training set and the validation 
set were higher than the reference line, demon-
strating the excellent predictive efficiency of 
the GBDT model for postoperative atelectasis 
in patients with destroyed lungs. Although the 
predictive efficacy of the two models is similar 
when evaluated using ROC curve, calibration 
curve and decision curve, the GBDT model 
excels in visually ranking the importance of 
variables. This feature greatly aids medical 
staff in more effectively identifying risk factors 
for postoperative atelectasis in patients with 
lung damage.

The GBDT algorithm model differs from the lin-
ear approach of the Logistic regression model. 
Its robust classification capabilities make it 
particularly effective in handling small sample 
sizes, addressing some of the limitations inher-
ent in logistic regression models [23]. Con- 
currently, numerous studies have highlighted 
that the GBDT model can improve the efficiency 
of disease prediction. For instance, Chen et al. 
[13] demonstrated that the gradient-boosting 
model yielded promising prognostic predictions 
for patients with gastric cancer, a finding of sig-
nificant clinical relevance in the big data era. 
Similarly, Askari et al. [24] reported that the 
gradient-boosting random forest technique out-
performed other methods in forecasting the 
hospital stay duration for COVID-19 patients. 
The GBDT model processes data using multiple 
independent classifications and regression 
trees, which are integrated into a robust classi-
fier to improve prediction accuracy and stabili-
ty. This holistic approach not only expedites 

data processing but also mitigates the biases 
associated with missing data analysis [25]. 
Crucially, the modular architecture of the GBDT 
model facilitates both disassembly for in-depth 
analysis and interpretation, making it particu-
larly practical for clinical professionals. There- 
fore, the established GBDT model had good 
reliability and clinical practicability. Doctors 
should pay special attention to the four indica-
tors identified by the model before and after 
the operation to minimize the risk of postopera-
tive atelectasis, which is of positive significance 
for improving the prognosis and survival rate of 
patients.

In summary, the GBDT model and the Logistic 
model have similar predictive efficacy in post-
operative atelectasis in patients with destroyed 
lungs; however, GBDT model exhibits better 
stability when dealing with small samples. In 
clinical application, the appropriate model can 
be selected according to the actual situation. 
However, there are still certain limitations in 
this study. Being a retrospective single-center 
study, it may be susceptible to selection bias, 
which could affect the accuracy of predictive 
factor selection during model construction. In 
the future, multi-center prospective trials will 
be conducted to verify the accuracy of the con-
clusions, and external data will also be used for 
model verification to further improve the model 
for clinical reference.
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