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Abstract 

Background: Prolonged air leak (PAL) remains one of the most frequent postoperative complications after pulmo-
nary resection. This study aimed to develop a predictive nomogram to estimate the risk of PAL for individual patients 
after minimally invasive pulmonary resection.

Methods: Patients who underwent minimally invasive pulmonary resection for either benign or malignant lung 
tumors between January 2020 and December 2021 were included. All eligible patients were randomly assigned to 
the training cohort or validation cohort at a 3:1 ratio. Univariate and multivariate logistic regression were performed to 
identify independent risk factors. All independent risk factors were incorporated to establish a predictive model and 
nomogram, and a web-based dynamic nomogram was then built based on the logistic regression model. Nomogram 
discrimination was assessed using the receiver operating characteristic (ROC) curve. The calibration power was evalu-
ated using the Hosmer-Lemeshow test and calibration curves. The nomogram was also evaluated for clinical utility by 
the decision curve analysis (DCA).

Results: A total of 2213 patients were finally enrolled in this study, among whom, 341 cases (15.4%) were confirmed 
to have PAL. The following eight independent risk factors were identified through logistic regression: age, body mass 
index (BMI), smoking history, percentage of the predicted value for forced expiratory volume in 1 second (FEV1% 
predicted), surgical procedure, surgical range, operation side, operation duration. The area under the ROC curve (AUC) 
was 0.7315 [95% confidence interval (CI): 0.6979–0.7651] for the training cohort and 0.7325 (95% CI: 0.6743–0.7906) 
for the validation cohort. The P values of the Hosmer-Lemeshow test were 0.388 and 0.577 for the training and valida-
tion cohorts, respectively, with well-fitted calibration curves. The DCA demonstrated that the nomogram was clinically 
useful. An operation interface on a web page (https:// liron gyang ql. shiny apps. io/ PAL_ DynNom/) was built to improve 
the clinical utility of the nomogram.

Conclusion: The nomogram achieved good predictive performance for PAL after minimally invasive pulmonary 
resection. Patients at high risk of PAL could be identified using this nomogram, and thus some preventive measures 
could be adopted in advance.
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Background
With the popularization of low-dose computed tomog-
raphy screening, small pulmonary nodules have been 
increasingly detected in recent years [1]. Minimally 
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invasive pulmonary resection, including robotic-assisted 
thoracic surgery (RATS) and video-assisted thoracic 
surgery (VATS), has replaced conventional thoracotomy 
as the dominant surgical treatment for pulmonary nod-
ules with satisfactory outcomes [2, 3]. Prolonged air 
leak (PAL) remains one of the most frequent postop-
erative complications after pulmonary resection, with 
a reported incidence of up to 30% [4–6]. PAL is closely 
associated with increased pain from longer duration of 
chest tubes, prolonged hospital length of stay, higher 
financial cost, increased risk of some complications, and 
poor postoperative quality of life [7–9]. Although many 
methods for PAL management, such as fibrin sealants, 
pleural tents, pleurodesis, digital chest drainage system, 
and endobronchial valves, have been proven effective, 
PAL remains a great challenge for thoracic surgeons [4, 
10]. Therefore, identification of patients at high risk for 
PAL could enable the doctors to take additional effec-
tive procedures to prevent its occurrence in advance.

At present, many risk factors have been identified to 
increase the incidence of postoperative PAL, including 
male sex, low body mass index (BMI), smoking history, 
reduced percentage of the predicted value for forced 
expiratory volume in 1 second (FEV1% predicted), pre-
vious chemoradiotherapy, presence of diabetes and 
lobectomy [5, 6, 11]. Although a few predictive models 
for stratifying patients with high risk for PAL have been 
developed in recent years [12–18], there is still no stand-
ard model to estimate the incidence of PAL. The majority 
of the previously reported models were based on the data 
from European and the USA, which might make it not 
applicable for Asian populations [12–14, 16–18]. In addi-
tion, the differences in PAL definitions and patient selec-
tion criteria made the results of these studies less credible 
[12–15, 18]. Moreover, in the era of minimally invasive 
pulmonary resection as the dominant surgical procedure, 
traditional thoracotomy is rarely performed, and thus the 
clinical utility of previous models incorporating thoracot-
omy as a risk factor would be greatly reduced.

The purpose of this study is to develop a clinical pre-
diction model and nomogram to estimate the risk of PAL 
after minimally invasive pulmonary resection for both 
benign and malignant lung tumors using preoperative 
and intraoperative characteristics in a large cohort from 
a single center in China. The predictive nomogram could 
stratify the patients into different risk categories and 
assist thoracic surgeons in making clinical decision.

Patients and methods
This retrospective study was approved by the Ethics 
Committee of the Qilu Hospital of Shandong Univer-
sity (registration number: KYLL-202008-023-1) and all 

patients provided informed consent for the use of their 
clinical information.

Patients selection
A prospectively maintained departmental database of 
the Qilu Hospital of Shandong University was retrieved 
for patients who underwent minimally invasive pulmo-
nary resection from January 2020 to December 2021. 
The exclusion criteria were: (I) patients aged < 18 years 
old; (II) lung volume reduction surgery and bulla resec-
tion; (III) pneumonectomy; (IV) pulmonary resection 
with mediastinal mass resection; (V) thoracotomy; 
and (VI) incomplete perioperative data. All enrolled 
patients were randomly assigned to the training cohort 
or validation cohort at a 3:1 ratio using a random 
split-sample method. The training cohort was used to 
develop the predictive nomogram, while the valida-
tion cohort was used to verify the performance of the 
nomogram.

Data collection and variable definitions
The following data of eligible patients were collected 
from the database of Qilu Hospital: (I) demographic 
data: age, gender, BMI, smoking history, preoperative 
comorbidities [hypertension, diabetes mellitus, and 
chronic obstructive pulmonary diseases (COPD)], neo-
adjuvant therapy, and history of thoracic surgery; (II) 
preoperative evaluation data: FEV1% predicted, per-
centage of the predicted value of maximal voluntary 
ventilation (MVV% predicted), American Society of 
Anesthesiologists (ASA) score, ABO blood type, periph-
eral blood lymphocyte count, albumin, and prognos-
tic nutritional index (PNI); (III) surgical data: surgical 
technique (RATS or VATS), surgical procedure (sublo-
bar resection or lobectomy), surgical range (mono-lobe 
or multi-lobe), operation side, operation duration, total 
number of dissected lymph nodes (LNs), and tumor size.

PAL was defined as air leakage more than 5 consecutive 
days after surgery. A conventional drainage system was 
used for the majority of the cases, and a digital continuous 
negative pressure drainage device with a negative pressure 
range of 6-10 cm water column was applied for patients 
with significant PAL. The chest tube could be removed if 
there was no pneumonia, subcutaneous emphysema or 
pneumothorax with a daily drainage of less than 200ml. 
PNI was calculated using the following formula: PNI (%) 
= albumin (g/L) + 5 × lymphocyte  (109/L). Tumor size 
was defined as the maximum tumor diameter.

Construction of the PAL nomogram
Univariate logistic regression analysis was performed to 
identify potential risk factors for PAL. All factors with a 
P value less than 0.20 in univariate analysis were included 
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in further multivariate logistic regression analysis. Inde-
pendent risk factors (P <0.05 in multivariate logistic 
regression) were finally used to develop the predictive 
model. A nomogram was then constructed based on the 
results of a multivariate logistic regression model by using 
the “rms” and “DynNom” packages in R project software 
(version 4.1.1; http:// www.r- proje ct. org/). A score of each 
variable was calculated using the regression model, and 
the predicted probability of PAL could be derived by sum-
ming the scores of the individual variables.

Nomogram performance
The performance of the predictive nomogram was 
assessed by discrimination, calibration, and clinical utility. 
Discrimination is the capacity that a model can correctly 
distinguish between events and non-events. We used the 
receiver operating characteristic (ROC) curve to evaluate 
the discrimination efficiency of the predictive nomogram 
[19]. Calibration measures how closely the predicted 
probabilities are consistent with the actual outcomes. The 
Hosmer-Lemeshow test was used to evaluate the calibra-
tion power, and a P value larger than 0.05 indicated sat-
isfactory calibration [20]. A nomogram calibration plot 
was then formed to further evaluate calibration. Inter-
nal validation was performed by using the bootstrapping 
method with 1000 repetitions [21]. Decision curve analy-
sis (DCA) was performed to evaluate the clinical utility of 
the predictive nomogram based on net benefits at differ-
ent threshold probabilities [22]. The optimal cutoff value 
was determined based on the ROC curve analysis of the 

training cohort when the Youden index (sensitivity + 
specificity − 1) reached the maximum value.

Statistical analysis
Categorical variables were compared using the Pearson 
Chi-squared test or Fisher exact test. Normally distributed 
continuous variable was presented as mean ± standard 
deviation (SD), and the Student t-test was used for com-
parison. For continuous variables that are not normally 
distributed, the data was presented as median (interquartile 
range [IQR]) and compared by the Mann–Whitney U test 
between the groups. A two-sided P value < 0.05 was con-
sidered statistically significant. R Project software (v4.1.1; 
http:// www.R- proje ct. org) and SPSS software (v25.0; SPSS 
Inc., Chicago, IL, USA) were used for data analysis.

Results
Patient characteristics
The procedure of identification and selection of the eligi-
ble patients is illustrated in Fig. 1. Finally, a total of 2213 
eligible patients were included in our study, among whom, 
the incidence of PAL was 15.4% (341/2213). The enrolled 
patients were then randomly assigned to the training 
cohort (n = 1660) or validation cohort (n = 553) at a 3:1 
ratio, and there were no significant differences in all vari-
ables between the two cohorts (Table 1). According to the 
presence or absence of PAL, patients were divided into 
PAL and non-PAL groups. The characteristics of both 
groups in the training and validation cohorts are presented 
in Table 2.

Fig. 1 Flow diagram of patient selection through the study. PAL, prolonged air leak

http://www.r-project.org/
http://www.r-project.org
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Table 1 Patients’ characteristics of the training cohort and validation cohort

Characteristics All cohort
(n = 2213)

Training cohort
(n = 1660)

Validation cohort
(n = 553)

P †

Age (years), median (IQR) 58.00 (51.00–66.00) 58.00 (51.00–66.00) 58.00 (52.00–66.00) 0.607

Gender, n (%) 0.353

 Female 1274 (57.6) 965 (58.1) 309 (55.9)

 Male 939 (42.4) 695 (41.9) 244 (44.1)

BMI (kg/m2), median (IQR) 24.77 (22.77–27.01) 24.71 (22.77–26.95) 25.04 (22.83–27.26) 0.153

Smoking history, n (%) 0.314

 Non-smoker 1625 (73.4) 1228 (74.0) 397 (71.8)

 Smoker 588 (26.6) 432 (26.0) 156 (28.2)

Hypertension, n (%) 0.248

 No 1591 (71.9) 1204 (72.5) 387 (70.0)

 Yes 622 (28.1) 456 (27.5) 166 (30.0)

Diabetes mellitus, n (%) 0.156

 No 1926 (87.0) 1435 (86.4) 491 (88.8)

 Yes 287 (13.0) 225 (13.6) 62 (11.2)

COPD, n (%) 0.804

 No 2191 (99.0) 1644 (99.0) 547 (98.9)

 Yes 22 (1.0) 16 (1.0) 6 (1.1)

Neoadjuvant therapy, n (%) 0.640

 No 2174 (98.2) 1632 (98.3) 542 (98.0)

 Yes 39 (1.8) 28 (1.7) 11 (2.0)

History of thoracic surgery, n (%) 0.255

 No 2187 (98.8) 1638 (98.7) 549 (99.3)

 Yes 26 (1.2) 22 (1.3) 4 (0.7)

FEV1 % predicted (%), median (IQR) 104.46 (93.35–115.58) 104.55 (92.89–115.71) 104.35 (94.63–115.11) 0.674

MVV % predicted (%), median (IQR) 103.15 (90.24–115.63) 102.74 (89.91–115.46) 104.82 (91.18–116.26) 0.201

Blood type, n (%) 0.670

 A 637 (28.8) 479 (28.9) 158 (28.6)

 B 763 (34.5) 578 (34.8) 185 (33.5)

 AB 230 (10.4) 165 (9.9) 65 (11.8)

 O 583 (26.3) 438 (26.4) 145 (26.2)

Lymphocyte (×109/L), median (IQR) 1.78 (1.46–2.18) 1.79 (1.45–2.18) 1.77 (1.49–2.16) 0.791

Albumin (g/L), median (IQR) 59.70 (57.60–61.90) 59.80 (57.60–61.90) 59.70 (57.50–61.90) 0.635

PNI (%), median (IQR) 68.95 (66.05–71.65) 68.95 (66.05–71.60) 68.90 (65.85–71.98) 0.839

ASA score, n (%) 0.185

 I 212 (9.6) 162 (9.8) 50 (9.0)

 II 1934 (87.4) 1454 (87.6) 480 (86.8)

 III 67 (3.0) 44 (2.7) 23 (4.2)

Surgical technique, n (%) 0.200

 RATS 743 (33.6) 545 (32.8) 198 (35.8)

 VATS 1470 (66.4) 1115 (67.2) 355 (64.2)

Surgical procedure, n (%) 0.932

 Sublobar resection 1041 (47.0) 780 (47.0) 261 (47.2)

 Lobectomy 1172 (53.0) 880 (53.0) 292 (52.8)

Surgical range, n (%) 0.256

 Mono-lobe 1909 (86.3) 1424 (85.8) 485 (87.7)

 Multi-lobe 304 (13.7) 236 (14.2) 68 (12.3)

Operation side, n (%) 0.972

 Left-sided 875 (39.5) 656 (39.5) 219 (39.6)

 Right-sided 1338 (60.5) 1004 (60.5) 334 (60.4)
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Identification of risk factors for PAL
Univariate and multivariate logistic regression analyses 
were performed in the training cohort to explore inde-
pendent risk factors for postoperative PAL (Table  3). 
Univariate analysis indicated that age, gender, BMI, 
smoking history, presence of COPD, FEV1% predicted, 
MVV% predicted, ASA score, surgical procedure, surgi-
cal range, operation duration, number of LNs dissected, 
and tumor size were potential risk factors for PAL (P < 
0.05). Further multivariate logistic regression revealed 
that age [odds ratio (OR) = 1.020; 95% confidence inter-
val (CI): 1.004–1.037; P = 0.013], BMI (OR = 0.884; 
95% CI: 0.842–0.928; P < 0.001), Smoking history (OR 
= 1.628; 95% CI: 1.048–2.531; P = 0.030), FEV1% pre-
dicted (OR = 0.991; 95% CI: 0.981–1.000; P = 0.046), 
surgical procedure (lobectomy vs. sublobar resection; 
OR = 2.100; 95% CI: 1.424–3.096; P < 0.001), surgical 
range (multi-lobe vs. mono-lobe; OR = 1.820; 95% CI: 
1.251–2.648; P = 0.002), operation side (right vs. left; OR 
= 0.730; 95% CI: 0.545–0.977; P = 0.035), and operation 
duration (OR = 1.009; 95% CI: 1.005–1.012; P < 0.001) 
were independently associated with the occurrence of 
PAL.

Nomogram construction
All eight independent risk factors for PAL were included 
to build a logistic regression model. Details of the predic-
tive model are presented in Table  4. Based on the coef-
ficients of the multivariate logistic regression model, a 
predictive nomogram for PAL was drawn by using the 
“rms” package of R statistical software (Fig. 2). As shown 
in this nomogram, there were 11 axes in total, and the 
axes 2–9 represented the eight variables in the predic-
tive model. The estimated score of each risk factor could 
be calculated by drawing a perpendicular line to the top 
points axis, and a further summation could be made to 

obtain a total point. The total points axis was then used 
to predict the probability of PAL after minimally invasive 
pulmonary resection. In addition, to facilitate the wide 
use of our predictive nomogram for thoracic surgeons, we 
used the “Dynnom” package to build an operation inter-
face on a web page (https:// liron gyang ql. shiny apps. io/ 
PAL_ DynNom/) to calculate the probability of PAL. By 
entering or choosing a patient’s preoperative and intraop-
erative characteristics, the user can obtain the predictive 
probability of PAL after minimally invasive pulmonary 
resection.

Predictive performance and validation of the PAL 
nomogram
The discrimination capacity of the predictive model and 
nomogram was evaluated by the ROC curve (Fig. 3). The 
area under the ROC curve (AUC) was 0.7315 (95% CI: 
0.6979–0.7651) for the training cohort and 0.7325 (95% 
CI: 0.6743–0.7906) for the validation cohort, indicating a 
relatively good prediction accuracy of the nomogram. The 
optimal cutoff value of the estimated probability of PAL 
was approximately 16%, and the sensitivity and specificity 
were 0.649 and 0.708 respectively (see Additional file 1). 
The Hosmer-Lemeshow test and calibration plot were 
used to assess the calibration power. The P value of the 
Hosmer-Lemeshow test was 0.388 for the training cohort 
and 0.577 for the validation cohort, which suggested 
an insignificant difference between the predicted prob-
abilities and actual observed probabilities. The calibra-
tion plots for both the training (Fig. 4A) and the validation 
cohorts (Fig.  4B) also demonstrated a good calibration 
of the predictive nomogram. In addition, the predicted 
PAL probabilities of different risk categories based on 
the nomogram were closely consistent with the actual 
observed PAL rates in the validation cohort, as shown in 
Table 5.

IQR interquartile range, BMI body mass index, COPD chronic obstructive pulmonary diseases, FEV1 forced expiratory volume in one second, MVV maximal voluntary 
ventilation, PNI prognostic nutritional index, ASA American Society of Anesthesiologists, RATS robotic-assisted thoracic surgery, VATS video-assisted thoracic surgery, 
LN lymph node
†  P-value for the comparison between training cohort and validation cohort

Table 1 (continued)

Characteristics All cohort
(n = 2213)

Training cohort
(n = 1660)

Validation cohort
(n = 553)

P †

Operation duration (min), median (IQR) 90.00 (70.00–120.00) 90.00 (70.00–120.00) 90.00 (70.00–115.00) 0.181

Number of LNs dissected, median (IQR) 6.00 (4.00–10.00) 6.00 (4.00–10.00) 6.00 (4.00–10.00) 0.941

Tumor size (cm), median (IQR) 1.40 (1.00–2.00) 1.40 (1.00–2.00) 1.50 (1.00–2.00) 0.885

Prolonged air leak 0.662

 No 1872 (84.6) 1401 (84.4) 471 (85.2)

 Yes 341 (15.4) 259 (15.6) 82 (14.8)

https://lirongyangql.shinyapps.io/PAL_DynNom/
https://lirongyangql.shinyapps.io/PAL_DynNom/
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Table 3 Univariate and multivariate logistic regression analysis of risk factors for PAL in the training cohort

Variables PAL rate (%) Univariate analysis Multivariate analysis

OR 95% CI P OR 95% CI P

Age 15.6 1.029 1.016–1.043 < 0.001 1.020 1.004–1.037 0.013

Gender < 0.001 0.819

 Female 12.7 Ref. Ref.

 Male 19.6 1.665 1.276–2.174 0.951 0.619–1.462

BMI 15.6 0.914 0.875–0.955 < 0.001 0.884 0.842–0.928 < 0.001

Smoking history < 0.001 0.030

 Non-smoker 12.5 Ref. Ref.

 Smoker 24.3 2.239 1.697–2.955 1.628 1.048–2.531

Hypertension 0.299

 No 15.0 Ref.

 Yes 17.1 1.166 0.872–1.559

Diabetes mellitus 0.996

 No 15.6 Ref.

 Yes 15.6 0.996 0.676–1.467

COPD 0.022 0.080

 No 15.4 Ref. Ref.

 Yes 37.5 3.299 1.188–9.157 2.836 0.883–9.107

Neoadjuvant therapy 0.063 0.753

 No 15.4 Ref. Ref.

 Yes 28.6 2.201 0.959–5.052 0.862 0.343–2.165

History of thoracic surgery 0.404

 No 15.7 Ref.

 Yes 9.1 0.537 0.125–2.313

FEV1 % predicted 15.6 0.983 0.976–0.991 < 0.001 0.991 0.981–1.000 0.046

MVV% predicted 15.6 0.989 0.983–0.996 0.002 0.999 0.994–1.004 0.639

Blood type 0.195 0.166

 A 17.3 Ref. Ref.

 B 15.2 0.857 0.617–1.189 0.877 0.618–1.244

 AB 10.3 0.548 0.315–0.955 0.509 0.282–0.919

 O 16.2 0.923 0.652–1.306 0.912 0.627–1.326

Lymphocyte 15.6 0.804 0.631–1.023 0.076 0.902 0.697–1.168 0.433

Albumin 15.6 1.015 0.986–1.046 0.313

PNI 15.6 0.999 0.975–1.024 0.955

ASA score 0.007 0.264

 I 11.7 Ref. Ref.

 II 15.5 1.385 0.841–2.282 0.879 0.497–1.555

 III 31.8 3.512 1.587–7.775 1.590 0.622–4.063

Surgical technique 0.316

 RATS 16.9 Ref.

 VATS 15.0 0.867 0.657–1.145

Surgical procedure < 0.001 < 0.001

 Sublobar resection 8.7 Ref. Ref.

 Lobectomy 21.7 2.903 2.159–3.902 2.100 1.424–3.096

Surgical range 0.001 0.002

 Mono-lobe 14.4 Ref. Ref.

 Multi-lobe 22.9 1.764 1.258–2.473 1.820 1.251–2.648

Operation side 0.141 0.035

 Left-sided 17.2 Ref. Ref.
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Clinical utility of the predictive nomogram
DCA was applied to evaluate the clinical utility of the 
predictive nomogram (Fig.  5). The results showed that 
the nomogram provided a greater net benefit with a 
wider range of threshold probabilities for predicting 
the risk of PAL in both the training and the validation 
cohorts, suggesting that the nomogram was clinically 
useful and could enable surgeons to make better clinical 
decisions.

Discussion
PAL remains one of the most frequent complications 
after lung surgery, with a reported incidence of approxi-
mately 5% to 30% [4–6]. Although minimally invasive 
surgical techniques have been relatively developed, 

PAL is still common, leading to a longer hospital stay, 
increased financial cost, and higher risk of postoperative 
infection [6, 8, 9]. In this study, we developed a clinical 
prediction model and devised a nomogram with good 
predictive performance for PAL after minimally invasive 
pulmonary resection. The probability of PAL for indi-
vidual patients could be estimated using this predictive 
nomogram, and preventive measures could be adopted in 
advance for high-risk patients.

Prolonged parenchymal air leakage is often caused 
by impaired healing of damaged alveoli, which is usu-
ally associated with poor lung alignment with the 
parietal pleura [23]. In recent years, several effective 
innovations in techniques to deal with PAL intraop-
eratively and postoperatively have emerged, including 

PAL prolonged air leak, BMI body mass index, COPD chronic obstructive pulmonary diseases, FEV1 forced expiratory volume in one second, MVV maximal voluntary 
ventilation, PNI prognostic nutritional index, ASA American Society of Anesthesiologists, RATS robotic-assisted thoracic surgery, VATS video-assisted thoracic surgery, 
LN lymph node

Table 3 (continued)

Variables PAL rate (%) Univariate analysis Multivariate analysis

OR 95% CI P OR 95% CI P

 Right-sided 14.5 0.818 0.625–1.069 0.730 0.545–0.977

Operation duration 15.6 1.012 1.009–1.016 < 0.001 1.009 1.005–1.012 < 0.001

Number of LN dissected 15.6 1.076 1.051–1.102 < 0.001 1.019 0.989–1.050 0.224

Tumor size 15.6 1.340 1.210–1.484 < 0.001 1.038 0.921–1.171 0.539

Table 4 Details of the predictive model to calculate the probability of PAL

PAL prolonged air leak, BMI body mass index, FEV1 forced expiratory volume in one second, SE standard error, OR odds ratio, CI confidence interval. Probability of PAL 
could be calculated by using the following formula: ln (p/1 − p) = 0.024 × age – 0.125 × BMI + 0.482 × smoking history (non-smoker = 0; smoker = 1) – 0.012 × 
FEV1% predicted + 0.870 × surgical procedure (sublobectomy = 0; lobectomy = 1) + 0.596 × surgical range (mono-lobe = 0; multi-lobe = 1) – 0.315 × operation 
side (left = 0; right = 1) + 0.009 × operation duration – 0.276

Risk factors Coefficient SE OR (95% CI) P

Intercept − 0.276 0.849 0.759 0.745

Age 0.024 0.007 1.024 (1.009–1.038) 0.001

BMI − 0.125 0.024 0.883 (0.842–0.926) < 0.001

Smoking history 0.002

 Non-smoker Ref.

 Smoker 0.482 0.158 1.620 (1.188–2.208)

FEV1% predicted − 0.012 0.004 0.988 (0.980–0.996) 0.004

Surgical procedure < 0.001

 Sublobectomy Ref.

 Lobectomy 0.870 0.165 2.388 (1.730–3.296)

Surgical range 0.002

 Mono-lobe Ref.

 Multi-lobe 0.596 0.188 1.814 (1.255–2.623)

Operation side 0.032

 Left-sided Ref.

 Right-sided − 0.315 0.147 0.730 (0.547–0.972)

Operation duration 0.009 0.002 1.009 (1.005–1.012) < 0.001
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fibrin sealants, pleural tents, water seal or suction, 
doxycycline pleurodesis, digital chest drainage system, 
and endobronchial valves [4, 11, 24–28]. Although 
these procedures can reduce the incidence of postop-
erative PAL, the routine use of these adjuncts might 
result in an increase of unnecessary cost and the waste 
of medical resources [29]. Therefore, a clinical predic-
tion tool that can identify those patients with a high 
risk of PAL might guide the doctors to selectively use 
these adjuncts.

A large number of risk factors for PAL after lung sur-
gery have been identified by prior studies [5–7, 30]. 
However, no studies have focused on the risk factors 
for PAL after minimally invasive pulmonary resection. 
Consistent with previous risk factor studies, we identi-
fied five independent risk factors for PAL: advanced age, 
low BMI, low FEV1% predicted, lobectomy, and smok-
ing history. Age is an important factor affecting physi-
cal condition of the patients. Elderly patients usually 
have poor wound healing ability, and thus they are more 
prone to PAL [14, 31]. Overweight and obese patients 
are less likely to develop PAL due to their better nutri-
tional status and intrathoracic milieu that favors sealing 
of lung parenchymal defects [12, 32]. Low FEV1% pre-
dicted and smoking history are closely associated with 
poor lung function, including reduced lung compliance 
and increased airway resistance, which could impair the 
recovering from lung injury [14, 33]. It is worth noting 
that we found that patients who underwent multi-lobar 

pulmonary resection were more likely to develop PAL. 
The lower level of pleural pressure caused by less resec-
tion of lung parenchyma during sublobar or mono-lobar 
resection might lead to a reduced risk of PAL [34]. The 
pleura is usually supported by the chest wall and by 
adhesions to the chest wall, thereby relieving pleural 
stress [35]. There will be less support and adhesion of 
the chest wall to the pleura if more lung parenchyma is 
removed, and the pleural pressure will increase corre-
spondingly, thereby increasing the risk of PAL. Unlike 
the previous study performed by Attaar et al, we found 
that patients undergoing left-sided surgery were at 
higher risk of PAL compared with right-sided sur-
gery. This might be due to the longer and hypoplastic 
oblique fissure of the left lung, resulting in greater dam-
age to the pulmonary parenchyma during surgery [36, 
37]. Interestingly, we first found that prolonged opera-
tion duration was an independent risk factor for PAL. 
Longer operation duration often means greater diffi-
culty in surgery and more damage to lung tissue, which 
might increase the risk of PAL. In addition, the dura-
tion of lobectomy and multi-lobar pulmonary resection 
tends to be longer.

Although several models for predicting PAL have 
been reported previously [12–18], no model has been 
focused on predicting the risk of PAL after minimally 
invasive pulmonary resection. Compared with pre-
viously published predictive models for PAL, ours 
has the following advantages. First, we visualized 

Fig. 2 A nomogram for prediction of PAL risk after minimally invasive pulmonary resection. Draw a vertical line from the corresponding axis of 
each variable to the points axis to acquire the point of this variable. Make a summation of the points for each variable to yield a total score, and 
the probability of PAL could be estimated by projecting the total score to the lower total point axis. BMI, body mass index; FEV1, forced expiratory 
volume in one second; PAL, prolonged air leak



Page 11 of 15Li et al. World Journal of Surgical Oncology          (2022) 20:249  

this predictive model as a nomogram and then built 
an operation interface for our nomogram on the web 
page (https:// liron gyang ql. shiny apps. io/ PAL_ Dyn-
Nom/), which greatly optimized the calculation pro-
cess and improved the clinical usability of this model 
[38]. Second, we did not include patients undergoing 
thoracotomy and constructed a risk prediction model 
for predicting PAL after minimally invasive pulmonary 
resection for the first time. In an era of minimally inva-
sive pulmonary resection as the mainstream surgical 
procedure, the clinical utility of our model might be 
better. Third, we developed a clinical model to predict 
the risk of PAL using preoperative and intraoperative 
characteristics without taking the patient’s histopatho-
logical information into account. Although the patho-
logical type and stage might be associated with the 
incidence of postoperative PAL [5], the histopatho-
logical results are usually not available prior to surgery 
and PAL often already occurs by the time we obtain 

the pathological results after surgery. With this model, 
we could identify high-risk patients at the end of sur-
gery and intervene as early as possible to avoid PAL. 
Fourth, we investigated some intraoperative character-
istics that have rarely been explored in previous studies 
but might be closely related to PAL (such as operation 
duration, number of LN dissected, and tumor size), and 
incorporated operation duration into the final model. 
In addition, unlike previous studies, we did not con-
vert continuous variables (such as age, BMI, FEV1% 
predicted, and operation duration) to categorical vari-
ables, which provided our model with much greater 
discrimination accuracy between patients. Finally, we 
performed DCA to evaluate the clinical utility of the 
predictive nomogram [22]. The decision curve demon-
strated an obvious net benefit of the nomogram model 
within the threshold range of 5–30% (incidence of PAL 
reported in prior literature), indicating a great clinical 
utility of this nomogram.

Fig. 3 ROC curves of the nomogram for predicting PAL in the training and validation cohorts. ROC, receiver operating characteristic; AUC, areas 
under the ROC curve; PAL, prolonged air leak

https://lirongyangql.shinyapps.io/PAL_DynNom/
https://lirongyangql.shinyapps.io/PAL_DynNom/
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The clinical prediction nomogram constructed in this 
study could assist thoracic surgeons in assessing the risk 
of PAL in patients after minimally invasive pulmonary 
resection using preoperative and intraoperative charac-
teristics and then make better clinical decisions. Preven-
tive interventions could be applied to high-risk patients 
to reduce the incidence of PAL, while the potential harm 
and increased costs caused by overtreatment could be 
avoided for low-risk patients. For example, if the individ-
ual is identified as a high-risk patient at the end of the sur-
gery, fibrin sealants or pleural tents could be immediately 
used to reduce the incidence of PAL. And digital chest 
drainage system and endobronchial valves could also 
be applied as early as possible to high-risk patients after 
surgery to avoid PAL. In our institution, we usually use 
the digital chest drainage system for high-risk patients or 

patients with suspected PAL to avoid the occurrence of 
PAL, which has achieved satisfactory outcomes. In addi-
tion, better preoperative patient counseling could be also 
achieved by informing high-risk patients of the possibil-
ity of stricter chest tube management, longer hospital 
length of stay, and higher hospitalization costs.

This study has several limitations that should be con-
sidered. First, the single-center retrospective nature of 
this study might limit the generalization ability of our 
predictive nomogram, and some uncontrolled confound-
ers might also arise. In addition, the predictive model was 
only internally validated, thus the selection biases present 
in the training cohort might also be present in the valida-
tion cohort. Further external validation in a multicenter 
setting is required to determine whether this nomogram 
could be widely used in other populations. Finally, some 

Fig. 4 Calibration curves of the prediction nomogram in the training cohort (A) and validation cohort (B). The x-axis represents the 
nomogram-predicted probability, and the y-axis represents the actual probability of PAL. The black pointed line represents the ideal curve, the red 
solid line represents the apparent curve (non-correction), and the blue solid line represents the bias-correction curve by bootstrapping (B = 1000 
repetitions). PAL, prolonged air leak

Table 5 Risk categories of PAL in validation cohort

PAL prolonged air leak

Risk categories Predicted PAL risk (%) Number of patients in validation 
cohort (n)

Incidence of PAL (n) Observed 
frequency of 
PAL (%)

Low risk < 10% 225 15 6.7

Intermediate risk 10%-20% 186 25 13.4

High risk >20% 142 42 29.6
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factors that may be associated with PAL were not con-
sidered, such as pleural adhesion, diffusing capacity of 
carbon monoxide, surgeons’ experience and radiographic 
imaging characteristics, which were not available in our 
database and could be investigated in future research. 
Despite the above limitations, the independent risk fac-
tors for PAL identified in this study and the predictive 
nomogram constructed in this study could provide the 
reference for thoracic surgeons’ clinical decision-making 
and pave the way for future research in this field.

Conclusion
We developed a clinical nomogram for the prediction of 
PAL after minimally invasive pulmonary resection based 
on preoperative and intraoperative characteristics, and the 
nomogram achieved good predictive performance for PAL. 
The risk of PAL for individual patients can be estimated 

by using this nomogram, and preventive measures may be 
adopted in advance for those high-risk patients.
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