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Abstract

BACKGROUND

There are factors that significantly increase the risk of postoperative pulmonary
infections in patients with primary hepatic carcinoma (PHC). Previous reports
have shown that over 10% of patients with PHC experience postoperative pul-
monary infections. Thus, it is crucial to prioritize the prevention and treatment of
postoperative pulmonary infections in patients with PHC.

AIM
To identify the risk factors for postoperative pulmonary infection in patients with
PHC and develop a prediction model to aid in postoperative management.

METHODS

We retrospectively collected data from 505 patients who underwent hepatobiliary
surgery between January 2015 and February 2023 in the Department of Hepato-
biliary and Pancreaticospleen Surgery. Radiomics data were selected for statistical
analysis, and clinical pathological parameters and imaging data were included in
the screening database as candidate predictive variables. We then developed a
pulmonary infection prediction model using three different models: An artificial
neural network model; a random forest model; and a generalized linear regression
model. Finally, we evaluated the accuracy and robustness of the prediction model
using the receiver operating characteristic curve and decision curve analyses.

RESULTS

Among the 505 patients, 86 developed a postoperative pulmonary infection,
resulting in an incidence rate of 17.03%. Based on the gray-level co-occurrence
matrix, we identified 14 categories of radiomic data for variable screening of
pulmonary infection prediction models. Among these, energy, contrast, the sum
of squares (SOS), the inverse difference (IND), mean sum (MES), sum variance
(SUV), sum entropy (SUE), and entropy were independent risk factors for
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pulmonary infection after hepatectomy and were listed as candidate variables of machine learning prediction
models. The random forest model algorithm, in combination with IND, SOS, MES, SUE, SUV, and entropy,
demonstrated the highest prediction efficiency in both the training and internal verification sets, with areas under
the curve of 0.823 and 0.801 and a 95% confidence interval of 0.766-0.880 and 0.744-0.858, respectively. The other
two types of prediction models had prediction efficiencies between areas under the curve of 0.734 and 0.815 and
95% confidence intervals of 0.677-0.791 and 0.766-0.864, respectively.

CONCLUSION

Postoperative pulmonary infection in patients undergoing hepatectomy may be related to risk factors such as IND,
SOS, MES, SUE, SUV, energy, and entropy. The prediction model in this study based on diffusion-weighted
images, especially the random forest model algorithm, can better predict and estimate the risk of pulmonary
infection in patients undergoing hepatectomy, providing valuable guidance for postoperative management.

Key Words: Primary hepatic carcinoma; Pulmonary infection; Gray-level co-occurrence matrix; Machine learning; Prediction

©The Author(s) 2023. Published by Baishideng Publishing Group Inc. All rights reserved.

Core Tip: Identifying risk factors for postoperative pulmonary infection in patients with primary hepatic carcinoma can
improve the level of prevention and clinical treatment, ultimately reducing or even avoiding the occurrence of postoperative
infection complications, reducing treatment time and costs, and improving patient efficacy and prognosis. The prediction
model developed in our study provides valuable guidance for clinicians in predicting the risk of pulmonary infection and
effectively preventing, diagnosing, and treating postoperative infection in patients with primary hepatic carcinoma, leading
to an improved patient prognosis.

Citation: Lu C, Xing ZX, Xia XG, Long ZD, Chen B, Zhou P, Wang R. Development and validation of a postoperative pulmonary
infection prediction model for patients with primary hepatic carcinoma. World J Gastrointest Oncol 2023; 15(7): 1241-1252
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INTRODUCTION

Primary hepatic carcinoma (PHC) is a widespread malignant tumor with high incidence and mortality rates that poses a
serious threat to human health worldwide. Surgical treatment remains the most effective treatment option for PHC[1].
However, postoperative infections, including surgical site and pulmonary infections, are among the main complications
following surgery[2,3]. Patients with PHC are often accompanied by malnutrition, weakened immunity, and sputum
accumulation in the respiratory tract due to prolonged bed rest and increased chronic consumption after surgery[4].
These factors significantly increase the risk of postoperative pulmonary infections in patients with PHC. Previous reports
have shown that over 10% of patients with PHC experience postoperative pulmonary infections[5]. Thus, it is crucial to
prioritize the prevention and treatment of postoperative pulmonary infections in patients with PHC.

Previous studies have shown that the causes of postoperative pulmonary infection in patients with PHC are related to
the condition, respiratory microbiota, anesthesia-related factors, intraoperative procedures, and postoperative care of the
patients. Of these factors, intraoperative procedures and the condition of the patients are considered the main triggers|[2,
6]. However, preoperative indicators that could be effective in preventing postoperative pulmonary infections and
predictive models for such infections are still lacking. With the vigorous popularization of information technology in
clinical practice, vast amounts of patient imaging data are now available, providing doctors with crucial objective data for
clinical diagnosis, disease tracking, and surgical planning[7,8].

In this context, this study aimed to extract the texture features of radiomics of patients with PHC using a gray-level co-
occurrence matrix (GLCM) to develop a predictive model to aid doctors in clinical decision-making and medical resource
allocation for early interventions and treatments.

MATERIALS AND METHODS
Study population

We conducted a retrospective study on 505 patients with PHC who underwent surgical treatment at Jing Zhou Hospital
between January 2015 and February 2023. The study included patients who met the following criteria: (1) Patients who
met the diagnostic criteria for PHC (2011 version); (2) Patients with no distant liver cancer metastasis and feasible liver
cancer radical surgery; (3) Patients who were confirmed by preoperative imaging to have no pulmonary infection; and (4)
Patients whose postoperative adjuvant treatment and follow-up examinations were conducted in the same hospital.
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Exclusion criteria included: (1) Patients with Child-Pugh grade C; (2) Patients with preoperative pulmonary disease; (3)
Patients with other malignant tumors who have a history of chest trauma, surgery, and radiation chemotherapy; (4)
Patients with a history of chronic respiratory diseases in the past; and (5) Patients who had not undergone liver and
abdominal magnetic resonance imaging (MRI) examinations or whose imaging data collection was incomplete upon
admission. As this was a retrospective chart review, informed written consent was not required in accordance with
institutional review board policy, and the research scheme was implemented following the artificial intelligence model
training specifications of the unit. All personal information of the patients was encrypted to prevent leakage and
exempted from informed consent by the above ethics committee. The process of patient selection and development of the
prediction model is shown in Figure 1.

Diagnostic criteria for postoperative pulmonary infection

In this study, postoperative pulmonary infection was diagnosed based on the following criteria: (1) Positive sputum
culture after surgery; and (2) Identification of abnormal lung inflammatory rales upon lung auscultation. Both criteria
need to be met in order for the diagnosis to be made.

Acquisition of MRI-based radiomics parameters

A GE Signa HD (3.0T) MR scanner was used in this study. The scanning sequence and parameter settings were as follows:
Transverse fast spin echo T1-weighted imaging (repetition time, 400-620 ms, echo time, 10-16 ms); transverse, coronal,
and sagittal plane fluid-sensitive proton density-weighted imaging (repetition time, 1800-3400 ms, echo time, 24-34 ms);
layer thickness of 3-5 mm, layer spacing of 2 mm, matrix of 320 x (192-320) x 256, and field of view of 16 cm % (16-22) cm
x 22 cm. We exported the MRI data of all patients in bitmap image file format from the picture archiving and
communication system workstation for analysis. To ensure the reliability of the research results, we unified the window
width or window level of T1-weighted imaging and fluid-sensitive proton density-weighted images at 1240/460 and
1050/ 340, respectively, when exporting the imaging data. Two experienced MRI diagnostic physicians selected a total of
three layers of images to display the characteristics of the lesion, including the largest and consecutive layers, for
measurement and analysis. We selected a sequence that displayed clear lesion boundaries to determine the lesion range
as a reference standard and kept the region of interest (ROI) of other sequences consistent with it.

Training and verification of the segmentation model

With the guidance of two senior physicians, one physician manually delineated the ROI along the lesion boundary,
covering the maximum layer of the lesion and one layer before and after the lesion. A total of three layers of images were
used for calculating texture parameters. The average value was taken, and subsequent analysis was performed using
MaZda software (available from: http:/ /www .ele-tel.p.lodz.pl/mazda). To reduce bias caused by changes in brightness
and contrast during result analysis, the grayscale of the image was standardized before extracting texture features. The
MaZda software was used to calculate histogram and GLCM parameters within the ROI, including energy, contrast,
correlation, the sum of squares (SOS), an inverse difference (IND), mean sum (MES), sum variance (SUV), sum entropy
(SUE), entropy, and difference variance and entropy.

Analysis and evaluation of the pulmonary infection prediction model

All patients included in this study were randomly assigned to a model training set and an internal validation set at a 7:3
ratio. In the early stages of candidate variable selection, least absolute shrinkage and selection operator (LASSO)
regression with minimum penalty coefficient and Pearson correlation coefficient were used to select variables that could
ultimately be used to develop pulmonary infection prediction models. Three prediction models with different algorithms
were developed, namely the artificial neural network model (ANNM), the random forest model (RFM), and the
generalized linear regression model (GLRM)[9-12]. Additionally, LASSO was selected to develop a classification model
for predicting pulmonary infection based on MRI images[13]. The effectiveness evaluation of each model mainly included
decision curve analysis (DCA)[14], area under the receiver operating characteristic curve, and clinical influence curve[15].

Statistical analysis

The Wilcoxon rank-sum test or f-test was used to compare continuous variables, while the y* test was used to compare
categorical variables. Pearson’s correlation coefficients were used to assess the correlation between two continuous
variables[16]. The charts in this study were analyzed visually using R Studio software (available from: https:/ /www.r-
project.org/). Statistical significance was defined as a two-tailed P value of < 0.05.

RESULTS

Clinical characteristics of patients with PHC with or without pulmonary infection

In the study, a total of 505 patients with PHC were included in the development of the pulmonary infection prediction
models. Of these, 86 patients developed postoperative pulmonary infections and were categorized as the infected group,
while 419 patients who did not have postoperative infections were included in the non-infected group. The incidence
rates of postoperative pulmonary infection in the training and validation sets were 17.28% (61/353) and 16.45% (25/152),
respectively. The specific surgical procedures performed included left hepatectomy, left hepatectomy and
cholecystectomy, right hepatectomy, right hepatectomy and cholecystectomy, left hepatectomy and biliary drainage, right
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Figure 1 Flow chart of patient selection and data process. MRI: Magnetic resonance imaging.

hepatectomy, intraoperative radiofrequency therapy, and left hepatectomy. All patients with pulmonary infections
improved after receiving treatment such as anti-inflammatory drugs and thoracic puncture drainage, and no other
pulmonary complications occurred. The baseline data and radiomics-related extracted variables of the two groups of
patients with PHC were summarized in Table 1 and Supplementary Table 1.

Features selected by LASSO regression analysis

As the included candidate variables were inevitably biased and had a non-normal distribution, we added penalty terms
to the loss function (i.e., optimization goal) during the training and parameter-solving processes. This allowed the size of
the coefficient to be considered. By setting a reduction coefficient (penalty coefficient), the coefficient of features with less
impact was reduced to zero, retaining only important features, which is known as LASSO regression. Specifically, cross-
validation was performed on all candidate parameters, and a dashed line was drawn at the optimal parameter (i.e., nine
for non-zero parameters) to indicate the best-fit LASSO regression model. In the subsequent prediction model analysis,
the optimal lambda value selected was substituted into the LASSO coefficient curve containing 18 variables, including 11
independent variables. This was used to develop an independent variable for predicting the risk propensity of
postoperative pulmonary infection (Figure 2).

Development of a nomogram using GLRM analysis

As shown in Supplementary Table 2, we conducted a multivariate logistic regression analysis on all included candidate
variables and found that seven variables were independent risk factors for postoperative pulmonary infection, including
IND, SOS, MES, SUE, SUV, energy, and entropy. Based on the Akaike information criterion, we developed a predictive
model for postoperative pulmonary infection and a nomogram (Figure 3). The nomogram showed the overall variables
included in the prediction model on the left side, and each variable was assigned a scale value. The total score can be
obtained by assigning scores to each variable for the included patients. Finally, the probability of pulmonary infection in
patients can be evaluated based on the corresponding risk scale value of the total score. Moreover, the C-index value,
which was verified internally by the bootstrap method, was 0.785, indicating good clinical applicability.

Development of the machine learning-based pulmonary infection prediction model

RFM and ANNM are the most widely used machine learning algorithms in various fields, including healthcare[9]. In this
study, four supervised learning algorithms were used to develop the pulmonary infection model. As shown in
Supplementary Table 3, top-ranking weight values in the RFM prediction model were obtained for energy, entropy, and
variance, indicating their potential as candidate variables for REM-based prediction of pulmonary infection (Figure 4A).
Consequently, in ANNM, energy, entropy, SUV, SUE, IND, MES, contrast, and SOS also served as candidate variables for
predicting pulmonary infection, and their assignments in the two different algorithm prediction models were inconsistent
(Figure 4B, Supplementary Table 4).

Performance of pulmonary infection prediction models

The receiver operating characteristic curves were drawn to evaluate the predictive efficacy of each risk factor and the
nomogram model. The receiver operating characteristic curve showed that the RFM model had higher predictive efficacy
in both training and verification sets than the ANNM model, with areas under the curve of 0.823 and 0.801 and a 95%
confidence interval (CI) of 0.766-0.880 and 0.744-0.858, respectively, compared to areas under the curve 0.815 and 0.787
and 95%Cls of 0.766-0.864 and 0.738-0.836, respectively, for the ANNM model. The predictive performance of
preoperative GLCM-based radiomics for pulmonary infection was provided in Table 2. The prediction efficiency of the
pulmonary infection prediction model for patients with PHC developed by a machine learning (ML)-based algorithm was
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Table 1 Baseline demographic and radiomics of patients with primary hepatic carcinoma

Training cohort Testing cohort
Variables Overall, n= Infection,n=  Non-infection, PValue OQverall, n= Infection,n= Non-infection, P value
353 61 n=292 152 25 n=127
Ageinyr
> 60 240 (68.0) 37 (60.7) 203 (69.5) 0.231 109 (71.7) 16 (64.0) 93 (73.2) 0.488
<60 113 (32.0) 24 (39.3) 89 (30.5) 43 (28.3) 9 (36.0) 34 (26.8)
Sex
Male 234 (66.3) 39 (63.9) 195 (66.8) 0.78 106 (69.7) 18 (72.0) 88 (69.3) 0.975
Female 119 (33.7) 22 (36.1) 97 (33.2) 46 (30.3) 7 (28.0) 39 (30.7)
BMI
<185 47 (13.3) 10 (16.4) 37 (12.7) 0.877 20 (13.2) 4(16.0) 16 (12.6) 0.627
18.5-23.9 121 (34.3) 21 (34.4) 100 (34.2) 54 (35.5) 6 (24.0) 48 (37.8)
24.0-27.9 97 (27.5) 16 (26.2) 81 (27.7) 47 (30.9) 9 (36.0) 38 (29.9)
2280 88 (24.9) 14 (23.0) 74 (25.3) 31 (20.4) 6 (24.0) 25 (19.7)
Smoking
Yes 114 (32.3) 19 (31.1) 95 (32.5) 0.952 63 (41.4) 14 (56.0) 49 (38.6) 0.163
No 239 (67.7) 42 (68.9) 197 (67.5) 89 (58.6) 11 (44.0) 78 (61.4)
Drinking
Yes 100 (28.3) 18 (29.5) 82 (28.1) 0.945 56 (36.8) 8 (32.0) 48 (37.8) 0.747
No 253 (71.7) 43 (70.5) 210 (71.9) 96 (63.2) 17 (68.0) 79 (62.2)
History of
hepatitis B
Yes 134 (38.0) 27 (44.3) 107 (36.6) 0332 58 (38.2) 10 (40.0) 48 (37.8) 1.000
No 219 (62.0) 34 (55.7) 185 (63.4) 94 (61.8) 15 (60.0) 79 (62.2)
History of
hepatitis C
Yes 129 (36.5) 22 (36.1) 107 (36.6) 1 50 (32.9) 9 (36.0) 41 (32.3) 0.898
No 224 (63.5) 39 (63.9) 185 (63.4) 102 (67.1) 16 (64.0) 86 (67.7)
Hypertension
Yes 110 (31.2) 19 (31.1) 91 (31.2) 1 57 (37.5) 11 (44.0) 46 (36.2) 0.611
No 243 (68.8) 42 (68.9) 201 (68.8) 95 (62.5) 14 (56.0) 81 (63.8)
Diabetes
Yes 119 (33.7) 21 (34.4) 98 (33.6) 1 52 (34.2) 9 (36.0) 43 (33.9) 1.000
No 234 (66.3) 40 (65.6) 194 (66.4) 100 (65.8) 16 (64.0) 84 (66.1)
Cirrhosis
Yes 176 (49.9) 32 (52.5) 144 (49.3) 0.76 68 (44.7) 7 (28.0) 61 (48.0) 0.105
No 177 (50.1) 29 (47.5) 148 (50.7) 84 (55.3) 18 (72.0) 66 (52.0)
Child-Pugh
A 253 (71.7) 39 (63.9) 214 (73.3) 0.187 102 (67.1) 14 (56.0) 88 (69.3) 0.289
B 100 (28.3) 22 (36.1) 78 (26.7) 50 (32.9) 11 (44.0) 39 (30.7)
AFP inmg/L
<100 206 (58.4) 27 (44.3) 179 (61.3) 0.021 89 (58.6) 11 (44.0) 78 (61.4) 0.163
>100 147 (41.6) 34 (55.7) 113 (38.7) 63 (41.4) 14 (56.0) 49 (38.6)
Buisnidenge WJGO | https:/ /www.wijgnet.com 1245 July 15,2023 | Volume15 | Issue7 |
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HBV DNA
Negative 233 (66.0) 41 (67.2) 192 (65.8) 0.944 106 (69.7) 15 (60.0) 91 (71.7) 0357
Positive 120 (34.0) 20 (32.8) 100 (34.2) 46 (30.3) 10 (40.0) 36 (28.3)

Tumor size in cm

<4 203 (57.5) 24 (39.3) 179 (61.3) 0.003 83 (54.6) 6 (24.0) 77 (60.6) 0.002

>4 150 (42.5) 37 (60.7) 113 (38.7) 69 (45.4) 19 (76.0) 50 (39.4)

Treatment

Laparoscopic 95 (26.9) 17 (27.9) 78 (26.7) 0.979 45 (29.6) 8 (32.0) 37(29.1) 0.962

Open 258 (73.1) 44 (72.1) 214 (73.3) 107 (70.4) 17 (68.0) 90 (70.9)

LNM

Yes 108 (30.6) 17 (27.9) 91 (31.2) 0.722 48 (31.6) 7 (28.0) 41 (32.3) 0.853

No 245 (69.4) 44 (72.1) 201 (68.8) 104 (68.4) 18 (72.0) 86 (67.7)

Energy 448 (2.97,5.91) 9.05(7.07,10.30) 4.02 (2.62, 5.26) <0.001 4.52(2.74,6.02) 8.82(6.99,10.91) 4.01 (2.45,5.38) <0.001

Contrast 351.00 (316.00,  289.00 (275.00, 360.00 (334.00, <0.001 347.00 (319.50,  306.00 (275.00, 355.00 (331.00, <0.001
384.00) 301.00) 391.75) 381.00) 317.00) 388.00)

Correlation 16.39 (12.49, 13.77 (11.43, 16.70 (13.04, 0.006 16.63 (12.02, 18.08 (14.70, 16.07 (11.96, 0.093
20.01) 19.07) 20.11) 20.33) 21.30) 20.02)

SOS 0.89(0.71,1.08) 2.38 (2.01,2.97)  0.83 (0.69, 0.97) <0.001 0.86 (0.73,1.06) 2.61 (2.11,3.06)  0.84 (0.69, 0.96) <0.001

IND 1.46 (1.17,1.85) 3.43 (2.83,4.07) 1.38 (1.12,1.67) <0.001 1.52(1.15,1.90) 3.73 (3.11,4.11)  1.44 (1.12,1.69) <0.001

MES 2.77 (1.95,3.47) 5.24 (4.60,5.92)  2.50 (1.86, 3.12) <0.001 2.55(1.96,3.47) 4.90(4.21,5.93)  2.38 (1.89, 3.04) <0.001

SUVv 20.10 (15.70, 56.00 (39.50, 18.60 (15.20, <0.001 21.60 (16.67, 61.80 (39.00, 19.50 (15.70, <0.001
25.60) 72.00) 22.83) 25.22) 70.10) 23.65)

SUE 21.80 (16.60, 45.30 (37.20, 19.85 (16.10, <0.001 21.40 (15.97, 46.60 (35.20, 20.00 (15.45, <0.001
27.00) 55.10) 24.00) 26.40) 53.30) 24.35)

Entropy 0.84 (0.62,1.07) 2.07 (1.51,2.44)  0.76 (0.58, 0.94) <0.001 0.82(0.60,1.10) 1.84 (1.45,2.03)  0.73 (0.56, 0.94) <0.001

DIV 316.00 (210.00,  295.00 (193.00, 318.50 (224.50, 0.411 296.50 (196.50,  300.00 (191.00, 296.00 (207.50, 0.800
404.00) 402.00) 404.00) 391.75) 362.00) 400.50)

DIE 234.00 (188.00, 244.00 (181.00, 229.00 (188.00, 0.774 232.50 (189.75,  245.00 (204.00, 231.00 (188.50, 0.571
274.00) 274.00) 274.00) 274.50) 283.00) 271.50)

Data are presented as n (%) or median (interquartile range). AFP: Alpha-fetoprotein; BMI: Body mass index; DIE: Difference entropy; DIV: Difference
variance; HBV: Hepatitis B virus; IND: Inverse difference; LNM: Lymph node metastasis; MES: Mean sum; SOS: Sum of squares; SUE: Sum entropy; SUV:
Sum variance.

Table 2 Comparison of predictive efficacy of pulmonary infection prediction models via receiver operating characteristic curves

Training set Internal validation set
Model : -
AUC mean AUC 95%CI Variables' AUC mean AUC 95%Cl Variables'
RFM 0.823 0.766-0.880 7 0.801 0.744-0.858 7
ANNM 0.815 0.766-0.864 8 0.787 0.738-0.836 8
GLRM 0.766 0.717-0.815 6 0.734 0.677-0.791 6

Wariables included in the model.
ANNM: Artificial neural network model; AUC: Area under the curve; CI: Confidence interval; GLRM: Generalized linear regression model; RFM: Random
forest model.

better than that of the GLRM.

Furthermore, Figure 5 shows the DCA curve, with the abscissa indicating the threshold probability and the ordinate
indicating the net benefit. The black horizontal line indicates a net benefit of zero, indicating that all patients were free of
postoperative pulmonary infections. The gray diagonal line represents a scenario where all patients had a postoperative
pulmonary infection and received treatment. DCA addresses the practical needs for clinical decision-making by
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Figure 2 Predictor variable selection based on the least absolute shrinkage and selection operator regression method. A: Optimal parameter
(lambda) selection in the least absolute shrinkage and selection operator (least absolute shrinkage and selection operator) model; B: Least absolute shrinkage and
selection operator coefficient profiles of the candidate features.

incorporating patient or decision-maker preferences in the analysis. The DCA curve shows that the nomogram is more
effective in predicting post-hepatectomy pulmonary infection than administering all or no postoperative treatment to
patients.

Predictive value of an ML-based pulmonary infection prediction model

After developing three predictive models for pulmonary infection based on candidate predictive factors from
preoperative MRI findings, we evaluated the optimal predictive performance of the RFM model. To further evaluate the
differentiation efficiency of RFM, we used the clinical influence curve to assess the “classification accuracy” in the
training set and internal verification set. As shown in Supplementary Figure 1, RFM effectively distinguished patients
with pulmonary infection from those without pulmonary infection, which was consistent with the results of the
postoperative pathological examination. Our study suggested that RFM is a reliable tool for the preoperative evaluation
of pulmonary infection in patients with PHC and may become a powerful guiding tool for determining postoperative
prevention of pulmonary infection. This also demonstrated that RFM was suitable for the preoperative assessment of the
risk stratification of pulmonary infection.

DISCUSSION

The advancement in surgical technology has significantly reduced the preoperative mortality rate among patients with
PHC. However, postoperative pulmonary infection has become a common and prominent complication, and its incidence
rate has not shown significant improvement. Previous studies have reported postoperative pulmonary infection rates
ranging from 9.60% to 22.38%][4,17]. The results of this study showed that the incidence rate of pulmonary infection after
liver cancer surgery was 17.03%, consistent with previous studies[5,18,19]. The difference in the incidence rate of
pulmonary infection can be attributed to the diagnostic criteria used by various diagnosis and treatment centers and the
specific types of surgery for distinct populations. Furthermore, anti-infection and expectorant therapies are the main
treatment measures for postoperative pulmonary infections in patients with PHC[5,20]. The reasonable selection of
antibacterial and expectorant drugs, promotion of sputum excretion, prevention of respiratory difficulties caused by
sputum stasis in pulmonary infections, and reduction of the induction of bronchial obstruction and atelectasis are all
essential determinants of the incidence of postoperative pulmonary infections. Additionally, preoperative warning and
evaluation for patients with primary liver cancer are crucial in reducing the occurrence of postoperative pulmonary
infections[21,22]. In this context, our study employed advanced algorithms to explore the risk factors associated with
postoperative infection, especially the predictive model developed using preoperative imaging parameters. This model
can improve the level of prevention, clinical diagnosis, and treatment, reduce or avoid the occurrence of postoperative
infection complications, and decrease treatment time and cost, thereby enhancing patient efficacy and prognosis.

This study used MRI, which has good soft tissue resolution and can perform multiplane and multisequence imaging.
Its most significant advantage is its ability to achieve high spatial resolution and large-field scanning, making it the
preferred imaging modality for preoperative MRI staging of cervical cancer. A non-inhibitory high-resolution MRI T2-
weighted imaging sequence was used, and sagittal and short-axis scans (i.e., perpendicular to the long axis of the liver)
were performed to fully display the cross-sectional area of the tumor. Moreover, the higher spatial resolution of MRI was
utilized to leverage the natural contrast of pelvic fat and clearly display the depth and extent of invasion of PHC.
However, it is important to note that the infiltration of the PHC in T2-weighted imaging may show uneven signal
intensity, and most enhancement scans show uneven enhancement. In contrast, inflammatory lesions in the
parenchymatous organ show uniform enhancement. Previous studies have highlighted the abundant venous plexus
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Figure 3 Nomogram prediction model for predicting pulmonary infection in patients with primary hepatic carcinoma undergoing

hepatectomy. A: Nomogram predicts risk of pulmonary infection; B: Calibration curves for the nomogram. SOS: Sum of squares; IND: Inverse difference; MES:
Mean sum; SUV: Sum variance.

around the liver, which can create an atypical enhancement of high signal intensity on MRI, leading to texture analysis
errors[23-25]. Additionally, tumors with a larger volume, worsening inflammation and edema, and an abundant venous
plexus around the uterus can also become key factors affecting the preoperative evaluation of pulmonary infection.
Currently, image texture analysis is increasingly widely used in various research fields, including tumor diagnosis,
efficacy evaluation, and prognosis[26,27]. Our study showed that the texture feature parameters in various sequences of
patients with pulmonary and non-pulmonary infection had certain predictive values in texture analysis. It is speculated
that the neovascularization, tumor necrosis, and invasive growth patterns in malignant tumors can contribute to complex
internal structures that can be perceived and quantified through image texture analysis. Additionally, the heterogeneity
of lesions measured by texture analysis feature parameters can precisely reflect the different texture compositions of
different tumors, including their potential invasiveness[28]. Through image texture features, we quantitatively described
the spatial distribution of pixels in MRI images. Our results indicated that the parameters based on GLCM showed
significant statistical differences, making them potential predictive variables for pulmonary infection. For example, this
study found a significant positive correlation between entropy differences and pulmonary infections. Previous studies
have shown that entropy difference, a characteristic parameter used to measure structural disorder or complexity of
images, is higher in tumors with higher malignancy levels[29,30]. Similarly, this study found that patients with
pulmonary infections had a higher entropy value. We also included candidate variables with predictive value in the ML-
based algorithm model. The results demonstrated that without distinguishing the predictive variables, the GLCM-based
prediction efficiency reached its highest value of 0.823. This suggests that MRI examination before hepatectomy and
texture analysis using sequence images have significant potential for predicting the risk stratification of pulmonary
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Figure 4 Construction of pulmonary infection prediction model via the random forest model and artificial neural network model. A: Random
forest model. The application prediction model formula of the random forest model is as follows: C = argmax (3 (Ci)), where Ci represents the type of in prediction for
the i-th tree, C is the final classification result, and | is the number of trees; B: Artificial neural network model. The formula of the artificial neural network model is as
follows: 8 = 6-n x V/ (6). J (6) among them n is the learning rate, so (8). J (B) represents the gradient change of the loss function [i.e., J(8)]. AFP: Alpha-fetoprotein;
BMI: Body mass index; DIE: Difference entropy; DIV: Difference variance; HBV: Hepatitis B virus; IND: Inverse difference; LNM: Lymph node metastasis; MES: Mean
sum; SOS: Sum of squares; SUE: Sum entropy; SUV: Sum variance.

infection.

This study inevitably has the following limitations. First, the sample size was relatively small and from a single center,
as we had strict requirements for MRI scanning parameters and equipment of the included patients. To overcome this,
future studies should expand the sample size and conduct a prospective cohort study across multiple centers. Second, as
a retrospective study, selection bias may have influenced the inclusion of the study population, leading to potential bias
errors caused by the researcher’s personal experience or subjective judgment. Third, although we extracted GLCM-
related parameters from MRI, higher-order textures were not included in the analysis. Thus, future studies should focus
on expanding the extraction of higher-order texture parameters and exploring more predictive texture features for
pulmonary infection prediction. Nevertheless, our pulmonary infection prediction model based on GLCM still has great
development value for future clinical practice.

CONCLUSION

In summary, incorporating ML-based algorithms and GLCM radiomics features can facilitate timely and accurate risk
stratification of pulmonary infection in patients with PHC before hepatectomy. Specifically, the RFM based on a random
forest algorithm can aid clinicians in identifying high-risk patients with pulmonary infections and determining an
appropriate surgical scope in a timely manner. This approach has promising applications for improving clinical outcomes
and enhancing patient care.
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Figure 5 Prediction performance of pulmonary infection risk based on different supervised algorithm. A: Decision curve analysis for three
prediction models in the training set; B: Decision curve analysis for three prediction models in the testing set. ANNM: Artificial neural network model; GLRM:
Generalized linear regression model; RFM: Random forest model.

ARTICLE HIGHLIGHTS

Research background

Primary hepatic carcinoma (PHC) is a widespread malignant tumor with high incidence and mortality rates that poses a
serious threat to human health worldwide. Surgical treatment remains the most effective treatment option for PHC.
However, postoperative infections, including surgical site and pulmonary infections, are among the main complications
following surgery.

Research motivation

To extract the texture features of radiomics of patients with PHC using a gray-level co-occurrence matrix to develop a
predictive model to aid doctors in clinical decision-making and medical resource allocation for early interventions and
treatments.

Research objectives
To identify the risk factors for postoperative pulmonary infection in patients with PHC and develop a prediction model
to aid in postoperative management.

Research methods

Radiomics data were selected for statistical analysis, and clinical pathological parameters and imaging data were
included in the screening database as candidate predictive variables. We then developed a pulmonary infection
prediction model using three different models: An artificial neural network model; a random forest model (RFM); and a
generalized linear regression model. Finally, we evaluated the accuracy and robustness of the prediction model using the
receiver operating characteristic curve and decision curve analyses.

Research results

The RFM algorithm, in combination with sum of squares, inverse difference, mean sum, sum variance, sum entropy, and
entropy, demonstrated the highest prediction efficiency in both the training and internal verification sets, with areas
under the curve of 0.823 and 0.801 and 95% confidence intervals of 0.766-0.880 and 0.744-0.858, respectively. The artificial
neural network model and generalized linear regression model had prediction efficiency areas under the curve of 0.734
and 0.815 and 95% confidence intervals of 0.677-0.791 and 0.766-0.864, respectively.

Research conclusions

Postoperative pulmonary infection in patients undergoing hepatectomy may be related to risk factors such as sum of
squares, inverse difference, mean sum, sum variance, sum entropy, energy, and entropy. The RFM prediction model in
this study based on diffusion-weighted images can better predict and estimate the risk of pulmonary infection in patients
undergoing hepatectomy, providing valuable guidance for postoperative management.

Research perspectives

Identifying risk factors for postoperative pulmonary infection in patients with PHC can improve the level of prevention
and clinical treatment, ultimately reducing or even avoiding the occurrence of postoperative infection complications,
reducing treatment time and costs, and improving patient efficacy and prognosis. The prediction model developed in our
study provides valuable guidance for clinicians in predicting the risk of pulmonary infection and effectively preventing,
diagnosing, and treating postoperative infection in patients with PHC, leading to an improved patient prognosis.
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