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Abstract
Background  Surgical site infection (SSI) represents a significant postoperative complication in colorectal cancer (CRC). 
Identifying associated factors is therefore critical. We evaluated the predictive value of clinicopathological features and 
inflammation-based prognostic scores (IBPSs) for SSI occurrence in CRC patients.
Methods  We retrospectively analyzed data from 1445 CRC patients who underwent resection surgery at Wuhan Union Hos-
pital between January 2015 and December 2018. We applied two algorithms, least absolute shrinkage and selector operation 
(LASSO) and support vector machine-recursive feature elimination (SVM-RFE), to identify key predictors. Participants 
were randomly divided into training (n = 1043) and validation (n = 402) cohorts. A nomogram was constructed to estimate 
SSI risk, and its performance was assessed by calibration, discrimination, and clinical utility.
Results  Combining the 30 clinicopathological features identified by LASSO and SVM-RFE, we pinpointed seven variables as 
optimal predictors for a pathology-based nomogram: obstruction, dNLR, ALB, HGB, ALT, CA199, and CA125. The model 
demonstrated strong calibration and discrimination, with an area under the curve (AUC) of 0.838 (95% CI 0.799–0.876) in 
the training cohort and 0.793 (95% CI 0.732–0.865) in the validation cohort. Decision curve analysis (DCA) showed that 
our models provided greater predictive benefit than individual clinical markers.
Conclusion  The model based on simplified clinicopathological features in combination with IBPSs is useful in predicting 
SSI for CRC patients.
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Introduction

Surgical site infection (SSI) is one of the most common 
hospital-acquired infections, accounting for approximately 
20% of all hospital-acquired infections [1]. SSI increases 
postoperative mortality, leading to longer hospital stays 
and increased economic burden [2, 3]. Although SSI can 
occur after any surgical procedure, the incidence is highest 
after colorectal surgery [4], ranging from 3 to 45% [5, 6]. 
However, most SSIs are preventable. Measures to reduce the 
risk of SSI include specific preoperative preparations (e.g., 
full-body bathing, hair removal, and antiseptic methods) 
and intravenous antibiotic prophylaxis [7–10]. Identifying 
patients at high risk for SSI after colorectal surgery can help 

develop targeted risk reduction strategies. Reported risk fac-
tors for SSI include high body mass index (BMI) [11] and 
diabetes mellitus [12]. However, there is little consensus on 
universally recognized risk factors, and studies often report 
conflicting results.

Traditional statistical modeling methods, such as uni-
variate or multivariate logistic regression, are often used to 
filter and select predictor variables in previous studies [13, 
14]. While logistic regression models are widely used due 
to their simplicity and interpretability, machine learning has 
emerged as a promising approach for predicting SSI [15–17]. 
Modern machine learning methods have been shown to 
improve the prediction performance of SSI compared to 
traditional logistic regression methods [18]. A systematic 
review identified support vector machine (SVM) as one of 
the most commonly used machine learning algorithms for 
assessing SSI [19]. Yang et al. demonstrated high prediction 
performance using the least absolute shrinkage and selector 
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operation (LASSO) algorithm to filter predictor variables 
and construct a prediction model for SSI [20]. Therefore, 
this study innovatively used LASSO regression analysis and 
SVM to screen specific variables and combined the variables 
identified by these two methods to construct a model for 
predicting the occurrence of SSI.

Currently, there are relatively few studies on the inci-
dence of SSI and associated risk factors in colorectal cancer 
patients in the Chinese population [21–24]. Therefore, this 
retrospective study aimed to determine the incidence of SSI 
after colorectal surgery and identify the associated risk fac-
tors. Additionally, we developed a nomogram as a practical 
tool for clinical decision-making based on these risk factors. 
Our findings will help optimize the management of patients 
undergoing colorectal cancer surgery, assess the magnitude 
of SSI risk, and reduce the burden of SSI by implementing 
appropriate preventive measures for high-risk groups.

Materials and methods

Patient population

A retrospective analysis of participants with colorec-
tal cancer (CRC) resection surgery from Wuhan Union 
Hospital between January 2015 and December 2018 was 
conducted. The inclusion criteria were as follows: (1) con-
firmed CRC diagnosis by biopsy, (2) underwent surgical 
resection with no evidence of distant metastasis, and (3) 
availability of complete clinical and pathological data. 
Patients with the following conditions were excluded from 
the study: (1) history of other tumors or co-abdominal 
infection, (2) patients without primary incision closure, (3) 
presence of severe cardiovascular or metabolic diseases, 
and (4) without clinical and follow-up information.

A total of 1445 eligible patients were enrolled in the 
study. Random sampling was employed to randomly assign 
participants in a 7:3 ratio to either training cohorts (n = 1043) 
or validation cohorts (n = 402). This study protocol was 
approved by the ethics committee of Wuhan Union Medi-
cal College Hospital (No.2018-S377) and was carried out in 
accordance with the Helsinki Declaration. All patients were 
furnished with comprehensive information regarding the sur-
gical procedure and its potential complications, including 
the risks of SSI, delayed healing, the necessity for a second 
surgery, and the likelihood of systemic infection or sepsis, 
upon signing the informed consent document.

Data collection

The following data were collected for each patient 
within 48  h of hospital admission: (1) demographic 

characteristics: gender, age, preoperative BMI, family 
history of tumors, and smoking history; (2) clinicopatho-
logical features: tumor location, degree of differentiation, 
tumor size, perineural invasion, vascular invasion, circum-
ferential resection margin, obstruction, T stage, N stage, 
and TNM stage; (3) hematological parameters: white blood 
cell count, red blood cell count, hemoglobin level, plate-
let count, hematocrit, neutrophil count, lymphocyte count, 
monocyte count, eosinophil count, basophil count, mean 
corpuscular volume (MCV), mean corpuscular hemo-
globin (MCH), mean corpuscular hemoglobin concen-
tration (MCHC), mean platelet volume (MPV), aspartate 
aminotransferase (AST), alanine aminotransferase (ALT), 
alkaline phosphatase (ALP), total protein (TP), albumin 
(ALB), globulin (GLB), total bilirubin (TBIL), direct bili-
rubin (DBIL), gamma-glutamyl transferase (GGT), lactate 
dehydrogenase (LDH), total bile acids (TBA), prealbumin 
(PALB), cholesterol (CHOL), triglycerides (TG), high-
density lipoprotein cholesterol (HDL-C), low-density lipo-
protein cholesterol (LDL-C), blood urea nitrogen (BUN), 
creatinine, uric acid, prothrombin time (PT), activated 
partial thromboplastin time (APTT), D-dimer, and inter-
national normalized ratio (INR); (4) serum tumor mark-
ers: carcinoembryonic antigen (CEA) and carbohydrate 
antigen (CA199, CA125, CA724); (5) inflammation-based 
prognostic scores (IBPSs): neutrophil-to-lymphocyte ratio 
(NLR), derived NLR (dNLR = neutrophils/(white blood 
cells − neutrophils)), platelet-to-lymphocyte ratio (PLR), 
monocyte-to-lymphocyte ratio (MLR), lymphocyte-to-
monocyte ratio (LMR), neutrophil-to-platelet ratio (NPR), 
prognostic nutritional index (PNI = 10 × serum albu-
min + 0.005 × lymphocyte count), systemic inflammation 
index (SII = platelet count × neutrophil count/lymphocyte 
count), and aspartate aminotransferase-to-lymphocyte 
ratio index (ALRI = aspartate aminotransferase/lympho-
cyte). Overall survival (OS) was defined as the time from 
surgery to death or the follow-up cut-off date, and disease-
free survival (DFS) was defined as the time from the day 
of surgery to tumor recurrence, metastasis, or the follow-
up cut-off date. The SSIs were characterized in accordance 
with the definitions established by the Centers for Disease 
Control [25]. The SSIs were classified into two categories: 
incisional and organ/space infections. The incisional infec-
tions were further subclassified into two subcategories: 
superficial and deep incisional infections. The organ/space 
infections were further subcategorized into three subcat-
egories: pelvic cellulitis, pelvic abscess, and vaginal cuff 
infections.

Study design

The LASSO regression and SVM algorithms were used to 
identify risk factors associated with the occurrence of SSI. 
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After selecting candidate variables, the LASSO algorithm 
was applied to select candidate risk factors by penalizing 
parameter adjustment through tenfold cross-validation. 
Additionally, SVM-RFE was employed as a machine learn-
ing method to identify the optimal variables. Finally, we 
combined the risk factors identified by both the LASSO and 
SVM-RFE algorithms to construct a predictive nomogram 
for SSI occurrence.

Statistical analysis

Statistical analysis was conducted with R version 4.0.0 (R 
Foundation for Statistical Computing; http://​www.r-​proje​
ct.​org/). LASSO regression analysis was carried out using 
the “glmnet” package, and the SVM algorithm was per-
formed using the e1071 package in R. Data are presented 
as numbers and percentages for categorical variables, and 
continuous data are expressed as mean ± standard devia-
tion. Moreover, univariate and multivariate Cox propor-
tional hazards regression models were utilized to evaluate 
the prognostic factors for SSI. A nomogram incorporating 
the important factors related to SSI was constructed with R 
software. The predictive ability of the model was evaluated 
using the receiver operating characteristic (ROC) curve. An 
area under the ROC curve (AUC) greater than 0.7 indi-
cates good predictive ability. The calibration curve plot 
was used to evaluate the degree of difference between the 
predicted risk and the actual risk. Decision curve analysis 
(DCA) was employed to assess the clinical benefit and util-
ity of the constructed prediction models. Additionally, all 

patients were categorized into a no-infection group and an 
infection group based on the occurrence of SSI. Survival 
analysis was performed using the Kaplan–Meier curves and 
log-rank test to compare survival differences between the 
two groups. The hazard ratio (HR) and the 95% confidence 
interval (CI) were calculated. A P-value of < 0.05 was con-
sidered significant.

Results

Patient characteristics

A total of 3218 patients underwent CRC resection during 
the study period. Of these, 339 (5.76%) had a history of 
other tumors, 284 were excluded due to severe cardiovas-
cular or metabolic diseases, and 1150 (35.74%) were miss-
ing clinical and follow-up information. Consequently, 1445 
eligible patients with complete information were included 
in the dataset, with 1043 randomly assigned to the training 
set and 402 to the validation set (Fig. 1). The demographic 
and clinical characteristics of the patients in the training 
and validation sets are shown in Table 1, with no significant 
differences observed between the two sets for any of the 
included variables. Hematological parameters and serum 
tumor marker levels of patients in the training and validation 
sets are shown in Table 2, and no statistically significant dif-
ferences were found for any variables except for BUN levels, 
which were higher in the training set than in the validation 
set (5.0 vs 4.8, P = 0.005).

Fig. 1   Flowchart of patient 
selection and data processing

http://www.r-project.org/
http://www.r-project.org/
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Table 1   Basic 
clinicopathological 
characteristics of all patients

Abbreviations: BMI, body mass index

Characteristics Test set (n = 1043) Validation set (n = 402) P-value

Age (years) 58.4 ± 12.1 58.2 ± 12.4 0.762
Sex, male, n (%) 624 (59.8) 227 (56.5) 0.245
BMI, kg/m2 22.8 ± 2.9 22.7 ± 2.9 0.555
Primary site, n (%) 0.771
Left colon 315 (30.2) 110 (27.4)
Right colon 195 (18.7) 92 (22.9)
Rectum 533 (51.1) 200 (49.8)
Family history of cancer, n (%) 90 (8.6) 47 (11.7) 0.094
Smoke, n (%) 0.278
Yes 235 (22.5) 80 (19.9)
No 808 (77.5) 322 (80.1)
Histological grade, n (%) 0.604
Well differentiated 157 (15.1) 60 (14.9)
Moderately differentiated 805 (77.2) 317 (78.9)
Poorly differentiated 81 (7.7) 25 (6.2)
Tumor size, n (%) 0.724
 < 2 cm 83 (8.0) 30 (7.5)
2–5 cm 607 (58.2) 233 (58.0)
 ≥ 5 cm 353 (33.8) 139 (34.5)
Perineural invasive, n (%) 0.783
Yes 217 (20.8) 81 (20.1)
No 826 (79.2) 321 (79.9)
Vascular invasion, n (%) 0.415
Yes 193 (18.5) 67 (16.7)
No 850 (81.5) 335 (83.3)
Circumferential resection margin, n (%) 0.497
Yes 12 (1.2) 3 (0.7)
No 1031 (98.8) 399 (99.3)
Obstruction, n (%) 0.445
Yes 181 (17.4) 63 (15.7)
No 862 (82.6) 339 (84.3)
T stage, n (%) 0.118
T1 84 (8.1) 25 (6.2)
T2 194 (18.6) 55 (13.7)
T3 561 (53.8) 228 (56.7)
T4 204 (19.5) 94 (23.4)
N stage, n (%) 0.129
N0 606 (58.1) 224 (55.7)
N1 285 (27.3) 90 (22.4)
N2 152 (14.6) 88 (21.9)
TNM stage, n (%) 0.177
Stage I 161 (15.4) 52 (12.9)
Stage II 357 (34.2) 138 (34.3)
Stage III 414 (39.7) 161 (40.0)
Stage IV 111 (10.7) 51 (12.8)
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Table 2   The hematological 
parameters and inflammation-
based prognostic scores (IBPSs) 
of all patients

Laboratory results Test set (n = 1043) Validation set (n = 402) P-value

White blood cell count 6.1 ± 1.9 6.0 ± 1.9 0.497
Red blood cell count 4.2 ± 0.6 4.2 ± 0.6 0.175
Hemoglobin 117.6 ± 23.0 118.0 ± 22.5 0.771
Platelet 231.3 ± 87.3 236.6 ± 84.0 0.296
Hematocrit 36.0 ± 6.3 36.3 ± 6.3 0.497
Neutrophil count 3.9 ± 1.7 3.8 ± 1.7 0.369
Neutrophil, % 63.6 ± 10.7 63.0 ± 10.1 0.355
Lymphocyte count 1.5 ± 0.5 1.5 ± 0.5 0.516
Lymphocyte, % 26.1 ± 9.5 26.6 ± 8.7 0.387
Monocyte count 0.44 ± 0.16 0.44 ± 0.16 0.638
Monocyte, % 7.4 ± 2.5 7.4 ± 2.5 0.789
Eosinophils count 0.14 ± 0.12 0.14 ± 0.13 0.943
Eosinophils, % 2.4 ± 2.0 2.4 ± 2.1 0.819
Basophil count 0.03 ± 0.02 0.03 ± 0.03 0.193
Basophil, % 0.48 ± 0.43 0.52 ± 0.48 0.116
MCV 86.3 ± 8.9 85.9 ± 8.9 0.555
MCH 28.2 ± 3.8 28.1 ± 3.8 0.600
MCHC 326.1 ± 16.2 325.9 ± 15.2 0.861
MPV 10.1 ± 1.5 10.0 ± 1.5 0.774
AST 21.3 ± 10.5 21.3 ± 10.5 0.958
ALT 20.8 ± 14.0 21.3 ± 14.6 0.534
ALP 79.4 ± 34.0 76.6 ± 26.9 0.142
TP 64.6 ± 7.2 64.6 ± 7.0 0.975
ALB 39.8 ± 4.6 39.9 ± 4.7 0.930
GLB 24.9 ± 4.5 24.8 ± 4.3 0.524
ALB/GLB 1.6 ± 0.3 1.6 ± 0.3 0.690
TBIL 11.9 ± 5.4 11.9 ± 5.4 0.885
DBIL 4.3 ± 1.9 4.5 ± 1.9 0.256
GGT​ 29.1 ± 6.3 26.8 ± 6.6 0.366
LDH 184.1 ± 72.5 188.3 ± 84.1 0.393
TBA 4.8 ± 1.2 5.1 ± 1.6 0.382
PALB 0.20 ± 0.04 0.20 ± 0.05 0.177
CHOL 4.5 ± 1.6 4.3 ± 0.9 0.290
TG 1.3 ± 0.7 1.2 ± 0.6 0.100
HDL-C 1.1 ± 0.3 1.2 ± 0.3 0.272
LDL-C 2.5 ± 0.7 2.6 ± 0.7 0.568
BUN 5.0 ± 1.6 4.8 ± 1.6 0.005
Creatinine 70.8 ± 15.9 69.7 ± 16.4 0.255
Uric acid 291.5 ± 93.5 288.9 ± 89.4 0.633
PT 14.3 ± 1.0 14.3 ± 0.9 0.809
APTT 35.9 ± 3.9 35.8 ± 3.9 0.519
D-dimer 2.5 ± 1.2 2.5 ± 1.0 0.943
INR 1.02 ± 0.09 1.01 ± 0.09 0.748
CEA 12.1 ± 28.6 12.7 ± 28.9 0.700
CA199 28.4 ± 83.1 36.6 ± 144.8 0.180
CA125 16.8 ± 34.3 17.4 ± 18.0 0.732
CA724 5.3 ± 9.1 5.0 ± 6.2 0.522
NLR 3.3 ± 1.2 3.1 ± 1.6 0.413
dNLR 0.9 ± 0.1 0.9 ± 0.1 0.668
PLR 199.2 ± 160.7 183.5 ± 129.3 0.504
MLR 0.4 ± 0.2 0.3 ± 0.2 0.495
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Development of prediction models

There were ultimately 71 independent candidate variables 
(Tables 1 and 2). We used two machine learning algorithms 
to identify valid predictors: the LASSO regression model 
retained 23 variables with non-zero coefficients when the 
partial likelihood deviance was at its lowest (Fig. 2(A)); the 
SVM-RFE screened 14 variables (Fig. 2(B)). Finally, we 
selected seven overlapping variables from both methods as 
predictors: obstruction, dNLR, ALB, HGB, ALT, CA199, 
and CA125. Using the rms package, we developed a nomo-
gram model to predict the probability of SSI occurrence 
based on these seven variables (Fig. 3). This nomogram is a 
visual tool for estimating a patient’s individual risk of devel-
oping SSI. By drawing a vertical line to the scale of each 
variable, we can assign a score to each variable and calculate 
the total score to predict the likelihood of SSI occurrence. 
By locating the corresponding position on the total score 
axis and connecting it to the probability axis, we can esti-
mate the probability of SSI occurring.

Validation of prediction models

The calibration curve plots of the prediction model showed 
very good agreement between predicted and actual risks in 
the training and validation sets (Fig. 5A, B). ROC curves 
were used to assess the predictive performance of the pre-
diction model in the training and validation sets, and the 
results showed high predictive efficacy in both cohorts, 
with the AUC of the prediction model being 0.838 (95% 
CI 0.799–0.876) in the training set (Fig. 4A) and 0.793 
(95% CI 0.732–0.865) in the validation set (Fig. 4B). 
DCA is a new strategy for assessing the clinical value 

of prediction methods and is more effective than ROC in 
assessing clinical value. The DCA curves of the developed 
nomogram in the training and internal validation cohorts 
are shown in Fig. 5C and D. The black line indicates that 
no patient developed SSI, and the blue line indicates that 
all patients developed SSI. The DCA of the nomogram 
showed a higher net benefit, indicating a better clinical 
outcome value.

Survival analysis

We grouped patients into the no-infection group and the 
infection group based on the presence or absence of SSI. 
Cox regression analyses showed that patients in the infection 
group had higher rates of mortality (training set: HR = 2.45, 
95% CI 1.74–3.45; validation set: HR = 2.85, 95% CI 
1.73–4.73; all P < 0.05) and disease recurrence compared 
with those in the no-infection group (training set: HR = 2.39, 
95% CI 1.68–3.39; validation set: HR = 2.28, 95% CI 
1.34–3.90; all P < 0.05). In both the training and validation 
sets, Kaplan–Meier curves and log-rank tests also showed 
that the OS and DFS profiles were worse in the infection 
group than in the no-infection group (P < 0.001, Fig. 6).

Discussion

To the best of our knowledge, this is the first study to use 
LASSO regression analysis and SVM to screen CRC patients 
for risk factors for postoperative SSI and to create predictive 
nomograms containing IBPSs, serum tumor markers, and 
indicators of nutritional status. In this study, we used each 
patient’s demographic characteristics, clinicopathological 

Table 2   (continued) Laboratory results Test set (n = 1043) Validation set (n = 402) P-value

LMR 3.9 ± 2.4 3.8 ± 1.6 0.351
NPR 0.02 ± 0.01 0.02 ± 0.01 0.298
NPI 47.4 ± 5.5 47.4 ± 5.3 0.944
SII 804.0 ± 850.5 735.4 ± 711.8 0.470
ALRI 18.0 ± 16.2 16.8 ± 13.1 0.518
Infection 148 (14.2) 56 (13.9) 0.899

Abbreviations: MCV, mean corpuscular volume; MCH, mean corpuscular hemoglobin; MCHC, mean cor-
puscular hemoglobin concentration; MPV, mean platelet volume; AST, aspartate aminotransferase; ALT, 
alanine aminotransferase; ALP, alkaline phosphatase; TP, total protein; ALB, albumin; GLB, globulin; 
TBIL, total bilirubin; DBIL, direct bilirubin; GGT​, gamma-glutamyl transferase; LDH, lactate dehydroge-
nase; TBA, total bile acid; PALB, prealbumin; CHOL, cholesterol; TG, triglycerides; HDL-C, high-density 
lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; BUN, blood urea nitrogen; PT, pro-
thrombin time; APTT, activated partial thromboplastin time; INR, international normalized ratio; CEA, 
carcinoembryonic antigen; CA199, CA125, CA724, carbohydrate antigen; NLR, neutrophil-to-lymphocyte 
ratio; dNLR, derived neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte ratio; MLR, monocyte-
to-lymphocyte ratio; LMR, lymphocyte-to-monocyte ratio; NPR, neutrophil-to-platelet ratio; NPI, neutro-
phil-platelet index; SII, systemic immune-inflammation index; ALRI, aspartate aminotransferase-to-lym-
phocyte ratio index
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features, hematological parameters, serum tumor markers, 
and IBPSs and used two algorithms to identify seven sig-
nificant candidate variables among 71 risk factors (obstruc-
tion, dNLR, ALB, HGB, ALT, CA199, and CA125). Sub-
sequently, a nomogram predicting the probability of SSI 
occurrence based on these seven variables was created in the 
training cohort to accurately predict the risk of SSI, thereby 
facilitating early intervention in disease management and 
effectively reducing the incidence of SSI.

Surgery is the mainstay of treatment for patients with 
CRC. However, the presence of a large microbiota in the 
rectum and colon, coupled with the potential of surgery to 
promote bacterial growth, makes these patients particularly 
susceptible to SSI [26, 27]. In addition to extending hos-
pitalization periods and increasing associated costs [28], 
SSI has been linked to adverse physical and mental health 
consequences for patients, including delayed wound healing 
and an increased risk for complications such as bloodstream 

Fig. 2   Identification of significant predictors using LASSO-logistic 
regression and SVM-REF algorithm. (A) LASSO-logistic regres-
sion: The plot shows the coefficients of various predictors against 
the log lambda values. The vertical line indicates the optimal lambda 
value selected by cross-validation, which minimizes the prediction 
error. (B) SVM-REF algorithm: The plot displays the accuracy of the 

SVM-REF model against the number of variables used. The verti-
cal line indicates the optimal number of variables selected to achieve 
the highest accuracy. The Venn diagram below the plots illustrates 
the overlap and unique predictors identified by both methods. Over-
lapping predictors include obstruction, dNLR, ALB, HGB, ALT, 
CA199, and CA125
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infections. These factors can ultimately impact the prog-
nosis. Patients who developed SSI in our study had worse 
OS and DFS (P < 0.05), as evidenced by this result. A novel 
approach was taken by combining LASSO regression and 
SVM algorithms in order to screen risk factors associated 
with SSI. This resulted in the construction of an individual-
ized visual risk assessment tool, the objective of which is to 
guide clinicians in early prevention and intervention strate-
gies. While comparable methodologies have been employed 
in previous research, our approach diverges considerably 
from these existing studies. Chen et al. evaluated the pre-
dictive efficacy of LASSO in comparison to other machine 

learning algorithms but did not investigate the use of mul-
tiple algorithms in conjunction with LASSO [29]. Masum 
et al. employed SVM for predicting the length of stay but did 
not utilize LASSO or investigate the potential of SSI [25]. 
Wen et al. employed LASSO for feature selection but did not 
incorporate SVM [30]. In view of these discrepancies, the 
present study is the first to apply LASSO in conjunction with 
SVM for SSI risk prediction, thus providing a novel clinical 
instrument in terms of methodology and inaugurating a new 
paradigm for postoperative CRC care.

In previous studies, systemic inflammation indicators 
have often been used to explore the prognosis of CRC 

Fig. 3   Nomogram for predict-
ing surgical site infection risk. 
To use the nomogram, locate 
each patient’s value on the 
corresponding axis, draw a 
vertical line to the “Points” 
axis to determine the number 
of points for each variable, and 
sum the points. The total points 
are then mapped to the “Risk of 
infection” axis to estimate the 
probability of surgical site inci-
sion infection

Fig. 4   ROC curves were used to evaluate the predictive performance of the model in the training (A) and validation sets (B). These ROC curves 
indicate good discrimination ability of the model in predicting surgical site infection
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patients. The cancer-associated systemic inflammatory 
response is a critical indicator of tumor progression, with 
CRC patients exhibiting higher levels of inflammation 
facing a greater risk of death compared to those with 
lower levels of inflammation [31–33]. For example, Feli-
ciano et al. analyzed 2470 patients with stage I-III colo-
rectal cancer who underwent radical resection and found 
that a high NLR (≥ 3.0) was an independent predictor of 
OS [31]. The cancer-associated systemic inflammatory 
response is usually linked to an increase in circulating 
neutrophils, which secrete cytokines and chemokines 
that play significant roles in cancer progression [34]. 
Additionally, lymphocyte infiltration into the tumor is 
considered an anti-tumor immune response associated 
with improved survival [35]. Lymphopenia, common 
in advanced cancers, may result in a weakened immune 
response. Early reports suggest that a reduction in serum 
lymphocyte counts accelerates tumor cell development 
and progression, negatively affecting the prognosis of 
CRC patients [36, 37]. In contrast, IBPSs that combine 
neutrophils and lymphocytes (e.g., NLR, dNLR, PLR, 
MLR, PNI, SII) are reliable predictors of CRC prognosis 
[34, 38, 39]. Although there is increasing evidence that 

various inflammatory markers impact CRC prognosis, 
previous studies have primarily focused on their effects 
on tumor prognosis rather than their predictive value for 
surgical SSI. We explored the effects of various IBPSs 
on the incidence of SSI, including NLR, dNLR, PLR, 
MLR, PNI, SII, and ALRI. Our study demonstrated that 
the level of dNLR is a predictor of SSI occurrence in 
CRC patients undergoing surgical treatment. Addition-
ally, Paliogiannis et  al. demonstrated the usefulness 
of dNLR in predicting anastomotic fistulas in elective 
colorectal surgery [40], but its predictive value in SSI 
has rarely been reported. In contrast, we innovatively 
identified the predictive value of dNLR in assessing SSI 
incidence using two algorithms with high efficacy and 
well-validated results. This finding provides a new option 
for subsequent studies related to SSI.

In addition to inflammation, the role of nutritional sta-
tus in the occurrence and development of CRC cannot 
be ignored [41]. Malnutrition leads to a lack of essen-
tial energy and nutrients, preventing the maintenance 
of basic metabolic activities and ultimately resulting in 
a poorer prognosis [42]. Patients with better nutritional 
status are more likely to tolerate surgery, chemotherapy, 

Fig. 5   The calibration curve plots of the prediction model showed 
very good agreement between predicted and actual risks in the train-
ing (A) and validation (B) sets. The decision curve analysis curves of 

the developed nomogram in the training (C) and internal validation 
(D) sets are shown
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and radiotherapy than those with poor nutritional status 
[43, 44]. Serum albumin is considered a well-established 
marker of nutritional status [45]. Several studies have 
demonstrated that the Glasgow prognostic score, which 
includes albumin, can serve as a prognostic factor for 
advanced gastrointestinal cancers, including CRC [46]. 
Our study also identified hypoalbuminemia as a risk fac-
tor for postoperative SSI in CRC patients, which further 
led to a worse prognosis, consistent with previous studies.

Serum tumor markers can be used not only to aid in the 
diagnosis of CRC but also to estimate survival and prog-
nosis [47, 48]. Recently, predictive models incorporating 
serum tumor markers, along with demographic and clin-
icopathological variables, have been widely constructed 
for predicting the prognosis of CRC. Li et al. developed a 
predictive model to assess the prognosis of CRC patients, 
including CA199 and CA125, with high predictive efficacy 
and accuracy [49]. Zhu et al. studied CEA, CA199, CA125, 
and positive lymph node scheme in predicting OS in CRC 
patients, demonstrating clinical significance and construct-
ing a new nomogram combining these three tumor markers 

and positive lymph node scheme [50]. Similar to these stud-
ies, we also found that CA199 and CA125 can serve as easily 
accessible, accurate, and efficient markers for assessing the 
prognosis of CRC patients. However, the outcome variable 
in our study was the occurrence of SSI, which has rarely 
been addressed in previous research. Incorporating CA199 
and CA125 into the nomogram for assessing the occurrence 
of SSI further enhanced the discrimination and calibration 
of the model, facilitating improved prognostic assessment 
and therapeutic management of CRC patients.

Despite the significance of our findings, this study has 
several limitations. Firstly, patient-related factors such as 
diabetes mellitus, American Society of Anesthesiologists 
score, surgical modality, stoma creation, and perioperative 
blood transfusion were not included, all of which may be 
highly predictive of SSI occurrence and warrant consid-
eration in future research. Secondly, given the single-center 
study design, there is limited generalizability of the data, and 
despite the consistent results of the randomized subgroup 
analyses, external validity requires verification in a multi-
center study. Furthermore, the exclusion of patients with 

Fig. 6    Kaplan-Meier curves for OS and DFS in the no-infection and infection groups. (A Training set OS, (B) Validation set OS, (C) Training 
set DFS, (D) Validation set DFS. Log-rank tests show significantly worse outcomes in the infection group (P < 0.001) for both OS and DFS
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severe cardiovascular or metabolic disease, while assisting 
in the reduction of confounding factors and the enhance-
ment of model accuracy, may also result in the diminished 
applicability of the model to the broader CRC population. 
In order to address the issue of loss to follow-up, a total of 
1150 patients were excluded from the final analysis due to 
transfer, the presence of inaccurate information, or a refusal 
to participate in further follow-up. However, sensitivity anal-
yses revealed that this exclusion did not significantly impact 
the primary outcome. Further studies are planned to include 
additional variables and data from multiple centers in order 
to enhance the reliability and generalizability of the model.

In summary, this study developed a reliable and accu-
rate predictive model for postoperative SSI in CRC patients. 
This nomogram aids in the early detection and treatment of 
high-risk patients, thereby reducing the incidence of SSI and 
improving the prognosis of CRC patients. However, consid-
ering the limitations of this observational study, multicenter 
randomized controlled trials are necessary to further eluci-
date the risk factors for SSI following colorectal surgery.
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