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Abstract: This single-center, real-world retrospective cohort study assessed the incidence, risk factors, and clinical 
risk stratification of infections in lung cancer (LC) patients receiving immune checkpoint inhibitors (ICIs) combined 
with chemotherapy. This study comprised a cohort of 616 consecutive LC patients who received ICI-based chemo-
therapy during hospitalization between January 2020 and December 2025. LASSO regression followed by multi-
variable logistic regression was used to identify independent risk factors. Optimal cutoffs for score construction 
were determined using receiver operating characteristic (ROC) curve analysis combined with the Youden index, and 
internal validation was performed with 1,000 bootstrap resamples. The overall infection rate was 9.09% (56/616), 
with pulmonary infection being the most common site (64.29%), and gram-negative bacteria being most predomi-
nant (50.00%) Among culture-positive specimens, CRKP, MRSA, and CRPA accounted for 40.00%, 33.33%, and 
25.00% of their respective species. Multivariable analyses identified ECOG performance status ≥2 (OR=3.993, 95% 
CI: 1.520-10.926, P=0.005), C-reactive protein (CRP) (OR=1.114, 95% CI: 1.079-1.159, P<0.05) as independent 
risk factors. In summary, infections appear to be a major complication in LC patients receiving ICIs combined with 
chemotherapy, often involving drug-resistant pathogens. A scoring system based on seven routinely available clini-
cal parameters demonstrated good discrimination and internal stability in bootstrap validation, potentially aiding in 
the identification of high-risk patients for preventive measures.
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Introduction

Lung cancer (LC) is one of the most lethal malig-
nancies worldwide. According to GLOBOCAN 
2022, Bray et al. [1] stated approximately 2.5 
million new cases in 2022, accounting for 
12.4% of all new cancer diagnoses worldwide, 
and about 1.8 million deaths (18.7%). Both the 
incidence and mortality of lung cancer were the 
highest among all cancers, representing a sig-
nificant public health problem. In China, Han et 
al. [2] found that lung cancer ranked first in 
both incidence and mortality in 2022. Due to 
limited use of early screening, most patients 
present with locally advanced or metastatic 
diseases, and the overall prognosis remains 
poor.

The treatment landscape of lung cancer has 
been profoundly transformed by immune check-
point inhibitors (ICIs), specifically programmed 
death receptor 1 (PD-1) and programmed 
death-ligand 1 (PD-L1) inhibitors. ICIs com-
bined with platinum-based chemotherapy sig-
nificantly improve progression-free survival 
(PFS) and overall survival (OS) in advanced non-
small cell lung cancer (NSCLC) and small cell 
lung cancer (SCLC), and have become the stan-
dard first-line therapy according to the national 
and international guidelines. In the phase 3 
CASPIAN trial [3], Paz-Ares et al. reported that 
the addition of durvalumab to platinum-etopo-
side improved OS compared with chemothera-
py alone (13.0 vs. 10.3 months; HR=0.73, 
P=0.0047) in patients with extensive-stage 
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SCLC, establishing immunochemotherapy as 
the first-line standard of care. Real-world data 
also support the survival benefit of ICIs: pem-
brolizumab-treated patients with advanced 
NSCLC had a significantly longer median OS 
than patients treated with chemotherapy alone 
(13.0 vs. 9.2 months) [4]. However, adverse 
event and hospitalization rates were higher in 
the immunotherapy group, implying that surviv-
al gains must be accompanied by effective 
management of complications.

Lung cancer patients are prone to immunosup-
pression due to the tumor itself and often 
accompanied by malnutrition and declining 
performance status [5]. Chemotherapy-induced 
myelosuppression further reduces neutrophils 
and lymphocytes and lowers serum albumin, 
thus impairing host defenses. The infection  
risk associated with ICIs is complex [6]: most 
evidence indicates that infections are more 
likely associated with immune-related adverse 
events (irAEs) and the corticosteroids or other 
immunosuppressants used to manage irAEs, 
rather than to ICI per se [7]. The profile of infec-
tive risks under immunochemotherapy is there-
fore more complicated than with chemotherapy 
alone.

Infections can delay tumor therapy, prolong 
hospital stay, which increase medical costs. 
For advanced NSCLC, direct medical costs may 
range from tens to hundreds of thousands of 
US dollars, with hospitalization accounting for 
5.0%-58.1% of total costs [8] and infectious 
complications further escalating expenses. 
Lower respiratory tract infections remain the 
leading cause of infectious mortality worldwide, 
with around 2.5 million deaths expected in 
2023 [9]. In cancer patients receiving immuno-
suppressive therapy, infection-related mortality 
risk is markedly elevated. Therefore, effective 
strategies to prevent infections in this patient 
population are of utmost importance.

However, few studies have specifically investi-
gated infections in lung cancer patients under-
going immunochemotherapy. The majority of 
available literature focuses on the identifica-
tion and management of irAEs rather than 
infections [10]. Current reports on infection are 
mainly small, single-center, retrospective stud-
ies with highly heterogeneous populations, 
varying definitions of infection, different obser-
vation periods, and widely disparate incidence 

rates, limiting their comparability and generaliz-
ability [11]. Risk factor analyses, as reported to 
date, have largely been univariate, and multi-
variate analyses addressing ICI-based combi-
nation therapy are lacking. A meta-analysis by 
Chen et al. [12] on risk factors for pulmonary 
infections in NSCLC patients synthesized data 
from 10 studies and demonstrated that dia- 
betes and hypoalbuminemia may be relevant 
predictors. However, none of the studies includ-
ed patients receiving ICI-based combination 
treatment. Consequently, guidance for identify-
ing high-risk patients and implementing pre-
ventive strategies are lacking. At present, no 
validated clinical prediction tool exists for this 
population.

In light of these gaps, we conducted a retro-
spective cohort study using real-world clinical 
data from LC patients who received ICIs com-
bined with chemotherapy. Our goals were to (1) 
characterize the incidence, site distribution, 
and pathogen profile of infections, (2) identify 
independent risk factors using univariate/mul-
tivariable logistic regression, (3) develop a sim-
ple, clinically usable risk scoring system based 
on LASSO-based variable selection and ROC-
derived optimal cut-offs, and (4) evaluate its 
stability and predictive performance through 
bootstrap internal validation. The resulting tool 
is intended to help clinician identify patients at 
high risk early, allowing rational allocation of 
preventive interventions to reduce infection 
rates and improve treatment tolerability and 
prognosis.

Materials and methods

Study design and participants

This retrospective study was conducted at the 
First Affiliated Hospital of Yangtze University 
(The First People’s Hospital of Jingzhou). Using 
the hospital’s electronic medical record sys-
tem, we consecutively collected clinical data 
from lung cancer patients admitted between 
January 1, 2020 and December 31, 2025,  
who received ICIs combined with chemothera-
py. Among the 616 patients enrolled, 56 
(9.09%) developed an infection. The study was 
approved by the Ethics Committee of the First 
Affiliated Hospital of Yangtze University (The 
First People’s Hospital of Jingzhou). Due to the 
retrospective design, informed consent was 
waived per relevant regulations, and all data 
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collection and use were consistent with the 
Declaration of Helsinki (Figure S1). The sample 
size was determined based on a previous 
report indicating that the incidence of infection 
in LC patients receiving immunotherapy ranges 
from 22% to 27%. We used a midpoint estimate 
of 24.5% [13]. According to a single-proportion 
formula for two-sided α=0.05 (Z=1.96) and 
margin of error E=0.05, the minimum required 
sample size was approximately 284. Con- 
sidering a loss/dropout rate of 10%, the adjust-
ed minimum sample size was approximately 
316. Our study finally enrolled 616 patients, 
exceeding this requirement.

Inclusion criteria: (1) pathology- or cytology-
proven lung cancer (NSCLC or SCLC); (2) aged 
18 years or older; (3) receipt of at least one 
cycle of ICI-based combination chemotherapy 
at our center; (4) inpatient admission for at 
least 24 hours; (5) sufficiently complete clinical 
records for retrospective analysis. Exclusion 
criteria: (1) concurrent diagnosis of other malig-
nancy; (2) active infection on admission; (3) 
prior organ transplantation or long-term use of 
immunosuppressants; (4) missing crucial data; 
or (5) incomplete follow-up data.

Definition of infection

Infection was defined as a new-onset clinically 
or microbiologically confirmed infectious event 
that occurred during hospitalization and treat-
ment. The diagnosis was based on clinical man-
ifestations (e.g., fever, cough, dyspnea), labora-
tory findings (e.g., elevated inflammatory mark-
ers), imaging and microbiological evidence 
(when available) [14]. Patients showing signs of 
active infection at admission or baseline were 
excluded. Cases presenting with irAEs (e.g., 
immune-related pneumonitis), without eviden- 
ce of infection, were excluded.

Clinical data collection

Data were extracted from the electronic medi-
cal record system. Demographic and baseline 
characteristics included age, sex, body mass 
index (BMI), smoking history, and other general 
clinical information. Tumor-related variables 
included histological type (adenocarcinoma, 
squamous cell carcinoma, SCLC, and other), 
disease stage (per the 8th edition of the AJCC 
TNM staging system), PD-L1 expression level 
(<1%, 1%-49%, ≥50%), driver gene mutation 

status (e.g., EGFR and ALK), and Eastern 
Cooperative Oncology Group (ECOG) perfor-
mance score.

Recorded comorbidities included diabetes, 
hypertension, chronic obstructive pulmonary 
disease (COPD), chronic heart disease, chronic 
renal insufficiency, and chronic liver disease. 
Treatment-related variables included ICI type 
(PD-1 or PD-L1 inhibitor), chemotherapy regi-
men (platinum-doublet or single-agent), treat-
ment line (first-line or second-line and beyond), 
number of completed chemotherapy cycles, 
corticosteroid use, and prophylactic use of anti-
biotics and granulocyte colony-stimulating fac-
tor (G-CSF).

Laboratory parameters collected during treat-
ment included white blood cell (WBC) count, 
neutrophil count, lymphocyte count, serum 
albumin, hemoglobin, and C-reactive protein 
(CRP). Neutropenia was defined as a neutrophil 
count <1.5×109/L [15]; hypoalbuminemia as 
serum albumin <35 g/L [16]; and lymphocyto-
penia as a lymphocyte count <1.0×109/L [16]. 
All laboratory data were obtained from the 
most recent measurement before the start of 
the current treatment cycle or before the onset 
of infection. To ensure baseline comparability, 
blood samples were routinely collected within 
24-48 hours of hospital admission.

Measurement methods

All laboratory tests were performed in the cli- 
nical laboratory of our institution using stan-
dardized methods. Complete blood counts 
(including WBC, neutrophil count, lymphocyte 
count, and hemoglobin) were measured on a 
Sysmex XN-3000 automated hematology ana-
lyzer (Sysmex Corporation, Japan) with manu-
facturer-supplied reagent kits. Daily internal 
quality control was performed before each run. 
Serum albumin levels were measured by the 
bromocresol green colorimetry on a Beckman 
Coulter AU5800 automated biochemistry ana-
lyzer (Beckman Coulter, USA) with correspond-
ing reagent kits. Serum CRP levels were mea-
sured using commercially available enzyme-
linked immunosorbent assay (ELISA) kit 
(Catalog No. ml300545, Shanghai Enzyme-
linked Biotechnology Co., Ltd., Shanghai, 
China) according to the manufacturer’s ins- 
tructions. All laboratory procedures were per-
formed in accordance with the standard oper-
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ating procedures provided by the manufactur-
er. Laboratory personnel received standardized 
training, and all test results met institutional 
and external quality-control requirements.

Outcomes

The primary outcome was the occurrence of 
infection during hospitalization, defined as a 
new infection event diagnosed according to 
standardized clinical and microbiological crite-
ria, with reference to established diagnostic 
criteria, including the Chinese Diagnostic 
Criteria for Nosocomial Infections (2001). 
Infection site distribution, pathogen profile, and 
antimicrobial resistance patterns were also 
analyzed.

Secondary outcomes included identification 
and quantification of independent risk factors 
for infection, evaluation of the predictive per-
formance of the clinical risk scoring system 
(AUC, sensitivity, specificity), assessment of 
model stability through 1,000-bootstrap resa-
mpling, and examination of score consistency 
across subgroups by histological type, ICI class, 
treatment line, and ECOG status.

Statistical analysis

All analyses were performed using R (version 
4.5.2, R Core Team) and SPSS (version 27.0, 
IBM Corporation). Normality of continuous vari-
ables was assessed using the Shapiro-Wilk test 
(Table S1). Normally distributed continuous 
variables were expressed as mean ± standard 
deviation (SD) and compared using indepen-
dent-samples t-test. Non-normally distributed 
variables were expressed as median (inter-
quartile range) [P25, P75] and compared using 
Mann-Whitney U test. Categorical variables 
were presented as counts and proportions (%) 
and compared using chi-square test, or Fisher 
exact test when expected cell frequencies were 
<5.

Before multivariable analysis, candidate vari-
ables were assessed for multicollinearity using 
Spearman correlation and variance inflation 
factors (VIFs). Variables with P<0.05 in the uni-
variate analysis were considered candidate 
predictors for subsequent modeling. To reduce 
redundancy before least absolute shrinkage 
and selection operator (LASSO) regression, 
three binary indicators - neutropenia, hypoalbu-
minemia, and lymphocytopenia - were excluded 

because they overlapped with their correspond-
ing continuous variables (namely neutrophil 
count, serum albumin, and lymphocyte count, 
respectively).

A total of 14 variables were entered into a 
LASSO regression model with L1 regularization. 
The optimal penalty parameter λ was deter-
mined using 10-fold cross-validation, and the 
lambda.1se criterion was selected to obtain a 
more parsimonious and stable model. Variables 
retained at lambda.1se were entered into mul-
tivariable logistic regression, and age ≥65 
years was additionally included based on clini-
cal relevance. Multicollinearity among variables 
selected for modeling was reassessed using 
VIF, and all VIFs were below 3, indicating no 
substantial collinearity.

The final multivariable model included 11 can-
didate variables and 56 infection events, yield-
ing an events-per-variable (EPV) ratio of approx-
imately 5.1, which was below the conventional 
10:1 threshold. Therefore, LASSO-based di- 
mension reduction and 1,000-bootstrap inter-
nal validation were used to reduce and assess 
the risk of model overfitting. Results were 
expressed as odds ratios (ORs) with 95% confi-
dence intervals (CIs).

For continuous variables that remained inde-
pendently associated with infection in the mul-
tivariable model, ROC curve analysis was per-
formed, and optimal cutoffs were determined 
using the Youden index for risk score develop-
ment. The predictive performance of the scor-
ing system was evaluated using AUC, sensitivi-
ty, specificity, and Brier score based on 1,000 
bootstrap resamples. AUCs were compared 
using the DeLong test, while net reclassifica-
tion improvement (NRI) and integrated discrimi-
nation improvement (IDI) were calculated in 
sensitivity analyses to assess incremental pre-
dictive value.

Subgroup analyses were performed according 
to histological type, ICI class, treatment line, 
and ECOG status, with interaction tests per-
formed to assess consistency of the scoring 
system across subgroups. To minimize reverse 
causation, only pre-infection laboratory mea-
surements were included for patients who 
developed infection. All tests were two-sided, 
and P<0.05 was considered statistically 
significant.
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Results

Incidence, type, and pathogen distribution of 
infections

Among the 616 patients receiving ICI-based 
chemotherapy, 56 developed an infection, with 
an overall incidence of 9.09% (95% CI: 6.9-
11.7%). Pulmonary infection was the most com-
mon site, affecting more than 60% of infected 
patients, followed by bloodstream infection, 
urinary tract infection, gastrointestinal infec-
tion, and other sites infections (Figure 1A).

Gram-negative bacteria accounted for 50.00% 
of pathogens, with Klebsiella pneumoniae 
(17.86%), Pseudomonas aeruginosa (14.29%), 
and Escherichia coli (10.71%) being the most 
frequent pathogens. Gram-positive species 
accounted for 25.00% of isolates, predomi-
nantly Staphylococcus aureus (10.71%) and 
Streptococcus pneumoniae (8.93%). Fungal 
infection was identified in 14.29% of the cases, 

including Candida albicans (7.14%) and As- 
pergillus spp. (5.36%). In 10.71% of cases, cul-
tures were negative or did not identify a patho-
gen (Figure 1B).

Among drug-resistant organisms, carbapenem-
resistant K. pneumoniae (CRKP) accounted for 
40.00% (4/10), methicillin-resistant S. aureus 
(MRSA) for 33.33% (2/6), and carbapenem-
resistant P. aeruginosa (CRPA) for 25.00% 
(2/8) (Figure 1C). Infections occurred most 
common during chemotherapy cycles 3-4 
(35.71%), followed by cycles 5-6 (28.57%), with 
a declining trend from cycle 7 onwards 
(21.43%). The lowest incidence was observed 
in cycles 1-2 (14.29%) (Figures 1D, S2).

Baseline characteristics

Comparison of baseline characteristics be- 
tween infection and non-infection groups 
showed significant differences in age (P< 
0.001), proportion of patients aged ≥65 years 

Figure 1. Distribution of infection characteristics in lung cancer patients receiving ICI-based chemotherapy. A. Distri-
bution of infection sites; B. Pathogen profile; C. Detection rates of drug-resistant organisms among their respective 
species; D. Distribution of infection events by chemotherapy cycle at onset. Note: GNB, Gram-negative bacteria; 
GPB, Gram-positive bacteria; CRKP, carbapenem-resistant Klebsiella pneumoniae; CRPA, carbapenem-resistant 
Pseudomonas aeruginosa; MRSA, methicillin-resistant Staphylococcus aureus.
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(P=0.004), BMI (P<0.001), ECOG score (P< 
0.001), and tumor stage (P=0.020). Comor- 
bidities such as diabetes (P=0.034) and COPD 
(P=0.009) were more prevalent in the infected 
group, while overall comorbidity burden didn’t 
differ significantly (P=0.102). Significant differ-
ences were observed in laboratory parameters 
including WBC and albumin (both P<0.001). 
Treatment-related factors showing significant 
differences included number of completed  
chemotherapy cycles (P=0.024), neutropenia 
(P<0.001), hypoalbuminemia (P<0.001), lym-
phocytopenia (P<0.001), and corticosteroid 
use (P<0.001). No significant differences were 
observed between groups in terms of sex 
(P=0.409), smoking history (P=0.201), histo-
logical type (P=0.712), PD-L1 expression 
(P=0.826), driver mutation status (P=0.434), 
hypertension (P=0.376), chronic heart disease 
(P=0.316), chronic renal insufficiency (P= 
0.216), chronic liver disease (P=0.583), ICI 
type (P=0.709), chemotherapy regimen (P= 
0.949), treatment line (P=0.151), prior radio-
therapy (P=0.051), prior surgery (P=0.701), pro-
phylactic G-CSF use (P=0.132), or prophylactic 
antifungal use (P=0.316) (all P>0.05). Details 
are shown in Table 1.

Multicollinearity assessment

Spearman correlation analysis of 17 candi- 
date variables showed moderate correlations 
between lymphocyte count and lymphocytope-
nia (r=-0.780, P<0.001), WBC and neutrophil 
count (r=0.773, P<0.001), and serum albumin 
and hypoalbuminemia (r=-0.758, P<0.001). All 
other pairwise correlations fell below 0.6, indi-
cating no strong linear relationships (Figure 
2A). VIF values were all below 5, confirming the 
absence of severe multicollinearity; all vari-
ables were retained for subsequent regression 
analysis (Figure 2B).

LASSO variable selection

LASSO regression was applied to 17 variables 
that reached statistical significance in uni- 
variate analysis. To avoid redundancy, three 
binary indicators - neutropenia, hypoalbumin-
emia, and lymphocytopenia - were removed 
because they represented the same clinical 
dimensions as their corresponding continuous 
variables (neutrophil count, albumin, and lym-
phocyte count). Fourteen variables were re- 
tained for LASSO-based selection. Ten-fold 

cross-validation identified the minimum λ 
(lambda.min=0.0029), at which white only WBC 
count was excluded, leaving 13 variables. Using 
the more parsimonious lambda.1se=0.0116, 
age ≥65 years, stage IV, and diabetes were 
additionally excluded, leaving 10 variables for 
final selection: BMI, ECOG score ≥2, COPD, neu-
trophil count, lymphocyte count, albumin, 
hemoglobin, CRP, completed chemotherapy 
cycles, and corticosteroid use (Figure 3A, 3B). 
The lambda.1se solution was selected to priori-
tize model parsimony and predictive stability.

Multivariable logistic regression

The 10 variables retained by LASSO at 
lambda.1se, together with age ≥65 years, 
which was additionally included based on clini-
cal judgment, yielded 11 candidate predictors 
for multivariable logistic regression. VIF reas-
sessment among these variables showed all 
values below 3, confirming no substantial mul-
ticollinearity. Multivariable analysis identified 
ECOG score ≥2 (OR=4.180, 95% CI: 1.564-
11.736, P=0.005), CRP (OR=1.120, 95% CI: 
1.083-1.166, P<0.001), and number of com-
pleted chemotherapy cycles (OR=1.290, 95% 
CI: 1.017-1.669, P=0.042) as independent risk 
factors for infection. In contrast, neutrophil 
count (OR=0.629, 95% CI: 0.471-0.815, 
P<0.001), lymphocyte count (OR=0.174, 95% 
CI: 0.060-0.450, P<0.001), albumin (OR= 
0.820, 95% CI: 0.734-0.907, P<0.001), and 
hemoglobin (OR=0.942, 95% CI: 0.909-0.973, 
P<0.001) were independent protective factors. 
Age ≥65 years (P=0.770), BMI (P=0.157), COPD 
(P=0.081), and corticosteroid use (P=0.071) 
did not reach statistical significance (Figure 4).

ROC analysis of continuous independent vari-
ables

ROC curves were plotted for the six continuous 
variables independently associated with infec-
tion in the multivariable model. Infection status 
served as the binary outcome and optimal cut-
offs were determined using the Youden index. 
CRP had the highest discriminative ability, with 
an area under the curve (AUC) of 0.841 (95% 
CI: 0.775-0.906) and an optimal cutoff of 
33.025 mg/L (sensitivity 67.9%, specificity 
91.4%) (Figure 5E). Albumin (AUC=0.771, 95% 
CI: 0.701-0.841) and lymphocyte count (AUC= 
0.769, 95% CI: 0.711-0.828) showed similar 
predictive performance. The optimal cutoffs 
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Table 1. Comparison of baseline characteristics between infection and non-infection groups in lung 
cancer patients receiving immunotherapy combined with chemotherapy

Variable Category Total (N=616) Non-infection 
group (n=560)

Infection group 
(n=56) Statistic P 

value
Age (years) Median [P25, P75] 64.00 [58.00, 70.00] 64.00 [58.00, 69.00] 69.00 [60.75, 77.00] 4.091 <0.001

Age ≥65 years Yes 304 (49.35%) 266 (47.50%) 38 (67.86%) 8.440 0.004

No 312 (50.65%) 294 (52.50%) 18 (32.14%)

Sex Male 515 (83.60%) 466 (83.21%) 49 (87.50%) 0.682 0.409

Female 101 (16.40%) 94 (16.79%) 7 (12.50%)

BMI (kg/m2) Mean ± SD 22.21±3.56 22.37±3.57 20.60±3.08 3.572 <0.001

Smoking history Yes 335 (54.38%) 300 (53.57%) 35 (62.50%) 1.636 0.201

No 281 (45.62%) 260 (46.43%) 21 (37.50%)

ECOG score 0-1 448 (72.73%) 420 (75.00%) 28 (50.00%) 16.042 <0.001

≥2 168 (27.27%) 140 (25.00%) 28 (50.00%)

Tumor stage Stage III 207 (33.60%) 196 (35.00%) 11 (19.64%) 5.381 0.020

Stage IV 409 (66.40%) 364 (65.00%) 45 (80.36%)

Histological type Adenocarcinoma 305 (49.51%) 280 (50.00%) 25 (44.64%) 1.373 0.712

Squamous cell carcinoma 216 (35.06%) 196 (35.00%) 20 (35.71%)

SCLC 75 (12.18%) 67 (11.96%) 8 (14.29%)

Other 20 (3.25%) 17 (3.04%) 3 (5.36%)

PD-L1 expression <1% 214 (34.74%) 196 (35.00%) 18 (32.14%) 0.383 0.826

1%-49% 246 (39.94%) 224 (40.00%) 22 (39.29%)

≥50% 156 (25.32%) 140 (25.00%) 16 (28.57%)

Driver mutation status Positive (EGFR/ALK, etc.) 182 (29.55%) 168 (30.00%) 14 (25.00%) 0.611 0.434

Negative 434 (70.45%) 392 (70.00%) 42 (75.00%)

Comorbidities (any) Yes 366 (59.42%) 327 (58.39%) 39 (69.64%) 2.672 0.102

No 250 (40.58%) 233 (41.61%) 17 (30.36%)

Diabetes Yes 130 (21.10%) 112 (20.00%) 18 (32.14%) 4.508 0.034

No 486 (78.90%) 448 (80.00%) 38 (67.86%)

Hypertension Yes 188 (30.52%) 168 (30.00%) 20 (35.71%) 0.784 0.376

No 428 (69.48%) 392 (70.00%) 36 (64.29%)

COPD Yes 100 (16.23%) 84 (15.00%) 16 (28.57%) 6.895 0.009

No 516 (83.77%) 476 (85.00%) 40 (71.43%)

Chronic heart disease Yes 64 (10.39%) 56 (10.00%) 8 (14.29%) 1.004 0.316

No 552 (89.61%) 504 (90.00%) 48 (85.71%)

Chronic renal insufficiency Yes 46 (7.47%) 39 (6.96%) 7 (12.50%) 1.528 0.216

No 570 (92.53%) 521 (93.04%) 49 (87.50%)

Chronic liver disease Yes 39 (6.33%) 34 (6.07%) 5 (8.93%) 0.302 0.583

No 577 (93.67%) 526 (93.93%) 51 (91.07%)

WBC count (×109/L) Mean ± SD 5.76±2.30 5.86±2.29 4.75±2.14 3.456 <0.001

Neutrophil count (×109/L) Median [P25, P75] 3.92 [2.53, 5.30] 4.08 [2.78, 5.41] 2.46 [1.37, 4.21] 4.718 <0.001

Lymphocyte count (×109/L) Mean ± SD 1.32±0.57 1.37±0.56 0.84±0.44 6.872 <0.001

Albumin (g/L) Mean ± SD 38.03±5.01 38.50±4.73 33.31±5.40 7.727 <0.001

Hemoglobin (g/L) Mean ± SD 111.08±17.99 112.51±17.53 96.80±16.32 6.430 <0.001

CRP (mg/L) Median [P25, P75] 15.34 [6.90, 26.36] 14.34 [6.26, 23.25] 47.06 [22.96, 65.27] 8.412 <0.001

Completed chemotherapy cycles Median [P25, P75] 4.00 [3.00, 5.00] 4.00 [3.00, 5.00] 5.00 [3.00, 6.00] 2.260 0.024

Neutropenia Yes 71 (11.53%) 53 (9.46%) 18 (32.14%) 25.676 <0.001

No 545 (88.47%) 507 (90.54%) 38 (67.86%)

Hypoalbuminemia (<35 g/L) Yes 159 (25.81%) 124 (22.14%) 35 (62.50%) 43.300 <0.001

No 457 (74.19%) 436 (77.86%) 21 (37.50%)

Lymphocytopenia Yes 174 (28.25%) 137 (24.46%) 37 (66.07%) 43.483 <0.001

No 442 (71.75%) 423 (75.54%) 19 (33.93%)

ICI type PD-1 inhibitor 399 (64.77%) 364 (65.00%) 35 (62.50%) 0.139 0.709

PD-L1 inhibitor 217 (35.23%) 196 (35.00%) 21 (37.50%)

Chemotherapy regimen Platinum doublet 493 (80.03%) 448 (80.00%) 45 (80.36%) 0.004 0.949

Single-agent 123 (19.97%) 112 (20.00%) 11 (19.64%)
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were 36.350 g/L (sensitivity 76.8%, specificity 
70.0%) for albumin and 0.995×109/L (sensitiv-
ity 66.1%, specificity 75.5%) for lymphocyte 
count (Figure 5B, 5C). Hemoglobin had an AUC 
of 0.746 (95% CI: 0.683-0.809) with a cutoff of 
112.500 g/L (sensitivity 91.1%, specificity 
52.0%) (Figure 5D). Neutrophil count had an 
AUC of 0.691 (95% CI: 0.616-0.766) with a cut-
off of 2.615×109/L (sensitivity 55.4%, specific-
ity 77.0%) (Figure 5A). Completed chemothera-
py cycles had the lowest AUC (AUC=0.590, 95% 
CI: 0.511-0.670) with a cutoff of 4.5 cycles 
(sensitivity 55.4%, specificity 61.3%) (Figure 
5F). The Youden index, likelihood ratios, and 

predictive values for each predictor are pre-
sented in Table S2. Pairwise DeLong compari-
sons showed that CRP had a significantly higher 
AUC than neutrophil count (P=0.007), hemoglo-
bin (P=0.047), and completed chemotherapy 
cycles (P<0.001), but was not significantly dif-
ferent from lymphocyte count (P=0.138) or 
albumin (P=0.112) (Table S3).

Risk score construction and stratification

A clinical risk scoring system was developed 
using seven dichotomized variables. Points 
were assigned by re-fitting the multivariable 

Treatment line First-line 426 (69.16%) 392 (70.00%) 34 (60.71%) 2.058 0.151

≥Second-line 190 (30.84%) 168 (30.00%) 22 (39.29%)

Corticosteroid use Yes 134 (21.75%) 112 (20.00%) 22 (39.29%) 11.124 <0.001

No 482 (78.25%) 448 (80.00%) 34 (60.71%)

Prior radiotherapy Yes 98 (15.91%) 84 (15.00%) 14 (25.00%) 3.805 0.051

No 518 (84.09%) 476 (85.00%) 42 (75.00%)

Prior surgery Yes 122 (19.81%) 112 (20.00%) 10 (17.86%) 0.147 0.701

No 494 (80.19%) 448 (80.00%) 46 (82.14%)

Prophylactic G-CSF use Yes 210 (34.09%) 196 (35.00%) 14 (25.00%) 2.266 0.132

No 406 (65.91%) 364 (65.00%) 42 (75.00%)

Prophylactic antifungal use Yes 64 (10.39%) 56 (10.00%) 8 (14.29%) 1.004 0.316

No 552 (89.61%) 504 (90.00%) 48 (85.71%)
Note: BMI, body mass index; ECOG, Eastern Cooperative Oncology Group; PD-L1, programmed death-ligand 1; COPD, chronic obstructive pulmonary disease; CRP, C-reactive 
protein; G-CSF, granulocyte colony-stimulating factor; WBC, white blood cell; ICI, immune checkpoint inhibitor; SCLC, small cell lung cancer.

Figure 2. Collinearity assessment of candidate variables. A. Heatmap for spearman correlation coefficients among 
the 17 candidate variables included in pre-modeling collinearity assessment. Color intensity represents Spearman’s 
rank correlation coefficient (ρ), ranging from -1 to 1, with blue indicating negative correlation, white indicating no 
correlation, and red indicating positive correlation. B. Variance inflation factor (VIF) plot of the same candidate 
variables. The dashed reference line indicates VIF=5, and values below this threshold were considered to indicate 
no substantial multicollinearity. Note: BMI, body mass index; ECOG, Eastern Cooperative Oncology Group; COPD, 
chronic obstructive pulmonary disease; CRP, C-reactive protein; VIF, variance inflation factor; r, Spearman correla-
tion coefficient.
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logistic regression model and scaling each 
regression coefficient (β) relative to the largest 
absolute β (CRP: β=3.822), multiplied by 3, and 
rounded to the nearest integer. Variables with a 

raw score <1 were assigned 1 point. For protec-
tive factors (higher values associated with 
lower infection risk: neutrophil count, lympho-
cyte count, albumin, and hemoglobin), points 

Figure 3. LASSO regression-based candidate variable selection. A. LASSO regression coefficient path plot for the 14 
candidate variables entered into LASSO regression after removal of redundant binary indicators. The red dashed 
line indicates lambda.min and the blue dashed line indicates lambda.1se. B. Ten-fold cross-validation curve for the 
LASSO logistic regression model using binomial deviance as the optimization criterion. At lambda.min=0.0029, 
white blood cell count was excluded and 13 variables were retained. At lambda.1se=0.0116, age ≥65 years, stage 
IV, and diabetes were additionally excluded, leaving 10 variables for subsequent multivariable analysis. Note: LAS-
SO, least absolute shrinkage and selection operator; BMI, body mass index; ECOG, Eastern Cooperative Oncology 
Group; COPD, chronic obstructive pulmonary disease; CRP, C-reactive protein.

Figure 4. Forest plot of multivariable logistic regression analysis for infection risk factors. The multivariable model 
included the 10 variables retained by LASSO at lambda.1se, together with age ≥65 years, which was added based 
on clinical judgment. Odds ratios are shown with 95% confidence intervals. OR >1 indicates increased infection risk, 
whereas OR <1 indicates reduced infection risk. Note: OR, odds ratio; CI, confidence interval; BMI, body mass index; 
ECOG, Eastern Cooperative Oncology Group; COPD, chronic obstructive pulmonary disease; CRP, C-reactive protein.
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were assigned when the value fell below the 
ROC-derived cutoff, reflecting increased risk.

The resulting point assignments were: ECOG ≥2 
(β=1.553, 1 point), neutrophil count ≤2.615× 
109/L (β=1.311, 1 point), lymphocyte count 
≤0.995×109/L (β=1.680, 1 point), cumulative 
completed chemotherapy cycles ≥4.5 (β= 
0.914, 1 point), albumin ≤36.350 g/L (β=1.993, 
2 points), hemoglobin ≤112.500 g/L (β=2.635, 
2 points), and CRP ≥33.025 mg/L (β=3.822, 3 
points). The total score ranged from 0 to 11 
points. Infection incidence increased steadily 
with higher scores (Figure 6A). Stratifying 
patients into low-risk (0-3), intermediate-risk 
(4-7), and high-risk (8-11) groups yielded infec-
tion rates of 0.27% (1/374), 11.27% (23/204), 
and 84.21% (32/38), with significant differenc-
es across risk strata (Figure 6B).

Bootstrap internal validation

Internal validation with 1,000 bootstrap resa-
mples showed that the bootstrap-validated 
AUC (0.954, 95% CI: 0.926-0.977) closely 
matched the original AUC (0.954, 95% CI: 
0.928-0.979), indicating good internal stability 
(Figure 7A). Using a cutoff of 5.5 points, the 
bootstrap-validated sensitivity and specificity 
were 85.7% and 90.1%, respectively, (original: 
85.7% and 90.2%). The Brier score was 0.035 
(original: 0.036), indicating minimal prediction 
error. Calibration curve analysis showed ex- 
cellent alignment between predicted and 
observed probabilities, with a calibration inter-
cept of 0.000 (95% CI: -0.469 to 0.496), a cali-
bration slope of 1.000 (95% CI: 0.796-1.247), 
and a non-significant Hosmer-Lemeshow test 
(χ2=8.993, P=0.109) (Figure 7B).

Figure 5. Receiver operating characteristic (ROC) curve analysis of six continuous independent predictors of infec-
tion. A. Neutrophil count; B. Lymphocyte count; C. Albumin; D. Hemoglobin; E. C-reactive protein (CRP); F. Completed 
chemotherapy cycles. ROC curves were constructed using infection status as the binary outcome. The area under 
the curve (AUC) and 95% confidence interval (CI) were estimated using the DeLong method. Optimal cutoff values 
were determined by the maximum Youden index, and the red dot indicates the corresponding operating point on 
each ROC curve. For variables inversely associated with infection risk (neutrophil count, lymphocyte count, albumin, 
and hemoglobin), direction was standardized during ROC computation so that higher transformed values indicated 
higher infection risk, while cutoff values are reported in the original clinical units. The x-axis represents 1 - specificity 
and the y-axis represents sensitivity.



Infection risk scoring in lung cancer immunochemotherapy

2717	 Am J Cancer Res 2026;16(7):2707-2724

Subgroup analysis

To evaluate the generalizability of the risk score 
across different clinical subgroups, we per-
formed analyses stratified by histological type, 
ICI class, treatment line, and ECOG status. OR 

per 1-point increase in score was used to quan-
tify predictive performance.

The score significantly predicted infection risk 
for squamous cell carcinoma (SCC) with 
OR=4.563 (95% CI: 2.439-8.534, P<0.001), 

Figure 6. Infection incidence by total risk score and risk stratum. A. Distribution of infection incidence across indi-
vidual total risk scores; B. Comparison of infection incidence among low-, intermediate-, and high-risk groups. Note: 
ECOG, Eastern Cooperative Oncology Group; CRP, C-reactive protein.

Figure 7. 1,000-iteration bootstrap internal validation results of the risk scoring system. A. Histogram of AUC distri-
bution across 1,000 bootstrap resamples; red dashed line indicates the original AUC value (0.954). B. Calibration 
curve assessed by decile-based risk grouping; the red line shows the correspondence between mean predicted 
probability and observed event rate within each decile, and the grey dashed line represents the ideal calibration 
reference. Calibration intercept =0.000 (95% CI: -0.469 to 0.496), calibration slope =1.000 (95% CI: 0.796-1.247), 
Hosmer-Lemeshow test χ2=8.993, P=0.109. Note: AUC, area under the curve; CI, confidence interval; Bootstrap, 
bootstrap resampling.
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adenocarcinoma (ADC) OR=2.801 (95% CI: 
2.036-3.854, P<0.001), and SCLC OR=4.854 
(95% CI: 1.629-14.470, P=0.005). The “other 
histology” subgroup did not reach significance, 
as few events occurred (P=0.137). The in- 
teraction test was not significant. By ICI class, 
PD-L1 inhibitors (OR=2.999, 95% CI: 2.009-
4.476, P<0.001) and PD-1 inhibitors (OR= 
3.833, 95% CI: 2.592-5.667, P<0.001) yield- 
ed consistent results (P interaction=0.394). 
First-line (OR=3.400, 95% CI: 2.418-4.779, 
P<0.001) and second-line or later (OR=3.350, 
95% CI: 2.121-5.290, P<0.001) subgroups 
were similarly consistent (P interaction=0.959). 
ECOG 0-1 (OR=3.330, 95% CI: 2.352-4.716, 
P<0.001) and ECOG ≥2 (OR=3.463, 95%  
CI: 2.198-5.456, P<0.001) showed stable pre-
dictive performance (P interaction=0.893). 
These findings indicate that the score per- 
forms consistently across clinical subgroups 
(Figure 8).

Sensitivity analysis

To assess the potential impact of overfitting 
related to the number of candidate variables, 
the full 11-variable model was compared with a 
reduced model comprising only the seven pre-
dictors included in the risk score. Model dis-
crimination was assessed using ROC analysis, 
and AUCs were compared using the DeLong 
test.

The reduced model achieved an AUC of 0.976 
(95% CI: 0.962-0.989), which did not differ sig-
nificantly from the full model (AUC=0.978, 95% 
CI: 0.965-0.991; DeLong P=0.265). AIC was 
slightly lower for the reduced model (146.17 vs. 
146.96), and sensitivity/specificity were com-
parable (92.9%/92.5% vs. 92.9%/94.3%), sug-
gesting that the seven predictors captured the 
majority of predictive information.

Three additional sensitivity analyses were per-
formed. First, the simplified risk score (AUC= 
0.954, sensitivity 85.7%, specificity 90.2%) 
was comparable to that of the full logis- 
tic regression model (AUC=0.958, sensitivity 
83.9%, specificity 96.1%; DeLong P=0.121). In 
contrast, excluding CRP reduced AUC to 0.897 
(sensitivity 92.9%, specificity 72.3%; DeLong 
P<0.001 vs. the full score) (Figure 9A, 9B). 
Second, reclassification analysis confirmed 
that including CRP significantly improved model 
performance (NRI=1.046, 95% CI: 0.801-
1.289; IDI=0.061, 95% CI: 0.027-0.099) (Fig- 
ure 9C). Third, an alternative stratification (low-
risk 0-4, intermediate-risk 5-7, high-risk 8-11) 
yielded infection rates of 1.1% (5/444), 14.2% 
(19/134), and 84.2% (32/38), consistent with 
the original scheme (Figure 9D).

Discussion

In this study, we analyzed 616 lung cancer inpa-
tients treated with ICIs in combination with che-

Figure 8. Subgroup analysis forest plot of predictive performance of the risk scoring system across clinical sub-
groups. Note: OR, odds ratio; CI, confidence interval; ECOG, Eastern Cooperative Oncology Group; PD-1, programmed 
death-1; PD-L1, programmed death-ligand 1.
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motherapy. The overall infection rate was 
9.09%, consistent with previously published 
data. Infection rates in lung cancer patients 
undergoing chemotherapy vary greatly (5%-
20%), largely due to heterogeneity in base- 
line characteristics, diagnostic criteria, obser-
vation periods, and treatment regimens. For 
example, Burns et al. [17] reported an infection 
incidence up to 45.7% in NSCLC patients treat-
ed with pembrolizumab. In that cohort, infected 
patients experienced significantly higher rates 
of emergency department visits, hospitaliza-
tions, and ICU admissions, and had significant-

ly shorter median OS. In the present study, 
infection events were defined according to 
standardized clinical and microbiological crite-
ria based on well-established diagnostic guide-
lines, and the study population was relatively 
homogeneous (all receiving ICI-based chemo-
therapy). These factors likely contributed to the 
internal consistency of the reported infection 
incidence. Moreover, this study focused on 
infections occurring during treatment, which 
seem to better reflect real-world risk under 
immunochemotherapy. As far as we know, few 
studies have developed a practical risk scoring 

Figure 9. Sensitivity analyses of the risk scoring system. A. ROC curve comparison among three predictive models; 
B. Statistical significance of AUC differences between models assessed by DeLong test; C. NRI and IDI reclassifica-
tion improvement results comparing the full score vs. the score with CRP excluded; D. Infection incidence corre-
sponding to the alternative risk stratification scheme. Note: ROC, receiver operating characteristic; AUC, area under 
the curve; CRP, C-reactive protein; NRI, net reclassification improvement; IDI, integrated discrimination improve-
ment; DeLong, DeLong test.
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system for infections in patients receiving 
immunochemotherapy, highlighting the novelty 
and clinical relevance of our work.

Chemotherapy impairs myelopoiesis, leading  
to neutropenia and lymphocytopenia, which 
compromise host immunity [18]. ICIs may  
additionally induce immune dysregulation [12]. 
However, the additive effect of ICIs and chemo-
therapy on infection risk remains unclear [19]. 
In a comparative study, infection rates in 
patients receiving ICI plus chemotherapy and 
chemotherapy alone were similar (15% vs. 22%, 
P=0.1) [20], suggesting the infection hazard is 
likely driven by myelosuppression and the con-
comitant use of immunosuppressive agents 
rather than by ICIs themselves. Supporting this, 
Bavaro et al. [21] identified corticosteroid use 
for irAE management as an independent pre-
dictor of infection in NSCLC patients receiving 
ICIs (adjusted HR=2.65, P=0.009), and neutro-
penia was also significantly associated with 
infection. These results shed light on the com-
plex nature of infection risk associated with 
combination therapy and highlight the need for 
careful management of corticosteroids.

The most common infection site was the lung 
(64.29%). This observation aligns with the 
pathophysiology of lung cancer, in which the 
primary tumor disrupts airway architecture, 
bronchial obstruction impairs clearance of 
secretions, chemotherapy damages the muco-
sal barrier, and the risk of aspiration is in- 
creased. Bloodstream infection (14.29%) was 
the second most common site, indicating a  
significant burden of severe infection that 
requires close clinical attention. Urinary tract 
infection occurred in 10.71% of cases, likely 
due to the use of indwelling catheters and 
immune compromise. Gram-negative patho-
gens comprised 50.00% of isolates with K. 
Pneumonia, Pseudomonas aeruginosa, and E. 
Coli being predominant. Zheng et al. [22] 
reported a predominance of Gram-negative 
microorganisms in pulmonary infections among 
patients receiving chemotherapy for advanced 
lung cancer (64.29%), which is consistent with 
our study. This pattern likely reflects the pre-
dictable ecology of microorganisms in these 
patients. Gram-positive organisms comprised 
25.00%, while fungi were isolated in 14.29% of 
cases. Previous studies indicate that fungal 
pulmonary infections occurs in about 14.00% 
of lung cancer patients, with corticosteroid use 

(OR=4.44) and receipt of two or more chemo-
therapy cycles (OR=2.87) identified as indepen-
dent risk factors [23]. These findings under-
score the importance of incorporating antifun-
gal prophylaxis or monitoring in treatment 
planning.

Drug-resistant organisms, including CRKP, 
MRSA, and CRPA, were detected among cul-
ture-positive cases. However, given the limited 
number of isolates, these proportions should 
be interpreted with caution in relation to local 
surveillance data; they do not allow general 
conclusions on the overall resistance. In the 
era of immunotherapy, the spectrum of oppor-
tunistic infections in lung cancer patients is 
evolving [24]. Infection risk is heightened in 
patients with absolute lymphocyte count <500/
μL or those receiving prolonged use of cortico-
steroids (≥20 mg prednisone equivalent/day 
for ≥4 weeks). Drug-resistant infections are 
more difficult to treat, often prolong hospital-
ization and may compromise treatment efficacy 
[25]. The emergence of these organisms is 
greatly driven by repeated hospital admissions 
and recurrent exposure to broad-spectrum an- 
tibiotics. Therefore, local antimicrobial resis-
tance surveillance should guide empirical anti-
biotic selection to prevent further escalation of 
resistance [26].

Infection events clustered during chemothera-
py cycles 3-4 of (35.71%), consistent with the 
timeline of cumulative treatment-related myelo-
suppression. Repeated cycles of chemotherapy 
progressively impair bone marrow reserve, 
resulting in sustained reductions in neutrophil 
and lymphocyte counts. Therefore, enhanced 
surveillance and timely preventive interven-
tions during this treatment period may be par-
ticularly important for reducing infection-relat-
ed complications.

Multivariable analysis identified seven indepen-
dent predictors of infection, among which ECOG 
score ≥2 (OR=3.993) emerged as a strong pre-
dictor, reflecting not only diminished physiologi-
cal reserve and impaired immune competence 
but also poor nutritional status and overall 
functional decline. Burns et al. [17] and 
Bachlitzanaki et al. [27] similarly reported that 
poor performance status was independently 
associated with infection or infection-related 
adverse outcome (OR/HR=5.79, P=0.004), cor-
roborating our findings and highlighting the 
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important role functional status in infection 
susceptibility among patients with lung cancer. 
Elevated CRP was also identified as an inde-
pendent risk factor (OR=1.114), suggesting a 
close relationship between systemic inflamma-
tion and infection susceptibility. As an acute-
phase reactant, CRP reflects inflammatory acti-
vation in tumor microenvironment. Importantly, 
elevated CRP levels before the onset of clini-
cally apparent infection may represent an early 
warning signal of increased vulnerability to 
infectious complications. Nardone et al. [28] 
reported that elevated CRP levels were associ-
ated with poor outcomes in patients with meta-
static NSCLC receiving PD-1 and PD-L1 block-
ade. This is consistent with the concept that 
systemic inflammation adversely affects both 
anti-tumor and antimicrobial immune respons-
es. Nevertheless, distinguishing tumor-related 
inflammation from pre-infectious inflammatory 
activation remains challenging in clinical prac-
tice, and dynamic monitoring CRP may be more 
informative than a single assessment. The 
number of completed chemotherapy cycles 
was also independently associated with infec-
tion risk (OR=1.317), suggesting a dose-
response relationship between infection sus-
ceptibility and duration of chemotherapy. With 
increasing treatment cycles, prolonged myelo-
suppression, progressive mucosal barrier inju-
ry, and cumulative immune dysfunction may 
collectively contribute to a higher risk of infec-
tion. Previous predictive models for pulmonary 
infection in lung cancer patients undergoing 
chemoradiotherapy have also identified chemo-
therapy cycle count as an important predictor 
[29], indicating that cumulative treatment ex- 
posure may represent a common risk factor 
across different therapeutic settings.

Higher neutrophil count was identified as an 
independent protective factor for infection 
(OR=0.636), underscoring its significant role 
for innate immunity in host defense against 
pathogens. Previous studies have identified 
neutropenia as an independent predictor of 
infection in patients treated with ICI-based che-
motherapy [20], consistent with our findings. 
Lymphocyte count demonstrated the strongest 
protective association among all predictors 
(OR=0.174), emphasizing the importance of 
adaptive immunity. Although ICIs enhance anti-
tumor immunity by restoring T-cell activity 
through blockade of the PD-1/PD-L1 pathway, 

the immunostimulatory effects of ICIs may be 
partially offset by chemotherapy-induced lym-
phocyte depletion. Consequently, lymphocyto-
penia may remain a major determinant of infec-
tion susceptibility despite ongoing immuno-
therapy. Albumin was also identified as an inde-
pendent protective factor (OR=0.816). Consis- 
tent with our finding, Ding et al. [30] reported 
that decreased post-chemotherapy albumin 
levels were independently associated with pul-
monary infection after NSCLC resection. It is 
suggested that anemia appears to increases 
susceptibility to infections by hindering the 
metabolism of immune cells and lowering the 
oxygenation of a tissue. Corticosteroid use 
approached, but did not reach, statistical sig-
nificance in the multivariable analysis (P= 
0.065). Although this association did not meet 
the conventional threshold for significance, the 
observed trend suggests a potential contribu-
tion of corticosteroid exposure to infection risk. 
Guo et al. [31] reported that corticosteroid 
exposure was an independent risk factor for 
pulmonary infection in lung cancer patients 
receiving palliative chemotherapy. Their neural 
network-based prediction model further dem-
onstrated the importance of corticosteroid use 
and myelosuppression in infection risk assess-
ment (AUC=0.897).

LASSO regression was employed for variable 
selection as it effectively reduces overfitting. 
The optimal penalty parameter (λ) was de- 
termined using 10-fold cross-validation. We 
selected the lambda.1se instead of lambda.
min to achieve a more parsimonious model 
while maintaining adequate predictive perfor-
mance. Comparable LASSO-logistic models in 
similar settings have produced internal valida-
tion C-indices of 0.900 and AUCs of 0.875-
0.897 [29, 30]. In comparison, the AUC of 
0.954 achieved by our score suggests some 
advantage, which may be partly attributable to 
the inclusion of CRP and immune-related vari-
ables reflecting both inflammatory and immune 
status.

The risk score demonstrated excellent discrimi-
nation (AUC=0.954), with predictive perfor-
mance comparable to that of the full logistic 
model (AUC=0.958; DeLong P=0.121), while 
offering substantially greater clinical practicali-
ty. Furthermore, the three risk strata corre-
sponded to strikingly different infection rates 
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(0.27%, 11.27%, 84.21%), providing clinically 
meaningful risk categorization. The model also 
exhibited robust internal stability, as evidenced 
by bootstrap validation and excellent calibra-
tion, with good agreement between predicted 
and observed probabilities. In addition, sub-
group analyses demonstrated consistent pre-
dictive performance across histological types, 
ICI classes, treatment lines, and ECOG perfor-
mance status. Sensitivity analyses further con-
firmed the importance of CRP, as its exclusion 
resulted in a significant decline in predictive 
performance (AUC dropped from 0.954 to 
0.897, DeLong P<0.001).

From a clinical perspective, patients in the low-
risk group (0-3 points) can be managed with 
routine surveillance alone; Patients in the inter-
mediate-risk group (4-7 points) may benefit 
from closer monitoring of infection-related 
parameters and individualized assessment of 
preventive measures; Patients in the high risk 
group (8-11 points) may require intensified pre-
ventive strategies, such as optimization of 
nutritional support, correction of anemia and 
hypoalbuminemia, careful evaluation of antimi-
crobial prophylaxis, patient education regard-
ing infection symptoms, and enhanced clinical 
surveillance. As some components of the score 
are dynamic and may change during the course 
of treatment, reassessment before each treat-
ment cycle may allow timely risk reclassifica-
tion and facilitate personalized infection 
management.

Limitations

Several limitations should be acknowledged. 
First, this was a single-center retrospective 
study conducted at a tertiary hospital in central 
China. The relatively high proportion of patients 
with advanced-stage disease (66.40%) may 
limit the generalizability. The six-year study peri-
od also introduces potential temporal con-
founding of the findings to other populations 
and healthcare settings. Second, while 616 
patients were enrolled, the modest number of 
infection events (n=56) limited the statistical 
power of subgroup analyses and precluded 
external validation. Therefore, the proposed 
risk score requires validation in prospective, 
multicenter, independent cohorts before clini-
cal application. Third, infection was defined 
based on the Chinese Diagnostic Criteria for 

Nosocomial Infections (2001). Differences be- 
tween these criteria and internationally adopt-
ed standards, such as the CDC/NHSN criteria, 
may affect cross-study comparability. Fourth, 
despite multivariable adjustment, residual  
confounding cannot be completely excluded. 
Several clinically relevant markers, including 
IL-6, procalcitonin, the neutrophil-to-lympho-
cyte ratio, and the platelet-to-lymphocyte ratio, 
were not routinely available and therefore could 
not be incorporated into the analysis. Similarly, 
detailed nutritional assessment data, detailed 
antibiotic exposure history, gut microbiome 
composition, and prior infection-related hospi-
talizations were unavailable, potentially limiting 
the completeness of risk factor evaluation. 
Fifth, the events-per-variable ratio of the final 
multivariable model was approximately 5.1 (56 
infection events/11 candidate variables), which 
is below the conventional 10 events per vari-
able. However, a sensitivity analysis comparing 
the full 11-variable model with a reduced 7-vari-
able model (EPV=8.0) showed nearly identical 
AUC values (0.978 vs. 0.976; DeLong P=0.265), 
suggesting that overfitting from variable prolif-
eration was not a major concern. Nevertheless, 
LASSO regression and bootstrap internal vali-
dation cannot replace external validation, and 
the proposed risk score should be regarded as 
exploratory until validated in prospective multi-
center cohorts.

Conclusion

This study characterizes the epidemiology of 
infections among lung cancer patients receiv-
ing ICI-based chemotherapy. Infections were 
clinically significant, occurred predominantly in 
the lungs, and were associated with a notable 
proportion of drug-resistant pathogens, under-
scoring the need for heightened clinical atten-
tion. A risk scoring system was developed 
based on seven easily available clinical vari-
ables and showed good discriminatory perfor-
mance and internal stability. These findings 
suggest that the proposed tool may facilitate 
early identification of high-risk patients and 
support individualized preventive and monitor-
ing strategies in routine clinical practice. Future 
studies should focus on external validation of 
this scoring system in independent multicenter 
cohorts and explore whether dynamic, score-
guided infection prevention strategies can 
improve treatment tolerance, reduce infectious 
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complications, and ultimately enhance clinical 
outcomes in patients receiving immunoche- 
motherapy.
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Figure S1. Patient selection flowchart.

Table S1. Normality test results of continuous variables (Shapiro-Wilk test)
Variable W P Distribution
Age (years) 0.9882 <0.001 Non-normal
BMI (kg/m2) 0.9988 0.9576 Normal
WBC count (×109/L) 0.9966 0.2129 Normal
Neutrophil count (×109/L) 0.9911 <0.001 Non-normal
Lymphocyte count (×109/L) 0.9967 0.2281 Normal
Albumin (g/L) 0.9954 0.066 Normal
Hemoglobin (g/L) 0.9981 0.7163 Normal
CRP (mg/L) 0.8112 <0.001 Non-normal
Cumulative completed chemotherapy cycles 0.9673 <0.001 Non-normal
Note: BMI, body mass index; WBC, white blood cell; CRP, C-reactive protein. Distribution was determined based on P<0.05 in-
dicating non-normal distribution. Normally distributed variables are reported as mean ± SD; non-normally distributed variables 
are reported as median (IQR).
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Figure S2. Study overview infographic. The infographic presents the overall framework and key findings of this study 
from top to bottom. ① Enrollment and grouping: A total of 616 lung cancer inpatients receiving ICI-based chemo-
therapy were enrolled; 560 (90.91%) had no infection and 56 (9.09%) developed infection. ② Study timeline and 
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infection timing: The study period was January 2020 to December 2025; infection events clustered during chemo-
therapy cycles 3-4 (35.71%). ③ Data collection domains: Six domains were covered - demographics, comorbidities, 
treatment-related factors, laboratory parameters, infection site, and pathogen profile. ④ Statistical analysis path-
way: Univariate analysis → LASSO regression (10-fold cross-validation) → multicollinearity assessment → multivari-
able logistic regression → ROC curve analysis → 1,000-iteration bootstrap internal validation, which were used to 
construct and evaluate the risk scoring system. ⑤ Main results: A clinical risk score (0-11 points) was constructed 
from seven independent variables; infection rates in the low- (0-3), intermediate- (4-7), and high-risk (8-11) groups 
were 0.27%, 11.27%, and 84.21%, respectively; model AUC was 0.954 (95% CI: 0.928-0.979). Note: ICI, immune 
checkpoint inhibitor; LASSO, least absolute shrinkage and selection operator; ROC, receiver operating characteris-
tic; AUC, area under the curve; CI, confidence interval; ECOG, Eastern Cooperative Oncology Group; CRP, C-reactive 
protein.

Table S2. Receiver operating characteristic (ROC) parameters of six continuous predictors for infection

Variable_code Variable Risk_ 
direction AUC CI_ 

lower
CI_ 

upper Cutoff Risk_rule Sensitivity Specificity

neutrophil Neutrophil count lower 0.691 0.616 0.766 2.615 Neutrophil count ≤2.615×109/L 55.4 77

lymphocyte Lymphocyte count lower 0.769 0.711 0.828 0.995 Lymphocyte count ≤0.995×109/L 66.1 75.5

albumin Albumin lower 0.771 0.701 0.841 36.35 Albumin ≤36.350 g/L 76.8 70

hemoglobin Hemoglobin lower 0.746 0.683 0.809 112.5 Hemoglobin ≤112.500 g/L 91.1 52

crp CRP higher 0.841 0.775 0.906 33.025 CRP ≥33.025 mg/L 67.9 91.4

chemo_cycles Completed  
chemotherapy cycles

higher 0.59 0.511 0.67 4.5 Completed chemotherapy cycles 
≥4.500 cycles

55.4 61.3

Note: AUC, area under the curve; CI, confidence interval; LR+, positive likelihood ratio; LR-, negative likelihood ratio; PPV, positive predictive value; NPV, negative predictive 
value; CRP, C-reactive protein. Cutoff values were determined by maximizing the Youden index. PPV and NPV were calculated based on the cohort prevalence of 9.09% 
(56/616).

Table S3. Pairwise comparison of AUC values using the DeLong test
Variable_1 Variable_2 AUC_1 AUC_2 AUC_diff Z P_label
Neutrophil count Lymphocyte count 0.691 0.769 0.078 -1.804 0.071
Neutrophil count Albumin 0.691 0.771 0.08 -1.572 0.116
Neutrophil count Hemoglobin 0.691 0.746 0.055 -1.122 0.262
Neutrophil count CRP 0.691 0.841 0.15 -2.687 0.007
Neutrophil count Completed chemotherapy cycles 0.691 0.59 0.101 1.715 0.086
Lymphocyte count Albumin 0.769 0.771 0.002 -0.034 0.973
Lymphocyte count Hemoglobin 0.769 0.746 0.024 0.55 0.583
Lymphocyte count CRP 0.769 0.841 0.071 -1.484 0.138
Lymphocyte count Completed chemotherapy cycles 0.769 0.59 0.179 3.497 <0.001
Albumin Hemoglobin 0.771 0.746 0.025 0.504 0.614
Albumin CRP 0.771 0.841 0.07 -1.589 0.112
Albumin Completed chemotherapy cycles 0.771 0.59 0.181 3.181 0.001
Hemoglobin CRP 0.746 0.841 0.095 -1.99 0.047
Hemoglobin Completed chemotherapy cycles 0.746 0.59 0.155 2.946 0.003
CRP Completed chemotherapy cycles 0.841 0.59 0.25 4.931 <0.001
Note: AUC, area under the curve; AUC_diff, AUC difference; Z, Z statistic; CRP, C-reactive protein. P values were calculated us-
ing the DeLong test for paired receiver operating characteristic curves.


