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Abstract

Aims/Background: Post-chemotherapy infection is a major cause of treatment failure in lung cancer (LC) patients undergoing neoad-
juvant chemotherapy (NAC). This study aimed to identify risk factors for post-NAC infection using the Least Absolute Shrinkage and
Selection Operator (LASSO) regression and to develop and validate a corresponding risk prediction model. Methods: Clinical data from
144 LC patients who underwent NAC at Hunan Provincial People’s Hospital between January 2021 and December 2024 were retrospec-
tively analysed. Patients were stratified into a non-infection group (n = 81) and an infection group (n = 63) based on the occurrence of
infection. LASSO-logistic regression was used to identify risk factors for post-chemotherapy infection. A risk prediction nomogram
was subsequently constructed and validated based on these factors. Results: The optimal LASSO model was selected at lambda.1se (A
= 0.074), which retained 9 of the 15 candidate predictors. Eastern Cooperative Oncology Group Performance Status (ECOG-PS) >2,
recent invasive procedures/catheterization, and Nutritional Risk Screening 2002 (NRS-2002) score >3 were identified as significant risk
factors for post-chemotherapy infection, while a high cluster of differentiation 4-positive (CD4 ™) count served as a protective factor (p
< 0.05). A nomogram incorporating these variables was subsequently developed. Internal validation using the bootstrap method (1000
iterations) demonstrated a good predictive performance with an area under the curve (AUC) of 0.831 (95% confidence interval [CI]:
0.761-0.901, p < 0.001), sensitivity of 76.2%, and specificity of 79.0% at the optimal cutoff. The calibration curve demonstrated good
agreement between predicted and observed outcomes. Decision curve analysis (DCA) confirmed the clinical utility of the nomogram by
showing a positive net benefit across a wide range of threshold probabilities. Conclusion: The LASSO-derived nomogram integrates
key variables (ECOG-PS >2, invasive procedures/catheterization, NRS-2002 score >3, and CD4™" level) to enable individualised pre-
diction of post-NAC infection risk in LC patients. Targeted interventions addressing these risk factors, together with maintenance of
protective factors, may help reduce infection rates and improve treatment outcomes, providing a scientific basis for infection prevention
and management.
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1. Introduction peutic agents, both malignant and normal cells are affected,

frequently resulting in immunosuppression and severe com-

Lung cancer (LC) is a highly heterogencous malig-
nancy that primarily arises from the malignant transforma-
tion of bronchial mucosal or alveolar epithelial cells and re-
mains among the top three malignancies worldwide in both
incidence and mortality [1,2]. Common clinical manifes-
tations, including cough, chest pain, and dyspnea, severely
impair the quality of life and overall survival of patients.
Neoadjuvant chemotherapy (NAC), defined as preopera-
tive systemic pharmacological intervention aimed at reduc-
ing tumour burden and improving surgical resectability, is
widely employed in the comprehensive management of LC.
Accumulating evidence suggests that NAC can expand sur-
gical indications, suppress tumour cell proliferation, and
improve long-term survival and prognosis [3]. However,
due to the limited tumour specificity of many chemothera-

plications such as infection, which can adversely influence
treatment outcomes [4,5]. Additionally, LC patients of-
ten present with multiple comorbidities, and chemotherapy-
induced myelosuppression further weakens host immune
defenses. Consequently, despite its therapeutic benefits,
chemotherapy markedly increases susceptibility to severe
infections, which represent a significant cause of treatment
interruption and failure [6]. Therefore, early identification
of risk factors associated with post-chemotherapy infec-
tion and the implementation of timely, targeted preventive
strategies are critical for optimizing clinical outcomes and
extending patient survival [7,8].

Least Absolute Shrinkage and Selection Operator
(LASSO) regression analysis was selected for its ability
to effectively manage datasets containing a relatively large
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number of potentially correlated predictor variables in rela-
tion to sample size. Unlike traditional stepwise regression
methods, LASSO incorporates a regularization penalty that
constrains regression coefficients, shrinking less informa-
tive variables toward zero and thereby achieving variable
selection and model optimization. This approach reduces
the risk of overfitting and improves model stability, gen-
eralizability, and interpretability [9,10]. Given the com-
plex and multifaceted etiology of post-chemotherapy infec-
tion, as well as the need to identify the most salient predic-
tors from numerous candidate variables, LASSO provides
a robust and methodologically sound statistical framework.
While previous studies have identified various infection-
related risk factors in cancer patients, comprehensive and
individualised prediction tools specifically designed for LC
patients receiving NAC remain scarce. Furthermore, many
existing predictive models rely on conventional regression
methods, which may be susceptible to overfitting when
handling multiple correlated predictors. Accordingly, the
present study aimed to address these limitations by employ-
ing LASSO regression to develop a clinically applicable
nomogram that integrates key patient-specific variables to
accurately stratify the risk of post-NAC infection in LC pa-
tients.

2. Methods
2.1 Study Subjects

A total of 150 lung cancer patients who received
neoadjuvant chemotherapy at Hunan Provincial People’s
Hospital between January 2021 and December 2024 were
initially screened. Ultimately, 144 patients were included
in the analysis. The sample size was determined using a
consecutive sampling method during the study period. For
logistic regression analysis, a commonly used rule of thumb
recommends at least 10 events per variable (EPV). With 63
infection events (the dependent variable) and an initial con-
sideration of 15 candidate predictor variables, the EPV was
4.2. Although below the ideal threshold of 10, this ratio is
considered acceptable for exploratory model development,
especially when combined with regularization approaches
such as LASSO, which are robust in small-sample settings
and can reduce overfitting when the number of events is
limited [11,12]. This study was approved by the Ethics
Committee of Hunan Provincial People’s Hospital (Ap-
proval No. [2024]-406) and was conducted in accordance
with the principles outlined in the Declaration of Helsinki.
This study is a retrospective analysis of anonymized clinical
data. In accordance with Article 32 of China’s “Measures
for Ethical Review of Life Sciences and Medical Research
Involving Human Subjects” (2023), research utilising ex-
isting human data or biological samples may qualify for a
waiver of informed consent provided that the study poses
no harm to participants and does not involve sensitive per-
sonal information or commercial interests. Based on these
criteria, the Institutional Review Board of Hunan Provin-

cial People’s Hospital waived the requirement for informed
consent.

2.2 Inclusion Criteria

@ Diagnosis of LC according to the World Health Or-
ganization Classification of Tumours (5th edition, Thoracic
Tumours) [13] and willing to undergo chemotherapy. @
Newly diagnosed, with no prior treatment history. @ Age
>18 years. @ Clearly defined treatment regimen, medica-
tions, and required parameters. ® Availability of complete
clinical data. ® Completion of the planned chemotherapy
course without interruption. @ At the time of initial treat-
ment, the patient or their legally authorized representative
was fully informed about the chemotherapy regimen and
provided written consent for the treatment.

2.3 Exclusion Criteria

@ Severe trauma, systemic infection, uncontrolled se-
vere infection, sepsis, or other severe hematological dis-
eases. @ Presence of concurrent malignancies. @ Renal im-
pairment (e.g., chronic kidney disease, glomerulonephritis,
kidney stones). @ Severe autoimmune diseases (e.g., Sys-
temic lupus erythematosus or dermatomyositis). ® Stress
state or use of glucocorticoids or corticosteroid inhibitors
within the past 3 months. ® Use of immunosuppressants
within the past month. @ Presence of implants (e.g., pace-
makers, aneurysm clips, artificial heart valves, metal frag-
ments). ® History of alcoholism, drug abuse, or substance
dependence within the past 2 years.

Based on these criteria, six patients were excluded
from the study: severe trauma or systemic infection (n =
1), coexisting malignancy (n = 1), renal impairment (n =
1), severe autoimmune disease (n = 1), stress or glucocorti-
coid use (n = 1), and immunosuppressant use (n = 1).

2.4 Data Collection

Standardized data were collected by trained re-
searchers using predefined case report forms, which in-
cluded demographic characteristics, clinical variables (such
as symptoms, comorbidities, and smoking history), and
laboratory indices. All data were obtained from medical
records, and laboratory parameters were measured prior to
the first cycle of neoadjuvant chemotherapy.

(1) Demographics and clinical characteristics: vari-
ables collected included gender, age, body mass in-
dex (BMI), Nutritional Risk Screening 2002 (NRS-2002)
score, Eastern Cooperative Oncology Group Performance
Status (ECOG-PS) score, Controlling Nutritional Status
(CONUT) score, presence of respiratory failure, tumour
stage, tumour location, pathological type, chemotherapy
regimen, presence of distant metastasis, recent invasive
procedures or catheterization (within 1 month), comorbidi-
ties (diabetes mellitus, chronic obstructive pulmonary dis-
ease, hypertension, hyperlipidemia), and smoking history.
@ NRS-2002 [14]: This total includes impaired nutritional
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status (score 1-3, higher scores indicating poorer status),
disease severity (score 1-3), and an age adjustment (1 point
for >70 years), yielding a total score ranging from 0 to 7.
A score >3 indicates nutritional risk.

@ ECOG-PS [15]: Scores ranging from 0 to 5, and
classified as 0 (fully active), 1 (restricted strenuous ac-
tivity), 2 (ambulatory, capable of self-care >50% waking
hours), 3 (limited self-care, confined to bed/chair >50%
waking hours), 4 (completely disabled), and 5 (death).

® CONUT score [16]: Calculated using serum albu-
min (Alb), total cholesterol (TC), and lymphocyte count
(LY), with total scores ranging from 0 to 12 and classified
as normal (0—1), mild (2—4), moderate (5-8), severe (9—12).

All scale assessments (NRS-2002, ECOG-PS,
CONUT) were independently performed by two trained
oncology nurses. The results were subsequently reviewed
and confirmed by the attending physician to ensure the
accuracy of the assessment and inter-rater consistency.

(2) Laboratory parameters: laboratory data included
T-cell subsets (CD4T, CD8*, and CD4+/CD8* ratio),
T-cell percentage (CD3%), albumin (Alb), hemoglobin
(Hb), neutrophil-to-lymphocyte ratio (NLR), platelet-to-
lymphocyte ratio (PLR), white blood cell count (WBC),
neutrophil count (NEUT), lymphocyte count (LY), platelet
count (PLT), total cholesterol (TC), red blood cell count
(RBC), D-dimer, C-reactive protein (CRP), aspartate
aminotransferase (AST), alanine aminotransferase (ALT),
total bilirubin (TBIL), glucose (Glu), blood urea nitrogen
(BUN), serum creatinine (SCr), and estimated glomerular
filtration rate (¢GFR).

2.5 Grouping

Patients were categorized into two groups based on
the occurrence of infection during neoadjuvant chemother-
apy (NAC) or within 30 days after the completion of NAC:
an infection group (n = 63) and a non-infection group (n =
81). Infection was confirmed according to clinical signs and
symptoms supported by radiological evidence (e.g., new
infiltrates, nodules, or cavities on chest computed tomog-
raphy [CT]) and/or microbiological documentation (e.g.,
positive sputum or blood cultures). Patients in the non-
infection group completed the NAC course without any
documented infectious complications.

2.6 Statistical Analysis

Statistical analyses were performed using SPSS soft-
ware (version 26.0; IBM Corp., Armonk, NY, USA), R
software (version 4.2.2; R Foundation for Statistical Com-
puting, Vienna, Austria), and the Fengrui Statistics Plat-
form (version 2.0; Fengrui Data Technology Co., Ltd., Bei-
jing, China).

The normality of continuous variables was assessed
using the Kolmogorov—Smirnov test. Normally distributed
continuous variables were expressed as mean + standard
deviation (Z + SD), and between-group comparisons were
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conducted using the independent-samples f-test. Non-
normally distributed continuous variables were presented
as median (P25, P75), and compared using the Wilcoxon
rank-sum test. Categorical data are presented as [n (%)]
and compared using Pearson’s x? test or the likelihood ra-
tio x? test, as appropriate. A two-sided p-value < 0.05 was
considered statistically significant.

All pre-specified candidate predictor variables were
entered into the initial model without prior univariate
screening, and no variables contained missing data. For
LASSO regression, continuous variables were standard-
ized to z-scores and categorical variables were encoded as
dummy variables before analysis. The optimal penalty pa-
rameter (\) was determined via 10-fold cross-validation us-
ing the lambda.lse criterion, which selects the largest A
value within one standard error of the minimum binomial
deviance, yielding a more parsimonious model. Variables
with non-zero coefficients at lambda.1se were retained and
subsequently entered into a multivariable logistic regres-
sion model to construct the nomogram. Nomogram con-
struction and model validation were performed using R sta-
tistical software (Version 4.2.2; R Foundation for Statistical
Computing, Vienna, Austria) and Fengrui Statistics Plat-
form (Version 2.0; Fengrui Data Technology Co., Ltd., Bei-
jing, China). Internal validation was performed using boot-
strap resampling with 1000 iterations. Discriminative abil-
ity was evaluated by the area under the curve (AUC), with
sensitivity and specificity calculated at the optimal cutoff.
Model calibration was evaluated using calibration curves
and the Hosmer-Lemeshow goodness-of-fit test. Clinical
utility of the nomogram was evaluated using decision curve
analysis (DCA) to quantify the net benefit of using the
model for clinical decision-making across a range of thresh-
old probabilities. Multicollinearity among predictors in the
final multivariate model was assessed using the variance in-
flation factor (VIF), with VIF values <5 considered indica-
tive of acceptable collinearity.

3. Results
3.1 Comparison of Baseline Characteristics

Compared with the non-infection group, the infection
group exhibited significantly higher proportions of patients
with NRS-2002 scores >3, ECOG-PS scores >2, higher
CONUT scores, respiratory failure, recent invasive proce-
dures and catheterization (p < 0.05). No statistically sig-
nificant differences were observed between the infection
group and the non-infection group in terms of gender distri-
bution, age, BMI, tumour stage, tumour location, pathologi-
cal type, chemotherapy regimen, presence of distant metas-
tasis, presence of comorbidities (chronic obstructive pul-
monary disease, hypertension, hyperlipidemia, diabetes), or
smoking history (all p > 0.05). Detailed baseline character-
istics are presented in Table 1.
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Table 1. Comparison of baseline characteristics between the infection and non-infection groups.

Characteristic Infection group (n = 63) Non-infection group (n=81) x2//Z value p-value
Sex [n (%)] 0.592 0.442
Male 56 (88.89) 75 (92.59)
Female 7 (11.11) 6(7.41)
Age (z £ SD, years) 62.16 + 8.08 61.85 4+ 7.99 —0.228 0.820
BMI (kg/m?) 22.43 +3.06 22.98 +3.23 1.050 0.296
NRS-2002 score [ (%)] 10.465 0.001
<3 score 31(49.21) 61 (75.31)
>3 score 32 (50.79) 20 (24.69)
ECOG-PS [n (%)] 14.560 <0.001
<2 47 (74.60) 78 (96.30)
>2 16 (25.40) 3(3.70)
CONUT score 3.00 [1.00, 4.00] 2.00 [1.00, 3.00] —3.835 <0.001
Respiratory failure [n (%)] 4.109 0.043
Yes 20 (31.75) 14 (17.28)
No 43 (68.25) 67 (82.72)
Tumour stage [ (%)] 6.287 0.098
I 2(3.17) 1(1.23)
il 1(1.59) 5(6.17)
I 12 (19.05) 26 (32.10)
v 48 (76.19) 49 (60.49)
Tumour location [# (%)] 3.552 0.169
Left 20 (31.75) 37 (45.68)
Right 37 (58.73) 35(43.21)
Bilateral 6(9.52) 9 (11.11)
Pathology [# (%)] 0.381 0.944
Small cell carcinoma 14 (22.22) 18 (22.22)
Squamous 29 (46.03) 34 (41.98)
Adenocarcinoma 19 (30.16) 27 (33.33)
Other 1(1.59) 2(2.47)
Chemotherapy regimen [# (%)] 0.047 0.828
Monotherapy 23 (36.51) 31(38.27)
Combination 40 (63.49) 50 (61.73)
Distant metastasis [7 (%)] 3.175 0.075
Yes 47 (74.60) 49 (60.49)
No 16 (25.40) 32(39.51)
Recent invasive interventions/catheterization [7 (%)] 7.822 0.005
Yes 34 (53.97) 25(30.86)
No 29 (46.03) 56 (69.14)
Comorbidities [1 (%)]
Diabetes 13 (20.63) 11 (13.58) 1.270 0.260
COPD 17 (26.98) 18 (22.22) 0.437 0.509
Hypertension 23 (36.51) 31(38.27) 0.047 0.828
Hyperlipidemia 9 (14.29) 11 (13.58) 0.015 0.903
Smoking history [n (%)] 0.762 0.383
Yes 45 (71.43) 63 (77.78)
No 18 (28.57) 18 (22.22)

Note: SD, standard deviation; BMI, body mass index; CONUT, Controlling Nutritional Status; NRS-2002, Nutritional Risk Screening
2002; ECOG-PS, Eastern Cooperative Oncology Group Performance Status; COPD, chronic obstructive pulmonary disease.

3.2 Comparison of Laboratory Parameters with those in the non-infection group (p < 0.05). In con-

Patients in the infection group showed significantly trast, SIgnlﬁcaI?tly hlgher l.evels of NLR, PLR, and CI_{P
lower serum levels of CD4™, CD8™, the CD4™/CD8™ ra- were observed in the infection group (p < 0.05). No statis-
tio, LY count, CD3 percentage, BUN, and SCr compared tically significant differences were found between the two
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Fig. 2. Nomogram for predicting post-chemotherapy infection risk in lung cancer patients.

groups in Alb, Hb, WBC, NEUT, PLT, TC, RBC, D-dimer,
AST, ALT, TBIL, Glu, or eGFR (all p > 0.05) (Table 2).

3.3 LASSO-Logistic Regression Analysis of Risk Factors

Post-NAC infection status was defined as the depen-
dent variable (Y). Fifteen candidate predictors identified in
Tables 1,2 were included as independent variables (X) in the
LASSO regression model to select variables with non-zero
coefficients. Fig. 1A illustrates the coefficient trajectories
as the regularization parameter () increased, and Fig. 1B
presents the results of 10-fold cross-validation. The left
dashed vertical line (lambda.min, A = 0.017) indicates the
value yielding the minimum binomial deviance and retained
15 variables. The right dashed line (lambda.1se, A = 0.074)
represents the value within one standard error of the min-
imum binomial deviance and resulted in a more parsimo-
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nious model with 9 variables. The lambda.lse (A = 0.074)
was selected for the final model, which retained 9 predictors
with non-zero coefficients: NRS-2002 score, ECOG-PS,
CD4™ count, recent invasive procedures/catheterization,
PLR, NLR, CRP, BUN, and CONUT score.

VIF analysis of the final multivariate model demon-
strated no significant multicollinearity, with all variables
showing VIF values <5. Subsequent multivariate logistic
regression analysis identified ECOG-PS >2, recent inva-
sive procedures/catheterization, and NRS-2002 score >3
as independent risk factors for post-NAC infection, while
higher CD4* count was identified as an independent pro-
tective factor (p < 0.05). Detailed results are presented in
Table 3.
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Table 2. Comparison of laboratory parameters between infection and non-infection groups.

Parameter Infection group (n=63)  Non-infection group (n =81)  #/Z value p-value
Alb (g/L) 38.19 [34.39, 40.39] 38.28 [36.19, 40.79] -0.461 0.643
Hb (g/L) 118.10 &+ 17.34 120.15 + 18.13 0.687 0.493
NLR 3.81[2.81,5.97] 2.67[1.77,3.61] -4.684 <0.001
PLR 201.41 [149.67, 289.42] 133.18 [104.37, 205.04] —4.680 <0.001
WBC (x109/L) 6.09 [5.20, 7.47] 6.61 [5.46,7.90] -0.745 0.455
NEUT (x10°/L) 4.37[3.24,5.44] 4.18[3.08,5.21] -1.112 0.265
LY (x109/L) 1.19[0.77, 1.55] 1.52[1.24,2.02] —4.176 <0.001
CD3+ (%) 69.22 [58.93, 76.94] 74.29 [66.36, 80.20] —2.267 0.023
CD4+ (100 cells/uL) 3.71[2.51,5.30] 6.06 [4.98, 7.86] -5.382 <0.001
CD8* (100 cells/uL) 2.99[1.92,3.84] 3.55[2.89,4.79] —-3.041 0.002
CD4+/CD8* 1.28 [1.04, 2.05] 1.76 [1.30, 2.40] —2.588 0.010
PLT (x10°/L) 241.00 [169.50, 309.00] 218.00 [169.00, 281.00] -1.222 0.221
TC (mmol/L) 4.41[3.74,5.13] 4.58[3.93,5.21] —-0.983 0.325
RBC (x1012/L) 3.93 +0.67 3.954+0.73 —-0.258 0.797
D-dimer (mg/L) 0.94 [0.59, 1.80] 0.73 [0.43, 1.36] —-1.492 0.135
CRP (mg/L) 13.00 [5.56, 32.40] 3.34[3.14, 11.20] —4.299 <0.001
ALT (U/L) 18.70 [13.80, 30.15] 20.60 [15.90, 30.20] —0.840 0.400
AST (U/L) 23.30[18.30,29.55] 20.90 [17.40, 25.50] —-1.182 0.236
TBIL (umol/L) 8.69 [6.61, 10.55] 8.18 [5.81, 10.98] —0.459 0.645
Glu (mmol/L) 5.07 [4.75, 6.35] 5.18 [4.72, 6.37] —0.097 0.921
BUN (mmol/L) 5.08 +1.70 5.76 + 1.50 2.568 0.011
SCr (umol/L) 63.00 [51.50, 72.00] 65.00 [58.09, 77.00] -2.028 0.042
¢GFR (mL/min) 102.86 [93.03, 107.72] 99.20 [89.48, 105.72] -1.412 0.157

Note: Alb, albumin; ALT, alanine aminotransferase; AST, aspartate aminotransferase; BUN, blood urea

nitrogen; CD, cluster of differentiation; CRP, C-reactive protein; eGFR, estimated glomerular filtration

rate; Glu, glucose; Hb, hemoglobin; LY, lymphocyte count; NEUT, neutrophil count; NLR, neutrophil-to-

lymphocyte ratio; PLR, platelet-to-lymphocyte ratio; PLT, platelet count; RBC, red blood cell count; SCr,

serum creatinine; TBIL, total bilirubin; TC, total cholesterol; WBC, white blood cell count.

3.4 Construction of the Risk Prediction Nomogram

The risk prediction nomogram (Fig. 2) visually repre-
sents the relative contributions of the key predictors iden-
tified in the multivariate analysis, including ECOG-PS >2,
recent invasive procedures/catheterization, and NRS-2002
score >3 as risk factors, and a high CD4* count as a pro-
tective factor. Points assigned to each predictor level are
summed to generate a total score, which corresponds to an
individualised predicted probability of post-chemotherapy
infection.

3.5 Model Validation: Discrimination, Calibration, and
Clinical Utility

Internal validation using bootstrap resampling (1000
iterations) demonstrated a good discriminative perfor-
mance, with an AUC of 0.831 (95% confidence interval
[CI]: 0.761-0.901; p < 0.001) (Fig. 3). At the optimal cut-
off value, the model achieved a sensitivity of 76.2% and a
specificity of 79.0%. Model calibration was assessed us-
ing a calibration curve (Fig. 4), which showed good agree-
ment between predicted and observed infection probabil-
ities. The Hosmer-Lemeshow test confirmed good cali-
bration (x2 = 9.215, p = 0.324). Decision curve analysis

(DCA) demonstrated that the nomogram yielded a posi-
tive net benefit across a wide range of clinically relevant
threshold probabilities. Within the overall assessment range
0f 0.01-0.99, the model exhibited a significant net clinical
benefit particularly in the intermediate threshold range of
approximately 0.25-0.90, outperforming both the “treat all”
and “treat none” strategies and providing superior guidance
for clinical decision-making (Fig. 5).

4. Discussion

Infection is a common complication in lung can-
cer (LC) patients following chemotherapy. John et
al. [17] demonstrated that chemotherapy-induced alter-
ations in the tumour microenvironment can suppress the
CD41/CD8™ T-cell ratio and natural killer (NK) cell activ-
ity, thereby increasing susceptibility to opportunistic infec-
tions. This immune dysregulation, often accompanied by
aberrant cytokine secretion (e.g., Interferon gamma (IFN-
v), Interleukin-6 (IL-6)), further enhances susceptibility to
infection. Consequently, these pathological changes in-
crease the incidence of pulmonary infections and other
complications, significantly compromising patient progno-
sis. In the present study, the identification of 63 infec-
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Table 3. Multivariate logistic regression analysis of risk factors for post-chemotherapy infection.

Variable B SE Wald x*> p-value ~ OR 95% CI
(Intercept) 0.496 1.246 0.158 0.690 1.643  0.143-18.886
CD4+ -0.268  0.108 6.155 0.013 0.765  0.619-0.945
NLR 0.144  0.144 1.002 0.317 1.155  0.871-1.531
PLR 0.002  0.003 0.501 0479  1.002  0.996-1.009
CRP 0.011  0.014 0.632 0427  1.011  0.983-1.040
NRS 2002 >3 1.326  0.486 7.431 0.006  3.765  1.452-9.768
ECOG-PS >2 2291  0.829 7.640 0.006  9.883  1.947-50.152
Recent invasive procedures/catheterization ~ 0.946  0.452 4372 0.037  2.575  1.061-6.250
BUN —-0.300  0.159 3.553 0.059  0.741  0.542-1.012
CONUT score 0.031 0.139 0.051 0.822 1.032  0.785-1.356

ClI, confidence interval; SE, standard error; OR, odds ratio.

Model prediction

1.0

0.8

Sensitivity

0.4

0.0

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

1 - Specificity

Fig. 3. ROC curve of the nomogram for predicting post-
chemotherapy infection risk. ROC, receiver operating charac-
teristic; AUC, area under the curve.

tion events among 144 patients undergoing NAC under-
scores the substantial burden of post-chemotherapy infec-
tion and highlights the significance of effective preventive
strategies. The complex interplay across infection, declin-
ing functional status, inflammation favouring tumour pro-
gression, and progressive immune impairment creates a vi-
cious cycle. Therefore, early identification of high-risk pa-
tients and timely intervention are vital. Therefore, the de-
velopment of an accurate and individualised prediction tool
is essential for reducing infection risk and improving clini-
cal outcomes.

LASSO regression, through the introduction of pe-
nalization to control for model complexity, enables effi-
cient variable selection while reducing overfitting, thereby
enhancing predictive accuracy and model interpretability
[18,19]. Using this approach, our LASSO-logistic regres-
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Fig. 4. Calibration curve of the LASSO-logistic prediction
model.

sion analysis identified ECOG-PS >2, recent invasive in-
terventions/catheterization, and NRS-2002 score >3 as sig-
nificant risk factors for post-NAC infection, while higher
CD4™ count emerged as a protective factor.

ECOG-PS >2: Performance status (PS) is a widely
used measure of patients’ functional capacity, and poor
PS has been associated with worse survival outcomes in
lung cancer patients [20], performance status (PS) assesses
patients’ fitness for treatment and predicts their survival.
Kudo et al. [21] investigated the impact of PS on 30-day
mortality in older patients with suspected infection and con-
firmed a significant association between higher ECOG-PS
scores and pulmonary infection-related outcomes. These
findings suggest that incorporating ECOG-PS monitoring
into routine clinical practice may enhance risk stratifica-
tion for infection and mortality in this patient population.
Patients with poor PS often experience prolonged hospi-
tal stays, which increase exposure to nosocomial pathogens
and elevate infection risk [22].
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Fig. 5. Decision curve analysis of the nomogram. The y-axis
represents the net benefit, reflecting the balance between true-
positive and false-positive predictions. Higher net benefit values
across a clinically relevant range of threshold probabilities indi-

cate better clinical utility.

Recent invasive procedures and device placement: In-
vasive procedures and indwelling medical devices involve
the disruption of the skin or mucosal barrier to establish
access for diagnostic or therapeutic interventions, such as
central venous catheterization, urinary catheterization, and
endotracheal intubation. These procedures directly com-
promise the natural defense barriers of the body, creating
potential portals of entry for pathogens. Additionally, in-
dwelling catheters are prone to biofilm formation on their
surfaces, which facilitates microbial colonization and en-
ables evasion of host immune responses [23]. A multicenter
retrospective cohort study by Wan et al. [24] reported that
peripherally inserted central catheters (PICCs) significantly
increase the risk of catheter-related bloodstream infections,
with infection rates rising markedly after prolonged catheter
dwell times exceeding 7 days. Consistent with these find-
ings, the present study confirms that recent invasive proce-
dures and device placement are associated with an elevated
risk of post-chemotherapy infection. Furthermore, Shelke
et al. [25] identified several invasive procedures, includ-
ing Foley catheterization (OR 4.13), nasogastric intubation
(OR 2.74), and central venous catheterization (OR 12.51),
as significant risk factors for exposure to hospital-acquired
multidrug-resistant (MDR) and extensively drug-resistant
(XDR) organisms. These interventions prolong hospital-
ization, disrupt epithelial barriers, and predispose patients
to severe co-infections, such as pneumonia (OR 2.10), col-
lectively contributing to increased 30-day all-cause mortal-
ity in cancer patients.

NRS-2002 score >3: An NRS-2002 score >3 in-
dicates a clinically significant nutritional risk character-
ized by weight loss, reduced dietary intake, and increased
metabolic stress. These conditions impair the synthesis of

proteins crucial for maintaining mucosal barrier integrity
and lymphocyte function, thereby creating an “infection-
malnutrition” cycle [26]. In a study investigating the nu-
tritional status and postoperative outcomes in gastric can-
cer patients, Sun et al. [27] reported that individuals with
an NRS score >3 who received parenteral nutrition sup-
plementation experienced higher infection rates compared
with those with scores <3. Furthermore, patients who de-
veloped pulmonary infections had significantly prolonged
hospital stays. These findings suggest that the NRS-2002
score can effectively identify malnourished patients at high
risk of infection, enabling early nutritional intervention
to improve clinical prognosis. Consistently, Liu et al.
[28] reported that patients with nutritional risk exhibit im-
paired immune function, including suppressed T-cell func-
tion, compromised mucosal barrier integrity, and reduced
secretion of antimicrobial peptides. Collectively, these al-
terations increase susceptibility to drug-resistant bacterial
infections and diminish the efficacy of anti-infective thera-
pies.

Elevated CD4" Levels: CD41 T cells are central
to cell-mediated immunity and serve as key regulators of
adaptive immune responses. As a core component of host
defense, CD4" T lymphocytes coordinate anti-infective
immune responses through multiple mechanisms [29]: (1)
assisting B-cell antibody production, whereby Th2 subsets
promote the generation of pathogen-specific antibodies; (2)
activating macrophages, with Thl subsets secreting cy-
tokines such as IFN-v to enhance phagocytic and bacterici-
dal activity; and (3) recruiting and activating other immune
cells, including neutrophils and natural killer (NK) cells,
via cytokine-mediated signaling to establish an integrated
immune defense network. Therefore, higher CD4* levels
reflect more robust immune surveillance and response ca-
pacity, facilitating effective pathogen clearance and thereby
reducing the risk of post-chemotherapy infection.

Although univariate analysis showed significantly
lower CD8T T-cell counts in the infection group, this vari-
able was not retained in the final multivariate model. This
may be explained by the strong correlation between CD8™
and CD4™ T-cell counts, with CD4™ providing a more com-
prehensive indicator of overall immune competence in the
predictive model. In other words, the CD4™" level may
serve as a more integrated indicator of overall immune com-
petence, with declines reflecting much of the immunosup-
pressive information captured by reductions in CD8V T-
cells. Consequently, in the multivariate analysis, the pre-
dictive effect of CD4™ cells outweighed the independent
contribution of CD8% cells. Wang et al. [30] reported
that in patients with advanced non-small cell lung can-
cer (NSCLC) treated with atezolizumab, baseline CD4+
T lymphocyte counts were significantly lower than those
in healthy controls. This reduction, alongside an elevated
CD8™ T-cell count, indicated a suppressed cellular immune
state. Therefore, monitoring CD4™ levels and employ-
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ing immunomodulatory strategies to preserve T-cells repre-
sent critical preventive strategies. In our predictive model,
ECOG-PS >2 emerged as the strongest predictor of post-
chemotherapy infection, followed by recent invasive proce-
dures/catheterization, nutritional risk (NRS-2002 >3), and
CD4™ levels. This hierarchy underscores the combined and
interrelated contributions of patient functional status, iatro-
genic factors, nutritional condition, and immune status in
determining infection risk. The model demonstrated robust
discrimination (AUC = 0.831), excellent calibration, and
clinical utility as assessed by DCA, supporting its poten-
tial application as a quantitative tool for individualised risk
assessment.

Furthermore, an unexpected finding was that blood
urea nitrogen (BUN) and serum creatinine (SCr) levels
were lower in the infection group compared with the non-
infection group. This seemingly counterintuitive observa-
tion may be explained by several factors: (1) Nutrition
and muscle mass: Patients in the infection group exhib-
ited higher NRS-2002 scores, suggesting more severe mal-
nutrition and muscle wasting, which may reduce creati-
nine generation; (2) Hydration status and fluid manage-
ment: Infected patients often experience volume depletion
due to fever and anorexia but typically receive aggressive
fluid resuscitation during clinical care, potentially causing
mild hemodilution and relatively lower measured BUN and
SCr levels; (3) Renal hyperfiltration: Early-phase infection
may trigger inflammatory responses, transiently increasing
glomerular filtration rate. Notably, there was no statisti-
cally significant difference in estimated glomerular filtra-
tion rate (eéGFR) between the groups, and absolute values
remained within the normal range, indicating that severe
renal impairment was absent in this cohort. The underly-
ing mechanisms driving these observations warrant further
investigation in future studies.

This study has several limitations that should be ac-
knowledged. First, its single-center, retrospective design
may introduce selection bias and limit the generalizability
of the findings. Second, the cohort exhibited a significant
gender imbalance (92% male), which reflects the local epi-
demiological profile of lung cancer but restricts extrapo-
lation of the findings to female patients and underscores
the need for validation in more balanced, multicenter co-
horts. Third, the model lacks external validation in an inde-
pendent, multicenter population, which is essential before
it can be confidently applied in broader clinical practice.
Fourth, we did not explicitly analyse the impact of specific
chemotherapy regimens or treatment cycles. These vari-
ables should be incorporated in larger, prospective future
studies. Additionally, the model has not been directly com-
pared with established prediction tools, such as the Multina-
tional Association for Supportive Care in Cancer (MASCC)
risk index, leaving its generalizability and comparative per-
formance undetermined. Addressing these limitations in fu-
ture research will be critical to validate the generalizability
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and clinical applicability of the model. Additionally, a rela-
tively high proportion of patients with stage IV disease were
included. Although these cases were documented as receiv-
ing neoadjuvant chemotherapy in the medical records, some
may have received induction or conversion chemotherapy
with the intent of downstaging before potential surgery, re-
flecting real-world clinical practice at our center. This in-
troduces potential heterogeneity and may limit the gener-
alizability of the findings to patients with strictly defined
resectable disecase. Addressing these limitations in future
multicenter prospective studies will be critical to validate
the generalizability and clinical applicability of the model.

5. Conclusion

In conclusion, we developed a LASSO regression-
based nomogram that integrates multidimensional clinical
parameters to generate individualised post-chemotherapy
infection risk scores in lung cancer patients. While the
model demonstrates potential for internal risk assessment,
its utility for guiding stratified preventive strategies requires
confirmation through external validation in independent co-
horts.

Key Points

* A novel nomogram was developed and internally
validated, incorporating performance status, recent inva-
sive procedures, nutritional risk, and immune status (CD4+
count) to predict individualised infection risk in patients
with lung cancer undergoing neoadjuvant chemotherapy.

* The model was constructed using LASSO regres-
sion, a machine learning technique that can handle multi-
collinearity and select the most relevant predictors from a
broad set of clinical variables, thereby enhancing robust-
ness.

* The prediction tool demonstrated strong discrimina-
tive ability (AUC = 0.831), good calibration, and promising
clinical utility across a wide range of risk thresholds, as ev-
idenced by decision curve analysis.

* Findings of this study underscore the critical role
of host factors (performance status, nutrition, immunity)
and iatrogenic factors (invasive procedures) in determin-
ing infection risk, in addition to the effects of cytotoxic
chemotherapy.

» The model provides a practical framework for clini-
cians to identify high-risk patients who may benefit from
targeted preventive interventions, potentially improving
treatment outcomes.

* Future multicenter, prospective studies are warranted
to externally validate the model and further refine it by
incorporating tumour-specific and treatment-specific vari-
ables.
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