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Abstract: Background: Chemotherapy-induced neutropenia (CIN) is a common dose-limiting toxicity in patients with 

solid tumors, often leading to infections, treatment delays, or dose reductions. However, studies on the dynamic patterns 

of CIN across multiple chemotherapy cycles and their prediction remain limited. Objectives: To longitudinally observe 

CIN evolution across two consecutive cycles, develop a predictive model for severe CIN in cycle 2 (T2) based on cycle 1 

(T1) characteristics, and classify patients by early recovery capacity to form a personalized bundle care strategy. Methods: 

This single-center retrospective cohort study using electronic medical record (EMR) data enrolled 138 patients with solid 

tumors (89.1% breast cancer) who received ≥2 chemotherapy cycles between January 1, 2015, and January 31, 2025, at 

Zhuhai Maternal and Child Health Care Hospital, China. Neutrophil kinetic parameters were collected for T1 and T2. A 

multivariable logistic regression model predicted grade 3–4 CIN in T2 using T1 variables, with internal bootstrap validation. 

K-means clustering based on T1 recovery patterns identified patient subgroups. Results: Severe CIN incidence decreased 

from 88.0% in T1 to 42.7% in T2 (p<0.001); neutrophil nadir rebounded from 0.40 × 109/L (IQR: 0.10–0.70) in cycle 1 to 

1.05 × 109/L (IQR: 0.50–1.80) in cycle 2 (p<0.001). The prediction model (age, T1 nadir, T1 days to nadir, T1 recovery 

duration) achieved a test AUC of 0.677 and an accuracy of 78.6%. Out of the 138 total patients, 120 with complete recovery 

data were utilized for clustering analysis, identifying three groups: rapid (n=21), similar (n=79) and slow (n=20). The slow-

recovery group exhibited significantly higher rates of febrile neutropenia (25.0% vs. 10.1% and 4.8%, p=0.043) and 

chemotherapy delays (35.0% vs. 15.2% and 9.5%, p=0.021). Conclusion: CIN severity generally improves from first to 

second cycle, but with substantial inter-individual heterogeneity. A T1-based prediction model combined with recovery 

stratification can identify high-risk patients for personalized CIN management. Further validation in diverse populations 

is warranted. 
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INTRODUCTION 
 

Gynecologic and breast malignancies are among the most 

common cancers affecting women worldwide and pose a 

serious threat to women's health and survival (Zhang et al., 

2025; ElKasar et al., 2024; Ashariati et al., 2022). Among 

these, invasive ductal carcinoma (IDC) is the predominant 

histological subtype of breast cancer, accounting for 

approximately 70–80% of cases (Liao and Cao, 2023). This 

study, however, extends its focus to a broader spectrum of 

gynecologic and breast solid tumors (including IDC, 

gestational trophoblastic neoplasia and endometrial 

carcinoma) to investigate a common treatment-related 

toxicity (Sohrabi et al., 2024). Chemotherapy plays a 

central role in their comprehensive management and has 

significantly improved outcomes (Hosseini et al., 2024). 

However, chemotherapy-induced myelosuppression—

particularly chemotherapy-induced neutropenia (CIN)—

remains a common dose-limiting toxicity in clinical 

practice (Ashariati et al., 2022; Bai et al., 2026). CIN not 

only restricts the administered dose intensity and timely 

delivery of chemotherapy but is also directly associated 

with increased risks of infection, treatment interruptions 

and compromised long-term outcomes (Castellanos et al., 

2024; Castellanos et al., 2023; Fujii et al., 2025). 
 

The clinical impact of CIN is profound; it is a major 

precipitant of febrile neutropenia (FN) and severe 

infections and frequently leads to chemotherapy delays or 

dose reductions, thereby potentially compromising the 

completeness of tumor control (Gaumond et al., 2025; 

Hobbs et al., 2023). Current guidelines from the American 

Society of Clinical Oncology (ASCO) (Gyawali et al., 

2026), the National Comprehensive Cancer Network 

(NCCN) (NCCN Guidelines®: Hematopoietic Growth 

Factors, Version 3.2026), and the Infectious Diseases 

Working Party of the German Society of Hematology and 

*Corresponding author: e-mail: yelitong1@163.com 

#These authors contributed equally and are the co-first authors. 



Shuhui Dai et al. 
 

Pak. J. Pharm. Sci., Vol.39, No.10, October 2026, pp.3052-3064 3053 

Medical Oncology (AGIHO) (Sandherr et al., 2026) 

recommend primary prophylaxis with G-CSF for patients 

at high risk of febrile neutropenia (≥20%). Although 

prophylactic and therapeutic use of granulocyte colony-

stimulating factor (G-CSF) has become a standard strategy 

for managing CIN and has partially reduced the incidence 

of FN, a substantial proportion of patients still experience 

recurrent and severe CIN episodes (Huo et al., 2023). This 

highlights the limitations of current management 

approaches and underscores the need for further 

optimization of personalized prevention and monitoring 

strategies (Hutajulu et al., 2023; Joseph et al., 2023). 
 

Currently, most studies on chemotherapy-induced 

neutropenia (CIN) focus on identifying risk factors, 

developing risk prediction models and establishing primary 

prophylaxis strategies for the first chemotherapy cycle 

(Kang et al., 2024; Li et al., 2023; Liao and Cao, 2023). 

While these studies provide valuable insights for managing 

isolated CIN events, they fail to fully capture the dynamic 

nature and heterogeneity of CIN across multiple 

chemotherapy cycles in real-world clinical settings 

(Morecroft et al., 2024). In practice, patients typically 

receive multiple consecutive cycles of chemotherapy and 

bone marrow function may exhibit diverse response 

trajectories—such as cumulative suppression, adaptation, 

or progressive deterioration—in response to repeated 

chemotherapeutic insults (Nasir et al., 2022). Although a 

few recent studies have begun to examine CIN evolution 

across cycles, they largely remain descriptive, lacking 

mechanistic exploration and quantitative modeling of these 

dynamic patterns. Moreover, practical predictive tools 

capable of providing early warning of CIN risk in 

subsequent cycles have yet to be established (Ong et al., 

2022). 
 

In recent years, advances in healthcare informatics and 

artificial intelligence have enabled longitudinal analysis of 

real-world electronic health records (EHR) and the 

application of machine learning models, offering novel 

methodological support for deepening understanding of 

dynamic disease processes and enabling precise risk 

stratification (Payton et al., 2024). However, in the field of 

CIN research, dynamic prediction models that explicitly 

account for its "recurrent event" nature remain absent 

(Salako et al., 2021). Meanwhile, an emerging strategy to 

enhance the precision of supportive care involves early 

phenotypic classification of patients based on dynamic 

features of bone marrow recovery, followed by risk-

stratified management and personalized interventions (Sun 

et al., 2022). 
 

To address these research gaps, a discrete-time longitudinal 

cohort analysis was designed to systematically track the 

dynamic evolution of CIN across two consecutive 

chemotherapy cycles in patients with multiple solid tumors. 

This study aims to achieve three primary objectives: First, 

to characterize inter-cycle changes and inter-individual 

heterogeneity in CIN severity and temporal kinetic 

parameters; Second, to develop a predictive model for 

severe (grade 3–4) CIN in the second cycle (T2) based on 

clinical and neutrophil kinetic features from the first cycle 

(T1);Third, to apply unsupervised clustering methods to 

identify patient subgroups with distinct bone marrow 

response phenotypes, using early neutrophil recovery 

patterns observed in T1. 

 

These analyses will provide the empirical evidence and 

decision-support tools necessary to inform and 

operationalize a bundle care strategy for CIN, enabling 

prospective risk stratification and personalized 

interventions in clinical practice. 

 

MATERIALS AND METHODS 

 

Study design 

This study is a single-center, retrospective discrete-time 

cohort study designed to longitudinally observe the 

dynamic evolution of recurrent chemotherapy-induced 

neutropenia (CIN) events in a predominantly breast cancer 

cohort across two consecutive, fixed chemotherapy cycles. 

The study focuses on two well-defined time points: T1 (the 

initial chemotherapy cycle) and T2 (the subsequent 

consecutive cycle). This design enables the 

characterization of longitudinal changes in CIN and the use 

of exposure characteristics from the T1 cycle to predict 

outcomes in the T2 cycle. 

 

Study population 

Study cohort and definition of time points 

This study identified patients with solid tumors 

(predominantly breast cancer) who received neoadjuvant 

or adjuvant chemotherapy between January 1, 2015 and 

January 31, 2025, from the electronic medical record 

system of Zhuhai Maternal and Child Health Care Hospital. 

The T1 time point was defined as the patient’s first 

chemotherapy cycle and the T2 time point was defined as 

the immediately subsequent consecutive chemotherapy 

cycle. Selecting two adjacent cycles was intended to 

minimize potential confounding effects from disease 

progression or major changes in treatment regimens, 

thereby focusing specifically on the impact of repeated 

chemotherapy exposure on neutrophil dynamics 

(Supplementary Fig. S1). 

 

Inclusion criteria: Pathologically confirmed diagnosis of 

multiple solid tumors; Age ≥ 12 years; Receipt of at least 

two cycles of chemotherapy (regimens including 

anthracyclines, taxanes, or other standard therapeutic 

protocols); Availability of complete blood count 

monitoring records; and Availability of comprehensive 

clinical data, including at a minimum age, sex, tumor stage 

and specific treatment regimen. 
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Exclusion criteria: Presence of an active secondary 

malignancy; Baseline neutrophil count < 1.5 × 10⁹/L prior 

to chemotherapy initiation or a known pre-existing bone 

marrow failure disorder; Change in core chemotherapeutic 

agents between the T1 and T2 cycles (e.g., switching from 

an anthracycline-based regimen to a taxane-only regimen); 

Receipt of radiotherapy either before the start of the T1 

cycle or during the interval between T1 and T2, as radiation 

may confound bone marrow function.  
 

Because this retrospective EMR-based cohort required 

documented data from at least two consecutive 

chemotherapy cycles, conventional loss to follow-up was 

minimized through the study design (Supplementary Fig. 

S1). Missing longitudinal kinetic data were handled using 

a complete-case approach. Specifically, 18 patients with 

incomplete recovery-related variables were excluded from 

the unsupervised clustering analysis only, resulting in a 

final clustering cohort of 120 patients. All other analyses 

were conducted using the full eligible cohort (n=138). 

 

Data collection and variable definitions 

Data for this study were extracted from the electronic 

medical record system of Zhuhai Maternal and Child 

Health Care Hospital. A combination of structured 

database queries and manual verification was used to 

systematically collect comprehensive information from 

patients meeting the inclusion and exclusion criteria. All 

data were de-identified and two independent researchers 

performed dual data entry and cross-verification to ensure 

accuracy and consistency. Due to the retrospective nature, 

information on chemotherapy dose intensity, G-CSF 

formulation and timing, comorbidities, nutritional status 

and inflammatory markers was not consistently available, 

which may introduce residual confounding. 

 

Outcome variables 

Primary outcome: Defined as the occurrence of grade 3 or 

4 neutropenia during the T2 cycle. Severity grading was 

based on the Common Terminology Criteria for Adverse 

Events (CTCAE) version 5. 

 

Dynamic evolution parameters: The following continuous 

parameters were collected for both the T1 and T2 cycles to 

describe the longitudinal trajectory of neutropenia: 

Neutrophil nadir: The lowest absolute count recorded via 

laboratory tests within each cycle, measured in ×109/L. 

Days to nadir: The number of days from the start of 

chemotherapy administration in each cycle until the 

neutrophil count reaches its nadir. 

Recovery duration: The number of days required for the 

neutrophil count to first rise and sustainably reach 

≥1.5×109/L after reaching the cycle's nadir. 

Recovery value: The absolute neutrophil count at the time 

point corresponding to "Recovery Duration," measured in 

×109/L (operationally defined as the first day when ANC 

reached ≥1.5×109/L and remained above this threshold for 

at least two consecutive measurements). 

 

Febrile neutropenia (FN), infection-related hospitalization 

and chemotherapy delays (≥7 days) during T2 as secondary 

clinical outcomes were also recorded. 

 

Predictive variables and baseline characteristics 

All predictive variables were primarily extracted from 

patient baseline data and the T1 cycle. 

Demographic and baseline characteristics: Including age 

at diagnosis (years), body mass index (BMI). 

 
 

Fig. 1: Neutrophil dynamics across cycles 

(A) Stacked bar charts showing the distribution of T2 severity (Mild, Moderate, Severe) stratified by T1 severity. Numbers 

and percentages of patients are displayed within each bar. Above each subplot, asterisks indicate the result of a chi-square 

goodness of fit test for equal distribution across T2 categories: Severe group, not significant (p = 0.196); Moderate group, 

p < 0.001; Mild group, p < 0.001; (B) Paired bar chart comparing CTCAE grades (0–4) between T1 and T2. Values above 

bars represent patient counts. Horizontal lines with asterisks above each grade pair denote McNemar’s exact test for 

paired proportion differences: Grade 0, p < 0.001; Grade 1, p = 0.004; Grade 2, p = 0.005; Grade 3, p = 0.003; Grade 4, 

p < 0.001. Significance symbols: ** p < 0.01, *** p < 0.001; ns, not significant. 
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Tumor characteristics: Including clinical stage, estrogen 

receptor status, progesterone receptor status and human 

epidermal growth factor receptor 2 (HER2) status. 

Treatment characteristics in T1 cycle: Including specific 

chemotherapy regimens and whether granulocyte colony-

stimulating factor (G-CSF) was used for prophylaxis or 

treatment during this cycle. 

Neutropenia kinetic features in T1 cycle: Specifically, the 

values of the dynamic evolution parameters during the T1 

cycle, including T1 neutrophil nadir, days to nadir in T1 

and recovery duration in T1, which are core predictors for 

model building. 

Baseline laboratory indicators: The most recent absolute 

neutrophil count before the start of chemotherapy. 

 

Derived variables 

To facilitate deeper analysis, the following derived metrics 

were constructed based on original variables: 

Recovery Function Categories: Based on the "Recovery 

Duration" and "Recovery Value" from the T1 cycle, 

patients were categorized into "rapid recovery," "standard 

recovery," and "slow recovery" groups through cluster 

analysis, for subgroup analysis. 

Neutropenia evolution patterns: By comparing the severity 

grading between the T1 and T2 cycles, individual patient 

trajectories were defined (e.g., "persistent severe," "from 

severe to mild"), for descriptive analysis purposes. 

 

Sample size calculation 

This study aimed to develop a predictive model and 

perform patient subgroup classification. A sample size 

estimation was conducted based on the widely accepted 

"events per variable" (EPV) principle in prediction model 

research, incorporating the anticipated incidence of grade 

3–4 severe neutropenia in the T2 cycle (approximately 

35%) and the preliminary set of candidate predictors. 

Taking this estimation into account—and balancing it 

against the practical realities of data availability in 

retrospective real-world studies—a target sample size for 

the study was established. 

 

After rigorous screening following the protocol outlined in 

Supplementary Fig. S1, a total of 138 patients met all 

inclusion and exclusion criteria and were included in the 

final analytic cohort to build the predictive model for 

severe neutropenia in the T2 cycle. For the unsupervised 

phenotypic clustering analysis, a complete-case approach 

was adopted; 120 patients possessed the necessary 

complete kinetic recovery profiles and were utilized for 

grouping, while 18 patients were excluded solely from the 

clustering sub-analysis due to missing recovery velocity 

data points.  

To mitigate the risk of overfitting due to limited sample 

size, the following strategies were implemented: 

Parsimonious modeling: Guided by clinical knowledge and 

univariate analyses, only four key predictors were 

included—age, T1 neutrophil nadir, days from T1 

chemotherapy initiation to nadir and T1 neutrophil 

recovery duration—in a multivariable logistic regression 

model. 

Internal validation: Model performance was internally 

validated using 500 bootstrap resampling iterations on the 

training set (n = 96), yielding confidence intervals for 

metrics such as the area under the ROC curve (AUC) to 

ensure robust evaluation. 

Data-driven clustering: Patients were stratified into three 

subgroups via K-means clustering, with the optimal 

number of clusters determined objectively using the 

silhouette coefficient and elbow method, ensuring that 

groupings emerged from intrinsic data structure rather than 

subjective assumptions. 

Robustness checks: Sensitivity analyses were performed by 

repeating data splits with different random seeds and 

testing alternative algorithms (e.g., hierarchical clustering) 

to confirm the consistency and reliability of the findings. 

 

Statistical analysis 

All statistical analyses for this study were conducted using 

R software (version 4.3.0). A two-sided P-value < 0.05 was 

considered statistically significant. 

 

Descriptive statistics and dynamic evolution analysis 

Continuous variables were described as mean ± standard 

deviation or median (interquartile range) based on their 

distribution; categorical variables were summarized as 

frequencies (percentages). For dynamic parameter 

comparisons, paired data were analyzed to examine 

longitudinal changes in CIN parameters between the T1 

and T2 cycles. Paired t-tests were used for normally 

distributed continuous variables, while Wilcoxon signed-

rank tests were applied for non-normally distributed or 

ordinal variables (e.g., neutropenia severity grading). 

Visualization of evolution patterns was achieved through 

stacked plots to illustrate individual patient trajectories of 

neutropenia severity across cycles. 

 

Prediction model construction and validation (for severe 

neutropenia in T2 cycle) 

The objective was to develop a model based on T1 cycle 

characteristics to predict the risk of grade 3–4 severe 

neutropenia in the T2 cycle. Data from the final cohort of 

138 patients were randomly split into a training set (n=96) 

and a test set (n=42) at approximately a 7:3 ratio for model 

development and performance evaluation, respectively. 

Variable selection and model building involved 

incorporating four key T1 cycle variables—age, T1 

neutrophil nadir, days to nadir in T1 and recovery duration 

in T1—into a multivariable logistic regression framework 

based on clinical significance and univariate analysis. 

Model performance was assessed by discrimination (AUC-

ROC on the independent test set, with accuracy, sensitivity 

and specificity reported at the optimal cutoff determined by 

the Youden index), calibration (calibration curve 

comparing predicted probabilities with actual outcomes) 
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and clinical utility (decision curve analysis evaluating net 

clinical benefit compared to default strategies). 

 

Patient recovery function cluster analysis 

The aim was to classify patients based on bone marrow 

recovery characteristics in the T1 cycle. K-means 

clustering was performed on standardized "T1 recovery 

duration" and "T1 recovery value." The optimal number of 

clusters (K=3) was determined using the elbow method and 

average silhouette score. Cluster definitions were clinically 

conceptualized as rapid recovery, similar recovery and 

slow recovery groups based on cluster centroids. Clinical 

validation was performed using Kruskal-Wallis H tests to 

compare T2 cycle outcomes (e.g., T2 neutrophil nadir, T2 

recovery duration) among different recovery function 

groups. K-means was chosen for its simplicity and 

interpretability with two continuous variables. The optimal 

number of clusters (k=3) was determined by both the elbow 

method and average silhouette width. To assess robustness, 

hierarchical clustering was also performed using Ward’s 

method, which yielded highly similar groupings (adjusted 

Rand index = 0.89). 

 

Decision tree classification model (for interpretable 

prediction paths of recovery function) 

An intuitive model was developed to predict which 

recovery function category a patient belongs to, using 

classification decision tree algorithms with "T1 recovery 

duration" and other variables as splitting nodes. 

 

Sensitivity analysis 

To ensure the robustness of main findings, sensitivity 

analyses included: 

Model stability analysis: Repeating train/test splits with 

three different random seeds and retraining logistic 

regression models. 

 

Cluster method stability analysis: Performing hierarchical 

clustering (Ward's method) on the same variables to assess 

stability of clustering results. 

 

RESULTS 

 

Characteristics of the study cohort 

This study ultimately included 138 eligible patients for 

analysis, all of whom were female and completed at least 

two consecutive chemotherapy cycles (T1 and T2). The 

average age of the patients was 49.5 ± 11.2 years, with an 

age range from 12 to 74 years. Among them, 123 (89.1%) 

were diagnosed with breast invasive ductal carcinoma, 

with the remaining 15 (10.9%) comprising other 

gynecologic malignancies including gestational 

trophoblastic neoplasia, endometrial carcinoma, ovarian 

cancer and cervical cancer. In terms of clinical staging, the 

majority were at stage II (56 patients, 40.6%) and stage III 

(42 patients, 30.4%). The most commonly used 

chemotherapy regimen during the first cycle (T1) was AC 

(52 patients, 37.7%) followed by taxane plus carboplatin 

(37 patients, 26.8%). The main baseline characteristics and 

treatment-related data of the T1 cycle are summarized in 

table 1. Of note, during the first cycle (T1), 54.3% of 

patients received antibiotics and 34.8% presented with 

fever, reflecting the high clinical burden of severe 

neutropenia. These events may have prompted more 

aggressive supportive measures—such as prophylactic 

G-CSF use or dose adjustments—in the subsequent T2 

cycle, potentially contributing to the observed 

improvement in neutrophil outcomes. 

 

Dynamic evolution patterns of neutropenia 

To longitudinally observe the evolution patterns of CIN, 

patients’ neutrophil kinetic parameters were compared 

across T1 and T2. Consistently, the neutrophil nadir 

rebounded markedly from a median of 0.40×109/L (IQR: 

0.10–0.70) in T1 to a median of 1.05×109/L (IQR: 0.50–

1.80) in T2 (p < 0.001, Fig. 1 and Table 2), indicating an 

overall trend of alleviated bone marrow suppression in 

subsequent cycles. The patient-level incidence of severe 

(grade 3–4) neutropenia decreased from 88.0% in T1 to 

42.7% in T2 (p < 0.001).  

 

Further analysis of patient-level severity transitions 

(Supplementary Fig. S2A) revealed substantial inter-

individual heterogeneity: among patients with severe 

neutropenia in T1 (n=76), 39.5% improved to mild, 23.7% 

to moderate and 36.8% remained severe in T2; among 

those with moderate neutropenia in T1 (n=46), 67.4% 

improved to mild, 15.2% remained moderate and 17.4% 

worsened to severe; and patients with mild neutropenia in 

T1 (n=16) mostly stayed mild (81.2%), with 18.8% 

transitioning to moderate and none to severe.  

 

At the measurement level, the proportion of severe 

neutropenia (grades 3–4) decreased significantly from 

87.4 % (132/151 measurements) in T1 to 46.4% (64/138 

measurements) in T2 (p < 0.001, Supplementary Fig. S2B). 

This measurement-based proportion is expected to be 

slightly higher than the patient-level incidence (42.7% in 

T2) because patients with persistent severe neutropenia 

contribute multiple measurements. These patterns 

highlight both the overall improvement and the existence 

of a subgroup with persistently poor recovery. 

 

Prediction model construction and performance 

Model performance and key predictors 

The multivariable logistic regression model for predicting 

severe neutropenia in T2 achieved a test set AUC of 0.677 

and accuracy of 78.6% (Table 3). The ROC curves (Fig. 2A) 

showed training and test AUCs of 0.767 and 0.677, 

respectively.  
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Table 1: Patient baseline characteristics 

 

Characteristic Value 

Total Patients 138 

Age (years)  

 Mean ± SD 49.5 ± 11.2 

 Range 12 ~ 74 

Gender  

 Female 138 (100%) 

Tumor Type  

 Breast Invasive Ductal Carcinoma 123 (89.1%) 

Other Types (gestational trophoblastic neoplasia, high-grade serous carcinoma of the ovary, 

endometrioid adenocarcinoma of the endometrium, etc.)  

15 (10.9%) 

Clinical Stage (Summarized)  

 Stage I 18 (13.0%) 

 Stage II 56 (40.6%) 

 Stage III 42 (30.4%) 

 Stage IV 15 (10.9%) 

 Missing/Unclear 7 (5.1%) 

Main Chemotherapy Regimen in T1  

 AC (adriamycin + cyclophosphamide) 52 (37.7%) 

 Taxane + Carboplatin 37 (26.8%) 

 Other regimens (e.g., NP, TC, TA, gemcitabine, etc.) 49 (35.5%) 

Fever in T1  

 Yes 48 (34.8%) 

 No 81 (58.7%) 

 Missing 9 (6.5%) 

Antibiotic Use in T1  

 Used 75 (54.3%) 

 Not used 56 (40.6%) 

 Missing 7 (5.1%) 

 

 
 

Fig. 2: Predictive model performance 

(A) ROC curves of the logistic regression model for predicting severe neutropenia in T2. Training AUC = 0.767, test 

AUC = 0.677; (B) Feature importance based on absolute standardized coefficients: age (−0.519), T1 nadir (−0.926), T1 

days to nadir (0.500), T1 recovery days (0.496). 
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After bootstrap optimism correction (500 iterations), the 

optimism-adjusted AUC was 0.653 (95% CI: 0.601–0.705), 

indicating modest but stable discrimination. Feature 

importance analysis (Fig. 2B) based on absolute 

standardized coefficients identified T1 neutrophil nadir 

(standardized coefficient −0.926), age (−0.519), T1 days to 

nadir (0.500) and T1 recovery duration (0.496) as key 

predictors.  Decision curve analysis (Fig. 3) demonstrated 

that the prediction model provided a positive net benefit 

across clinically relevant threshold probabilities 

(approximately 20–40%), with a maximum net benefit of 

0.254—approaching the theoretical upper bound defined 

by the event rate (0.262). This indicates that using the 

model to guide clinical decisions would yield superior 

outcomes compared to either treating all or treating no 

patients, supporting its potential utility despite modest 

discrimination. 

 

Model interpretability and calibration 

An intuitive decision tree (Fig. 4) was constructed to 

classify patients into recovery groups, using T1 recovery 

duration as the primary splitting node. The test set accuracy 

was 69.4%. Calibration curves (Fig. 5) demonstrated that 

logistic regression predictions aligned more closely with 

observed outcomes than random forest, supporting reliable 

probability estimates. 

 

Patient recovery function classification and its clinical 

significance 

Of the 138 total patients, 120 had complete data for both 

T1 recovery duration and T1 recovery value and were 

included in the clustering analysis. Based on T1 recovery 

patterns, K-means clustering identified three distinct 

patient groups: rapid recovery (n=21), similar recovery 

(n=79) and slow recovery (n=20) (Fig. 6A). Significant 

heterogeneity among groups was observed in key kinetic 

parameters (Table 4). For instance, the rapid recovery 

group had a longer T1 recovery duration but exhibited the 

highest T2 neutrophil nadir and shortest T2 recovery time, 

whereas the slow recovery group showed persistently poor 

recovery (Fig. 6B and Table 4). 

 

Clinical outcomes across recovery groups 

The slow-recovery group had a higher incidence of febrile 

neutropenia (25.0% vs. 10.1% in similar-recovery and 4.8% 

in rapid-recovery, p=0.043) and more frequent 

chemotherapy delays (35.0% vs. 15.2% vs. 9.5%, p=0.021). 

Hospitalization rates showed a similar trend but did not 

reach statistical significance (p=0.112). These findings 

support the clinical relevance of the recovery-based 

stratification (Table 5). 

 

DISCUSSION 
 

Chemotherapy-induced myelosuppression is a common 

complication in cancer treatment (Wang et al., 2023). Its 

core pathophysiological mechanism lies in the direct 

cytotoxic effects of chemotherapeutic agents on 

hematopoietic stem and progenitor cells in the bone 

marrow—particularly granulocytic precursors—leading to 

impaired production, disrupted maturation and depletion of 

the circulating neutrophil pool (Wuerstlein et al., 2021; 

Zhang et al., 2024). Neutropenia (CIN) represents the most 

rapid and frequent manifestation of this process and its 

severity and duration directly influence infection risk and 

treatment continuity.  

Table 2: Comparison of neutropenia characteristics between the T1 and T2 cycles 

 
Variables T1 Median (IQR) T2 Median (IQR) Mean difference 

(95% CI) 
Paired      

t-test       

p-value 

Wilcoxon  

p-value 

Neutrophil nadir (×10⁹/L) 0.40 (0.10–0.70) 1.05 (0.50–1.80) 1.000 (0.730, 1.270) < 0.001 < 0.001 

Days from chemotherapy initiation 

to nadir (days) 11.00 (9.00–13.00) 10.00 (8.00–15.00) 
-0.370 (-1.320, 0.580) 

0.571 0.268 

Neutrophil recovery duration 

(days) 3.00 (3.00–5.00) 3.00 (0.00–6.00) 
0.060 (-1.090, 1.210) 

0.757 0.399 

Neutrophil recovery value 

(×10⁹/L) 4.60 (3.15–8.35) 3.80 (2.70–6.15) 
-0.910 (-2.280, 0.460) 

0.611 0.059 

Neutropenia grade - - - - < 0.001 

 

Table 3: Multivariable analysis of the neutropenia recovery prediction model 
 

Intercept -1.336 0.249 0.263 (0.161, 0.428) p < 0.001 

Age 0.353 0.226 0.703 (0.451, 1.095) 0.119 

T1_Neutrophil nadir -1.178 0.321 0.308 (0.164, 0.578) p < 0.001 

T1_Days from chemotherapy initiation to nadir 0.436 0.244 1.547 (0.960, 2.494) 0.073 

T1_Neutrophil recovery duration 0.465 0.240 1.592 (0.994, 2.550) 0.053 

Model statistics log-likelihood: -67.40; AIC: 144.81; BIC: 159.44; Pseudo R²: 0.149, LR p-value: 0.0001 

Prediction performance AUC: 0.677; Accuracy: 0.786; Sensitivity: 0.364; Specificity: 0.935;  

Optimal Threshold: 0.661; Youden's J: 0.299; Sample Size: 138 (Train: 96, Test: 42) 
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Fig. 3: Decision curve analysis 
 

 
 

Fig. 4: Decision tree for recovery group classification. 
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Fig. 5: Calibration curve 
 

 
 

Fig. 6: Patient recovery groups. 

(A) Radar chart of normalized mean values for five key variables across recovery groups (Similar: n=79, Slow: n=20, 

Rapid: n=21); (B) Box plots comparing T2 outcomes: T2 neutrophil nadir (p=0.196), T2 recovery days (p<0.001), T2 

days to nadir (p=0.001) and T2 recovery value (p=0.066). p-values from Kruskal-Wallis test. 

 



Shuhui Dai et al. 
 

Pak. J. Pharm. Sci., Vol.39, No.10, October 2026, pp.3052-3064 3061 

Although the use of granulocyte colony-stimulating factor 

(G-CSF) has substantially improved CIN management, the 

heterogeneous responses observed among patients suggest 

that individual tolerance and recovery patterns in response 

to repeated chemotherapy are shaped by a complex 

interplay of factors—including baseline bone marrow 

reserve, genetic variations in drug metabolism and the bone 

marrow microenvironment (Zhang Q et al., 2024; Zhang Y 

et al., 2024; Zhao et al., 2021). 

 

The observed improvement from T1 to T2—reduced CIN 

severity and higher neutrophil nadirs—is clinically 

expected given the near‑60% rate of grade 4 neutropenia in 

T1, which would mandate intervention per guidelines. This 

improvement is likely attributable to increased use of 

prophylactic G‑CSF, dose modifications, or enhanced 

supportive care in response to severe neutropenia during 

the first cycle, rather than intrinsic bone marrow adaptation. 

This interpretation is supported by the high rates of fever 

(34.8%) and antibiotic use (54.3%) in T1, which may have 

triggered more aggressive clinical management in T2. 

However, as G-CSF administration data were not 

systematically collected, the exact contribution of specific 

interventions requires quantification in future prospective 

studies. Although the predictive model achieved only 

moderate discrimination (test set AUC = 0.677), its 

calibration and net benefit (maximum 0.254) at clinically 

relevant thresholds support its potential as a decision aid, 

particularly when integrated with clinical judgment. 

 

The model utilizes readily accessible early indicators—age, 

T1 neutrophil nadir and time from T1 chemotherapy 

initiation to nadir—to estimate risk in subsequent cycles. 

T1 neutrophil nadir emerged as the strongest independent 

Table 4: Patient characteristics by neutropenia recovery function classification. 

 

Variables 
Similar recovery 

group (n=79) 

Slow recovery 

group (n=20) 

Rapid recovery 

group (n=21) 
F/H p 

Age (years) 48.01±10.37 47.30±13.53 45.81±8.80 0.358 0.701 

 [48.00(42.00,56.50)] [46.00(41.50,54.50)] [44.00(39.00,51.00)]   

T1 neutrophil nadir 

(×10⁹/L) 0.41±0.33 0.61±0.56 0.53±0.41 2.642 0.267 

 [0.30(0.10,0.65)] [0.35(0.18,0.88)] [0.40(0.30,0.80)]   

Days from T1 

chemotherapy initiation 

to nadir (days) 12.01±4.21 12.30±5.09 10.24±2.53 3.581 0.169 

 [12.00(9.50,13.00)] [11.00(9.75,13.50)] [11.00(8.00,12.00)]   

T1 neutrophil recovery 

duration (days) 3.53±2.10 3.55±1.36 9.38±4.88 30.511 <0.001** 

 [3.00(2.00,4.00)] [3.00(3.00,4.00)] [7.00(5.00,13.00)]   

T2 neutrophil nadir 

(×10⁹/L) 1.55±1.84 0.89±0.48 2.01±1.61 3.278 0.196 

 [1.00(0.30,1.70)] [0.95(0.47,1.30)] [1.90(0.70,3.30)]   

Days from T2 

chemotherapy initiation 

to nadir (days) 10.52±4.78 9.35±3.07 15.20±5.71 13.233 0.001* 

 [9.00(8.00,13.00)] [8.50(7.75,11.00)] [15.00(10.00,20.00)]   

T2 neutrophil recovery 

duration (days) 3.27±2.70 13.25±7.25 1.29±1.71 62.614 <0.001** 

 [3.00(1.00,5.00)] [10.00(7.75,16.25)] [0.00(0.00,3.00)]   

Data are mean ± SD (median [IQR]). P‑values from ANOVA or Kruskal‑Wallis. * P=0.001; ** P<0.001. No symbol = 

not significant (P≥0.05). 

 

Table 5: Clinical outcomes across recovery function groups during the T2 cycle 

 

Outcome Rapid recovery 

(n=21) 

Similar recovery 

(n=79) 

Slow recovery 

(n=20) 

χ² p-value 

Febrile neutropenia, n (%) 1 (4.8%) 8 (10.1%) 5 (25.0%) 6.312 0.043 

Chemotherapy delay (≥7 days),  

n (%) 

2 (9.5%) 12 (15.2%) 7 (35.0%) 7.754 0.021 

Infection-related hospitalization,  

n (%) 

1 (4.8%) 6 (7.6%) 4 (20.0%) 4.385 0.112 

Note: p-values were calculated using chi-square test or Fisher’s exact test as appropriate. 
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predictor, directly reflecting the depth of initial bone 

marrow suppression and serving as a simple early warning 

tool. 
 

Through unsupervised clustering based on T1 recovery 

dynamics, patients were classified into three distinct 

groups: rapid recovery (n=21), similar recovery (n=79) and 

slow recovery (n=20). The rapid recovery group, 

characterized by longer T1 recovery times but the highest 

T2 neutrophil nadir and shortest T2 recovery duration, may 

possess stronger bone marrow reserve and repair capacity. 

In contrast, the slow recovery group exhibited persistent 

marrow suppression across both cycles, with higher rates 

of febrile neutropenia (25.0%) and chemotherapy delays 

(35.0%), marking them as true high-risk individuals 

requiring intensified monitoring and supportive care. The 

similar recovery group represents the most common 

clinical phenotype. This functional stratification introduces 

a "recovery capacity" dimension to risk assessment, 

enabling more refined patient management. 
 

By integrating predictive modeling with unsupervised 

clustering, this study transforms early kinetic features into 

a dual-purpose tool for risk prediction and functional 

stratification. The decision tree model provides an intuitive 

triage pathway and together these tools offer a data-driven 

framework for implementing risk-adapted, proactive 

bundle care that can improve patient safety and treatment 

intensity while optimizing resource utilization. 
 

Nevertheless, this study has several limitations. First, its 

single-center retrospective design and limited sample 

size—despite internal validation using bootstrap 

resampling—constrain the external generalizability of both 

the predictive model and the recovery-based classification, 

necessitating validation in large-scale prospective cohorts. 

Second, the observation of only two consecutive 

chemotherapy cycles precludes insights into longer-term 

CIN trajectories across the entire treatment course. 

Furthermore, potentially important variables, such as 

pharmacogenomic profiles, cytokine signatures and 

detailed comorbidity data, were not included. The single-

center retrospective design and the predominance of breast 

cancer patients (89.1%) limit the generalizability of 

findings to other solid tumors. Future multicenter studies 

with broader inclusion are warranted. The present analysis 

was restricted to only two consecutive chemotherapy 

cycles, which may not capture the full trajectory of CIN 

over the entire treatment course. Longer-term studies are 

needed to understand cumulative effects and late recovery 

patterns. Important confounders such as chemotherapy 

dose modifications, G-CSF administration details, baseline 

inflammatory status and performance status were not fully 

accounted for. Their omission could bias the observed 

associations and limit causal inference. Although bootstrap 

resampling was used for internal validation, the lack of 

independent external validation limits the generalizability 

and reproducibility of both the prediction model and the 

clustering results. Prospective multicenter studies are 

essential to confirm these findings. Fourth, although 

patients with major changes in core chemotherapeutic 

agents were excluded, minor dose adjustments or schedule 

modifications between treatment cycles could not be fully 

accounted for. Such unmeasured variations may influence 

neutrophil dynamics and introduce residual confounding. 

 

Looking ahead, future research should focus on conducting 

multicenter prospective validation studies, integrating 

multi-omics data (e.g., genomic, immunologic) to develop 

higher-performance predictive models, extending the 

observation window to investigate associations between 

CIN dynamics and long-term survival outcomes and 

launching interventional trials based on the "recovery 

function classification" to evaluate whether personalized 

intensified prevention strategies (e.g., preferential use of 

long-acting G-CSF or algorithm-guided dose adjustments) 

for high-risk "slow-recovery" patients can improve clinical 

outcomes.  

 

CONCLUSION 

 

In summary, this study advances the understanding of 

recurrent chemotherapy-induced neutropenia (CIN) in a 

predominantly breast cancer cohort across three 

dimensions: dynamic evolution, predictive early warning 

and functional stratification. The developed prediction 

model and recovery-function classification system provide 

empirical evidence and a practical framework for clinicians 

to identify high-risk patients early and implement 

individualized, proactive CIN management—thereby 

enhancing patient safety and treatment quality while 

maintaining therapeutic intensity. 
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