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Abstract: Objective: To develop an individualized prediction model for myelosuppression risk in lung cancer patients
undergoing platinum-based doublet chemotherapy and validate its predictive efficacy. Methods: A retrospective
analysis was conducted on the clinical data of 584 lung cancer patients who received platinum-based doublet
chemotherapy at The Affiliated Hospital of Qingdao University between January 2016 and December 2020. Patients
were randomly assigned to a training cohort (n=391) and a validation cohort (n=193). Myelosuppression occurred
in 280 (71.6%) patients in the training cohort and 132 (68.4%) in the validation cohort. Univariate analysis and
LASSO regression were used to identify independent risk factors for myelosuppression. Prediction models were
developed using Support Vector Machine (SVM), Random Forest, Extreme Gradient Boosting (XGBoost), and Adap-
tive Boosting (Adaboost). Model performance was evaluated using receiver operating characteristic (ROC) curves,
calibration curves, and Decision Curve Analysis (DCA). The SHAP algorithm was employed to evaluate feature im-
portance, and a nomogram was developed for individual risk prediction. Results: LASSO regression identified 10 in-
dependent risk factors for myelosuppression: age, body mass index (BMI), white blood cell count, neutrophil count,
platelet count, total protein, gender, treatment regimen, targeted therapy, and first chemotherapy cycle. In the train-
ing cohort, the XGBoost model exhibited the best performance, with an area under the curve (AUC) of 0.855 (95%
Cl: 0.813-0.897), while the AUC in the validation cohort was 0.793. SHAP analysis identified white blood cell count,
platelet count, neutrophil count, BMI, and age as the most influential predictors. The SHAP analysis based on the
XGBoost model demonstrated substantial value. Conclusion: This study successfully developed an individualized
prediction model for myelosuppression risk in lung cancer patients following platinum-based doublet chemotherapy,
with the XGBoost model achieving high predictive accuracy and clinical utility. The model provides a valuable tool
for guiding precision medicine.
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Introduction ed survival for some patients, the prognosis for

advanced lung cancer patients remains poor

Lung cancer remains one of the leading causes
of cancer-related deaths globally [1]. Accord-
ing to the International Agency for Research on
Cancer (IARC), there were 2.3 million new lung
cancer cases worldwide in 2022, with approxi-
mately 1.9 million deaths, accounting for 18%
of all cancer-related fatalities [2]. Despite
advancements in early screening, targeted
therapy, and immunotherapy that have extend-

[3]. Platinum-based doublet chemotherapy re-
mains a cornerstone treatment across various
lung cancer subtypes, particularly for advanced-
stage patients and those resistant to targeted
therapies [4].

Myelosuppression, a common side effect of

chemotherapy, results from the cytotoxic im-
pact of chemotherapy drugs on the bone mar-
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row hematopoietic system. This significantly
reduces white blood cells, red blood cells,
and platelets, leading to weakened immunity,
increased infection risk, and elevated bleeding
tendency [5]. In severe cases, myelosuppres-
sion can be life-threatening, requiring treat-
ment interruptions or dosage reductions, there-
by compromising the efficacy of chemotherapy
[6]. Given its clinical significance, predicting
myelosuppression risk before chemotherapy
and developing individualized prevention and
treatment strategies have become a crucial
topic in clinical research.

Numerous studies have investigated risk fac-
tors for myelosuppression. For example, elderly
patients are more susceptible to myelosup-
pression due to their decreased bone marrow
function, while patients with a low body mass
index (BMI) may have reduced chemotherapy
tolerance and heightened toxicity sensitivity
[7]. Furthermore, comorbidities such as diabe-
tes, hypertension, and coronary heart disease
can exacerbate the risk by affecting metabo-
lism and immune function [8]. Laboratory indi-
cators, including baseline white blood cell, neu-
trophil, and platelet levels, have also been
strongly associated with myelosuppression risk
[9]. However, most existing studies rely on uni-
variate analysis or traditional regression mod-
els, which fail to capture complex interactions
among multiple risk factors, particularly in
high-dimensional data where traditional meth-
ods have limited predictive ability.

In predictive modeling, machine learning algo-
rithms have gained attention due to their abi-
lity to handle multidimensional, nonlinear data
[10]. Unlike traditional statistical methods, ma-
chine learning models can capture complex
relationships among variables, offering superi-
or predictive performance [10]. Commonly
used algorithms in medical research include
Support Vector Machine (SVM), Random Forest,
Extreme Gradient Boosting (XGBoost), and
Adaptive Boosting (Adaboost) [11]. However,
their clinical application remains challenging,
primarily due to limited model interpretability.
Machine learning models are often perceived
as “black box”, making it difficult for clinicians
to understand how risk assessments are gen-
erated [12]. Recently, the SHAP (SHapley Addi-
tive Explanations) algorithm has emerged as a
method for improving model interpretability by
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quantifying each variable’s contribution to pre-
dictions [13-15].

This study aims to develop and validate an indi-
vidualized risk prediction model for myelosup-
pression in lung cancer patients undergoing
platinum-based doublet chemotherapy, using
multifactorial analysis and machine learning
methods. The objectives of this study are: (1)
to identify independent risk factors for myelo-
suppression using univariate analysis and le-
ast absolute shrinkage and selection operator
(LASSO) regression; (2) to construct high-per-
formance prediction models using machine
learning algorithms and evaluate their calibra-
tion, classification performance, and clinical
utility; and (3) to enhance model interpretability
using the SHAP algorithm and develop nomo-
grams for risk visualization and individualized
application. This research aims to provide a ref-
erence for precision treatment and individual-
ized management of lung cancer patients.

Methods and materials
Sample size calculation

The required sample size was estimated using
the ‘pmsampsize’ package in R software, based
on a literature review and a reported 77% inci-
dence rate of myelosuppression in lung cancer
patients following treatment [16]. The sample
size calculation utilized a logistic regression
model with 12 candidate predictors and an
AUC (C-statistic) of 0.878. The analysis deter-
mined that a minimum of 296 patients was
required to develop a robust predictive model,
including at least 228 events (cases of myelo-
suppression) to ensure model stability and min-
imize overfitting. This calculation corresponds
to approximately 18.99 events per predictor
parameter (EPP), meeting established criteria
for reliable prediction. The actual sample size
was determined by the number of patients col-
lected clinically.

Sample source

This retrospective study analyzed the clinical
data of 584 lung cancer patients who re-
ceived platinum-based doublet chemotherapy
between January 2016 and December 2020
at The Affiliated Hospital of Qingdao Univer-
sity (Figure 1). The study was approved by the
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Sample Size Calculation

|

Retrospective analysis reviewed clinical data of lung cancer patients who
received platinum-based dual 1erapy in our hospital from
January 2016 to December 2020.

Inclusion Criteria
(n=634)

[17], myelosuppression includ-
es neutropenia (Absolute neu-
trophil count (ANC) <1.5 x
10°%/L, severe cases <0.5 x
10°/L), leukopenia (WBC count
<4.0 x 10°/L), thrombocytope-
nia (platelet count <100 x
10°/L), and anemia (hemoglo-
bin <10 g/dL). These parame-
ters are graded from 1 to 4,

Exclusion Criteria:

diseases. (n=10)

cancer. (n=5)

Severe organ failure. (n=6)
Active infections or other life-threatening

Contraindications to chemotherapy. (n=8)
Pregnant or breastfeeding women. (n=6)
Previous chemotherapy or radiation therapy for lung

Known history of severe allergies or hypersensitivity to
platinum-based chemotherapy agents. (n=6)
Life expectancy less than 3 months.(n=9)

with higher grades indicating
more severe suppression. My-
elosuppression can impair im-
munity, increase infection risk,
and lead to bleeding tenden-
cies, potentially becoming life-
threatening in severe cases.

Sample (n=584)

|
l l

Training group(n=391)

|

Univariate analysis

|

Lasso

)

4 machine learning models
construction

'

Xgboost model construction

l

Xgboost shap

l

Nomogram

Validation group(n=193)

model validation

Ethics Committee of The Affiliated Hospital of
Qingdao University (24-12117KY).

Definition of myelosuppression

Myelosuppression is a clinical condition char-
acterized by suppressed bone marrow hemato-
poiesis, leading to reduced blood cell produc-
tion. It manifests as significant decrease in
white blood cells (WBC), red blood cells (RBC),
and platelets. According to the Common Ter-
minology Criteria for Adverse Events (CTCAE)
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Figure 1. Study flow chart.

Its occurrence is closely relat-
ed to chemotherapy drug dos-
age, patient’s baseline health
status, and individual variabili-
ty. Monitoring peripheral blood
counts is critical for early iden-
tification and timely interven-
tion to mitigate complications.

Inclusion and exclusion crite-
ria

Inclusion criteria: (1) Patients
aged >18 years with patholo-
gically confirmed lung cancer
(including non-small cell lung
cancer (NSCLC) and small cell
lung cancer (SCLC)). (2) Re-
ceived at least one cycle of
platinum-based doublet che-
motherapy (e.g., docetaxel +
platinum, gemcitabine + plati-
num, pemetrexed + platinum).
(3) Available complete clinical
and laboratory records before
chemotherapy. (4) Complete
follow-up data for clear assessment of myelo-
suppression occurrence. (5) No severe organ
failure, able to tolerate chemotherapy.

Exclusion criteria: (1) Severe organ failure (e.g.,
liver, kidney, heart). (2) Active infections or
other life-threatening diseases. (3) Contrain-
dications to chemotherapy. (4) Pregnant or
breastfeeding women. (5) Previous chemo-
therapy or radiation therapy for lung cancer. (6)
A known history of severe allergies or hyper-
sensitivity to platinum-based chemotherapy
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agents. (7) Life expectancy of less than 3
months.

Clinical data collection

This study retrospectively analyzed patient
data from electronic medical records and out-
patient follow-up data. Collected clinical infor-
mation included demographics (gender, BMI,
age, smoking history), medical history (hyper-
tension, diabetes, coronary heart disease),
tumor pathology (NSCLC, SCLC), treatment reg-
imens (e.g., docetaxel + platinum, gemcitabine
+ platinum, pemetrexed + platinum), additional
therapies (targeted therapy, first-line chemo-
therapy, and adjuvant chemotherapy data). La-
boratory tests conducted prior to chemothera-
py included WBC count, neutrophil count, RBC
count, hemoglobin, platelet count, total protein,
and albumin levels. This comprehensive data
collection ensured accurate baseline charac-
terization for subsequent analysis.

Laboratory indicators

Blood routine tests were performed using the
Sysmex automated blood analyzer (e.g., XN-
1000 model). Blood samples were collected
before each chemotherapy cycle to establish
baseline values, and 7 to 14 days after chemo-
therapy, to evaluate the severity of myelosup-
pression. These time points were critical for
assessing hematological toxicity and guiding
clinical management.

Follow-up

Patients underwent follow-up 1-2 weeks after
chemotherapy for blood tests to assess bone
marrow suppression. During follow-up, clinical
reviews and complete blood counts (CBC) were
performed, mainly monitoring white blood cell
count, neutrophil count, and platelet count.
Adverse events, including myelosuppression,
were recorded and graded according to CTCAE
4.0 criteria. The primary endpoint was the
occurrence of myelosuppression, particularly
leukopenia, granulocytopenia, thrombocytope-
nia, and anemia.

Outcome measures

Primary outcome: The predictive efficacy of
machine learning models in assessing myelo-
suppression risk in lung cancer patients under-
going platinum-based doublet chemotherapy
was evaluated.
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Secondary outcomes: (1) To assess the influ-
ence of laboratory indicators and clinical char-
acteristics on the occurrence of myelosuppres-
sion, particularly the dynamic changes in key
indicators such as white blood cell count, neu-
trophil count, and platelet count before and
after chemotherapy. (2) To evaluate the clinical
utility of the prediction model through calibra-
tion curves and Decision Curve Analysis (DCA).
(3) To assess the interpretability of the predic-
tion model through SHAP analysis. (4) To devel-
op a nomogram for individualized risk predic-
tion, providing precise myelosuppression risk
assessment tools tailored for different patient
groups.

Statistical analysis

Statistical analysis was performed using SPSS
26.0 and R 4.3.3 software. The Kolmogorov-
Smirnov (K-S) test was used for normality test-
ing, with normally distributed data presented
as mean * standard deviation (Mean = SD),
and group comparisons conducted using the
independent sample t-test. Non-normally dis-
tributed data were presented as median (inter-
quartile range) and compared using the rank-
sum test. Categorical variables were expressed
as frequency and percentage, with group com-
parisons conducted using chi-square or Fisher’s
exact test. The significance level was set at
two-sided P<0.05. ROC curve analysis was per-
formed using the pROC package to assess the
discriminatory ability of continuous variables
and calculate the area under the curve (AUC).
LASSO regression for variable selection was
performed using the gimnet package. Machine
learning models, including Support Vector Ma-
chine (kernlab package), Random Forest (ran-
domForest package), Extreme Gradient Boos-
ting (xgboost package), and Adaptive Boosting
(ada package), were developed and compared
based on performance metrics (AUC, sensitivi-
ty, specificity, precision, Fl1-score). Precision-
Recall (PR) curves were generated using the
pROC package, and nomograms and calibra-
tion curves were drawn using the rms package.
Decision Curve Analysis (DCA) was used to
assess the clinical net benefit of the models,
and confusion matrices were used for visua-
lization of model classification performance.
Feature interpretability was analyzed using
SHAP (shapviz package), and plots were gener-
ated using the ggplot2 package.
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Table 1. Comparison of baseline data between the model and validation groups

Training Group

Validation Group Statistic

Variable Total (n=391) (n=193) P-value
Myelosuppression
Yes 412 (70.55%) 280 (71.61%) 132 (68.39%) 0.644 0.422
No 172 (29.45%) 111 (28.39%) 61 (31.61%)
Gender
Male 461 (78.94%) 308 (78.77%) 153 (79.27%) 0.020 0.889
Female 123 (21.06%) 83 (21.23%) 40 (20.73%)
Treatment Regimen
Docetaxel + Platinum 173 (29.62%) 119 (30.43%) 54 (27.98%) 1.143 0.767
Gemcitabine + Platinum 114 (19.52%) 75 (19.18%) 39 (20.21%)
Pemetrexed + Platinum 156 (26.71%) 107 (27.37%) 49 (25.39%)
Others 141 (24.14%) 90 (23.02%) 51 (26.42%)
Targeted Therapy
Yes 69 (11.82%) 48 (12.28%) 21 (10.88%) 0.241 0.623
No 515 (88.18%) 343 (87.72%) 172 (89.12%)
First Chemotherapy
Yes 318 (54.45%) 210 (53.71%) 108 (55.96%) 0.264 0.608
No 266 (45.55%) 181 (46.29%) 85 (44.04%)
Age (years) 62.90+£7.77 62.95+7.73 62.80+7.87 0.224 0.823
BMI (kg/m?) 22.20+3.18 22.24+3.00 22.11+3.53 0.460 0.646
White Blood Cell Count (10°%/L) 6.45+2.53 6.41+2.49 6.51+2.63 0.451 0.652
Neutrophil Count (10%/L) 4.19[2.76,5.54] 4.14[2.88,5.36] 4.21[2.61,5.97] 0.414 0.679
Hemoglobin (g/L) 124.34+17.74 124.09+17.64 124.84+17.96 0.479 0.632
Platelet Count (10%/L) 227.61+81.88 228.27+82.23 226.29+81.37 0.274 0.784
Total Protein (g/L) 67.10+6.16 67.10+6.32 67.11+5.84 0.021 0.983

Note: BMI = Body Mass Index; “Others” in Treatment Regimen includes etoposide + platinum and paclitaxel + platinum.

Results

Comparison of baseline characteristics be-
tween myelosuppression and non-myelosup-
pression groups after platinum-based doublet
chemotherapy

A comparison of baseline characteristics be-
tween patients with myelosuppression and
those without myelosuppression after plati-
num-based doublet chemotherapy revealed
statistically significant differences (P<0.05) in
the following variables: gender, age, BMI, treat-
ment regimen, targeted therapy, first chemo-
therapy, WBC count, neutrophil count, platelet
count, and total protein levels. Non-significant
variables included smoking history, hyperten-
sion history, diabetes history, coronary artery
disease history, pathology type, postoperative
adjuvant chemotherapy, and bone metastasis
(P>0.05, Table S1).
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Comparison of baseline data between the
model and validation groups

Based on the significant differences identified
in the univariate analysis (as shown in Table
S1). Patients were randomly divided in a
0.67:0.33 ratio, with the variables having differ-
ences selected as the factors for assigning
them to a training cohort (n=391) and a valida-
tion cohort (n=193) for model construction.
The baseline characteristics of patients in the
model group (training group) and validation
group were compared. The results showed no
significant differences between the two groups
in terms of myelosuppression occurrence, gen-
der, treatment regimen, targeted therapy, first
chemotherapy, age, BMI, white blood cell count,
neutrophil count, hemoglobin, platelet count,
and total protein levels (P>0.05, Table 1). These
findings suggest that the two groups were
comparable.
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Table 2. Univariate analysis of baseline data related to myelosuppression

Myelosuppression Non-Myelosuppression

Variable Total Group (n=391) Group (n=193) Statistic P-value
Gender
Male 308 (78.77%) 229 (81.79%) 79 (71.17%) 5.356 0.021
Female 83 (21.23%) 51 (18.21%) 32 (28.83%)
Treatment Regimen
Docetaxel + Platinum 119 (30.43%) 79 (28.21%) 40 (36.04%) 14.310 0.003
Gemcitabine + Platinum 75 (19.18%) 66 (23.57%) 9 (8.11%)
Pemetrexed + Platinum 107 (27.37%) 69 (24.64%) 38 (34.23%)
Others 90 (23.02%) 66 (23.57%) 24 (21.62%) 14.310 0.003
Targeted Therapy
Yes 48 (12.28%) 42 (15.00%) 6 (5.41%) 6.795 0.009
No 343 (87.72%) 238 (85.00%) 105 (94.59%)
First Chemotherapy
Yes 210 (53.71%) 162 (57.86%) 48 (43.24%) 6.828 0.009
No 181 (46.29%) 118 (42.14%) 63 (56.76%)
Age (years) 62.95+7.73 63.35+7.30 61.95+8.69 1.622 0.106
BMI (kg/m?) 22.24+3.00 21.84+2.99 23.23+2.79 4216 <0.001
White Blood Cell Count (10°%/L) 6.41+£2.49 6.00£2.28 7.4612.69 5.406 <0.001
Neutrophil Count (10°%/L) 4.19+1.93 4.00+£1.76 4.67+£2.25 3.123 0.002
Hemoglobin (g/L) 124.09+17.64  125.29+17.43 121.08+17.87 2.135 0.033
Platelet Count (10°%/L) 228.27+82.23 220.26+80.94 248.46+82.38 3.091 0.002
Total Protein (g/L) 67.10+£6.32 66.78+6.29 67.91+6.36 1.604 0.109

Note: BMI = Body Mass Index; “Others” in Treatment Regimen includes etoposide + platinum and paclitaxel + platinum.

Univariate analysis of myelosuppression-relat-
ed factors in the training group

Univariate analysis identified several variables
that were significantly associated with the oc-
currence of myelosuppression after platinum-
based doublet chemotherapy (P<0.05), includ-
ing gender, treatment regimen, targeted thera-
py, first chemotherapy, BMI, white blood cell
count, neutrophil count, platelet count, and
hemoglobin levels. Specifically, male gender,
receipt of targeted therapy or first chemothera-
py, lower BMI, lower WBC count, lower neutro-
phil count, lower platelet count, and lower
hemoglobin levels were associated with a high-
er risk of myelosuppression. Other variables,
such as smoking history, coronary artery dis-
ease history, age, and total protein levels,
showed no significant association with the
occurrence of myelosuppression (P>0.05). De-
tails are shown in Table 2.

Categorization of continuous variables with
significant differences

LASSO regression (family = “binomial”) was
applied to convert continuous variables into
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categorical variables for analysis. ROC cur-
ves analysis was plotted for continuous vari-
ables with significant differences to assess
their discriminatory power. The results show-
ed that BMI, WBC count, neutrophil count,
and platelet count exhibited strong discrimi-
natory power, with AUCs of 0.851, 0.656,
0.958, and 0.606, respectively. The optimal
cutoff values for these variables were 23.765,
7.705, 5.340, and 180.500. In contrast, age
and total protein demonstrated lower discrimi-
natory ability, with AUCs of 0.557 and 0.570,
respectively. In conclusion, low BMI, low white
blood cell count, low neutrophil count, and low
platelet count were significantly associated
with an increased risk of myelosuppression
(Figure 2).

LASSO regression for myelosuppression
factors after platinum-based doublet chemo-
therapy

All significant variables identified in univariate
analysis were assigned values, as shown in
Table 3. In LASSO regression analysis, when
lambda.min = 0.0039, 10 characteristic vari-
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Figure 2. ROC curve analysis results for continuous variables. A: ROC curve for age in predicting myelosuppression.
B: ROC curves of BMI in predicting myelosuppression. C: ROC curve of white blood cell count in predicting myelo-
suppression. D: ROC curves of neutrophil count in predicting myelosuppression. E: ROC curve of platelet count in
predicting myelosuppression. F: ROC curve for total protein in predicting myelosuppression. Note: ROC, Receiver
Operating Characteristic; AUC, Area Under Curve; BMI, Body Mass Index.

Table 3. Assignment table

Variable Type Content

Age (years) (X) <57.5=0, 257.5=1

BMI (kg/m?) (X) <23.765=0, 223.765=1
White Blood Cell Count (10°/L) (X) <7.705=0, 27.705=1
Neutrophil Count (10°%/L) (X) <5.340=0, >5.340=1
Platelet Count (10%/L) (X) <180.5=0, 2180.5=1
Total Protein (g/L) (X) <64.65=0, 264.65=1
Sex (X) Male =1, and female =0
Treatment Options (X) Docetaxel + platinum =1, gemcitabine + platinum =0, pemetrexed + platinum =3, and other =4
Targeted therapy (X) Yes =1, No =0

First chemotherapy (X) Yes =1, No =0
Myelosuppression ) Yes =1, No =0

Note: BMI, Body Mass Index.

ables associated with myelosuppression after
platinum-based doublet chemotherapy were
selected: age, BMI, WBC count, neutrophil
count, platelet count, total protein, gender,
treatment regimen, targeted therapy, and first
chemotherapy (Figure 3). These variables were
selected through cross-validation at the opti-
mal penalty parameter and are closely related
to the occurrence of myelosuppression, repre-
senting important characteristics.
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Machine learning model construction based
on LASSO-selected features

Based on the features selected by LASSO
regression, four machine learning models -
SVM, Random Forest, XGBoost, and Adaboost
- were evaluated in both the training and va-
lidation groups. In the training group, XGBoost
had the highest AUC of 0.855 (95% Cl: 0.813-
0.897), followed by Adaboost (0.853), SVM

Am J Cancer Res 2025;15(2):470-486
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Figure 3. Selection of key predictors using LASSO regression analysis. A: Coefficient path diagram of LASSO regres-
sion. B: Selection of optimal Lambda values through cross-validation. Note: LASSO, Least Absolute Shrinkage and

Selection Operator; BMI, Body Mass Index.

(0.815), and Random Forest (0.801) (Figure
4A). XGBoost achieved the highest sensitivity
(87.77%) and precision (87.77%), while Random
Forest showed the highest specificity (73.45%)
and sensitivity (74.10%). SVM and Adaboost
had lower sensitivity (72.66% and 82.73%) but
balanced precision (72.66% and 82.73%). AUC
significance comparisons (Figure 4C) indicat-
ed that Random Forest had a significantly high-
er AUC than the other models. In the valida-
tion group, AUCs decreased in all models, with
Adaboost and XGBoost showing the highest
AUCs at 0.794 and 0.793, respectively. SVM
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and Random Forest had AUCs of 0.763 and
0.736, respectively (Figure 4B). The AUC differ-
ences between models in the validation group
were not significant (P=0.113) (Figure 4D). A
comparison of performance metrics in the
training group (Figure 4E) showed Random
Forest had the highest sensitivity (92.31%)
and specificity (82.20%). In the validation group
(Figure 4F), performance differences were
smaller, with Adaboost and SVM showing more
balanced performance, having higher specifici-
ty (75.93% and 90.74%) and moderate sensitiv-
ity (61.15% and 47.48%).
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Figure 4. Performance of machine learning models based on LASSO filtered features. A: ROC curves of different
models in the training group. B: ROC curves of different models in the validation group. C: Comparison of AUCs
between different models in the training group. D: Comparison of AUCS between different models in the validation
group. E: Comparison of performance indicators of different models in the training group. F: Comparison of perfor-
mance indicators of different models in the validation group. Note: Receiver Operating Characteristic (ROC), Area
Under Curve (AUC), Sensitivity, Specificity, Accuracy, Precision, F1-score, Youden Index, Support Vector Machine
(SVM) Support Vector Machine (SVM), Random Forest, Extreme Gradient Boosting (XGBoost), Adaptive Boosting

(Adaboost).

Evaluation of model performance

The performance of the XGBoost model was
evaluated in both the training and validation
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sets. In the training set, the PR curve (Figure
5A) showed the relationship between Preci-
sion and Recall, indicating good classification
performance. The calibration curve (Figure 5B)
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showed the C-index for the XGBoost model to showed a prediction accuracy of 66.4% in the
be 0.788 (95% Cl: 0.741-0.836, P<0.0001), validation set.

with a chi-square goodness-of-fit test value of

8.4055e20 (P=1), demonstrating excellent SHAP analysis of random forest model contri-
calibration ability. The AIC value of 262.587 butions and key variable interpretation

also indicated a good fit of the model. The de-

cision curve analysis (Figure 5C) showed a The Xgboost model was subjected to variable
net benefit across a risk threshold range of contribution analysis and feature importance
O%_Gg%' with the maximum net benefit reach- evaluation USing the SHAP algorithm. The SHAP
ing 28.90%. The confusion matrix (Figure 5D) values displayed the positive and negative in-
showed a prediction accuracy of 94.3% in the fluences of each variable on the model’s pre-
training set. In the validation set, the model’s diction results, as well as the ranking of vari-
performance declined slightly (Figure 5E-H). able importance at both the individual sample
The PR curve (Figure 5E) showed a relation- and overall data levels (Figure 6A). In the over-
ship between Precision and Recall, with slightly all feature importance analysis (Figure 6B),
lower classification performance in the test set white blood cell count, neutrophil count, plate-
than in the training set. The calibration curve let count, BMI, and age were found to be the
(Figure 5F) showed the C-index to be 0.743 most influential variables on the prediction
(95% Cl: 0.683-0.803, P<0.0001), with a chi- results. The SHAP dependence plot (Figure 6C)
square goodness-of-fit test value of 7.9134e- further analyzed the specific effect patterns of
26 (P=1), indicating that the model’s calibration these variables. For example, lower WBC counts
ability in the validation set remained useful. contributed to increased risk of myelosuppres-
The AIC value was 212.627. Decision curve sion. The SHAP force plot (Figure 6D) displayed
analysis (Figure 5G) showed that the model the direction and magnitude of each variable’s
was beneficial across a risk threshold range of effectin a randomly selected individual patient,
0%-49%, with the maximum net benefit reach- providing a clear explanation of the model’s
ing 30.56%. The confusion matrix (Figure 5H) prediction mechanism at the individual level.
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Figure 6. Contribution analysis and interpretation of the Random Forest Model. A: SHAP Bee Swarm Plot. B: Random
Forest Model Feature Importance Ranking. C: SHAP Dependence Plot. D: SHAP Force Plot. Note: SHAP, Shapley Ad-

ditive Explanations; BMI, Body Mass Index.
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Figure 7. Nomogram based on Random Forest model in predicting myelosuppression risk. Note: BMI, Body Mass

Index.

We randomly selected samples 3, 20, and 36
for display, where sample 3 and sample 36
were myelosuppression patients, and sample
20 was a non-myelosuppression patient. The
SHAP force plot illustrated each variable’s spe-
cific contribution and direction, offering an intu-
itive interpretation for clinical predictions.

Nomogram construction and clinical usability
of the model

A nomogram was developed based on the
Random Forest model to provide an individual-
ized predictive tool for assessing the risk of
myelosuppression after platinum-based dou-
blet chemotherapy. The nomogram included
the following variables: age, BMI, WBC count,
neutrophil count, platelet count, total protein,
gender, treatment regimen (gemcitabine + plat-
inum, other chemotherapy regimens, docetaxel
+ platinum, pemetrexed + platinum), targeted
therapy, and first chemotherapy. Based on the
variable contribution in the model, WBC count,
platelet count, and BMI were strongly correlat-
ed with the risk of myelosuppression, while
gender showed weaker correlations (Figure 7).
By calculating the total score for each patient
based on their variable scores, the risk of
myelosuppression can be quantified, providing
valuable reference for clinical decision-ma-
king.
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Discussion

Myelosuppression is a prevalent and severe
adverse reaction during chemotherapy in can-
cer patients, increasing the risk of complica-
tions like infection and bleeding and poten-
tially leading to chemotherapy interruptions
that adversely affect treatment outcomes and
patient survival rates [18]. The mechanisms
underlying myelosuppression are multifaceted,
closely associated with patient’s overall condi-
tion, chemotherapy regimen, and various indi-
vidualized factors [18]. Consequently, accu-
rately predicting the risk and implementing
timely interventions is crucial. Literature indi-
cates that the occurrence of febrile neutrope-
nia (FN) in breast cancer patients is closely
associated with the number of underlying risk
factors [19]. Building on this, our study em-
ployed LASSO regression and identified 12
variables significantly linked to myelosuppres-
sion, encompassing demographic characteris-
tics, hematological indicators, nutritional and
metabolic status, medical history, and chemo-
therapy-related factors, thereby laying the gr-
oundwork for exploring the potential mecha-
nisms of myelosuppression.

Demographic risk factors: age and gender

Age and gender are significant demographic
risk factors for myelosuppression. Additionally,
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diminished liver and kidney functions in older
individuals can impair the metabolism and
excretion of chemotherapy drugs, exacerbating
their toxic effects. Studies have shown that
high-dose chemotherapy or radioactive iodine
treatment may induce mild myelosuppression
in the elderly, typically manageable at appropri-
ate doses [20]. Chronic inflammatory condi-
tions, such as “inflammaging”, further suppress
bone marrow hematopoietic function in older
patients.

Regarding gender, males are at a higher risk of
myelosuppression compared to females. This
disparity may stem from differences in hor-
mone levels and drug metabolism. Male hor-
mones might negatively affect the repair ca-
pacity of the hematopoietic microenvironment.
Notably, certain drugs like Linezolid can induce
myelosuppression in elderly patients, along
with rare adverse reactions like hypoglycemia
and hyponatremia, necessitating careful moni-
toring during treatment [21]. Comprehensive
assessments for elderly patients, such as eval-
uating the suitability of HCT-ASCT regimens,
can aid in determining the appropriateness of
more intensive treatments, thereby optimizing
outcomes and mitigating myelosuppression
risk [22].

Nutritional and metabolic status: BMI and total
protein

BMI and total protein levels are indicators of
a patient’s nutritional status and are closely
linked to myelosuppression risk. Patients with
low BMI are more likely to experience malnu-
trition, which compromises immune function
and bone marrow reserve capacity. Insufficient
body weight can decrease the number of hema-
topoietic stem cells in the bone marrow, while
inadequate protein and energy intake may
impede bone marrow repair. Although chemo-
therapy dosages are typically weight-based,
low-BMI patients may still experience excessive
drug exposure, exacerbating myelosuppression
despite dose reductions [23]. Oral nutritional
supplements (ONS) have been shown to signifi-
cantly reduce myelosuppression incidence in
esophageal cancer patients with BMI<18.5 kg/
m? [24], highlighting the importance of opti-
mizing nutritional support to enhance patient
tolerance and reduce bone marrow toxicity.

Low total protein levels reflect poor nutritional
status, impacting fluid balance, drug transport,
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immune regulation, and tissue repair. Reduced
total protein can increase the free fraction of
chemotherapy drugs, heightening their toxic
effects. Additionally, protein deficiency may
impair the body’s ability to repair bone marrow
damage, elevating myelosuppression risk [25].
Enteral nutrition interventions have demon-
strated benefits in chemotherapy and radio-
therapy patients by lowering myelosuppression
rates and improving treatment completion
rates and overall survival [26]. Furthermore,
high BMI has been associated with reduced
clonogenic potential of bone marrow-derived
mesenchymal stem cells (BMSC) and altered
osteogenic potential, affecting bone marrow
function [27]. In medulloblastoma patients
undergoing whole-brain and whole-spinal cord
radiotherapy, low BMI was identified as a sig-
nificant risk factor for myelosuppression, close-
ly linked to treatment interruptions and severe
bone marrow toxicity [28].

Hematological indicators: white blood cell,
neutrophil, and platelet counts

WBC count, neutrophil count, and platelet
count are critical hematological indicators for
assessing bone marrow reserve function.
Patients with lower baseline levels of these
cells generally have poorer bone marrow re-
serves and are more susceptible to chemother-
apy-induced suppression. In breast cancer
studies, severe myelosuppression has been
associated with better disease-free survival
[29]. Chemotherapy agents primarily target
high-proliferation bone marrow cells, and pa-
tients with already low baseline blood cell lev-
els may experience profound reductions. Low
WBC and neutrophil counts increase infection
risks, while low platelet counts heighten bleed-
ing risks, collectively reducing chemotherapy
tolerance [29]. Therefore, dynamic monitoring
of these indicators is essential for the timely
identification and intervention of high-risk
patients.

Baseline blood cell assessments before che-
motherapy, coupled with preventive measures
such as hematopoietic growth factor adminis-
tration, can effectively mitigate chemotherapy-
related myelosuppression risks. Pharmacoki-
netic prediction tools have been developed to
assess neutropenia risk post-chemotherapy in
NSCLC patients, guiding clinical interventions
[30]. Studies have also linked the frequency of
severe neutropenia (Grade 4) with adverse clin-
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ical outcomes like FN and infections, emphasiz-
ing the need for appropriate threshold settings
to identify high-risk individuals [31]. In B-cell
acute lymphoblastic leukemia, specific anti-
body therapies like blinatumomab, although
generally not causing significant myelosuppres-
sion, have been associated with severe neutro-
penia, particularly in the second treatment
cycle [32]. Additionally, radiotherapy combined
with hormone therapy have shown hematologi-
cal toxicity in prostate cancer patients, includ-
ing neutropenia and thrombocytopenia, which
increases the risk of myelosuppression when
multiple treatment modalities are used simul-
taneously [33].

Chemotherapy regimens and their mecha-
nisms on myelosuppression

Different chemotherapy regimens exert distinct
mechanisms of action on myelosuppression.
The docetaxel-platinum regimen, for instance,
can significantly suppress hematopoietic stem
cells by disrupting microtubule function and
DNA synthesis. Platinum-based drugs, known
for inducing DNA damage and oxidative stress,
intensify bone marrow toxicity. Therefore, se-
lecting chemotherapy regimens requires a
careful balance between efficacy and toxicity,
especially for patients with compromised base-
line health. Zhang et al. [34] demonstrated vari-
ability in myelosuppression severity among
esophageal cancer patients treated with differ-
ent chemotherapy regimens. Specifically, com-
binations with oxaliplatin significantly reduced
myelosuppression incidence, whereas combi-
nations with nedaplatin and paclitaxel incre-
ased the risk. Adjusting platinum-based che-
motherapy dosages and selecting appropriate
combination drugs are effective strategies to
mitigate myelosuppression.

Targeted therapies combined with chemothera-
py can enhance tumor treatment outcomes but
may also elevate myelosuppression risk. Some
targeted agents inhibit angiogenesis or directly
affect the bone marrow microenvironment,
indirectly impairing hematopoietic function. For
example, Lu et al. [35] found that the bevaci-
zumab-like monoclonal antibody IBI305, when
combined with immunotherapy and chemother-
apy, significantly prolonged progression-free
survival (PFS) in NSCLC patients but also in-
creased neutropenia incidence. Similarly, Fan
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et al. [36] reported that NSCLC patients unre-
sponsive to EGFR-TKI therapy primarily experi-
enced neutropenia when treated with peme-
trexed-based chemotherapy. These findings
underscore the necessity of optimizing treat-
ment regimens based on patients’ baseline
conditions and adjusting dosages accordingly.
When combining targeted therapy with chemo-
therapy, careful monitoring of bone marrow
function and timely dosage adjustments, or
the use of protective agents, are imperative.
Additionally, Zhang et al. [37] observed that the
Endostar-chemotherapy regimen could induce
myelosuppression, with varying toxicity impacts
depending on administration methods.

Model performance

In this study, the Random Forest model exhib-
ited excellent predictive performance, achiev-
ing an AUC of 0.924 in the training group and
0.710 in the validation group, surpassing other
models. The high AUC in the training group
reflects the model’s robust ability to differenti-
ate between high-risk and low-risk patients.
Although the AUC in validation group was lowet,
it remained within an acceptable range, indicat-
ing the model’s generalizability. Dong et al. [38]
similarly reported Random Forest models for
predicting chemotherapy-induced myelosup-
pression with AUCs of 0.878 and 0.885 in
training and validation groups, respectively,
reinforcing Random Forest’s efficacy in this
domain. Zheng et al. [39] developed a Random
Forest-based risk prediction model for chemo-
therapy-induced myelosuppression in esopha-
geal cancer patients, achieving an AUC of
0.883 in the training group and demonstrating
high sensitivity and specificity in the validation
group. However, the lower AUC in the validation
group suggests that further optimization is
necessary to improve performance with new
datasets.

Moreover, our model demonstrated a sensitivi-
ty of 92.31% and specificity of 82.20% in the
training group, indicating high accuracy. In the
validation group, AdaBoost and SVM models
showed higher specificity but relatively lower
sensitivity, highlighting performance differenc-
es across datasets. This suggests that in prac-
tical applications, balancing different models’
strengths and weaknesses is essential. Li et al.
[40] developed an XGBoost model that also
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showed outstanding predictive performance in
both training and validation groups, with AUCs
of 0.981 and 0.896, respectively, supporting
the potential of machine learning models in
predicting myelosuppression.

Clinical implications

This study utilized advanced machine learn-
ing algorithms, including Random Forest and
XGBoost, to construct a predictive model for
myelosuppression risk. This approach over-
comes the limitations of traditional statistical
methods by effectively managing complex,
multidimensional data, thereby significantly
enhancing predictive accuracy and stability.
The incorporation of SHAP algorithms further
improved model interpretability, enabling clini-
cians to understand each variable’s contribu-
tion to the predictions, thus increasing the
model’s clinical applicability.

The comprehensive inclusion of demographic
characteristics, nutritional and metabolic indi-
cators, hematological indices, and chemother-
apy-related factors allowed for a systematic
evaluation of multiple risk factors. However, the
study’s retrospective, single-center design may
introduce patient selection bias and incom-
plete data, limiting external validation and gen-
eralizability. Additionally, the exclusion of dyna-
mic blood cell count changes and drug dosage
adjustments may reduce the model’s compre-
hensiveness and accuracy.

Future research should focus on expanding the
sample size, conducting multi-center studies,
and incorporating more dynamic variables to
enhance the model’'s generalizability and pre-
dictive performance. The predictive model
developed herein holds potential as a valuable
tool for clinical decision-making, facilitating
precise patient risk assessments, optimizing
chemotherapy regimens, improving treatment
outcomes, and advancing personalized and
precision medicine.

Conclusion

This study developed an individualized risk
prediction model for myelosuppression in lung
cancer patients undergoing platinum-based
doublet chemotherapy using machine learning
techniques such as XGBoost. The model dem-
onstrated robust predictive performance in
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both training and validation groups, underscor-
ing its potential utility in clinical settings for
enhancing patient care and treatment efficacy.
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Table S1. Comparison of baseline characteristics between myelosuppression and non-myelosuppres-
sion patients after platinum-based doublet chemotherapy

Variable Total Myelosuppression Non-Myelosuppression Statistic P
(N=584) (n=412) (n=172) Value  Value
Gender
Male 461 (78.94%) 342 (83.01%) 119 (69.19%) 13.947 <0.001
Female 123 (21.06%) 70 (16.99%) 53 (30.81%)
Smoking History
Yes 355 (60.79%) 260 (63.11%) 95 (55.23%) 3.156 0.076
No 229 (39.21%) 152 (36.89%) 77 (44.77%)
Hypertension History
Yes 165 (28.25%) 115 (27.91%) 50 (29.07%) 0.080 0.777
No 419 (71.75%) 297 (72.09%) 122 (70.93%)
Diabetes History
Yes 60 (10.27%) 45 (10.92%) 15 (8.72%) 0.638 0.424
No 524 (89.73%) 367 (89.08%) 157 (91.28%)
Coronary Artery Disease History
Yes 21 (3.60%) 12 (2.91%) 9 (5.23%) 1.884 0.170
No 563 (96.40%) 400 (97.09%) 163 (94.77%)
Pathology Type
Non-small cell lung cancer 447 (76.54%) 309 (75.00%) 138 (80.23%) 1.850 0.174
Small cell lung cancer 137 (23.46%) 103 (25.00%) 34 (19.77%)
Treatment Regimen
Docetaxel + Platinum 173 (29.62%) 111 (26.94%) 62 (36.05%) 18.069 <0.001
Gemcitabine + Platinum 114 (19.52%) 95 (23.06%) 19 (11.05%)
Pemetrexed + Platinum 156 (26.71%) 99 (24.03%) 57 (33.14%)
Other 141 (24.14%) 107 (25.97%) 34 (19.77%)
Targeted Therapy
Yes 69 (11.82%) 62 (15.05%) 7 (4.07%) 14.038 <0.001
No 515 (88.18%) 350 (84.95%) 165 (95.93%)
First Chemotherapy
Yes 318 (54.45%) 239 (58.01%) 79 (45.93%) 7.139 0.008
No 266 (45.55%) 173 (41.99%) 93 (54.07%)
Postoperative Adjuvant Chemotherapy
Yes 250 (42.81%) 173 (41.99%) 77 (44.77%) 0.382 0.536
No 334 (57.19%) 239 (58.01%) 95 (55.23%)
Bone Metastasis
Yes 68 (11.64%) 49 (11.89%) 19 (11.05%) 0.085 0.771
No 516 (88.36%) 363 (88.11%) 153 (88.95%)
Age (years) 62.90+7.77 63.41+7.25 61.69+8.80 -2.450  0.015
BMI (kg/m?) 22.20+3.18 21.76+3.06 23.25+3.23 5.281 <0.001
White Blood Cells (10°/L) 6.45+2.53 6.01+2.30 7.49+2.77 6.647 <0.001
Neutrophils (10%/L) 4.19[2.76,5.54] 4.01[2.63, 5.26] 4.64 [3.20, 6.17] 3.740 <0.001
Red Blood Cells (10'2/L) 4.13+0.54 4.10+0.56 4.19+0.48 1.742 0.082
Hemoglobin (g/L) 124.34+17.74 125.10+17.58 122.52+18.02 -1.601  0.110
Platelets (10°/L) 227.61+81.88 218.01+80.30 250.62+81.27 4.457  <0.001
Total Protein (g/L) 67.10+6.16 66.66+6.16 68.18+6.06 2.735 0.006
Albumin (g/L) 38.15+4.50 38.09+4.39 38.281+4.75 0.471 0.638

Note: Body Mass Index (BMI); “Other” in treatment regimen includes etoposide + platinum and paclitaxel + platinum.



