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Abstract: Objective: To construct an auxiliary scoring model for myelosuppression in patients with lung cancer un-
dergoing chemotherapy based on a random forest algorithm, and to evaluate the predictive performance of the 
model. Methods: Patients with lung cancer who received chemotherapy in Shanxi Province Cancer Hospital from 
January 2019 to January 2022 were retrospectively selected as research subjects, and their general demographic 
information, disease-related indicators, and laboratory test results before chemotherapy were collected. Patients 
were divided into a training set (136 cases) and a validation set (68 cases) in a ratio of 2:1. R software was used to 
establish a scoring model of myelosuppression in lung cancer patients in the training set, and the receiver operat-
ing characteristic curve, accuracy, sensitivity, and balanced F-score were used in the two data sets to evaluate the 
predictive performance of the model. Results: Among the 204 lung cancer patients enrolled, 75 patients developed 
myelosuppression during the follow-up period after chemotherapy, with an incidence of 36.76%. The factors in the 
constructed random forest model were ranked in order of age (23.233), bone metastasis (21.704), chemotherapy 
course (19.259), Alb (13.833), and gender (11.471) according to the mean decrease accuracy. The areas under 
the curve of the model in the training and validation sets were 0.878 and 0.885, respectively (all P < 0.05). The 
predictive accuracy of the validated model was 82.35%, the sensitivity and specificity were 84.00% and 81.40%, 
respectively, and the balanced F-score was 77.78% (all P < 0.05). Conclusion: The risk assessment model for the 
occurrence of myelosuppression in patients with lung cancer chemotherapy based on a random forest algorithm 
can provide a reference for the accurate identification of high-risk patients.
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Introduction

Chemotherapy is the main treatment method 
for lung cancer, but chemotherapy drugs have 
different degrees of toxicity and side effects 
while prolonging the survival period of patients 
[1]. As a common toxic side effect of chemo-
therapy, bone marrow suppression not only 
greatly reduces the effect of chemotherapy, but 
also increases the risk of visceral bleeding in 
patients and can even cause death in severe 
cases [2, 3]. If the risk of bone marrow suppres-
sion can be reduced during chemotherapy, it 
will help to improve the effect of chemothe- 
rapy, prolong the survival time of patients, and 

improve quality of life. The mechanism of bone 
marrow suppression is complex and can be 
affected by multi-dimensional indicators. Most 
of the existing studies use logistic regression 
analysis to screen the influencing factors and 
build prediction equations. These models are 
prone to over-fitting, which leads to lower pre-
diction accuracy [4, 5].

In recent years, the application of random for-
ests algorithm in the medical field has improved 
the effectiveness of multidimensional clinical 
data statistics and analysis. Many studies have 
confirmed that its prediction accuracy is higher 
than that of conventional multi-factor analysis 
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[6-8]. For example, Watanabe et al. [9] proved 
in their study that for thromboembolisms, the 
C-statistic of the random forest model was sig-
nificantly higher than that of the Logistic model 
(0.66 vs. 0.59, P = 0.03). However, at present, 
there are few studies on the application of a 
random forest algorithms in the risk prediction 
of bone marrow suppression in patients with 
lung cancer. Therefore, this study established a 
random forest model to predict the risk of bone 
marrow suppression by collecting multidimen-
sional clinical indicators of lung cancer pa- 
tients. The purpose of this study was to predict 
the risk of bone marrow suppression in lung 
cancer patients undergoing chemotherapy and 
provide a reference for the selection and ad- 
justment of clinical treatment plans.

Data and methods

Data source

Lung cancer patients who received chemother-
apy in Shanxi Provincial Cancer Hospital from 
January 2019 to January 2022 were selected 
as the study subjects. The clinical data of 204 
patients were retrospectively collected and an- 
alyzed in this study. Inclusion criteria: (1) The 
patients were diagnosed with lung cancer by 
biopsy; (2) The patient’s treatment plan includ-
ed chemotherapy, and the course of chemo-
therapy was ≥ 1; (3) The estimated survival 
time of the patient was no less than 3 months; 
(4) The patients had not received any interven-
tion related to bone marrow suppression; (5) 
The patient’s clinical data was complete. 
Exclusion criteria: (1) Patients with other malig-
nant tumors; (2) Those with insufficiency of 
heart, liver, kidney, brain, and othervital organs; 
(3) Patients with incomplete follow-up data. 
This study was approved by the Ethics Com- 
mittee of Shanxi Provincial Cancer Hospital.

Method of multi-dimensional indicator collec-
tion

A self-made questionnaire was used to collect 
the data of the patients and the patients were 
followed up. (1) General demographic informa-
tion: gender, age, years of education, smoking 
history, drinking history, hypertension, diabe-
tes, coronary heart disease, and body mass 
index (BMI). (2) Disease-related indicators: lung 
cancer type, disease stage, chemotherapy pro-
gram, course of treatment, bone metastasis 

status, adverse reactions. (3) Laboratory exam-
ination results before chemotherapy: gluta- 
myltransferase (GGT), serum creatinine (Scr), 
albumin (Alb), neutrophil count (NEUT), blood 
platelet count (PLT), hemoglobin count (Hb), 
white blood cell count (WBC), mean corpus- 
cular volume (MCV), lymphocyte percentage 
(LYMPH%), and urea.

Patients who met one of the following condi-
tions were judged as having bone marrow sup-
pression [10]: ① WBC < 4 × 109/L; ② Hb < 100 
g/L; ③ NEUT < 2 × 109/L; ④ PLT < 100 × 
109/L. Blood indicators were collected at the 
end of the last treatment session.

Method of model construction

The ultimate purpose of this study was to deter-
mine whether lung cancer patients with chemo-
therapy have risks of bone marrow suppres-
sion, and the explanatory variables were a 
series of factors that may cause bone marrow 
suppression (the flow chart of this study is 
shown in Figure 1). The random forest program 
package in R studio software was used to ran-
domly divide the research objects into training 
sets and verification sets according to the ratio 
of 2:1, and the random forest model was built 
on the training set data. The specific construc-
tion method of the random forest model is as 
follows: ① 500 samples from the training set 
were taken through the bootstrap self-help 
method (including samples that were put back) 
to build 500 trees; ② In the process of generat-
ing the decision tree, the number of variables 
extracted from each node was the quadratic 
root of the number of variables in the training 
set by default; ③ Each node was split accord-
ing to the second step until all nodes could not 
split, and a large number of decision trees 
obtained were random forests.

Methods of statistical analysis

SPSS 25.0 and R studio software were used to 
analyze the data. Counted data were expressed 
in frequency and percentage and compared 
between groups using χ2 test. The quantitative 
data conforming to the normal distribution 
were expressed as Mean ± standard deviation 
(x ± s) and compared between the two groups 
using t-test. P < 0.05 was regarded as a signifi-
cant difference.



Construction of an auxiliary scoring model for myelosuppression

4157	 Am J Transl Res 2023;15(6):4155-4163

Figure 1. Research flow chart.

Results

Baseline data

After the screening, 204 patients were finally 
enrolled in the study. Among the 204 patients, 
141 were male and 63 were female. There were 
150 cases aged > 60 and 54 cases aged ≤ 60; 
There were 133 cases of adenocarcinoma or 
squamous cell carcinoma and 71 cases of 
other types. The basic information of patients 
as shown in Table 1.

The incidence of bone marrow suppression 
and the establishment of random forest

204 patients with lung cancer in this study 
were followed up for 1 to 3 months after che-
motherapy. During the follow-up period, 75 
cases (36.76%) had bone marrow suppression. 
Among the 204 lung cancer patients included, 
2/3 of the data were extracted by bootstrap to 
establish a training set, and 1/3 of the data 

was used as a validation set. 
The areas under the curve 
(AUCs) of the constructed ran-
dom forest in the training set 
and the validation set were 
0.878 and 0.885, respectively 
(all P < 0.05), but there was no 
significant difference between 
the two AUCs (P > 0.05) (Figure 
2). After verification, the pre-
dictive accuracy of the random 
model was 82.35%, the sen- 
sitivity and specificity were 
84.00% and 81.40% respec-
tively, and the equilibrium F 
score was 77.78% (all P < 0.05, 
Table 2).

Ranking of predictive accu-
racy of variables in random 
forest model

The average decline of predic-
tion accuracy was used as the 
basis for evaluating the contri-
bution of each variable in the 
random forest model. It can be 
seen from Figure 3 and Table 
3 that the top five variables 
affecting the occurrence of 
bone marrow suppression in 

patients with lung cancer undergoing chemo-
therapy were age, bone metastasis, chemo-
therapy course, Alb, and gender.

Discussion

For many years, lung cancer has ranked first in 
global malignant tumor mortality. According to 
the latest cancer survey data in 2020, lung can-
cer contributes to 18% of all cancer deaths, 
while the second-ranked colon cancer accounts 
for only 9.4% [11]. Because the early symptoms 
of lung cancer are relatively hidden, most pa- 
tients have been in stage III-IV at the time of 
diagnosis and have lost the opportunity of radi-
cal treatment. Although with the development 
and progress of genetics, there have been new 
programs for the treatment of lung cancer  
such as targeted therapy and immunotherapy. 
However, platinum-based chemotherapy still 
plays an important role in the treatment of lung 
cancer, and most patients still need to undergo 
standardized chemotherapy to prolong their 



Construction of an auxiliary scoring model for myelosuppression

4158	 Am J Transl Res 2023;15(6):4155-4163

Table 1. Baseline data of enrolled patients
Baseline data N (%) Baseline data N (%)
Gender Lung cancer type
    Male 141 (69.12)     Adenocarcinoma 133 (65.20)
    Female 63 (30.88)     Squamous carcinoma or other 71 (34.80)
Age (years) Disease stage 
    > 60 150 (73.53)     III~IV 153 (75.00)
    ≤ 60 54 (26.47)     I~II 51 (25.00)
Years of education  Chemotherapy program
    > 12 174 (85.29)     Platinum drugs 157 (76.96)
    ≤ 12 30 (14.71)     N-platinum drugs 47 (23.04)
Smoking Bone metastasis
    Yes 110 (53.92)     Yes 72 (35.29)
    No 94 (46.08)     No 132 (64.71)
Drinking Chemotherapy treatment course
    Yes 46 (22.55)     Re-chemotherapy 55 (26.96)
    No 158 (77.45)     First chemotherapy 149 (73.04)
Hypertension Adverse reactions
    Yes 81 (39.71)     Yes 39 (19.12)
    No 123 (60.29)     No 165 (80.88)
Diabetes GGT (U/L) 43.78±6.07
    Yes 76 (37.25) Scr (μmom/L) 84.25±7.91
    No 128 (62.75) Alb (g/L) 43.85±4.88
Coronary heart disease NEUT (× 109/L) 3.93±0.51
    Yes 22 (10.78) PLT (× 109/L) 162.22±24.84
    No 182 (89.22) Hb (g/L) 128.21±12.55
BMI WBC (g/L) 6.96±0.89
    Abnormal 95 (46.57) MCV (fL) 89.88±3.82
    Normal 109 (53.43) LYMPH% (%) 29.53±3.98

Urea (mmol/L) 3.44±0.56
Notes: GGT: Glutamyltransferase, Scr: serum creatinine, Alb: albumin, NEUT: neutrophil count, PLT: blood platelet count, Hb: 
hemoglobin count, WBC: white blood cell count, MCV: mean corpuscular volume, LYMPH%: lymphocyte percentage, BMI: body 
mass index.

survival [12, 13]. Chemotherapy drugs are not 
targeted, so they can kill tumor cells and nor-
mal cells indiscriminately. Bone marrow hema-
topoietic stem cells are more vulnerable to the 
damage by chemotherapy drugs because of 
their growth activity, which makes bone marrow 
suppression the most common toxic side effect 
of chemotherapy patients [14]. Although the 
incidence of severe myelosuppression has de- 
creased with the use of granulocyte colony-
stimulating factors, mild and moderate myelo-
suppression still has a serious impact on the 
treatment effect and quality of life of patients 
[15].

To evaluate the risk and related influencing fac-
tors for bone marrow suppression in patients 

with lung cancer undergoing chemotherapy is 
the basis and key to taking targeted measures 
for intervention. The construction of a predic-
tion model is an important method to evaluate 
the risk of patients. Under the existing research 
background and medical conditions, there is 
still a lack of models that can effectively predict 
the occurrence of bone marrow suppression in 
chemotherapy patients. With the development 
of diagnostic and treatment technology, the 
role of traditional prognostic risk factors of che-
motherapy in clinical practice has weakened. It 
is not difficult to find that the accuracy of most 
current models is low, and it is also unreason-
able to apply them directly to lung cancer 
patients. Therefore, it is necessary to analyze 
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Table 2. Prediction results of random forest in validation set
Predictive results of 
random forest model

Actual results
Total

Myelosuppression Non-Myelosuppression
Myelosuppression 21 8 29
N-Myelosuppression 4 35 39
Total 25 43 68

Figure 2. AUCs of the random forest algorithm model for marrow suppression in lung cancer patients underwent 
chemotherapy. (A) Training set, (B) Verification set. Note: AUC: Area under the receiver operating characteristic curve.

Figure 3. Sorting of prediction accuracy of each variable. Note: The abscissa 
is mean decrease accuracy, and the ordinate is the variable name of each 
variable. The dots indicate the mean decrease accuracy of each variable. 
GGT: Glutamyltransferase, Scr: serum creatinine, Alb: albumin, NEUT: neu-
trophil count, PLT: blood platelet count, Hb: hemoglobin count, WBC: white 
blood cell count, MCV: mean corpuscular volume, LYMPH%: lymphocyte per-
centage, BMI: body mass index.

more factors affecting bone 
marrow suppression in lung 
cancer patients with chemo-
therapy through a predictive 
model algorithm to achieve 
the purpose of accurate pre-
diction of bone marrow sup-
pression in lung cancer pati- 
ents. At present, machine 
learning algorithms including 
random forest are widely used 
in the field of medical and 
health care. The stochastic 
forest algorithm has been rec-
ognized by many scholars for 
its powerful data processing 
ability. Many studies have 
reported that its prediction 
accuracy of disease prognosis 
is higher than that of conven-
tional logistic regression [16-
18]. In this study, a random 
forest algorithm was used to 
predict the risk of bone mar-
row suppression in 204 pati- 
ents with lung cancer under-
going chemotherapy within 
one year. The 25 variables in- 
cluded in the study are all clin-
ically accessible indicators, 
that will not increase the addi-
tional cost of patient treat-
ment. The results showed that 
the ROC of the model was 
0.885, and the predictive 
accuracy was 82.35%. The 



Construction of an auxiliary scoring model for myelosuppression

4160	 Am J Transl Res 2023;15(6):4155-4163

Table 3. Sorting of predictive accuracy of each variable

Variable Predictive 
accuracy Rank Variable Prediction 

accuracy Rank

Age 23.233 1 WBC 3.854 14
Bone metastasis 21.704 2 Diabetes 2.911 15
Chemotherapy treatment course 19.259 3 PLT 2.525 16
Alb 13.833 4 Adverse reactions 2.164 17
Gender 11.471 5 NEUT 2.079 18
Disease stage 8.445 6 Drinking 1.913 19
Hb 8.001 7 Hypertension 1.896 20
Lung cancer type 6.404 8 Coronary heart disease 1.763 21
BMI 4.899 9 GGT 1.420 22
Chemotherapy program 4.744 10 LYMPH% 1.382 23
Scr 4.374 11 Urea 0.925 24
Smoking 4.335 12 Years of education 0.735 25
MCV 4.195 13  
Notes: Alb: Albumin, PLT: blood platelet count, MCV: mean corpuscular volume, BMI: body mass index.

results suggest that the model has a high rec-
ognition ability for high-risk patients with bone 
marrow suppression after chemotherapy for 
lung cancer. The random forest model could 
not quantify the influence of characteristic attri-
butes on bone marrow suppression, but only 
judge the importance of attributes. This study 
is in the preliminary stage and has not yet 
reached the stage where online tools or addi-
tional model packages can be developed. 
However, the results of this study can provide a 
reference for the development of online tools or 
additional model packages.

The important predictors of the model obtained 
in this study were age, bone metastasis, che-
motherapy, low albumin level before chemo-
therapy, and female gender. Age has always 
been the most common factor in the prognosis 
of lung cancer patients. Due to physical func-
tion and nutritional factors, the hematopoietic 
function of the elderly patients’ own bone mar-
row is weaker than that of young people, and it 
is difficult to balance the newborn hematopoi-
etic cells and peripheral blood cells after che-
motherapy [2, 19]. Therefore, elderly patients 
are more prone to bone marrow suppression. In 
addition, the tolerance of elderly patients to 
chemotherapy drugs is decreased, and liver 
and kidney function damage or digestive tract 
reaction may occur when receiving chemother-
apy, affecting the metabolism of chemotherapy 
drugs and causing bone marrow suppression 
[20]. Some research results show that with ris-

ing age, the hematopoietic function of the 
body’s bone marrow also decreases significant-
ly and is usually accompanied by the decline of 
the liver and kidney detoxification function [21]. 
Therefore, when elderly patients are undergo-
ing chemotherapy, chemotherapy drugs are 
easy to accumulate in the body, causing toxic 
side effects. In this study, the contribution 
value of age in all predictors ranked first. This 
suggests that medical staff should not ignore 
the influence of age on the treatment effect 
and adverse reactions during treatment and 
can adjust the chemotherapy plan according to 
the patient’s physical function and tolerance. 
Patients with bone metastasis of lung cancer 
are in the advanced stage, and systemic che-
motherapy combined with local chemotherapy 
can only prolong the survival period. Ribs, ver-
tebrae, and pelvis are the most severelyaf- 
fectedsites in patients with lung cancer bone 
metastasis. These bone tissues are rich in red 
bone marrow, and the microenvironment of 
these bone tissues is damaged under the influ-
ence of cancer cells. This affects the function 
of hematopoietic hepatocytes in the bone mar-
row to a certain extent, and greatly increases 
the risk of bone marrow suppression [22, 23].

The occurrence of bone marrow suppression is 
related to the toxic side effects of the accumu-
lation of chemotherapy drugs in the body. With 
the increase in chemotherapy times, the am- 
ount of drugs accumulated in the patient’s  
body increases, and the damage to the body’s 
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bone marrow stem cells also increases [24-26]. 
Serum albumin is regarded as an indicator that 
can reflect the nutritional status of the body 
and has the characteristics of easy measure-
ment [27]. In this study, patients with low serum 
albumin levels are more prone to bone marrow 
suppression after chemotherapy. It is specu-
lated that such patients are in poor health sta-
tus and may be associated with other basic 
diseases, which limits the use of multiple adju-
vant treatment schemes, so bone marrow sup-
pression is more likely to occur at the same 
dose. Some studies have shown that there are 
differences in the location, expression, and  
signal transduction of estrogen receptor and 
androgen receptors in lung cancer cells, which 
may be one of the reasons affecting the prog-
nosis of lung cancer patients of different sexes 
[28, 29]. In this study, female lung cancer 
patients are more prone to bone marrow sup-
pression after chemotherapy. We speculate 
that this is related not only to estrogen but also 
related to the menstrual period, perinatal peri-
od, menopause, and other special physiological 
periods. These factors have certain adverse 
effects on the biologic effects and metabolism 
of chemotherapy drugs and are more likely to 
cause the accumulation of chemotherapy drugs 
in patients. In addition, the chemotherapy regi-
men, chemotherapy rounds, and nutritional 
status of patients may be related to myelosup-
pression. However, this study was a retrospec-
tive study and failed to collect such data, so it 
failed to make a detailed analysis of these 
factors.

Limitations 

This study confirmed that the random forest 
model has a high value in identifying the risk of 
bone marrow suppression in patients with lung 
cancer after chemotherapy. However, this study 
has some shortcomings. First, the subjects in 
this study were from the same center, which 
has slightly insufficient representation. Se- 
condly, this study was retrospectively conduct-
ed and the data were limited. Thirdly, the sam-
ple size of this study was small. In addition, this 
study mainly contrasted the random forest pre-
diction results with the real situation of pa- 
tients, without contrasting them by construct-
ing logistic regression models. We hope to con-
duct multicenter, large sample, and prospec-
tive research in the future to further improve 
the reliability of research results. 

Conclusion 

In the random forest model, the top five vari-
ables affecting the occurrence of bone marrow 
suppression in patients with lung cancer under-
going chemotherapy are age, bone metastasis, 
chemotherapy course, Alb, and gender. The 
model has high accuracy in predicting marrow 
suppression in lung cancer patients undergo- 
ing chemotherapy. The results of this study pro-
vide a reference for identifying lung cancer 
patients with myelosuppression after chemo-
therapy more quickly and accurately.

Disclosure of conflict of interest

None.

Address correspondence to: Changqing Hu, De- 
partment of Cardiology, Shanxi Provincial People’s 
Hospital, No. 29, Shuangtasi Street, Yingze Dis- 
trict, Taiyuan 030012, Shanxi, China. Tel: +86-
0351-4961964; E-mail: huchangqing0801@163.
com

References

[1]	 Wu YL, Zhang L, Fan Y, Zhou J, Zhang L, Zhou 
Q, Li W, Hu C, Chen G, Zhang X, Zhou C, Dang 
T, Sadowski S, Kush DA, Zhou Y, Li B and Mok 
T. Randomized clinical trial of pembrolizumab 
vs. chemotherapy for previously untreated Chi-
nese patients with PD-L1-positive locally ad-
vanced or metastatic non-small-cell lung can-
cer: KEYNOTE-042 China study. Int J Cancer 
2021; 148: 2313-2320.

[2]	 Epstein RS, Weerasinghe RK, Parrish AS, Kren-
itsky J, Sanborn RE and Salimi T. Real-world 
burden of chemotherapy-induced myelosup-
pression in patients with small cell lung can-
cer: a retrospective analysis of electronic  
medical data from community cancer care pro-
viders. J Med Econ 2022; 25: 108-118.

[3]	 Zhang QL, Wu TT, Han Y, Zheng ZM and Zhang 
Y. Chemotherapy-induced myelosuppression 
in esophageal cancer patients: risks and sug-
gestions for its management. Curr Med Sci 
2022; 42: 530-537.

[4]	 Wu Z, Wang F, Cao W, Qin C, Dong X, Yang Z, 
Zheng Y, Luo Z, Zhao L, Yu Y, Xu Y, Li J, Tang W, 
Shen S, Wu N, Tan F, Li N and He J. Lung can-
cer risk prediction models based on pulmo-
nary nodules: a systematic review. Thorac Can-
cer 2022; 13: 664-677.

[5]	 Wang B, Zhang MK, Zhou MP, Liu Y, Li N, Liu G 
and Wang ZL. Logistic regression analysis  
of conventional ultrasound, and contrast-en-
hanced ultrasound characteristics: is it helpful 

mailto:huchangqing0801@163.com
mailto:huchangqing0801@163.com


Construction of an auxiliary scoring model for myelosuppression

4162	 Am J Transl Res 2023;15(6):4155-4163

in differentiating benign and malignant super-
ficial lymph nodes? J Ultrasound Med 2022; 
41: 343-353.

[6]	 Ma J, Yin H, Hao X, Sha W and Cui H. Develop-
ment of a random forest model to classify sar-
coidosis and tuberculosis. Am J Transl Res 
2021; 13: 6166-6174.

[7]	 Manoochehri Z, Barati M, Faradmal J and Ma-
noochehri S. Random forest model to identify 
factors associated with anabolic-androgenic 
steroid use. BMC Sports Sci Med Rehabil 
2021; 13: 30.

[8]	 Speiser JL. A random forest method with fea-
ture selection for developing medical predic-
tion models with clustered and longitudinal 
data. J Biomed Inform 2021; 117: 103763.

[9]	 Watanabe E, Noyama S, Kiyono K, Inoue H, At-
arashi H, Okumura K, Yamashita T, Lip GYH, 
Kodani E and Origasa H. Comparison among 
random forest, logistic regression, and existing 
clinical risk scores for predicting outcomes in 
patients with atrial fibrillation: a report from 
the J-RHYTHM registry. Clin Cardiol 2021; 44: 
1305-1315.

[10]	 Consensus Committee of Chemotherapy In-
duced Thrombocytopenia, Chinese Society of 
Clinical Oncology. Consensus on clinical diag-
nosis, treatment and prevention management 
of chemotherapy induced thrombocytopenia in 
China (2018). Zhonghua Zhong Liu Za Zhi 
2018; 40: 714-720.

[11]	 Sung H, Ferlay J, Siegel RL, Laversanne M, So-
erjomataram I, Jemal A and Bray F. Global can-
cer statistics 2020: GLOBOCAN estimates of 
incidence and mortality worldwide for 36 can-
cers in 185 countries. CA Cancer J Clin 2021; 
71: 209-249.

[12]	 Zhang KR, Zhang YF, Lei HM, Tang YB, Ma CS, 
Lv QM, Wang SY, Lu LM, Shen Y, Chen HZ and 
Zhu L. Targeting AKR1B1 inhibits glutathione 
de novo synthesis to overcome acquired resis-
tance to EGFR-targeted therapy in lung cancer. 
Sci Transl Med 2021; 13: eabg6428.

[13]	 Fan Y, Liu B, Chen F, Song Z, Han B, Meng Y, 
Hou J, Cao P, Chang Y and Tan K. Hepcidin up-
regulation in lung cancer: a potential therapeu-
tic target associated with immune infiltration. 
Front Immunol 2021; 12: 612144.

[14]	 Goldschmidt J, Monnette A, Shi P, Venkataset-
ty D, Lopez-Gonzalez L and Huang H. Burden  
of chemotherapy-induced myelosuppression 
among patients with ES-SCLC in US community 
oncology settings. Future Oncol 2022; 18: 
3881-3894.

[15]	 Rapoport BL, Cooksley T, Johnson DB, Ander-
son R and Shannon VR. Treatment of infec-
tions in cancer patients: an update from the 
neutropenia, infection and myelosuppression 
study group of the Multinational Association 

for Supportive Care in Cancer (MASCC). Expert 
Rev Clin Pharmacol 2021; 14: 295-313.

[16]	 Cobb AN, Daungjaiboon W, Brownlee SA, Bal-
dea AJ, Sanford AP, Mosier MM and Kuo PC. 
Seeing the forest beyond the trees: predicting 
survival in burn patients with machine learn-
ing. Am J Surg 2018; 215: 411-416.

[17]	 Alaka SA, Menon BK, Brobbey A, Williamson T, 
Goyal M, Demchuk AM, Hill MD and Sajobi TT. 
Functional outcome prediction in ischemic 
stroke: a comparison of machine learning algo-
rithms and regression models. Front Neurol 
2020; 11: 889.

[18]	 Yun K, Oh J, Hong TH and Kim EY. Prediction of 
mortality in surgical intensive care unit pa-
tients using machine learning algorithms. 
Front Med (Lausanne) 2021; 8: 621861.

[19]	 Epstein RS, Nelms J, Moran D, Girman C, 
Huang H and Chioda M. Treatment patterns 
and burden of myelosuppression for patients 
with small cell lung cancer: a SEER-medicare 
study. Cancer Treat Res Commun 2022; 31: 
100555.

[20]	 Hussein M, Maglakelidze M, Richards DA, Sa-
batini M, Gersten TA, Lerro K, Sinielnikov I, 
Spira A, Pritchett Y, Antal JM, Malik R and Beck 
JT. Myeloprotective effects of trilaciclib among 
patients with small cell lung cancer at in-
creased risk of chemotherapy-induced myelo-
suppression: pooled results from three phase 
2, randomized, double-blind, placebo-con-
trolled studies. Cancer Manag Res 2021; 13: 
6207-6218.

[21]	 Deng Y, Zheng Z, Cheng S, Lin Y, Wang D, Yin P, 
Mao Z and Tang P. The factors associated with 
nosocomial infection in elderly hip fracture pa-
tients: gender, age, and comorbidity. Int Or-
thop 2021; 45: 3201-3209.

[22]	 Wang K, Jiang L, Hu A, Sun C, Zhou L, Huang Y, 
Chen Q, Dong J, Zhou X and Zhang F. Vertebral-
specific activation of the CX3CL1/ICAM-1 sig-
naling network mediates non-small-cell lung 
cancer spinal metastasis by engaging tumor 
cell-vertebral bone marrow endothelial cell in-
teractions. Theranostics 2021; 11: 4770-
4789.

[23]	 Aschenbrenner DS. New drug protects against 
myelosuppression secondary to lung cancer 
chemotherapy. Am J Nurs 2021; 121: 21.

[24]	 Zhang W, Gong C, Chen Z, Li M, Li Y and Gao J. 
Tumor microenvironment-activated cancer cell 
membrane-liposome hybrid nanoparticle-me-
diated synergistic metabolic therapy and che-
motherapy for non-small cell lung cancer. J 
Nanobiotechnology 2021; 19: 339.

[25]	 Arbour KC and Riely GJ. Systemic therapy for 
locally advanced and metastatic non-small cell 
lung cancer: a review. JAMA 2019; 322: 764-
774.



Construction of an auxiliary scoring model for myelosuppression

4163	 Am J Transl Res 2023;15(6):4155-4163

[26]	 Abraham I, Onyekwere U, Deniz B, Moran D, 
Chioda M, MacDonald K and Huang H. Trilaci-
clib and the economic value of multilineage 
myeloprotection from chemotherapy-induced 
myelosuppression among patients with exten-
sive-stage small cell lung cancer treated with 
first-line chemotherapy. J Med Econ 2021; 24: 
71-83.

[27]	 Zhang X, Xing P, Hao X and Li J. Clinical value of 
serum albumin level in patients with non-small 
cell lung cancer and anaplastic lymphoma ki-
nase (ALK) rearrangement. Ann Palliat Med 
2021; 10: 12403-12411.

[28]	 Rodriguez-Lara V and Avila-Costa MR. An over-
view of lung cancer in women and the impact 
of estrogen in lung carcinogenesis and lung 
cancer treatment. Front Med (Lausanne) 
2021; 8: 600121.

[29]	 Grant L, Banerji S, Murphy L, Dawe DE, Harlos 
C, Myal Y, Nugent Z, Blanchard A, Penner CR, 
Qing G and Pitz MW. Androgen receptor and 
Ki67 expression and survival outcomes in non-
small cell lung cancer. Horm Cancer 2018; 9: 
288-294.


