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Abstract

Background How to screen beneficiary populations has always been a clinical challenge in the treatment of non-
small-cell lung cancer (NSCLC) with immune checkpoint inhibitors (ICls). Routine blood tests, due to their advantages
of being minimally invasive, convenient, and capable of reflecting tumor dynamic changes, have potential value

in predicting the efficacy of ICls treatment. However, there are few models based on routine blood tests to predict
the efficacy and prognosis of immunotherapy.

Methods Patients were randomly divided into training cohort and validation cohort at a ratio of 2:1. The random for-
est algorithm was applied to select important variables based on routine blood tests, and a random forest (RF) model
was constructed to predict the efficacy and prognosis of ICls treatment. For efficacy prediction, we assessed receiver
operating characteristic (ROC) curves, decision curve analysis (DCA) curves, clinical impact curve (CIC), integrated
discrimination improvement (IDI) and net reclassification improvement (NRI) compared with the Nomogram model.
For prognostic evaluation, we utilized the C-index and time-dependent C-index compared with the Nomogram
model, Lung Immune Prognostic Index (LIPI) and Systemic Inflammatory Score (SIS). Patients were classified into high-
risk and low-risk groups based on RF model, then the Kaplan-Meier (K-M) curve was used to analyze the differences
in progression-free survival (PFS) and overall survival (OS) of patients between the two groups.

Results The RF model incorporated RDW-SD, MCV, PDW, CD3*CD8", APTT, P-LCR, Ca, MPV, CD4*/CD8" ratio, and AST.
In the training and validation cohorts, the RF model exhibited an AUC of 1.000 and 0.864, and sensitivity/specific-

ity of (100.0%, 100.0%) and (70.3%, 93.5%), respectively, which had superior performance compared to the Nomo-
gram model (training cohort: AUC=0.531, validation cohort: AUC=0.552). The C-index of the RF model was 0.803

in the training cohort and 0.712 in the validation cohort, which was significantly higher than Nomogram model, LIPI
and SIS. K-M survival curves revealed that patients in the high-risk group had significantly shorter PFS/OS than those
in the low-risk group.
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Conclusions In this study, we developed a novel model (RF model) to predict the response to immunotherapy
and prognosis in NSCLC patients. The RF model demonstrated better predictive performance for immunotherapy
responses than the Nomogram model. Moreover, when predicting the prognosis of immunotherapy, it outperformed

the Nomogram model, LIPI, and SIS.

Keywords Non-small cell lung cancer, Predictive biomarkers, Immune checkpoint inhibitors, Machine learning

Introduction

Lung cancer holds the position as the second most fre-
quent malignancy and represents the predominant factor
in cancer-related death worldwide. Also, it is the most
prevalent and fatal cancer in China, imposing a signifi-
cant burden on both the global economy and healthcare
systems [1]. Lung cancer is primarily classified into two
pathological types: non-small cell lung cancer (NSCLC)
and small cell lung cancer (SCLC), with NSCLC com-
prising approximately 85% of total diagnoses [2]. Tumor
immunotherapy encompasses a range of therapeu-
tic strategies, including immune checkpoint inhibitors
(ICIs), which typically target programmed cell death
receptor 1 (PD-1), programmed cell death ligand 1 (PD-
L1), and cytotoxic T lymphocyte-associated antigen 4
(CTLA-4). These therapies exert their antitumor effects
by modulating T-cell-mediated immune responses [3].
The ICIs treatment has revolutionized the therapeutic
paradigms for various malignancies, including melanoma
[4], head and neck cancer (HNC) [5], bladder cancer
[6], kidney cancer [7], and NSCLC [8].

ICIs have emerged as a first-line treatment option for
lung cancer, especially for NSCLC, either as monother-
apy or in combination with radiotherapy, chemotherapy,
and targeted therapies in clinical guidelines [9]. How-
ever, not all NSCLC patients benefit from ICIs, with
only about 20-30% of them achieving significant clinical
improvement [10]. Currently, the quantification of PD-L1
expression remains the standard method in clinic for
identifying patients who benefit from immunotherapy.
However, the predictive accuracy of PD-L1 as an ICIs
response biomarker continues to face inconsistencies and
ongoing debates, with variability in detection antibodies,
interpretation criteria and threshold selection [11]. Fur-
thermore, tumor mutational burden (TMB) has also been
determined as a key biomarker for predicting responses
to immunotherapy [12]. Nevertheless, the lack of stand-
ardized assessment criteria [12] and the high costs of
testing limit its application in routine clinical practice.
With advancements in high-throughput multiplex test-
ing, a variety of immune predictive biomarkers based on
peripheral blood have been identified. Plasma exosomal
miRNA profiles, such as hsa-miR-320b, hsa-miR-320c,
have been found as potential ICIs efficacy biomarkers in
NSCLC [13]. Soluble factors, particularly interleukin-6

(IL-6), have been studied as predictive and prognos-
tic factors for ICIs response [14, 15]. Circulating tumor
DNA (ctDNA) reflects real-time tumor cell death. Due to
the complexity of the techniques involved and high cost,
ctDNA remains far from being fully integrated into rou-
tine clinical practice.

Therefore, there is an acute need to develop new
approaches to help clinicians predict the prognosis and
response to Immunotherapy in patients. Here, we con-
structed a clinical prediction model to assess the clini-
cal response of NSCLC patients to ICIs therapy, aiming
to assist clinicians in selecting patients most prone to
benefit.

It is well established that the presence, activation,
and stimulation of various components of the immune
system, such as T cells, B cells and natural killer (NK)
cells, are essential for antitumor immune response [16].
Emerging evidence reveals that the response to ICIs is
associated with the quality and intensity of T cell, NK cell,
and B cell responses whether in the tumor microenviron-
ment (TME) [17] or peripheral blood [18]. Tumors can be
classified into three basic immune phenotypes: immune-
inflamed, immune-excluded, and immune-desert, based
on the distribution of cytotoxic immune cells within the
TME [19]. Immune-inflamed tumors, also referred to
as hot tumors, are characterized by high levels of T cell
infiltrates, enhanced signaling of interferon-gamma (IFN-
y), increased expression of PD-L1, and a high TMB [20].
Hot tumors are often more sensitive to ICIs [21, 22]. In
contrast, immune-excluded and immune-desert tumors,
known as cold tumors, are characterized by poor CD8*
T lymphocyte infiltration, low mutational burden, low
expression of major histocompatibility complex (MHC)
class I, and low PD-L1 expression [20]. The anti-tumor
response mediated by ICIs depends on the expression of
PD-L1 in the tumor and the infiltration of T cells capable
of recognizing and destroying tumor cells. One study sug-
gested [23] that pathological examinations show patients
exhibiting a high density of CD8" T cells within tumor
tissue (classified as hot tumors with >12.0/field) have a
better progression-free survival (PFS) during immuno-
therapy than those with a lower frequency (cold tumors:
<12.0/field). Common hot tumors include NSCLC [24],
melanoma [25], renal cell carcinoma [26], and head and
neck squamous cell carcinoma [27], while common cold
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tumors include pancreatic cancer [28], glioblastoma [29],
and prostate cancer [30]. In tumor treatment, hot tumors
have demonstrated a favorable immune response.

To the best of our knowledge, few studies have explored
predictive models that integrate absolute counts of lym-
phocyte subpopulations with other routine blood tests
for predicting immunotherapy response and prognosis in
NSCLC patients. In this study, we utilized routine blood
tests to construct a novel model to evaluate therapeutic
efficacy and prognosis in NSCLC patients, with the aim
of assisting clinicians in identifying patients benefiting
from IClIs therapy.

Materials and methods

Patients

A retrospective study included 319 patients with NSCLC
who received ICIs therapy between November 16, 2016,
and December 29, 2022, at Sun Yat-sen University Can-
cer Center. The deadline for follow-up was September
2024. For the patients who were included in the study, the
criteria for inclusion and exclusion were established as
follows: (1) pathologically confirmed diagnosis of NSCLC
(stage I-1V); (2) age over 18 years; (3) received ICIs ther-
apy; (4) baseline assessments were performed with a CT
scan of the chest and abdomen, MRI of the head within
2 weeks before treatment, subsequently the oncological
outcomes were evaluated after every two cycles of treat-
ment; (5) Complete blood count, biochemical indexes,
lymphocyte subpopulations, and other routine blood
tests were measured before the first ICIs treatment; (6)
patients who lacked any required blood examination
results or lost to follow-up were excluded.

Patients were randomly divided into training and vali-
dation cohorts at a ratio of 2:1. The training cohort was
utilized to develop the predictive model, while the valida-
tion cohort served to assess its performance. Responses
of immunotherapy were assessed according to the
response evaluation criteria in solid tumors (RECIST)
1.1. based on CT or MRI results. Efficacy of immuno-
therapy was categorized as complete response (CR),
partial response (PR), stable disease (SD), or progressive
disease (PD). CR indicates total tumor disappearance
with no residual tumor in primary and metastatic sites.
PR is defined as a reduction in tumor volume of >30%,
with all lesions shrinking. SD signifies no significant
increase in tumor size (<20%) and no new lesions, while
PD is characterized by a >20% increase in tumor volume
or the emergence of new lesions. Overall survival (OS)
was defined as the duration from the start of immuno-
therapy to any cause of death (or last follow-up). PES was
measured from the beginning of immunotherapy to the
earliest of disease progression or death.
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Data collection

All clinical information and experimental data of patients
were collected from the electronic medical record sys-
tem. The obtained data included clinical characteris-
tics (sex, age, KPS score, histological type, TNM stage,
clinical stage, treatment and outcomes, etc.), complete
blood count, biochemical indicators, lymphocyte subsets
counts, and inflammatory markers.

Laboratory measurements

Serum and plasma samples were acquired before the
baseline visit and subsequently centrifuged for 10 min
at 3500 r/min. All biomarkers were analyzed using com-
mercially available reagents following the manufacturer’s
guidelines. Complete blood count was estimated using
Sysmex XN 9000 (Japan). Coagulation test was assessed
using Sysmex XN 5100 (Japan).

Biochemical indicators (renal function tests, liver func-
tion tests, Inflammation tests and blood lipid tests) were
estimated using Hitachi 008 (Japan). Lymphocyte subsets
analysis was performed with BD FACS Canto II (USA).

Statistical analysis

Categorical data were analyzed using the Pearson x* test
or Fisher’s exact test, while continuous variables were
compared using the independent two-sample t-test or the
Mann—Whitney U test. All statistical analyses were con-
ducted using SPSS (version 29.0). Patients were randomly
allocated to the training and validation cohorts. Using
the random forest algorithm, we screened key variables
associated with disease progression following immuno-
therapy and constructed a random forest efficacy pre-
diction model. Additionally, the selected variables were
employed to build a random forest prognosis model for
tumors. The predictive performance of the random for-
est model (RF model) was compared with the Nomogram
model [31], using receiver operating characteristic (ROC)
curves and decision curve analysis (DCA). The Nomo-
gram model [31] was constructed using four factors (liver
metastasis, metastatic sites, APTT and Treg cells) by
Wang et al. to predict the efficacy of NSCLC immuno-
therapy. Subsequently, the concordance index (C-index)
and time-dependent c-index were used to compare the
disease prognostic accuracy of the RF model, Nomo-
gram model, Lung Immune Prognostic Index (LIPI) [32],
and Systemic Inflammation Score (SIS) [33]. Based on
the risk scores obtained from the RF model, patients in
both the training cohort and the validation cohort were
divided into low-risk and high-risk groups, respectively.
The Kaplan—Meier (K-M) curve was applied to estimate
OS and PFS, as well as to generate the survival curves
for the Nomogram model, LIPI and SIS at different risk
scores. Statistical tests used were two-sided, set at a
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0.05 significance level, and p values <0.05 were regarded
as statistically significant. Statistical analyses were con-
ducted using R software (version 4.3.3).

Results

Patient characteristics

A total of 319 patients (260 men [81.50%]; 59 women
[18.50%]; average age 58.7 years [range 18-81 vyears])
treated with ICIs at Sun Yat-sen University Cancer Center
between 2016 and 2022 were included in this study. Clin-
icopathological variables, clinical characteristics, and
complete blood count of patients in the training (n=214)
and validation (n=105) cohorts are listed in Supplement
table (S1-S2). No differences were observed between the
two cohorts in terms of age, gender, pathological classi-
fication, KPS score, immunotherapy regimen, and clini-
cal efficacy evaluation. Patients were distributed across
stages I, I, III, and IV as follows: 2 (0.63%), 2 (0.63%),
192 (60.19%) and 123 (38.56%), respectively. The train-
ing cohort included 7 (3.27%) patients with CR and
66 (30.84%) with PR, while the validation cohort had
2 (1.90%) patients with CR and 42 (40%) with PR. The
number of SD in the training and validation cohorts is 70
(32.71%) and 30 (28.57%), respectively. Additionally, 102
patients experienced PD, with 71 (33.18%) in the training
and 31 (29.52%) in the validation cohort.
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Construction and evaluation of prediction model

In the training cohort, the random forest algorithm was
used to identify the important predictor variables from
peripheral blood-based biomarkers. We constructed
a 10-prognostic index signature, consisting of red cell
distribution = width-standard deviation (RDW-SD),
mean corpuscular volume (MCV), platelet distribution
width (PDW), CD3*CD8", activated partial thrombo-
plastin time (APTT), platelet-large cell ratio (P-LCR),
calcium (Ca), mean platelet volume (MPV), CD4*/CD8*
ratio, and aspartate aminotransferase (AST). The Multi-
way importance plot and variable importance ranking are
presented in Fig. 1A, B, respectively.

The model’s performance in predicting the response to ICls
therapy

Here, we used the random forest algorithm to construct a
predictive model for ICIs efficacy in NSCLC patients and
compared its performance with the predictive Nomo-
gram model. As shown in Fig. 2, we assessed the predic-
tive accuracy of RF model by comparing the area under
the curve (AUC) with the Nomogram model. The RF
model achieved an AUC of 1.000 in the training cohort,
significantly outperforming the Nomogram model (AUC:
0.531) (Fig. 2A). Similarly, in the validation cohort, the RF
model maintained superior performance with an AUC of
0.864, compared to the Nomogram model (AUC: 0.552).
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Fig. 1 Development of a prognostic model based on blood indicators and baseline information using random forest algorithm. A Top 10 predictive
variables associated with treatment outcomes selected from baseline clinical data. B Variable importance plot showing the contribution of each
selected variable to the prognostic model
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Fig. 2 Comparison of predictive accuracy between the RF model and the Nomogram model for assessing ICls efficacy in NSCLC patients. A-B
ROC curves of the RF model and the Nomogram model in the training (A) and validation cohorts (B). C-D DCA for the RF model compared

with the Nomogram model in the Training (C) and validation cohorts (D). The black horizontal line indicates the net benefit in the scenario

where it is assumed that none of the NSCLC patients will experience any outcome. E-H CIC for the RF model and the Nomogram model. E, F show
the training cohort and G, H shows the validation cohort. The red line, representing the count of high-risk individuals, shows the quantity of people
the model categorizes as positive (high-risk) at every threshold probability. The blue line, denoting the number of high-risk individuals with actual
positive outcomes, indicates the number of truly positive cases at each threshold probability

Regarding sensitivity and specificity, the RF model
demonstrated 100.0% sensitivity and specificity in the
training cohort, while the Nomogram model exhibited a
sensitivity of 39.4% and specificity of 72.0%. In the valida-
tion cohort, the RF model achieved a sensitivity of 70.3%
and specificity of 93.5%, whereas the Nomogram model’s
sensitivity in the validation group decreased to 32.4%,
with specificity of 80.6%. The diagnostic accuracies of
two models were statistically different (p<0.05) in both
the training and validation cohort, with the RF model
consistently outperforming the Nomogram model.

In addition, the DCA indicated that the curve of
RF model consistently outperformed the Nomogram

model curve in both the training (Fig. 2C) and valida-
tion cohorts (Fig. 2D), which demonstrated the enhanced
predictive effects in the RF model compared with the
Nomogram model. To further evaluate model perfor-
mance, we assessed net reclassification improvement
(NRI) and integrated discrimination improvement (IDI).
As illustrated in Table 1, the NRI and IDI demonstrated
a notable improvement in training cohort (NRI% 100.0,
p<0.001; IDI% 100.0, p<0.001) and validation cohort
(NRI% 44.0, p<0.001; IDI% 36.1, p<0.001). These results
demonstrated that RF model had a remarkable predictive
capability compared to Nomogram model.

Table 1 Evaluation of reclassification and discrimination improvement of the prediction models

Prediction IDI% p NRI% p
Training cohorts

RF model vs nomogram model 100.0 (99.8-100.0) <0.001 100.0 (100.0-100.0) <0.001
Validation cohorts

RF model vs nomogram model 36.1 (25.3-46.8) <0.001 440 (25.1-62.9) <0.001

NRI net reclassification improvement index, /DI integrated discrimination improvement index
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Finally, we plotted clinical impact curves (CIC) for the
RF model and the Nomogram model to assess their clini-
cal effectiveness and applicability. In the training cohort,
the RF model displayed a smoother CIC curve (Fig. 2E),
exhibiting a higher number of high-risk individuals, espe-
cially at lower high-risk thresholds, highlighting its effec-
tiveness in recognizing high-risk patients. In contrast, the
Nomogram model showed relatively limited performance
(Fig. 2F). However, in the validation cohort, the Nomo-
gram model (Fig. 2H) exhibited more robust perfor-
mance compared to the RF model (Fig. 2G).

The performance of the predictive model in predicting
prognosis in ICls

To assess the prognostic predictive ability, we compared
the C-index of the RF model with that of the Nomogram
model, LIPI, and SIS.

As shown in Table 2 and Fig. 3A, B, the C-index of OS
for the RF prediction model was 0.803 (95% CI 0.763—
0.843), which was the highest in the training cohort
(p<0.001) for Nomogram model (0.507, 95% CI 0.448-
0.566), SIS ( 0.541, 95% CI 0.488-0.593) and LIPI (0.534,
95% CI 0.488-0.580). Similar outcomes were noticed
in the validation cohort, with the RF model having the
highest C-index (0.712, 95% CI 0.652-0.772) compared
to Nomogram model (0.501, 95% CI 0.415-0.586), SIS
(0.557, 95% CI 0.497-0.618) and LIPI (0.501, 95% CI
0.442-0.560).

For PFS, as displayed in Table 2 and Fig. 3C, D, the
C-index of RF model for PFS was 0.663 (95% CI 0.617—
0.710), and it exceeded that of the Nomogram model
(0.502, 95% CI 0.455-0.549), SIS (0.508, 95% CI 0.461-
0.555) and LIPI (0.528, 95% CI 0.492-0.565) in training
cohort (p<0.001). In the validation cohort, the RF model
had the highest C-index (0.711, 95% CI 0.658-0.765)
among the Nomogram model (0.511, 95% CI 0.443-
0.580), SIS (0.515, 95% CI 0.453-0.577) and LIPI (0.512,
95% CI 0.462-0.562).

These findings collectively highlight the superior pre-
dictive performance of the RF model for both OS and
PES compared to traditional prognostic models.

Risk stratification of PFS/OS based on the prediction model
As shown in Table 3, patients were separated into high-
risk and low-risk groups by the RF model. The K-M
survival analysis revealed that individuals categorized
as low-risk experienced a longer PFS compared to their
high-risk counterparts in both the training and validation
cohorts (p<0.001; Fig. 4A, B). However, the same trend
was not observed in the Nomogram model (Fig. 4C, D).
We also compared the K-M survival curves of the SIS
and LIPI scores at 0, 1, and 2 points in the training and
validation cohorts. What was observed indicated that
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Table 2 The C-index of OS/PFS for RF model, Nomogram, SIS,

and LIPI
Survival prediction C-index 95 Cl% P
Training cohort
(oS
RF model 0.803 0.763-0.843
Nomogram model 0.507 0.448-0.566
SIS 0.541 0.488-0.593
LIPI 0.534 0.488-0.580
RF model vs Nomogram model <0.001
RF model vs SIS <0.001
RF model vs LIPI <0.001
PFS
RF model 0.663 0.617-0.710
Nomogram model 0.502 0.455-0.549
SIS 0.508 0.461-0.555
LIPI 0.528 0.492-0.565
RF model vs Nomogram model <0.001
RF model vs SIS <0.001
RF model vs LIPI <0.001
Validation cohort
(o
RF model 0.712 0.652-0.772
Nomogram model 0.501 0.415-0.586
SIS 0.557 0497-0.618
LIPI 0.501 0.442-0.560
RF model vs Nomogram model <0.001
RF model vs SIS <0.001
RF model vs LIPI <0.001
PFS
RF model 0711 0.658-0.765
Nomogram model 0511 0.443-0.580
SIS 0515 0453-0.577
LIPI 0512 0.462-0.562
RF model vs Nomogram model <0.001
RF model vs SIS <0.001
RF model vs LIPI <0.001

The concordance index is denoted as C-index. P values are computed by
applying the function rcorrp.cens in the Hmisc package, based on normal
approximation

LIPI showed a significant difference in PFS in the training
cohort (Fig. 4G, p<0.05), while no significant difference
was observed in the validation cohort (Fig. 4H). Con-
versely, SIS did not demonstrate any significant differ-
ences in either the training or validation cohorts (Fig. 4E,
E).

We also did survival prognostic analysis of RF model,
Nomogram model, SIS score, LIPI score with OS. The
K-M survival curves indicated that in both the train-
ing (Fig. 4I) and validation cohorts (Fig. 4]), patients
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Fig. 3 The C-index of OS for RF model, Nomogram, SIS and LIPI in training cohort (A) and validation cohort (B). The C-index of PFS for RF model,

Nomogram, SIS and LIPI in training cohort (C) and validation cohort (D)

Table 3 Response to ICls therapy based on the RF model

Survival prediction Low Risk High Risk X2 p
For training cohort (n=) n=92 n=122
Best overall response-no. 1931 <0.001
(%)
Complete Response (CR) 6 (6.5) 1(0.8)
Partial response (PR) 34(37.0) 32(26.2)
Stable disease (SD) 35(38.0) 35(28.7)
Progressive disease (PD) 17 (18.5) 54 (44.3)
For validation cohort (n=) n=37 n=68
Best overall response-no. 11.212  0.006
(%)
Complete Response (CR) 102.7) 1(1.5)
Partial response (PR) 17 (459) 25(36.8)
Stable disease (SD) 15(40.5) 15(22.1)
Progressive disease (PD) 4(10.8) 27 (39.7)

classified as low-risk exhibit significantly longer OS
compared to high-risk patients (p<0.001). However,
this trend was not observed in the Nomogram model
(Fig. 4K, L), where no significant divergence in OS was
observed between the high-risk and low-risk groups
(Fig. 4K: p=0.39; Fig. 4L: p=0.64). Additionally, survival
analyses based on SIS and LIPI scores revealed no signifi-
cant differences in OS across the respective groups (SIS:
Fig. 4M, p=0.41; Fig. 4N, p=0.26; LIPI: Fig. 40, p=0.11;
Fig. 4P, p=0.95). These findings suggested that while risk
stratification using the RF model was predictive of OS,
the nomogram model, SIS and LIPI did not exhibit the
same level of prognostic differentiation.

Moreover, we conducted an analysis on the differ-
ences regarding the values of RDW-SD, MCV, PDW,
CD3*CD8*, APTT, P-LCR, Ca, MPV, CD4*/CD8* and
AST between the high-risk and low-risk groups (Fig. 5).
In the training cohort, MCV (p=0.003), Ca (»p=0.019),
CD4*/CD8* (p=0.002), CD3*CD8" (p=0.044), MPV
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Fig. 4 Risk categorization for PFS/OS in light of the prediction model. A-H.

K=M survival curves for PFS of NSCLC Patients in the high-risk

and low-risk groups in the Training Cohort (A, €) and Validation Cohort (B, D) in the RF Model and Nomogram model. K-M survival curves for PFS

of NSCLC patients categorized by SIS score (0, 1, 2), LIPI score (0, 1, 2) in the training cohort (E, G) and validation cohort (F, H). L-P. K-M survival
curves for OS of NSCLC Patients in the high-risk and low-risk groups in the Training Cohort (I, K) and Validation Cohort (J, L) in the RF Model

and Nomogram model. K-M survival curves for OS of NSCLC patients categorized by SIS score (0, 1, 2), LIPI score (0, 1, 2) in the training cohort (M, O)

and validation cohort (N, P)

(p<0.001), PDW (p<0.001), P-LCR (p<0.001), and
APTT (p=0.005) in the high-risk group differed signifi-
cantly from those in the low-risk group. For the valida-
tion cohort, significant variations in RDW-SD (p=0.004)
and APTT (p=0.038) existed between the high-risk
group and the low-risk group.

Discussion

In this study, based on routine blood tests (lymphocyte
subpopulations, biochemical indexes and complete blood
count), we utilized random forest algorithm to select ten
predictive indicators (RDW-SD, MCV, PDW, CD3*CD8™,
APTT, P-LCR, Ca, MPV, CD4*/CD8" ratio and AST),
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and then constructed a RF model. We demonstrated that
the RF model can not only predict the immune response
but also predict the prognosis in NSCLC patients.

The predictive model selected two variables from lym-
phocyte subpopulations, including the CD4*/CD8*
ratio and an immune cell subset (CD3*CD8"). CD4 and
CDS8 serve as markers for T helper (Th) and T suppres-
sor (Ts) cell functions, respectively. The CD4*/CD8*
ratio is a significant indicator of immune function, with
an increased ratio suggesting enhanced Th cell function
relative to Ts cells and improved immune activity. Studies
have confirmed that the quantity of the CD8*/CD4* ratio
in the TME correlates with prognosis in bladder cancer
or melanoma patients undergoing ICIs treatment and
can serve as a positive predictive factor for immunother-
apy outcomes [34, 35]. In addition, it has been shown that
CD3* and CD8" T-cell densities in tumors are positively
correlated with OS and PES [36]. The TME significantly
influences tumor progression. Inflammatory responses,
triggered by the release of cytokines, lead to abnormal
cell proliferation and promote tumorigenesis. Numer-
ous inflammatory blood cell markers and nutritional
indicators have been linked to tumor prognosis [37]. In
this study, we focused on two red blood cell-related indi-
cators: RDW-SD and MCV. RDW-SD is defined as the
width of the red blood cell volume distribution curve
exceeding the baseline by more than 20%. Previous stud-
ies [38] have demonstrated that RDW-SD is closely asso-
ciated with oxidative stress, inflammatory responses,
and malnutrition. As a marker of red blood cell hetero-
geneity, RDW-SD has been identified as an independent
prognostic factor in NSCLC [39], and its elevation cor-
relates with poor outcomes in lung cancer [37], colorectal
cancer [40], breast cancer [41], and gastric cancer [42].
MCYV reflects the size of red blood cells and has clini-
cal significance. Studies have reported that lower MCV
values indicate more severe anemia and inflammation.
This condition often contributes to cancer-related ane-
mia (CAR) in malignancies such as colorectal cancer [43]
and gastric cancer, further impairing patients’ physical
function, treatment tolerance, and prognosis. The bal-
ance between coagulation and anticoagulation systems
is essential for maintaining homeostasis. Disruption of
this balance increases the risk of thrombotic diseases
and exacerbates lung cancer progression or metastasis.
Recent findings [44] highlight the role of platelets not
only in coagulation cascades but also in inflammation
and tumor development. Activated platelets support
tumor growth, angiogenesis, and invasion. Indicators
such as PDW, P-LCR, and MPYV, which reflect plate-
let activation and turnover, play crucial roles in tumor
progression and immune regulation. In NSCLC [45],
reduced PDW is an adverse prognostic marker. Higher
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baseline MPV has been associated with better outcomes
in NSCLC patients undergoing immunotherapy, includ-
ing longer PFS and OS [46]. Larger platelets, character-
ized by higher enzymatic activity, release pro-thrombotic
and pro-inflammatory factors, potentially leading to
disease-specific complications [47]. A decline in P-LCR
in malignancies has been correlated with worse OS [48],
potentially due to increased tumor-associated platelet
activation, driving cancer progression and poor progno-
sis. Coagulation abnormalities often manifest as platelet
hyperactivation and pathway dysregulation. Prolonged
APTT, an indicator of intrinsic coagulation pathway dys-
function, has been reported to be associated with poor
OS in NSCLC [49]. Calcium ions (Ca2*) serve as ubiqui-
tous signaling molecules, orchestrating key processes in
cancer, including proliferation, apoptosis, migration, and
immune response [50]. Dysregulated Ca2" homeostasis
has emerged as a critical Promoter of tumor growth and
influences treatment outcomes [51].

In this study, the constructed RF model demonstrates
strong generalization capability and robust predictive
performance. When faced with numerous features in
routine blood tests, the random forest algorithm can
automatically assess the importance of these features
for predicting the efficacy of ICIs therapy and accurately
identify key variables. Compared to traditional Nomo-
gram model, LIPI, SIS, the RF model exhibits superior
predictive performance. Although Nomogram model is
user-friendly for clinicians, they depend heavily on data
quality. LIPI and SIS, as biomarkers built on specific
clinical indicators, have the advantage of being simple to
use; however, their relatively singular nature may fail to
comprehensively reflect the patient’s condition. The RF
model, on the other hand, has advantages in handling
high-dimensional data, requiring less stringent assump-
tions about data distribution, and demonstrating good
generalization capabilities. Peripheral blood biomarkers
offer advantages such as minimally invasive sampling,
potential reproducibility, and the ability for sequential
monitoring, and they have been shown to be promising
tools for predicting responses to immunotherapy. The RF
model based on hematological parameters can provide a
rapid and cost-effective way to deliver more scientifically
reliable predictions regarding IClIs therapy outcomes.
Additionally, the risk scores generated from the RF model
can offer valuable references for the prognosis of patients
undergoing ICIs therapy.

Despite the achievements of this study, several limita-
tions in our study should be noted. Firstly, this is a retro-
spective study, which may lead to unavoidable selection
bias in the data. Secondly, it is a single-center study, with
data derived solely from internal sources, lacking exter-
nal validation. Finally, the study did not incorporate other
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tumor biomarkers, such as exosomal protein, ctDNA,
and miRNA. In future research, we aim to collaborate
with other hospitals to increase the sample size and
attempt to include diverse data.

Conclusion

In summary, we developed a novel prognostic random
forest model (RF model) based on routine blood tests and
highlighted its significance as potential prognostic bio-
markers for patients undergoing ICIs therapy for NSCLC.
The RF model is an important tool for identifying the
beneficiaries of ICIs therapy in NSCLC. Therefore, in
future studies, we need to conduct multi-center, large-
sample, prospective clinical trials to further optimize and
evaluate the predictive performance of the model.
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