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Abstract
Introduction

Tumor cell resistance to chemotherapy is the most critical factor that in�uences the prognosis of cancer
patients. It is generally believed that drug resistance is caused by genetic alterations in tumor cells;
however, the relationship between drug resistance and the tumor microenvironment (TME) has not been
adequately studied.

Methods

Herein, we successfully identi�ed drug resistance and sensitivity clusters using single-cell transcriptome
sequencing data from GSE149383 and established a proportional hazards model to �nd genes that
affected prognosis.

Results

The results showed that marker genes between resistant and sensitive clusters were signi�cantly
associated with the TME; additionally, the model showed good reliability. Furthermore, we used bulk RNA-
seq data to analyze the expression of CD24 and CYP1B1, which revealed little difference in the levels of
the two genes in normal and tumor tissues but a signi�cant difference in their expression between drug-
resistant and -sensitive cells.

Conclusion

In conclusion, our study demonstrated a link between drug resistance and the TME, and we found that
CD24 and CYP1B1 may be key regulators of drug resistance development in tumor cells via altering the
TME.

1. Introduction
Lung cancer is the most common cancer diagnosis worldwide. According to recent projections, new lung
cancer cases will account for 12.42% of all cancers diagnoses in 2021; lung cancer is also predicted to be
responsible for 21.67% of all cancer-related deaths, making it the malignancy with the highest mortality
rate. Approximately 80% of lung cancers are histologically de�ned as non-small cell lung cancer (NSCLC)
[1, 2]. Previous genomics studies have identi�ed several high-frequency genetic variants in NSCLC such as
EGFR and KRAS mutations that regulate or participate in the occurrence and development of NSCLC,
which has led to the development of a series of EGFR Tyrosine kinase inhibitors (TKIs) including ge�tinib
and erlotinib [3–5]. Although targeted therapies show signi�cant e�cacy and lower toxicity than
chemotherapy, most NSCLC patients will develop resistance to targeted drugs, with a median time to
disease progression of approximately 12 months [6–8].
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Although there is now considerable evidence that the tumor microenvironment (TME) is closely related to
tumor growth [9, 10], there have been few studies on the relationship between the TME and drug resistance.
The TME provides the necessary conditions for tumor survival and includes tumor cells and other cell
types, such as immune cells, mesenchymal cells, and �broblasts [11]. Previously, it was believed that
genetic alterations in tumor cells were solely responsible for drug resistance; however, there is now
evidence that the TME plays a vital role in the development of resistance to anticancer treatments [12, 13].

To analyze the relationship between the TME and drug resistance, we obtained data for PC9 cells treated
with erlotinib from the Gene Expression Omnibus (GEO) database and performed single-cell
transcriptome sequencing (ScRNA-seq) analysis. ScRNA-seq analysis is an effective method of genomic
analysis that analyzes the heterogeneity of tumor cells [14]. First, we used Principal Component Analysis
(PCA) and Uniform Manifold Approximation and Projection (UMAP) algorithms to perform dimensionality
reduction and clustering of ScRNA-seq data to determine possible drug-resistant and drug-sensitive
clusters and to determine marker genes (MGs) between the two clusters. Searching each MG as a
keyword in PubMed revealed that some MGs were involved in immunity and in�ammation, in addition to
the large number of MGs related to drug resistance. Second, we uniformly clustered each sample using
the expression pattern of MGs and found signi�cant differences in immune in�ltration across categories.
Finally, we constructed a proportional hazards regression model for the MGs, which identi�ed CD24 and
CYP1B1 as prognostic genes (PGs) for NSCLC.

We were surprised to �nd that levels of these two PGs differed little between tumor and nontumor tissue,
but CD24 and CYP1B1 expression did differ signi�cantly between the drug-resistant and -sensitive
groups. Additionally, the drug sensitivity analysis among PGs showed that certain PGs might be
associated with resistance to a large number of drugs. Combined with other reports, we hypothesize that
both CD24 and CYP1B1 might contribute to drug resistance through pathways related to immunity and
in�ammation. The �ow chart of this study is shown in Fig. 1.

2. Results

2.1 Two clusters of heterogeneous drug-resistant cells were
distinguished using scRNA-seq data
The source of these scRNA-seq data was GSE149383. It has been previously reported that the PC9 cells
used in these experiments had developed drug resistance. The number of PC9 cells dropped to the lowest
level 4 d after the addition of erlotinib. After 11 d, the number of cells was restored to the level of day 1
(Fig. 2A). Therefore, we selected cells from day 0 (D0), D4, and D11 for analysis. In total, 4574 cells were
included. After standardization and quality control (QC), 3848 competent cells remained (Fig. 2B). The
results showed that after QC there was no apparent correlation between sequencing depth and the
number of mitochondria, while the correlation coe�cient between sequencing depth and the number of
genes reached 0.94 (Fig. 2C). PCA is a standard data analysis method that is often used to reduce the
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dimensionality of high-dimensional data and also can be used to extract the main feature components of
data. The results of PCA showed that the data from D0, D4, and D11 did not form signi�cant clusters
(Fig. 2D). Thus, we next retrieved the top 15 PCs with their P-values, among which 13 PCs with P-values < 
0.05 were selected for subsequent analysis (Fig. 2E).

Next, we clustered the cells using the UMAP algorithm and divided the three groups of cells into �ve
clusters (Fig. 2F). The cells were also color-coded by the number of treatment days (Fig. 2G). We
hypothesized that even the D11 cell population contained some drug-sensitive cells, and the clustering
results proved our conjecture. We observed that D0, D4, and D11 cells overlapped in some areas, forming
clusters 0, 1, and 3. This suggested that cells in these clusters did not (completely) develop resistance.
Therefore, subsequent analysis focused on clusters 2 and 4, which contained 553 and 158 cells,
respectively. We consider clusters 2 and 4 to represent drug-sensitive and -resistant cells, respectively.

2.2 Identi�cation and analysis of MGs between clusters 2
and 4
There were 64 MGs between clusters 2 and 4, including 28 upregulated genes and 36 downregulated
genes. When we selected the top four upregulated MGs and the top four downregulated MGs, we were
surprised to �nd that these genes were almost exclusively expressed between the two clusters. For
example, TOP2A was primarily expressed in cluster 2, while SERPINE1 was expressed in cluster 4 (Fig. 3A,
B). This laterally veri�ed our hypothesis that clusters 2 and 4 represent drug-sensitive and -resistant cells,
respectively. Furthermore, this supposition was also supported by bubble plots, which showed that the
MGs were not only differentially expressed between clusters 2 and 4, but were also minimally expressed
in other clusters (Fig. 3C). Searching for these MGs in PubMed as keywords revealed that some genes
were related to immunity and in�ammation in addition to most of the genes being related to drug
resistance (Fig. 3D). In addition, Gene Ontology enrichment results showed that the downregulated MGs
(mainly expressed in cluster 4) were associated with immunity, such as leukocyte migration and negative
regulation of cell migration, while the upregulated MGs (mainly expressed in cluster 2) were associated
with cell cycle, such as organelle �ssion and chromosome segregation (Fig. 3E). Kyoto Encyclopedia of
Genes and Genomes pathway enrichment results suggested that the downregulated MGs were enriched
in the P53 signaling pathway, while the upregulated MGs were enriched in cell cycle-related pathways.
Together, these �ndings suggest that entirely different pathways are involved in the regulation of the MGs
between clusters 2 and 4 (Fig. 3F).

2.3 The MG-based classi�cation of NSCLC patients was
related to survival and clinical characteristics
Unsupervised consensus clustering of MG expression was performed on 176 NSCLC samples from
GSE42127. The results of cumulative distribution function (CDF) curves showed that the optimal number
of clusters was two (P < 0.05; Fig. 4A, B). Clusters 1 (C1) and 2 (C2) included 123 and 53 NSCLC samples,
respectively. Combining their survival data, we found that the survival time of C2 was much lower than
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that of C1 (Fig. 4C). To analyze the survival difference between C1 and C2, we performed correlation
analysis using other clinical data in GSE42127, such as age, gender, and medication history. There were
signi�cant differences in medication history and gender between C1 and C2 (P < 0.05). There were more
female patients (52.85%) and a greater proportion received chemotherapy (45.97%) in C1 compared with
C2 (22.64% female patients and 33.96% received chemotherapy). We hypothesized that the reason for
shorter OS in C2 may be the large percentage of patients who did not receive chemotherapy and the
higher number of patients with a history of smoking (males) (Fig. 4D). Overall, these results suggested
that classi�cations based on MGs can effectively differentiate the survival outcomes of patients and may
be related to medication history.

2.4 Analysis of the C1 and C2 TME
Our previous results demonstrated that many MGs were related to immunity and in�ammation.
Additionally, the clustering results based on MGs showed that C1 and C2 may be related to exposure to
chemotherapy. Therefore, we hypothesized that the TME of C1 and C2 may also be different due to
chemotherapy.

In the TME, immune cells and stromal cells are the two most critical non-tumor cells, and their relative
proportions directly determine tumor purity. Therefore, we calculated the scores for immune cells and
stromal cells and added the two to get the “Estimatscore,” which could be used to determine tumor purity.
The results showed that C1 had a signi�cantly increased ratio of immune cells and stromal cells
compared with C2 (P < 0.001). Thus, more immune and stromal cells and fewer tumor cells were present
in C1 compared with C2 (Fig. 5A–D). Moreover, the number of immune in�ltrating cells in the C1 and C2
groups con�rmed the difference in the immune TME between the two groups. The numbers of resting
memory CD4 + T cells, macrophage M0 cells, and resting mast cells were signi�cantly different between
the two groups (P < 0.001; Fig. 5E,F). In summary, there was a distinct difference TME between C1 and C2,
which may be caused by chemotherapy.

2.5 The proportional hazards model based on MGs and
development of a clinical prognostic nomogram
First, univariate Cox analysis was performed using expression data of MGs in GSE42127, and then least
absolute contraction sum selection operator (LASSO) and multivariate Cox analysis were performed.
These results were used to construct a proportional hazards model consisting of two risk genes: Risk
score = (Fig. 6A ). The model accurately classi�ed the 176 samples in GSE42127 into high- and low-risk
groups using the median value of the risk score as the cutoff value. The receiver operating characteristic
(ROC) curve of the model showed that the 5-year area under curve (AUC) reached 0.705, indicating that
the model had good predictive value (Fig. 6B). Additionally, Kaplan–Meier survival analysis showed that
the overall survival (OS) rate of the high-risk group was signi�cantly lower than that of the low-risk group
(log-rank test, P = 0.003427; Fig. 6C). We visualized the relationship between risk scores and patient
status, including risk score, survival time, survival status, and expression of PGs in the high- and low-risk
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groups for each patient (Fig. 6D). The results showed that there were signi�cantly more deaths in the
high-risk group than in the low-risk group and that PGs were upregulated in the high-risk group. Finally,
the clinical data in GSE42127 was used to construct a prognostic nomogram that could predict OS for
each patient. Age, gender, stage, histological characteristics, and medication history were included in the
prediction model (Fig. 6E). The calibration chart shows that the predicted and actual risks for 1, 3, and 5
years were almost identical according to the model (Fig. 6F). This suggests that this model has
considerable reliability for providing individualized predictions for NSCLC patients.

Next, GSEA was performed to identify the regulatory pathways associated with the identi�ed MGs. The
results showed that MGs of the high-risk group mainly regulated primary immunode�ciency, T-cell
receptor signaling pathway, P53 signaling pathway, and B-cell receptor signaling pathway. In contrast,
MGs in the low-risk group regulated glycine, serine, and threonine metabolism, histidine metabolism, drug
metabolism, cytochrome P450, and cytochrome P450 metabolism of xenobiotics. Overall, the high-risk
group was primarily enriched for immune-related pathways, while the low-risk group was enriched for
metabolism-related pathways (Fig. 6G).

2.6 Differential expression of CD24 and CYP1B1 between
drug-resistant and -sensitive cells
GSE116959 included 57 NSCLC and 11 normal samples. We found no signi�cant difference in the
expression of PGs between tumor and normal tissue samples, suggesting that PGs are not proto-
oncogenes and do not promote cancer cell proliferation (Fig. 7A). Therefore, we hypothesized that PGs
increased patient risk by generating drug resistance or altering the TME. To test this speculation, we
analyzed differences in PG expression between the drug-resistant and -sensitive groups.

GSE80344 included 12 erlotinib-resistant NSCLC cell lines and four sensitive NSCLC cell lines. The results
revealed that PG expression differed signi�cantly between the resistant and sensitive groups (P < 0.05;
Fig. 7B). Additionally, we calculated the drug sensitivity of PGs with CellMiner using expression pro�le
and drug data. Two drugs with minimal P-values were retained for each gene, and upregulation of PGs
was found to produce resistance to three of them: methotrexate, tamoxifen, and pipamperone (Cor < 0;
Fig. 7C,D).

3. Discussion
Many previous studies have shown that drug resistance is achieved through genetic alterations in tumor
cells [15–17]. However, the development of drug resistance is a complex process, which we believe includes
changes in the TME that further promote the proliferation of tumor cells, creating a vicious feed-forward
cycle. Extensive tumor heterogeneity is also considered a factor in the generation of drug resistance [18,

19]. Previous studies that used macro-level sequencing of individual genes could not fully explain tumor
heterogeneity. However, scRNA-seq can greatly facilitate cancer research by sequencing each cell at the
individual level [20].
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Intratumor heterogeneity refers to the different characteristics of individual tumor cells within the same
overall lesion [21]. Our results showed that PC9 cells, even under the same culture conditions, generate
different clusters. Among these �ve identi�ed clusters, clusters 2 and 4 were considered drug-sensitive
and -resistant clusters, respectively, because the other three clusters were concentrated in the overlapping
region of D0, D4, and D11 cells. These clusters may represent cells in some intermediate stage of the
transition from drug-sensitive to -resistant. MGs were de�ned as differentially expressed genes between
clusters 2 and 4, but we unexpectedly found that MGs were minimally expressed in the other clusters.
This con�rmed our speculation that clusters 2 and 4 represented drug-sensitive and -resistant clusters,
respectively.

Chien et al. [22] genetically compared cisplatin-resistant cells with cisplatin-sensitive cells and found that
collagen  expression was higher in the resistant group than in the sensitive group. This suggests that
chemotherapy can alter TME by directly altering tumor DNA. The results of our PubMed search using
MGs as keywords showed that in addition to many MGs being related to drug resistance, a considerable
number of MGs were associated with keywords such as immunity and in�ammation. Bulk RNA-seq data
of GSE42127 was then analyzed to explore the expression pattern of MGs. Unsupervised consensus
clustering based on the expression of MGs divided 176 NSCLC samples into the groups C1 and C2. The
ESTIMATE algorithm is a standard means of calculating tumor purity, and many studies have
demonstrated its reliability [23–25]. We used the ESTIMATE algorithm to calculate the immune cell score,
stroma cell score, and tumor purity for both groups. C1 samples had lower tumor purity compared with
C2. Combined with the analysis of clinical characteristics, this patient strati�cation could be because
there were more male patients (smokers) in C2 and, more importantly, only 22.64% of patients in C2
received chemotherapy compared with 45.97% in C1. This resulted in a higher predicted survival rate in
C1 than C2. Additionally, there were more resting memory CD4 + T cells and resting mast cells in the TME
of C1, while there were more macrophage M0 cells in C2. Resting Memory CD4 + T cells can promote the
expression of CTLA-4 and PD-1, which are costimulatory molecules that play a critical negative regulatory
role in T cell activation; thus, maintaining balanced T cell activation. A series of monoclonal antibodies
targeting CTLA-4 and PD-1 are available in the clinic [26–28].

Additionally, Liu et al. [29] found that resting memory CD4 + T cells and resting mast cells were negatively
correlated with prognosis in all cancers; thus, our �ndings suggest that chemotherapy altered the TME in
the C1 group such that continued chemotherapy may no longer be effective. Tumor-associated
macrophages are the most abundant immune cells in the TME [30]. While macrophage M1 cells are
involved in in�ammatory and antitumor responses, macrophage M2 cells are an immunomodulatory cell
type formed by peripheral monocytes in the TME that not only prevent T lymphocytes from attacking
tumor cells but also secrete cytokines to nourish tumor cells and promote tumor angiogenesis, leading to
tumor cell dissemination and metastasis [31, 32]. Thus, macrophages in most advanced tumors have a
pro-cancer effect, as evidenced by the M0 macrophage content in the untreated C2 population. In
conclusion, the classi�cation results constructed from drug resistance-associated MGs showed a
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potential link between drug resistance and TME that promoted tumor cell proliferation and drug
resistance via increasing the numbers of resting memory CD4 + T cells and resting mast cells.

The proportional hazards model uses a mathematical model to �t the relationship between the survival
distribution and the in�uencing factors by evaluating the degree of in�uence of the in�uencing factors on
the distribution of the survival function; such models are widely used in clinical analyses [33, 34]. Our study
showed that PGs affected the prognosis of NSCLC, so we established a risk score formula based on two
risk genes. The AUC showed good prediction accuracy of the model at 1, 3, and 5 years. Additionally, we
constructed a clinical nomogram to predict the prognosis of NSCLC using risk scores and clinical
parameters. This scoring system will help doctors predict OS based on a patient's histological and clinical
parameters.

We next analyzed the expression of PGs in different cohorts. Unexpectedly, we found little difference in
the expression of PGs between NSCLC patients and the normal population, but there was a signi�cant
difference in PG expression between the erlotinib-resistant and erlotinib-sensitive groups. This suggested
that PGs may not be proto-oncogenes but alter genes that control the TME by regulating drug resistance
pathways, which nonetheless affects the prognosis of NSCLC patients. GSEA results also con�rmed this,
as the identi�ed genes were concentrated in immune-related pathways in the high-risk group and
metabolism-related pathways in the low-risk group. Therefore, we speculate that with continued drug use,
MGs alter the TME by regulating metabolic pathways and subsequently promote tumor growth. CD24 is
known to interact with sialic-acid-binding Ig-like lectin 10 (Siglec-10) on the surface of innate immune
cells, and their interaction promotes immune escape [35, 36]. However, no studies have correlated CD24
with drug resistance. CYP1B1 has been reported to be associated with drug resistance. Mu et al. [37]

found that miR-27b enhanced drug sensitivity by activating p53-dependent apoptosis and reducing
CYP1B1-mediated drug detoxi�cation.

In conclusion, this study demonstrated a potential link between drug resistance in tumor cells and the
TME. Furthermore, we identi�ed several PGs associated with drug resistance. Our drug sensitivity
analysis of PGs suggested that PG expression may make cancer cells resistant to a wide range of drugs.
However, this study had some limitations as we used a published dataset but did not have our own
validation cohort. Therefore, further validation of these results is needed.

4. Conclusion
In conclusion, we used scRNA-seq data to demonstrate that drug resistance is closely linked to the TME
and that drug-resistant cells may achieve continued proliferation by altering metabolism along with
altering the TME. Additionally, PGs identi�ed based on risk proportional regression models may be key
regulators of drug resistance. Our study provides a potential approach for future tumor therapy by cutting
off the pathways associated with drug resistance and making the TME unsuitable for tumor cell survival.

5. Methods
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5.1 Data acquisition and pre-processing
ScRNA-seq data from GSE149383 [38], which included sequencing data from 4574 cells, were included in
the screening, and we performed QC on the cells using the Seurat package in R4.0.1 to screen out low-
quality cells with the following QC criteria: 1) > 3 cells with genes were detected; 2) cells showed < 5% of
expressed genes from mitochondrial DNA; 3) cells with > 50 detected genes [39]. After QC, 3848 cells
remained. PCA was then used to analyze gene expression among eligible cells, and 13 PCs with P-values 
< 0.05 were retained for subsequent downscaling. The UMAP algorithm was used to cluster the cells, and
the LIMMA package was used to calculate MGs between selected clusters with cutoff criteria of P-value < 
0.05; and |log2[fold change (FC)]| >2.

Bulk RNA-seq data were obtained from GSE42127, which included 176 NSCLC cases with sequencing
data [40, 41]. The data used to visualize the risk associated with gene expression were obtained from
GSE80344 and GSE116959. GSE80344 included eight groups of drug-resistant cells and four groups of
sensitive cells [42]; GSE116959 included 57 NSCLC samples and 11 normal samples [43].

5.2 Patient classi�cation based on MGs
Unsupervised consensus clustering of the NSCLC patients in GSE42127 was performed using the
ConsensusClusterPlus package, and the best clustering results were determined by a combination of the
consensus heat map and the area under the CDF curve. Survival rates for different classi�cations were
then evaluated using the Survival and Survminer packages. Finally, we compared differences in the
clinical characteristics between C1 and C2, with P-values < 0.05 considered statistically signi�cant.

5.3 Immune cell in�ltration
Immune cell and stromal cell scores were calculated for C1 and C2 using the ESTIMATE algorithm, with
expression data normalized for all samples. The relative number of immune cell counts for each sample
was output by the CIBERSORT algorithm, and these data were used to calculate immune in�ltration in C1
and C2.

5.4 Generating the prognostic risk score model based on
MGs
For the GSE42127 cohort, univariate Cox–LASSO–multivariate Cox regression analysis was �rst used to
screen for prognostic genes, with P-values < 0.05 considered statistically signi�cant. Then a risk score
model based on critical prognosis-related MGs was developed to predict the prognosis of NSCLC.
Referring to previous reports, we used the formula: risk score = Exp gene1 × β1 + Exp gene2 × β2+......+Exp
gene(n)×β(n), where "Exp" represents the expression level of the corresponding gene, and "β" represents
the regression coe�cient calculated by multivariate Cox analysis [44]. In total, 176 groups of NSCLC data
were divided into high-risk and low-risk groups, followed by Kaplan–Meier survival analysis to estimate
OS in the two groups; a two-sided log-rank test was used to assess survival differences. Finally, time-
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dependent ROC curve analysis was used to assess the predictive accuracy of the prognostic model based
on MGs.

Subsequently, the identi�ed independent prognostic parameters including gender, age, medication history,
and histological characteristics, were used to develop prognostic column line plots. The performance of
the nomogram was then quantitatively assessed using calibration plots [45].

5.5 Gene set enrichment analysis (GSEA) and drug
sensitivity analysis
GSEA (http://software.broadinstitute.org/gsea/index.jsp) was used to identify pathways regulated by the
MGs [46]. Adjusted P-values were used to correct for false-positive results using the Benjamini–Hochberg
false discovery rate (FDR) procedure, with FDR values < 0.05 considered statistically signi�cant [47].

The Cellminer database (https://discover.nci.nih.gov/cellminer/home.do) includes approximately 100,000
compounds and natural products, and was used to screen the drug a�nity of different genes. The
sensitivity of genes to drugs was evaluated using linear regression analysis, with P-values < 0.05
considered statistically signi�cant.
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Figures

Figure 1

Flow chart of the study design.
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Figure 2

The identi�cation of �ve clusters based on single cell (sc)RNA-seq data revealed abundant heterogeneity
in NSCLC. A: Schematic diagram of a contiguous scRNA-seq sample set. D0 is untreated cells. D1–D11
represent the duration of drug treatment. Cells were titrated on day 0 (D0), D1, D2, D4, D9, and D11 of
treatment. B: In total, 4574 cells from D0, D4, and D11 were selected for quality control, of which 3848
cells met the criteria. C: Pearson’s correlation coe�cients of sequencing depth with mitochondrial number
and gene number. D: Principal component analysis (PCA) showed no signi�cant separation of cells in the
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three groups. E: PCA identi�ed 15 PCs and their P-values. F: The Uniform Manifold Approximation and
Projection algorithm was applied to 13 PCs and successfully divided the cells into 5 clusters. G: Each cell
is color-coded according to the number of days of erlotinib treatment.

Figure 3

Expression pro�les of marker genes (MGs) and related pathways. A: Four MGs that were downregulated
in the sample. B: Four MGs that were upregulated in the sample. C: Bubble plots of the expression levels
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of eight MGs in �ve clusters. D: PubMed results from searching MGs as the keywords; 36.84% of MGs
were associated with drug resistance, 33.33% with immunity, and 14.04% with in�ammation. E: Gene
Ontology enrichment results of MGs; down- and up-regulated MGs are shown on the left and right,
respectively; yellow, green, and blue represent biological process, cellular component, and molecular
function, respectively. F: Kyoto Encyclopedia of Genes and Genomes pathway enrichment results of MGs;
down- and up-regulated MGs are shown on the left and right, respectively.

Figure 4

Classi�cation and clinical correlation analysis of NSCLC patients based on MGs. A: Consensus clustering
matrix at K = 2. B: Cumulative distribution function curves of consensus clustering (K = 2–9). C: Overall
survival (OS) of NSCLC patients was decreased in C2 compared with C1 (P = 0.048). D: Correlation
between subgroups and chemotherapy history, gender, stage, and age, which showed that subgroups
were correlated with chemotherapy history (P = 0.021) and gender (P = 0.033).
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Figure 5

ESTIMATE scores and immune in�ltration in C1 and C2. A–D: Immune cell scores, stromal cell scores,
ESTIMATE scores (immune cell score + stromal cell score), and tumor purity of C1 and C2. C1 had higher
ESTIMATE scores and lower tumor purity. E: The numbers of various immune cells in the TME of C1 and
C2. F: Heat map of the percentages of various immune cells in the TME of C1 and C2. *P < 0.05, **P <
0.01, ***P < 0.001.
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Figure 6

Construction of proportional hazards models and predictive prognostic nomograms based on MGs. A:
Forest plot of risk for prognostic genes (PGs). B: Receiver operating characteristic curves showing area
under the curve values at 1, 3, and 5 years. C: Kaplan–Meier survival analysis used to assess OS in high-
and low-risk patients. OS was signi�cantly worse in the high-risk group than in the low-risk group. D: Risk
score analysis was used to calculate the PG signature and to classify patients into the high- or low-risk
groups using the median risk score as the cutoff value. Upper panel: risk score curves for the PG
signature; middle panel: patient survival status and time by risk score distribution; lower panel: heat map
of the expression levels of two PGs in NSCLC samples. From green to red indicates gene expression
levels from low to high. E: Nomogram for predicting the clinical prognosis of NSCLC patients, which
included age, gender, stage, histological features, chemotherapy history, and PGs. F: Calibration plots of
the predictive nomograms for 1-, 3-, and 5-year OS. G: Gene set enrichment analysis for the high- and low-
risk groups.
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Figure 7

Expression of PGs in different samples and drug sensitivity analysis. A: There was almost no difference
in the expression of PGs between the tumor and normal groups. B: Signi�cant differences in the
expression of PGs were found in the drug-resistant and -sensitive groups. C: The degree of tolerance for
the four drugs most associated with PGs. PG expression caused cells to become resistant to three of the
drugs.


