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Introduction
The multistep process of tumor development accompanies the 
coevolution of the tumor microenvironment (TME) that engages 
critical participants during tumorigenesis through direct and indi-
rect interaction with tumors (1, 2). The longstanding seed and soil 
theory highlights the TME in tumor metastasis and many aspects 
of oncogenic behaviors (3, 4). Located in the vicinity of the tumors, 
cancer-associated fibroblasts (CAFs) possess multifaceted capac-
ity for supporting tumor growth both in vitro and in vivo (5–7), 
promoting cancer cell migration and metastasis possibly through 
traveling with circulating tumor cells, remodeling the extracellular 
matrix (ECM), and being involved in angiogenesis, inflammation, 
immunosuppressive, and CAF-tumor reciprocal crosstalk (8–12). 
CAFs maintain cancer stemness via paracrine signaling commu-
nication with cancer stem cells, contributing to tumor recurrence, 
drug resistance, and immune response modulation (12–15). Tar-

geting CAFs to inhibit tumor-promoting activities has arisen as a 
novel therapeutic strategy to complement common approaches of 
targeting the tumor itself (16–21).

CAFs exhibit differential gene expression patterns from 
their normal counterparts (22–25), and genome-wide analysis 
has also identified prognostic signatures in non–small-cell lung 
cancer (NSCLC) (26) and breast cancer (27). However, a rare 
incidence of point mutations or loss of heterozygosity in CAFs 
of breast and ovarian cancer has been demonstrated, suggesting  
the relatively stable genetic characteristics of nontumorous 
populations in the TME (28, 29). Global DNA hypomethylation 
and promoter hypermethylation in tumor suppressor genes have 
been used as prognostic markers (30, 31) and were found to cor-
relate with altered regulation of gene expression (32). Although 
the role of aberrant DNA methylation has been much appreci-
ated in cancer (33, 34), global profiling of DNA methylation in 
CAFs (35–37) simultaneously characterized with gene expres-
sion has been less comprehensive.

Previous studies have reported how DNA methylation 
aberrations in CAFs are correlated with disease resistance and 
prognosis (38–40). In this study, we aimed to characterize the 
behavior of CAFs in primary cultures replicating the lung can-
cer microenvironment and investigate the clinical impact of the 
TME through the evaluation of genome-wide DNA methylation 
profiling of CAFs in combination with mRNA expression analy-
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across individual patients was shown. MIND succeeded in predicting tumor recurrence in multiple lung cancer cohorts without 
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CAFs (16). The top-ranked ECM-receptor interaction pathway 
featured upregulated CD36 and COL11A1 and downregulated 
TNC and TNXB, among others (Figure 2F). As a component of the 
TME, the ECM plays a key role in fibroblast activation and pheno–
typic heterogeneity, and thus its alteration can influence cancer 
development and progression.

Additional analyses of DE probes were conducted to investi-
gate the correlation with clinical variables. Patients were stratified 
separately into different groups according to histology, cancer 
stage, sex, and smoking status. We compared the between-group 
differences in the fold change of each DE probe to determine 
the correlated probes, using Welch’s t test (P < 0.05). For age, we 
treated it as a continuous variable and used Pearson’s correlation 
coefficient (P < 0.05). The sizes of intersections among the 5 sets 
of DE probes correlated with clinical variables were visualized by 
UpSet plot (Figure 2G). Notably, the set of smoking-correlated  
DE probes overwhelmingly outnumbered other histological vari-
ables. Out of the 614 DE probes, 187 (30%) were significantly cor-
related with smoking status.

In parallel with the gene expression study, to investigate 
methylomic differences between CAFs and NFs, we conducted 
genome-wide DNA methylation profiling on the primary cultured 
CAF/NF pairs from 26 NSCLC patients (Supplemental Table 1, 
discovery cohort) using the Infinium Human Methylation 450K 
array. The β values of CpG sites were found to follow a bimodal 
distribution (Supplemental Figure 4A). Requiring the β-value dif-
ference to be greater than 0.1, we identified 14,781 differentially 
methylated (DM) CpG sites between CAFs and NFs with Q values 
less than 0.1 (Figure 3A and Supplemental Data File 3). Among 
them, 8,830 CpG sites (60%) exhibited hypomethylation, while 
5,951 (40%) were hypermethylated in CAFs relative to NFs (Sup-
plemental Figure 4B). Figure 3B shows the heatmap of β values 
of DM CpG sites for CAFs and NFs. The columns of the heatmap 
were firstly stratified by CAF/NF and then by patients’ smoking 
status. Methylation patterns of some NF samples appeared simi-
lar to those of CAF samples, rendering them more susceptible to 
developing premalignancy in these patients. Pyrosequencing was 
further performed on selected DM CpG sites to quantify methyla-
tion differences between CAFs and NFs (Figure 3C).

Smoking status represents an important confounder that deter-
mines the unique CAF-specific DNA methylation pattern. We inves-
tigated how the diversity in the CAF/NF methylation difference 
may be correlated with the clinical characteristics of lung cancer 
patients. Histology, cancer stage, sex, and smoking status were 
used to stratify patients. Separately for each clinical variable, 
we compared the between-group differences in β-value change 
(Δβ) of each DM CpG site to determine the correlated sites, using 
Welch’s t test (P < 0.05). For age, we treated it as a continuous 
variable and used Pearson’s correlation coefficient (P < 0.05). 
The sizes of intersections among the 5 sets of DM CpG sites cor-
related with clinical variables were visualized by an UpSet plot 
(Figure 3D). Strikingly, consistent with the expression profiling, 
smoking had a strong correlation among clinical variables. A 
total of 4,972 DM sites (4,972/14,781, 34%) were significantly 
correlated with smoking status (never vs. ever; P < 0.05). Even 
after controlling Q less than 0.1, we still retained 3,707 smoking- 
associated DM sites (3,707/14,781, 25%) with larger Δβ in 

sis. Given that CAFs are the major contributor within the TME, 
we asked if the malignancy level of the TME can be quantitat-
ed effectively via patterns of CAF methylation without the use 
of patients’ survival data. We hypothesized that a poor-graded 
TME (like a bad soil) leads to poor survival of a patient, not the 
other way around. Our approach was to develop a methylation 
index that could distinguish CAFs from their matched normal 
fibroblasts (NFs) through a concise summary of the genome-
wide methylation profile. We then illustrated how this index can 
be used to predict patient survival directly and confirmed the 
validity of its prognostic ability in 3 independent cohorts.

Results
Phenotypic heterogeneity of individual CAFs from NSCLC patients. 
We generated a cell library consisting of lung cancer patient–
derived CAFs and matched NFs (Supplemental Figure 1 and Sup-
plemental Table 1; supplemental material available online with 
this article; https://doi.org/10.1172/JCI139552DS1) using a pre-
viously established primary culture system (13). To examine cell-
type purity of our CAF lines via flow cytometry, we performed 
immunofluorescence staining of 2 CAF markers, CD90 and FAP, 
and 1 epithelial marker, EPCAM. These CAFs were CD90 posi-
tive and FAP positive but EPCAM negative, in contrast with the 
A549 cancer cells, indicative of no cancer cell contamination. 
In addition, no EGFR mutation signal was detected in the CAF 
culture of a patient with somatic tumor cell mutation of EGFR 
(T>G mutation, L858R) using targeted sequencing, confirming 
no cancer cell contamination in these CAFs (Supplemental Fig-
ure 2). Proceeding with the investigation of phenotypic heteroge-
neity, we treated lung cancer cells (CLS1) (13) with conditioned 
medium (CM) from paired CAFs and NFs to examine their con-
tributions to the tumor-promoting ability in cancer migration, 
invasion (Supplemental Figure 1, D and E), and sphere formation 
(Supplemental Figure 1F). The results reflect the considerable 
diversity of CAFs across patients.

Transcriptome and DNA methylome landscapes of CAFs from 
NSCLC patients. We developed distinct methodologies compris-
ing several steps, each addressing a specific aim to characterize 
the clinical behavior of CAFs (Figure 1). Firstly, to investigate tran-
scriptomic differences between CAFs and NFs, we profiled gene 
expression of the CAF/NF pairs from 25 NSCLC patients (Supple-
mental Table 1, discovery cohort) using the Affymetrix GeneChip 
Human Genome U133 Plus 2.0 array. Significance analysis of 
microarrays (SAM) led to the identification of 614 differentially 
expressed (DE) probes between CAFs and NFs with a difference in 
fold change greater than 1.5 at a false discovery rate control Q val-
ue of less than 0.1 (Supplemental Data File 1). Among them, 242 
upregulated probes were annotated to 189 genes while 372 down-
regulated probes were annotated to 272 genes (Figure 2A). Figure 
2B shows the distinct expression levels of DE probes for CAFs and 
NFs. Top DE genes were further analyzed by quantitative real-
time PCR (qPCR) (Figure 2, C and D, and Supplemental Figure 
3, A and B). To evaluate the biological significance of expression 
alteration in CAFs, pathway enrichment analysis showed ECM- 
receptor interaction, PI3K/Akt signaling pathway, focal adhesion, 
and TGF-β signaling to be highly enriched (Figure 2E and Sup-
plemental Data File 2), suggesting a prominent mediator role for 
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the mean Δβ. Among them, 340 (70.5%) pairs were negatively 
correlated (Figure 4A).

By intersecting the 482 cis-correlated DM-DE pairs with the 
3,707 smoking-associated DM CpG sites (Figure 1), we reached a 
subset of 54 CpG sites after imposing exclusion criteria described 
in the Supplemental Methods. Hierarchical DNA methylation 
clustering of these 54 CpGs was conducted on 52 CAF/NF sam-
ples from 26 patients, and 4 subgroups were identified. Group I 
consisted of CAFs and Group IV mostly consisted of NFs (Figure 
4B). Notably, we found that certain NFs or CAFs possessed spe-
cific methylation patterns, indicating that varied clinical status, 
such as recurrence, might be encoded. Together with the gene 
expression profile of the matched 54 genes shown in parallel 
(Figure 4B), these findings illustrate a distinct pattern of CAFs 

ever-smokers than in never-smokers, while no DM sites were 
retained for the other 4 clinical variables, suggesting smoking 
as an important player in the determination of the unique CAF- 
specific DNA methylation pattern.

Integration of gene expression with DNA methylation for 
cis-regulation analysis. To investigate how DNA methylation 
at CpG sites of CAF/NF may cis-regulate gene expression, we 
matched the 614 DE probes obtained earlier with 14,781 DM 
sites by gene symbol, leading to a total of 1,193 DM-DE pairs 
(Supplemental Data File 4). For each DM-DE pair, Spearman’s 
ρ was used to evaluate the correlation between the methylation 
changes (Δβ) and the expression fold changes. A total of 482 
DM-DE pairs showed significant correlations (Q < 0.1) with the 
signs consistent with the ratios of the mean log2(fold change) to 

Figure 1. Flow chart of the integrative analysis of DNA methylation and gene expression profiles for the identification of MIND and its assessment in 
the lung cancer validation cohorts. The boxes and their corresponding notes indicate the analysis, criteria, and data set used at each step. MIND, DNA 
methylation index for NF/CAF discrimination; RMA, robust multiarray average; KEGG, Kyoto Encyclopedia of Genes and Genomes; GSEA, gene set enrich-
ment analysis.
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Figure 2. Identification of differential gene expression between lung NFs and CAFs. (A) Volcano plot of the differentially expressed (DE) probes between 
NFs and CAFs. A probe is significant if fold change > 1.5 and Q < 0.1. (B) Heatmap of 614 DE probes on 25 pairs of primarily cultured NF/CAF samples from 
NSCLC patients. The standardized log2 expression values are displayed. Rows represent probes and columns represent samples. The clinical characteristics 
are encoded in the bottom and the significantly (P < 0.05 by Welch’s t test; for age, Pearson’s correlation coefficient was tested using the t test) correlated 
DNA methylation data, clinical variables, and related pathways are indicated in the right columns. (C and D) Analysis of DE genes, upregulated (C) or 
downregulated (D) in CAFs, in NF/CAF pairs (n = 19 or n = 9 per gene) by quantitative real-time PCR (qPCR). Actin was used as the internal control. Data 
presented as mean ± SD; symbols represent individual samples. *P < 0.05, **P < 0.01 by Mann-Whitney U test. Box plots display the median, first and 
third quartiles with whiskers as maximum and minimum values. (E) Using DAVID analysis, 7 KEGG pathways were significantly enriched in the DE genes at 
the false discovery rate of 0.1. (F) GSEA enrichment plot for ECM-receptor interaction pathway in comparing CAFs (red) to NFs (blue). The log2 fold changes 
of the core genes are shown in the right panel. (G) UpSet plot for the intersections among the 5 sets of the DE probes correlated (P < 0.05 by Welch’s t 
test; for age, Pearson’s correlation coefficient was tested using the t test) with tumor histology, stage, age, sex, and patients’ smoking status. The set of 
smoking-correlated DE probes overwhelmingly outnumbered other variables.

https://www.jci.org
https://doi.org/10.1172/JCI139552


The Journal of Clinical Investigation   R E S E A R C H  A R T I C L E

5J Clin Invest. 2021;131(16):e139552  https://doi.org/10.1172/JCI139552

sured at the 54 CpG sites across 26 CAF/NF pairs. From the first 
PC (PC1, the horizontal axis; Figure 4D), a separation between 
CAFs and NFs was visible. We then took PC1 as a concise summary  
of genome-wide methylation profiles and assessed its ability to 
discriminate CAFs from NFs. More specifically, we constructed  

versus NFs both in methylation and expression. The β value–to–
gene expression correlations for 54 genes are shown individually 
(Supplemental Figure 5 and Figure 4C).

DNA methylation index for NF/CAF discrimination. We per-
formed principal component analysis (PCA) on the β values mea-

Figure 3. DNA methylation analysis of primary cultured NFs and CAFs from NSCLC patients. (A) Volcano plot of the differentially methylated (DM) CpG 
sites between NFs and CAFs. A probe is significant if the difference in β value is greater than 0.1 and Q is less than 0.1. (B) Heatmap of the DM probes on 26 
pairs of primary cultured NF/CAF samples from NSCLC patients. The methylation level of each CpG site is presented by a β value ranging from zero to one. 
Unmethylated is indicated in blue, methylated is in yellow. Rows represent probes and columns represent samples. Clinical characteristics are indicated 
in the bottom. Samples with the same smoking status were ordered by the aggregated methylation changes of these DM sites defined by the sum of Δβ 
values multiplied by the sign of the average Δβ across all samples. The same ordering was applied for the matching CAF and NF samples. The significantly  
(P < 0.05 by Welch’s t test; for age, Pearson’s correlation coefficient was tested using the t test) correlated expression data and clinical variables are 
indicated in the right columns. (C) Analysis of DM genes hyper- or hypomethylated in CAFs in NF/CAF pairs (n = 8–10 per gene) by pyrosequencing. Data 
presented as mean ± SD; symbols represent individual samples. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001 by Mann-Whitney U test. Box plots 
display the median, first and third quartiles with whiskers as maximum and minimum values. (D) UpSet plot for the intersections among the 5 sets of the 
DM CpG sites correlated significantly (P < 0.05 by Welch’s t test; for age, Pearson’s correlation coefficient was tested using the t test) with tumor histolo-
gy, stage, age, sex, and patients’ smoking status. The set of smoking-correlated DM sites overwhelmingly outnumbered other variables.
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Figure 4. A distinct DNA methylation index for NF/CAF discrimination (MIND). (A) Scatter plot showing the mean β-value difference in DNA methylation 
versus the mean log2 fold change in gene expression of the 1193 DM-DE pairs. The gray zone reflects the selective threshold. Among the 482 significantly 
cis-correlated DM-DE pairs, 340 (70.5%) pairs were negatively correlated. (B) Hierarchical DNA methylation clustering of the 52 NF/CAF samples from 
NSCLC patients based on the 54 smoking-associated CpGs (top). Unmethylated is indicated in blue, methylated is in yellow. Principal component analysis 
(PCA) was performed and the loading of the first component (PC1) is shown on the right. The expression profile of the matched 54 genes is also shown 
(bottom). Rows represent probes and columns represent samples. Clinical parameters including relapse are indicated in the bottom. (C) Scatter plots of 
DNA methylation versus gene expression in NF/CAF samples for selected genes. (D) Scatter plot of the first and second PCs showing DNA methylation 
profiles of 52 NF/CAF samples at the 54 CpG sites. Red, CAF; blue, NF. Triangles indicate samples from patients with relapse, while those with no relapse 
are shown as circles. (E) The methylation index for NF/CAF discrimination (MIND) was constructed as the weighted sum of the centered β values weighted 
by the loadings of PC1. The distribution of MIND, ordered from the largest value to the smallest, showed a clear partition between CAFs (red) and NFs 
(blue). (F) ROC curve showing the performance of MIND in NF/CAF classification with AUC of 0.88 (95% CI = 0.80–0.97), sensitivity of 88%, and specificity 
of 77% (Youden’s index). (G) The distribution of MIND was applied to the validation cohort of NF/CAF pairs from 14 NSCLC patients. (H) ROC curve showing 
the performance of MIND in NF/CAF discrimination with AUC of 0.80 (95% CI = 0.62–0.97).

https://www.jci.org
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a distinct methylation index for NF/CAF discrimination (MIND) 
(Supplemental Data File 5) by simply summing the centered β 
values of the 54 CpG sites with weights determined by the load-
ings of PC1, as shown in Figure 4B. A discrimination between 
CAFs and NFs was evident using MIND (Figure 4E). Interesting-
ly, further inspection of the NF sample that was mixed with CAFs 
revealed that this patient had developed recurrence (PT50203-
2), indicating suspicious malignancy of the NFs. In contrast, the 
CAFs that were mixed with NFs came from relapse-free patients 
(PT50519, PT50303, and PT01221). Our findings suggest that 
MIND may have the potential to robustly detect premalignancy 
across individual patients.

The performance of MIND was evaluated by receiver oper-
ating characteristic (ROC), showing an AUC of 0.88 (95% CI = 
0.80–0.97) with 88% sensitivity and 77% specificity at the opti-
mal cutoff by Youden’s index (Figure 4F). To validate the CAF/
NF discriminatory ability of MIND, we used a validation cohort 
of paired CAFs/NFs cultured from 14 NSCLC patients (Figure 4G 

and Supplemental Table 1), yielding an AUC of 
0.80 (95% CI = 0.62–0.97) (Figure 4H). Another  
validation cohort used was a public data set 
with paired CAFs/NFs from 12 NSCLC patients 
(GSE68851) (37) and MIND also yielded good 
discrimination (AUC = 0.83, 95% CI = 0.66–1.0, 
73% sensitivity and 92% specificity; Supplemen-
tal Figure 6).

Furthermore, we also performed PCA on the 
mRNA expression profile of the same 54 genes 
and produced a gene expression index (MIND-
GE), which is the sum of the standardized expres-
sion with weights determined by the loadings of 
PC1. MIND-GE also showed high power in dis-
tinguishing CAFs from NFs (AUC = 0.83, 95% CI 
= 0.70–0.95; Supplemental Figure 7A) and this 
finding was consistent in another independent 
cohort of CAF/NF pairs from 15 NSCLC patients 
(GSE22874) (26) (AUC = 0.93, 95% CI = 0.84–
1.0; Supplemental Figure 7B).

The potential of MIND in quantifying TME 
malignancy. To explore whether MIND could 
serve as a useful summary of the CAF methy-
lome for grading the degree of TME malignancy 
across individual patients, we performed pheno-
typic studies to evaluate how cancer cells may 
react differently to the heterogeneous cell cul-
ture environment contributed by CAFs with dif-
ferent MIND scores. We collected CM from the 
CAFs with higher (MINDhigh) or lower (MINDlow) 
MIND scores and applied them to 2 lung cancer 
cell lines (A549 and CL1-0). Assays of cell viabil-
ity and invasion were performed to better clarify 
the objective and potential impact of MIND. The 
results showed that both the viability and invasive 
abilities of the cancer cells were highly promoted 
with the treatment of CM from MINDhigh CAFs 
compared with that from the MINDlow CAFs (Sup-
plemental Figure 8), suggesting that the malig-

nancy level of CAFs can be quantitated effectively via MIND.
According to the seed and soil theory, a poor-graded TME 

(like a bad soil) leads to the poor survival of a patient; therefore, 
we used an objective way to separate the patients of our discovery 
cohort into a poor-TME group and a good-TME group by MIND 
(without the use of patient survival data). We computed the cut-
off point for MIND to separate CAFs from NFs by controlling the 
probability of misclassifying NFs at no more than 5% while max-
imizing the probability of correct classification of CAFs. Using 
this cutoff point, we assigned the patients with CAF MIND scores 
that were higher than the cutoff point (MINDhigh) to the poor-TME 
group and kept the rest (MINDlow) in the good-TME group.

Prognostic performance of MIND. Using the longitudinal 
patients’ follow-ups of tumor recurrence in the discovery cohort, 
we compared the relapse-free survival (RFS) curves of the poor-
TME and good-TME groups, stratified by the objective split 
described above, to assess the clinical significance of MIND. 
The result showed that MINDhigh patients had poor outcomes (P 

Figure 5. Prognostic significance of the smoking-associated DNA methylation signature. (A) 
Kaplan-Meier analysis for relapse-free survival (RFS) prediction by MIND in the 26 CAF samples. 
Patients were stratified by the MINDhigh and MINDlow groups without reliance on survival data 
(P = 0.013, log-rank test). (B) Significance of MIND in recurrence prediction in the validation 
cohort of 14 CAF samples (P = 0.007, log-rank test). Patients were stratified into the MINDhigh 
and MINDlow groups using the median as cutoff. (C and D) Significance of MIND for its prognostic 
power by applying to DNA methylation profiling of tumor samples from 2 independent cohorts, 
GSE39279 and TCGA-LUAD. (C) The 431 NCSLC patients in GSE39279 were split evenly into the 
MINDhigh and MINDlow groups using the median as cutoff. After removing 241 patients with miss-
ing survival data, the log-rank test was performed on the remaining 190 patients (P = 0.003). 
(D) The 449 patients in the TCGA-LUAD cohort were split evenly into the MINDhigh and MINDlow 
groups using the median as cutoff. After removing 9 patients with missing survival data, the 
log-rank test was performed on the remaining 440 patients (P = 0.018). OS, overall survival.
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applied MIND to the 2 cohorts. For each patient, the MIND score 
was calculated. With the median cutoff, patients were split evenly 
into 2 groups (MINDhigh vs. MINDlow) without the input of survival 
data. After that, those with no survival data were removed from 
further survival analysis. Promisingly, the results showed that 
patients with high MIND scores had significantly shorter RFS (P = 
0.003 in GSE39279; Figure 5C) and shorter overall survival (OS) 
(P = 0.018 in TCGA-LUAD; Figure 5D) than those with low MIND 
scores. This finding was further confirmed by univariate and mul-
tivariate Cox regression (Table 1). Conclusively, the MIND index 
could be used to define high-risk populations for early detection 
of recurrence. It has the potential to detect premalignant TMEs in 
patients with different clinical status.

In addition to DNA methylation, MIND-GE also showed 
significant performance in recurrence prediction in our discov-
ery cohort using the median as cutoff (P = 0.041; Supplemental 
Figure 9A). Applying MIND-GE to the gene expression profiling 
data of the TCGA-LUAD cohort found P = 0.069 in OS prediction 
(Supplemental Figure 9B). The result showed that MIND outper-
formed MIND-GE in the prognostic assessment.

= 0.013, log-rank test; Figure 5A). Multivariate Cox regression 
confirmed the significance of MIND adjusted by cancer stage, 
age, sex, and smoking status (HR = 9.29, 95% CI = 1.14–75.44, P 
= 0.037; Table 1). We also applied MIND to our validation cohort 
of 14 patients. We ranked patients according to the MIND scores 
of their CAFs and split them into 2 groups of equal size. RFS was 
analyzed by log-rank test (P = 0.007; Figure 5B). Multivariate 
Cox regression further confirmed the prognostic ability of MIND 
adjusted by clinical variables (HR = 29.17, 95% CI = 2.19–6,520.53, 
P = 0.006; Table 1).

By searching public databases for clinical validation of MIND, 
we found that the GSE68851 we used earlier did not have survival  
data, and no large cohort of CAF methylome data with survival 
was available. Instead, 2 cohorts, GSE39279 (31) and The Cancer 
Genome Atlas Lung Adenocarcinoma (TCGA-LUAD), have meth-
ylome data on the tumors, instead of CAFs. Due to the impurity of 
tumor samples, some CAF content may be retained in the resect-
ed tumor tissue and profiled together with the bulk of tumor cells. 
Although the signals from CAFs would have deteriorated and the 
prognostic performance of MIND could be compromised, we still 

Table 1. Cox regression analysis of MIND for lung cancer recurrence      

Discovery cohort (CAF, RFS; n = 26)
Univariate Cox model Backward stepwise multivariate Cox model

Variable HR 95% CI P HR 95% CI P
MIND 9.35 1.15–75.86 0.036 9.29 1.14–75.44 0.037
Stage 1.58 0.44–5.69 0.484 - - -
Age 1.03 0.98–1.09 0.214 - - -
Sex 0.94 0.30–2.98 0.917 - - -
Smoking 1.89 0.55–6.52 0.315 - - -

Validation cohort (CAF, RFS; n = 14)A

Univariate Cox model Backward stepwise multivariate Cox model
Variable HR 95% CI P HR 95% CI P
MIND 16.15 1.8–2127.90 0.009 29.17 2.19–6,520.53 0.006
Stage 6.52 1.17–66.22 0.032 13.9 1.41–1,796.42 0.021
Age 0.97 0.86–1.09 0.628 - - -
Sex 1.81 0.35–10.96 0.471 - - -
Smoking 2.63 0.51–15.97 0.243 - - -

GSE39279 (tumor, RFS; n = 190)
Univariate Cox model Backward stepwise multivariate Cox model

Variable HR 95% CI P HR 95% CI P
MIND 1.83 1.22–2.75 0.004 2.00 1.32–3.04 0.001
Stage 4.20 2.63–6.71 <0.001 4.40 2.74–7.08 <0.001
Age 0.98 0.97–1.00 0.088 0.98 0.96–1.00 0.056
Sex 1.40 0.93–2.11 0.108 1.6 1.05–2.41 0.027
Smoking 1.05 0.57–1.92 0.883 - - -

TCGA-LUAD (tumor, OS; n = 440)
Univariate Cox model Backward stepwise multivariate Cox model

Variable HR 95% CI P HR 95% CI P
MIND 1.46 1.07–2.01 0.018 1.42 1.02–1.97 0.037
Stage 2.45 1.74–3.41 <0.001 2.27 1.60–3.22 <0.001
Age 1.01 0.99–1.02 0.412 - - -
Sex 1.06 0.78–1.45 0.707 - - -
Smoking 1.01 0.64–1.59 0.968 - - -

 AFirth’s penalized likelihood method was used for this small data set. n, number of patients with nonmissing value of MIND and survival data; 
RFS, relapse-free survival; OS, overall survival; HR, hazard ratio; CI, confidence interval.
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suggest that DNA methylation sites could serve as biomarkers or 
therapeutic targets for tobacco-related diseases.

The connection between smoking and functions of the genes 
annotated to the 54 CpG sites of MIND can also be investigated  
from the perspective of chemical exposure. As a preliminary 
attempt, we applied the 54 genes to the Comparative Toxicog-
enomics Database (CTD), a database of curated information 
that includes chemical-gene interactions. The results showed a 
correlation between these genes and tobacco smoke pollutants,  
nicotine, the carcinogen benzo[a]pyrene, and particulate matter, 
indicating the sensitivity of these genes to the smoking-related 
TME (Supplemental Table 2).

In addition, we investigated the 54 genes in terms of their 
contribution to the biological mechanisms underlying tumor 
progression and found the participation of COL14A1, FGF18, 
FBLN2, ADAMTS1, ITGA11, and IL32 in ECM/integrin signaling; 
SMAD3, PDPN, WNT5A, ANK3, HIVEP3, TBX2, TENM3, FBLN2, 
NUAK1, and AUTS2 in TGF-β/Wnt/β-catenin signaling; CADM1, 
TNXB, and AMPH in PI3K/Akt signaling, contributing to early 
tumorigenesis, malignant transformation, angiogenesis, tumor 
cell migration/invasion, and metastasis; as well as immune 
modulation (Supplemental Table 2). PDPN has been reported as 
an immune suppressive factor in the TME through suppressing 
CD4+ effector T cell responses (51), and CCL26 could increase 
tumor-associated macrophages (52). In particular, 4 (CLU, 
TBX4, COL14A1, and NOVA1) and 10 (TBX4, COL14A1, NOVA1, 
TENM3, AQP1, ARHGAP26, TBX2, EYA4, APBB2, and ST6GAL-
NAC5) of the 54 genes were in agreement with a study of the CAF 
gene expression signature in NSCLC (26) and a study of aberrant 
DNA methylation in lung CAFs (37), respectively. We also found 
that 14 (TBX2, TBX4, WNT5A, EYA4, CLU, ADAMTS1, SCARA3, 
AQP1, TNXB, CADM1, LRIG1, CD9, SLC14A1, and FOXF1) of the 
24 hypomethylated and upregulated genes in CAFs have been 
reported as tumor suppressors (Supplemental Table 2). WNT5A, 
a cell migration and invasion factor secreted by gastric CAFs, has 
been associated with poor prognosis, further advancing epigen-
etic targets for anticancer therapy (40). Importantly, COL14A1, 
WNT5A, CD9, and PDPN are defined as specific markers for 
lung stromal cell subtypes and may play critical roles in lung 
fibrosis, tumor malignancy, and antitumor immunity (53–55). 
As for how these constituent genes of MIND may multiplica-
tively contribute to TME function, protein-protein interaction 
analysis was also performed to elucidate their potential connec-
tions (Supplemental Figure 10). Furthermore, we benchmarked 
MIND against other molecular signatures, including DNA 
methylation– and gene expression–based CAF-associated sig-
natures (Supplemental Table 3). The result showed that MIND, 
derived without survival data, can reflect the malignancy level of 
CAFs more accurately than other molecular signatures derived  
from survival data.

In conclusion, we took advantage of the availability of 
high-quality DNA and RNA from the same samples for the 
methylome and transcriptome assays and succeeded in quanti-
fying the protumorigenic potency of CAFs in NSCLC patients. 
By mapping the epigenetic profiles of individual CAFs, we 
showed that MIND could reveal the varying CAF characteris-
tics by our integrative analysis of CAFs/NFs and demonstrated  

Discussion
The integrated DNA methylome and transcriptome landscape 
study of CAFs we present here shows that the malignancy level of 
the TME can be quantified via a concise summary of CAF DNA 
methylation. A set of 54 smoking-associated CpG sites was found 
and MIND, a weighted sum of methylation levels on these sites, 
can be used to assign TME malignancy grades to patients. During 
the discovery stage of identifying MIND, no patient survival data 
were employed. At the validation stage, we investigated the clin-
ical relevance of this index and found that higher MIND scores 
significantly correlated with shorter survival in our patient cohort 
and another 2 independent cohorts. Our study via exploring and 
exploiting the definitive behavior of CAFs helps score patients 
with the risk of tumor relapse. Poor-graded patients are more likely  
to have poor prognosis. The ability of MIND to predict cancer 
patient survival is important supportive evidence that MIND does 
reflect the malignancy of the TME.

During the course of investigation, we successfully estab-
lished cell libraries of paired CAFs/NFs from NSCLC patients for 
reproducible interrogation. In spite of the increasing interest in 
studying genome-wide profiling of patient-derived CAFs (26, 37) 
for potential biomarker development (41) and in targeting CAFs 
for personalized therapy (42), progress has been impeded by a 
deficit in our understanding of CAF heterogeneity at the molec-
ular level among patients. A clear and comprehensive molecular 
portrait of the tumorous field defect is relatively lacking (43). As 
epigenetics has a role in driving TME function (44), we devel-
oped the unique lung CAF/NF molecular landscape by conduct-
ing global DNA methylation and gene expression profiling, and 
elucidated how the cross-patient heterogeneity in the aberrant 
methylome and transcriptome correlated with clinical variables. 
In particular, significant DM CpG sites were found to be cor-
related with smoking status.

Our results point to the special impact of smoking on TME, 
suggesting that smoking not only could incur disarrangement 
in cancer itself, but also may disrupt the physiological functions 
of surrounding CAFs. The findings are consistent with earlier 
reports. Vizoso et al. observed a correlation of SMAD3 hyper-
methylation in CAFs of 20 current-smoker NSCLC patients with 
TGF-β1 and ECM expression (37). Increased SMAD3 methylation 
in CAFs of squamous cell carcinoma was also reported as a possi-
ble mechanism of resistance to nintedanib, which targets TGF-β1/
SMAD3 (39). Smoking-associated DNA methylation changes 
could contribute to lung cancer development (45), thus acting as 
predictors in tumor screening (46, 47). Moreover, smoking could 
induce extensive damage in normal-appearing tissue adjacent to 
neoplastic lesions, indicating a phenomenon of smoking-related 
field cancerization (48). Although most studies focus on smoking 
effects on cancer cells, Teschendorff et al. demonstrated that DNA 
methylation changes in buccal cells exposed to smoke correlated 
with smoke-related epithelial cancers, notably lung cancer, indi-
cating a correlation between the smoking-associated DNA meth-
ylation signature and preinvasive lung lesion development (49). 
In a meta-analysis of genome-wide methylation of blood DNA, 
comparison between current- versus never-smokers identified 
DM CpG sites that were annotated to genes involved in pulmonary 
function, cancers, and inflammatory diseases (50). These results 
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IC002R, clone 11711), and BV421–mouse IgG1, κ (BD Biosciences, 
562438, clone X40) were used as isotype controls.

Sample preparation. Genomic DNA and total RNA of collected 
samples were isolated with an AllPrep DNA/RNA Mini kit (Qiagen). 
One microgram of genomic DNA was subjected to bisulfite conver-
sion using EZ DNA Methylation kits (Zymo Research) according to the 
manufacturer’s protocol. Total RNA was extracted using a standard 
TRIzol (Invitrogen) protocol.

Gene expression analysis. Purified RNAs from the same NF/CAF 
samples as DNAs from 25 NSCLC patients were processed on the 
Affymetrix GeneChip Human Genome U133 Plus 2.0 Array, carry-
ing 54,675 probes and covering 21,649 genes. Robust multiarray 
average (RMA) normalization was applied by using the package 
“affy” (57) in R. Probes on the sex chromosomes and chromosomes 
or gene symbols annotated as “-” were removed, yielding 41,158 
probes. SAM was performed for identifying DE genes between 
paired CAF and NF samples using the package “samr” (58) in R.

Pathway enrichment analysis. We used DAVID Bioinformatics 
Resource 6.8 (59) to identify pathways annotated by Kyoto Encyclo-
pedia of Genes and Genomes (KEGG) (60) enriched in the set of DE 
genes. We also applied gene set enrichment analysis (GSEA) (61) on 
KEGG pathways for comparing CAFs and NFs.

Genome-wide DNA methylation analysis. After passing the bisul-
fite conversion quality control, 52 bisulfite-treated DNAs from 
26 lung NF/CAF pairs were processed onto the Illumina Infinium 
HumanMethylation450 BeadChip, which covers 485,460 CpG sites. 
The validation cohort consisting of 28 bisulfite-treated DNAs from 
14 lung NF/CAF pairs was also processed. Background correction 
and normalization were performed using the package “methylumi” 
(62) in R. CpG sites on the sex chromosomes and with missing val-
ues were removed, yielding 472,676 CpG sites. The β value (0 to 1.0) 
of each CpG site represents the level of methylation as determined 
by the ratio of the methylated signal intensity (M) to the total inten-
sity of unmethylated (U) and methylated (M) signals (M/[U + M]).  
Wilcoxon’s signed rank test was used for DM CpG sites between 
paired NFs and CAFs. The Benjamini-Hochberg method was used to 
control the false discovery rate.

Correlation analysis of DM and DE. A DM probe and a DE probe 
were linked as a DM-DE pair when they were annotated to the same 
gene symbol. Spearman’s rank correlation (ρ) was computed for each 
DM-DE pair to examine the correlation between the β-value differences  
and the expression fold changes across patients.

Pyrosequencing. Ten nanograms of bisulfite-converted DNA was 
used for PCR amplification with biotin-labeled primers (PyroMark 
PCR Kit, Qiagen). After binding to streptavidin-Sepharose beads (GE 
Healthcare), sequencing primers were used to anneal to the single- 
stranded PCR products and methylation was quantified at single-base 
resolution using the PyroMark Q96 Pyrosequencing System (Qiagen). 
The degree of methylation was defined as 0% to 100% at each CpG 
site by calculating the percentage of methylated cytosine. The primer 
sets for PCR amplification and sequencing were designed using the 
PyroMark Assay Design Software 2.0.

Quantitative RT-PCR analysis. cDNA was prepared and reverse 
transcribed from total RNA with iScript cDNA (Bio-Rad). RT-PCR was 
performed using SYBR green (Bio-Rad) on a Bio-Rad CFX Connect 
Real-Time Thermal Cycler. The mRNA expression was measured and 
normalized to the internal control.

how it could help to detect the disordered or premalignant 
TME. The identification of DNA methylation–based predictive 
markers may open a new direction in TME-targeted personal-
ized medicine.

Methods
Study population. This study recruited 26 NSCLC patients (discov-
ery cohort) and 14 NSCLC patients (validation cohort) who under-
went surgical resection at the National Taiwan University Hos-
pital. Written informed consent was obtained from each patient, 
along with the histoclinical information, including cancer type and 
stage, smoking behavior, and recurrence status by pathologist’s 
assessment. The TNM staging system was applied according to the 
7th edition of the American Joint Committee for Cancer (AJCC) 
staging system (56) (Supplemental Table 1).

Tissue collection and primary culture system. We established a 
cell library of CAFs from surgically resected lung tumor tissues of 
NSCLC patients. The normal tissue counterparts were obtained at 
least 5 cm away from the neoplastic lesions. The primary cultures 
of lung CAFs and the paired NFs were processed as previously 
described (13). Briefly, the tissues were minced and digested with 
deoxyribonuclease I (BioShop) and collagenase I (Life Technolo-
gies) at 37°C for 1 hour. After centrifugation, filtered cells were cul-
tured in 6-well plates with DMEM (Life Technologies) containing 
10% FBS (Gibco) at 37°C under 5% CO2. In addition, corresponding 
CM from NFs and CAFs was carefully collected for the analysis of 
tumor-promoting capacity.

Cell lines. The human lung adenocarcinoma cell line A549 was 
purchased from American Type Culture Collection (ATCC, CCL-185), 
CL1-0 was provided by Pan-Chyr Yang (Department of Internal Medi-
cine, National Taiwan University Hospital), and CLS1 was established 
in our previous study (13). The human bronchial epithelial cell line 
BEAS-2B was obtained from ATCC (CRL-9609).

Migration and invasion assays. Cells (5 × 104) were seeded onto 
Transwells (Corning) covered by the CM from cultured NFs and CAFs. 
After 14–16 hours, the number of cells that migrated/invaded through 
the basement membrane extract was quantified. For the invasion 
assay, the membrane was coated with Matrigel (R&D Systems).

Sphere-forming assay. Eight hundred cells per well were seeded on 
ultra-low-adherence 24-well plates (Corning) with MCDB201 medium  
(Invitrogen) and exposed to the CM from cultured NFs and CAFs. The 
medium was supplemented with epidermal growth factor (EGF, 20 
ng/mL; Sigma-Aldrich) and basic fibroblast growth factor (bFGF, 20 
ng/ml; Invitrogen). Images of the spheres were acquired and sphere 
sizes were calculated using the high-throughput imaging-based high- 
content platform, ImageXpress Micro4 (Molecular Devices).

Flow cytometry assay. Cells (1 × 106) from cultures were freshly 
prepared and incubated with fluorochrome-labeled antigen-specific 
antibodies or isotype controls in PBS at 4°C for 30 minutes. Cells were 
washed twice with PBS, and then analyzed by flow cytometry (LSR-
Fortessa, BD Biosciences). Live and dead cells were distinguished by a 
live/dead fixable dead cell stain kit (Invitrogen). The following mouse 
anti-human antibodies were used: PE-CD90 (BD Biosciences, 555596, 
clone 5E10), Alexa Fluor 647–α/FAP (R&D Systems, FAB3715R-
100UG, clone 427819), and BV421-CD326 (BD Biosciences,  
563180, clone EBA-1). PE–mouse IgG1, κ (BD Biosciences, 559320, 
clone MOPC-21), Alexa Fluor 647–mouse IgG1 (R&D Systems, 
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from the GEO database (GSE22874) (26). DNA methylation/gene 
expression data of tumor samples from lung adenocarcinomas 
were downloaded from TCGA data portal (65). DNA methylation 
data and newly curated clinical data (66) were downloaded from 
TCGA GDC data portal (https://gdc.cancer.gov/about-data/publi-
cations/pancanatlas).

Study approval. This study was approved by the National Taiwan 
University Hospital IRB (IRB201106046RC). Written informed con-
sent was obtained from each patient.
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TruSight Tumor 15 targeted next-generation sequencing. Fifteen of 
the commonly mutated genes in solid tumors, including EGFR, were 
sequenced by Illumina TruSight Tumor 15. We collected the tumor 
part tissue, the normal part tissue, together with the corresponding 
primary cultured NF and CAF cell lines from a NSCLC patient with 
somatic tumor cell mutation of EGFR L858R (T > G mutation). Twenty  
nanograms of DNA for each sample was prepared and sequenced on 
the Illumina MiniSeq System. A signal of T to G mutation on EGFR in 
the tumor DNA was detected.

Statistics. Welch’s t test was used to assess methylation differ-
ences and gene expression differences between different patient 
groups, as stratified by the category variables: sex, cancer stage 
(early/late), smoking status (never/ever), histology (LUAD vs. 
lung squamous cell carcinoma [LUSC]); and Pearson’s correla-
tion coefficient was used for the continuous variable, age. PCA 
was used for finding the leading methylation indices. ROC curve 
analysis was performed and the optimal cutoff was determined 
by Youden’s index. Backward stepwise selection for Cox’s propor-
tional hazard model was applied to test the prognostic ability of 
the methylation index under the adjustment of age, cancer stage, 
smoking status, and sex. The Kaplan-Meier method was used to 
estimate the RFS of patients grouped by the methylation index 
and the differences between the groups were analyzed with the 
log-rank test. All the statistical tests were 2-sided, with P less than 
0.05 considered statistically significant. For all the variable selec-
tion steps, the Benjamini-Hochberg method was used to control 
the false discovery rate for multiple testing. The package “cox-
phf ” in R was used to fit the Cox regression with Firth’s penalized 
likelihood with the best dichotomization for the validation cohort 
of 14 NF/CAF pairs (63). The package “UpSetR” in R was used for 
the UpSet plot (64).

Public data sets. DNA methylation data of 12 pairs of lung NFs/
CAFs were downloaded from the NCBI’s Gene Expression Omnibus 
(GEO) database with accession number GSE68851 (37). DNA meth-
ylation data of tumor samples from NSCLC patients were down-
loaded from GEO with accession number GSE39279 (31). Gene 
expression data of 15 pairs of lung NFs/CAFs were downloaded  
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