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Abstract
Emerging evidence suggests that the prognosis of patients with lung adenocarcinoma 
can be determined from germline variants and transcript levels in nontumoral lung 
tissue. Gene expression data from noninvolved lung tissue of 483 lung adenocarci-
noma patients were tested for correlation with overall survival using multivariable 
Cox proportional hazard and multivariate machine learning models. For genes whose 
transcript levels are associated with survival, we used genotype data from 414 pa-
tients to identify germline variants acting as cis- expression quantitative trait loci 
(eQTLs). Associations of eQTL variant genotypes with gene expression and survival 
were tested. Levels of four transcripts were inversely associated with survival by Cox 
analysis (CLCF1, hazard ratio [HR] = 1.53; CNTNAP1, HR = 2.17; DUSP14, HR = 1.78; 
and MT1F: HR = 1.40). Machine learning analysis identified a signature of transcripts 
associated with lung adenocarcinoma outcome that was largely overlapping with 
the transcripts identified by Cox analysis, including the three most significant genes 
(CLCF1, CNTNAP1, and DUSP14). Pathway analysis indicated that the signature is en-
riched for ECM components. We identified 32 cis- eQTLs for CNTNAP1, including 6 
with an inverse correlation and 26 with a direct correlation between the number of 
minor alleles and transcript levels. Of these, all but one were prognostic: the six with 
an inverse correlation were associated with better prognosis (HR < 1) while the others 
were associated with worse prognosis. Our findings provide supportive evidence that 
genetic predisposition to lung adenocarcinoma outcome is a feature already present 
in patients' noninvolved lung tissue.
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1  |  INTRODUC TION

Lung adenocarcinoma is the most common type of non- small- cell 
lung cancer. It is characterized by poor prognosis, with a median 5- 
year survival rate of 45%.1 High variability in lung adenocarcinoma 
outcome has been repeatedly observed, especially among patients 
diagnosed with different pathological stages. Such variability has 
often been ascribed to a high tumor genetic heterogeneity among 
patients. Indeed, beside the well- described cancer- driving muta-
tions in the EGFR, KRAS, ALK, BRAF, and ROS1 genes,2,3 several other 
somatic mutations are present in lung adenocarcinomas. Lung tumor 
profiling studies have documented this genetic variability4– 6 and as-
sociated these profiles with different outcomes.7

In addition to somatic mutations, other prognostic factors in lung 
adenocarcinoma include germline variants,8– 12 tumor gene expres-
sion levels13,14 and gene methylation profiles,15,16 the immunophe-
notype of the tumor microenvironment,17 patients' clinical traits,18,19 
and the combination of these factors.20,21 We previously reported 
that gene expression levels in the noninvolved lung tissue of lung 
adenocarcinoma patients also have prognostic value.22 In that study, 
we used transcriptome analysis of noninvolved, apparently normal 
lung tissue (in a discovery series of 204 samples and a validation 
series of 78) to identify a signature of 10 genes (CNTNAP1, PKNOX1, 
FAM156A, FRMD8, GALNTL1, TXNDC12, SNTB1, PPP3R1, SNX10, 
and SERPINH1) associated with survival. This finding supports the 
hypothesis that noninvolved tissue already possesses the genetic 
signature predisposing to a different cancer outcome.

Two limitations of that study22 were the rather small patient se-
ries and use of the standard Cox proportional hazard model to assess 
associations between gene expression and prognosis. Indeed, with 
the Cox model, the effect on overall survival of expression levels of 
each transcript is evaluated one at a time. Thus, this approach does 
not take into account possible interactions between different tran-
scripts in modulating the lung adenocarcinoma outcome. Machine 
learning algorithms are multivariable methods that overcome this 
limitation.23 They model the relationship between gene expression 
and outcome by accounting for the simultaneous interaction of sev-
eral genes or related molecular pathways. Thus, they consider the 
complexity of the overall system.

Here, we expanded the transcriptome analysis to a larger patient 
series. We used a machine learning algorithm, the Random Forest, 
in addition to the standard Cox proportional hazard model to assess 
associations between gene expression in noninvolved tissue and 
prognosis of patients with lung adenocarcinoma. For the top- ranked 
genes whose levels were associated with lung adenocarcinoma 
outcome in both the Cox and Random Forest approaches, we also 
tested, in an independent series, whether their expression levels in 
lung adenocarcinoma tissue associated with survival. Additionally, 
we evaluated whether the expression in noninvolved lung tissue 
of the same transcripts was regulated by germline variants, that 
is, we looked for cis- expression quantitative trait loci (eQTLs) of 
these genes. This investigation was undertaken with the aim of 
understanding whether the observed interindividual variability in 

noninvolved lung tissue gene expression levels was due to host ge-
netics. Finally, for the identified regulatory variants, we tested their 
association with lung adenocarcinoma patient survival.

2  |  MATERIAL S AND METHODS

2.1  |  Ethics statement

The ethics committees of the recruiting hospitals approved the pro-
tocol for tissue collection, and patients provided written informed 
consent to the use of their biological samples and data for research 
purposes, as already described.24

2.2  |  Study population, samples, and clinical 
information

This study analyzed transcriptome and genotype data from nonin-
volved (apparently normal) lung parenchyma tissues excised from 
483 patients who underwent lobectomy for lung adenocarcinoma in 
the authors' institutes in the area around Milan, Italy, between 1992 
and 2017. These tissues and the extracted nucleic acids are stored 
in a biobank of the Fondazione IRCCS Istituto Nazionale dei Tumori, 
Milan, Italy.

Clinical data for each patient were collected regarding sex, 
age at diagnosis, pathological stage, self- reported habit regarding 
the smoking of tobacco- containing cigarettes (recorded as ever or 
never if they had ever or never smoked in their life, respectively), 
and survival status (limited to 60 months after surgery). Methods 
for tissue collection and nucleic acid extraction have already been 
described.25 Briefly, noninvolved (apparently normal) lung paren-
chyma specimens had been placed in RNAlater solution (Thermo 
Fisher Scientific) and transported to the laboratory at 4°C. DNA had 
been extracted from a portion of tissue using the DNeasy Blood 
& Tissue Kit (Qiagen), and RNA had been extracted from another 
portion using Qiazol Lysis Reagent and purified with RNeasy silica 
membrane columns (Qiagen). DNA was stored at −20°C and RNA 
at −80°C.

2.3  |  Gene expression analysis

We used our already available transcriptome data (GSE71181 and 
GSE123352)22,24 from noninvolved lung tissue of lung adenocarci-
noma patients. Gene expression profiles had been obtained using 
HumanHT- 12 v4 Expression BeadChips (Illumina) in different 
batches. Microarray data had been log- transformed and normalized 
as described,22 and lumiBatch objects (i.e., a specific class of Illumina 
microarray data) had been created with the package lumi in R.

For each batch, we loaded the lumiBatch objects into the R 
environment and applied a variance- stabilizing transformation to 
the expression levels (function lumi::lumiT). Next, we filtered the 
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probes based on the detection call p- value and kept only those 
with p < 0.01. Probes belonging to the same gene (according to 
Illumina annotation) were mean- summarized. We then corrected 
for known batch effects with the ComBat function (sva library25) 
and also adjusted for the following variables of interest: sex, stage, 
age at diagnosis, smoking habit, and 60- month follow- up status. 
The adjustment was required to prevent the suppression of poten-
tial differences due to these phenotypes. Finally, the gene expres-
sion table was filtered to keep most variant transcripts, based on 
the interquartile range (IQR) of normalized probe intensity, using a 
threshold of IQR > 0.75.

2.4  |  Survival analyses

We first did a preliminary multivariable Cox proportional haz-
ard analysis to identify prognostic factors 60 months after lung 
adenocarcinoma surgical resection; this analysis considered the 
clinical variables sex, age at diagnosis (a continuous variable), 
pathological stage (I vs. >I) and smoking habit. Patients for whom 
stage information was lacking were excluded from this and subse-
quent analyses.

The relationships between gene expression levels (normalized 
probe intensities; continuous variables) and patient overall sur-
vival were analyzed using a multivariable Cox proportional haz-
ard model considering sex, age at diagnosis, pathological stage (I 
vs. >I), and smoking habit as covariates. Data were censored at 
60 months of follow- up. Each gene was tested individually. False 
discovery rate (FDR) was calculated using the Benjamini– Hochberg 
method,26 and an FDR < 0.05 was set as a stringent significance 
threshold. Another, more permissive threshold at nominal p < 0.01 
was used in the comparison between Cox and Random Forest 
analysis results. Kaplan– Meier curves were drawn to visualize the 
differences in survival between patients expressing high or low 
levels (above or below the median value of log2- transformed probe 
intensities, respectively) of the genes of interest, and log– rank p 
values were calculated. Analyses were carried out using the sur-
vival package of R.

For genes selected in the Cox proportional hazard analysis, we 
used the online tool Kaplan– Meier Plotter27 to look for associa-
tions with survival in published gene expression data from lung ad-
enocarcinoma tumor tissue. We selected the following parameters 
(different from default settings): follow- up threshold of 60 months; 
all probe sets per gene; adenocarcinoma histology; and multivari-
able Cox regression, with stage, sex, and smoking habit as covari-
ates. With these settings, the tool analyzed data from 387 patients. 
Gene expression data were dichotomized at the median value of 
log2- transformed probe intensities to form high and low expression 
groups. For comparison to the noninvolved lung tissue analyzed in 
this study, we used a multivariable Cox model to calculate hazard ra-
tios between samples with high and low levels (above and below the 
median of log2- transformed values, respectively) of the same genes, 
with sex, age, and stage as covariates.

2.5  |  Machine learning analysis

The association between patient outcome (60- month survival sta-
tus) and gene expression was assessed using the Random Forest 
classifier.28 To limit overfitting effects that could prevent generali-
zation from the model, the machine learning framework was built 
according to guidelines by the US FDA MicroArray/Sequencing 
Quality Control (MAQC/SEQC) initiatives29,30 regarding the devel-
opment of predictive models for the analysis of high- throughput 
biomedical data. The data were randomly split into 20 train and 
test partitions with an 80%/20% train/test proportion, preserv-
ing the original class stratification. Each of the 20 train partitions 
underwent 10 iterations of a stratified 5- fold cross- validation. A 
Random Forest model with 501 trees was used as the classifier, 
ranking genes according to the ANOVA F- value. At each cross- 
validation iteration, 10 Random Forest models were built using an 
increasing number of ranked genes (namely 5, 10, 15, 20, 50, and 
100 genes, then 5%, 25%, 50%, and 100% of the total number of 
genes). Predictive performance of the 10 models was evaluated 
in terms of sensitivity, specificity, positive predictive value, nega-
tive predictive value, and the Matthews correlation coefficient 
(MCC).31 The MCC is a classification metric that combines preci-
sion and accuracy in a single value ranging from −1 (inverse predic-
tion) to +1 (perfect prediction), with 0 meaning random guess or, 
in general, no correlation between the predictions and the actual 
class labels. It has been shown that MCC is a more reliable metric 
than accuracy and F1 score.32

The ranked gene lists generated by the cross- validation pro-
cedure were aggregated into a single ranked list with the Borda 
method.33,34 The top- ranking genes (highest MCC) were taken as the 
optimal gene list for the classification task. The length of this optimal 
gene list was termed “signature size”. A Random Forest model was 
finally refitted on the whole train partition restricted to the optimal 
genes; this model was validated on the test partition. To ensure that 
the analysis was not affected by systematic error, the whole predic-
tive modeling pipeline was also run after randomly scrambling the 
patient outcome labels: the performance of the classifier was close 
to that of a random one (i.e., MCC near 0), verifying the absence 
of bias. The performance of the pipeline run with true patient out-
come labels was compared to that of the pipeline run with random 
labels by a Wilcoxon rank sum test. The similarity between two gene 
lists, indicated by A and B, was assessed by the Jaccard similarity 
coefficient, which is defined as the ratio of intersection over union: 
J(A,B) = |A ∩ B|∕ |A ∪ B|.

2.6  |  Functional annotation and xCell analysis

Reactome pathway analyses were performed using the ReactomePA 
R library.35 Pathway significance was assessed using a one- sided hy-
pergeometric test, adjusting p values by the Benjamini– Hochberg 
method (i.e., calculating FDR). Pathways with an FDR < 0.05 were 
deemed significant.
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The cellular composition of lung tissue samples was estimated 
from gene expression data using the xCell package in R, with de-
fault parameters.36 For each patient's transcriptome, we calculated 
an immune cell enrichment score (considering B cells, CD4+ T cells, 
CD8+ T cells, dendritic cells, eosinophils, macrophages, monocytes, 
mast cells, neutrophils, and natural killer cells) and a stromal cell 
enrichment score (considering adipocytes, endothelial cells, and fi-
broblasts). The association between rank- transformed scores and 
the expression of selected genes was tested in a generalized lin-
ear model, with age at diagnosis, sex, stage and smoking status as 
covariates.

2.7  |  Expression quantitative trait loci analysis and 
association between eQTL SNPs and survival

Genome- wide genotype data from DNA of noninvolved lung tissues 
of 414 of the 483 lung adenocarcinoma patients were available in 
our laboratory.37 A principal component analysis was carried out 
using PLINK software.38 Using a custom script in R, we projected 
our patients into the 1000 Genomes principal component space to 
evaluate deviations from European ethnicity.

To evaluate whether the expression of a gene associated with pa-
tient survival was regulated in cis by an eQTL, we selected all SNPs 
mapping in a 1 Mb window spanning each gene and tested the as-
sociation between SNP genotypes and gene expression levels (nor-
malized probe intensities). This analysis was carried out by linear 
regression, with age, sex, pathological stage, and smoking habit as 
covariates, using PLINK software. An FDR < 0.05 was set as the sig-
nificance threshold. The SNP with the smallest p value in each locus 
was termed the “lead variant”. Linkage disequilibrium (LD) between 
the lead variant and the other SNPs in each locus was assessed by cal-
culating the correlation coefficient r2 for each pair using PLINK soft-
ware. The eQTL p values and r2 values for all the SNPs in each locus 
were plotted in a regional association plot using the LocusZooms 
function.39 All coding genes annotated in the displayed region ac-
cording to the UCSC database were shown. To validate the identified 
eQTLs, we searched in the Genotype- Tissue Expression (GTEx) proj-
ect database version 740 for prior reports of the variants in lung tissue.

Differences in gene expression levels between the three geno-
type groups of most significant eQTL SNPs were analyzed by one- 
way ANOVA followed by Tukey's test for multiple comparisons, in R 
environment. Genotypes of eQTL SNPs were also tested for associ-
ation with patient survival using a multivariable Cox model, with age 
at diagnosis and stage as covariates, in the R environment.

3  |  RESULTS

This study considered 483 surgically treated lung adenocarcinoma 
patients (Table 1), including 284 individuals whose noninvolved lung 
transcriptome data had been investigated in our previous study.22 
In this expanded series, approximately two- thirds of the patients 

(64%) were men and most were ever smokers (84%). More patients 
had pathological stage I (64%) than higher stages of lung adenocar-
cinoma. Information about ethnicity was not available, but accord-
ing to genotype principal components all patients but two were 
European (Figure S1).

A preliminary analysis between overall survival and clinical char-
acteristics did not identify significant associations with sex or smok-
ing habit (p > 0.05). As expected, survival was inversely associated 
with pathological stage (stage >I vs. stage I, hazard ratio [HR] = 3.47; 
95% confidence interval [CI], 2.50– 4.82; p = 9.67 × 10−14). A less sig-
nificant effect was also observed for age at diagnosis (HR = 1.02; 
95% CI, 1.00– 1.03; p = 0.040).

3.1  |  Prognostic gene expression levels 
in noninvolved lung tissue

We started with an expression dataset regarding 14,481 genes and, 
after filtering, there were 3621 genes for survival analysis. A mul-
tivariable Cox proportional model identified 174 transcripts whose 
levels (considered as continuous variables) in noninvolved lung tissue 
associated with overall survival of lung adenocarcinoma patients at 
a nominal p < 0.01 (Table S1). Of these, four transcripts (i.e., CLCF1, 
CNTNAP1, DUSP14, and MT1F) were significantly associated with 
overall survival at FDR < 0.05. High levels of these four transcripts 
were associated with a higher risk of death (HR > 1).

Figure 1 shows Kaplan– Meier curves and log– rank test p val-
ues for CLCF1, CNTNAP1, DUSP14, and MT1F, in noninvolved 
tissue. Patients were divided into two groups according to the 

TA B L E  1  Clinical characteristics of lung adenocarcinoma 
patients

Characteristic
All cases 
(N = 483)

Sex, n (%)

Female 174 (36)

Male 309 (64)

Age at diagnosis, median (range), years 66 (36– 85)

Smoking habit, n (%)

Ever 404 (84)

Never 59 (12)

Unknown 20 (4)

Pathological stage, n (%)

I 312 (65)

II 56 (12)

III 98 (20)

IV 14 (2.9)

Unknown 3 (0.6)

Dead at the 60- month follow- up, n (%)

Yes 161 (33.3)

No 322 (66.7)
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expression level of each gene (above or below the median value 
of log2- transformed probe intensities). Patients with high levels of 
CLCF1, DUSP14, and MT1F genes in noninvolved tissues had a lower 
probability of survival than patients expressing low levels of these 
genes.

3.2  |  Machine learning analysis of gene expression 
data and functional annotation

We tested the association between lung adenocarcinoma outcome 
and gene expression in noninvolved lung tissue with the Random 

Forest algorithm in a machine learning analysis. This computational 
approach has the limitation of not performing a time- to- event analy-
sis, as, instead, the Cox model does. However, it allows taking into 
consideration the simultaneous effects of multiple genes, expressed 
in the analyzed tissue, on patient outcome. On the filtered dataset 
consisting of 3621 genes, the machine learning analysis achieved 
a relatively compact median signature size of 100 genes, with 
an average cross- validation MCC of 0.118 (95% CI, 0.111– 0.125; 
Figure S2a). Sensitivity was low (<25%) but specificity was high 
(87%). On the test set, the model achieved lower metrics than on 
the cross- validation set. Although the predictive performances of 
these models are quite low, it is important to note that several genes 

F I G U R E  1  Kaplan– Meier survival curves for lung adenocarcinoma patients according to the expression levels of (A) CLCF1, (B) CNTNAP1, 
(C) DUSP14, and (D) MT1F genes in noninvolved lung tissue. Red and black lines represent overall survival probability of patients expressing 
high and low levels, respectively, of each gene. Crosses denote censored samples. Below each plot are indicated the number of patients at 
risk in the two groups. Log– rank p values are shown
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found by the multivariable Cox proportional model (i.e., 24 of the 31 
genes identified at FDR < 0.1) were also independently identified by 
the machine learning analysis within the first 100 positions (e.g., the 
three most significant genes in the Cox analysis, CLCF1, CNTNAP1, 
and DUSP14, were at positions 11, 27, and 44, respectively; Table S1). 
These findings indicate that the two independent analyses (i.e., Cox 
proportional hazard and Random Forest models) generate partially 
overlapping results. The lists of 100 and 174 genes resulting from 
the machine learning and Cox analyses, respectively, have 86 com-
mon genes (Table S2), with a Jaccard similarity coefficient of 0.46.

We also carried out a machine learning analysis on the top 100 
FDR- ranked genes from the multivariable Cox model, to understand 
whether the Random Forest algorithm could perform better when 
starting from a preselected set of transcripts than from the total 
3621 genes. The analysis in the training set achieved a median sig-
nature size of 100 genes, with a cross- validation MCC of 0.153 (95% 
CI, 0.147– 0.160) (Figure S2b). On the test set, the model achieved an 
average MCC of 0.125 (95% CI, 0.07– 0.182). Albeit poor, this perfor-
mance is still superior to that of a random classifier, as assessed by a 
Wilcoxon rank- sum test for both the cross- validation (p < 1.0 × 10−16) 
and test set (p = 6.5 × 10−3) results. Additionally, the performance of 
these models was superior to that obtained starting with the entire 
set of 3621 transcripts. Overall, these results indicate an associa-
tion, although weakly predictive, between noninvolved lung tran-
scripts and adenocarcinoma patients' outcome.

We then explored the functions of genes associated with overall 
survival (according to Cox or Random Forest model) by Reactome 
pathway analysis (Figure 2 and Table S3). In a first analysis, we used 
the 100 top- ranked genes of the best- performing machine learning 
model, built starting from the 3621 transcripts, and identified nine 
pathways with an adjusted p < 0.05 (Figure 2A). A second functional 
analysis was undertaken on the 174 top- ranked genes of the multi-
variable Cox analysis with nominal p < 0.01, identifying 13 pathways 
(Figure 2B). Eight of the pathways identified in the two analyses 
were the same. These eight pathways included 12 genes coding for 
collagens and components of the ECM (COMP, COL14A1, COL15A1, 
SERPINH1, COL7A1, COL16A1, FBLN2, COL18A1, ITGA5, COL1A1, 
TIMP1, and SERPINE1). These results suggest that differences in the 
expression of some collagen genes in the noninvolved lung tissue of 
lung adenocarcinoma patients predispose them to a different out-
come. The other transcripts associated with lung adenocarcinoma 
outcome according to Cox or Random Forest, but not belonging to 
the identified pathways, might be involved in lung adenocarcinoma 
progression by acting in different molecular processes and interact-
ing with each other in a way to be further investigated.

We also predicted which cell types contributed to the expression 
of the identified genes (i.e., CLCF1, CNTNAP1, DUSP14, MT1F, COMP, 
COL14A1, COL15A1, SERPINH1, COL7A1, COL16A1, FBLN2, COL18A1, 
ITGA5, COL1A1, TIMP1, and SERPINE1). First, the lung transcriptome 
data of each patient was analyzed to infer the cellular composition 
and calculate stromal and immune scores. Then we looked for as-
sociations between these scores and the expression levels of the 
above- listed transcripts. All genes but CLCF1 were significantly more 

expressed in lung samples enriched with stromal components (i.e., 
high stromal enrichment scores directly correlated with high gene 
expression; Table S4). High levels of COL14A1 and MT1F also signifi-
cantly associated with high immune enrichment score.

3.3  |  CLCF1, DUSP14, and ECM transcript levels 
associate with survival in lung adenocarcinoma tissue

Analyses thus far identified 15 genes whose levels in noninvolved 
lung tissue associated with survival: three genes by Cox and Random 
Forest models (i.e., CLCF1, CNTNAP1, and DUSP14) and 12 genes by 
pathway analysis. To determine whether levels of these transcripts 
in lung adenocarcinoma tissue also associated with overall survival, 
we used the Kaplan– Meier Plotter to analyze already published data. 
This analysis showed that the expression levels of CLCF1, DUSP14, 
COL1A1, COL7A1, COL14A1, COL15A1, and SERPINH1 genes in lung 
adenocarcinoma tissue from 387 independent patients were signifi-
cantly associated with overall survival (log– rank p < 0.05; Table 2). 
Apart from COL14A1, the effects for the other six transcripts were 
concordant with those observed in noninvolved tissue. In particular, 
high levels of these six genes were poor prognostic factors in both 
tissue types. Therefore, at least for these six genes identified by 
both statistical methods, the association with lung adenocarcinoma 
prognosis is an intrinsic feature of the noninvolved tissue that is con-
served in the tumor. These results strongly support a prognostic role 
of these genes.

3.4  |  Expression quantitative trait loci analysis 
SNPs for CNTNAP1, DUSP14, COMP, and FBLN2 
associate with gene expression

We next looked for germline variants associated with expression lev-
els of the 15 selected genes by analyzing 1 Mb regions around each 
gene (ranging from 229 variants for COL7A1 to 787 for FBLN2 gene). 
This analysis identified 32 cis- eQTLs of CNTNAP1 at FDR < 0.05 
(Table S5). For six eQTL SNPs (i.e., rs12451036, rs679, rs8079855, 
rs55985470, rs4793253, and rs200190875), there was an inverse 
correlation between the number of minor alleles and levels of the 
transcript. For the remaining 26 SNPs, an increasing number of 
minor alleles was associated with higher levels of transcript. For the 
DUSP14 gene, 11 cis- eQTLs were identified. In five cases the number 
of minor alleles was inversely associated with transcript levels and in 
six cases there was a direct association. For the COMP gene, three 
cis- eQTLs were identified (two with a direct and one with an inverse 
correlation). For the FBLN2 gene, five cis- eQTLs were identified (four 
directly and one inversely correlated).

To validate our results, we searched the GTEx database for prior 
reports of these eQTLs in lung. Interestingly, for the CNTNAP1 gene, 
we found that 28 of 32 eQTLs identified in our study had already been 
reported, and all but one showed concordant effects of the respective 
minor alleles on CNTNAP1 gene expression (Table S5). Regarding the 
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variant for which an opposite effect had been reported, in GTEx there 
was an inverted annotation of the major and minor alleles compared to 
our series. Of the five FBLN2 eQTLs identified in this study, four were 
listed in GTEx with effects of the minor alleles concordant with what 
we observed. Of the 11 eQTLs identified for DUSP14, only one vari-
ant (rs1051849) had previously been reported. Finally, the three COMP 
eQTLs were not validated by GTEx data.

Figure 3 shows regional association plots for the two genes with 
the higher numbers of eQTLs. Among the 32 CNTNAP1 cis- eQTLs 

(Figure 3A), the lead variant rs2271028 is intronic. The other 
three most significant eQTL SNPs (i.e., rs9766, rs200701491, and 
rs2089115; Figure 3A, red dots) map from 830 bp to 6.8 kbp down-
stream of the gene and are all in strong LD (r2 > 0.8) with the lead 
variant, rs2271028. For DUSP14, the lead variant rs1051849 maps in 
the 3′- UTR of the gene. rs1051849 is in strong LD (r2 > 0.8) only with 
rs2074411 (Figure 3B, red dot), which maps in an open chromatin 
region (according to Variant Effect Predictor of Ensembl). The other 
variants mapping in or around DUSP14 (rs853214, intronic; rs853195, 

F I G U R E  2  Reactome pathways enriched in the genes identified by the (A) Cox and (B) machine learning analyses. “Gene count” is the 
number of genes enriched in a pathway; “Gene ratio” is the percentage of input genes that are annotated in a pathway; FDR is the false 
discovery rate calculated to adjust nominal p values by the Benjamini– Hochberg method. Pathways are visualized in dotplot enrichment 
maps: dot size represents the gene ratio; color represents the Benjamini– Hochberg adjusted p value (red < purple < blue)
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1.7 kbp upstream; and rs1063215, 1.3 kbp downstream) are in weaker 
LD with the lead variant (0.6 < r2 ≤ 0.8; Figure 3B, orange dots).

Figure 4 reports the effects of genotype of the most significant 
eQTL of CNTNAP1 and DUSP14 on transcript levels. For CNTNAP1 
(Figure 4A), patients homozygous for the major allele of rs2271028 
(G) expressed lower transcript levels than either heterozygotes 
(p = 0.040, ANOVA followed by Tukey's test for multiple compar-
isons) or homozygotes (p < 0.001) for the minor allele A. In con-
trast, patients homozygous for the major allele of rs1051849 (A) 
expressed higher levels of DUSP14 transcript than heterozygotes 
(p < 0.001). DUSP14 levels in homozygotes for the minor allele G 
(only seven patients) were not significantly different from those of 
the AA subgroup.

3.5  |  Expression quantitative trait loci 
SNPs for CNTNAP1 associate with lung 
adenocarcinoma prognosis

To test whether the eQTL SNPs were associated themselves with 
patient survival, we carried out a Cox analysis using genotypes 
coded as in the genetic additive model, and with age and pathologi-
cal stage as covariates. All CNTNAP1 eQTL SNPs but rs11651246 
were found to be prognostic variants (Table S6). Of the 26 eQTL 
SNPs for which there was a direct correlation between the number 
of minor alleles and CNTNAP1 transcript level (Table S5), 25 were 
poor prognostic factors (HR > 1). The six variants for which the num-
ber of minor alleles was inversely correlated with transcript levels 
were associated with better prognosis (HR < 1). Among the three 
COMP eQTL SNPs, only rs12977772 was associated with survival 

with HR = 1.32 (95% CI, 1.01– 1.71; p = 0.041). No significant asso-
ciation between DUSP14 or FBLN2 eQTLs and survival was observed 
(FDR > 0.05 for all).

Figure 5 shows Kaplan– Meier curves of survival probability 
for lung adenocarcinoma patients according to the genotypes of 
rs7359598 and rs2242461, the most significant variants in the Cox 
analysis (Table S6). A higher number of minor alleles associated with 
poorer prognosis (log– rank p = 1.1 × 10−3 and 5.94 × 10−4, respec-
tively), in agreement with the HR of 1.69 and 1.67, respectively 
(Table S6).

4  |  DISCUSSION

We analyzed the transcriptome of noninvolved lung tissue from 483 
lung adenocarcinoma patients to identify genes whose expression 
was associated with overall survival. Cox proportional hazard anal-
ysis identified four genes whose transcript levels were associated 
with outcome (CLCF1, CNTNAP1, DUSP14, and MT1F; FDR < 0.05). 
Machine learning with a Random Forest model confirmed the asso-
ciation of CLCF1, CNTNAP1, and DUSP14 and identified another 83 
transcripts (with p < 0.01 in Cox analysis) associated with lung ade-
nocarcinoma outcome. Additionally, for a subset of 100 genes (most 
significant transcripts from the Cox analysis), the Random Forest 
algorithm confirmed their importance in lung adenocarcinoma out-
come, although the predictive performance achieved by the model 
was quite low. Pathway analysis of the 100 top- ranking genes identi-
fied by Random Forest (without gene preselection) and of the 174 
transcripts associated with survival at p < 0.01 (according to Cox) 
indicated that the two gene lists were enriched in genes involved in 

TA B L E  2  Transcripts whose levels in lung tissue associated with overall survival of lung adenocarcinoma patients

Gene symbol Gene name

Noninvolved tissuea Tumor tissueb

p value HR (95% CI) p valuec HR (95% CI)

CLCF1 Cardiotrophin like cytokine factor 1 3.28 × 10−3 1.62 (1.18– 2.24) 0.0150 1.70 
(1.10– 2.62)

DUSP14 Dual specificity phosphatase 14 3.20 × 10−5 1.98 (1.44– 2.73) 0.0070 1.82 
(1.17– 2.82)

COL1A1 Collagen type I alpha 1 chain 2.53 × 10−4 1.89 (1.34– 2.65) 0.0013 2.04 
(1.31– 3.19)

COL7A1 Collagen type VII alpha 1 chain 6.80 × 10−4 1.79 (1.28– 2.49) 0.0032 1.91 
(1.23– 2.97)

COL14A1 Collagen type XIV alpha 1 chain 5.84 × 10−5 2.02 (1.44– 2.85) 4.8 × 10−7 0.30 
(0.18– 0.49)

COL15A1 Collagen type XV alpha 1 chain 7.95 × 10−5 2.02 (1.42– 2.86) 0.0440 1.55 
(1.01– 2.39)

SERPINH1 Serpin family H member 1 1.04 × 10−3 1.75 (1.25– 2.43) 0.0410 1.57 
(1.01– 2.42)

Abbreviations: CI, confidence interval; HR, hazard ratio.
aCox model results from analyses comparing patients with high and low transcript levels (above and below the median of log2- transformed values, 
respectively), with sex, age, and stage as covariates.
bData from Kaplan– Meier Plotter for lung adenocarcinoma (n = 387); sex, age, and stage were used as covariates in the multivariable analysis.27

cLog– rank p value.
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ECM organization, for example, collagens. To further investigate the 
genes identified by the Cox and Random Forest models (3 genes) 
and those in the ECM pathway (12 genes), we tested whether their 

levels were also associated with survival in the tumor tissue of an 
independent series of lung adenocarcinoma patients. Of note, high 
expression levels of CLCF1, DUSP14, COL1A1, COL7A1, COL14A1, 

F I G U R E  3  Regional association plots 
for expression quantitative trait loci 
SNPs. Plots span a 1 Mb region around (A) 
CNTNAP1 and (B) DUSP14 genes. SNPs 
are plotted on the x- axis according to their 
position on chromosome 17 (GChr 37, 
hg19 release), and p values (−log10[P]) for 
their association with transcript levels are 
plotted on the y- axis. Horizontal dashed 
blue lines represent the threshold of 
significance (false discovery rate < 0.05). 
Dot color represents the level of linkage 
disequilibrium, expressed as r2 between 
each SNP and the lead variant (purple 
diamond)



290  |    MINNAI et al.

COL15A1, and SERPINH1 were also poor prognostic factors in lung 
adenocarcinoma. We also observed that the expression of CNTNAP1 
and DUSP14 genes was genetically regulated by 32 and 11 cis- eQTL 
SNPs, respectively, while that of COMP and FBLN2 (belonging to 
the ECM pathways) correlated with the genotypes of five and three 

polymorphisms, respectively. Interestingly, the genotype of 31 of 
the 32 SNPs associated with CNTNAP1 levels also associated with 
patient survival: 25 SNPs directly correlated with CNTNAP1 tran-
script levels were poor predictors, while 6 SNPs inversely related to 
transcript levels associated with a favorable prognosis.

F I G U R E  4  Germline control of CNTNAP1 and DUSP14 transcript levels in noninvolved lung tissue. (A) Gene expression levels (normalized 
probe intensities) of CNTNAP1, according to rs2271028 genotype. A is the minor allele. (B) Gene expression levels of DUSP14, according to 
rs1051849 genotype. G is the minor allele. Numbers in parentheses are the individuals carrying the indicated genotype. The line within each 
box represents the median normalized probe intensity; upper and lower edges of each box are the 75th and 25th percentiles, respectively; 
top and bottom whiskers indicate the largest and smallest value within 1.5 times the interquartile range above the upper quartile and below 
the lower quartile, respectively; circles denote outliers (extreme values, >1.5 times the interquartile range). *p = 0.040, **p < 0.001 vs. 
homozygotes for the major allele, ANOVA followed by Tukey's test for multiple comparisons

F I G U R E  5  Kaplan– Meier survival curves for lung adenocarcinoma patients according to the genotype of the CNTNAP1 expression 
quantitative trait loci variants (A) rs7359598 and (B) rs2242461. Green, red. and black lines represent patients homozygous for the minor 
allele, heterozygous, and homozygous for the major allele, respectively. Crosses denote censored samples. Log– rank p- value is shown
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This study confirms, in a larger, partially overlapping patient 
series, the association between lung adenocarcinoma patient sur-
vival and gene expression in noninvolved lung tissue for six genes 
we previously identified in a 10- gene prognostic signature.22 These 
genes are CNTNAP1, SERPINH1, FRMD8, and SNX10 (here, all asso-
ciated with survival at p < 0.01) and PPP3R1 and SNTB1 (p < 0.05). 
CNTNAP1, SERPINH1, and FRMD8 ranked within the 100 top posi-
tions in the Random Forest model. However, this latter model was 
trained to identify transcripts whose levels associated with outcome 
without taking into account the time- to- event data, as the Cox anal-
ysis does; this could explain the lack of more extended validation of 
our previous results. A machine learning algorithm that can model 
event probabilities as a function of time (e.g., see Kvamme et al.41) 
could be useful in future studies.

Our finding of 100 transcripts whose levels in noninvolved lung 
tissue associated with outcome corroborates the role of the micro-
environment in driving tumor progression. Some of these genes 
belong to pathways involved in ECM remodeling, and stromal cells 
were predicted here to significantly contribute to their expres-
sion. Additionally, the finding that the expression levels of some 
of these genes were also poor prognostic factors in lung adeno-
carcinoma tissue from an independent patient series, strengthen 
their role, and that of the stromal component, in promoting tumor 
progression. The ECM is an integral part of the tumor microenvi-
ronment. It influences cell aggregation and migration and growth 
factor presentation to cancer cells, influencing tumor growth.42 
Its composition and organization vary between tumor and normal 
tissue.43– 45 An overproduction of ECM molecules increases tumor 
mass and can mask tumor cells from immune cell surveillance and 
from pharmacological therapy.46 Collagens, the fibrous proteins 
that are the main components of the ECM, accumulate within the 
tumor stroma and increase tissue stiffness, inducing novel cell– cell 
and cell– matrix interactions that culminate in tumor progression. 
Different types of collagens have been reported to be prognostic 
factors in breast, colorectal, and hepatocellular cancer, among oth-
ers.47 A similar role was predicted for lung adenocarcinoma, where 
evidence links collagen X overexpression with poor prognosis.48 
An enhanced expression of ECM genes in noninvolved tumor tis-
sue could be the first step in the modification of a microenviron-
ment that could, in turn, drive tumor progression. Should this close 
relationship between noninvolved and tumor tissue be confirmed, 
the genetic analysis of normal tissue could be used to predict dis-
ease progression.

This study confirms the association between survival and 
CNTNAP1 levels in noninvolved tissue of lung adenocarcinoma 
patients, which we previously reported.22 CNTNAP1 encodes 
contactin- associated protein 1 (CNTP1), a transmembrane protein 
that is mainly expressed in brain. Contactin- associated protein 
1 plays a role in the development of neural tissue by regulating 
nerve fiber myelination,49 together with its binding protein contac-
tin 1 (CNTN1).50 There is currently scarce information about the 
functional involvement of CNTP1 in pathologies other than neu-
rodegenerative diseases. Interestingly, CNTN1 has been found to 

be expressed in several tumor tissues, including lung.51– 55 To our 
knowledge, no other members of the CNTN1 network have been 
associated with lung adenocarcinoma and its prognosis. Functional 
studies are needed to determine whether CNTP1 upregulation in 
nontumor tissue can boost expression of CNTN1, predisposing to 
tumor progression.

The DUSP14 gene encodes dual specificity phosphatase 14, a 
tyrosine phosphatase involved in signaling pathways related to cell 
growth, proliferation, and differentiation.56 Given its involvement in 
these cellular pathways, the potential role of DUSP14 in tumor pro-
gression is more apparent than for CNTP1. The gene was reported 
to be upregulated in a cellular model of pancreatic cancer.57 We 
observed that at least one minor allele of DUSP14 SNP rs1051849 
was associated with low transcript levels. The same association of 
this SNP with DUSP14 levels was previously observed in lympho-
blastoid cell lines.58 That same study also found that the minor allele 
of rs1051849 was a protective factor against melanoma. Although 
our survival analysis did not reveal an association between this SNP 
and survival, it is worth investigating whether this regulatory variant 
of DUSP14 levels plays a role in lung cancer progression.

This study also found that transcript levels of CLCF1 are linked 
to prognosis of lung adenocarcinoma. CLCF1 encodes cardiotrophin 
like cytokine factor 1, a pro- inflammatory cytokine member of the 
interleukin- 6 family.59 A role of CLCF1 in promoting tumor progres-
sion has been described in different cancer types.60,61 Studies in cell 
and animal models support its involvement in tumor progression in 
lung,62 so targeting the related signaling pathway might be a pos-
sible therapy for lung adenocarcinoma. Moreover, CLCF1 is often 
expressed by cancer- associated fibroblasts, which shape the tumor 
microenvironment and thus influence tumor cell behavior and ulti-
mately tumor fate.63

A limitation of the present study is the lack of a validation co-
hort. Nevertheless, the machine learning analysis was carried out 
by repeatedly partitioning the patient series in training and test 
sets. The MCC values obtained in both the training and test sets 
were similar and superior to those of a random classifier, indicat-
ing the validity of our results. Additionally, different methodological 
approaches (i.e., standard Cox and machine learning analyses) gave 
overlapping results, strengthening the findings. The added value of 
machine learning in the identification of a transcriptomic prognostic 
signature is the possibility to overcome the main limitation of stan-
dard Cox analysis. Indeed, the Cox approach analyzes one gene at 
a time without considering interactions among them. Multivariate 
approaches such as machine learning23 overcome this limitation. 
They model the relationship between gene expression and survival 
by accounting for the simultaneous interaction of several genes or 
related molecular pathways. Thus, they consider the complexity of 
the overall system.

Notwithstanding the low performance of machine learning in 
predicting the survival of patients from noninvolved tissue expres-
sion data (as evidenced by the relatively low MCC), this result was 
in some way expected. Indeed, we are aware that the role played by 
germline regulatory variants in controlling lung cancer progression 
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could be limited. Several other factors participate in cancer progres-
sion, including somatic mutations, epigenetic alterations, and envi-
ronmental factors (e.g., different pharmacological treatments). This 
study did not take these factors into consideration.

In conclusion, this study shows that genetic predisposition to the 
prognosis of lung adenocarcinoma is an individual feature already 
present in patients' noninvolved lung tissue, as gene expression is 
associated with overall survival. In addition, our findings provide 
supporting evidence for a role of regulatory germline variants in lung 
adenocarcinoma outcome.
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