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Abstract

Purpose: To determine whether racial differences in gene and miRNA expression translates to
differences in lung tumor biology with clinical relevance in African Americans (AAs) and
European Americans (EAS).

Experimental Design: The NCI-Maryland Case Control Study includes seven Baltimore City
hospitals and is overrepresented with AA patients (~40%). Patients that underwent curative
NSCLC surgery between 1998 and 2014 were enrolled. Comparative molecular profiling used
MRNA (n=22 AAs and 19 EAs) and miRNA (7= 42 AAs and 55 EAS) expression arrays to track
differences in paired fresh frozen normal tissues and lung tumor specimens from AAs and EAs.
Pathway enrichment, predicted drug response, tumor microenvironment infiltration, cancer
immunotherapy antigen profiling, and miRNA target enrichment were assessed.

Results: AA-enriched differential gene expression was characterized by stem cell and invasion
pathways. Differential gene expression in lung tumors from EAs was primarily characterized by
cell proliferation pathways. Population-specific gene expression was partly driven by population-
specific miRNA expression profiles. Drug susceptibility predictions revealed a strong inverse
correlation between AA resistance and EA sensitivity to the same panel of drugs. Statistically
significant differences in M1 and M2 macrophage infiltration were observed in AAs (P< 0.05);
however, PD-L1, PD-L2expression was similar between both.
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Conclusions: Comparative transcriptomic profiling revealed clear differences in lung tumor
biology between AAs and EAs. Increased participation by AAs in lung cancer clinical trials are
needed to integrate, and leverage, transcriptomic differences with other clinical information to
maximize therapeutic benefit in both AAs and EAs.

Introduction

Lung cancer is the second most common cancer in the United States and the leading cause
of cancer-related death. Annually, there are approximately 225,000 new cases of lung cancer
diagnosed, and 158,000 deaths (1). Among all populations in the United States, African
Americans (AAs) have the highest lung cancer incidence and mortality rates when compared
with any other group (1). Studies have shown that when controlling for access to care, the
disparity in survival is no longer evident (2). However, the disparity in cancer incidence
remains and is primarily driven by differences between AA and European American (EA)
men (1).

Smoking is the strongest risk factor for lung cancer development. The term “Smoker’s
Paradox” is used to describe counterintuitive observations related to cigarette smoking
patterns, behaviors, and lung cancer status across racial and ethnic groups (3). For example,
AAs have a lower smoking prevalence than European Americans (EAS) but higher rates of
lung cancer (3). In addition, AAs are far less likely to be heavy smokers, compared with EAs
(3). It has been proposed that mentholation can affect smoking behavior (through inhalation,
dependency, quit rates, and exposure to carcinogenic compounds) and it is known that
approximately 70% to 80% of AA smokers choose menthol cigarettes compared with
approximately 20% of EA smokers. However, several studies have shown that there is no
increased risk of lung cancer among menthol cigarette smokers compared with nonmenthol
cigarette smokers (4). Finally, a large study of never smokers demonstrated that AAs still
had a higher incidence of lung cancer when compared with individuals of European descent
(5). While smoking may contribute to cancer health disparities, the exact mechanisms by
which it does so are not clear.

In prostate cancer, where disparities are also present, recent studies have suggested that up to
50% of the disparity is linked to genetics and a locus residing on 8q24 (6). Thus, it is
possible that genetics could also contribute to disparities in lung cancer. The main
susceptibility locus for lung cancer, 15q25, is associated with risk in Asian (7), European
(8), and as shown recently, AA smokers (9). Racial differences in smoking and nicotine
metabolism may also affect lung cancer risk by influencing carcinogen activation and
detoxification; however, no key genes that could clearly mediate these disparities have yet
been found (10, 11).

Although the exact cause of lung cancer disparities has not been defined, it is possible that
etiologic differences could result in differences in tumor biology. Comparative transcriptome
analyses have provided interesting molecular clues about differences in tumor biology
between AAs and EAs in breast, endometrial, prostate, and colon cancer. For example, the
identification of differentially expressed genes in breast tumors from AAs compared with
breast tumors from EAs revealed molecular differences in expression of genes involved in
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differentiation, invasion, and metastasis (12). Furthermore, MY C pathway activation and a
stem cell-like transcriptional signature was more prevalent in breast tumors from AAs
compared with breast tumors from EAs (13). Prostate cancer appears to be more aggressive
in AA men (14, 15) and is characterized by a distinct immune phenotype (16, 17). Similar
results were observed in endometrial cancer and colon cancer (18-21).

Transcriptome profiling studies in cancer health disparities are not restricted to coding gene
expression. Numerous studies have reported variations in miRNA expression between AAs
and EAs. When comparing the miRNA profiles of endometrial tumors from AAs and EAs,
an AA-enriched signature has been identified (22). In addition, AA prostate cancer patients
have significantly lower expression of miR-152, a miRNA with tumor suppressor activity,
than EAs with prostate cancer (23). Colorectal cancers from AAs have an eightfold
enrichment of miR-1207-5p compared with a 1.2-fold increase in EAs (24). Overexpression
of miR-1207-5p was shown to drive a stem cell-like phenotype, suggesting this miRNA can
regulate stemness in AAs (24).

Collectively, coding and noncoding transcriptome studies have identified biological subtypes
in tumors from AAs and EAs with various cancer types. Such differences can be leveraged
for the development of more precise methods of diagnosis, predicting prognosis, and treating
cancer. Non-small cell lung cancer (NSCLC) is the most common form, affecting
approximately 80% to 85% of lung cancer patients. To our knowledge, no studies to date
have attempted to unravel the NSCLC transcriptome in AAs compared with EAs. In this
study, our goal was to perform comparative transcriptomic profiling of AA and EA with
NSCLC, and to determine whether racial differences in gene and miRNA expression
translates to differences in tumor biology with clinical relevance, through cellular pathway
enrichment, predicted drug response, infiltrating cells from the tumor microenvironment,
tumor immune-antigen profiling, and miRNA regulatory network analyses.

Materials and Methods

mMRNA and miRNA cohort descriptions and tissue preparation

Patients with histologically confirmed NSCLC and living in the Baltimore Metropolitan area
were prospectively recruited from seven Baltimore City hospitals to the ongoing NCI-MD
Case Control Study, as described previously (25). This study was conducted in accordance
with the Declaration of Helsinki. Institutional review boards at all participating institutions
approved the study and written informed consent was obtained from all patients. For this
study, eligibility was based on patients that had histologically confirmed NSCLC diagnosed
within the past 2 years, had been born in the United States, resident of the state of Maryland,
spoke English well enough to be interviewed, were physically and mentally capable of
performing the interview (i.e., must be able to hear the interviewer, mentally comprehend
the interviewers questions, and verbally respond), had never been interviewed as a control
for this study, did not currently reside in an institution such as a prison, nursing home, or
shelter, had no history of cancer other than nonmelanoma skin cancer or carcinoma /n situ of
the cervix (population-based control), and had a residential working phone within the home
(population-based control). Each patient was approached for informed consent by a trained
interviewer and assessed for eligibility. Once eligibility was confirmed, specimen and data
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collection ensued. Eligible participants that self-described as non-Hispanic AA or non-
Hispanic EA received a structured in-person interview. Clinical and questionnaire data for
each patient were obtained from medical records and pathology reports.

Fresh sections of human lung tumor tissues and adjacent normal lung tissues were obtained
from patients directly after surgery. After surgical removal, each tumor was macroscopically
dissected by a pathologist to remove normal tissue. FFPE H&E sections were used to
confirm the tumors contained mostly tumor cells and to inspect nonadjacent normal tissues.
Each tissue was transferred to a sample collection tube, flash frozen, and stored at —80°C.
Specimens were transported to the NCI on dry ice within 24 hours and stored at —80°C until
molecular analyses were performed. Patient characteristics for both the mRNA (n=22 AAs
and 7 =19 EAs) and miRNA cohorts (7= 42 AAs and 7= 55 EAs) are outlined in Table 1.

When available, the mRNA and miRNA cohorts included matched tumor and normal pairs.
The mRNA cohort included 11 matched pairs and five unmatched pairs from AAs and 14
matched pairs and two unmatched pairs from EAs. The miRNA cohort included 38 matched
pairs and two unmatched pairs from AAs. All the EA samples were matched. Lung cancer-
specific survival analysis was performed on samples collected from 1998 to 2014 in both the
MRNA and miRNA cohorts.

Sample selection

All patients that went for surgery and had confirmed NSCLC were eligible for tissue
collection, excluding other patients enrolled in this study. Tissue was first collected for
pathology and FFPE preparation. All remaining tissues were flash frozen and available for
use. Only RNA samples with a RIN of 5 or higher were chosen, excluding any other samples
that did not satisfy this criterion. Only samples that met the 1 ug total RNA assay
requirement were included in the mRNA analysis. The miRNA analysis required 100 ng of
total RNA, allowing for the analysis of more individuals.

mMRNA isolation

Total RNA was extracted using TRIzol following the manufacturer’s protocol (Thermo
Fisher Scientific). Isolated total RNA was quantified using a NanoDrop 1000 (NanoDrop
Products). RNA integrity was determined using an Agilent 2100 Bioanalyzer (Agilent
Technologies).

MRNA expression array data preprocessing and analysis

Microarray analysis was performed using 66 GeneChip Human Genome U133 Plus 2.0
Arrays (Affymetrix). CEL data files were imported into Partek Genomics Suite 6.6 (Partek)
for Robust Multi-Array Average preprocessing (background correction, normalization, and
summarization) and the Batch Remover Tool was used to account for batch correction.
Extensive quality control assessments were performed. Hybridization control metrics were
assessed for expected order from high to low (AFFX-r2-P1-cre-avg, AFFX-r2-Ec-bioD-avg,
AFFX-r2-Ec-bioC-avg, and AFFX-r2-Ec-bioB-avg). Labeling control metrics (derived from
B. subtilis) were assessed for expected descending order (Dap, Thr, Phe, Lys). The 3'/5’
ratio of GAPDH, B-actin, ISGF-3, and all other labeling controls were plotted. All quality
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control studies showed normal values. Visual inspection of original and summarized probe
set signal values and “frequency versus intensity” histograms reported there were no outliers
in the data.

Each array comprised of approximately 47,400 transcripts from more than 38,500 genes
over 54,675 probe sets. The Partek Genomics Suite 6.6 Gene Expression Workflow was used
to ascribe categorical variables [race (AA or EA), gender (male/female), smoking status
(never/former/current), lung tissue type (tumor or adjacent normal), survival status (deceased
or alive)]. Continuous variables were also assigned, including age and pack-years of
smoking. Principle component analysis and hierarchical clustering were employed to
explore patterns in the data. One-way ANOVAs were used to calculate statistical
significance of differentially expressed probes between tissues. Significant probes were
filtered by comparing gene expression in lung tumors with adjacent normal tissues from
AAs with a fold change of >2 or <-2 and an adjusted P value with FDR < 0.01. The same
criteria were used to filter gene expression differences between lung tumors and adjacent
normal tissues from EAs. To compare gene expression in adjacent normal tissues from AAs
and EAs, and lung tumors from AAs and EAs, respectively, significant probes were filtered
according to a fold change of >1.5 or <-1.5 and an unadjusted £< 0.05. Probes were aligned
with their corresponding gene symbols and gene symbols were collapsed to create gene
expression signature lists comprised of statistically significant genes. Primary array data are
available from the NCBI Gene Expression Omnibus (GEO; GSE102287). TCGA lung
adenocarcinoma and lung squamous cell carcinoma mRNA-sequencing data from AAs and
EAs were used as a validation cohort for population stratification.

Gene set enrichment analysis

Gene expression signature lists from AAs and EAs, which compared lung tumors with
adjacent normal tissues, were subjected to Gene Set Enrichment Analysis (GSEA) version
2.2.0 and the Molecular Signature Database version 5.1. (MSigDB; Broad Institute; ref. 26).
The GSEA Preranked Tool was used to analyze gene expression signature lists containing
columns with gene symbols and descending fold changes. All files were converted to ranked
files to be compatible with the GSEA Preranked Tool.

Connectivity map analysis

AA and EA gene expression signature lists were imported into the Connectivity Map (cmap)
build 02 (Broad Institute). The software predicted drug response profiles after comparing
gene expression signature lists with the cmap database, which contains over 7,000 gene
expression profiles representing 1,309 compounds. Probes not present on the Human
Genome U133 Plus 2.0 Arrays were removed prior to querying the database. Details of the
dataset and analytics have been previously described (27).

CIBERSORT analysis

CIBERSORT was used to quantify relative abundances of distinct immune cell types. Log,
expression of AA and EA gene expression signatures were determined in both lung tumors
and adjacent normal tissues, followed by evaluation against the LAM22 gene signature

reference. Relative fractions of 22 immune cell types were identified with a global Pvalue
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estimate. Analyses were done with 1,000 permutations and default statistical parameters
(28).

miRNA expression array data preprocessing and analysis

One hundred nanograms of total RNA from lung tumors and adjacent normal lung tissues
were used as input for nCounter Human miRNA Assay Kit version 1.6. The protocol was
followed as recommended by the manufacturer (NanoString). All samples were labeled,
amplified, hybridized, and randomized over several batches before being run on the
nCounter instrument (NanoString). Resultant RCC files were imported into the nSolver
analysis software v2 (NanoString). Samples with good overall signals after background
subtraction were normalized to the geometric mean of the top 75 miRNAs, and imported
into Partek Genomics Suite 6.6 (Partek). Principal component analysis (PCA) of lung tumors
and adjacent normal lung tissues in both AA and EA was used to inspect for the existence of
batch effects, outliers, and errors. Batch effects were identified and removed using the batch
correction feature within Partek Genomics Suite 6.6. miRNAS that were expressed in less
than 10 copies in more than 20% of the samples were excluded (/7= 666). To determine
differential expression among the remaining miRNAs (17 =136), one-way ANOVAS were
used. A fold change of >2 or <-2 and an adjusted P value with FDR < 0.01 filter was
applied to significant expression between lung tumors with adjacent normal tissues from
AAs. The same criteria were used to filter miRNA expression differences between lung
tumors and adjacent normal tissues from EAs. To compare miRNA expression in adjacent
normal tissues from AAs and EAs, significant miRNAs were filtered according to a fold
change of >1.5 or <-1.5 and an unadjusted P value < 0.05. The same criteria were used to
filter significant differences in miRNA expression between lung tumors from AAs and EAs.
TCGA lung adenocarcinoma and lung squamous cell carcinoma miRNA-sequencing data
from AAs and EAs were used as a validation cohort.

Statistical analysis

All ANOVA tests were calculated using Partek Genomics Suite 6.6 (Partek). Unpaired two-
sided ztests with Welch corrections were calculated using GraphPad Prism 6 (GraphPad
Software). Hypergeometric distributions were calculated by using the HYP-GEOM.DIST
function in Microsoft Excel.

Results

Comparison of mMRNA and miRNA patient cohorts

There were no statistically significant differences in clinical and demographic variables by
race in the patient cohort used for our mRNA analysis. In the cohort used for miRNA
analysis, we report that the AA patients were slightly younger that the EA patients (Table 1).
This is consistent with the literature (29). In addition, we find that the AA patients have
fewer pack-years of smoking and more tumors at stage 111 compared with EAs (Table 1).
Both factors are consistent with the presentation of NSCLC in AAs. Notably, for both the
mRNA and miRNA cohorts, the histologic type was predominantly adenocarcinoma,
suggesting histologic differences are unlikely to have confounded findings. During a 16-year
period, from 1998 to 2014, there were no significant differences in lung cancer-specific
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survival between AAs and EAs. However, AAs had a better 5-year survival (1825 days) in
both the mRNA and miRNA cohorts (Supplementary Fig. S1).

Characterization of the coding transcriptome in AAs and EAs with NSCLC

We profiled 66 matched lung tumor and normal tissues from AAs (7= 22 individuals) and
EAs (n= 19 individuals) with NSCLC to compare mRNA expression and identify race-
enriched transcriptional programs (Table 1). Unsupervised PCA of total gene expression
showed lung tumors and normal lung tissues separated into two groups by sample type but
AA and EA tissues did not cluster independently by race (Supplementary Fig. S2). This
observation is consistent with previous studies that have shown differences in tumor biology
are driven primarily by small subsets of dysregulated genes in AAs and EAs (12, 16, 20, 30).
However, unsupervised PCA of differentially expressed genes revealed lung tumors and
adjacent normal tissues strongly clustered independently in both AA and EA populations
(Fig. 1A). Comparing gene expression profiles between lung tumors and adjacent normal
tissues from AAs revealed 3,500 probes (corresponding to 2,210 genes) were differentially
expressed (fold change of >2 or <-2 and an adjusted P value with FDR < 0.01). A total of
4,707 probes (corresponding to 2,921 genes) were differentially expressed in lung tumors
from EAs compared with adjacent normal tissues (fold change of >2 or <-2 and an adjusted
Pvalue with FDR < 0.01). Although there were a significant number of overlapping probes,
a total of 637 and 1,844 probes were shown to be distinctly expressed in either AAs only or
EAs only, respectively (Fig. 1B).

To test whether these two gene subsets are truly enriched in one race compared with another,
we performed PCA for the AA-and EA-enriched gene subsets in both populations,
respectively. We analyzed AA differential gene expression in samples from AAs and EAs.
The AA-enriched differential gene expression separated lung tumors and adjacent normal
tissues in both populations; however, the clustering pattern was stronger in AAs compared
with EAs (Supplementary Fig. S3A). Next, we analyzed EA-enriched differential gene
expression in samples from AAs and EAs. The EA-enriched differential gene expression
clearly separated lung tumors and normal tissues from EAs but did not strongly separate
tissues from AAs (Supplementary Fig. S3B). These data support our conclusion that,
although many differentially expressed genes are shared among both populations, lung
cancers from AAs and EAs have population-specific changes in differential gene expression.

We explored whether these AA-enriched and EA-enriched gene lists represented specific
and distinct cellular pathways. GSEA comparisons revealed that many overlapping pathways
characterized NSCLCs from AAs and EAs; however, these cancers are also defined by
distinct cellular pathways in both populations (Supplementary Fig. S4; Supplementary
Tables S1-S3). Specifically, we found that lung tumors from AAs were particularly enriched
in stem cell and invasion pathways (9.9% tumors from AAs vs. 4.5% tumors from EAS),
whereas lung tumors from EAs were enriched in cell cycle, mitosis, and proliferation
pathways (4.5% tumors from EAs vs. 0.1% tumors from AAs; Fig. 1C).
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Predicted differences in therapeutic response based on race-enriched gene expression
profiles in AAs and EAs with NSCLC

The Connectivity Map (cmap), a drug response prediction tool, contains an extensive
repertoire of drug-response profiles based on gene expression signature changes in cultured
cancer cells. Using the cmap database, we explored the potential of tailoring treatment
options for AA and EA NSCLC patients based on their gene expression profiles. The
relationship between AA-enriched gene expression signatures in lung tumors and predicted
drug responses was compared with the predicted drug response profiles from EA-enriched
lung tumor gene signatures. Some drug resistance and sensitivity response profiles were
shared among both populations (Fig. 2A; Supplementary Tables S4 and S5). However, a
significant proportion of drug response profiles were population-specific and unique to
either AAs or EAs (Fig. 2A; Supplementary Tables S4 and S5). AAs were predicted to be
resistant to 53 drugs to which EA were sensitive, including irinotecan (Fig. 2B;
Supplementary Table S6).

Leukocyte composition of the tumor microenvironment in AAs and EAs with NSCLC

Previous studies of racial differences in prostate, breast, and colorectal tumor biology have
observed differences in immune profiles (16, 17, 20, 21). Using CIBERSORT, a
bioinformatic approach to characterize immune cell composition in bulk tumors based on
gene expression profiles, the abundance of 22 different human leukocytes in lung tissues
from AAs and EAs were compared. Leukocyte gene expression signatures varied by lung
tissue type (Fig. 3A; Supplementary Fig. S5A). Plasma cells were significantly elevated in
lung tumors relative to normal tissues in both EAs and AAs (Fig. 3B).

When comparing differences in leukocyte composition by race, lung tumors from AAs had
significantly greater fractions of follicular helper T cells, gamma delta T cells, M1
macrophages, and M2 macrophages (Fig. 3C; Supplementary Fig. S5B). This significant
elevation was not seen in lung tumors from EAs. In contrast, statistically significant
differences in resting mast and dendritic cell compositions were observed in EA lung tissues
only (Supplementary Fig. S5C). These results suggest that, similar to other cancer types, the
type and abundance of infiltrating immune cells vary in tumors of EA and AA origin (31,
32).

Cancer immunotherapies targeting immune checkpoint proteins have emerged in recent
years as an effective cancer therapeutic (33). PD-L1 and PD-L2 are frequently overexpressed
on tumor cells, and by binding to PD-1 receptor on activated T cells, they mediate an
inhibitory response. To our knowledge, no studies to date have compared PD-L1 and PD-L2
expression among AAs and EAs with NSCLC. In addition, targeted therapies against
inhibitory receptors expressed on T cells, such as CTLA-4, have shown great promise in
clinical trials for multiple cancers, including lung cancer (34). Although no difference in
PD-L1and PD-L2expression was detected in tumors from both EAs and AAs, CTLA-4
expression was higher in tumors from AAs compared with EAs. However, it is not clear
whether this is attributed to a greater infiltration of T cells from the tumor microenvironment
or the lung tumors themselves (Supplementary Fig. S5D).
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Transcriptomic evidence of population stratification in AAs

We were also interested in the identification of population-specific genes, as previous studies
have reported higher expression of PSPHL, CRYBBZ, AMFR, and SOS1 in tissues (both
tumor and adjacent normal) from AAs (16, 18, 35). We therefore compared AA-enriched
and EA-enriched gene expression between lung tumors (fold change of >1.5 or <-1.5 and an
unadjusted Pvalue < 0.05), and AA-enriched and EA-enriched gene expression between
adjacent normal lung tissues (fold change of >1.5 or <=1.5 and an unadjusted Pvalue <
0.05). PCA revealed gene expression in both lung tumors and adjacent normal tissues
separated independently by race (Fig. 4A). A total of 501 differentially expressed probes
varied significantly between lung tumors from AAs compared with lung tumors from EAs
(Fig. 4B).

When comparing differential gene expression between adjacent normal lung tissues from
both AAs and EAs, 478 probes were found to be significant (Fig. 4B). A total of 57 probes,
corresponding to 40 different “population-specific” genes, were significant in both lung
tumors and adjacent normal tissues from AAs compared with EAs (Fig. 4B; Supplementary
Table S7). This included genes previously found to be upregulated in breast, prostate, and
endometrial tumors from AAs more than EAs (e.g., PSPHL, CRYBBZ2, AMFR, SOS1, Fig.
4C; Supplementary Fig. S6A,; refs. 12, 18, 32). We also identified three novel population-
specific genes located in the same cytogenetic band, chromosome 17q21.31 (ARLI17A,
LRRC37A3, and KANSL 1) with decreased expression of these genes observed in AAs (Fig.
4D; Supplementary Fig. S6B). Using a large validation cohort of lung tumor data from AAs
and EAs in TCGA, we were able to validate these population stratification results for
PSPHL, CRYBBZ, ARL17A, and LRRC37A3 (Fig. 4C and D).

Comparative analysis of the noncoding transcriptome in NSCLCs from AAs and EAs

Although many studies have examined the role of miRNAs in NSCLC, no studies to date
have questioned the importance of miRNAs in NSCLC health disparities. We profiled 191
paired lung tumors and adjacent normal tissues from AAs (n= 42 individuals) and EAs (n=
55 individuals) to compare their miRNA expression profiles (Table 1). PCA analysis
revealed distinct clustering between lung tumors and adjacent normal tissues in both AAs
and EAs (Fig. 5A). Many differentially expressed miRNAs were shared in both populations
(n=18) and included miRNAs known to be associated with NSCLC, such as miR-21 (Fig.
5B; Supplementary Table S8). In addition, we found seven differentially expressed miRNAs
in AAs only, compared with 10 found to be differentially expressed in lung tumors from
EAs (Fig. 5B; Supplementary Table S8).

Hypergeometric testing can be used to find functional relationships between interesting gene
lists and to better elucidate biological mechanisms. To test for overlap between differentially
expressed genes, and differentially expressed miRNA gene targets, hypergeometric tests
were performed. The hypergeometric distribution was calculated to determine the
probability of the AA-enriched differential gene expression signature sharing a subset of
AA-enriched miRNA target genes by chance alone. The test was repeated to assess EA
target enrichment. The hypergeometric Pvalues determined that AA-enriched differentially
expressed genes have significant overlap with AA-enriched miRNA gene targets
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(hypergeometric P <0.001; Supplementary Fig. S7A). Similarly, the hypergeometric P
values for EA-enriched differentially expressed genes are highly significant in the gene
expression signatures enriched in EA (Hypergeometric A< 0.001; Supplementary Fig. S7B).
This suggests that population-specific miRNA expression signatures may drive the
differential gene expression patterns observed in lung tumors. We also observed that
differentially expressed miRNAs were shared and distinct in lung tissues from AAs
compared with tissues from EAs (Fig. 5C). Lung tumors from AAs have significantly
increased expression of miR-191 when compared with lung tumors from EAs (Fig. 5D;
Supplementary Table S9). Interestingly, one miR-191 target gene (DUSP7)was also a
mMRNA target gene differentially expressed only in AAs. The DUSP7 gene was
downregulated in lung tumors from AAs compared with normal lung tissues from AAs (data
not shown). This gene was homozygously deleted in malignant mesothelioma cells and had
a proposed tumor suppressor function (36). There are no reports to date studying the role of
DUSP7in lung cancer.

Discussion

Cancer genomics has the potential to identify biologic determinants associated with lung
cancer health disparities (37). Recent work has shown mutational frequencies in key lung
cancer target genes among AAs and EAs were not significantly different, suggesting
mutational profiles cannot explain the racial disparities observed (38).

However, to date no study has explored this hypothesis at the transcriptomic level in
NSCLC. Most of what is known about NSCLC subtypes has emphasized tumor biology in
EAs. We addressed this knowledge gap through comparative transcriptomics in AAs and
EAs with lung cancer. Our study finds that although there are similarities in gene signatures
between AAs and EAs, there are distinct elements of both the coding and noncoding
NSCLC transcriptome that vary between the populations with clinical implications. We
found that lung tumors from AAs were enriched in stem cell and invasion pathways,
whereas lung tumors from EAs were enriched in cell cycle, mitosis, and proliferation
pathways. This enrichment of stem cell gene signatures is concordant with studies of other
cancer types in AAs. For example, recent work in colorectal cancer reported that the number
of cancer stem cells was higher in AAs compared with EAs (24, 39), whereas studies have
also linked distinct stem-like biology to prostate cancer in AAs (40). Furthermore,
comparing normal breast tissues from AAs and EAs, it was revealed that AA women had
higher levels of gene expression associated with stemness and EMT than EA women (41).
The 7P53 Arg’2Pro SNP has been connected with stem cell biology. Interestingly, the Pro
allele of the rs1042522 SNP is more common in AAs (42), is associated with a larger
number of stem cells (19, 43) and increased cancer risk (19, 42). Interestingly, this SNP was
only associated with NSCLC risk in AAs (42) and not EAs (44). Collectively, these data
suggest that a stem-like signature is enriched in cancers from AAs and that it may in part be
driven by the Arg”2Pro allele.

We also assessed the noncoding transcriptome and examined both tumor biology differences
and population stratification in miRNA expression between AAs and EAs. Eight miRNAs
were differentially expressed in AAs only. Notably one of these, miR-30b, was
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downregulated in lung tumors compared with adjacent normal tissues in AAs. It has been
reported that miR-30b inhibits invasion and migration in NSCLC (45). Another miRNA
differentially expressed in AA only, miR-106b, was upregulated in lung tumors compared
with adjacent normal tissues. This miR has been associated with increased invasion in
NSCLC cells (46). The observation that lung tumors in AAs selectively downregulate
miR-30b and upregulate miR-106b is consistent with our observations that lung tumor
biology in AAs is characterized by invasion and distinct from lung tumor biology in EAs.
Our analysis also identified miR-191 as a population stratified miRNA in AAs. We found
that miR-191 expression was significantly elevated in both adjacent normal and lung tumor
tissues from AAs compared with EAs. The role of increased miR-191 in normal lung tissue
is unknown, however, transformed human bronchial epithelial cells had increased miR-191
and more cancer stem cell-like properties (47). This study is consistent with our observation
that lung tumors from AAs are enriched in stem cell pathways.

A variety of approaches have been used to describe drug- induced transcriptional changes.
AA- and EA-enriched differential gene expression signatures were compared to evaluate
whether transcriptional differences in NSCLC translated to population differences in
predicted drug response. Further supporting our pathway analysis, drug resistance profiles in
AA included drugs linked to stem cell and invasion pathways, including betulinic acid,
rosiglitazone, and adiphenine. For example, betulinic acid and its derivative have been
shown to target cancer stem cells and also have anticancer potential in NSCLC (48-50).
Rosiglitazone, a thiazolidinedione used to treat diabetes, has demonstrated both antitumor
and chemopreventive effects (51, 52) and is also linked with stem cell signaling (53, 54).
Interestingly, NSCLC incidence was lower in AA patients with diabetes treated with
thiazolidinediones when compared with EA patients with diabetes (55). Also of interest,
adiphenine is an inhibitor of nicotinic receptors, and some nicotinic receptors in the lung
drive invasion and metastasis (56).

On the basis of their gene expression profiles, AAs were predicted to be resistant to
irinotecan, whereas EAs were predicted to be sensitive. Irinotecan, a topoisomerase |
inhibitor, has been used to treat small cell lung cancer. There are seven clinical trials in the
United States currently recruiting participants to study the efficacy of combination
chemotherapy with irinotecan in NSCLC. If successful, this is an even greater impetus to
recruit more AAs to enroll in NSCLC clinical trials and provides us with another point of
intervention to reduce cancer health disparities. Because of a high percentage of matched
samples, we believe our results are not products of individual tumor expression diversities in
AAs and EAs. The Connectivity Map is a collection of genome-wide transcriptional
expression data from cultured human cell lines treated with bioactive small molecules.
Pattern-matching algorithms enable the discovery of functional connections between drugs,
genes, and cancers. However, it is possible primary human tissues may vary from that of
cultured human cells. Further clinical and mechanistic studies are warranted.

The various types of adaptive and immune cells that infiltrate the tumor microenvironment
are currently under active investigation. To our knowledge, leukocyte fractions have never
been investigated in a lung cancer racial disparities context. Recent work has shown that
lung adenocarcinoma patients have elevated tumor-infiltrating plasma cells which cluster
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into a “plasma cell immunosubtype” that is associated with poor prognosis (57). Leveraging
the transcriptomic profiles of our samples, we used the CIBERSORT prediction tool to
estimate and compare the immune cell infiltrate in NSCLCs from AAs and EAs. Consistent
with previous results, we also observe an abundance of plasma cells in lung tumor tissues
from both populations. Interestingly, we observed that lung tumors from AAs had
significantly more follicular helper T cells, gamma delta T cells, and M1 and M2
macrophages when compared with adjacent normal tissues. Notably, M2 macrophage
polarization leads to the production and recruitment of follicular helper T cells, and tumor
promotion (58). We did not observe these findings in lung tumors from EA patients, raising
the possibility that inflammatory marker profiles also differ by race. Although we did not
observe a difference in the expression of PD-L1and PD-L2between AA and EA tumors, the
increase in M2 macrophages in lung tumors from AAs could have implications for the
efficacy of immunotherapy. We did observe significant increases in C7LA-4 expression in
AA tumors, compared with EAs. It is not clear whether this is attributed to a greater
infiltration of T cells from the tumor microenvironment or the lung tumors themselves and
should be followed up in future studies. Moreover, these mRNA-based results should be
validated at the protein level.

The initial focus of our study aimed to investigate differences in tumor biology between AAs
and EAs with NSCLC at the transcriptomic level. Previous studies in breast, colorectal,
prostate, and endometrial tissues have identified genes associated with population
stratification, such as PSPHL, CRYBBZ, AMFR, and SOS1 (16-18, 20, 32, 40). In our
study, we also identified distinct expression of these transcripts in AA lung tissues (both
adjacent normal and tumors) for the first time. In addition, we identified a novel region on
chromosome 17g21.31 that includes the genes ARL17A, LRCC37A3, and KANSL1.
Expression of these three genes was significantly lower in AA lung tissues compared with
EAs. Structural diversity at the 17921 region was previously identified and encompasses an
inversion polymorphism with segmental duplication (59). Having either the direct (H1) or
inverted haplotype (H2) has been reported to confer differential susceptibility to nonallelic
homologous recombination (NAHR) and diseases, including genomic disorders and cancer.
European populations have a high frequency of duplication events, whereas these structural
duplications are essentially absent from most West African populations (59). Our findings
therefore are consistent with these observations and provide transcriptomic support for
genetic diversity at 17921 in AAs and EAs.

High forced expiratory volume in 1 second (FEV1) has been used as a clinical measure of
lung health. The 17921 segmental duplication has been associated with low FEV and higher
rates of COPD (a known risk factor for NSCLC development) in never and current smokers
of European ancestry (60). Specifically, the KANSL 1 duplication event was associated with
extreme lows of FEV and led to the production of a novel KANSL 1 transcript resulting in
deficient histone acetyltransferase activity. Given that low FEV1 is a feature of COPD, and
that low FEV/ is associated with duplication within 17g21, this structural genomic diversity
could, at least in part, explain the higher incidence of COPD in EAs.

Recent work further elaborates on the link between COPD and chromosomal region 17q.
Some 43 new signals associated with lung function and 97 signals were associated with
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COPD (61). Two other genes, EFCAB5(17q11.2) and C/SD3(17912), were labeled as
high-priority genes according to expression data and functional annotation. In our cohort,
differential expression of EFCAB5and C/SD3 between tumor and normal samples from
both AAs and EAs were not significant. This is not surprising as these 17q regions have not
been associated with genetic ancestry in Africans or Europeans in the literature. Seven genes
have FDA-approved targeted drug therapies. This knowledge, along with our Connectivity
Mapping results predicting distinct drug response profiles in AAs and EAs, opens new
avenues for studying the interaction of genetic susceptibility to COPD and COPD treatment
by race. These findings are based on epidemiologic data and further molecular studies are
needed to elucidate the biological mechanisms that underlie these associations, and their
relative risk to lung cancer. This population stratification analysis has, for the first time,
provided novel insights into the divergent racial prevalence of COPD. Future work will need
to determine whether there is a link between this area of population stratification with COPD
and NSCLC in individuals with African ancestry.

For the first time, our comparative profiling of the coding and noncoding NSCLC
transcriptome provides evidence that AA-enriched and EA-enriched differential gene
expression and miRNA expression exists in NSCLC. Taken together, our data have shown
AAs and EAs with NSCLC are likely to diverge in potentially clinically meaningful ways.
Pathway enrichment based on population-enriched gene expression signatures varied
considerably, with overrepresentation of pathways associated with a more stem-cell like
phenotype being present in AAs and driven, at least in part, by miRNAs. Predicted drug
sensitivity and resistance analysis suggested that AAs and EAs may not equally benefit from
the same range of clinical (current) and preclinical (future) drugs. We also identified racial
differences in the abundance and composition of infiltrating immune cells from the lung
tumor microenvironment, which must be considered as cancer immunotherapy is rapidly
moving towards that being a standard of care. Leveraging transcriptomic differences, along
with integrative genomics, in NSCLCs from AAs and EAs has important implications for
combinatorial therapeutic interventions based on population differences in tumor biology.
Understanding the racial differences in lung tumor biology between AAs and EAs, and
accounting for its contribution to therapeutic response, could ultimately help to reduce
morbidity and mortality in both populations.
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Translational Relevance

Historically, AAs have been underrepresented in clinical cancer research. Diversity helps
to ensure equal access to new cancer therapies and better treatment for everyone. Cancer
research is increasingly focused on classifying patients according to molecular profiles
for particular groups. We provide a detailed molecular analysis from paired non-small
cell lung cancer (NSCLC) tissues that identified differential coding and noncoding RNA
expression in NSCLC from AAs and EAs. Similar to other tumor types, we determined
that race- enriched gene and miRNA expression signatures suggest a more aggressive
disease in AAs. On the basis of predicted drug resistance to adjuvant chemotherapies,
AAs may not equally benefit from the same range of clinical drugs as EAs. Our findings
provide a rationale for integrating coding and noncoding transcriptome profiles, along
with clinical, demographic, and genomic data, when determining treatment options.
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Figure 1.

Comparative analysis of differential gene expression in lung cancers from AAs and EAs. A,
Unsupervised PCA of significant gene expression signatures between lung tumors (blue) and
adjacent normal lung tissues (red) from AAs and EAs. B, Bar graph of overlapping and
distinct gene expression signatures from lung tumors compared with adjacent normal lung
tissues in AAs and EAs. C, Gene Set Enrichment Analysis of pathways enriched in lung

tumors from AAs and EAs.
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Figure 2.
Predicted drug response profiles in lung cancers from AAs and EAs based on gene

expression signatures. A, Bar graphs comparing drug response profiles in lung tumors from
AAs and EAs. B, Representative list of predicted drug resistance and sensitivities in lung
tumors from AAs and EAs.
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Figure 3.
Human leukocyte composition of lung cancer evaluated by CIBERSORT based on gene

expression. A, Leukocyte composition in normal and lung tumor tissues from AAs and EAs.
PCA of leukocyte composition according to tissue type (blue spheres = tumor; red spheres =
normal). B, Differences in plasma cell representation between normal and lung tumor
tissues. C, Population-specific differences in follicular helper T cells in AAs and EAs.
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Figure 4.

Transcriptomic evidence of population stratification in AAs. A, PCA for significant
differential gene expression in tumor and normal tissues (black spheres = AAs; gray spheres
= EASs). B, Distinct and overlapping differential gene expression from lung tumors compared
with adjacent normal lung tissues in AAs and EAs. C, Expression of PSPHL and CRYBBZ2
in lung tissues from AAs and EAs. D, Expression of ARL17A and LRCC37A3in lung

tissues from AAs and EAs.
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Figureb.
miRNA target gene enrichment in differentially expressed genes from AAs and EAs. A,

PCA for differential miRNA expression in adjacent normal and lung tumor tissues from AA
and EA (black spheres = normal; gray spheres = tumor). B, Bar graphs displaying distinct
and overlapping differential miRNA expression from lung tumors compared with adjacent
normal lung tissues from AAs and EAs. C, Distinct and overlapping miRNA expression
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comparing AA and EA lung tumor tissues. D, Differential miR191 expression by race in
lung tumors.
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