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ABSTRACT
◥

The nuclear receptor (NR) superfamily is one of the major
druggable gene families, representing targets of approximately
13.5% of approved drugs. Certain NRs, such as estrogen receptor
and androgen receptor, have been well demonstrated to be func-
tionally involved in cancer and serve as informative biomarkers and
therapeutic targets in oncology. However, the spectrum of NR
dysregulation across cancers remains to be comprehensively char-
acterized. Through computational integration of genetic, genomic,
and pharmacologic profiles, we characterized the expression,
recurrent genomic alterations, and cancer dependency of NRs
at a large scale across primary tumor specimens and cancer cell
lines. Expression levels of NRs were highly cancer-type specific
and globally downregulated in tumors compared with corre-
sponding normal tissue. Although the majority of NRs showed
copy-number losses in cancer, both recurrent focal gains and

losses were identified in select NRs. Recurrent mutations and
transcript fusions of NRs were observed in a small portion of
cancers, serving as actionable genomic alterations. Analysis of
large-scale CRISPR and RNAi screening datasets identified 10
NRs as strongly selective essential genes for cancer cell growth. In
a subpopulation of tumor cells, growth dependencies correlated
significantly with expression or genomic alterations. Overall, our
comprehensive characterization of NRs across cancers may
facilitate the identification and prioritization of potential bio-
markers and therapeutic targets, as well as the selection of
patients for precision cancer treatment.

Significance:Computational analysis of nuclear receptors across
multiple cancer types provides a series of biomarkers and thera-
peutic targets within this protein family.

Introduction
Nuclear receptors (NR) are a group of ligand-regulated transcrip-

tion factors, which are activated by lipophilic ligands such as steroid
hormones, thyroid hormones, retinoic acids, and fatty acids (1–6). The
human NR superfamily comprises 48 members that are further
classified into seven subfamilies according to their sequence
homology (1–6). The NRs commonly share five functional domains,
including an N-terminal regulatory domain (A/B domain), a DNA-
binding domain (DBD, C domain), a hinge region (D domain), and a
ligand-binding domain (LBD, E domain). The DBD and LBD are
highly conserved, while the other domains, such as the A/B domain,
are more flexible in length and sequence (1–6). The binding of a select

ligand to the LBD results in a conformational change in theNR, leading
to activation. Canonically, activated NRs, which are originally located
in the cytoplasm, dissociate from heat shock proteins, form homo-
dimers, and bind to their respective DNA response elements through
the DBD. Alternatively, another class of NRs, which originally form
heterodimers with retinoid X receptors (RXR) and bind to DNA
elements in the absence of ligands, dissociate with their corepressors
and recruit coactivators upon activation by ligand binding. In both
cases, general transcription factors and coregulators are recruited by
the NR after activation, thereby specifically regulating gene transcrip-
tion (1–6). Although interactions between NRs and their ligands are
believed to be essential for activating or suppressing the transcription
of NR-targeted genes, many NRs have no identified endogenous
ligands (or at least ligands that are generally agreed upon); these NRs
are therefore referred to as “orphan receptors.”Orphan receptors were
initially identified by structure similarity to known NRs (7–9).
Although lacking identified ligands, orphan receptors play important
roles in biological functions and diseases (7–9).

Because of their crucial roles in a broad range of physiologic
processes such as homeostasis, metabolism, immunity, and develop-
ment, NRs have been demonstrated to be functionally involved in
cancers, especially in hormone-dependent cancers, and serve as infor-
mative biomarkers and therapeutic targets in oncology (2–6, 10). For
example, the essential role of androgen receptor (AR) signaling in
prostate cancer has been well established and AR-targeting therapies
have been successfully applied for prostate cancer treatment in the
clinic. Recently, the emerging function of AR in breast cancer has also
been recognized. Estrogen receptor alpha (ER, encoded by ESR1) and
progesterone receptor (PR, encoded by PGR) have been widely used
as biomarkers for molecular subtype classification and outcome
prediction in patients with breast cancer. Hormone therapy (e.g.,
blocking ER) has been a standard treatment for ER- and/or

1Center for Research on Reproduction & Women’s Health, University of
Pennsylvania, Philadelphia, Pennsylvania. 2Department of Obstetrics and
Gynecology, University of Pennsylvania, Philadelphia, Pennsylvania.
3Division of Hematology, Department of Internal Medicine, Ohio State
University, Columbus, Ohio. 4Department of Radiation Oncology, University
of Pennsylvania, Philadelphia, Pennsylvania. 5Department of Pathology and
Laboratory Medicine, University of Pennsylvania, Philadelphia, Pennsylvania.
6Bioscience, Research and Early Development, Oncology R&D, AstraZeneca,
Waltham, Massachusetts.

Note: Supplementary data for this article are available at Cancer Research
Online (http://cancerres.aacrjournals.org/).

J. Jiang, J. Yuan, and Z. Hu contributed equally to this article.

Corresponding Authors: Xiaowen Hu, Department of Obstetrics and Gynecology,
University of Pennsylvania, 421 Curie Blvd, Philadelphia, PA 19104. Phone: 215-898-
6381; E-mail: xiaowenh@upenn.edu; and Lin Zhang, linzhang@upenn.edu

Cancer Res 2022;82:46–59

doi: 10.1158/0008-5472.CAN-20-3458

�2021 American Association for Cancer Research

AACRJournals.org | 46

D
ow

nloaded from
 http://aacrjournals.org/cancerres/article-pdf/82/1/46/3014370/46.pdf by guest on 19 M

ay 2023

http://crossmark.crossref.org/dialog/?doi=10.1158/0008-5472.CAN-20-3458&domain=pdf&date_stamp=2021-12-14
http://crossmark.crossref.org/dialog/?doi=10.1158/0008-5472.CAN-20-3458&domain=pdf&date_stamp=2021-12-14


PR-positive breast cancer. Given that retinoic acid receptors (RAR)
and RXRs) regulate cancer cell differentiation, growth, and survival,
RAR and RXR modulators have been used to treat certain types of
hematologic malignancies and sarcoma. Notably, the NR super-
family represents one of the major druggable target families due to
their ability to bind specific natural and synthetic ligands, which can
be easily modified or replaced by drug design as needed. Approx-
imately 13.5% of FDA-approved drugs target NRs (11). However,
target distribution of these drugs is extremely biased and with
limited application in cancer treatment (2–6, 10). Although select
NRs, such as ER and AR, have been intensively studied in specific
cancer types, the genomic landscape for the majority of NR super-
family members is still understudied in the context of cancer,
resulting in a lack of development for NR-based biomarkers and
therapeutics in cancer treatment. Notably, beyond ER and AR, it
has been reported that the expression levels of multiple NRs are
significantly dysregulated in cancers (5, 12), strongly indicating
functional roles for NRs in tumorigenesis. However, a compre-
hensive spectrum of expressional dysregulation, genomic altera-
tions, and functional dependency of NRs across the major types of
adult cancers remains uncharacterized. Recent efforts on large-
scale profiles of cancer genomes and cancer dependencies have
provided powerful resources for systematically identifying novel
therapeutic targets. Analyzing recurrent genomic alterations have
led to success in identifying cancer drivers because recurrent
genomic events in cancer strongly indicate a higher possibility of
a gene playing a causal role in cancer (13–15). With this regard, we
comprehensively characterized the expression, recurrent copy-
number alterations, mutations, and transcript fusions of 48 NR
genes in more than 10,000 primary tumor specimens across 33
cancer types. Furthermore, cancer dependencies of these NR genes
were also systematically analyzed in large-scale RNAi/CRISPR
screening datasets (16–18). By integrating multidimensional stud-
ies of the genome, functionome and druggome, we provide a
comprehensive resource for NRs across human cancers.

Materials and Methods
The genomic datawere retrieved, processed, and analyzed through a

master computational protocol developed by the Functional Cancer
Genome project (FCG, http://fcgportal.org/home/) as described by our
previous publications (19–21) as well as Supplementary Materials and
Methods section.

RNA sequencing data processing and gene expression analysis
All RNA sequencing (RNA-seq) data were processed through

a pipeline developed by the UCSC Toil RNA-seq Recompute Com-
pendium (22). A NR gene was defined as positively expressed in a
given tissue or cancer type if its mRNA expression was reliably
detected in at least 10% of specimens [i.e., the 90th percentile of
fragments per kilobase per million mapped reads (FPKM) value ≥1].
The differential expression of NRs between The Cancer Genome
Atlas (TCGA) tumor specimens and adjacent normal tissues were
estimated by DESeq2 (23). The Padjusted < 0.05 and absolute log fold
change ≥0.5 were set as threshold for significant change. The tissue
specificity index (Tau value) for each NR genes in TCGA tumor
samples was calculated as reported previously (24, 25). TCGA
RNA-seq data were used for the analysis. Briefly, the RNA-seq
data were log transformed [samples with NR gene expression
(FPKM value) <1 were defined as not expressed for that given NR
and set as “0” after transform]. Then a mean expression value of

each NR gene was calculated as the expression level for each cancer
type. The Tau value was calculated as follows:

t ¼
Pn

i¼1 1� bxið Þ
n� 1

; bxi ¼ xi
max1�i�nðxiÞ ;

in which n represents the number of cancer types, xi represents the
expression level of the given cancer type and bxi is the expression level
for the given cancer type normalized by themaximal expression in all
cancer types. A threshold of Tau value ¼ 0.8 was set as previously
descripted (24).

SNP array data collection and recurrent focal somatic copy-
number alteration estimation

Segmentation files of TCGA tumor samples were downloaded from
the TCGA GDC Data Portal (https://portal.gdc.cancer.gov). For the
same participant, one pair of tumor and matched control specimen
was selected for ABSOLUTE analysis (26) and one tumor sample was
kept for focal somatic copy-number alteration (SCNA) analysis.
Significantly altered recurrent focal genomic regions was identified
by the Genomic Identification of Significant Targets in Cancer
(GISTIC 2.0) algorithm (https://www.broadinstitute.org/cancer/cga/
gistic) in a given tumor type. We excluded tumors that had more than
2,000 segments from our analysis. Default parameters of GISTIC were
used with the confidence level set to 0.99 (by -conf). Focal events with
q value below 0.25 were considered as significant. Significant focal
events in individual samples were then classified into four categories
according to the amplitude threshold of GISTIC. In each cancer type, a
GISTIC score (G-score) was generated by GISTIC for each NR gene
for gain or loss separately as described by our previous publica-
tions (19–21). Genes with G-score < 0.1 were excluded from down-
stream analysis due to the low frequency and/or amplitude. Putative
cancer-causing NR genes driven by SCNAs were identified using four
criteria (19–21).

Whole-exome sequencing data collection and recurrent
mutation gene estimation

Mutation Annotation Format (MAF) profiles were retrieved from
TCGA Multi-Center Mutation Calling in Multiple Cancers (MC3)
project (https://doi.org/10.7303/syn7214402; ref. 27). Variants from
each caller were merged, QC filtered and stored in MAF file. We
integratedfive independentmethods to identify recurrentmutations as
described by our previous publications (19–21). A mutation index “x”
(ranges from 0 to 5) was assigned to a gene that had passed the
threshold of “x” out of five programs in a given cancer type. Genes with
mutation index ≥ 2 were considered as recurrently mutated. A
mutation score (M-score) was also calculated for each mutated NR
gene in a given cancer type (19–21).

Cell culture
Cancer cell lines were purchased from ATCC, NCI Developmental

Therapeutics Program, and Sigma-Aldrich (details in Supplementary
Materials andMethods). All cell lines were authenticated by providers
upon purchase. Cells were periodically tested for Mycoplasma using
MycoAlert Mycoplasma Detection Kit (Lonza). Cells used for experi-
ments were within five passages after thawing.

Data availability
The data generated by this study are publicly available through the

FCG data portal (http://fcgportal.org/home/) and The Cancer Nuclear
Receptor Atlas website (http://fcgportal.org/TCNRA/).
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Results
NR superfamily in the human genome

A total of 48 genes encoding NRs in the human genome were
characterized in our current study (Fig. 1A; Supplementary Table S1).
Among them, 37.5% (18/48) were defined as understudied genes (i.e.,
score<150) based on their PubTator scores, which represent the
numbers of publications related to that given gene (Fig. 1A and B;
Supplementary Table S1). Published studies on NRs were narrowly
focused on limited subfamilies such as subfamilies 1 and 3. Among
NRswith higher PubTator scores, 10.4% (5/48) showed extremely high
scores (>4,000), representing themost pervasively studiedNRs includ-
ing ESR1, AR and PGR (Fig. 1C). In contrast, NRs in subfamily 2
(except RXRA and HNF4A) were commonly understudied (83.3%) in
biology, including 75.0% with PubTator scores less than 100. Next, the
drug development status of NRs was analyzed on the basis of their
target development levels (TDL), which were estimated by the Illu-
minating the Druggable Genome project of NIH. As expected, NRs
showed significantly higher portions of Tclin (37.5%, i.e., targeted by
approved drugs) and Tchem (39.6%, i.e., targeted by small molecules
that satisfy the activity thresholds; Fig. 1B; Supplementary Table S1),
compared with all protein-coding genes in the human genome (2.9%
Tclin and 5.9% Tchem). At the level of subfamilies, subfamilies 1 and 3
were enriched with NRs that were defined as Tclin or Tchem.
Subfamily 3, which included ESR1, AR, and PGR, had the highest
percentage ofmemberswith approved drugs (Tclin: 66.7%;Fig. 1C). In
contrast, other subfamilies showed lower TDLs, and subfamilies 0, 4, 5,
and 6 had nomembers classified as Tclin. Consistently, the numbers of
chemical compounds/approved drugs were highly correlated with the
PubTator scores across NRs (Fig. 1C). Although NRs represent one of
the most well-established druggable gene families, showing signifi-
cantly higher level of TDLs (Tclin and Tchem) compared to protein-
coding genes and other druggable gene families overall, the distribu-
tion of targeted NRs was extremely biased among subfamilies, and was
even unbalanced within the same subfamily (Fig. 1C). For example,
75.3% (162/215) of approved NR drugs target the NRs in subfamily 3,
and 63 of them target a singlemember of this subfamily (glucocorticoid
receptor, NR3C1). Finally, the application of NR drugs is limited in
cancer therapy. Although seven NRs currently serve as potential
anticancer drug targets under clinical development, the approved
applications of NR-targeting drugs in oncology were limited to ER,
AR, RXRs, and RARs (Fig. 1B). Taken together, given their promising
druggable features, the NR superfamily provides large and unexplored
opportunities for further development of anticancer drugs.

Expression of NRs across normal tissues and cancer specimens
To characterize expression ofNRs in cancers, we analyzed the RNA-

seq profiles from the GTEx (n ¼ 7,792, with samples of 30 normal
healthy tissues; Supplementary Table S2) and TCGA (n¼ 9,733, with
tumor samples of 33 cancer types from 27 primary sites; Supplemen-
tary Table S3). The RNA-seq data generated by both GTEx and TCGA
were processed through a pipeline developed by the UCSC Toil RNA-
seq Recompute Compendium (22). TheNRs whosemRNA expression
was detected in at least 10% of samples (the 90th percentile FPKM
value≥1) in a given tissue/cancer typewere defined as expressed in that
tissue/cancer type (Fig. 2A; Supplementary Tables S2 and S4).
Approximate half of the NRs showed a cancer-type specific expression
pattern across cancers, and 17, 10, and 5 NRs were identified as
expressed in less than 20, 10, and 5 cancer types, respectively
(Fig. 2B). On average, more than 30 NRs were detectable in each
cancer type but less than five of them showed high-level expression

(the 90th percentile FPKM value >50; Fig. 2C). Many NRs (e.g.,
NR1I2/NR1I3, HNF4A/HNF4G, and ESR1/PGR/AR) were highly and
specifically coexpressed in the cancer types that derived from related
tissue lineages (Fig. 2A). Although 19 NRs were ubiquitously detect-
able across cancers, most of them showed heterogenous expression
behavior among different cancer types (Fig. 2A). For example,NR1D2
was detected in all cancers, while high-level NR1D2 expression was
only observed in certain cancer types. To identify cancer type-specific
NRs, a tissue specificity index (Tau; refs. 24, 25) was also estimated for
each NR across cancers. A total of 21 NRs showed specific expression
patterns in cancers (Tau values>0.8;Fig. 2D; Supplementary Table S5)
and NR1I3 was identified as the most cancer type-specific NR.
Consistently, t-distributed stochastic neighbor embedding (t-SNE)
analysis demonstrated that NR expression levels were able to distin-
guish tumor specimens from different cancer types. Tumor specimens
from related tissue lineages were clustered together (Fig. 2E). For
example, tumors derived from women’s reproductive system [ovarian
serous cystadenocarcinoma (OV), uterine corpus endometrial carci-
noma (UCEC), cervical squamous cell carcinoma, and endocervical
adenocarcinoma (CESC), uterine carcinosarcoma (UCS) and breast
invasive carcinoma (BRCA)] shared similar NR expression signatures
(Fig. 2E). Finally, we compared NR expression among normal healthy
tissues (GTEx), matched tumor adjacent normal tissues (TCGA) and
tumor specimens (TCGA). Although largely distinct patterns of NR
expression were observed among the specimens with different lineage
origins, NR expression patterns in tumors and their corresponding
normal tissues were similar (Fig. 2A). The differential expression of
NRs between normal and tumor specimens were further estimated in
the cancer types whose adjacent normal controls are available in
TCGA (n ¼ 18; Fig. 2A). Notably, among 391 significant differential
expression events identified across cancers (Padjusted < 0.05, log fold
change ≥0.5), the majority of them (74.7%, 292/391) showed signif-
icant downregulation in tumors compared with their corresponding
normal tissues (Supplementary Table S6). The global downregula-
tion of NRs was observed in all cancer types examined, and 44 of 48
NRs exhibited significantly decreased expression in at least one
cancer type (Fig. 2A). This observation was further validated at
protein level for NR3C1 expression in an independent breast cancer
cohort by IHC staining (n ¼ 100; Supplementary Fig. S1). Finally,
the correlations between NR expression levels and clinic outcomes
were also analyzed in the cancer types with sufficient sample
numbers and clinical information (Supplementary Fig. S2). Taken
together, the expression pattern of NRs in cancers is highly tissue-
type specific, and their expressions are globally downregulated
during tumorigenesis.

Identification of NR genes with recurrent SCNAs across cancers
To characterize SCNAs of NR genes in cancers, we analyzed SNP

array profiles from TCGA (Supplementary Table S3). After estimating
the recurrent focal peaks byGISTIC for each cancer type (q< 0.25), NR
genes were mapped to these peak regions. Initially, we identified 133
recurrent focal peaks that harbored NR genes across all cancers
(Fig. 3A; Supplementary Table S7). In 31 of 33 cancer types, excepting
mesothelioma (MESO) and kidney chromophobe (KICH), NR genes
fell into at least one focal peak. 91.6% (44/48) of NR genes were
mapped into at least one recurrent focal peak in one cancer type.
Notably, 83.5% (111/133) of the identified NR-harboring peaks were
deletion peaks, while only 17%of themwere amplification peaks. Next,
we analyzed the correlations between mRNA expression levels and
copy numbers for the above recurrent focal SCNA events. In 55 of
133 (41.4%) events, which including 27 NR genes in 22 cancer types,
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significant and positive correlations were observed (Pearson test
P <0.05; Fig. 3B; Supplementary Table S8), indicating that copy-
number alteration indeed was one of the mechanisms by which NR
expression was dysregulated in cancers. Finally, to further identify the
most significant NRs driven by recurrent SCNAs, we estimated the
G-scores, which considered both the amplitude of the aberration and
the frequency of its occurrence across samples, for the above 27 NRs.
At a pan-cancer level, PPARG, NR2F6, NR2F2, and HNF4A were the
top four NRs that showed the highest overall G-scores for copy-
number gains, whileRXRA, ESRRG,RARA, andNR3C1were identified
as the four most significant NRs with copy-number losses (Fig. 3C;
Supplementary Table S9). Interestingly, for seven of the above eight

NRs, their recurrent SCNAs were observed in a single cancer type or
closely related tissue lineages.

Characterization of SCNAs of NR genes in cancers
Among these NRs, HNF4A and RXRA showed the highest fre-

quencies for copy-number gains and losses in given cancer types,
respectively [72.4% HNF4A in colon adenocarcinoma (COAD)/
rectum adenocarcinoma (READ); 60.4% RXRA in OV; Fig. 3D
andE]. TheirmRNA expression levels were significantly and positively
correlatedwith predicted copy numbers in these cancer types (Fig. 3F).
Notably, although higher frequencies of high-level copy-number
amplification (GISTIC status¼ 2)were observed, few tumors exhibited

Figure 1.

Characterization of NR superfamily in the human genome. A, Summary of PubTator scores and TDLs of each NR gene in cancer. Size of the bubble represents
PubTator scores. Gray bubble represents PubTator score <150. Color of the capsules indicates the type of TDLs: red, Tclin; blue, Tchem; green, Tbio. Pie charts
represent the fractions of each TDL in distinct NR groups. Size of the pie indicates numbers of NR genes in a group. Phylogenetic trees were generated by multiple
sequence alignments of the full-length sequences of NR proteins. The color of the branches represents each NR subfamily. B, River plots show fractions of NR
superfamily with different levels of PubTator Scores, TDL, and drug development in cancer, respectively. C, Summary of the results of database curation for each NR
gene. From top to bottom: publications related to NR, chEMBL compounds for NR, approved drugs targeting NR, approved NR-targeting drugs for cancer treatment,
NR-targeting drugs in clinical development for oncology.
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Figure 2.

Expression pattern of NRs across normal tissues and cancers. A, Heatmap of mRNA expression levels of NR genes across GTEx normal tissues (left), TCGA normal
adjacent samples (middle), and TCGA tumor samples (right), as well as the summary of the significantly differentially expressed NR genes between matched TCGA
normal adjacent and tumor sample pairs (n¼ 18, the rightmost). The intensity of heatmap color indicates the FPKM value for each percentile (25th, 50th, 75th, and
90th) of an individual NR gene in a given cancer type. Undetectable NR genes (90th FPKM value < 1) in a given tissue or cancer type are displayed as blank. Bottom
panel represents the enlarged outlined regions of the heatmap for NRs that have lineage-enriched expression patterns in TCGA tumor samples. For differential
expression of NR genes, the size of the bubble represents log-fold change of expression. Color indicates direction of expression change: red, upregulation; blue,
downregulation. The intensity of color represents the �log10 Padj. B, Number of NR-expressing cancer types for each NR gene (n ¼ 48). C, Number of NR genes
expressed in each cancer type (n¼ 33). Color intensity represents FPKM value. Gray indicates the FPKM value¼0.D, Summary of tissue specificity index (Tau value)
for NR genes in TCGA tumors. Dashed line represents the cut-off value (Tau value¼ 0.8). Red dot, tissue specific expression; gray dot, nontissue specific expression.
E, Clustered TCGA tumor specimens based on their NR expression profiles by the dimensionality reduction analysis t-SNE. Colors represent different cancer types.
Tumor types and their primary tissue origins are listed on the right by color code (n ¼ 33).
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Figure 3.

SCNAs of NR genes in cancers. A, Summary of NR genes located in recurrent focal SCNA peaks in each cancer type. Red, amplification peak; blue, deletion peak.
B, Summary of correlations between mRNA expression and copy numbers of NR genes located in recurrent SCNA peaks across cancers. Intensity of orange
represents positive coefficients; gray represents negative correlations. Significant correlations are highlighted with bright yellow. C, Bubble plot shows top-ranked
NR genes with significant (G-score >0.1) recurrent SCNAs for both amplification and deletion across cancers. Size of the bubble indicates the value of G-score. Red,
amplification; blue, deletion.D, Frequency of SCNAs for top-ranked NRgenes that are recurrently altered in given cancer types. Cancer types (n¼ 7) are indicated by
color code. High-level amplification: GISTIC status ¼ 2; Amplification: GISTIC status ¼ 1; High-level deletion: GISTIC status ¼ �2; Deletion: GISTIC status ¼ �1.
E, Copy-number profiles of HNF4A and RXRA in COAD/READ and OV specimens, respectively. Each sample is represented by a vertical line, and the positions of
HNF4AandRXRAarenotedwith black horizontal lines. Red, amplification; blue deletion.F,Correlations between copy number andmRNAexpressionofHNF4A (left)
and RXRA (right) in COAD/READ and OV tumor samples, respectively. Red dots, samples with copy-number amplification; blue dots, samples with copy-number
deletion; gray dots, samples with no amplification or deletion.G, Bar plot showsmRNA expression levels of HNF4A in COLO205, HT29, DLD1, and HCT116 cells. FPKM
valueswere retrieved fromRNA-seq profiling of CCLEproject.H,Bar plot shows copy numbers of HNF4A inCOLO205, HT29, DLD1, andHCT116 cells. Gene level copy-
number data were retrieved from CCLE project at DepMap dataportal. I, Curve of cell viability upon treatment of BI-6015 for 72 hours in colon cancer cell lines with
different HNF4A SCNA status. Error bars, SD. � , P < 0.05; �� , P < 0.01.
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high-level copy-number deletions (GISTIC status ¼ �2; Fig. 3D).
Supporting this observation, homozygous deletions in NR genes were
rare as estimatedwithABSOLUTEalgorithm.This result indicates that
certain NRs may play essential roles in these cancer types and high-
level deletions may be lethal. Taken together, a large percentage of NR
genes lost copy numbers during tumorigenesis, which may lead to
consequent downregulation of their mRNA expressions. The most
significant SCNA-driven NRs were also identified across cancers,
including four recurrently and focally amplified NRs that may provide
novel targets for cancer treatment. In addition, we also analyzed the
correlations between NR SCNAs and clinical information (Supple-
mentary Fig. S3A). Interestingly,HNF4A copy-number gainwas found
significantly enriched in the patients with late-stage (stage IV) COAD/
READ comparing with the patients in other stages (Fisher exact test,
OR¼ 5.88, P¼ 1.65e-07; Supplementary Fig. S3B). Finally, functional
impact of HNF4A SCNA was validated in colon cancer cells. Intrigu-
ingly, cancer cells with copy-number amplification and higher expres-
sion ofHNF4Awere significantly more resistant to HNF4A antagonist
BI-6015 (Fig. 3G–I), suggesting the dependences on copy number and
expression level of HNF4A for colon cancer cell viability.

Identification of NR genes with recurrent mutation across
cancers

To characterize somatic mutations of NR genes in cancers, we
analyzed whole-exome sequencing (WES) profiles from TCGA (Sup-
plementary Table S3). A mutation score (M-score) was estimated for
each NR gene in a given cancer type as described by our previous
publications (Supplementary Table S10; refs. 19–21). A total of eight
NRswith recurrentmutationswere initially identified: six of themwere
found in a single cancer type, and twowere observed inmultiple cancer
types (Fig. 4A). After excluding the hypermutated samples of each
cancer type to avoid noise from high background mutation rates, only
threeNRs passed the threshold in bladder urothelial carcinoma [BLCA
(RXRA, NR3C1)] and UCEC (ESR1). Given the high frequency of
truncating and missense mutations for NR4A2 in UCEC and strong
functional evidence for PPARG mutations in BLCA (28, 29), these
two NRs were also included in our downstream analyses together with
RXRA, NR3C1, and ESR1.

Characterization of NR mutations in cancers
The most common mutation type in these five NRs was missense

mutations, accounting for 61.9% to 82.1% of all mutations, respec-
tively. NR4A2 had the highest fraction (15.3%) of truncating muta-
tions, while ESR1 showed the highest portions ofmissense (82.1%) and
in-frame (5.1%) mutations (Fig. 4B). Similar results were also
observed in the ICGC cohort (Supplementary Fig. S4). In addition,
analysis by ABSOLUTE algorithm indicated that more than half of the
mutations in these NRs were clonal and early-stage mutations, and a
low percentage of homozygous mutations were observed (Fig. 4C).
The higher fractions of clonalmutations inNRs, especially inNR3C1 in
BLCA, suggest that these NRs may contribute to tumorigenesis during
tumor evolution, serving as actionable genomic events. We also
characterized the distribution of mutations along the NR gene bodies.
NR mutations were widely and spatially distributed across the entire
coding sequences. Because of the limited number of samples harboring
these mutations in TCGA cohort, no mutations were found to be
significantly concentrated within a specific region, although RXRA
showed a higher frequency of mutation S427F/Y. Previous studies by
independent groups suggested five potential functional mutations in
RXRA, PPARG, and ESR1 (Fig. 4D and E). For example, S427F/Y
located in the LBD of the RXRA gene was reported as a hotspot

mutation that affects the RXRA/PPARG heterodimer formation,
thereby activating ligand-independent PPARG signaling (30–32). In
addition, although the H494Y mutation of PPARG is not in the LBD
region, it has been identified as a Three-dimensional (3D) clustered
hotspot and predicted to be oncogenic (33). Three functional muta-
tions were also reported in ESR1, including mutations on Y537 and
D538 that have been demonstrated to serve as oncogenic mutations in
BRCA (34–37). Notably, significant mutual exclusivity between
PPARG copy-number gain and somatic mutation was observed in
BLCA (P < 0.001), indicating their mutual roles in activating down-
stream signaling (Fig. 4F). In addition, mutual exclusivity of NR
mutations was also identified. For example, mutations of RXRA,
PPARG, and NR3C1 were significantly mutually exclusive in BLCA,
and mutual exclusivity of ESR1 and NR4A2 mutations were found in
UCEC (Fig. 4F). Taken together, although exhibiting relatively low
frequencies, recurrent mutations were identified in NRs, including
RXRA, NR3C1, ESR1, PPARG, and NR4A2. Notably, most TCGA
tumors were collected from treatment-na€�ve primary tumors.
Although recurrent mutations of ESR1 and AR have been reported
in advanced metastatic breast and prostate cancers, low mutation
frequencies of ESR1 (0.88%, 9 cases) and AR (0.4%, 2 cases) mutations
were observed in BRCA and prostate adenocarcinoma of TCGA
cohorts, which were mainly treatment-na€�ve primary tumors. To
further characterize NR mutations in patients after treatment or with
progressed diseases, mutations of select NRs were also analyzed in the
GENIE cohort (38, 39). Indeed, mutation frequencies of ESR1 and AR
were significantly increased in metastasis breast and prostate tumors
(12.98% and 9.67%, respectively) compared with the frequencies in
primary tumors (ESR1: P ¼ 1.56e-75; AR: P ¼ 5.91e-29, Fisher exact
test; Supplementary Fig. S5), suggesting that ESR1 and AR may play
critical roles during tumor progression and/or treatment responses.
The function ofmutant ESR1was also evaluated in endometrial cancer
cells (Fig. 4G–I). Our results suggested the growth-promoting effect of
mutant ESR1 and its constitutively activated transcriptional activity, as
well as its potential role of conferring partial resistance to SERD
therapy in ER-positive endometrial cancer.

Transcript fusions of NRs in cancers
To characterize somatic transcript fusions of NR genes in cancers,

we retrieved the processed gene fusion data of TCGA from TumorFu-
sions (SupplementaryTable S3; ref. 40). A total of 222NR fusion events
(160 fusion pairs) were identified, including 40 NRs in 28 cancer types
(Fig. 5A and B; Supplementary Table S11). More than 90% of these
fusion events were classified as Tier 1 and 2 fusions (77% and 14.9%,
respectively) by the TumorFusions database. Across cancers, RARA
(n ¼ 56), ESR1 (n ¼ 30), and PPARG (n ¼ 17) were the top three NR
genes that had the highest numbers of fusion events, whichwere largely
concentrated in a few cancer types (Fig. 5B). A total of 72.9% of theNR
genes had less than five fusion events across all cancers and no fusion
event was found for eight NR genes (Fig. 5C). Acute myeloid leukemia
(LAML), UCS, and sarcoma (SARC) showed the highest frequencies of
NR gene fusions (8.9%, 7.0%, and 6.5%, respectively), whereas lym-
phoid neoplasm diffuse large B-cell lymphoma, KICH, pancreatic
adenocarcinoma, testicular germ cell tumors, and uveal melanoma
had no NR fusion events (Fig. 5C). A total of 17 of 160 (10.6%) NR
fusion pairs were identified as recurrent fusions (i.e., occurring at least
twice across all cancers), including 10 NR genes in 17 cancer types
(Fig. 5D; Supplementary Table S12). Fusions between PML-RARA
(n¼ 26), ESR1-C6orf97 (n¼ 19), and PAX8-PPARG (n¼ 8) were the
most frequent recurrent fusion events and showed strong tissue
lineage specificity (Fig. 5D and E). The potential functional impact
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Figure 4.

Somaticmutations ofNRgenes across cancers.A,Bubble plot showsNR (n¼8)with recurrent somaticmutations across cancers. The toppanel represents theoverall
somatic mutation burden for each cancer type. Cancer types that havemore than 15 hypermutators are labeled with red bar. Size of the bubble indicates the value of
M-score. Recurrently mutated NR genes that remain after removing hypermutators in each cancer type are highlighted with red circles. B, Summary of mutation
frequencies and fraction ofmutation types for five selectedNRgeneswith recurrentmutations. Mutation and cancer types are indicated by color code.C, Fractions of
mutation clonal status (left), timing (middle), and heterozygous status (right) for five selected NR genes with recurrent mutations in given cancer types. D, Lollipop
plots illustrating the distribution and type of somatic mutations in the coding region of five recurrently mutated NRs in given cancer types. Functional mutations are
highlightedwith red text. E,Crystal structures of the LBDs of RXRA(PDB:6HN6), PPARG(PDB:6FZG), and ESR1(PDB:3Q95). Functionalmutations are shown in green.
F,Mutually exclusive patterns of PPARGmutation and copy-number alteration in BLCA samples (top) and mutations in recurrently mutated NR genes in BLCA and
UCEC samples (bottom), respectively.G,Growth rates of the Ishikawacells transfectedwithwild-typeESR1 (control), ESR1 Y537N, andESR1 L536Qwith orwithout E2
(10 nmol/L) stimulation.H,Bar plot showing relative luciferase activities of Ishikawacells transfectedwith ERE-reporter togetherwithwild-type and twomutant ESR1
plasmids, respectively. I, Curve of reporter activities upon treatment of fulvestrant in the presence of 10 nmol/L E2 for wild-type–, Y537N-, and L536Q-expressing
Ishikawa cells. Error bars, SD. � , P < 0.05; ��, P < 0.01.
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of ESR1-C6orf97 fusion on cell growth was also observed in breast
cancer cell lines (Supplementary Fig. S6). Consistently, oncogenic roles
of the above fusions have been reported in acute promyelocytic
leukemia (41), ER-positive breast cancer (42), and thyroid cancer (43),
respectively. Taken together, although transcript fusions of NR genes
were relatively rare genomic events across cancers, certain recurrent

fusion events were identified and may serve as actionable targets for
cancer treatment.

Characterization of cancer cell growth dependencies of NRs
To characterize the cancer dependency ofNR genes, we analyzed the

genome-wide CRISPR and RNAi screening data in large-scale cancer

Figure 5.

Transcript fusion events of NR genes in cancers. A, Circos plot showing all fusions of NR genes across 33 cancer types. Parental genes of each fusion pair are
connected with lines. Line width represents the number of each NR fusion transcript. NR genes with recurrent fusions are shown in red. B, Bubble plot showing NR
genes with fusions in each cancer type. Size of the bubble represents number of fusion transcripts. NR genes with recurrent fusions are shown in red. C, Summary of
NRgene fusions in TCGA tumors. Top, number of fusion transcripts for eachNRgene across 33 cancer types; bottom, percentage of tumor specimenswith NR fusions
for each cancer type. Color codes represent fusion tiers. D, Bubble plot showing recurrent NR fusion pairs across cancers. Size of the bubble represents number of
fusion transcripts. E, Circos plot showing fusions of top three NR genes with recurrent fusions. Recurrent fusion NRs are shown in red.
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cell lines from theDepMap project (Supplementary Table S13). A total
of 10 (20.8%) NRs were defined as “strongly selective” essential genes
by CRISPR or RNAi screening in select cancer lineages or subpopula-
tions of cancer cells, while no NRs functioned as “common essential”
genes across cancer cell lines (Fig. 6A). The genes defined as strongly
selective were significantly enriched in the NR family compared with
non-NR genes in CRISPR screening (Fisher exact test, OR ¼ 5.4, P ¼
0.0003). This suggests that select NRs play crucial roles in cell growth
and survival in specific cancer cell populations, providing a strong
rationale for developing NR-targeting drugs to treat cancer. Impor-
tantly, four strongly selective NRs (ESR1, AR, RXRA, and RARG) are
currently serving as therapeutic targets in certain cancer types, two of
10 strongly selective NRs are targets of approved drugs for other
diseases (Tclin), and three of them are targeted by known chemical
compounds (Tchem), providing novel opportunities for drug repur-
posing in cancer treatment. Notably, many “strongly selective” NRs,
for example NR1H3, HNF4G, and NR5A2, were the subject of fewer
studies in biology and cancer (low Pubtator scores), although NR1H3
is involved in early-stage oncology clinical development. This suggests
that there is an unmet need for exploring these genes’ functions in
tumorigenesis. On the basis of expression and dependency, the
“strongly selective” NRs were divided into three groups (Fig. 6B).
Group 1, including ESR1, PPARG, HNF4A, HNF4G, NR5A2, and AR:
The NRs were specifically expressed in certain cancer cells, which were
functionally dependent upon these NRs. Group 2 including RARG,
NR3C1, and NR1H3: The NRs were ubiquitously expressed across all
cancer types; however, only tumor cells in select cancer types were
highly dependent on these NRs. Group 3 including RXRA: This NR
was ubiquitously expressed across all cancer types; however, in each
cancer type, only a subpopulation of tumor cells was dependent on
RXRA. The above observations were further confirmed by siRNA
transfection experiments in select cancer cell lines (Supplementary
Fig. S7). Next, we analyzed the correlation between cancer depen-
dency (gene effects) and mRNA expression for each NR at a pan-
cancer level. A total of 21 NRs showed significant and negative
correlations between their gene effects and mRNA expression levels
across all cancer cell lines (Fig. 6C). Among them, eight NRs,
including HNF4A, ESR1, PPARG, and RXRA, exhibited high levels
of recurrent genomic alterations that were defined by our TCGA
analyses, and the cancer cell lines carrying certain genomic altera-
tions were more dependent on the given NR genes compared with
the whole cancer cell population (Fig. 6D).

Characterization of NR-associated proteins in cancers
Given that functional similarity exists among genes in the same

protein complex or signaling pathway, analysis of coordinated gene
effects upon genetic depletion (codependency) in large-scale genetic
screening may serve as a powerful approach to identify the functional
coregulators of NRs (44). In this regard, we identified the genes whose
gene effects were significantly correlated with the gene effects and
mRNA expression of a given NR. In addition, the potential direct
interactions between a NR and other genes were also predicted by a
computational approach (Supplementary Table S14). As positive
controls, many known NR coregulators were successfully identified
by our analyses, such as FOXA1 and GATA3 for ESR1; HNF1A and
FOXA2 forHNF4A; RARG andKLF5 for RXRA; and certainmembers
in the Mediator complex for PPARG (Supplementary Table S15).
Meanwhile, NR-associated genes without direct interaction but coor-
dinate the same cancer-dependent pathway were also observed, for
example, ESR1 and CDK4 (Fig. 6E). Beyond the above known inter-
actions, novel putative molecular interactions were also identified

(Supplementary Table S15) and publicly provided to researchers
through our FCG data portal. Taken together, the NR family showed
a significantly high ratio of genes defined as strongly selective essential
genes in cancer, providing a novel therapeutic opportunity for devel-
opment of anticancer drugs. The codependency and coexpression/
dependency informationwehave collected onNRs also serve as unique
resource for further characterizing NR functions in cancer.

NRs as putative biomarkers and therapeutic targets across
cancers

Our above expressional and genomic analyses strongly suggested
that dysregulated NRs may plays crucial roles in cancer. Indeed, NR-
regulated gene signature analysis demonstrated that NR activities (i.e.,
expression of NR target genes) were correlated with their expression,
recurrent copy-number alteration or recurrent mutation in cancers
(Supplementary Fig. S8). To systematically identify potential NR-
based biomarker and therapeutic targets in cancer, we integrated the
above genomic and genetic profiles across 33 cancer types. Five
features (lineage-enriched expression, recurrent focal amplification,
recurrent mutation, recurrent transcript fusion, and status as a strong-
ly selective essential gene for cancer cell growth) were chosen to
estimate the clinical application potentials for eachNRs across cancers.
In summary, 37 of 48 NRs showed at least one of the above features in
cancer, while 31 of 33 cancer types had NRs with these features
(Fig. 7A). The potential actionable NRs and their associated features
were remarkably varied among different cancer types (Fig. 7B). BRCA,
BLCA, and three others (UCEC, liver hepatocellular carcinoma, and
skin cutaneous melanoma) ranked as the top five cancer types when
considering the number of both actionableNRs and associated features
in each cancer, whereas MESO and pheochromocytoma and para-
ganglioma had no candidate NR identified. Many NRs (e.g., HNF4A,
ESR1, PPARG, RXRA, and AR) exhibited more than one genomic and
genetic features, strongly indicating their potential causal-roles during
tumorigenesis. Supporting this observation, most of them have been
used as therapeutic targets for preclinical and/or early-stage clinical
development for cancer treatment (Fig. 7C). Notably, the same
candidate NR(s) tended to be identified in multiple cancer types with
lineage or biological similarities; for example, ESR1 andARwere found
in women’s cancers (BRCA, OV, UCEC, and UCS) and prostate
cancer, HNF4A was identified in digestive tract (stomach adeno-
carcinoma, COAD, and READ) and liver cancer. In addition, the
same NR was also found with multiple features in one cancer type:
for example, PPARG in BLCA andHNF4A in COAD (Fig. 7C). Taken
together, our findings indicate that many NRs may serve as potential
candidates for future development of both diagnosis and treatment
in select cancer types.

Discussion
NRs play crucial roles in diverse physiologic processes and path-

ologic conditions. Their ability to bind small molecules (natural or
synthetic ligands) that can specifically manipulate their activity
makes NRs ideal candidates for drug targets. Indeed, NRs serve as
direct targets for approximately 13.5% of FDA-approved drugs for
human diseases (11). However, the development of NR-targeted
therapies is still mainly focused on a limited number of NR members,
and many NRs are still understudied in biology and diseases. For
example, while functions and therapeutic targeting of ER and AR are
well established in select cancer types, the biological roles of most NRs
in cancer remain largely unknown. Therefore, there is an urgent unmet
medical need to systematically characterize NRs across cancers for the
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development of NR-based biomarkers and therapeutic strategies in
oncology.

Consistent with their expression pattern in normal tissues, NRs
showed highly cancer lineage-specific expression across cancers. NR
expression signatures successfully distinguished tumors of different
cancer types and samples with related lineage origins clustered togeth-
er. Such expression specificity provides a strong rationale for NRs
serving as both novel biomarkers and therapeutic targets for cancer.
Although this concept has been well demonstrated by ER and AR in
breast and prostate cancers, identification and prioritization of addi-

tional NR candidates across cancers for the application of NR-based
diagnostic and therapeutic strategies in the clinic remains a challenge.
Our large-scale expression analysis provides a rich resource for
candidate selection. For example, RXRG, NR5A1, NR0B1, NR1I2/
NR1I3, and HNF4A/HNF4G are highly and specifically expressed in
certain types or lineages of cancers, and may thus serve as novel
biomarkers for diagnosing cancers of unknown primary origin. Most
importantly, consistent with the previous report (12), we found that a
large portion of NRs are significantly and globally downregulated in
cancers compared with their corresponding normal controls. Given

Figure 6.
Cancer growth dependency of NRs in cancer cell lines. A, Summary of dependencies of NR genes in cancer cell growth. Color of the bubbles represents data source.
Pie charts indicate fractions of strongly selective NRs in each subfamily group. Size of the pie represents PubTator score for each group of NRs. Phylogenetic trees
were generated by multiple sequence alignments of the full-length sequences of NR proteins. B, Gene effects and expression patterns of representative strongly
selectiveNRgenes in all three groups across cancers. Color intensities represent values of gene effects andmRNAexpression, respectively. Cancer types are shown in
color code. Capsule indicates the type of TDL for each NR gene: red, Tclin; blue, Tchem. Size of bubbles represents PubTator scores for each NR gene. C, Summary of
correlations between mRNA expression and gene effects for all NR genes. Size of the pie represents absolute value of the coefficients. Colors indicate types of
recurrent genomic alterations and whether the gene is strongly selectivity. Significant P value is shown by horizontal dash line. D, Correlations between mRNA
expression and gene effects for four select NR genes. Colors of dots represent subpopulations of cancer cells with different expression or genomics features for each
gene: for HNF4A, digestive system cancer cells with high HNF4A expression (log2(TPMþ1) >2) and copy-number gain; for ESR1, breast cancer cells; for PPARG,
bladder cancer cells; for RXRA, cells with high PPARG expression and copy-number gain. Density plots of gene effects are stratified by colored subpopulations.
E, Interaction networks showing associations between ESR1 and associated geneswhose gene effects were significantly correlatedwith themRNA expression levels
and gene effects of ESR1. Known protein–protein interactions (STRING and HPRD) are shown by solid lines; line width represents the overall confidence score for
interaction. Red solid line indicates known interactionwith ESR1. Dash line represents significant codependency only. Size of the bubble represents the coefficients of
codependency between a given associated gene and ESR1. Color intensity indicates P value of the codependency.

Figure 7.

NRs as putative biomarkers and therapeutic targets across cancers. A, Summary of identified NRs in each cancer type. The numbers of detectable NRs in a given
cancer type are indicated in red blocks. The names of NRs that exhibited expressional (lineage enriched expression), genomic (recurrent copy-number gains,
mutations, and transcript fusion), genetic (strongly selective), and clinical (approved cancer drug target, cancer drug target in clinical development, and biomarker)
features are highlighted for each cancer type. B, Index of NR alterations (the unweighted numeric sum of the number of NRswith identified features and the types of
their associated features) in each cancer type. The cancer types are ranked by the index of NR alterations. C, Types of identified features across cancers for each NR.
NRs are ranked by the number of identified features.
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that NRs play essential functions in cell development and differenti-
ation, globally decreased NR expression may contribute to an undif-
ferentiated or stemness phenotype in tumor cells. For example,
hormone negative (ER� and PR�) breast cancer shows vastly hetero-
geneous and basal-like behavior. Finally, our expression analysis in
combination with functional screening may also contribute to identify
novel NRs as therapeutic targets for cancer treatment.

Many NR genes showed global copy-number losses in cancers,
which may partially explain why expression levels of a large portion of
NRs are downregulated in cancers. Meanwhile, few NRs exhibit
significant focal copy number gains or losses. For example, significant
recurrent copy-number gains of HNF4A were observed in colorectal
cancers (COAD and READ), strongly suggesting that copy-number
gains in HNF4A may serve as a potential oncogenic event during
colon tumorigenesis. Notably, HNF4A is also highly and specifically
expressed in these two cancer types, and colon cancer cell lines show
strongly selective dependency on HNF4A. Supporting these observa-
tions, Pan and colleagues, recently reported that repression of HNF4A
in gastrointestinal adenocarcinomas cell lines by a specific chemical
inhibitor, BI-6015, significantly reduced gastrointestinal cancer cell
growth in vitro and in vivo (45). Next, although recurrent mutations
are relatively rare genomic events, several recurrent mutations were
identified in TCGA sample cohorts. Importantly, the majority of these
mutations were predicted to be clonal and early genomic events,
indicating that they may play driver roles during cancer development
and can serve as actionable therapeutic targets. Given that most
specimens in TCGAwere collected from primary and treatment-na€�ve
tumors, the mutation frequencies of certain NRs may significantly
increase in advanced metastatic tumors. For example, low frequencies
of ESR1 andARmutations were observed in TCGAbreast and prostate
cancer specimens, respectively. In GENIE cohort, which included both
primary and metastasis tumor specimens, we observed that the
mutation frequencies of ESR1 and AR in metastasis tumors were
significantly higher than that in primary tumors in breast and prostate
cancers, respectively. It has been well documented that functional
mutations in ESR1 and AR significantly increase during tumor progres-
sion and cancer treatment. Notably, a unique mutation and copy-
number alteration pattern of PPARG/RXRA/NR3C1 was found in
BLCA. This strongly supports the hypothesis that the PPAR pathway
may be critical to maintain bladder cancer growth, and patients with
bladder cancer with the RXRA mutation may benefit from therapies
that manipulate PPARs (31). Finally, rare recurrent transcript fusion
events inNRswerealso identified across cancers.As expected,LAMLand
SARC show the highest frequencies of transcript fusions of NRs.
Consistent with previous reports (41–43), recurrent fusions between
PML-RARA, ESR1-C6orf97, and PAX8-PPARG were the most frequent
fusion events and showed strong tissue lineage specificity. Therefore,
these identified fusion events may be potentially targetable genomic
alterations, although their frequencies are relatively low in cancer.

By a combination of CRISRP and RNAi screening profiles, we
identified 10 NRs that function as essential genes for cancer cell
viability. Notably, all of them showed strongly selective behaviors in
certain cancer lineages or subpopulations of cancer cells; no common
essential NR was observed. This result indicates that, unlike general

transcription factors or most epigenetic regulators, NRs play
lineage-specific roles in transcriptional regulation during cancer
development. More importantly, such strong selectivity suggests
that NR-targeted treatment may have less side effects compared to
targeting general transcriptional mechanisms. Beyond ER and AR,
HNF4A, PPARG, RXRA, and NR3C1 were identified as promising
candidates for select cancer types. Furthermore, the correlations
between their dependencies and expression/genomic alterations
provide strong rationales for future patient selections. Supporting
this hypothesis, recent preclinical experiments demonstrated that
bladder cancer cells with PPARG/RXRA gain-of-function muta-
tions are sensitive to PPARG/RXRA modulator treatment. Finally,
our codependency and coexpression/dependency analyses provide
a novel resource not only for characterization of molecular mechan-
isms of NRs in cancer, but also for identification of potential drug
combination strategies. Our integrated pharmacologic, genetic,
and genomic characterization of NRs across human cancers may
facilitate the identification and prioritization of potential biomar-
kers and therapeutic targets and selection of patients for precision
cancer treatment.
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