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SUMMARY

To systemically identify long non-coding RNAs (IncRNAS) regulating energy metabolism, we
performed transcriptome analyses to simultaneously profile mMRNAs and IncRNAs in key
metabolic organs in mice under pathophysiologically representative metabolic conditions. Of 4759
regulated IncRNAS, function-orientated filters yield 359 tissue-specifically regulated and
metabolically sensitive INcRNAs which are predicted by IncRNA-mRNA correlation analyses to
function in diverse aspects of energy metabolism. Specific regulations of liver metabolically
sensitive INcCRNAs (IncLMS) by nutrients, metabolic hormones and key transcription factors were
further defined in primary hepatocytes. Combining genome-wide screens, bioinformatics function
predictions and cell-based analyses, we developed an integrative roadmap to identify INcRNA
metabolic regulators. An IncLMS was experimentally confirmed in mice to suppress lipogenesis
by forming a negative feedback loop in the SREBP1c pathway. Taken together, this study supports
that a class of IncRNAs function as important metabolic regulators, and establishes a framework
for systemically investigating the role of IncRNAs in physiological homeostasis.
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INTRODUCTION

Maintenance of metabolic homeostasis is one of the most fundamental processes required
for life, and energy metabolism is intrinsically connected to nearly all essential biological
and physiological activities in cells and in whole animals (Lempradl et al., 2015). From a
systemic perspective, key metabolic organs in mammals engage in constant dialogues using
endocrine factors to regulate overall energy balance. For example, adipose tissues release a
range of adipokines to modulate the activities of the central nervous system and peripheral
metabolic organs, particularly liver and muscle (Cao, 2014; Rosen and Spiegelman, 2006).
Moreover, the states of systemic energy metabolism also have broad impacts on immune
responses, reproduction and the pathophysiology of many disease conditions (Gregor and
Hotamisligil, 2011; Metwally et al., 2007). Although great strides have been made in
understanding the makeup and regulation of individual metabolic pathways in the past two
decades, there are still considerable gaps in our knowledge of the complex regulatory
networks governing metabolic physiology, and it remains very challenging to design
effective therapies against major metabolic disorders such as obesity, diabetes and
cardiovascular disease that have reached epidemic proportion globally (Eckel et al., 2005;
Swinburn et al., 2011; Zimmet et al., 2014). Encouragingly, the ongoing efforts of decoding
the remaining human genome have been continuously unraveling novel regulatory circuitries
for fundamental biological processes, which represent a vital source of insight for better
understanding the pathophysiology of metabolic disease.

Contrary to the longstanding assumption that mammalian genomes mainly encode protein-
coding genes, nearly two thirds of all transcripts are noncoding RNAs primarily derived
from genomic regions previously regarded as gene deserts (Harrow et al., 2012). Among the
thousands of noncoding RNAs identified so far, the largest and probably also the least
understood group is long noncoding RNAs, which are transcripts of 200nt or longer that lack
coding potential. LncRNAs have been identified in all model organisms (Marques and
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Ponting, 2014) and their number has been growing continuously (Cabili et al., 2011;
Guttman et al., 2009; lyer et al., 2015; Luo et al., 2013). It has been demonstrated that
IncRNASs impact several aspects of cellular function, from chromatin modification and
transcription regulation, to RNA stability, to translational control (Batista and Chang, 2013;
Geisler and Coller, 2013). Evolution studies suggest that over a thousand IncRNAs could
have conserved functions in mammals (Hezroni et al., 2015). Moreover, there are a
significant number of human IncRNAs that overlap disease-associated single nucleotide
polymorphisms (SNPs), further supporting that they could have important functions in tissue
physiology and disease processes (lyer et al., 2015). Understanding how IncRNAs engage in
metabolic pathways could quickly fill in some of the gaps in our understanding of the
complexity of metabolic pathophysiology and may yield valuable therapeutic targets for
metabolic disorders. However, before these intriguing potentials can be effectively explored
and realized, there is a need for a practical approach to efficiently identify functional
IncRNASs that regulate energy metabolism in vivo. A comparative genomics approach based
on information of homologous genes or protein motifs has been very successful in
uncovering functions of novel protein coding genes but so far has proved to be ineffective in
identifying IncRNA functions (Ulitsky and Bartel, 2013). This is because most INCRNAs
have not been functionally studied, and more critically, IncRNAs are much less conserved
than mRNAs even between closely related model organisms such as rat and mouse (Kutter et
al., 2012). In fact, most IncRNAs are mammal-specific, thus it is difficult to infer their
functional roles based on their evolutionary histories (Necsulea et al., 2014). The lack of a
practical approach to predict potential functions for IncRNAs makes it particularly
challenging to identify and characterize INcRNAs that regulate energy metabolism in vivo.
Since energy metabolism is centrally important to most biological systems, all organisms,
especially mammals, use delicate mechanisms to maintain metabolic homeostasis, and any
perturbation to key metabolic pathways in a organ is often strongly compensated by rewiring
of metabolic fluxes in the same organ or systemically. Thus a stringent “in vivo function”
test is often needed to identify truly critical nodes in metabolic regulation. However,
considering the significant efforts required to generate an INcRNA animal model,
information of inferred functions for INCRNAs is often needed to choose the right target to
start with. Moreover, such information can also aid in designing targeted and sensitive
assays to rapidly identify specific metabolic phenotypes in a given INcRNA animal model
that are often embedded in complex networks of organ communications or dampened by
compensatory mechanisms. Thus, an effective approach to predict metabolic functions for
IncRNAS or associate them with metabolic pathways could greatly accelerate the pace of
identifying important IncRNA metabolic regulators.

To systemically evaluate the significance of IncRNAs in metabolic homeostasis, we have
established an integrative roadmap to identify functional INcRNAs in metabolic regulation
by combining genome-wide screens of InNcRNAs transcriptomes in key metabolic tissues
under pathophysiologically important metabolic conditions, extensive INCRNA-mRNA
correlation analyses for IncRNA function prediction, and cellular assays connecting
IncRNASs to specific metabolic pathways. Using this pipeline, we established an annotated
catalog of tissue-specific IncRNA metabolic regulators and also identified a liver-specifically
regulated IncRNA that robustly regulates lipid metabolism in vivo. Overall, our data support
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that INcRNAs are a bona fide component of nutrient sensing and metabolic responses, and
our work provides a framework for systemically identifying and mechanistically
characterizing functional IncRNAs that regulate metabolic homeostasis in vivo.

LncRNA transcriptomes constitute robust signatures of metabolic responses in major
metabolic organs

We have recently demonstrated that correlation analysis with co-regulated mMRNAs can
associate an IncRNA with specific metabolic pathways, which can be subsequently studied
to define an IncRNA’s metabolic function (Li et al., 2015). However, our previous approach
relied on re-annotation of a microarray platform that was designed years ago and only
includes information for a small number of currently known IncRNAs (Liao et al., 2011). To
determine if a similar approach can be utilized to infer functions for currently documented
IncRNAS on a genome-wide scale and to systemically identify functional IncRNA metabolic
regulators, we set out to perform a range of new screens to simultaneously profile all
MRNAs and IncRNAs in metabolic organs in mice.

We first tested a microarray platform, which could detect 25376 mMRNA and 18431 non-
redundant INcCRNA transcripts. From transcriptomes in the livers of mice subject to a fasting
and refeeding regimen (Figure S1A), 1328 mRNAs and 663 IncRNAs were identified to be
regulated by 24h fasting vsad libitum, as well as 2085 mRNAs and 1723 IncRNAs by 4h
refeeding following 24h fasting vs fasting alone (Figure S1A). Among these fasting-
regulated transcripts, 285 mRNAs and 237 IncRNAs were completely reversed by refeeding
(Figure S1A), suggesting that their expression levels are stringently governed by nutrient
availability and the metabolic states of the animals. The dynamic regulation of several
randomly selected IncRNAs by fasting and refeeding was confirmed by quantitative real-
time PCR, attesting to the quality of this method (Figure S1B). This microarray platform has
been thoroughly evaluated for detecting mRNAs (Hughes et al., 2001) but to further confirm
its accuracy in detecting INcRNA expression at a genome-wide level, we also performed
RNA-seq for the same ad libitum and fasting liver samples as described above. For those
differentially expressed IncRNAs (fasting vs ad libitum) identified by microarray, 93.4%
could be detected by RNA-seq and the Pearson correlation between microarray and RNA-
seq of expressional changes for these INcRNAs is 0.71 (Figure S1C and Table S1). The
correlation for INcRNAs with higher RPKM is also higher, reaching 0.75 for IncRNAs with
RPKM>0.1 and 0.8 for IncRNAs with RPKM >0.5 (Figure S1C). Taken together, these
results support that this microarray profiling platform can effectively quantify both IncRNA
and mRNA transcriptomes associated with metabolic responses on a genome-wide scale.

Since all coding and non-coding transcripts were quantified in parallel, our expression
profile also allows the assessment and comparison of the global impact of nutrient status on
the IncRNA and mRNA transcriptomes in the liver. We first performed hierarchical
clustering analyses on all transcripts that were differentially expressed. As expected, mRNA
expression profiles readily separate all samples into three distinct groups based on their
feeding status, and samples cluster tightly within each treatment group (Figure 1A top left).
Interestingly, a nearly identical pattern of sample clustering was observed for regulated
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IncRNAs (Figure 1A top right), indicating that expression profiles of IncRNAs could serve
as a metabolic signature in a manner similar to those of protein coding mRNAs.
Consistently, principal component analyses (PCA) on all regulated transcripts, either for
MRNAs or IncRNAs, readily separate all samples into distinct groups (Figure 1A bottom).
These patterns suggest that regulated INcRNA and mRNA transcriptomes might function
coordinately in related physiological processes and their intrinsic functional connections
could be defined by performing correlation analyses of samples under multiple metabolic
conditions where the IncRNA-mRNA networks are sufficiently dynamically regulated.

To systematically identify regulated INcRNAs in major metabolic organs and to establish an
inclusive dataset to predict InNcRNA functions in energy metabolism based on their
correlation with mRNAs, we simultaneously profiled all mMRNAs and IncRNAs in liver,
adipose and muscle tissue in mice under the following five pathophysiologically
representative metabolic conditions (Figure 1B): 24h fasting and 4h refeeding following 24h
fasting, representing the extreme ends of caloric cycling, and affecting the circulating
amounts of a wide array of nutrients, metabolites and metabolic hormones; short term (48
hours) high fat diet (HFD) feeding, a robust model of acute metabolic response to fatty
meals (Lin et al., 2005); long-term (12 weeks) high-fat diet feeding, a widely used model
mimicking dietary obesity in humans; and ob/ob mouse, a genetic model of overt obesity
and steatosis (Cohen et al., 2002). In total, we performed 106 microarray analyses of liver,
adipose, and muscle tissue from mice under these representative metabolic conditions to
comprehensively profile INcRNA and mRNA transcriptomes (Figure S2A). First, to globally
analyze metabolism-associated transcripts for all three tissues, we filtered all probes and
retained 15337 mMRNAs and 7975 IncRNAs that have significant expression levels in at least
one biological condition regardless of tissue type. These INCRNA transcripts retained for our
later analysis contain varying numbers of exons, with the majority of them containing only
one exon (Figure S2B). Based on their genomic locations relative to nearby coding genes,
these INcRNA transcripts are classified as bidirectional, intergenic, antisense intronic, sense
intronic, antisense, and sense overlapping IncRNAs (Guttman et al., 2009; Rinn and Chang,
2012), with over 54% of them as intergenic INcRNAs (Figure S2C). Both mRNAs and
IncRNAS group the 106 samples tightly by tissue type through principle component analysis
(PCA) (Figure 1C), supporting that IncRNA transcriptomes, similar to those of mMRNA,
could effectively define the metabolic state of a key metabolic organ. Next, probes in each
tissue with significant expression were filtered, and 12911, 12237, 11877 mRNASs and 6926,
5576, 5812 IncRNAs were selected for further analyses for liver, adipose and muscle tissue
respectively. Gene Ontology (GO) term analyses of regulated mRNAs in each tissue under
these metabolic conditions reveal that these regulated mMRNA transcriptomes clearly reflect
the condition- and tissue-specific metabolic responses. For example, mRNAs in the livers of
ob/ob and fasted mice share very similar GO terms such as oxidation reduction and lipid
metabolism (Figure S2D). Regulated mRNAs in the adipose tissues of mice fed with a HFD
for 48 hours (48h) are represented by genes involved in lipid metabolism and the cell cycle,
and those in the 12 weeks (12w) HFD and ob/ob groups are often involved in immune
responses (Figure S2E). Interestingly, in skeletal muscle, mMRNAs regulated by a 48h HFD
are represented by genes involved in fat cell differentiation and immune responses, while
those responsive to a 12w HFD are often genes related to RNA metabolism, which might
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explain why skeletal muscles in the 12w HFD group have much more regulated mRNAs and
IncRNASs as compared to other four metabolic conditions (Figures S2F and 1D). Globally, in
all five conditions and three tissues, a total of 7390 mRNAs and 4759 IncRNAs were found
to be regulated. Tissue-wise, 3872 (30.0%), 3197 (26.1%), 2324 (19.6%) mRNAs and 2734
(35.1%), 1831 (28.9%), 1578 (24.2%%) IncRNAs were regulated by at least one of five
metabolic conditions in liver, adipose, and muscle tissue respectively, suggesting that there
are a large number of IncRNAs in these metabolic organs that are responsive to changes in
nutrient environment and metabolic states.

Taken together, our results support that the regulation of IncRNA expression is a bona fide
component of nutrient sensing and metabolic responses in major metabolic organs and that
the significance of IncRNAs to metabolic homeostasis could potentially be systemic and go
beyond the scope that has currently been recognized.

Integrative transcriptome analyses identify tissue-specifically regulated and metabolically
sensitive INcRNAs as potential metabolic regulators

Since our ultimate goal for this comprehensive profiling and analysis is to identify functional
IncRNAS in vivo, we reason that IncRNAs that are regulated by multiple metabolic
conditions in our screens would be more likely to be functional in animals. Moreover, those
more dynamically regulated IncRNAs would be ideal for functional prediction by IncRNA-
MRNA expression correlations across different metabolic conditions. Therefore, we filtered
and selected all IncRNAs that are regulated by at least three out of the five metabolic
conditions in each tissue from the total 4759 regulated IncRNAs, and obtained 359 highly
regulated non-redundant IncRNAs (Figure 2A and Table S2). Interestingly, we found that
these INcRNASs exhibited very strong tissue-specific regulation (Figure 2A), suggesting that
they might primarily play tissue-specific roles, and InNcRNA-mRNA correlation analyses
within each tissue would be required to pinpoint their functions. GO term analyses of those
similarly selected mMRNAs that are regulated by at least three conditions indicate that they
are functionally implicated in diverse metabolic processes (Figures S3A-S3C, and Table
S2). Furthermore, those IncRNASs regulated in at least three conditions cluster metabolic
conditions of each tissue into a pattern similar to that of mMRNAs (Figure 2B), suggesting
that these IncRNAs could faithfully mirror the features of different metabolic conditions
reflected by the mRNA signatures. We consider that this selected pool of INcRNAs are most
likely to be functional as IncRNA metabolic regulators in vivo, and have termed them as
liver, adipose or muscle metabolically sensitive INCRNASs (IncLMS, IncAMS or IncMMS)
respectively (Table S2).

Since we have quantified the expression levels of all INcRNAs and mRNAs in parallel in
several metabolic tissues under representative pathophysiological conditions, we could
predict IncRNA functions based on their co-expression patterns with protein coding
transcripts, which could be subsequently used to formulate hypotheses for experimentally
testing their role in metabolic regulation in vivo. Therefore we evaluated the co-expression
of these metabolically sensitive IncRNAs with all detectable mRNAs in liver, adipose and
muscle tissue respectively by correlation analysis (Figures S3D-S3lI, Tables S3). To provide
an example of examining the specific roles of these metabolically sensitive INCRNAs, we
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have selected eight metabolically sensitive INcRNAs from each tissue for further analyses.
As shown in S4, multiple nutrient-sensing pathways, metabolic processes and reactions are
often among the top inferred functions for these IncRNAs based on GO terms of correlated
mRNAs. Specifically, one representative metabolically sensitive INCRNA from liver, adipose
and muscle tissue was shown to be associated with steroid and triglyceride metabolism, cell
cycle and division, or fat differentiation and fatty acid synthesis, respectively (Figures 2C—
2E). Intriguingly, our work also captured a number of InNcRNAs that have recently been
shown to be involved in adipogenesis and energy metabolism, and our correlation analyses
could provide further insights into their functions in cell differentiation and metabolism. For
example, one IncLMS, ENSMUST00000138256, and one IncAMS, NR_030715, have both
been recently shown to be related to the thermogenic gene program in brown adipose tissue
(Zhao et al., 2014), and both predicted to associate with lipid transport, localization and
storage in our analysis (Figure 2F and data not shown). Additionally, one IncAMS,
uc009csh.1 (AK079912), and two IncLMSs, AK045415 and AK040954, have been shown to
be robustly increased during white adipose differentiation in a separated report (Sun et al.,
2013a). Uc009csh.1 was predicted to be associated with fat cell differentiation in adipose
tissue (Figure 2G), and AK045415 and AK040954 associated with sterol and fatty acid
metabolic processes in liver respectively in our analyses (Figure 2H and data not shown).
These results indicate that the co-expression network we built can efficiently predict the
potential metabolic functions for tissue-specifically regulated and metabolically sensitive
IncRNAs.

Specific regulation of IncRNAs by nutrients, hormones and transcription factors in vitro

Although our expression profiles and InNcRNA-mRNA correlation analyses have provided
crucial information regarding each metabolically sensitive INCRNA’s potential function,
these predictions are often broad and could implicate multiple biological processes or
metabolic pathways. Considering the challenging nature of characterizing a potential
IncRNA metabolic regulator in vivo, we sought to acquire further experimental evidence in
cells to connect these IncRNAs to specific metabolic or signaling pathways that could aid
hypothesis generation and experimental design for functional tests in animals. To this end,
we used mouse primary hepatocytes as a model to experimentally analyze the regulation of a
set of IncLMSs by specific nutrients, hormonal factors and master transcription factors of
key metabolic signaling pathways. These representative IncLMSs are strongly regulated by
the fasting-refeeding regimen. AK085787, uc009kuu.1, AK016911, and AK020503 were
induced by fasting and reduced by refeeding whereas Gm16551, uc008txr.1, AK033690, and
AK009289 showed the opposite pattern (Figure 3A). As part of our selection criteria for
metabolically sensitive INCRNAS, these INCRNAs often exhibited altered expressions in mice
fed with a HFD for 48h or 12w or mice with genetic obesity (Figure 3B and 3C). From our
IncRNA-mRNA correlation analyses, these INCRNAs are correlated with coding genes
involved in multiple metabolism GO terms including glycolysis, gluconeogenesis, lipid
biosynthesis, oxidation reduction and additional metabolic processes (Table S4).

To determine the specific effects of each nutrient and metabolic hormone on INcRNAs in
hepatocytes, key nutrients and metabolic hormones were applied individually. We used
glucagon and cAMP to mimic fasting signals in primary hepatocytes. As expected, the levels
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of gluconeogenesis genes glucose-6-phosphatase, catalytic (G6P) and phosphoenolpyruvate
carboxykinase 1 (PCK1) were significantly stimulated by glucagon or cAMP (Figures 3D
and 3E). Interestingly, two fasting-induced IncRNAs, AK085787 and uc009kuu.1, and one
fasting suppressed IncRNA, uc008txr.1, were either increased or reduced by glucagon,
respectively (Figure 3D). The same pattern was observed in cells treated with cAMP (Figure
3E). We used fetal bovine serum, high glucose and insulin to mimic nutrient-sensitive
responses, and although we observed that refeeding-induced IncRNAs tend to be induced by
insulin, the regulatory patterns of these IncRNAs are not always a direct reflection of their
regulation during the fasting-refeeding treatment, suggesting that a combination of nutrients
and metabolic hormones might need to be used to more closely mimic a physiological
change (Figures 3F-3H). Nonetheless, our results indicate that metabolically sensitive
IncRNAs identified in vivo are often subject to the regulation of specific nutrients and
hormones, and such information could help further connect them to specific metabolic
processes.

Cellular nutrient sensing involves a myriad of signaling cascades that ultimately convene on
a number of key transcription factors to activate or suppress their target metabolic genes
(Lempradl et al., 2015). The regulation of INcCRNASs by nutrients and hormones suggests that
these INcRNAs might be controlled by known master transcription factors of energy
metabolism. To test this idea, we expressed a number of representative metabolic
transcription factors in primary hepatocytes, including HNF4a, FOXO1, ChREBP and
SREBP1c. HNF4a is a master transcription factor of liver genes, and is known to recruit
PGCl1a to regulate the gluconeogenesis pathway during fasting (Gonzalez, 2008). FOXO1 is
a crucial fasting-induced transcription factor that activates the gluconeogenesis pathway and
suppresses lipogenic genes (Gross et al., 2008), whereas ChREBP is a glucose-sensing
transcription factor that regulates gene expressions in glucose metabolism and the lipogenic
pathway during refeeding (Uyeda and Repa, 2006). SREBP1c is a master regulator of
lipogenic genes and it also suppresses gluconeogenesis genes during refeeding (Horton et
al., 2002). Mouse HNF4a,, or constitutively active forms of mouse FOXO1, ChREBP or
SREBP1c were independently expressed in mouse primary hepatocytes, and their known
targets of coding genes were examined to verify their transcriptional activity (Figures 31—
3L). Intriguingly, six out of eight INcRNAs were regulated by these transcription factors
(Figures 31-3L). For example, AK085787 and Gm16551 were strongly regulated by HNF4a
and SREBP1c respectively. This specific regulation suggests that these INcRNAs might be
involved in the metabolic processes controlled by these transcription factors. Our results
here suggest that physiological regulation of INCRNA expressions in vivo can be further
connected to specific nutrient- or hormone-sensing responses and metabolic signaling
pathways in cells, which could aid the hypothesis generation and experimental design for
further functional tests in vivo.

An IncRNA metabolic regulator identified by our integrative roadmap regulates lipid
metabolism in vivo

We have now built a roadmap to identify functional INcRNA metabolic regulators (Figure 5)
by combining genome-wide screens of INcRNAs in major metabolic organs under multiple
pathophysiological conditions (Figure 1), functional predictions for metabolically sensitive
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IncRNAs (Figure 2), and further cell-based assays to test their regulation by individual
metabolic cues and transcription factors (Figure 3). To assess if this integrative approach is
sufficiently robust to identify IncRNAs that function as metabolic regulators in vivo, we
inferred and tested the specific metabolic function for one IncRNA, Gm16551
(ENSMUST00000160017), in animals. Gm16551 was initially characterized as a capped,
spliced, and polyadenylated intergenic noncoding transcript in the Ensembl database (Figure
S4A). We found Gm16551 to be exclusively expressed in the liver among several tissues we
examined (Figure 4A). The histone marks surrounding the Gm16551 gene also indicate that
it is actively transcribed in the liver and is silenced in the heart (Figure 4B). Gm16551
expression was reduced by fasting and recovered upon refeeding in mouse liver (Figure 3A),
and it was also down-regulated in the livers of dietary and genetically obese mice (Figures
3B and 3C). We also found that Gm16551 was strongly up-regulated by SREBP1c nearly 50
folds in isolated primary hepatocytes (Figure 3L). In our INcRNA-mRNA correlation
analyses, Gm16551 in the liver negatively correlates with the lipid biosynthesis process
including a de novo lipogenic gene ATP citrate lyase (ACLY), an SREBP1c target gene
(Figure 4C and Table S3). We thus hypothesize that SREBP1c might induce Gm16551
expression which functions as a negative feedback regulation of the SREBP1c-induced de
novo lipogenesis pathway in mouse liver. To test this hypothesis, we first over-expressed
SREBP1c in mouse livers by adenoviruses, and consistent with our findings in cells,
Gm16551 was up-regulated by SREBP1c in mice alongside known SREBP1c target genes
such as fatty acid synthase (FAS) (Figures 4D and S5B). To specifically examine
Gm16551’s role in regulating the lipogenic pathway in vivo, we knocked it down in mouse
livers by administrating two independent Gm16551 shRNA adenoviruses (Figures 4E and
S5C). In support of our hypothesis, three key enzymes in the de novo lipogenesis pathway,
ACLY, FAS, and stearoyl-Coenzyme A desaturase 1 (SCD1), were found to be increased at
both mRNA and protein levels in the livers of Gm16551 knockdown mice compared with
those of control mice (Figures 4F, 4G and S5C). Consistently, plasma triglyceride (TG)
levels were also elevated in Gm16551 knockdown mice although their hepatic TG levels
were not altered (Figures 4H, S5D and S5E). To understand how Gm16551 KD mediates
these effects, we went on to study the mechanism of action of Gm16551. We noticed that the
closest neighboring gene of Gm16551 is Onecutl, which is also known as Hnf6a whose
function could potentially explain the observations associated with Gm16551 KD. To test
this possibility, we defined the full length of the Gm16551 transcript in mouse liver using
rapid amplification of complementary DNA ends (RACE), and found that it has no overlap
with the transcripts from Onecutl (Figure S4A).

Furthermore, we examined expression levels of Onecutl upon Gm16551 KD and found
there was no change (Figures 4E and S5C). Therefore, Gm16551 does not appear to cis
regulate Onecutl. Since Gm16551 is robustly induced by SREBP1c, Gm16551 might be
directly involved in the regulation of SREBP1c activity. To test this possibility, we first
simultaneously delivered adenoviruses to express Gm16551 shRNAs and a dominant
negative SREBP1c into mice, and found that the up-regulation of lipogenic genes by
Gm16551 KD is abolished by the presence of the dominant negative SREBP1c (Figures 4l
and S5F). This result indicates that enhanced SREBP1c activity is required for Gm16551
KD to mediate its effects on lipogenesis. Next, we overexpressed both an active form of
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SREBP1c and Gm16551 and found that lipogenic gene expression as well as elevated
circulation triglycerides induced by the active SREBP1c were suppressed by increased
expression of Gm16551 (Figures 4J and 4K), supporting that Gm16551 is able to suppresses
SREBP1c activities in vivo. Taken together, our findings support a model where SREBP1c
induces Gm16551 to activate an INcCRNA-mediated negative feedback loop to regulate
SREBP1c activity in mouse liver. These results support that our IncRNA function prediction
strategy combining correlation analysis of in vivo expression profiles and information of
nutrient and hormonal regulation in cells could specifically identify connections between a
metabolically sensitive INCRNA and a major metabolic process, which could be quickly
verified by performing hypothesis-based metabolic assays in vivo.

The significant effects of Gm16551 on de novo lipogenesis also prompt us to search for its
human homolog, which would allow for defining its impact on human lipid metabolism. We
used the mouse Gm16551 sequence to blast against the Ensembl human transcripts database
and identified one human IncRNA transcript that shows high sequence similarity with mouse
Gm16551 (Figure S41). We designed RT-PCR primers to quantify this human sequence, and
found that it shows liver-specific expression in humans, as was seen in mice. Expression of
the Gm16551 human homolog is only detected in human adult and fetal livers (Figure S4J).
Interestingly, the Gm16551 human homolog has recently been shown to be significantly
increased in the livers of patients with non-alcoholic fatty liver diseases (Figure S4K, GEO
accession No. GSE72756) (Sun et al., 2015). Taken together, Gm16551 has conserved
expression, tissue distribution and metabolic disease-associated regulation in both human
and mouse, which indicate that the human homolog of Gm16551 might have a similar
function to what we have characterized in mice.

Finally, to leverage the full potential of the functional predictions for these INCRNAs
regulated in multiple pathophysiological mouse models for studying important human
IncRNAS in metabolic homeostasis and disease, we also provide a catalog of human
homologs for mouse metabolically sensitive INCRNAs (Table S5). This database could serve
as a foundation for in-depth analyses of mouse IncRNAs and their human homologs in vivo,
which represents a vital step in translating the exciting new developments in IncRNA
biology into therapeutic advances in metabolic disorders.

DISCUSSION

We have utilized genome-wide screens to establish a comprehensive catalog of IncRNAs
implicated in metabolic regulation and a battery of bioinformatics and experimental analyses
to develop a roadmap for identifying and characterizing functional IncRNAs in metabolic
homeostasis (Figure 5). Our results support that IncRNAs are a bona fide component of
nutrient sensing and metabolic responses, and a class of metabolically sensitive INCRNAs
could constitute important metabolic regulators in vivo. Several features of INCRNAs
involved in energy metabolism were reaffirmed from this study. First, INcRNA expression
patterns change systemically and coordinately in response to altered metabolic state, in a
way similar to those of mMRNAs. Second, expression levels of INCRNAs are regulated by key
nutrient factors and metabolic hormones, and are under the control of master transcription
factors of energy homeostasis. Third, there are core groups of metabolism-associated
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IncRNASs regulated in major metabolic organs by metabolic conditions, and they often
exhibit strikingly altered expression in mice with metabolic disorders, supporting their
potential pathophysiological significance. Finally, although the conservation between mouse
and human IncRNAs is much lower than that of mMRNAS, we were able to identify a short list
of IncRNAs that are implicated in metabolic regulation in both human and mouse that could
serve as a starting point for characterizing the role of IncRNAs in the pathogenesis of human
metabolic disorders.

Currently, it is still very challenging to identify and functionally characterize INCRNAS
regulating metabolic homeostasis in animals, and the very small number of IncRNAs shown
to regulate energy metabolism in vivo precludes an objective assessment of the role of
IncRNAs in metabolic physiology. To overcome this major hurdle, we developed a
functional IncRNA detection pipeline by first comprehensively profiling INcCRNAs in
important metabolic organs under representative metabolic conditions, and then selecting a
group of dynamically regulated IncRNAs that demarcate tissue-specific metabolic responses
for functional prediction through correlation analyses. This integrative approach allows us to
effectively reduce 4759 IncRNAs regulated by representative pathophysiological conditions
to a concise and annotated catalog of 359 putative tissue-specific IncRNA metabolic
regulators. It is worth noting that IncRNA functions predicted from co-expressed mRNAs
are often broad or associated with multiple metabolic pathways. Thus, complementary to
these analyses, we used cell-based assays to further define individual nutrients, metabolic
hormones and key transcription factors that regulate an INcRNA’s expression, which could
directly connect a putative INcCRNA metabolic regulator to specific metabolic signaling
pathways. Finally, all information was combined to develop a hypothesis to guide in vivo
metabolic assay design to define an INcRNA’s function in systemic energy metabolism
(Figure 5). Using this approach, we have identified a liver metabolically sensitive INCRNA,
Gm16551, which was strongly regulated by the master transcription factor of lipogenesis,
SREBPI1c, in both isolated hepatocytes and in mouse liver. Subsequently, we generated liver-
specific Gm16551 knockdown mice and identified increased expression of key lipogenic
genes and elevated circulating levels of triglycerides in these mice. These results validate the
robustness of our pipeline, and provide a proof-of-principle that specific functions of
IncRNA metabolic regulators can be identified by combining regulation information and
correlation analyses to infer functions with cell-based analyses to identify their links with
specific signaling and metabolic pathways. Furthermore, demonstration of an in vivo
function for Gm16551 is also a significant step in connecting INCRNAs to the maintenance
of metabolic homeostasis, since so far there are only a few IncRNAs that have been shown to
be able to significantly regulate an important metabolic pathway in vivo (Lan et al., 2015; Li
et al., 2015; Sallam et al., 2016; Zhao and Lin, 2015). We fully expect that there are many
more IncRNAs critical to metabolic homeostasis awaiting to be discovered and
characterized, and we hope that our functional IncRNA detection pipeline could significantly
speed up the process of identifying and mechanistically characterizing these IncRNA
metabolic regulators which could provide fresh insights into the complex network of
metabolic regulation and pathogenesis of metabolic disorders.

It is currently unknown how many IncRNAs are expressed in each metabolic tissue in mice
and how they are regulated under physiological or disease conditions. As part of our efforts
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to identify functional INcRNAS in energy metabolism, we have established a comprehensive
and annotated catalog of INcRNAs in key metabolic organs in mice under representative
pathophysiological conditions. Of note, several IncRNAs that were reported recently to be
involved in adiopogenesis and brown fat function (Sun et al., 2013a; Zhao et al., 2014) are
successfully identified as metabolically sensitive INcRNAs by our roadmap and our
correlation analyses could provide additional insights into their potential functions in energy
metabolism. Furthermore, our work also set the stage to investigate the significance of
human IncRNAs in human metabolic disease. Accumulating evidence supports that human
IncRNASs harbor a large number of disease-associated genetic variants (lyer et al., 2015), but
causally connecting these variants to specific disease conditions often requires detailed
mechanistic analyses in an animal model. Since the mouse is one of most widely used pre-
clinical animal models, it is important to understand if sequence-conserved IncRNAs can
carry out similar functions in mouse and human and if genetic mouse models of INCRNAs
can provide insights into disease relevance for their human counterparts. To facilitate this
line of investigation, we have performed a careful database search to build a list of human
homologs for all mouse metabolically sensitive INCRNAs (Table S5). Regulation information
of these INcRNAs in human and mouse metabolic disease could provide initial clues on their
relevance to pathological conditions in humans, and further study of genetic mouse models
for selected IncRNAs could define their roles in the pathogenesis of human metabolic
disorders.

In conclusion, our work has systemically characterized IncRNA expression in metabolic
homeostasis and disease and established a roadmap to identify and functionally characterize
metabolism-associated INcRNAs in vivo and in vitro (Figure 5). We have also generated a
catalog of potential INcRNA metabolic regulators with predicted functions. In junction with
the list of potential INcRNA metabolic regulators that are conserved in human and mouse,
this work could offer useful information for delineating the metabolic functions of IncRNAs
in mouse and human and for further evaluating their therapeutic potentials in human disease.

EXPERIMENTAL PROCEDURES

Animal experiments

All animal experiments were performed in accordance and with approval from the NHLBI
Animal Care and Use Committee. Male C57BL/6 mice from the Jackson Laboratory were
used for all experiments. For in vivo INcRNA functional test, mice were purchased at 8
weeks of age and housed 3-5 mice per cage with free access to water and normal chow diet
(24% kcal from protein, 14% kcal from fat, and 62% kcal from carbohydrate, NIH-31,
Harlan Teklad), and animals were acclimatized to the housing conditions for at least 10-14
days before experiments. Groups of co-housed mice were randomly assigned to
experimental groups with age and weight matched between groups. Models with different
metabolic conditions were established for profiling the transcriptomes in liver, white adipose
and muscle tissue. For the fasting and refeeding regimen, mice of around 20 weeks of age
were either allowed free access to food or were subjected to a 24-hour fast before being
euthanized for tissue harvest (sacrificed at 10am). A third group was fasted for 24 hours and
then allowed to feed ad libitum for another 4 hours before tissue harvest (sacrificed at 2pm).
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For high fat diet feeding (20% kcal from protein, 60% kcal from fat, and 20% kcal from
carbohydrate, D12492, Research Diets Inc.), 6 week old mice were fed for a total of 12
weeks, a second group of mice of 18 weeks old were fed for 48h. Mice fed with a normal
chow diet were used as controls (sacrificed at 2pm). For the genetic obesity model, 10 week
old Ob/Ob mice and their lean control were used. All mice were subjected to a 4-5h food
withdrawal before tissue harvest unless specified otherwise (sacrificed at 2pm).

Total RNA was isolated from tissue samples using Trizol reagent (Invitrogen). For
transcriptome profiling, an Agilent array platform was used (8 x 60K, ArrayStar), and
sample preparation and microarray hybridization were performed based on the
manufacturer’s standard protocols with minor modifications (ArrayStar, Rockville, MD).
Briefly, mRNA was purified from 1 ug total RNA after removal of rRNA (MRNA-ONLY ™
Eukaryotic mRNA Isolation Kit, Epicentre). Each sample was amplified and transcribed into
fluorescent cRNA along the entire length of the transcript without 3" bias utilizing a random
priming method. The labeled cRNAs were hybridized onto the Mouse LncRNA Array V2.0
(8 x 60K, ArrayStar). After slides were washed, the arrays were scanned by the Agilent
Scanner G2505B. Agilent Feature Extraction software (version 10.7.3.1) was used to
analyze acquired array images. Quantile normalization and subsequent data processing were
performed using the GeneSpring GX v11.5.1 software package (Agilent Technologies).
Since our understanding of the IncRNAs has evolved very quickly in most recent years, we
used the NONCODE 2016 mouse database (http://www.noncode.org/) to re-annotate all of
the INcCRNA probes on the microarray platform. By cross-referencing with the latest
NONCODE database, we found our microarray platform could detect total 18431 non-
redundant INcRNAs, which were used for downstream analysis.

Bioinformatics Analysis of IncRNA and mRNA transcriptomes and individual IncRNAs

Targets with at least 4 out of 12 samples having flags in Present or Marginal were chosen for
further analyses for the initial 12 fasting and refeeding liver samples. For the entire sample
set, normalization was performed across the 106 samples. We used a cutoff of normalized
array values (log2-transformed values) >=7.64 to filter out the very low- or non-expressing
targets for subsequent analyses of all array datasets. We performed Student’s t test to
identify differentially expressed transcripts with p<0.05 and fold change >=2. The
normalized intensities of the differentially expressed genes calculated by one-way ANOVA
in the initial 12 liver samples were used for principal component analysis (PCA) and
hierarchical clustering by R packages.

The normalized intensities of all expressed genes in 106 samples were used for PCA using R
packages. The hierarchical clustering of mMRNAs and IncRNAs regulated at least three times
was prepared with Multiexperiment Viewer. 2-circle or 3-circle venn diagrams were drawn
by BioVenn, and 5-circle venn diagrams were created by adding numbers of specially and
commonly regulated IncRNAs and mRNAs in each condition to a pre-drawn template. Gene
Ontology (GO) analyses were performed by DAVID Bioinformatics Resources 6.7 (https://
david.ncifcrf.gov/) (p<0.05 unless otherwise specified). The correlation coefficients of
MRNAs and IncRNAs were made by R packages based on Pearson Correlation method. The
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mMRNAs that show correlation coefficients with each metabolically sensitive INCRNA
>0.7(positive) or <-0.7(negative) were used to perform GO analysis separately.

The protein-coding potential of representative liver metabolically sensitive INCRNAs was
evaluated by two widely used algorithms, Coding-Non-Coding Index (CNCI) (Sun et al.,
2013b) and Coding Potential Assessment Tool (CPAT) (Wang et al., 2013). For CNCI, the
transcripts with scores more than 0 are classified as coding while less than 0 are non-coding.
For CPAT, mouse coding probability (CP) cutoff is 0.44, so transcripts with scores more than
0.44 are classified as “coding” and less than 0.44 as “noncoding”.

For the human homolog search, mouse IncRNA sequences were aligned to human transcript
sequences using NCBI blast + (blastn). Those IncRNAs that can align with Human IncRNAs
with e-value<le-5 and (alignment>50 or alignment/human_RNA _length>0.15) were
identified and the human IncRNAs with the longest aligned sequence were listed.

Adenovirus production and in vivo adenovirus administration

ShRNAs for Gm16551 were designed to act against the mouse sequence using the online i-
Score shRNA designer. Two pair of ShRNAs (ShRNAL:GATCTTTCCTCAGACTCAA,
ShRNA2: AGAACTCAATAGTAAATTA) were shown to be able to efficiently knock down
Gm16551 in cells. The hairpin template oligonucleotides were synthesized by Integrated
DNA Technologies and were subsequently cloned into the adenoviral vector of the pAD/
Block-it system (Invitrogen) to produce adenoviruses according to the manufacturer’s
protocols. YFP (Addgene plasmid #15302), constitutively active mouse FOXO1 (Addgene
plasmid #17547), constitutively active mouse SREBP1c (Addgene plasmid #8883), and
dominant negative Rat SREBP1c (Addgene plasmid #8885) were subcloned into the
adenoviral vector pAd/CMV/V5-DEST™ (Invitrogen) from plasmids purchased from
Addgene. A constitutively active mouse ChREBP lacking the N-terminal low glucose
inhibitory domain was PCR amplified from mouse liver cDNA (Poupeau and Postic, 2011).
The full length of the Gm16551 transcript was cloned into pAd/CMV/V5-DEST ™ based on
the RACE results. (Forward Primer: TCAGAGCTTTCTCGGGCCCA, Reverse Primer:
TCAATATCGAAATTAGATTTATTGTC). Adenoviruses were amplified in HEK293A cells
and purified by CsCl gradient centrifugation. Purified viruses were desalted with PD10
columns (GE Healthcare Life Sciences) and were tittered with an Adeno-X Rapid Titer Kit
(Clontech). Mouse HNF4a adenovirus was a gift from Dr. Yangiao Zhang (NEOMED,
Ohio). Adenoviruses were delivered into mice intravenously at 1-2x10° pfu/mouse. After
seven to twelve days, animal experiments were performed, and tissue and plasma samples
were harvested for analyses.

Statistical analysis

Values represent mean + SEM. Statistical significance of differences was determined by
Student’s t test or One-way ANOVA with Bonferroni’s post-hoc comparison where
appropriate. P values less than 0.05 were considered to be significant.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Dynamic regulation of IncRNAs and mRNAs in key metabolic organs under multiple

metabolic conditions

(A) Hierarchical clustering (top) and principal components analyses (bottom) of
differentially expressed mRNAs (left) and IncRNAs (right) in mouse livers during fasting
and refeeding. The differentially expressed genes were defined by one-way ANOVA analysis
to be significantly different among the three groups. (CH_1-4 are Ad libitum group shown
as red, CH_9-12 are Fast group shown as blue, and CH_17-20 are Refeed group shown as

green).
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(B) Experimental outline. Each metabolic condition contains four to five mice, and the
expression profiles of MRNAs or IncRNAs from 37 liver samples, 37 adipose samples, and
32 muscle samples were analyzed.

(C) Principal components analyses of expressed genes from 106 samples: mRNAs (left), and
IncRNASs (right). Samples circled in red are liver, in blue are adipose, and in green are
muscle.

(D) Numerical distribution of condition-specifically and commonly regulated mRNAs (top
row) and IncRNAs (bottom row) in liver (left), adipose (middle), and muscle tissue (right).
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Figure 2. Functional prediction of metabolically sensitive INCRNAs by INCRNA-mRNA co-
expression correlation under diverse metabolic conditions

(A) The numbers of condition-specifically and commonly regulated mRNAs (left) and
IncRNAs (right) by at least three metabolic conditions.

(B) Hierarchical clustering of mMRNAs and IncRNAs regulated at least three times (Figure
2A) across all metabolic conditions in liver (left), adipose (middle), and muscle (right) tissue

by Pearson’s correlation.

(C-E) Top gene ontology (GO) biological process terms for mRNAs positively or negatively
correlated with representative metabolically sensitive INcCRNAs in liver (C), adipose (D), and

muscle (E).
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(F-H) Top GO terms of correlated mMRNASs for recently reported INcCRNAS that were shown
to be involved in brown and white adipocyte differentiation.
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Figure 3. Liver metabolically sensitive INCcRNAs are dynamically regulated by nutrients,
hormones and metabolic transcription factors in mouse primary hepatocytes

(A-C) Quantitative real-time RCR analyses of liver metabolically sensitive IncRNAs
(IncLMS) in mice fed ad libitum (Ad Libitum), subject to a 24-hour fast (Fast), or a 24-hour
fast followed by a 4-hour refeeding (Refeed) (A), fed with normal diet (Control), high fat
diet for 48 hours (48h) or 12 weeks (12w) (B), or in ob/ob and their control wild type (Lean)
mice (C). Expression levels of protein-coding genes known to be regulated by these
conditions are shown on the left. Error bars are SEM, n=4-5. *P<0.05 (Fast vs Ad libitum,
48h HFD vs Control, or ob/ob vs Lean), # p<0.05 (Refeed vs Fast or 12week HFD vs

Control).

Cell Metab. Author manuscript; available in PMC 2017 October 11.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Yang et al.

Page 22

(D-H) Expression levels of IncLMSs in isolated mouse primary hepatocytes treated with
200nM glucagon (D), 100uM cAMP (E) for 6hrs or cultured in medium supplemented with
or without 10% fetal bovine serum (FBS) (F), containing 5.5mM or 27.5mM glucose (G), or
treated with 200nM insulin (H) for 16hrs. Expression levels of protein-coding genes known
to be regulated by these conditions are shown on the left. Error bars are SEM, n=3. *P<0.05.
(I-L) Expression levels of IncLMSs in isolated mouse hepatocytes 24hrs after being
transduced with adenoviruses expressing mouse HNF4a (1), constitutively active mouse
FOXO1 (J), constitutively active mouse ChREBP (K), or constitutively active mouse
SREBP1c (L). YFP adenovirus transduced hepatocytes are used as a control, and expression
levels of protein-coding genes known to be regulated by these transcription factors are
shown on the left. Error bars are SEM, n=3. *P<0.05.
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Figure 4. Identification of an IncRNA regulating lipogenesis in mouse liver by a functional
IncRNA detection roadmap

(A) Semi-quantitative PCR analyses of Gm16551 expression levels in heart, kidney, liver,
adipose, and muscle tissue from 8 week old male mice. 18s was used as a control.

(B) Histone modifications at the Gm16551 locus in mouse heart and liver tissue retrieved
from ENCODE/LICR ChlP-seq data.

(C) Top gene ontology (GO) biological process terms for mMRNAs negatively correlated with
Gm16551.
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(D) Expression levels of Gm16551 in male mouse livers transduced with YFP or
constitutively active mouse SREBP1c adenoviruses. Error bars are SEM, n=5. *P<0.05.

(E) Expression levels of Gm16551 and its neighboring coding gene Onecutl in the livers of
male mice that received shRNA adenoviruses for lacZ or Gm16551 respectively (sacrificed
at 2pm, which is 4hr refeeding after 24hr fasting). Error bars are SEM, n=6. *P<0.05.

(F) Expression levels of ATP citrate lyase (ACLY), fatty acid synthase (FAS) and stearoyl-
Coenzyme A desaturase 1 (SCD1) in the livers of control (lacZ sh) and Gm16551
knockdown (Gm16551 sh) mice. Error bars are SEM, n=6. *P<0.05.

(G) Immunoblot analyses of ACLY, FAS, and SCDL1 proteins in the livers of control (lacZ
sh) and Gm16551 knockdown (Gm16551 sh) mice.

(H) Plasma triglyceride (TG) levels in control and Gm16551 knockdown mice. Error bars
are SEM, n=6. *P<0.05.

(1) Expression levels of ACLY, FAS, and SCD1 in the livers of mice receiving lacZ sh plus
YFP, lacZ plus dominant negative SREBP1c, Gm16551 knockdown (Gm16551 sh1) plus
YFP, and dominant negative SREBP1c plus Gm16551 knockdown adenoviruses (sacrificed
at 2pm, which is 4hr refeeding after 24hr fasting). Error bars are SEM, n=5. *P<0.05,
#P<0.05.

(J) Expression levels of ACLY, FAS, and SCD1 in the livers of mice receiving YFP plus
vector, active SREBP1c plus vector, and active SREBP1c plus Gm16551 adenoviruses. Error
bars are SEM, n=7. *P<0.05.

(K). Plasma triglyceride level in mice receiving YFP plus vector, active SREBP1c plus
vector, and active SREBP1c plus Gm16551 adenoviruses. Error bars are SEM, n=7.
*P<0.05.
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Figure 5.
An integrative roadmap defines functional tissue-specific INcRNA metabolic regulators.
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