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A Systems Genetics Approach 
Identified GPD1L and its Molecular 
Mechanism for Obesity in Human 
Adipose Tissue
Hao He1, Dianjianyi Sun2, Yong Zeng1, Ruifeng Wang1, Wei Zhu1, Shaolong Cao3, George A. 
Bray4, Wei Chen5, Hui Shen1, Frank M. Sacks6, Lu Qi2,4,7 & Hong-wen Deng1

To explore novel molecular mechanisms underlying obesity, we applied a systems genetics framework 
to integrate risk genetic loci from the largest body mass index (BMI) genome-wide association studies 
(GWAS) meta-analysis with mRNA and microRNA profiling in adipose tissue from 200 subjects. One 
module was identified to be most significantly associated with obesity and other metabolic traits. 
We identified eight hub genes which likely play important roles in obesity metabolism and identified 
microRNAs that significantly negatively correlated with hub genes. This module was preserved in other 
three test gene expression datasets, and all hub genes were consistently downregulated in obese 
subjects through the meta-analysis. Gene GPD1L had the highest connectivity and was identified 
a key causal regulator in the module. Gene GPD1L was significantly negatively correlated with the 
expression of miR-210, which was experimentally validated that miR-210 regulated GPD1L protein level 
through direct interaction with its mRNA three prime untranslated region (3′-UTR). GPD1L was found 
to be upregulated during weight loss and weight maintenance induced by low calorie diet (LCD), while 
downregulated during weight gain induced by high-fat diet (HFD). The results indicated that increased 
GPD1L in adipose tissue may have a significant therapeutic potential in reducing obesity and insulin 
resistance.

Obesity is a complex condition characterized by excessive storage of energy mainly as lipids in white adipocytes, 
as a result of a positive energy balance. Epidemic of obesity has become an exponentially growing public health 
problem associated with several severe diseases such as type 2 diabetes (T2D), cardiovascular diseases (CVD) 
and various types of cancers1. According to a World Health Organization (WHO) report, obesity has reached 
epidemic proportions globally, with at least 2.8 million people dying each year from obesity.

Body mass index (BMI) is the most widely used measure for assessing obesity, and has a strong genetic com-
ponent (40% to 70% heritability)2, 3. The largest genome-wide association study (GWAS) meta-analysis for BMI, 
including a total of 339,224 individuals, identified 97 obesity-associated loci (P < 5 × 10−8), which accounted for 
only 2.7% of BMI variation4. A large proportion of the genetic variance remained to be discovered. It is extremely 
difficult to follow up on every gene in the functional experiment among a large number of loci identified by 
GWAS. Therefore, prioritization of the promising genes was of great interest by placing them in a broad con-
text such as implicated tissues/cell-types, pathways and inter-connected networks, as gene functions are com-
monly dependent on their tissue context and the disordered interplay of tissue/cell-type with specific processes5. 
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Transcriptomic analysis on thousands of genes simultaneously can provide further insight into the molecular 
mechanisms of complex traits, as gene expression provides an important link between genetic variations and 
their corresponding phenotypic alterations. It is well recognized that network analysis is capable of revealing 
comprehensive transcriptional regulation for complex diseases, since genes interact with each other in complex 
regulatory networks. For example, gene coexpression networks comprised of modules of genes demonstrating 
high levels of co-regulation6.

We implemented a systems genetics framework to integrate genetic loci identified from the largest BMI GWAS 
meta-analysis with gene expression profiles in adipose tissue from 200 subjects to explore underlying molecular 
mechanisms for obesity (Fig. 1). Genetic loci associated with diseases from GWAS can perturb specific parts 
of gene networks, whose overall dysregulation may shift homeostatic processes and lead to disease4, 7, 8. Using 
weighted gene coexpression network analysis (WGCNA), we identified modules composed of genes that were 
highly interconnected with one another and displayed significant associations with obesity and related metabolic 
traits. Through characterization of module content and topology, we identified hub genes which likely play an 
important role in obesity metabolism. Next, we applied the causal network inference and key driver analysis 
(KDA) to identify the key causal regulators in the obesity-associated module. As adipose microRNAs (miRNAs) 
have been linked to adipogeneisis in vitro and in animal obesity models, they play an important role in the devel-
opment of obesity9. The cooperative and combinatorial targeting ability of miRNA allow precise and robust gene 
regulation at both the single-gene and gene-network levels10. In order to assess the role of miRNA in regulating 
gene expression in pathological processes, we studied the regulation of human adipose miRNAs expression and 
their relationships with obesity-associated modules and hub genes in the same 200 subjects. Furthermore, we 
utilized four publicly available experiments in adipose tissues from obese (BMI > 30) and non-obese subjects to 
evaluate preservation of module topology. In addition, we further utilized five studies including four longitudinal 
dietary intervention studies (one in-house clinical trial, The POUND LOST Trial) in human abdominal subcuta-
neous adipose tissue to provide supportive biological information for future functional validation of hub genes’ 
involvement in adipose tissue metabolism.

Our goal is to better understand the biological mechanisms underlying obesity risk and to identify most 
important candidate causal genes for obesity by integration of genetic loci, transcriptome in adipose tissue, phe-
notypic data and experiments relevant to adipose tissue metabolism. A most promising candidate causal gene 
GPD1L was highlighted. Our findings provided strong support for the important role of GPD1L and also shed 
light on its molecular functional mechanisms in the etiology of obesity and insulin resistance.

Materials and Methods
Discovery Stage (I).  Gene-based method on summary statistics of BMI meta-analysis GWAS.  We down-
loaded publicly available summary statistics from a meta-analysis of 125 studies of BMI performed by the Genetic 
Investigation of ANthropometric Traits (GIANT) Consortium, a total sample of 339,224 individuals (http://www.
broadinstitute.org/collaboration/giant/index.php/GIANT_consortium_data_files)4. GWAS meta-analysis results 
were corrected for genomic control using all the SNPs11.

All the SNPs in the BMI meta-analysis GWAS were converted to gene lists using ProxyGeneLD, which cal-
culated gene-wide p-value for each gene by reading the SNP list and BMI association statistics12. Based on CEU 
HapMap samples, ProxyGeneLD identified clusters of GWAS SNPs in high LD (r2 ≤ 0.80). Genes were defined 
as the transcript plus a 1-kbp extension upstream to include promoter regions. Gene-wide p-values were then 
calculated as the minimum of any SNP in the gene, either as a singleton or member of a proxy cluster per gene. 

Figure 1.  Systems genetics framework for underlying molecular mechanisms of obesity. A three-stage approach 
was applied.

http://www.broadinstitute.org/collaboration/giant/index.php/GIANT_consortium_data_files
http://www.broadinstitute.org/collaboration/giant/index.php/GIANT_consortium_data_files
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Genes with gene-wide P ≤ 0.05 for BMI were referred to as the nominally significant GWAS genes for subsequent 
analyses.

Gene expression data processing.  To generate gene coexpression networks, we used a microarray data set from 
200 random human subjects who were part of population-based cross-sectional Metabolic Syndrome in Men 
(METSIM) study13. Participants of the METSIM study had been extensively characterized for physical and met-
abolic traits, including BMI, fat mass (FM), waist-to-hip ratio (WHR), total cholesterol (TC), high-density lipo-
protein (HDL), low-density lipoprotein (LDL), total triglyceride (TG) levels, adiponectin, C-reactive protein 
(CRP), Matsuda index of insulin sensitivity14 and the homeostasis model assessment-estimated insulin resist-
ance (HOMA-IR)15. Total RNA from the METSIM subjects was isolated from abdominal subcutaneous adipose 
tissue, which was obtained with needle biopsies. High-quality RNA samples from each METSIM subject were 
hybridized to Illumina Human HT-12 v3 Expression Bead-Chips (San Diego, CA, USA). Data were downloaded 
from the National Center for Biotechnology Information Gene Expression Omnibus (GEO) (accession number: 
GSE32512) and subjected to a stringent quality control analysis, using non-parametric background correction 
followed by quantile normalization with both control and expression probes utilizing the neqc function in the 
Linear Models for Microarray Analysis (LIMMA) package in R/Bioconductor16, 17. Probes with detection p-value 
≥0.01 in ≥90% of 200 subjects were removed, which were not significantly expressed above the background 
level. The remaining missing data were imputed using the k-nearest neighbor procedure, as implemented in the 
impute R package18. As part of quality-control protocol, a clustering and principal-components analysis (PCA) 
was performed to identify potential outliers in the dataset by using functions hclust and prcomp in R. After clus-
tering samples based on global expression values and PC1, one sample was identified as an outlier and therefore 
removed from subsequent analyses.

Construction of coexpression networks and identification of obesity-associated gene coexpression modules.  Gene 
coexpression networks were constructed using WGCNA6, 9. WGCNA is a well-established tool for studying bio-
logical networks based on pair wise correlation between variables in high-dimensional microarray data sets. First, 
we identified probes assaying the expression of nominally significant GWAS genes. For these genes, we then cal-
culated Pearson correlation coefficients for all gene-gene comparisons across microarray samples. The matrix of 
correlations was then converted to an adjacency matrix of connection strengths. The adjacencies were defined as 

= | |βa cor x x( , )ij i j , where xi and xj are the ith and jth gene expression traits. The parameter β of the power function 
was defined in such a way that the resulting coexpression network (adjacency matrix) satisfies approximate 
scale-free topology, as previously outlined by Zhang and Horvath19. We chose a power of 6, which resulted in an 
approximate scale-free topology network with the scale-free fitting index R2 greater than 0.8.

Modules were defined as sets of genes with high topological overlap. The topological overlap measure (TOM) 
=
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, where = ∑ ≠k ai u i ui denotes the network connectivity, calculated as the sum of the 

connection strengths with all other module genes. A TOM-based dissimilarity measure (1 − TOM) was used for 
hierarchical clustering. Gene modules corresponded to the branches of the resulting dendogram and were pre-
cisely defined using the “dynamic hybrid” branch-cutting algorithm20. Module eigengenes (MEs) were defined as 
the first principal component calculated using PCA, which can summarize modules’ behavior. These MEs were 
tested for association with obesity and other phenotypes adjusted for age using a linear regression model. Gene 
significance (GS) for the each module gene was defined as the absolute value of its Pearson correlation with obe-
sity. The module membership (MM) (also referred as intramodular connectivity) of gene i in module q, kME 
value, was defined as the absolute value of Pearson correlation between its gene expression and the module eigen-
gene. Specifically, = | |kME i cor x ME( ) ( , )q i q , where MEq is the module eigengene of the module q. Note that it 
specifies how close gene i is to module q and does not require that gene i to be a member of the module q. Both 
GS and MM can be combined in a systems biological screening method for finding hub genes, which are highly 
interconnected nodes within gene coexpression modules and have been shown to play key roles in controlling 
module behavior and disease mechanisms6, 21, 22. The module hub gene was defined as the gene in the module with 
the highest connectivity, or based on a high intra-modular connectivity (MM > 0.8) and high GS (>0.2).

To assess the importance of hub genes, we used the Mouse Genome Informatics (MGI) web tool (http://
www.informatics.jax.org/)23 to analyze the reported endogenous gene expression during mouse development. To 
determine whether the obesity-associated modules were biologically meaningful, GO enrichment analyses were 
conducted using the WebGestalt web site (http://genereg.ornl.gov/webgestalt)24. We examined enrichment of 
Biological Process GO terms using hypergeometric test and the p-value was adjusted by Bonferroni correction.

Inference of causal network structure and identification of key causal regulators.  In order to establish a causal 
relationship or dependency between nodes in the network, we constructed causal structures from the gene 
expression data. A popular method for constructing causal structures is probabilistic graphical models, which 
are used to analyze and visualize the conditional independence relationships between variables25. The structure 
of conditional independence among variables is usually represented as a directed acyclic graph (DAG), where 
each node represents a variable (expression of a gene) and each directed edge represents a direct cause. The PC 
algorithm (PC stands for the initials of its inventors Peter Spirtes and Clark Glymour) was used to learn causal 
structure in R package pcalg25, setting the significant level of the conditional independence test (partial corre-
lation) α = 0.01. The PC algorithm starts from a complete undirected graph and deletes recursively edges based 
on conditional independence decisions. This yields an undirected graph that can then be partially directed. With 
high-dimensional datasets when the distribution of variables is multivariate normal, the partial correlation test is 
the most efficient tool to implement the conditional independence test in the PC algorithm26.

http://www.informatics.jax.org/
http://www.informatics.jax.org/
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We intersected the full causal network with the Yellow module to identify the causal regulators (i.e., key driv-
ers) that primarily regulated the expression of the module through key driver analysis (KDA). KDA was devel-
oped to identify key causal regulators for a particular gene set of interest with respect to a given regulatory 
network and recently has been successfully applied to identify local hubs as potential key drivers of pathological 
perturbations in disease-associated modules in multiple complex diseases8, 27, 28. Briefly, the KDA took as input a 
set of genes (G) and a gene causal (directed) network N. We calculated the size (μ) of the h-layer neighborhood 
(HLN) downstream and the out-degrees (d) for each node in the subnetwork resulting from the intersection 
between causal network and the Yellow module. Genes with the size of their HLN greater than µ σ µ+ ( ) were 
nominated as causal regulators. The regulators with degree above σ+d d2 ( ), become key causal regulators of a 
corresponding network module27.

Integrative analysis of miRNA and mRNA expression data.  In order to assess the role of miRNA in regulating 
obesity-associated module genes in pathological processes, we integrated mRNA and miRNA expression pro-
files from the same 200 subjects using miRComb R package (http://mircomb.sourceforge.net). MiRNA abun-
dance was quantified using next-generation sequencing. After quality control and normalization on the miRNA 
expression levels, detailed in the study by Civelek, et al.13, 356 miRNA species were reliably quantified that were 
expressed in human adipose tissue. The log2 of the normalized expression values for the 356 miRNAs were used 
for subsequent analysis.

Firstly, miRComb package calculated Pearson correlation of the expressions of all possible combinations of 
significantly differentially expressed mRNAs and miRNAs. Secondly, miRNA-mRNA pairs were identified by 
screening databases for known and predicted miRNA-mRNA target pairs in the MicroCosm database29. The 
package assigned a p-value to each miRNA-mRNA pair according to the MicroCosm database (p_database) 
which predicted mRNA-miRNA interactions based on miRNA and mRNA 3′UTR alignment sequences29. Finally, 
only those pairs with significant negative correlation and predicted by the MicroCosm database as potential tar-
gets were selected as potential functional miRNA-mRNA interactions.

Replication Stage (II).  We studied module preservation and gene association with obesity in other four test 
gene expression profiles in adipose tissue from obese (BMI > 30) and non-obese subjects. Gene expression data 
sets were downloaded from GEO (accession number: GSE25401, GSE64567), and from ArrayExpress (accession 
number: E-MTAB-54), which contained whole-genome expression profiling on abdominal (ABD) and gluteal 
(GLU) adipose tissue. Each data set was subjected to stringent quality control. Potential outliers were identified 
by clustering and PCA and then removed.

Module preservation.  Network module preservation statistics assess whether modules identified in the discovery 
network remain connected in the test network (density), and whether node connections are similar between the 
discovery and the test network (connectivity). To assess the preservation of modules discovered from GSE32512 
in other four test expression data sets, we used the network module preservation statistics implemented in the 
function modulePreservation (100 permutations) in the WGCNA R package30, 31. Module preservation statistics 
were calculated without the need to define modules in the test dataset.

Although there are many statistics to determine which module properties are preserved, we focused on the 
Zsummary statistic which summarizes evidence that a module is preserved more significantly than a random 
sample of all network genes30. The following thresholds were suggested by simulation results in Langfelder et al.’s 
study30: Zsummary < 2 implies no evidence for module preservation, 2 < Zsummary < 10 implies weak to mod-
erate evidence, and Zsummary ≥ 10 implies strong evidence for module preservation.

Meta-analysis of module genes.  In GSE32512 and other four test gene expression profiles, the associations 
between genes of the Yellow module and obesity were tested by a linear model adjusting for age using LIMMA 
package17. For each coefficient in the linear model, empirical Bayes moderated t-statistics and their associated 
p-values were calculated to assess the significance of the observed expression changes17. P-values were adjusted 
for multiple testing by controlling for false discovery rate (FDR) using the Benjamini-Hochberg (BH) method32. 
In order to identify differentially expressed genes (DEGs) associated with obesity consistently across these five 
gene expression datasets, two meta-analysis methods were applied. First, a nonparametric meta-analysis method, 
Fisher’s method was performed to combine p-values from individual data sets to identify DEGs with large effect 
sizes across these five gene expression datasets. Fisher’s method was used to combine p-values by LIMMA from 
individual data sets. The combined Fisher’s statistic χ = − ∑ = p2 ln( )i

k
i

2
1  followed a χ2 distribution with 2k degrees 

of freedom (where k is the number of datasets) under the null hypothesis. Note that smaller p-values contributed 
larger scores to the Fisher’s χ2 statistic. Second, because Fisher’s method could not distinguish direction of effect 
sizes, a second meta-analysis method was used to combine effect sizes across all datasets into a meta-effect size to 
estimate the magnitude of gene expression change. Cochran’s Q statistic and I2 were calculated as measures of 
between-study heterogeneity for each gene. Genes with Q test’s p-value < 0.05 or I2 > 50% were assessed by a 
random effects model that allows heterogeneity in the effect sizes between different datasets33; the remaining 
genes were assessed by a fixed effects model, which assumed that the standardized effect sizes can be combined 
across different data sets and that the variations in observed effects were due only to random error34. Differences 
in each gene’s expression between obese and normal groups were expressed as the standardized mean difference 
(SMD). The z-statistic for each gene was computed as a ratio of the pooled SMD to its standard error, and the 
result was compared with 1000 permutations to obtain a nominal p-value using R MetaDE package35. P-values 
were corrected for multiple testing using the BH method.

http://mircomb.sourceforge.net
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Validation Stage (III).  We utilized five experiments including four longitudinal dietary intervention studies 
in human abdominal subcutaneous adipose tissue to assess supportive biological information for future func-
tional validation of hub genes’ involvement in adipose tissue metabolism. These experiments included the gene 
expression data in adipose tissue from obese or overweight human subjects in The Preventing Overweight Using 
Novel Dietary Strategies (POUNDS LOST) Trial (experiment 1)36, gene expression profile in adipose tissue from 
obese human subjects during weight loss and weight maintenance induced by LCD (experiment 2)37, real-time 
quantitative PCR (RT-qPCR) analysis of the effects of a longitudinal dietary intervention on human adipose tissue 
in the Diet, Obesity and Genes (Diogenes) intervention trial (experiment 3)38, 39, gene expression profile of meta-
bolic responses and changes in adipose tissue from lean and overweight subjects during HFD overfeeding (exper-
iment 4)40 and gene expression profile in vitro differentiated adipocytes from healthy subjects (experiment 5)41.

Experiment 1: Differential gene expression in adipose tissue from obese or overweight human subjects in the 
POUNDS LOST trial.  The POUNDS LOST Trial (clinical trial reg. no. NCT00072995) is a 2-year randomized 
intervention trial which tested the effect of energy-reduced diets on weight loss in overweight or obese sub-
jects36. We examined the differential gene expression of hub genes in human adipose tissue between baseline and 
6-month weight loss intervention.

The POUNDS LOST Trial was conducted at Boston, MA, and Baton Rouge, LA, in 2004–2007. The study was 
approved by the human subjects committee at the Harvard School of Public Health and Brigham and Women’s 
Hospital, Boston, MA; the Pennington Biomedical Research Center of the Louisiana State University, Baton 
Rouge, LA; and a data and safety monitoring board appointed by the National Heart, Lung, and Blood Institute. 
All participants gave written informed consent. Detailed information on the The POUNDS LOST Trial study 
design and methods was previously described36. Major criteria for study exclusion were the presence of diabetes 
or unstable cardiovascular disease, the use of medications that affect body weight, and insufficient motivation.

A total of 811 overweight or obese subjects (BMI ≥ 25 and ≤ 40 kg/m2), age 30–70 years, were randomly 
assigned to one of weight loss diets. Each participant’s caloric prescription represented a deficit of 750 kcal per 
day from baseline, as calculated from the person’s resting energy expenditure and activity level. After an over-
night fast, volunteers were biopsied by using Bergstrom technique with suction (Micrins Inc., Lake Forest, IL, 
USA) from abdominal subcutaneous adipose tissue (~500 mg). Total RNA was extracted by Trizol (Invitrogen, 
Carlsbad, CA, USA). The quantity and integrity of the RNA was analyzed by spectrophotometry and gel elec-
trophoresis. Gene expression was measured by direct hypbridization using the Illumina HT-12 v3 expression 
beadchip (Illumina, San Diego, CA, USA). Gene expression profiles were assessed at baseline and at six months 
from 102 participants. After background correction and normalization, 13,948 of 48,803 probes had detection 
p-value < 0.01 (unpublished data). The differential expression of hub genes in the Yellow module between base-
line and after 6 months intervention was conducted in LIMMA package and p-values were corrected for multiple 
testing using the BH method.

Experiment 2: Differential gene expression in adipose tissue from obese human subjects during weight loss and 
weight maintenance.  To examine the differential gene expression of hub genes in human adipose tissue during 
diet-induced weight loss and weight maintenance after weight loss, we downloaded and analyzed the publicly 
available data set from GEO (accession number: GSE35411)37. RNA from abdominal subcutaneous adipose tis-
sue from nine obese subjects was obtained and analyzed at baseline, after weight reduction on a low calorie 
diet (LCD), and after a period of group therapy in order to maintain weight stability. RNA profiling was per-
formed using Affymetrix Human HG U133 Plus 2.0 arrays. Expression values were normalized by RMA algo-
rithms42, implemented in R within the Affy package43. Differential expression analysis across three time points 
was conducted in LIMMA package. We focused on differences at the later time points by investigating contrasts 
of differences between each time point. LIMMA gave a moderated F statistic which can be used to test whether 
all contrasts were zero simultaneously, that is, whether there was no difference between the three time points. 
P-values were corrected for multiple testing using the BH method.

Experiment 3: Real-time quantitative PCR analysis of the effects of a longitudinal dietary intervention on human 
adipose tissue in Diogenes intervention trial.  In order to decipher the adipose tissue response to diet-induced 
weight changes, another study focused on 221 genes during a longitudinal dietary intervention, which was part 
of the Diogenes intervention trial. A detailed description of the trial can be found in previous publications38, 39. 
Abdominal subcutaneous adipose tissue was obtained from 135 obese individuals at baseline, after a weight loss 
phase of 8-week LCD and after an ad libitum 26-week weight maintenance diet (WMD). After RNA extraction the 
mRNA levels of a panel of 221 genes selected from previous published and unpublished DNA microarray analyses 
was assessed using high throughput real-time quantitative PCR39. The processed RT-qPCR data files were down-
loaded from GEO (accession number: GSE60946). The differential expression analysis and multiple testing were 
the same with GSE35411 (Experiment 2).

Experiment 4: Differential expression in adipose tissue development and growth during overfeeding in human sub-
jects.  To further characterize the metabolic responses and changes of hub genes in gene expression that take 
place in adipose tissue during the early adaptive response to weight gain, we downloaded and analyzed the pub-
licly available data set from GEO (accession number: GSE28005)40. In total, 13 subjects (7 overweight and 6 lean 
subjects) were involved in a high fat diet (HFD) for 56 days. Adipose tissue biopsies were taken at Day 0, Day 14 
and Day 56. RNA profiling in adipose tissue was performed using Affymetrix Human HG U133 Plus 2.0 arrays. 
Expression values were normalized by Robust Multi-array Analysis (RMA) algorithms42, implemented by the 
Affy package in R43. Statistical analysis was also performed in LIMMA package. There were two groups (over-
weight and lean) and each subject was measured at Day 0, Day 14 and Day 56. Determining the differentially 
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expressed genes meant studying contrasts of the various group × time levels. We were mainly interested in differ-
ences between the overweight and lean group at each time point. So a possible set of contrasts to investigate was 
“overweight0-lean0”, “overweight14-lean14”, “overweight56-lean56”. Similarly, a moderated F statistic was used 
to test whether all contrasts were zero simultaneously, that is, whether there was no difference between the two 
groups at any of the three time points. P-values were corrected for multiple testing using the BH method.

Experiment 5: Differential expression during differentiation of primary human adipocytes.  To determine whether 
the hub genes were differentially expressed during in vitro differentiation of primary human adipocytes, we ana-
lyzed gene expression profiles of subcutaneous adipose tissue obtained from healthy subjects undergoing cos-
metic liposuction (n = 12)41. The gene expression dataset was publicly accessible via GEO (accession number: 
GSE25910). Preadipocytes were isolated from the adipose tissue and in vitro differentiated to adipocytes. The cells 
were lysed at day 4/5 (early), 8 (middle) and 12 (late) of differentiation. From the samples, biotinylated comple-
mentary RNA was prepared and hybridized to Affymetrix GeneChip Human Gene 1.0 ST Array (Affymetrix Inc., 
Santa Clara, CA). Pre-processing and quality control was performed using the Affymetrix Expression Console 
version 1.1 by summarization, background correction and normalization41. Differential expression analysis across 
three time points was the same with GSE35411 (Experiment 2).

Results
Our systems genetics framework for underlying molecular mechanisms of obesity was shown in Fig. 1. There 
were three stages in the framework. For each gene expression dataset in the present study, the detailed character-
istics of samples, type of gene chip, tissue and number of outliers were shown in Supplementary Table S1.

Construction of coexpression networks and identification of obesity-associated gene coex-
pression modules.  In total, 3035 genes, which were nominally significant GWAS genes with gene-wide 
p-value ≤ 0.05 for BMI and measured in GSE32512, were used to construct the coexpression networks in 
WGCNA package. Shown in Supplementary Fig. S1, 11 modules were identified by WGCNA and module sizes 
ranged from 41 (Purple module) to 492 genes (Turquoise module). Five modules (Pink, Turquoise, Yellow, Black, 
and Green) were significantly associated with both obesity and BMI at FDR < 0.001. Especially, the Yellow mod-
ule (module size = 119 genes) showed the most significant result (p-value = 6.4E-20 for BMI and p-value = 7.3E-
05 for obesity). We observed that ME of the Yellow module explained 7.0% of obesity variation and 34.2% of BMI 
variation, the latter of which was the largest among all the modules and relatively high considering BMI was a 
complex trait. We also observed that FM, CRP, TG, WHR, and HOMA-IR were significantly negatively correlated 
with the Yellow module, while adiponectin, HDL and Matsuda index were significantly positively correlated with 
the Yellow module (Fig. 2). Similarly, the Yellow module ME accounted for 17.5% of the variation of FM, 36.8% 
of HOMA-IR, 14.0% of adiponectin, 22.0% of HDL, 34.3% of Matsuda index, 24.8% of TG and 28.3% of WHR.

Based on the biological significance, the Yellow module appeared to play an important biological role in 
metabolism. We found that there was a significant positive correlation between module membership (MM) and 
Gene significance (GS) in the Yellow module (r = 0.62, p-value = 5.5E-14) (Supplementary Fig. S2). In total, there 
were eight hub genes (GPD1L, CCDC50, NAALAD2, ALDH1L, ADH1B, ADH1A, PCCA and ORMDL3) identi-
fied by the criteria in the Yellow module. Out of 97 loci identified with genome-wide significance by GIANT4, 
32 genes were measured in GSE32512 and 18 of them failed to fit within a distinct group and were assigned to 
the “grey” module. Only one gene EPB41L4B was contained in the Yellow module. Although EPB41L4B was not 
identified as a hub gene (MM = 0.67), it reached the genome-wide significance and therefore was included into 
the subsequent analyses together with the hub genes.

Except for LDL and TC, all other traits had significant gene expression findings at FDR < 0.05 (Supplementary 
Table S2). We then conducted GO enrichment analysis for gene content of the Yellow module using the 
WebGestalt website (http://genereg.ornl.gov/webgestalt)24. The Yellow module genes showed six significantly 
enriched GO terms at Bonferroni-corrected p-value < 0.05 (Supplementary Table S3), which included cyto-
plasm, protein complex binding, cytoplasmic part, intracellular part, pore complex and alcohol dehydrogenase 
activity, zinc-dependent. Interestingly, ADH1A and ADH1B, two hub genes in the Yellow module, were enriched 
for GO term alcohol dehydrogenase activity, zinc-dependent (Fold enrichment = 71.42, Bonferroni-correct 
p-value = 4.77E-02).

The reported endogenous gene expression of hub genes during mouse development from MGI web tool 
was shown in Supplementary Table S4. In particular, all hub genes were reported to express in nervous system. 
Especially, GPD1L was reported to associate with Brugada syndrome44. ADH1A and ADH1B were associated 
with alcohol dependence45.

Inference of causal network structure and identification of key causal regulators.  The causal 
structure based on the conditional independence test (partial correlation, detailed in Methods) contained 3843 
significant causal relationships among 3035 genes in GSE32512. We intersected the causal network with the 
Yellow module to identify the key drivers which primarily regulated the expression of the module. 7 key drivers 
were identified including ADH1A, ADH1B, ALDH1L1, GPD1L, CCDC50, CCDC80 and COL16A1, shown in 
Fig. 3. Not surprisingly, the first five key drivers were hub genes defined above by GS and MM, as KDA relied on 
precomputed gene-gene interaction networks and topology-based gene ranking. Especially, based on the signif-
icant level of the conditional independence test α = 0.01, the causal inference revealed the causal links among all 
eight hubs and the top GWAS loci EPB41L4B (Fig. 3).

Integrative analysis of miRNA and mRNA expression data.  For the 119 genes in the Yellow mod-
ule, 35 out of 852 miRNA-mRNA interactions were significant (FDR < 0.05). The network of miRNA-mRNA 

http://S1
http://S1
http://S2
http://S2
http://S3
http://S4


www.nature.com/scientificreports/

7Scientific Reports | 7: 1799  | DOI:10.1038/s41598-017-01517-6

interactions with FDR < 0.05 was shown in Supplementary Fig. S3. For the hub genes, shown in Table 1, four pairs 
were identified at FDR < 0.05, including ALDH1L1 and hsa-miR-342-5p (r = −0.27, FDR = 1.76E-03), NAALAD2 
and hsa-miR-140-3p (r = −0.29, FDR = 7.98E-04), ORMDL3 and hsa-miR-362-3p (r = −0.20, FDR = 3.23E-02), 
and PCCA and hsa-miR-301b (r = −0.25, FDR = 5.42E-03). The hub gene GPD1L was negatively correlated with 
hsa-miR-210 (r = −0.17, FDR = 7.91E-02), which was experimentally validated and confirmed that the predicted 
hsa-miR-210 binding site on GPD1L 3′ UTR is a bona fide target and that has-miR-210 regulated GPD1L protein 
levels through direct interaction with the mRNA 3′ UTR46. There was no predicted miRNA-mRNA target pair in 
the MicroCosm database for gene ADH1B.

Preservation of Yellow module in other four datasets.  The Yellow module showed strong evidence 
for preservation in three datasets, including E-MTAB-54 ABD, GLU and GSE25401, with Zsummary = 14, 10 
and 14, respectively. However, in GSE64567, the Yellow module showed no evidence for module preservation 
(Zsummary = 1.6).

Meta-analysis of module genes.  In the meta-analysis of combining p-values across individual gene 
expression profiles using Fisher’s method, 73 genes in the Yellow module showed significant results with obesity 
(FDR < 0.05) (Supplementary Table S5). The second meta-analysis approach combined effect sizes across indi-
vidual gene expression profiles, resulting in the identification of genes that were upregulated and downregulated. 
84 genes in the Yellow module were identified to differentially express between obese and non-obese subjects 
with FDR < 0.05 (Supplementary Table S6). Specifically, 66 overlapped genes showed significant results in both 
meta-analysis methods. The results of meta-analysis for the hub genes were showed in Table 2. All hub genes and 
gene EPB41L4B had negative SMDs with 95% CIs not including 0, which indicated that they were significantly 
downregulated in obese subjects.

Figure 2.  Module-trait relationships adjusted by age. Each row corresponded to a module eigengene, and 
each column to a trait. Numbers in the table report the age-adjusted correlations of the corresponding module 
eigengenes and traits, with the p-values printed below the correlations in parentheses. The table was color coded 
by correlation according to the color legend.
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Expression profiling experiments in human adipose tissue.  In experiment 1 (The POUND LOST 
Trial)36, we investigated the effects of a 6-month weight-loss diet intervention on hub genes expression in 102 
obese or overweight subjects. Although all the hub genes were upregulated during the 6-month weight loss (Fold 
change >1), five hub genes (GPD1L, ADH1B, ADH1A, ORMDL3 and EPB41L4B) reached the statistical signifi-
cance with FDR < 0.05 (Table 3).

In experiment 2 (GSE35411)37, we examined the differential gene expression of hub genes in adipose tissue 
from nine obese subjects during diet-induced weight loss and weight maintenance after weight loss. After multi-
ple testing correction, GPD1L, ADH1B, ADH1A and PCCA showed significant differential expression across the 
time course of baseline, weight-loss and weight maintenance (FDR < 0.05) (Table 3). Experiment 3 (GSE60946) 
had a study design similar to experiment 2. The sample size of experiment 3 was 13538, 39, much larger than exper-
iment 2, although it used RT-qPCR to quantify mRNA levels of only 221 genes, in which two hub genes (GPD1L 
and PCCA) in the Yellow module were measured. Interestingly, hub gene GPD1L and PCCA both showed sig-
nificant differential expression over three time points (baseline, weight-loss and weight maintenance), with 
FDR = 3.27E-02 and 1.92E-4, respectively (Table 3).

In experiment 4 (GSE28005)40, we examined changes of hub genes in gene expression of adipose tissue during 
the early adaptive response to weight gain induced by overfeeding. We observed that the expression of all the hub 

Figure 3.  Causal network structure of the Yellow module. Each node represented a gene and each directed edge 
indicated a causal link between genes. Key driver genes were represented by diamond nodes. Node sizes were 
proportional to −log10 (GS p-value) of each gene. All hub genes’ borders were in red. Node color was shown in 
red and grey, where grey color was indicative of an upregulation in obese subjects, and red color an upregulation 
in non-obese subjects.

Gene
Gene-level 
p-valuea GS GS p-value MM

MM 
p-value Rankb miRNA rc p-value FDR

GPD1L 2.67E-02 −0.23 1.06E-03 0.90 1.29E-71 1 hsa-miR-210 −0.17 7.37E-03 7.91E-02

CCDC50 2.12E-02 −0.20 4.68E-03 0.85 6.79E-58 2 hsa-miR-501-3p −0.19 3.93E-03 5.05E-02

NAALAD2 8.05E-03 −0.24 5.76E-04 0.85 1.47E-57 3 hsa-miR-140-3p −0.29 1.97E-05 7.98E-04

ALDH1L1 4.94E-03 −0.28 7.13E-05 0.85 3.15E-57 4 hsa-miR-342-5p −0.27 5.13E-05 1.76E-03

ADH1B 3.14E-02 −0.27 8.82E-05 0.85 4.39E-56 5 — — — —

ADH1A 5.00E-02 −0.26 1.83E-04 0.82 2.34E-50 6 hsa-miR-590-3p −0.09 1.06E-01 4.46E-01

PCCA 2.38E-02 −0.21 2.68E-03 0.82 3.87E-49 8 hsa-miR-301b −0.25 2.08E-04 5.42E-03

ORMDL3 3.87E-03 −0.29 3.04E-05 0.80 3.29E-45 9 hsa-miR-362-3p −0.20 2.12E-03 3.23E-02

EPB41L4Bd 7.42E-05 −0.29 3.47E-05 0.67 2.63E-27 28 has-miR-3613-3p −0.11 6.46E-02 3.4E-01

Table 1.  Hub genes in the Yellow module. GS, gene significance; MM, module membership. aGene-level 
p-value generated by ProxyGeneLD in the GIANT GWAS. bRank based on MM. cCorrelation betwwen miRNA 
and mRNA. For gene ADH1B, there was no predicted miRNA-mRNA target pair in the MicroCosm database. 
dOne of 97 BMI loci identified by GIANT.
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genes were significantly different between lean and overweight subjects over three time points (Day 0, 14 and 56), 
even after correction for multiple testing (FDR < 0.05) (Table 3).

In experiment 5 (GSE25910)41, we characterized the gene expression patterns during in vitro differentiation 
of primary human adipocytes. Apart from ADH1A and ADH1B, the other six hub genes and gene EPB41L4B 
were significantly differentially expressed across a time course of early, middle and late of adipocyte develop-
ment (FDR < 0.05). Especially, gene ALDH1L1 showed the most significant result even after multiple testing 
(FDR = 7.90E-17) (Table 3).

The most promising candidate gene for obesity in adipose tissue.  We sought to characterize hub 
genes as a way to prioritize and identify the most promising and potential causal genes for obesity. Gene GPD1L 
had the highest connectivity in the Yellow module and was identified a key causal regulator in the Yellow module. 
It was significantly negative association with BMI and obesity. And GPD1L expression was negatively corre-
lated with miR-210, which was experimentally validated and confirmed to regulate GPD1L levels through direct 
interaction with the mRNA 3′ UTR. In the meta-analysis, GPD1L was identified to be significantly associated 
with obesity by Fisher’s method, as well as by combining effect size method (Supplementary Fig. S4). With age 
adjusted, GPD1L was also significantly positively associated with adiponectin, HDL and Matsuda index, nega-
tively associated with FM, CRP, HOMA-IR, total TGs and WHR (Supplementary Table S2). Especially, the highly 
significant negative correlation of GPD1L with WHR and FM provided evidence for a potential role in cen-
tral obesity which was highly related to insulin resistance. The negative association of GPD1L with the measure 
of insulin resistance HOMA-IR (β = −0.83, FDR = 1.99E-14) was shown in Supplementary Fig. S5. Moreover, 
GPD1L was upregulated in response to weight loss in the POUND LOST trial (experiment 1)36. Interestingly, 
in both experiments 2 and 3, GPD1L also showed a similarly upregulated expression pattern from baseline to 
weight maintenance induced by LCD (Fig. 4a and b)37–39. In experiment 4 (GSE28005), on the contrary, GPD1L 
was downregulated in response to weight gain induced by HFD overfeeding in lean and overweight subjects 
(Fig. 4c)40. In experiment 5 (GSE25910)41, GPD1L had significantly differential expression across a time course 
of early, middle and late of adipocyte development. Taken together, these findings in various metabolic measures 
provided strong supporting evidence for an important role for GPD1L in obesity.

Discussion
Our systems genetics approach not only identified a Yellow module most significantly associated with obesity 
and other metabolic traits, but also identified eight hub genes and five of them were key causal regulators in the 
module. We identified miRNAs that significantly negatively correlated with the expression of hub genes, provid-
ing an understanding of the role of miRNA in regulating hub genes in pathological processes. A comprehensive 
characterization of module connectivity and hub genes’ association with obesity provided with critical insights 
into the underlying mechanisms. This novel approach resulted in the discovery of GPD1L as the most important 
candidate causal gene for obesity that may serve as an effective target for therapeutic intervention.

Gene GPD1L on chromosome 3p22.3 encodes the protein glycerol 3-phosphate dehydrogenase 1-like 
(GPD1L), which catalyzes the conversion of sn-glycerol 3-phosphate to glycerone phosphate. The encoded pro-
tein was found in the cytoplasm, associated with the plasma membrane47. Although the biological function of the 
gene GPD1L in human adipose tissue and obesity requires further investigation, our findings and other evidence 
supported that GPD1L in adipose tissue may play a pivotal role in the molecular mechanism of obesity. First, 
several lines of evidence suggest that adipose tissue is poorly oxygenated in obese human subjects, even in the 
early course of HFD feeding and mouse models of obesity, indicating that adipose tissue expansion in response 
to chronic and excessive nutrient consumption increased oxygen consumption and created a state of relative 

Gene

Meta-analysis (Fisher) Meta-analysis (Effect size)

Fisher p-value FDR SMD (95%CI) p-value FDR

GPD1L 75.85 3.34E-13 2.47E-09 −1.29 (−1.78, 
−0.80) 1.13E-06 3.63E-05

CCDC50 37.02 1.14E-05 4.58E-04 −0.73 (−0.97, 
−0.48) 5.17E-09 2.89E-07

NAALAD2 94.58 6.66E-16 3.70E-13 −1.11 (−1.50, 
−0.72) 2.18E-08 8.45E-07

ALDH1L1 46.19 2.19E-07 2.38E-05 −0.81 (−1.06, 
−0.56) 9.68E-11 1.21E-08

ADH1B 61.55 2.31E-10 1.42E-07 −0.88 (−1.13, 
−0.63) 2.94E-12 7.24E-10

ADH1A 52.2 1.54E-08 3.45E-06 −0.77 (−1.02, 
−0.53) 5.97E-10 5.07E-08

PCCA 71.75 2.03E-11 1.74E-09 −0.86 (−1.09, 
−0.63) 9.15E-14 8.24E-12

ORMDL3 105.5 4.30E-18 4.51E-15 −1.04 (−1.55, 
−0.54) 1.18E-05 1.63E-04

EPB41L4Ba 41.80 1.48E-06 1.05E-04 −0.65 (−0.90, 
−0.41) 1.29E-07 4.17E-06

Table 2.  The results of meta-analysis for hub genes in the Yellow module. SMD, standardized mean difference. 
aOne of 97 BMI loci identified by GIANT.
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hypoxia due to mitochondrial dysfunction48, 49. Second, in mammals the response to low oxygen conditions was 
mediated primarily by gene expression changes induced by the hypoxia-inducible factor (HIF) family of tran-
scription factors. In addition, it has been reported that adipocyte-specific HIF-1α overexpression in mice led to 
more severe obesity with increased white adipose tissue mass50, and insulin resistance with increased adipose 
tissue inflammation51. Several studies showed that adipocyte-specific HIF-1α knockout mice exhibited reduced 
fat formation, protection from HFD-induced obesity and insulin resistance compared with similarly fed knock-
out mice and wild-type controls49, 52, 53. Although the mechanism of HIF-1α effects on adiposity and obesity 
requires further investigation, compounds that inhibit HIF-1α activity in adipose tissue might have a significant 
therapeutic potential in reducing obesity and insulin resistance53. Third, interestingly, Kelly et al. identified the 
enzyme GPD1L as a novel regulator of HIF-1α stability and a direct target of miR-210 in its 3′ UTR46. miR-210 
was regarded as “master miRNA” of hypoxic response as it has been found to be upregulated by hypoxia in vir-
tually all cell types tested to date54. Kelly showed a model of a hypoxia-induced feedback loop, which was subse-
quently found and confirmed by another study55. Overexpression or knockdown of GPD1L levels resulted in a 
decrease or increase in HIF-1α stability and transcriptional activity, respectively, by regulating proline hydrox-
ylation of HIF-1α at proline 56446. As oxygen levels decreased (hypoxia), HIF-1α protein and transcriptional 
activity increased, triggering accumulation of miR-210. Increased miR-210 directly repressed GPD1L protein 
expression through binding to 3′UTR of GPD1L gene and further repressed prolyl hydroxylases (PHDs) activity, 
subsequently promoting HIF-1α protein expression46. And the overexpression of HIF-1α led to insulin resistance, 
adipose tissue inflammation and obesity.

Consistent with the above feedback loop activity, the present study showed that GPD1L was negatively corre-
lated with miR-210 and consistently downregulated in obese subjects. This is possibly because in obese adipose 
tissue the increased stability of HIF-1α was caused by decreased GPD1L due to the accumulation of miR-210. 
More importantly, in the present study, GPD1L was found to be downregulated in response to weight gain 
induced by HFD. Based on the hypoxia-induced feedback loop, HFD induced a state of relative hypoxia, resulting 
in the accumulation of miR-210 and subsequently the decreased GPD1L. On the contrary, GPD1L was found to be 
upregulated in obese subjects in response to weight loss and maintenance induced by LCD, because during LCD 
the state of relative hypoxia was attenuated, resulting in the decreased miR-210 and subsequently the increased 
GPD1L. The increased GPD1L inhibited HIF-1α activity in adipose tissue, leading to reduction in obesity and 
insulin resistance. Consistently, in the present study GPD1L was found to be significantly negatively correlated 
with the measure of insulin resistance, HOMA-IR.

Note that the associations of the Yellow module and key driver genes with obesity observed in the discovery 
stage alone did not support causal relationships, as the METSIM Study is cross-sectional. However, together with 
the findings from four clinical studies with longitudinal weight-loss and weight-gain interventions, we were able 
to infer causal links among diet interventions, miR-210, gene GPD1L and weight change in the mechanism of 
HFD-induced obesity (Fig. 5), which was worthy of further validation by functional experiments. The present 
study linked the regulation of miR-210 on GPD1L, the biological importance of GPD1L in adipose tissue, obesity 
and insulin resistance with the hypoxia-induced feedback loop. It indicated that increased GPD1L which can 
inhibit HIF-1α activity in adipose tissue might have significant therapeutic potential in reducing obesity and 
insulin resistance.

Two hub genes we identified, ADH1A and ADH1B, were also found to be candidate genes for obesity and 
insulin resistance by Winnier et al. in a study of human abdominal subcutaneous adipose tissue in 75 Mexican 
Americans56. Winnier’s study provided strong experimental support for the potential roles for ADH1A and 
ADH1B in obesity, insulin resistance and T2D. Both genes had almost identical tertiary structures and enzymatic 
mechanisms, which metabolize a wide variety of substrates, including ethanol, retinol, other aliphatic alcohols, 
hydroxysteroids, and lipid peroxidation products57. According to a microarray assay of 76 normal human tissues 
(http://BioGPS.org), ADH1A and ADH1B were most highly expressed in the liver and adipose tissue, respectively. 
One possible mechanism of ADH1A and ADH1B in adipose tissue and obesity has been proposed to explain 
their negative association with obesity-related traits and insulin resistance. They are involved in the reversible 

Gene

Experiment 1 (The POUNDS 
LOST Trial) Experiment 2 (GSE35411) Experiment 3 (GSE60946) Experiment 4 (GSE28005) Experiment 5 (GSE25910)

FCa p-value FDR F p-value FDR F p-value FDR F p-value FDR F p-value FDR

GPD1L 1.4 5.69E-06 1.57E-03 8.82 1.17E-03 1.95E-02 3.64 2.73E-02 3.27E-02 17.22 4.57E-07 2.01E-05 4.13 2.39E-02 3.88E-02

CCDC50 1.08 2.48E-01 3.01E-01 1.73 1.97E-01 3.84E-01 — — — 12.13 1.29E-05 2.16E-04 15.34 1.35E-05 4.94E-05

NAALAD2 1.16 1.61E-01 2.37E-01 5.51 1.00E-02 6.81E-02 — — — 18.94 1.68E-07 1.20E-05 9.98 3.33E-04 8.85E-04

ALDH1L1 1.21 2.79E-01 3.20E-01 2.1 1.42E-01 3.21E-01 — — — 18.91 1.71E-07 1.20E-05 155.41 6.75E-19 7.90E-17

ADH1B 1.5 8.23E-04 1.49E-02 17.86 1.25E-05 2.29E-03 — — — 15.83 1.08E-06 3.83E-05 2.02 1.47E-01 1.85E-01

ADH1A 1.54 3.75E-05 3.24E-03 7.82 2.16E-03 3.05E-02 — — — 5.92 2.21E-03 1.03E-02 2.72 7.86E-02 1.11E-01

PCCA 1.07 2.05E-01 2.71E-01 7.86 2.10E-03 3.05E-02 9.45 9.79E-05 1.92E-04 4.41 9.80E-03 3.10E-02 11.92 9.80E-05 2.94E-04

ORMDL3 1.29 3.07E-03 2.82E-02 4.51 2.07E-02 1.05E-01 — — — 23.27 1.69E-08 3.26E-06 78.53 3.80E-14 1.11E-12

EPB41L4Bb 1.19 3.34E-03 2.93E-02 3.97 3.11E-02 1.42E-02 — — — 15.38 1.43E-06 3.92E-05 20.55 9.34E-07 4.55E-06

Table 3.  The results of five experiments for hub genes in the Yellow module. “—” Gene was not measured by 
the RT-qPCR in the GSE60946. aFC, Fold change (Weight loss vs. Baseline). bOne of 97 BMI loci identified by 
GIANT.
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conversion of alcohol to fatty acids, subsequently producing acetyl-CoA via β-oxidation56. Therefore, elevated 
levels of ADH1A and ADH1B in human adipocytes could plausibly promote efficient metabolism of energy 
from alcohol, moderating its storage as fat56. Another hub gene ALDH1L1, which also plays an important role in 
ethanol metabolism, was found to be significantly downregulated in the obese compared with lean co-twins58. 
ALDH1L1 appeared to be a chief regulator of cellular metabolism as it was strongly downregulated in certain 
physiological and pathological conditions, while its upregulation can produce drastic antiproliferative effects59.

Other hub genes, including CCDC50, ORMDL3, PCCA and NAALAD2, have diverse cellular functions and 
have not been previously implicated as obesity candidate genes. However, given their relationships with obesity 
and metabolic traits, and their expression patterns in the five experiments of validation stage, their functional 
characterization and specific roles in adipocyte metabolism in obesity are worthy of further investigation.

Although gnome-wide significant SNPs in GWAS explain only a small proportion of the heritability, known 
as “missing heritability”60, recent studies have shown that the total variance explained by all common variants has 
a large proportion of the heritability for complex traits61. Much of the missing heritability that could not pass the 

Figure 4.  The most promising candidate gene for obesity, GPD1L. (a and b) The differential gene expression 
patterns in adipose tissue from obese human subjects during weight loss and weight maintenance in experiment 
2 (GSE35411) and experiment 3 (GSE60946), respectively. (c) The differential expression pattern between 
overweight and lean subjects over day 0, 14 and 56. (experiment 4, GSE28005).
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stringent genome-wide significance threshold can be found by using more advanced integrative methods. GWAS 
still may provide useful information about the putative causal relationship between genetic loci and traits, as 
genetic loci can impose disease risk via the products of the genome, such as gene expression, miRNA and protein 
level. Functional mechanisms of complex traits can be inferred when the risk loci are placed in a greater context, 
such as implicated tissues/cell-types and inter-connected networks, as gene functions are commonly dependent 
on their tissue context and the disordered interplay of tissue–specific processes5. Our system genetics approach 
demonstrated the power of discovering more prominent driver genes influencing complex traits and diseases by 
integrating risk genetic loci with gene expression profiling in disease-related tissues. Our results contextualized 
in human abdominal subcutaneous adipose tissue discrete BMI GWAS genes, which were functionally linked via 
gene regulatory networks important for obesity.

Gene EPB41L4B was identified as one of the top BMI loci by the GIANT study and we were able to follow up 
this gene as a Yellow module gene in our systems genetics framework. It was consistently downregulated in obese 
subjects and had a significantly differential pattern in adipose tissue during in vitro differentiation of primary 
human adipocytes. Besides, it was significantly downregulated and upregulated in response to weight gain and 
weight loss, respectively in the validation stage. The role of EPB41L4B gene in BMI regulation deserves further 
investigation.

Tissue and cell-type identity lie at the core of human physiology and disease etiology. It is very crucial to 
understand the genetic underpinnings of complex tissues and the role of genetic variants in disease specific tis-
sues for disease etiology, in order to develop improved diagnostics and therapeutics5. Pathologically, obesity is 
mainly caused by dysfunctional adipose tissue62. Adipose tissue is one of the largest tissues in the human body 
and essential for normal energy homeostasis. Adipose tissue plays a key role in the control of energy balance by 
secreting e.g. hormones, cytokines and growth factors. During the time of excessive energy intake, insulin stim-
ulates the uptake of glucose in fat, resulting in excessive accumulation of triacylglycerol in multiple fat depots. 
Therefore, adipose tissue may enlarge by increasing the size (hypertrophy) and number (hyperplasia) of adipo-
cytes. Enlarged adipocytes lead to dysregulated secretion of adipokines and increased release of free fatty acids14. 
Dysfunction of normally insulin-sensitive adipose tissue has been repeatedly shown to be involved in important 
metabolic pathologies, such as insulin resistance, T2D, obesity and CVD63. It is suggested that adipose tissue can 
serve as a very important in vivo model to better understand complex molecular mechanisms underlying obe-
sity64, 65. Therefore, all gene expression datasets in the present study were from adipose tissue.

In summary, our systems genetics approach revealed important candidate causal genes and mechanisms 
for obesity. Our approach showed the efficiency of mining and prioritizing GWAS results in publicly available 

Figure 5.  A potential mechanism of HFD-induced obesity based on hypoxia-induced feedback loop with 
miRNA-210 regulating GPD1L. During HFD, the oxygen levels decreased (a state of relative hypoxia), HIF-1α 
protein and transcriptional activity increased, triggering accumulation of miR-210. Increased miR-210 caused 
decreased GPD1L protein and a further inactivation of the PHDs, resulting in increased HIF-1α protein. 
Overexpression of HIF-1α developed insulin resistance with increased adipose tissue inflammation, resulting in 
fat accumulation and obesity. Obesity aggravated the hypoxia, resulting in a feedback regulatory loop.
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gene expression profiling in disease-related tissues. More importantly, the most promising candidate causal 
gene GPD1L and its role in the etiology of HFD-induced obesity were highlighted. Our findings indicated that 
increased GPD1L which can inhibit HIF-1α activity in adipose tissue might have a significant therapeutic poten-
tial in reducing obesity and insulin resistance. Our novel and comprehensive systems genetics study provided 
strongly supportive biological information for further functional validation of the mechanism underlying obesity.
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