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ARTICLEINFO ABSTRACT

Article history: Objective: The body mass index (BMI) measured as weight in relation to height is an important monitor
Received: 27 October, 2020 for obesity and diabetes, with individual variation under control by genetic and environmental factors. In
Accepted: 6 November, 2020 transcriptome-wide association studies on BMI, the genetic contribution calls for controlling of genetic
Published: 4 December, 2020 confounding that affects both BMI and gene expression. We performed a global gene expression profiling
Keywords: of BMI on peripheral blood cells using monozygotic twins for efficient handling of genetic make-ups.

BMI Methods: We applied a generalized association method to genome-wide gene expression data on 229 pairs
gene expression of monozygotic twins (age 56-80 years) for detecting diverse patterns of correlation between BMI and gene
twins expression.

generalized correlation Results: We detected seven probes associated with BMI with p<le-04, among them two probes with p<le-

05 (p=2.83e-06 AAK1; p=7.83e-06 LILRA3). In total, the analysis found 1579 probes with nominal p<0.05.
Biological pathway analysis of enriched pathways found 50 KEGG and 45 Reactome pathways
(FDR<0.05). The identified top functional pathways included immune function, JAK-STAT signalling,
insulin signalling and regulation of energy metabolism.

Conclusion: This transcriptome-wide association study using monozygotic twins and generalized
correlation identified differentially expressed genes and a broad spectrum of enriched biological pathways
that may implicate metabolic health.

© 2020 Qihua Tan. Hosting by Science Repository. All rights reserved

metabolic syndrome (MetS). Many epidemiological and molecular
studies have been conducted to find the genetic and non-genetic
(environmental) mechanisms underlying individual BMI variation in
order to identify potential causes of MetS and eventually to find
strategies for mitigating its burden to public health. Multiple genetic
variants have been reported to affect BMI in genome-wide association
studies, albeit with the proportion of BMI variation accounted for
remaining far from the overall genetic contribution estimated in twin

Introduction

The body mass index (BMI) quantifies the amount of tissue mass
including muscle, fat and bone in an individual. It is highly associated
with cardiovascular disease and diabetes and has profound influences on
life quality and mortality [1-3]. In clinical application, BMI is a simple
and widely used metric for defining overweight (25<BMI<30, kg/m?)
and obesity (BMI>30 kg/m?), which are conditions tightly linked to the
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TWAS on BMI in twins

studies, although recent effort based on whole genome sequencing has
largely increased the contribution by genomic sequence variations [4, 5].
Instead of focusing on the genetic polymorphisms which are static across
life span, analysis of gene expression profiles can directly depict the
dynamic activity of functional genes in regulating the variation of BMI,
especially when controlling for genetics.

In transcriptome-wide association studies (TWAS), genetic variations
can confound the relation between MetS related health conditions and
gene expression (through functioning as cis- or trans-eQTLs). This is
particularly crucial for BMI giving the high genetic contribution [4].
Compared to the ordinary case-control design using unrelated
individuals, the use of twins has been proven a valuable approach in
controlling genetic background, due to the shared genetic makeups in
twins leveraging enriched statistical power [6, 7]. Moreover, current
TWAS assumes linear relationship between gene expression and traits
of interest, thus ignoring the diverse patterns of association in biology.
By focusing on twins, we have investigated gene expression profiles in
peripheral blood cells in association with BMI by introducing a
generalized correlation method to capture different patterns (both linear
and nonlinear) of association between gene expression and BMI while
controlling for genetic confounding.

Methods
I Samples

This study is based on a twin cohort, the Middle Aged Danish Twins
(MADT), from the Danish Twin Register [8]. There are in total 229
complete monozygotic twin pairs included in the analysis, 254 male and
204 female twins, with age at sampling ranging from 56 to 80 and BMI
from 15.77 to 38.15. Anthropometric measures and whole blood samples
were taken over the period from 2008 to 2011. Blood cell counts of 449
individuals were available and the blood cell counts of the other 9
individuals were imputed by the estimate CellCounts function in the R
package minfi using DNA methylation data collected on the same blood
samples [9, 10].

11 Global Gene Expression Analysis

Whole blood samples were collected in PAXgene Blood RNA Tubes
(PreAnalytiX GmbH, Hombrechtikon, Switzerland) and total RNA
extracted using the PAXgene Blood miRNA kit (QIAGEN) according to
the manufacturer’s protocol. Concentration of the extracted RNA was
determined using a NanoDrop spectrophotometer ND-8000 (NanoDrop
Technologies), and the quality was assessed by the Agilent 2100
Bioanalyzer (Agilent Technologies).

Gene-expression analysis was performed using the Agilent SurePrint G3
Human GE 8x60K Microarray (Agilent Technologies), a dual-colour
high-definition array containing 60K high quality probes of 60-mer.
Sample labeling and array hybridization were carried out according to
the ‘“Two-Colour Microarray-Based Gene Expression Analysis — Low
Input Quick Amp Labeling’-protocol (Agilent Technologies). Samples
were labeled with Cy5 and the reference consisting of a pool of 16
samples was labeled with Cy3. Hybridization, washing, scanning, and
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quantification were performed according to the array manufacturer's
recommendations.

111 Data Pre-Processing

The raw intensity data was background-corrected using the NormExp
method and was then within-array normalized by Loess normalization
method and between-array normalized by quantile normalization [11].
The normalized values were used to calculate log2-transformed
Cy5/Cya3 ratios. Missing expression values were imputed by k-nearest
neighbors averaging, and replicate probes were collapsed calculating the
median. Data pre-processing was performed using the R packages limma
[12]. All the probes on the Agilent SurePrint G3 array were re-annotated
using GENCODE v.25 gene annotation database (Link).

1V Statistical Analysis

After normalization, we adjusted for covariates including age, sex, cell
composition and first two PCs from the PCA (principal component
analysis) on the gene expression data. We then applied a generalized
measure of association, the generalized correlation coefficient (GCC), to
investigate the association between intra-pair difference of BMI and
intra-pair difference of expression to control the genetic and shared
environmental effects, as proposed by Tan et al. [13]. GCC was
computed using a ratio of maximum likelihoods for the marginal
distribution and maximum weighted likelihoods for the joint distribution
using the R package matie [14]. The mRNA probes with p<0.05 were
used for gene set enrichment analysis (GSEA) to detect biological
pathways over-represented by the listed probes for functional
interpretation [15].

Results

A total of 50599 probes were available on the microarray. We first
removed house-keeping probes by calculating the coefficient of
variation (CV) as standard deviation divided by mean of expression
measurement for each probe. Probes with CV<0.1 were filtered out
leaving 37716 probes for subsequent analysis. We identified 2 probes
with p<le-05 (A_33_P3289204 of AAK1l gene, p=2.83e-06;
A_23 P79094 of LILRA3 gene, p=7.83e-06), 5 probes with p<le-04
(A_33_P3234809 of PAX8 gene, p=4.37e-05; A_32_P133767 of
C120rf42 gene, p=5.52e-05; A_33_P3364060 of HR gene, p=6.11e-05;
A_33 P3213179 of PPP1R3A gene, p=8e-05; A_23 P108280 of
CYP4F12 gene, p=9.87e-05) and 1579 probes with p<0.05
(Supplementary Table 1). Table 1 shows the top 20 probes ranked by p
values (p<6.24e-04). The Q-Q plot for probes with p<0.05 is shown in
(Figure 1). The figure does not display inflated statistical significance
although the sample contains highly correlated monozygotic twin pairs.
The Manhattan plot for probes with p<0.05 are shown in (Figure 2).
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Table 1: Top 20 probes from mRNA analysis. A is the association score or GCC from matie package.

Probe ID Gene Symbol p-value A

A_33 P3289204 AAK1 2.83E-06 0.216

A_ 23 P79094 LILRA3 7.83E-06 0.207

A_33 P3234809 PAX8 4.37E-05 0.190

A_32 P133767 C120rf42 5.52E-05 0.187

A_33 P3364060 HR 6.11E-05 0.186

A_33 P3213179 PPP1R3A 8E-05 0.183

A_23 P108280 CYP4F12 9.87E-05 0.181

A_33 P3659808 PELP1 0.00014 0.177

A_23 P67702 ZNF85 0.00023 0.171

A_32_P9575 MRPL45 0.000236 0.171

A 23 P45851 HIAT1 0.000256 0.170

A_19 P00318014 SNHG11 0.000285 0.169

A_24 P395621 RUNDC1 0.000363 0.166

A_33_P3392250 FAM178A 0.000373 0.166

A_33_P3295328 CLEC6A 0.000381 0.165

A 23 P127948 ADM 0.00039 0.165

A 23 P131899 SDCBP2 0.000417456 0.164

A 23 P329924 HCAR?2 0.000474119 0.163

A_33_P3351189 LOC100129603 0.000492092 0.162

A 23 P105973 SERPINA11 0.000623576 0.159
Table 2: KEGG pathways identified by GSEA over-representation analysis.
Gene Set Name # Genes in Gene#  Genes ink/K p-value FDR g-value

Set (K) Overlap (k)

KEGG_PATHWAYS_IN_CANCER 328 33 0.101 8.64E-09  1.61E-06
KEGG_JAK_STAT_SIGNALING_PATHWAY 155 17 0.110 1.08E-05 1.00E-03
KEGG_INSULIN_SIGNALING_PATHWAY 137 15 0.110 3.56E-05 1.76E-03
KEGG_DILATED_CARDIOMYOPATHY 92 12 0.130 3.78E-05  1.76E-03
KEGG_MAPK_SIGNALING_PATHWAY 267 22 0.082 5.72E-05  2.13E-03
KEGG_AXON_GUIDANCE 129 14 0.109 7.06E-05  2.19E-03
KEGG_HYPERTROPHIC_CARDIOMYOPATHY_HCM 85 11 0.129 8.49E-05  2.25E-03
KEGG_LEUKOCYTE_TRANSENDOTHELIAL_MIGRATION 118 13 0.110 1.09E-04  2.53E-03
KEGG_OLFACTORY_TRANSDUCTION 389 27 0.069 1.66E-04  3.44E-03
KEGG_NEUROACTIVE_LIGAND_RECEPTOR_INTERACTION 272 21 0.077 2.06E-04  3.84E-03
KEGG_CARDIAC_MUSCLE_CONTRACTION 80 10 0.125 2.36E-04  3.99E-03
KEGG_WNT_SIGNALING_PATHWAY 151 14 0.093 3.74E-04  5.14E-03
KEGG_TIGHT_JUNCTION 134 13 0.097 3.86E-04  5.14E-03
KEGG_PANCREATIC_CANCER 70 9 0.129 3.87E-04  5.14E-03
KEGG_NUCLEOTIDE_EXCISION_REPAIR 44 7 0.159 4.61E-04  5.56E-03
KEGG_LEISHMANIA_INFECTION 72 9 0.125 4.78E-04  5.56E-03
KEGG_VIRAL_MYOCARDITIS 73 9 0.123 5.30E-04  5.80E-03
KEGG_T_CELL_RECEPTOR_SIGNALING_PATHWAY 108 11 0.102 7.05E-04  6.84E-03
KEGG_ARRHYTHMOGENIC_RIGHT_VENTRICULAR_CARDIOMYOPAT 76 9 0.118 7.15E-04  6.84E-03
HY_ARVC
KEGG_GLYCOLYSIS_GLUCONEOGENESIS 62 8 0.129 7.88E-04  6.84E-03
KEGG_INTESTINAL_IMMUNE_NETWORK_FOR_IGA_PRODUCTION 48 7 0.146 7.93E-04  6.84E-03
KEGG_FOCAL_ADHESION 201 16 0.080 8.09E-04  6.84E-03
KEGG_CELL_ADHESION_MOLECULES_CAMS 134 12 0.090 1.29E-03  1.04E-02
KEGG_P53_SIGNALING_PATHWAY 69 8 0.116 1.60E-03  1.11E-02
KEGG_PYRUVATE_METABOLISM 40 6 0.150 161E-03  1.11E-02
KEGG_MELANOGENESIS 102 10 0.098 1.62E-03  1.11E-02
KEGG_UBIQUITIN_MEDIATED_PROTEOLYSIS 138 12 0.087 1.66E-03  1.11E-02
KEGG_REGULATION_OF_ACTIN_CYTOSKELETON 216 16 0.074 1.72E-03  1.11E-02
KEGG_TGF_BETA_SIGNALING_PATHWAY 86 9 0.105 1.74E-03  1.11E-02
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KEGG_BASAL_CELL_CARCINOMA 55 7 0.127 1.80E-03  1.12E-02
KEGG_ASTHMA 30 5 0.167 2.44E-03  1.45E-02
KEGG_LYSINE_DEGRADATION 44 6 0.136 2.65E-03  1.45E-02
KEGG_HUNTINGTONS_DISEASE 185 14 0.076 2.67E-03  1.45E-02
KEGG_ADHERENS_JUNCTION 75 8 0.107 2.73E-03  1.45E-02
KEGG_B_CELL_RECEPTOR_SIGNALING_PATHWAY 75 8 0.107 2.73E-03  1.45E-02
KEGG_ACUTE_MYELOID_LEUKEMIA 60 7 0.117 2.99E-03  1.54E-02
KEGG_CITRATE_CYCLE_TCA CYCLE 32 5 0.1562  3.27E-03  1.65E-02
KEGG_COLORECTAL_CANCER 62 7 0.1129  3.60E-03  1.76E-02
KEGG_BASE_EXCISION_REPAIR 35 5 0.1429 487E-03  2.32E-02
KEGG_PURINE_METABOLISM 159 12 0.0755 5.30E-03  2.47E-02
KEGG_SMALL_CELL_LUNG_CANCER 84 8 0.0952 5.50E-03  2.49E-02
KEGG_PROXIMAL_TUBULE_BICARBONATE_RECLAMATION 23 4 0.1739 5.69E-03  2.52E-02
KEGG_ENDOMETRIAL_CANCER 52 6 0.1154 6.17E-03  2.67E-02
KEGG_METABOLISM_OF_XENOBIOTICS_BY_CYTOCHROME_P450 70 7 0.1 7.04E-03  2.98E-02
KEGG_NON_SMALL_CELL_LUNG_CANCER 54 6 0.1111  7.42E-03  3.07E-02
KEGG_DRUG_METABOLISM_CYTOCHROME_P450 72 7 0.0972 8.20E-03  3.27E-02
KEGG_CELL_CYCLE 128 10 0.0781  8.26E-03  3.27E-02
KEGG_GALACTOSE_METABOLISM 26 4 0.1538  8.91E-03  3.38E-02
KEGG_GLYCOSAMINOGLYCAN_BIOSYNTHESIS_HEPARAN_SULFATE 26 4 0.1538 8.91E-03  3.38E-02
KEGG_PHOSPHATIDYLINOSITOL_SIGNALING_SYSTEM 76 7 0.0921 1.09E-02  4.06E-02
Table 3: Reactome pathways identified by GSEA over-representation analysis.
Gene Set Name # Genes in# ink/K p-value FDR g-value
Gene Set (K) Overlap (k)
REACTOME_IMMUNE_SYSTEM 933 72 0.077 9.41E-12  6.34E-09
REACTOME_SIGNALING_BY_GPCR 920 65 0.071 3.38E-09 1.14E-06
REACTOME_GPCR_DOWNSTREAM_SIGNALING 805 58 0.072 1.18E-08 2.66E-06
REACTOME_ADAPTIVE_IMMUNE_SYSTEM 539 43 0.080 5.58E-08  9.40E-06
REACTOME_HEMOSTASIS 466 37 0.079 5.16E-07  6.96E-05
REACTOME_DEVELOPMENTAL_BIOLOGY 396 32 0.081 2.04E-06  2.29E-04
REACTOME_METABOLISM_OF_LIPIDS_AND_LIPOPROTEINS 478 35 0.073 6.30E-06 5.73E-04
REACTOME_CELL_CYCLE 421 32 0.076 7.28E-06  5.73E-04
REACTOME_SIGNALLING_BY_NGF 217 21 0.097 7.65E-06 5.73E-04
REACTOME_MHC_CLASS_II_ANTIGEN_PRESENTATION 91 12 0.132 3.39E-05 2.28E-03
REACTOME_CELL_CYCLE_MITOTIC 325 25 0.077 5.74E-05  3.52E-03
REACTOME_GROWTH_HORMONE_RECEPTOR_SIGNALING 24 6 0.250 8.73E-05  4.90E-03
REACTOME_TRANSCRIPTIONAL_REGULATION_OF WHITE_ADIPOCYTE_ 72 10 0.139 9.67E-05 5.01E-03
DIFFERENTIATION
REACTOME_G_ALPHA1213 SIGNALLING_EVENTS 74 10 0.135 1.22E-04 5.89E-03
REACTOME_ANTIGEN_PROCESSING_UBIQUITINATION_PROTEASOME_D 212 18 0.085 1.80E-04  7.56E-03
EGRADATION
REACTOME_TRANSMEMBRANE_TRANSPORT_OF_SMALL_MOLECULES 413 28 0.068 1.88E-04  7.56E-03
REACTOME_CLASS_|_MHC_MEDIATED_ANTIGEN_PROCESSING_PRESEN 251 20 0.080 1.91E-04 7.56E-03
TATION
REACTOME_P75_NTR_RECEPTOR_MEDIATED_SIGNALLING 81 10 0.124 2.61E-04  9.79E-03
REACTOME_GPCR_LIGAND_BINDING 408 27 0.066 3.54E-04 1.26E-02
REACTOME_PHASE1 FUNCTIONALIZATION_OF_COMPOUNDS 70 9 0.129 3.87E-04  1.30E-02
REACTOME_OLFACTORY_SIGNALING_PATHWAY 328 23 0.070 4.23E-04  1.30E-02
REACTOME_METABOLISM_OF_CARBOHYDRATES 247 19 0.077 4.23E-04  1.30E-02
REACTOME_SIGNALING_BY_NOTCH 103 11 0.107 4.71E-04  1.38E-02
REACTOME_AXON_GUIDANCE 251 19 0.076 5.16E-04  1.45E-02
REACTOME_SIGNALING_BY_ILS 107 11 0.103 6.51E-04 1.76E-02
REACTOME_INNATE_IMMUNE_SYSTEM 279 20 0.072 7.41E-04 1.85E-02
REACTOME_NEURONAL_SYSTEM 279 20 0.072 7.41E-04  1.85E-02
REACTOME_METABOLISM_OF_AMINO_ACIDS_AND_DERIVATIVES 200 16 0.080 7.67E-04  1.85E-02
REACTOME_PLATELET_HOMEOSTASIS 78 9 0.115 8.64E-04 1.97E-02
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REACTOME_COSTIMULATION_BY_THE_CD28_FAMILY 63 8 0.127 8.78E-04  1.97E-02
REACTOME_CYTOCHROME_P450_ARRANGED_BY_SUBSTRATE_TYPE 51 7 0.137 1.15E-03  2.49E-02
REACTOME_MEIOSIS 116 11 0.095 1.27E-03  2.69E-02
REACTOME_PLATELET_SENSITIZATION_BY_LDL 16 4 0.250 1.40E-03  2.77E-02
REACTOME_XENOBIOTICS 16 4 0.250 1.40E-03  2.77E-02
REACTOME_STRIATED_MUSCLE_CONTRACTION 27 5 0.185 1.50E-03  2.88E-02
REACTOME_NGF_SIGNALLING_VIA_TRKA_FROM_THE_PLASMA_MEMB 137 12 0.088 1.56E-03  2.92E-02
RANE
REACTOME_GLUCOSE_METABOLISM 69 8 0.116 1.60E-03  2.92E-02
REACTOME_LIPOPROTEIN_METABOLISM 28 5 0.179 1.77E-03  3.15E-02
REACTOME_RNA_POL_I_RNA_POL_III_AND_MITOCHONDRIAL_TRANSC 122 11 0.090 1.91E-03 3.31E-02
RIPTION
REACTOME_NRAGE_SIGNALS_DEATH_THROUGH_JNK 43 6 0.140 2.36E-03 3.97E-02
REACTOME_GENERIC_TRANSCRIPTION_PATHWAY 352 22 0.063 2.42E-03  3.99E-02
REACTOME_PRE_NOTCH_EXPRESSION_AND_PROCESSING 44 6 0.136 2.65E-03  4.26E-02
REACTOME_CELL_DEATH_SIGNALLING_VIA NRAGE_NRIF_AND_NADE 60 7 0.117 2.99E-03  4.68E-02
REACTOME_DNA_REPAIR 112 10 0.089 3.24E-03  4.97E-02
REACTOME_ACTIVATION_OF _THE_AP1_FAMILY_OF TRANSCRIPTION_F 10 3 0.300 3.32E-03  4.97E-02
ACTORS
© By submitting the genes in Supplementary (Table 1) to GSEA, we
identified 50 KEGG (The Kyoto Encyclopedia of Genes and Genomes)
O pathways with FDR<0.05 (Table 2). Among the top significant pathways
o O are JAK/STAT signaling pathway (FDR=1e-03), insulin signaling
= pathway (FDR=1.76e-03), MAPK signaling pathway (FDR=2.13e-03),
g §9 axon guidance (FDR=2.19e-03), etc. Considering the fact that KEGG
% ¥ G focuses on intermediary metabolism, we further performed pathway
§ analysis using the Reactome database containing higher-level pathways
;.9: - compiled based on a broad range of species [16]. Table 3 shows the 45
T Reactome pathways identified with FDR<0.05. Among them, nine are
highly significant with FDR<1e-03 (p<le-05) such as immune system
~ (FDR=1.34e-09), G protein-coupled receptor (GPCR) signaling pathway
(FDR=1.14e-06), hemostasis (FDR=6.96e-05), developmental biology
(FDR=2.29e-04), signaling by nerve growth factor (NGF) (FDR=5.73e-
; :‘)‘ ; ; Els 04), olfactory signaling (FDR=1.3e-02) etc. Table 3 also contains

—log,o(P expected)
Figure 1: Q-Q plots for single probe analysis (p<0.05 only). The top
probes (red) deviate upward from the p values of null hypothesis.
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multiple pathways directly implicated in metabolism including
metabolism of lipids and lipoproteins (FDR=5.73e-04), metabolism of
carbohydrates (FDR=1.30e-02), glucose metabolism (FDR=2.93e-02)
and lipoprotein metabolism (FDR=3.15e-02).
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Figure 2: Manhattan plot showing probe significance (p<0.05 only) along each chromosome.
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Discussion

The high genetic contribution to BMI variation as estimated in twins,
and in family studies, suggests the need to study the relation between
transcriptional activity and BMI while controlling for genetics, given the
fact that genetic variations could affect both BMI and gene expression
[4, 17-19]. Instead of using unrelated samples, focusing on genetically
identical individuals (e.g. MZ twins) can control for genetic variations
in the study samples. However, traditional statistical testing on
dependent samples requires modeling the relatedness in sample clusters
using, for example, the mixed effects modeling assigning sample
correlation as random effect variables with increased model complexity
and reduced power in statistical testing. The application of GCC on twin
data provides a simple but efficient way for handling related samples in
TWAS. Most importantly, generalized correlation is a non-parametric
method by nature meaning that its assessment of correlation between
gene expression and BMI was done without imposing any assumption
such as the linear relationship in regression modeling. The latter is
sensitive to outlier observations in model fitting. As a result, our reported
gene expression markers detected by the model-free approach are
biologically meaningful and significantly enriched in functional
pathways closely implicated in metabolism, although, many other
pathways e.g. related to blood cell functioning (immune biology and
hemostasis) and neuro function were also enriched.

In (Figure 1), the top probes (red coloured) show upward deviation from
p values under the null hypothesis suggesting their non-random
association with BMI. In accordance, functional annotation and
published literature confirm their biological relevance. In (Table 1), the
most significant probe (A_33 P3289204, p=2.83e-06) is from AAK1
gene. The gene has been shown as a positive regulator of the Notch
pathway which is a novel regulator of metabolism [20, 21]. Both AAK1
and Notch signaling are implicated in neurological impairments, which
have been shown to relate to metabolic disorders [22-24]. The number 2
probe (A_23 P79094, p=7.83e-06) belongs to LILRA3 for which a SNP
(rs367070) has been reported to associate with HDL-C [25]. The human
LILRA gene family has diverse functions characterized by regulation of
inflammation and immune tolerance [26]. The LILRA3 regulated
immunity alteration could be involved in obesity, a condition
characterized by chronic low-grade inflammation [27]. For the third
gene in (Table 1), PAX8, differential DNA methylation was identified to
associate with gestational famine exposure and metabolic traits [28].
Other interesting genes linked to top probes of (Table 1) include
PPP1R3A whose SNP variation has been associated with risk of type 2
diabetes and CYP4F12 which belongs to the cytochrome P450 4 (CYP4)
family implicated in various biological functions including
inflammation, cardiovascular health, and cancer [29, 30].

Biological pathway analysis was performed using KEGG and Reactome
databases with both revealing significantly enriched functional pathways
implicated in metabolic health together with other biological functions.
For example, the top pathways in (Table 2) include pathways in cancer
and insulin signaling. In the literature, development of insulin resistance
and hyperinsulinemia has been shown as a clear link between adipose
tissue expansion and etiology of diseases like obesity, type-2 diabetes
and cancer [31]. Likewise, the implication of MAPK signaling in
obesity-related immune paralysis and cancer has been reviewed very
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recently [32]. Another top significant pathway, JAK/STAT signaling
pathway in (Table 2) is a highly conserved functional pathway required
for normal homeostasis which, when dysregulated, contributes to the
development of obesity and diabetes [33].

Like the KEGG pathways (Table 2), the importance of immunity is also
reflected in the top significant Reactome pathways shown in (Table 3)
(immune system with FDR 6.34e-09 and adaptive immune system with
FDR 9.40e-06). The phenomenon can be explained by the target tissue
used in this study, i.e. whole blood, which comprises of immune cells.
Moreover, results in (Table 3) emphasize high implication of GPCR
signaling in BMI variation. This is highly interesting as the
melanocortin-4 receptor (MC4R), a GPCR embedded in the membranes
of nerve cells in the brain's appetite control center, has been shown to
provide clues to obesity treatment [34]. Another study has found that
pathway of GPCR was overrepresented and it is associated with pediatric
obesity [35]. As a potential therapeutic target for intervention in
cognitive deficits, the association of GPCR signaling pathway with BMI
could reflect the intrinsic connection between cognition and obesity [36,
37]. Table 3 also contains significant pathways directly related to
metabolism of lipids, lipoproteins and carbohydrates, etc. which are
closely related to obesity development as well as pathways overlapping
with (Table 2) including axon guidance reportedly to implicate in early-
onset obesity [38], and olfactory signaling/transduction shown to
regulate lipid metabolism through neuroendocrine signaling in
Caenorhabditis elegans [38, 39]. Methylation of olfactory pathway
genes has been associated with dietary intake and obesity features [40].

In summary, by introducing generalized correlation coefficient for
assumption-free association analysis and using monozygotic twins to
control genetic confounding, this transcriptome-wide association study
on BMI using peripheral blood identified differentially expressed genes
and their enriched biological pathways implicated in multiple biological
functions including immune biology, hemostasis, neural function,
cancer, and metabolism. Findings from this study merit replications
using independent samples to verify expression markers and functional
pathways for characterizing and determining non-genetic etiology of
obesity and health conditions.
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