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Abstract

Leptin is an adipokine that regulates energy expenditure and calory intake by acting on the hypothalamic
leptin-melanocortin pathway. It has known effects on obesity, inflammation, and neurodevelopment,
hence carrying high pleiotropic potential. Using the Genome-Wide Association Study (GWAS) Catalog, we
identified the single nucleotide polymorphisms (SNPs) associated with fluctuations of leptin in the blood,
which we expanded into wider genetic blocks, and explored their associations and effect sizes with leptin

levels. We then investigated the genetic pleiotropy linked with these genomic regions.

Starting from 35 GWAS studies on leptin levels with @ minimum discovery sample size > 1000 individuals,
we selected 25 SNPs reaching genome-wide significance (p < 5.10-8). This led to the aggregation of 15
genetic blocks with SNPs in high linkage disequilibrium with the leptin SNPs. The blocks were also
associated with 574 pleiotropic phenotypes, which were then grouped into 22 categories, including the
enriched “other adipokines” (n=3, fold-enrichment against background: e=3.5, effects in reverse directions
with leptin), “obesity-related” (n=11, e=15, increasing with leptin), “inflammation-related” (n=47, e=2),
“cancer-related” (n=12, e=1.7, effects in reverse directions with leptin), “body fat” (n=33, e=2.3, increasing
with leptin), “type-2-diabetes-related” (n=107, e=1.6), and “addiction-related” (n=61, e=2.3) cross-traits.
The list of genes overlapping with the genetic blocks was used to map a protein-protein interaction
network surrounding leptin with which we identified functional modules enriched in ontological terms

such as the leptin-melanocortin pathway, embryogenesis, immunity and transcription regulation.

This study extends the genetic architecture behind leptin levels to its wider roles in human physiology by

deciphering molecular pathways and gene modules implicated in its end effects.
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Introduction

Obesity is a pandemic that affects more than 38% of the global population (World Obesity Atlas 2023
report). It is defined as an abnormal accumulation of body fat and is associated with complexities and
morbid diseases, such as type 2 diabetes (T2D) (1,2), cardiovascular diseases (3) and cancers (4-7). A key
player in the pathophysiology of obesity is leptin, a small adipokine produced from the LEP gene (8) almost
exclusively by the adipose tissue, and released in the serum after energy intake (9,10). Leptin acts primarily
in the hypothalamus to activate neuroendocrine pathways that will insure its main functions of satiety and
lipid metabolism control (11). In order to understand the factors that affect serum leptin levels and
decipher the pleiotropic effects surrounding its physiological expression, we developed a method that
exhaustively identifies all the leptin-associated single nucleotide polymorphisms (SNPs) reported by
Genome-wide associations studies (GWAS) and infers genotype-phenotype correlations (12) between
leptin and a number of related traits, such as obesity (13,14), T2D and insulin levels (14,15), cardiovascular
diseases (16), and inflammation (2). Among these associations, some involve pleiotropic genes, i.e.
influencing multiple functions and/or multiple phenotypes. Current GWAS and pleiotropy analyses can
identify associations among traits and variants but lack the resolution to untangle the links between
groups of genetic variants and causal genes as well as biological pathways. The original approach
presented in this study calculates genetic blocks of linkage disequilibrium SNPs aggregated from the GWAS
leptin loci and extracts cross-phenotypes associations, effect sizes and directions as compared to leptin. It
then identifies protein-coding genes within these genomic regions and maps out their pleiotropic potential
using a functional enrichment method based on protein-protein interactions, method that also infers new

genes associated with leptin while excluding non-interacting genes.
Methods

Genome-wide association studies catalog. The NHGRI-EBI Catalog of Published Genome-Wide
Association Studies (GWAS Catalog) (17), up to date from March 11th, 2024, and annotated for the

GRCh38/hg38 human reference genome, was used extensively during this study.

R and its packages. GWAS Catalog data were downloaded for local use, handled, and manipulated using
R4.3.2 (18). Key packages such as ggplot2 (used for graphs and data visualization), dplyr (used for data
cleaning), karyotploteR (19) (used for blocks and genes visualization on chromosomes), and LDIinkR (20)

(used for linkage disequilibrium analysis) were used.

LDlink. Within the LDlink suite (https://Idlink.nih.gov/?tab=home, February 7th, 2024) (21), LDproxy is a

tool allowing for an exploration of proxy variants associated with an input query SNP. We used GWAS



leptin-associated SNPs as query/lead SNPs (ISNPs) for the calculations, with the 1000 genome project data
as reference. Leptin ISNPs were defined as reaching genome-wide significance (p < 5.10-8) in a study using
a minimum discovery sample size > 1000 individuals. LDproxy outputs report variants associated to each
ISNP ranked by their LD correlation value (r?) in their respective populations, encoded by ethnicity (EUR:
European, AFR: African, AMR: Ad-mixed Americans, EAS: East-Asians, SAS: South Asians) according to the

discovery cohorts of the ISNP.

Genetic blocks, variants, and cross-traits. Using the ISNP (r? = 1), proxy SNPs (pSNPs) (r? > 0.9), and non-
independent SNPs (r? > 0.1), genetic blocks of LD were aggregated. If multiple ISNPs were mapped to the
same block, we retained a main lead variant as the one with the smallest association p-value. Block
ethnicities were assigned based on combined ethnicities for the lead SNPs. Using every ISNPs + pSNPs, we
compiled a table of cross-traits (phenotypes/traits/diseases also associated with the variants, but not

leptin, p < 5e-8), which was hierarchized into general traits used to form categories of traits.

Fold-enrichment analyses were conducted for traits and categories, giving insight on their representation
and distribution within the leptin blocks as compared to what is expected from the background.
Enrichments were calculated following the relation: frequency of the observed trait / expected frequency,
where the observed frequency represents the number of reported occurrences for the trait in the leptin
selection among the total number of reported leptin cross-trait occurrences, and the expected frequency
represents the overall significant occurrences for the same trait among the total number of significant
associations in the complete GWAS Catalog (p < 5e-8). Two-way Fisher’s exact test was used to evaluate

the enrichment statistical significance (p < 0.05).

Gene-based functional annotations and pleiotropic networks. Using the list of protein coding genes
overlapping with the genetic blocks of LD and reported as “mapped genes” with each ISNPs, we formed a
network of significantly enriched protein-protein interactions (PPI, enrichment p-value 1e-05) with
STRING-db (https://string-db.org/), a repository of functional and physical PPl data (22,23). The generated
network was then augmented with first-shell interactors (n = same number as input genes) with a
confidence score of 0.5, and clustered using the k-means algorithm for functional module identification.
Each cluster was subject to functional annotations using the databases found in EnrichR (24-26) for
pathway (Reactome, KEGG, BioPlanet and BioCarta), ontology (GO biological process, cellular component,
and molecular function), and disease (PhenGenl) enrichment. Each cluster was then isolated and

augmented with 10 additional first-shell interactors for further characterization (workflow in Figure 1).
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Figure 1. Flowchart describing the algorithm used for constructing and annotating the pleiotropic network around Leptin.
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Results

Leptin genetic pleiotropy. Upon selecting significant SNPs mapped to “leptin measurement” and “BMI-
adjusted leptin measurement” in the GWAS Catalog (discovery cohort > 1000 individuals; p-value < 5e-8),
we obtained a list of 25 lead leptin SNPs (ISNPs) (Figure 2A). The list was then used for the LD analysis,
which resulted in 343 proxy SNPs (pSNPs; r? > 0.9) and 3714 non-independent SNP (r? > 0.1). All variants
were aggregated under their ISNPs into 15 genetic blocks of highly correlated structure (Figure 2B-C). Main

characteristics for the genetic block constitution is summarized in Table 1.
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Figure 2. Workflow and Genetic Blocks. (A) Flowchart illustrating the step-by-step extraction of adiponectin SNPs and cross-trait
associations, (B) Overview of the blocks’ positions on the human chromosomes, red box shows blocks in proximity to the LEP
gene, and (C) Close-up on the blocks’ structures and LD SNPs delimited by the red box in (B).



Number of

Block Block Number Number Number  Number of overlapping Ethnicities
span (kb) of ISNPs  of pSNPs of SNPs  cross-traits
genes

B1 353 2 16 254 0 2 AFR

EUR, AFR,

B2 819 2 3 525 1481 16 EAS, AMR
B3 478 1 0 100 0 1 AFR
B4 946 1 10 112 0 2 AFR

EUR, AFR,

B5 852 1 11 356 295 5 EAS, AMR

EUR, AFR,

B6 138 2 16 52 138 1 EAS, AMR
B7 961 1 0 37 0 3 AFR

EUR, AFR,

B8 949 1 0 27 0 7 EAS, AMR
B9 730 5 12 137 6 10 EUR
B10 45 1 1 111 2 1 EUR
B11 570 2 42 297 3 5 AFR
B12 987 1 14 625 0 1 AFR
B13 766 1 0 77 0 1 AFR
B14 75 3 85 170 478 1 EUR
B15 495 1 1 7 0 5 AFR

Table 1. Leptin genetic bloc characteristics. See Methods for ethnicity encodings.

Cross-trait analysis. Using the list of ISNPs + pSNPs, we associated 574 pleiotropic phenotypes (or cross-
traits) within these blocks, which we categorized into 22 main items. The cross-trait occurrences were
checked for over-representation against background (the entire significant GWAS Catalog associations),
which uncovered a number of significantly enriched categories containing traits related to “diet or taste”
(fold-enrichment e = 4.4), “other adipokines” (e = 3.5), “addiction” (e = 2.4), “body fat” (e = 2.3),
“inflammation” (e = 2), “lipids” (e = 1.7) and “cancer-related” (e = 1.7), as well as some depleted categories
related to “brain” (e = 0.1), “blood pressure” (e =0.2), “sleep” (e = 0.3) and “age” (e = 0.3) (Figure 3A). This
summary, however, is not representative of each unique trait, as the specific obesity trait, belonging to
the “anthropometric measurement” category, is highly over-represented (e = 15) among other under-
represented traits (Figure 3B). Next, we summarized cross-traits with their respective associated-SNP beta
coefficients to study the direction of effect of each phenotype as compared to leptin (Figure 3C).
Consistent monodirectional effects with leptin were determined with body mass index (mean effect with
leptin (me) = +0.063), body fat percentage (me = +0.342), BMI-adjusted hip circumference (me = +0.024),

bone mineral density (me = +0.025), and obesity (me = +0.277). Opposite directions, however, were found



with hyperlipidemia (me = 0.253), insulin-like growth factor-binding protein 1 (me = -0.134), insulin
sensitivity measurement (me = -0.200), and the other adipokines, adiponectin (me = -0.107) and leptin
receptor measurements (me = -0.114). Finally, some traits present mixed effects with leptin levels, such as
type-2 diabetes, addiction-related traits (intakes of alcohol and coffee, smoking behavior, substance use),
high density lipoprotein cholesterol, and some taste preferences such as sweetened drinks and sugar

intake. The distribution of the cross-trait across leptin genetic blocks was heterogeneous (Table 1).
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Figure 3. Cross-traits associated with leptin levels. (A) Normalized fold-enrichment values for the 22 categories of traits
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associated with leptin measurement and BMI-adjusted leptin measurement. (B) Raw counts for “adipokines”, “anthropometric
measurement”, “brain-related”, “cancer-related”, “body fat” and “type-2-diabetes-related” cross-trait categories. (C) Forest plots
showing the direction of effect of the traits as compared to leptin levels in each genetic block. Beta coefficients represent the
increase or decrease per unit in the outcome for each significantly associated trait (p<5e-08).

Gene-based pleiotropic network. Concomitantly to the cross-trait analysis, we conducted a protein
network reconstruction around leptin. We first extracted 57 protein-coding genes overlapping the genetic
blocks of leptin (Table 1, 4 genes were associated with consecutive blocks). These input genes were used
in STRING-db to map out the functional protein modules involved in leptin molecular functions (Figure 1,
see Methods). A preliminary functional annotation of the network was done using the Phenotype-
Genotype Integrator (PheGenl) library, to explore the diseases and traits associated with the input genes
(Figure 4A). The analysis confirmed a highly significant association with the leptin phenotype (e = 19), and
revealed other enriched associations with phenotypes including type-2 diabetes, body-mass index,

obesity, abdominal fat and metabolic syndrome X. This initial network was augmented with 57 first-shell



interactors at a confidence score of 0.5, and clustered using the k-means algorithm. This network
expansion identified newly enriched or depleted, as well as gain/loss of PhenGenl terms (Figure 4B), with

a noticeable decrease in the leptin phenotype (e = 9.5), and increases in metabolic syndrome X, type-2

diabetes, and glucose tolerance test (term gain).
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Figure 4. PPl network augmentation allows for biological term exploration. (A) PheGenl trait/disease enriched terms with the
57 leptin-related proteins. (B) PheGenl trait/disease enriched terms after 1-rank PPI stepping with 57 additional 1st-shell
interactors, highlighting enriched and depleted terms after augmentation.

On the other hand, the expanded PPl network was clustered into 9 PPl modules by k-means clustering,
and each module was functionally annotated for biological pathways, ontological terms and diseases.
Leptin-related proteins not interacting with the network were discarded. Each of the 9 resulting PPI
modules governed specific biological functions, the central-one related to leptin and body-mass index, and
others linked with either ciliary function and development, triglycerides and cardiovascular diseases,

neuronal signaling and related disorders, or endocrine cell differentiation (Figure 5).
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Figure 5. Augmented PPI network around leptin-related proteins. PPl network of the initial query proteins plus the 1st-shell
interactors, clustered using the k-means algorithm. Leptin-related proteins are highlighted in black. Detached nodes (non-
interacting proteins) were removed. Annotations for the main associated function, pathway, or disease accompany each cluster.

Discussion

Conducting the cross-traits analysis allowed for the identification of the phenotypes sharing unique
genetic associations with serum leptin levels. These traits could be organized into 22 distinct categories
impacting diverse functions and tissues, underlying leptin high pleiotropic effects in human. Specific
categories showed depletion against background (brain-related, blood pressure, sleep and age-related),
potentially indicating function specificity for distinct SNPs within general and/or subjective categories
regrouping heterogeneous traits, or that leptin is functionally distant or indirectly linked with these traits
and is hence less associated with them than random GWAS loci. On the other hand, high enrichment values
were observed for diet, adipokines, addiction or obesity -related traits, suggesting shared underlying
mechanisms with leptin levels and extended genetic overlap, pointing to potential functional regrouping

and biological relevance of these traits in leptin’s pleiotropy.

Functional consequences of these traits are highlighted by their effect directions with leptin serum levels,
which largely confirmed physiological and mechanistical scientific literature in patients and animal models:

homodirectional effects between leptin and body mass index (27) and obesity (28), and opposite effects



with hyperlipidemia (29) and the long-guessed reverse balance with other adipokines such as adiponectin,

which we confirm at a genetic level with this study.

We also provide a network of biological functions and pathways explaining these pleiotropic phenotypes.
Upon expanding the PPl network around the leptin gene, we identified pathways linking leptin signaling
and obesity to a cluster of proteins specialized in development and embryogenesis (especially
ciliogenesis), a module of proteins governing metabolism regulation, a cluster implicated in endocrine
regulation and cellular function, and a module of genes responsible for neuronal signaling and disorders.
This echoes previous studies conducted on the implications of leptin in neuronal development, specifically
that in the hypothalamus (29) where postnatal leptin acts as a neurotrophic factor and helps axonal growth
within the arcuate nucleus, constructing the leptin-melanocortin neuronal pathway, which they will

activate later in life to control satiety, energy intake and subsequent lipid metabolism.

A notable feature of network expansion is that it helps prioritize genes linked with the GWAS variants. This
augmentation allows i) for a discard of the proteins that cannot interact with the PPl modules, which could
stem from a wrong mapping of the corresponding genes in the GWAS studies, and ii) for a recovery, by

adding functional interactors, of genes that were not associated by GWAS or mapped in later stages.

The conducted study paves the way for further research aiming to elucidate obesity’s physiopathology. A
global correlation analysis by LD regression score between leptin and some of the identified cross-traits
would hint at the overall genetic association between the traits. Moreover, causality between modifiable
risk factors in a disease or phenotype and the individual’s health outcomes can be deciphered with
Mendelian randomizations (30). By conducting systematic MR between all possible cross-traits identified
with leptin, one would be able to reconstruct the causal inference network, with the direction of causality
between each linked trait. MR could be achieved using GWAS summary statistics for leptin and a number
of traits and is also made possible with access to large cohorts like the UK BioBank, for which genomes

and exomes are available for more than 500.000 individuals.
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