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Oxytocin is a neuromodulator and hormone that is typically associated with social cognition and behavior. In light of its purported
effects on social cognition and behavior, research has investigated its potential as a treatment for psychiatric illnesses characterized
by social dysfunction, such as schizophrenia and bipolar disorder. While the results of these trials have been mixed, more recent
evidence suggests that the oxytocin system is also linked with cardiometabolic conditions for which individuals with severe mental
disorders are at a higher risk for developing. To investigate whether the oxytocin system has a pleiotropic effect on the etiology of
severe mental illness and cardiometabolic conditions, we explored oxytocin’s role in the shared genetic liability of schizophrenia,
bipolar disorder, type-2 diabetes, and several phenotypes linked with cardiovascular disease and type 2 diabetes risk using a
polygenic pathway-specific approach. Analysis of a large sample with about 480,000 individuals (UK Biobank) revealed statistically
significant associations across the range of phenotypes analyzed. By comparing these effects to those of polygenic scores
calculated from 100 random gene sets, we also demonstrated the specificity of many of these significant results. Altogether, our
results suggest that the shared effect of oxytocin-system dysfunction could help partially explain the co-occurrence of social and
cardiometabolic dysfunction in severe mental illnesses.
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INTRODUCTION
Schizophrenia (SCZ) and bipolar disorders (BD) are associated with
reduced life expectancies [1, 2], partly caused by an increased risk for
cardiovascular disease (CVD) [3]. One-third of patients with psychotic
disorders suffer from metabolic syndrome (MetS) [4], a collection of
co-occurring metabolic risk factors [5] (i.e., glucose intolerance,
insulin resistance, visceral adiposity, dyslipidemia, and hypertension)
for the development of CVD and type-2 diabetes mellitus (T2D) [5].
Studies have reported a two-time higher prevalence of MetS in
people with bipolar disorder or schizophrenia [6], and this increased
prevalence is comparable between males and females [7].
In addition to lifestyle habits such as smoking, poor diet, and a

lack of exercise [8], some antipsychotic medications account for a
portion of the increased prevalence of MetS risk factors in these
patients [9]. However, evidence of MetS risk factors in untreated
individuals with first-episode psychosis [10], in antipsychotic-naive
patients [11], and in healthy first-degree relatives [12] suggests
that the risk factors are, in part, independent from antipsychotic
treatments and lifestyle factors, which point to other influences.
While genetic studies support the presence of common causes
predisposing individuals to both MetS risk factors, and psychotic
disorders [13], the mechanisms underpinning the shared risk for
psychotic disorders and MetS remain unclear. An additional
unexplained piece of the puzzle is the prevalence of loneliness
and social isolation among patients with psychotic disorders—the

annual rate of loneliness is approximately 2.3 times higher in
patients with schizophrenia and bipolar disorder than in the
general population [14], and research has demonstrated a link
between loneliness, MetS risk factors and cardiovascular morbidity
[15]. However, little is known about the mechanisms underlying
this association.
Emerging evidence suggests that oxytocin-system dysfunction

might play a pleiotropic role in the etiology of psychotic disorders
and MetS risk factors [16–18]. Oxytocin is a versatile and multi-
functional hormone and neurotransmitter associated with a variety
of social behaviors and employed in several therapeutic settings
[19]. Animal studies have demonstrated oxytocin’s critical role in
maternal, sexual, feeding, and pair-bonding behaviors [20–22].
Subsequent research has supported the effects of oxytocin
administration on social behaviors in humans [16, 23], as well as
its involvement in a number of metabolic and homeostatic
processes [24]. Exogenous intranasal and intravenous oxytocin
administration was shown to reduce caloric intake in humans
[25, 26] as well as body weight in dietarily induced obese rhesus
monkeys through decreased food intake and increased energy
expenditure and lipolysis [27]. Oxytocin has also been shown to
influence the cardiovascular system, with demonstrated effects on
blood pressure, heart rate, heart-rate variability, and contractility
[28–31]. However, the extent of these effects and evidence in
humans has been limited.
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Oxytocin-pathway gene variants have been associated with
features of psychotic disorders, such as social cognition and
emotional processing [32, 33]. There is converging evidence that
oxytocin modulates several neurotransmitter systems in the brain
(e.g., dopamine, glutamate, and serotonin) that have been
implicated in psychotic disorders [34]. Oxytocin administration
has been shown to improve positive and negative symptoms, as
well as cognitive deficits [34, 35] in patients with schizophrenia,
while other studies have provided conflicting evidence [36, 37].
Despite promising initial results, some of these early findings on
the effects of intranasal oxytocin have failed to replicate [38] and
recent research has questioned the ability of exogenous oxytocin
to influence social behavior, citing issues regarding poorly
understood pharmacodynamics and potential publication bias
[19, 39]. While group-level studies have provided mixed findings, it
is conceivable that previously diverging results may be partly
explained by different experimental approaches and individual
differences in treatment response [40]. The oxytocin pathway is
only one of many signaling pathways involved in psychiatric
disorders, there is, however, a need to shed light on the
underlying mechanisms of oxytocin signaling in humans to
understand the pharmacological potential of oxytocin.
A common method for examining the relationship between

oxytocin gene variants and phenotypes of interest is to use
candidate gene approaches, typically investigating the oxytocin-
receptor gene (OXTR) or CD38, which regulates the secretion of
oxytocin [41]. Given the small influence that these genetic
variations exert on analyzed traits, candidate gene studies are
typically statistically underpowered to precisely detect realistic
effect sizes [42]. Consequently, most studies reporting the
associations between single genetic variants and behavioral
phenotypes have not replicated [43]. As there are over 150
genes in the oxytocin-signaling pathway, a multivariate
approach examining the cumulative polygenic signal across a
gene set representing relevant biological pathways will be far
more likely to detect reliable effects compared with a candidate
gene approach. Therefore, to explore the role of the oxytocin
system in the shared genetic liability between schizophrenia,
bipolar disorder, T2D, and cardiovascular risk factors, we
calculated the genetic contribution of oxytocin-pathway sin-
gle-nucleotide polymorphisms (SNPs) to polygenic risk for
schizophrenia and bipolar disorder, as well as T2D, to analyze
and compare central and peripheral contributions and their
associations with anthropometric and behavioral CVD risk
factors. We applied this polygenic pathway-specific approach
in a very large sample (UK Biobank) with 488,377 genotyped
individuals with well-characterized anthropometric (BMI, waist-
to-hip ratio, impedance measures of body composition) and
behavioral CVD risk factors (diet, loneliness, and social isolation).

METHODS
Population
The UK Biobank initiative is a large-scale biobank prospective cohort
established by the UK Medical Research Council and Wellcome Trust [44].
This population-based study examines the influence of genetic and
environmental factors on the occurrence of disease in participants in the
age range of 40–69-years old, recruited between 2006 and 2010. The study
has included approximately 500,000 participants, of which 54% are female.
Participants filled out questionnaires about their lifestyle, family, diet, and
medical history, in addition to providing a variety of physical measures
(e.g., weight). A subset of participants also filled in a mental health
questionnaire online. All participants provided signed informed consent.
The UK Biobank was approved by the National Research Ethics Service
North West. Specific details regarding recruitment and data collection
procedures have been previously published [45]. Further details regarding
genotyping and quality-control procedures for the UK Biobank are well
documented [46]. The present research has been conducted using the UK
Biobank Resource under Application Number 27412.

Oxytocin-pathway SNPs
We downloaded the gene-pathway consensus database (Consensus-
PathDB) from the Max Planck Institute for Molecular Genetics website
(cpdb.molgen.mpg.de) [47] and extracted the approved gene names
annotated to the “Oxytocin signaling pathway”. We then retrieved the
genomic coordinates (‘‘chromosome_name’’, ‘start_position’’, ‘end_posi-
tion’’) of the default ENSEMBL transcripts annotated to those gene names
(filtering on ‘hgnc_symbol’’) using BiomaRt (host= ‘‘grch37.ensembl.org’’,
path= ‘‘/biomart/martservice’’, dataset= ‘‘hsapiens_gene_ensembl’’) [48].
We complemented the transcript regions obtained with any regulatory
elements annotated to the same gene names in the ORegAnno [49]
database (January 2016 version) for Homo sapiens. All 1000 genomes’
phase-3 variants [50] found in the European subsample and located within
the resulting genomic regions were assigned to the oxytocin-signaling
pathway.

Oxytocin-pathway polygenic score (PGSoxt)
We calculated three oxytocin-pathway polygenic scores (PGSoxt) using
PRSice-2 (version 2.3.3) [51], one each for SCZ, BD, and T2D, by limiting the
calculation to SNPs belonging to the oxytocin-signaling pathway in
European ancestry samples, adopting a methodology similar to that of a
previous report [52]. The schizophrenia PGSoxt was based on a meta-
analysis of the European-ancestry subset of the 2020 Psychiatric Genomics
Consortium schizophrenia GWAS [53], the bipolar disorder PGSoxt was
based on a meta-analysis of the European-ancestry subset of the 2019 PGC
bipolar disorder GWAS [54], and the T2D mellitus PGS was based on a
meta-analysis of the European Caucasian subset of the DIAGRAM 2012
GWAS [55]. For each GWAS, 2000 PGSoxt scores were calculated from
thresholds ranging from 5 × 10−8 to 1, in increments of 0.001. Using a
permutation approach included in PGSice-2 [51], we determined an
optimal PGS threshold of p < 0.05 for schizophrenia (including 427 SNPs),
p < 0.02 for bipolar disorder (including 198 SNPs), and p < 0.4 for T2D
(including 1107 SNPs) and used PGSs computed at these thresholds for the
main analysis, after a transformation to z-scores. We also mapped the SNPs
included in each PGSoxt (using the -print-snp flag in PRSice) using the
snp2gene component of FUMA [56] and subsequently ran enrichment in
DAVID [57, 58] using KEGG pathways, confirming enrichment for the
oxytocin-signaling pathway. We report the list of genes (using the standard
gene symbol nomenclature) and the results of the enrichment analysis
(Supplementary notes 1–3, Supplementary Tables 1–3) and the SNP
overlap between the three PGSoxt (Supplementary Fig. 1) in the
supplementary materials.

Principal components of PGS (PC–PGS)
In addition to using a series of oxytocin-pathway PGSs based on the initial
threshold, for each phenotype, we also performed a principal component
analysis (PCA) on the whole range of PGSs computed for each GWAS,
following previously used methods [59–61] and then using the first two
oxytocin-pathway PGS–principal components (PCoxt), as in the main analysis
(PC1oxt and PC2oxt). The first PC reweights the variants included in the PGS
to achieve maximum variation over all PGS thresholds used (Supplementary
Fig. 2). This unsupervised approach incorporates all computed scores across
a range of tuning parameters and is agnostic regarding the outcome of
interest, therefore helping control type-1 error rates [59] and capturing the
greatest variation of the oxytocin-pathway PGSs computed under a range of
parameter settings [59]. We included the first two components to analyze
different components of polygenic association, in addition to the PGS at the
empirically calculated threshold, as they would capture different signals with
potentially opposite directions of effect.

Phenotypical variables
The following metabolically relevant variables were considered (Table 1):
anthropometric and cardiovascular variables (such as BMI, waist-to-hip
ratio, and grip strength), body-composition variables measured through
impedanciometry, and dietary-intake variables averaged from the
responses to the one-day online dietary-recall questionnaire. Hand-grip
strength, in particular, has shown prognostic value in a number of
outcomes in adults, particularly older ones, such as physical activity,
diabetes, metabolic syndrome, and cardiovascular mortality [62–64]. BMI,
waist-to-hip ratio, diet, and body composition also have shown to be
associated with metabolic and cardiovascular outcomes [65, 66]. In
addition, several social variables were analyzed to investigate the impact
on the quantity and quality of social interactions, as these have been
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shown to affect CVD risk [67]. Loneliness (UK Biobank variable identifier:
2020) was operationalized as a binary variable based on the question, “Do
you often feel lonely?”, to which individuals answered “yes” (coded as 1) or
“no” (coded as 0). The Ability to Confide (UK Biobank variable identifier:
2110) was also operationalized as a binary variable, based on the question,
“How often are you able to confide in someone close to you?”. As per
previous research [68], responses ranging from “almost daily” to “about
once a month” were coded as “0”, and responses ranging from “once every
few months” to “never” were coded as “1”. Social Contact Frequency was
operationalized as a composite binary variable based on the questions,
‘Including yourself, how many people are living together in your
household?’’ (UK Biobank variable identifier: 709) and “How often do you
visit friends or family or have them visit you?” (UK Biobank variable
identifier: 1031). Those who lived alone and who indicated that they either
never visited or had no friends or family who visited were coded as “1”,
and those who either did not live alone, or had friends who visited at least
once a week, were coded as “0”, as done in previous research [69].
Engagement in leisure and social activities (UK Biobank variable identifier:
6160) was converted into a binary variable, determined by the response to
the question, “Which of the following do you attend once a week or more
often? (you can select more than one)”, with the response options “sports
club or gym”, “pub or social club”, “religious group”, “adult education
class”, and “other group activity”. Individuals who reported habitual
participation in at least one activity were coded as “0”, all others as “1”, as
reported in previous literature [69].

Statistical analysis
All statistical analyses were done using R version 4.0.0 (2020-04-24) [70]. To
analyze the relationships between continuous variables, we ran pairwise
correlation analyses combined with complete linkage hierarchical cluster-
ing to identify clusters of highly correlated variables. We then ran a
principal component analysis within each cluster, then used the first
principal component in linear regressions. We also fitted linear regression
models to analyze the relationships between individual continuous
variables and the PGSoxt’s, controlling for sex and age [2]; and tested for
interaction effects by including interaction terms in the regression models
with the phenotypes that clustered together with the dependent variable,
as we found significant associations between those phenotypical variables.
This would allow to test whether the effect of the PGSoxt on a dependent
phenotype changes, depending on the value of one or more other
variables. For dichotomous variables, we tested their independence using
Pearson’s χ2 test and then fitted logistic regression models, also controlling
for sex and age [2] and 10 top principal components from the variance-
standardized relationship matrix to account for population stratification,
along with an interaction component comprising the variables that were
not found to be independent. FDR correction across all tests was used to
control for multiple testing. Sex was determined from genetic data. As

PGSs calculated from any set of SNPs will have a nonzero effect, we
compared the effect sizes of the various models against those of models
using PGSs calculated from 100 random, unique gene sets of equal size to
assess the specificity of the results. These distributions were often not
symmetrical, possibly due to associations between the analyzed pheno-
type and the target phenotype for the PGS calculation. Analysis scripts to
reproduce the data processing and analyses are available at https://osf.io/
gpdxm/.

RESULTS
Associations between cardiovascular risk-factor phenotypes
Pairwise correlation analyses revealed strong associations
between BMI variables, trunk fat, and whole-body fat, and
between grip strength and waist-to-hip ratio (Fig. 1, Supplemen-
tary Table 4). Hierarchical analysis discovered three main clusters
of metabolic predictors—a BMI/body-fat cluster, a dietary cluster,
and a grip strength/waist-to-hip ratio cluster. All variables within
clusters had statistically significant relationships (all p’s < 0.05,
FDR-corrected).

Principal component analysis of continuous phenotype
clusters
A principal component analysis was performed within each
cluster, and the first principal component of each was then
extracted. The first principal component of the BMI/body fat
cluster explained 83% of the variance of that cluster, the first
principal component of the dietary cluster explained 71% of the
variance of that cluster, and the first principal component of
the grip strength/waist-to-hip ratio cluster explained 70% of the
variance within that cluster (Supplementary Fig. 3). Pairwise
correlation analyses between the variables within a cluster and the
first principal component of that cluster revealed strong correla-
tion across all variables (Supplementary Fig. 3).

Bipolar disorder oxytocin-specific polygenic scores vs CVD risk
factors
Models between the first principal component of each continuous-
phenotype cluster and BD PGSoxt, BD PC1oxt, and BD PC2oxt showed
significant and pathway-specific effects (i.e., in the top or bottom 5%
of the effect-size distribution for 100 random models) only between
BD PC2oxt and the body-fat cluster principal component (pfdr= 0.05,
Supplementary Table 5). Examining the models with the individual
phenotypes, no significant association was detected between BMI
and either BD PGSoxt or BD PC1oxt (both linear models pfdr > 0.05),
while BD PC2oxt was significantly negatively associated with BMI

Table 1. Anthropometric and cardiovascular variables.

Variable Observation count UK Biobank
code(s)

BMI (kg/m2) 485,323 21001

BMI estimated by
impedance (kg/m2)

478,550 23104

Waist-to-hip ratio 486,124 48; 49

Grip strength (kg) 484,084 46; 47

Whole-body fat
percentage

478,285 23099

Trunk fat percentage 478,235 23127

Total daily energy
intake (kJ)

206,524 100002

Total daily sugar intake (g) 206,524 100008

Total daily food weight (g) 206,524 100001

Loneliness 478,140 2020

Ability to confide 469,417 2110

Social contacts 499,373 709; 1031

Participation in social
activities

497,030 6160

Fig. 1 Associations between continuous phenotypes. Hierarchical
analysis revealed three main clusters of associations: a BMI/body-fat
cluster, a dietary cluster, and a grip strength/waist-to-hip ratio
cluster. All variables within clusters were significantly associated
with each other (all p’s < 0.05, FDR-corrected).
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(pfdr= 0.026; Supplementary Tables 6–8; Figs. 2, 3) and BMI
calculated from impedanciometry (pfdr= 0.03), with these results
being in the lower end of effect sizes compared with the random
gene-set PGS models (Fig. 2). The models did not show any
significant interaction effects between BD PC2oxt and any of the
other variables of the body-fat cluster (Supplementary Tables 9–10).
Neither whole-body fat percentage nor trunk-fat percentage, waist-
to-hip ratio, or grip strength showed significant associations with BD
PGSoxt, BD PC1oxt, or BD PC2oxt (all pfdr > 0.05). Of the dietary

variables, only total sugar intake was significantly negatively
associated with BD PC2oxt (pfdr’s < 0.001) but not BD PGSoxt or BD
PC1oxt (both pfdr > 0.05), with an effect size at the lower 5% of the
distribution of random gene-set PGS models. The model showed
significant positive interaction effects between BD PC2oxt and the
other two variables in the dietary cluster (Supplementary Table 11).
Food weight was significantly positively associated with BD PC1oxt
and BD PGSoxt (pfdr < 0.001), with effect sizes in the top 5% of the
random PGS model distribution, and with significant negative

Fig. 2 Distribution plots of the effect sizes of the PGSoxt and PC–PGSoxt models and models from PGSs calculated from 100 random gene
sets of equal size for cluster principal components and individual variables. A, B We found that a number of the statistically significant
effects are specific to the oxytocin pathway and not due to the random association of the SNP in the gene set with the chosen phenotypes:
schizophrenia, bipolar disorder, and type-2 diabetes mellitus. PGS polygenic score, PC1 first PGS principal component, PC2 second PGS
principal component.
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interaction effects between BD PGSoxt, PC1oxt, and mean sugar
intake (Supplementary Tables 12, 13).
Logistic-regression models of loneliness on BD PGSoxt, BD

PC1oxt, and BD PC2oxt showed no significant associations (all pfdr >
0.05; Supplementary Tables 14–16; Fig. 3). Logistic regression
modeling the ability to confide showed significant negative
associations with BD PGSoxt and BD PC1oxt (both pfdr= 0.02 and
pfdr= 0.03, respectively) but not BD PC2oxt (pfdr > 0.5), with effect
sizes at the lower 5% of the random gene-set PGS model effect
size distribution. These models did not show evidence of
significant interaction effects between BD PGSoxt and BD PC1oxt
and the other social variables in their respective models
(Supplementary Tables 17, 18). BD PGSoxt and BD PC1oxt scores
showed significant positive association with participation in social
activities (both pfdr’s= 0.035), but the effect sizes were on average
compared to those of the random gene-set PGS model distribu-
tion. None of the polygenic score models with the presence of
social contacts showed any significant association (all pfdr > 0.05).

Schizophrenia oxytocin-specific polygenic scores vs CVD risk
factors
Models between the first principal component of each
continuous-phenotype cluster and SCZ PGSoxt, SCZ PC1oxt, and
SCZ PC2oxt were statistically significant and demonstrated
specificity to the oxytocin pathway (i.e., in the top or bottom 5%
of the effect-size distribution for 100 random models) only
between the body fat cluster principal component and SCZ PC2oxt,
and between the waist-to-hip/grip-strength cluster principal
component and SCZ PC2oxt (Figs. 2, 3). Analyzing individual
phenotypes, linear models demonstrated a significant positive
association of BMI, BMI calculated from impedanciometry, and
trunk-fat percentage with SCZ PC2oxt (pfdr < 0.005), but not with

SCZ PGSoxt, SCZ PC1oxt (both pfdr > 0.05; Supplementary Tables 6–
8; Figs. 2, 3), with all effects in the top 5% of the random gene-set
PGS model distributions (Fig. 2). Of the three models, only the one
including trunk-fat percentage demonstrated a significant inter-
action effect between SCZ PC2oxt and the other variables of the
body-fat cluster (Supplementary Tables 19–21). We also found no
significant association between total body-fat percentage and SCZ
PGSoxt, SCZ PC1oxt, and SCZ PC2oxt (all pfdr < 0.005). Linear-
regression models of waist-to-hip ratio showed significant positive
associations with SCZ PGSoxt and SCZ PC1oxt (both pfdr < 0.001),
but not with PGSoxt or PC2oxt (pfdr > 0.05) with effect sizes in the
top 5% of the random gene-set PGS model distribution (Fig. 2).
Both significant models showed significant interaction effects
between the respective independent variable and grip strength,
the other variable in the cluster (Supplementary Tables 22–23).
Significant positive associations were also found between grip
strength and SCZ PGSoxt, SCZ PC1oxt, and a negative association
with SCZ PC2oxt (all pfdr < 0.001), but only the latter had an effect
size in the top or bottom 5% of the random gene-set PGS model
distribution (Fig. 2), and the model showed a significant negative-
interaction effect between SCZ PC2oxt and waist-to-hip ratio
(Supplementary Table 24). None of the models of any dietary
variable showed any significant associations with SCZ PGSoxt, SCZ
PC1oxt, or SCZ PC2oxt (all pfdr > 0.05).
Logistic-regression models of loneliness showed consistently

significant positive associations with SCZ PGSoxt and SCZ PC1oxt
(both pfdr’s < 0.001; Supplementary Tables 9–11; Fig. 3), but not
with SCZ PC2oxt (pfdr > 0.05), though these significant effects were
around the average within the random gene-set PGS model
distribution. None of the other social variables showed any
significant association with PGSoxt, SCZ PC1oxt, or PC2oxt (all pfdr >
0.05).

Fig. 3 Effect sizes and confidence intervals for the linear models of the cluster principal components continuous phenotypes and logistic
regression for the binary phenotypes. A–C Different colors correspond to the three different PGSoxt’s and PC–PGSoxt’s. BD bipolar disorder,
SCZ schizophrenia, T2D type-2 diabetes mellitus, PGSoxt polygenic score for the oxytocin pathway, PC1 first PGS principal component,
PC2 second PGS principal component.
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T2D oxytocin-specific polygenic scores vs CVD risk factors
Models between the first principal component of each continuous-
phenotype cluster and T2D PGSoxt, T2D PC1oxt, and T2D PC2oxt did
not show significant or pathway-specific effects (Supplementary
Table 5). When considering individual phenotypes, linear models
revealed a significant positive relationship between T2D PGSoxt, T2D
PC1oxt, T2D PC2oxt, and BMI (all pfdr’s < 0.001; Supplementary Tables
6–8; Fig. 2), as well as BMI calculated from impedanciometry (all
pfdr’s < 0.001), with these effects in the top 10% of the random gene-
set PGS model distribution (Fig. 2). Models between T2D PGSoxt, T2D
PC1oxt, and whole-body-fat percentage (both pfdr’s < 0.001) and
trunk-fat percentage (both pfdr’s < 0.001) showed significant positive
associations, but these effects are on average within the random
gene-set PGS model distributions (Fig. 2). We also found significant
positive relationships in models between waist-to-hip ratio and T2D
PGSoxt, T2D PC1oxt, and T2D PC2oxt (all pfdr’s < 0.001), with the effects
of the T2D PGSoxt and T2D PC1oxt models in the top 5% of the
random gene-set PGS model distribution, with a significant
negative-interaction component between T2D PGSoxt and T2D
PC1oxt and grip strength in each respective model (Supplementary
Table 25). In addition, we found a negative association between grip
strength and T2D PGSoxt and T2D PC1oxt (both pfdr’s < 0.001), but not
T2D PC2oxt (pfdr> 0.05), with effect sizes in the bottom 5% of the
random gene-set PGS model distributions. Both these models also
showed significant negative interaction effects between waist-to-
hip-ratio and T2D PGSoxt and T2D PC1oxt, respectively (Supplemen-
tary Tables 26, 27). Of the dietary variables, only the linear model
between total caloric intake, T2D PC1oxt showed significant negative
associations (pfdr’s= 0.01), with this effect size in the bottom 5% of
the random gene-set PGS model distribution, and the model
showed significant interaction effects between T2D PC1oxt and the
two other variables in the dietary cluster (Supplementary Table 28).
Of the social variables, only the logistic regression for the ability

to confide and T2D PGSoxt, showed significant positive associations
(pfdr= 0.003), with an effect size at the very top of the random
gene-set PGS model distribution (Fig. 2). This model did not show
any significant interaction effect (Supplementary Table 29).

DISCUSSION
The present results derived from a sample of just under half-a-
million participants suggest that the oxytocin system has
pleiotropic effects on both social and metabolic phenotypes [16]
by providing evidence for the involvement of the oxytocin-
signaling pathway in the shared genetic liability of schizophrenia,
bipolar disorder, T2D, and several phenotypes linked with CVD
and T2D risk. While the effect sizes generated by these analyses
were relatively small, they were comparable with those of other
reports on polygenic scores [71, 72], as well as often showing
specificity to the oxytocin pathway when compared with models
with random gene-set PGSs (Fig. 2).
The PGSoxt and PC–PGSoxt were used as proxies for the

oxytocin-pathway-specific liability for schizophrenia, bipolar dis-
order, and T2D to investigate the genetic association with CVD risk
factors. While overall PGSs that combine the effect of all the SNPs
associated with a specific phenotype (e.g., schizophrenia) may be
better for predicting overall associations, pathway-specific PGS
can be more suitable for investigating specific components of the
underlying pathology [52], potentially capturing disparate associa-
tions of components of a pathway associated with different
phenotypes, and have been used successfully in investigating
psychotic disorders [73]. This is particularly relevant in the realm of
oxytocin research, where studies have historically used candidate
gene and single SNP approaches [74–76].
In the initial pairwise correlation and clustering analysis, we

identified three main clusters of metabolic predictors: BMI, trunk
fat, and total body fat (body-fat cluster); energy intake, sugar
intake and food weight (eating-habit cluster), and grip strength

and waist-to-hip ratio (strength/WH-ratio cluster). The body-fat
cluster variables showed a positive association with the oxytocin-
specific PGS and the first PC–PGSoxt for T2D and the second
PC–PGSoxt for SCZ, and a negative association with the second
PC–PGSoxt for BD, and the body-fat cluster principal component
showed a positive association with the second PC–PGSoxt for SCZ.
The food-intake cluster points to an involvement of the oxytocin
pathway in the regulation of caloric intake, appetite, and
preference for sweet food, consistent with previous reports [18].
While the relationship between grip strength and waist-to-hip
ratio (grip strength/WH-ratio cluster) is less expected than the
other clusters, both these highly related markers have prognostic
value for cardiovascular events and mortality [62, 77].
Four variables were included to investigate the role of oxytocin-

pathway variants on social behavior: loneliness, the ability to
confide, social contacts, and social activity. Loneliness and the
ability to confide represent the subjective dissatisfaction with one’s
relationships, with the ability to confide significantly associated with
the oxytocin-pathway PGSs. While the level of social contacts was
strongly linked with loneliness, it was not associated with most of
the oxytocin-specific PRSs, and while these variables were found
not to be independent, the logistic regression models found no
significant interactions between them. These associations with the
oxytocin pathway are in line with previous findings on emotional
withdrawal in individuals with schizophrenia [32] and on the
symptomatology of individuals with bipolar disorder [78, 79]. In
other words, although many participants in the present sample
reported that they had very little social contact, this was not
necessarily distressing for all these individuals, and oxytocin-
pathway variants were found to be associated with reported
dissatisfaction with the quantity or quality of social contact.
It has recently been proposed that the primary purpose of the

oxytocin-signaling system is the support of allostasis, which is the
process of maintaining stability in changing environments [24].
This is a departure from existing theories of oxytocin’s purpose
that focus on its social effects [80], however, it better reflects the
emerging literature demonstrating its nonsocial effects and its
evolutionary history [24]. Organism survival depends on efficient
energy regulation, which is facilitated by adjusting behaviors
based on current and predicted environmental conditions. For
humans, an important element of predicting future environmental
conditions is understanding the thoughts and intentions of other
people. For example, the distinction between facial expression
cues that can reveal whether someone else is going to help or
harm can be very subtle. Oxytocin-like peptides first emerged
around 600 million years ago [81], facilitating muscle contraction,
locomotion, and food-related learning [82] in the service of energy
regulation and reproduction. The Allostatic Theory of Oxytocin
suggests that oxytocin signaling adapted over time to include the
coordination of social behavior to help support energy-regulation
processes, which is consistent with the present results regarding
energy intake and body composition.
There has been a growing interest in oxytocin’s role in behavior

[17]. However, the relationship between oxytocin’s behavioral and
physical effects, and the implications for its behavioral effects are
seldom discussed [17]. The present study adds to increasing
genetic evidence that the oxytocin system is associated with a
broad range of mental and somatic effects [83], and that the
function of the oxytocin system has a pleiotropic influence on
both these groups of phenotypes. It is conceivable that part of this
observed genetic pleiotropy could be explained by population
stratification and nonrandom sample selection in the original
GWAS, for instance, due to varying exclusion criteria related to
somatic conditions for patients and healthy controls. Another
potential limitation is the lack of a sex-disaggregated PGS that
would better account for sex-specific confounders [84], which is
relevant for oxytocin research [17]. In addition, this methodology
cannot explain the biological mechanisms that underlie the
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relationships found, as PGSs assume an additive effect of
individual risk alleles and do not model higher-order relationships
between risk variants. One last consideration must be noted with
regard to the variables pertaining to social relations—the
questions asked and coding of the answers are by necessity
reductive of their respective phenomena and must be noted as a
limitation of this study. These variables and questionnaires,
however, have been used in multiple studies [85] and have been
previously validated as reliable indicators of the quality and
quantity of social relationships [86].
Altogether, the shared effect of oxytocin-system dysfunction

helps provide a better understanding of why social and metabolic
dysfunction often co-occurs in severe mental illnesses. Future
investigations examining the effects of long-term effects of
intranasal oxytocin administration on behavior and cognition in
severe mental illnesses, such as schizophrenia, should also explore
oxytocin’s effects on metabolic measures in tandem.

DATA AVAILABILITY
The UK biobank is open for eligible researchers upon application (http://www.
ukbiobank.ac.uk/register-apply/).
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