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and Reward-Related Activity in Obesity Using

Human Connectome Project Data

Margo Slomp,1–4 Ilke G.S. de Lange,1,4 Joram D. Mul,2,5 Anouk Schrantee,2,6,* and Susanne E. la Fleur1–4,*

Abstract

Introduction: The habenula, a brain region involved in aversion, might negatively modulate caloric intake. Func-
tional magnetic resonance imaging (fMRI) studies reported associations between weight loss and habenula func-
tional connectivity. However, whether habenula resting-state functional connectivity (rsFC) and reward-related
activity are altered in obesity is yet unknown.
Methods: Using data from the Human Connectome Project, we included 300 subjects with various body mass
indexes (BMIs) and a healthy long-term blood glucose (hemoglobin A1c [HbA1c]). In addition, we investigated
a potential BMI · HbA1c interaction in a separate cohort including subjects with prediabetes (n = 72). Habenula
rsFC was assessed using a region of interest (ROI)-to-ROI analysis. Furthermore, a separate analysis using gam-
bling task fMRI data focused on reward-related habenula activity.
Results: We did not find an association between BMI and habenula rsFC for any of the ROIs. For the exploratory
analysis of the BMI · HbA1c effect, a significant interaction effect was found for the habenula–ventral tegmental
area (VTA) connection, but this did not survive multiple comparisons correction. Monetary punishment com-
pared with reward activated the bilateral habenula in the BMI sample, but this activity was not associated
with BMI.
Discussion: In conclusion, we did not find evidence for an association between BMI and habenula rsFC or
reward-related activity. However, there might be an interaction between BMI and HbA1c for the habenula-
VTA rsFC, suggestive of a role of the habenula in glucose regulation. Future studies should focus on metabolic
parameters in their experimental design to confirm our findings and explore the precise role of the habenula in
metabolism.

Impact Statement

While obesity and its comorbidities are a major health concern, little attention has been given to potential neg-
ative regulators of caloric consumption, such as the habenula. Using the high-quality, publicly available, Human
Connectome Project data set, a sufficient sample size for detecting resting-state functional connectivity (rsFC)
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differences was obtained. We did not find associations between habenula rsFC and obesity in individuals with a
healthy blood glucose. Our data do suggest, however, that metabolic parameters are important to include in future
research. More tailored approaches are crucial to investigate a possible role of the habenula in negatively regu-
lating caloric consumption and its potential therapeutic role.

Keywords: blood glucose; functional magnetic resonance imaging; habenula; Human Connectome Project; mon-
etary punishment; obesity

Introduction

Obesity, defined as a body mass index (BMI) above 30,
affects more than 600 million adults worldwide (Afshin

et al., 2017) and is linked to several comorbidities, including
metabolic and cardiovascular disorders (Martin-Rodriguez
et al., 2015). Readily available, affordable, and convenient
foods that are high in calories and very palatable are thought
to be an important contributing factor (Stice et al., 2013). The
brain receives central and peripheral information about the
energy status and integrates this information. Brain regions,
such as the hindbrain and hypothalamus, then initiate or ter-
minate consummatory behavior to meet energy demand
(Waterson and Horvath, 2015). In addition, brain regions,
such as the nucleus accumbens (NAc), ventral tegmental
area (VTA), and amygdala, are involved in the motivation
for reward-seeking behavior and the reinforcing value of
food, which can stimulate consummatory behavior beyond
homeostatic needs (Berridge, 2009; Berthoud, 2011; Ber-
thoud and Morrison, 2008).

Thus, the brain plays a crucial role in regulating feeding
behavior, and previous magnetic resonance imaging (MRI)
studies have revealed that obesity affects brain morphology
and function. For example, obesity is associated with de-
creased total gray matter volume, as well as region-specific
reductions in reward-related brain areas (Gunstad et al.,
2008; Herrmann et al., 2019). In terms of functional changes,
functional magnetic resonance imaging (fMRI) studies
showed that obesity is associated with altered resting-state
functional connectivity (rsFC) in various networks, including
increased connectivity between reward-related areas (Doucet
et al., 2017; Kullmann et al., 2012; Stoeckel et al., 2009).

In response to food cues, increased activity was observed
in reward-related areas, including pregenual anterior cingu-
late cortex (pgACC) and insula, driving overconsumption
(Avery et al., 2017; Garcı́a-Garcı́a et al., 2013; Li et al.,
2020; Scharmüller et al., 2012; Stice et al., 2008; Wang
et al., 2020). Whereas many studies focused on reward-
related overeating, to battle obesity, it is important to also un-
derstand the role of areas with a negative impact on
consummatory behavior.

A potential negative regulator of consummatory behavior
is the habenula, a small epithalamic nucleus, which is acti-
vated upon punishment signaling negative motivational
value (Lawson et al., 2014; Matsumoto and Hikosaka,
2007). It receives input from many brain regions, including
homeostatic information from the hypothalamus, and pro-
jects to the VTA and dorsal raphe nucleus to modulate dopa-
mine and serotonin signaling, respectively ( Ji and Shepard,
2007; Omelchenko et al., 2009; Yang et al., 2008). Rodent
studies showed that inhibition of the projection from the hy-
pothalamus to the habenula in mice increases consumption of
palatable foods (Stamatakis et al., 2016). In contrast, lesion-

ing the habenula in rats improved glucose metabolism and
contributed to better metabolic health (Qu et al., 2020).

Human fMRI studies that focus on the habenula have been
sparse, possibly due to the challenges posed by the small size
of the habenula. Nevertheless, recent studies have shed light
on functional connectivity (FC) of the habenula in individuals
with weight loss, caused by cancer or bariatric surgery. First,
cancer-associated weight loss was associated with reduced
FC between the habenula and hypothalamus and between
the habenula and NAc (Maldonado et al., 2018). Second,
weight loss after bariatric surgery was associated with
changes in structural connectivity of the habenula with ho-
meostatic and reward-related regions, as well as changes in
local FC density within the habenula (Wang et al., 2023;
Wang et al., 2022). However, to date, no human fMRI studies
have yet investigated habenula FC in relation to obesity.

To address this, we studied the role of the habenula in obe-
sity by investigating the relation between BMI and rsFC, and
between BMI and habenula activation upon monetary pun-
ishment in a gambling task fMRI (tfMRI). We utilized
high-resolution, 3T resting-state fMRI (rs-fMRI) data from
the Human Connectome Project (HCP), a large-scale collab-
oration, with the goal to unravel human connectivity by col-
lecting and sharing high-quality data (Van Essen et al.,
2013). Using a region of interest (ROI)-to-ROI approach,
we investigated whether habenula rsFC with reward-related
areas (amygdala, insula, NAc, hypothalamus, pgACC,
VTA) would correlate with BMI during resting state. Next,
we investigated if monetary punishment in a gambling
tfMRI would reveal increased activity of the habenula and
if this habenula activity was positively associated with
BMI. Finally, we performed an exploratory analysis in a sec-
ondary data set, including individuals with prediabetes (de-
fined as hemoglobin A1c [HbA1c] ‡5.7%) to explore if we
would observe an interaction effect between BMI and
HbA1c on habenula rsFC and reward-related activity.

Methods

Subjects

Data were obtained from the WU-Minn HCP Consorti-
um’s 1200 Subjects Release (WU-Minn, 2017; Van Essen
et al., 2013). This study included healthy participants
(n = 1203) between 2012 and 2015, and written informed
consent for a protocol approved by Washington University
in St. Louis and University of Minnesota Institutional
Review Boards was obtained from each individual before
study procedures commenced. Details of inclusion and ex-
clusion criteria are described in the study by Van Essen
et al. (2013), but subjects were between 22 and 35 years of
age and required to be broadly considered healthy to ensure
an optimal representation of the general population. Subjects
with illnesses such as cardiovascular disease or diabetes were
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excluded due to the possible impact on neuroimaging data
quality. We only included unrelated individuals with
known BMI and HbA1c values.

To study the relation between habenula rsFC and tfMRI
activity with BMI, all unrelated subjects with a BMI ‡30
and HbA1c <5.7% were selected (n = 100). HbA1c is a
long-term measure of blood glucose, with values below
5.7% considered healthy and 5.7% and above considered to
be prediabetic, which is a disturbance in metabolic health
that might influence the FC (Sadler et al., 2021). For compar-
ison, the same number of lean and overweight subjects was
added (total n = 300) and pair-matched (using optmatch
0.9-7 package in R) on age, sex, ethnicity, socioeconomic
status (SES), depression score, smoking status, handedness,
and the number of available resting-state scans. SES was cal-
culated as per Wani (2019); handedness was assessed using
the Edinburgh Handedness questionnaire (Oldfield, 1971);
and depression score was a subclinical measure taken from
the NIH Toolbox Negative Affect Survey Sadness Subscale
(Gershon et al., 2013). A BMI between 18.5 and 25 was con-
sidered lean, between 25 and 30 overweight, and above 30
was considered obese. Sample characteristics for the BMI
sample are described in Table 1.

Given that obesity is associated with changes in glucose
metabolism (Bonadonna and De Fronzo, 1991; Eckel et al.,
2005; Jallut et al., 1990), the effects of BMI could be depen-
dent on blood glucose levels; therefore, an additional explor-
atory analysis of the interacting effect of HbA1c and BMI on
habenula FC was performed. For this exploratory analysis,
we included subjects with an HbA1c value higher than
5.7% (the cutoff for prediabetes) and matched healthy
HbA1c individuals on BMI, age, sex, ethnicity, SES, depres-
sion score, smoking status, and handedness. This led to the
HbA1c sample, a set of 36 prediabetic subjects and 36
healthy controls (n = 72), all unrelated (Table 2).

Data collection and preprocessing

Details of HCP data collection have been described in de-
tail previously (Uğurbil et al., 2013). The MRI data were col-
lected using a 3T Connectome Skyra (Siemens, Erlangen,
Germany) scanner with a 32-channel head coil on two con-
secutive days. Anatomical scans included two T1-weighted
(T1w) magnetization-prepared rapid gradient-echo
(MPRAGE) anatomical sequences with 0.7 mm isotropic
resolution (TR = 2400 ms, TE = 2.14 ms) (Glasser et al.,
2013). rs-fMRI data were collected as four 15-min gradient-
echo echo planar imaging runs over 2 days (2.0 mm isotropic
resolution, TR = 720 ms, TE = 33.1 ms, paired right-to-left/
left-to-right (RL/LR) phase encoding, MB = 8). For the gam-
bling tfMRI, two runs (LR/RL phase encoding) of 3:12 min
were collected using the same parameters. Reward-related
blood oxygen level-dependent (BOLD) signal was measured
for monetary reward and punishment during a card-guessing
gambling task (Barch et al., 2013; Forbes et al., 2009). In
short, participants had to guess if a number (ranging from 1
to 9) on a card was higher or lower than 5 to win or lose money.

All fMRI data were preprocessed by HCP with the mini-
mal preprocessing pipelines described previously, including
spatial distorting correction, motion correction, spatial regis-
tration, and normalization to Montreal Neurological Institute
(MNI) coordinates (Glasser et al., 2013).

Habenula and ROI identification

The habenula seeds were created per individual using a
deep learning V-Net-based algorithm that uses the T1w ana-
tomical scan as input (Kim and Xu, 2022). Due to the small
size of the habenula, we checked the functional habenula
seed size with the anatomical seed size per subject, as
small changes can have significant effects on functional out-
put, according to the study by Ely et al. (2016). To control for
activity from neighboring thalamus nuclei and investigate
the unique correlation of habenula activity, control seeds in
the thalamus were created. To this end, the average bilateral
habenula seed was moved in the anterior direction (dorsome-
dial nucleus of thalamus [DM]) and moved laterally (centro-
medial nucleus of thalamus [CM]), as per Ely et al. (2016).

Bilateral MNI ROIs of the NAc, amygdala, pgACC, and
insula were retrieved from FMRIB Software Library (FSL)
Harvard-Oxford Subcortical Structural Atlas, the MNI Struc-
tural Atlas, and the Schaefer Atlas (Collins et al., 1995;
Desikan et al., 2006; Schaefer et al., 2018). For the VTA, an
open-access atlas was used to create an ROI in MNI space
(Pauli et al., 2018). Individual subject-specific segmentation
of the hypothalamus ROI was performed using a publicly
available deep convolution neural network algorithm, using
resampled T1w scans as input (Billot et al., 2020). All seeds
and ROIs are used probabilistic, except for the pgACC as
this was only available binary, and are displayed in Figure 1.

rsFC analysis

In addition to the HCP minimal preprocessing pipelines,
resting-state data were high-pass temporal filtered (cut-
off = 2000 sec) and denoised using ICA-FIX (Smith et al.,
2013) before it was made available to download. Subse-
quently, we used the CONN toolbox in MATLAB (R2016b,
version 9.0.0.341460; Mathworks, Inc.) to perform additional
preprocessing and first-level analyses (Whitfield-Gabrieli and
Nieto-Castanon, 2012). Additional preprocessing included
functional outlier detection based on Artifact Detection Tools
(ART)-scrubbing, application of a band-pass (0.01–0.1 Hz) fil-
ter, confound regression of six rigid-body motion parameter
and their temporal derivatives, and ‘‘CompCor’’ denoising of
principal noise components associated with white matter and
cerebrospinal fluid signals (Behzadi et al., 2007).

Frame-wise displacement (FD) was calculated after ART-
scrubbing, as a measure of residual motion. The first-level
ROI-to-ROI analysis consisted of a multivariate regression
with the habenula, DM, and CM thalamic seeds as sources
and NAc, VTA, amygdala, insula, pgACC, and hypothala-
mus as ROIs, resulting in the unique correlation of the habe-
nula seed with the ROIs, while controlling for thalamic
connectivity per individual. For each ROI, bilateral seeds
and ROIs were used.

Gambling tfMRI analysis

Preprocessed parameter estimates (BOLD) for the punish-
ment, reward, and punishment>reward contrasts were down-
loaded from HCP. After the minimal preprocessing
pipelines, tfMRI data were spatially smoothed (FWHM =
4 mm) (Barch et al., 2013). Then, the 4D time series were
used to estimate parameter estimates using a general linear
model using FMRIB’s improved linear model with
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Table 2. Subject Characteristics for Exploratory Hemoglobin A1c Sample

Healthy HbA1c
(<5.7), n = 36

Prediabetic
(HbA1c ‡5.7),

n = 36
All subjects,

n = 72

Statistics

t/va p

Age, years 28.69 – 3.73 28.83 – 4.46 28.76 – 4.08 �0.14 0.89
Sex, F/M 21 F/15 M 21 F/15 M 42 F/30 M 0.00 1.00
Ethnicity Am. Indian: 0

Asian: 5
Black: 11
More than one: 1
Unknown: 1
White: 18

Am. Indian: 1
Asian: 5
Black: 11
More than one: 1
Unknown: 1
White: 17

Am. Indian: 1
Asian: 10
Black: 22
More than one: 2
Unknown: 2
White: 35

1.03 0.96

BMI, kg/m2 26.96 – 4.87 28.24 – 5.53 27.60 – 5.22 �1.05 0.29
BMI category Lean: 15

Overweight: 11
Obese: 10

Lean: 12
Overweight: 11
Obese: 13

Lean: 27
Overweight: 22
Obese: 23

0.72 0.69

SES 18.89 – 5.52 18.25 – 6.06 18.57 – 5.76 0.47 0.64
Blood pressure

Systolic, mmHg 126.40 – 13.51 127.40 – 14.07 126.90 – 13.71 �0.32 0.75
Diastolic, mmHg 78.19 – 9.54 78.86 – 11.26 78.53 – 10.36 �0.27 0.79

HbA1c, % 5.17 – 0.34 5.79 – 1.31 5.48 – 4.05 �10.33 <0.01**
Handedness 71.67 – 36.17 62.22 – 5.11 66.94 – 4.42 0.91 0.37
Depression score 47.56 – 6.99 46.77 – 7.65 47.17 – 7.29 0.45 0.65
Smoking, yes/no 32 no/4 yes 31 no/5 yes 63 no/9 yes 0 1
FD 0.10 – 0.04 0.11 – 0.06 0.11 – 0.05 �1.13 0.26
Bilateral habenula volume, mm3 46.13 – 3.63 45.53 – 3.44 45.83 – 3.52 0.72 0.47

First, all unrelated individuals with an HbA1c ‡5.7 were selected, and healthy HbA1c subjects were matched on BMI, age, sex, ethnicity,
SES, handedness, depression score, and smoking status using optimal pair matching in RStudio. Data are displayed as mean – SD.

aStudent’s t-test or chi-square performed to detect differences between groups.
**p < 0.001, significant difference between the groups.

FIG. 1. Habenula and thalamic control seeds and target ROIs used in the analysis. (A) Mean map of habenula seeds and
thalamic control seeds. (B) Target ROIs as used in the analysis (BMI sample), pgACC is a binary mask, while all other ROIs
are probabilistic. The hypothalamus seed is an example of the subject-specific ROI, the habenula is the mean map of all sub-
jects. Other ROIs are not subject-specific. BMI, body mass index; pgACC, pregenual anterior cingulate cortex; ROI, region of
interest.
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autocorrelation correction (Woolrich et al., 2001). The main
model regressors were obtained by convolving predictors
with a double gamma canonical hemodynamic response
function; for details, see the study by Barch et al. (2013).
The workbench command was used to extract the Z-values
for subject-specific bilateral habenula seeds and used in
second-level analyses.

Statistical analysis

Demographics were compared using analysis of variance
(ANOVA; or t-test) for continuous variables and chi-square
test for categorical variables in RStudio (2022, version
02.3). When ANOVA indicated between-group differences,
Tukey’s post hoc tests were used to determine which groups
were different. To explore whole-brain FC of the habenula
in the entire sample, a voxel-based analysis was performed
using FSL Randomise with threshold free cluster enhance-
ment (TFCE) correction and 5000 permutations (Smith and
Nichols, 2009). For between-subject analysis of the effect of
BMI on unique habenula rsFC, a linear model was used in
RStudio (version 4.2.1, lme4 and lmerTest package). For the
BMI sample, BMI was used as independent continuous vari-
able, and age, sex, and HbA1c as covariates.

For the HbA1c sample, a similar model was used, but with
an interaction term for BMI · HbA1c added. For the tfMRI
data, the same linear models were used, only with habenula
activity during the different contrasts as a dependent variable
instead of rsFC. In our analyses, we opted for using BMI as a
continuous variable, rather than categorical, since BMI is a
continuous measure, and forcing continuous data into discrete
categories can introduce arbitrariness and loss of information.
The BMI cutoffs are based on population averages, thereby
categorizing may oversimplify and misrepresent individual
variation. For each model, FD was added to see if it would im-
prove the model, which was not the case for any of the models.
All data are displayed as mean – standard error of the mean; a
p-value <0.05 was considered statistically significant.

Results

Participants

Subject demographics for the BMI sample are shown in
Table 1. Between the BMI categories (lean/overweight/
obese), there was no significant difference in bilateral habenula
volume. BMI, blood pressure, HbA1c, and FD were signifi-
cantly different between the BMI categories. Tukey’s post
hoc analysis showed that both systolic and diastolic blood pres-
sure were higher in individuals being overweight and obese
compared with lean (all p < 0.01), but not in those being
obese compared with overweight (systolic p = 0.06, diastolic
p = 0.17). HbA1c was only significantly different between indi-
viduals who were lean and obese ( p = 0.03), and FD was higher
in the higher BMI categories (all post hoc tests p < 0.01). For
the exploratory HbA1c sample, subject demographics are dis-
played in Table 2. Between the subjects with a healthy HbA1c
and those with prediabetes, we observed no significant differ-
ences in any of the parameters, except HbA1c.

Bilateral habenula rsFC in the whole brain

In the BMI sample (n = 300), the habenula showed a wide-
spread pattern of connectivity (Fig. 2), including connections

to thalamus, VTA, cingulate cortex (anterior, posterior), par-
acingulate, insula, caudate, (pre)cuneus, and several parietal
and occipital cortical areas (all pTFCE-corrected <0.01 and
t > 8). No areas with negative rsFC were found (using
pTFCE-corrected <0.01 as threshold). In the HbA1c sample, a
similar pattern was observed, although less widespread, but
including thalamus, VTA, cingulate cortex (anterior, posteri-
or), paracingulate, and caudate (Supplementary Fig. S1).

Associations between BMI and habenula rsFC

The ROI-to-ROI analysis showed no association between
FC of the habenula with reward-related areas and BMI
(Table 3; VTA: t = 0.52, pFDR = 0.96; hypothalamus:
t =�0.19, pFDR = 0.96; pgACC: t = 0.05, pFDR = 0.96; amyg-
dala: t = 0.07, pFDR = 0.96; insula: t =�0.83, pFDR = 0.96;
NAc: t = 1.13, pFDR = 0.96).

Exploratory associations between BMI and HbA1c
and habenula rsFC

In the secondary, exploratory, HbA1c sample, we found a
significant BMI · HbA1c interaction effect for the habenula-
VTA connection (t =�2.29, p = 0.03), although this did not
survive correction for multiple comparisons ( pFDR = 0.15;
Table 4). The analysis revealed that the at lower HbA1c lev-
els, habenula-VTA rsFC showed a more positive correlation
with BMI, whereas at higher HbA1c values, FC showed a
more negative correlation with BMI. For all other ROIs, no
significant BMI · HbA1c interaction effects were found,
that is, habenula-hypothalamus rsFC (t = 0.34, p = 0.74),
habenula-pgACC (t =�0.20, p = 0.84), habenula-insula
(t = 1.13, p = 0.26), habenula-amygdala (t =�0.56, p = 0.58),
and habenula-NAc (t =�0.67, p = 0.50).

Habenula activity during punishment and reward
in gambling task

For the BMI sample, habenula activity was higher during
punishment than reward trials (Fig. 3A; paired t-test t = 2.18,
df = 296, p = 0.03*). Habenula activity during the ‘‘punish-
ment>reward’’ contrast did not correlate with BMI, as mea-
sured with a linear model (t = 1.28, p = 0.20; Table 5). In the
exploratory HbA1c sample, habenula activity was not differ-
ent between punishment and reward (Fig. 3B; paired t-test
t = 0.04, df = 71, p = 0.97, effect size [Cohen’s d] = 0.004).
No interaction effect of BMI · HbA1c was found for habe-
nula activity during punishment>reward (t =�1.94,
p = 0.06), although the main effect of HbA1c was significant
in the model including the interaction term (t = 2.05,
p = 0.04*; Table 5).

Discussion

In this study, we investigated the association between BMI
and habenula FC, as well as between BMI and habenula ac-
tivity during a gambling task, by combining rs-fMRI and
tfMRI data from a large high-quality data set from the
HCP. In contrast to our hypothesis, we did not observe evi-
dence for a relationship between BMI and habenula rsFC
with reward-related regions, or between BMI and habenula
activity during punishment in a gambling task. We also per-
formed an exploratory analysis including HbA1c levels,
which are a long-term blood glucose measure, and observed
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a BMI · HbA1c interaction effect for habenula-VTA rsFC.
However, this finding did not survive correction for multiple
comparisons, and thus, additional studies are warranted to in-
vestigate this preliminary observation in more detail.

Our hypothesis that BMI would correlate with habenula
rsFC is based on the previous literature indicating that weight
loss is associated with changes in functional and structural
rsFC between the habenula and homeostatic and reward-
related regions (Maldonado et al., 2018; Wang et al., 2023;
Wang et al., 2022). Historically, the habenula is regarded
as the anti-reward nucleus, with increased firing upon aver-
sive stimuli or omission of expected rewards, thus signaling
a reward prediction error (Matsumoto and Hikosaka, 2007).
It receives and sends many afferent and efferent connections
throughout the brain, as indicated by the extensive rsFC in
the whole brain analysis observed by us and others (Ely
et al., 2016). This connectivity includes dopaminergic, sero-
tonergic, and norepinephrine systems, which enables the
habenula to integrate reward status and signal salience to op-
timize behavioral output.

We found no correlations between BMI and rsFC of the
habenula and multiple ROIs, including the VTA, NAc,
insula, pgACC, amygdala, and hypothalamus. In contrast,

others have reported changes in local FC density within the
habenula in obesity (Wang et al., 2023; Wang et al., 2022).
In addition, several human fMRI studies report alterations
in structural or FC with the habenula following weight loss
(Maldonado et al., 2018; Wang et al., 2023; Wang et al.,
2022). The different findings in our study and the weight
loss studies are likely explained by differences in study de-
sign.

First, Wang et al. (2023, 2022) performed within-subject
comparisons, whereas we performed between-subject corre-
lations in this study. Second, Wang et al. (2023, 2022) ana-
lyzed local FC density, a relatively novel metric, whereas
we used correlation strength as a connectivity metric.
Finally, Maldonado et al. (2018) investigated the rsFC be-
tween the habenula and the NAc and hypothalamus and
reported reduced rsFC in both connections in patients with
cancer-associated weight loss. The ROIs that we included
in our analysis were not analyzed by Wang et al. (2023,
2022). It is important to note that (cancer-associated) weight
loss is a distinct phenomenon from obesity and involves met-
abolic changes beyond just a reduction in body weight.

In line with the literature reporting that the habenula is ac-
tivated upon punishment (Matsumoto and Hikosaka, 2007),

FIG. 2. Areas with significant bilateral habenula rsFC in the entire BMI sample (n = 300). t-Values of significant voxels
( p < 0.01 and t > 8) are shown. ACC, anterior cingulate cortex; Hb, habenula; PCC, posterior cingulate cortex; rsFC, resting-
state functional connectivity; VTA, ventral tegmental area.
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our study found an increase in habenula activity during pun-
ishment compared with reward. However, we could not rep-
licate this observation in the smaller HbA1c sample. We
hypothesized that habenula activity would correlate with
BMI because learning from prediction errors, which is
encoded by the habenula, is disrupted in obesity (Mathar
et al., 2017). However, the HCP gambling task does not in-
clude an anticipatory phase, which limits the formation of
predictions, and therefore, our hypothesis could not be tested
as such. Although reward sensitivity is positively associated
with eating behavior, such as binge eating and the consump-
tion of palatable foods (Davis et al., 2007; Franken and
Muris, 2005; Tetley et al., 2010), the relationship between re-
ward sensitivity and BMI is less clear (Sutton et al., 2022).
This likely explains why we did not observe a correlation be-
tween habenula activity upon punishment and BMI.

BMI alone might not be an accurate indicator of metabolic
health. To assess this, we also investigated the role of HbA1c
levels, which reflect long-term blood glucose levels, in addi-
tion to BMI. This is particularly important as HbA1c levels
are the only measurement of (recent) metabolic health regis-
tered in the HCP data set, as no information on food intake,
weight development, satiety status, or blood glucose levels at
the time of scanning is available. The habenula might play a
role in glucose metabolism, as lesioning the habenula in-
creased insulin sensitivity in a rat model for diabetes mellitus
type 2 (DM2) (Qu et al., 2020).

Furthermore, habenular TCFL2, a protein involved in the
GLP-1 signaling cascade, regulates blood glucose levels in
response to nicotine in rodents (Duncan et al., 2019).

These observations might be translatable to humans as a pos-
itive correlation between habenula volume and HbA1c levels
has been observed in nicotine smokers ( Jha et al., 2021).
Therefore, we hypothesized glucose- and BMI-dependent
changes in habenula rsFC, which we observed for the
habenula-VTA connection; in obese individuals, a positive
relationship between HbA1c level and rsFC was observed.
However, this finding did not survive correction for multiple
comparisons, indicating that future research is needed to as-
sess the implication of this exploratory finding.

Open-access data sets such as HCP provide high-quality
data with large sample sizes. However, despite using a rela-
tively large sample (n = 300), which should be sufficient to re-
port (clinically) relevant associations using rsFC (Gratton
et al., 2022; Marek et al., 2022), we did not find any correla-
tions with BMI. Despite the high quality and high resolution
that HCP offers, it does not provide exhaustive information
about the metabolic status of the included subjects. For exam-
ple, fasting status at the time of scanning is not registered. This
is unfortunate, as is has been shown that the satiation status of
an individual can influence BOLD response during fMRI and
that ingestion of different nutrients can also affect BOLD re-
sponses (Al-Zubaidi et al., 2019; Roelofs et al., 2022; Thomas
et al., 2015; Van Opstal et al., 2019; Zhang et al., 2015).

Moreover, patterns of recent weight loss or gain were also
not registered, which can also alter the neural circuits associated
with reward-related responses (Murdaugh et al., 2012; Zeigh-
ami et al., 2021; Zhang et al., 2016). Therefore, such open-
access data sets are particularly valuable in conjunction with
smaller experimental studies with extensive characterization

Table 3. Statistical Output from Linear Model on Body Mass Index Relationship

ROI

Coefficients

Model statisticsName Estimates t puncorrected pFDR

VTA BMI 0.00015 0.52 0.61 0.96 F(4,289) = 0.78, p = 0.54
HbA1c �0.00039 0.07 0.94 0.94
Sex �0.00444 �1.61 0.11 0.28
Age 0.00007 0.18 0.86 0.86

Hypothalamus BMI �0.00002 �0.19 0.85 0.96 F(4,289) = 0.72, p = 0.58
HbA1c 0.00285 1.45 0.15 0.44
Sex 0.00004 0.04 0.97 0.97
Age �0.00012 �0.87 0.38 0.67

pgACC BMI 0.00001 0.05 0.96 0.96 F(4,289) = 1.12, p = 0.35
HbA1c �0.00149 �0.64 0.52 0.78
Sex �0.00177 �1.49 0.14 0.28
Age �0.00027 �1.62 0.11 0.64

Insula BMI �0.00006 �0.83 0.41 0.96 F(4,289) = 1.26, p = 0.29
HbA1c �0.00029 �0.22 0.83 0.94
Sex 0.00113 1.66 0.10 0.28
Age �0.00007 �0.76 0.45 0.67

Amygdala BMI 0.00001 0.07 0.94 0.96 F(4,289) = 0.75, p = 0.56
HbA1c �0.00281 �1.57 0.40 0.44
Sex 0.00010 0.11 0.33 0.97
Age �0.00029 �0.58 0.26 0.67

NAc BMI 0.00022 1.13 0.26 0.96 F(4,289) = 1.07, p = 0.37
HbA1c �0.00309 �0.84 0.40 0.78
Sex 0.00185 0.98 0.33 0.49

FC as dependent variable, BMI as independent, HbA1c, sex, and age as covariates. p-Values are corrected for multiple comparisons using
the FDR method. With a significance level of p = 0.05, no significance was found for any of the models or the coefficients.

FDR, false discovery rate; NAc, nucleus accumbens; pgACC, pregenual anterior cingulate cortex; VTA, ventral tegmental area.
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of metabolic health. In addition, smoking is a possible con-
founder, as it is a risk factor for DM2, and habenula volume cor-
relates with HbA1c in nicotine-smoking individuals (Jha et al.,
2021). The number of smokers in the HbA1c sample is very
small, limiting our ability for conclusions. Finally, future stud-
ies might want to focus on distinguishing the medial and lateral
habenula, as both nuclei have different connections and func-
tions, using 7T fMRI, which is already possible in structural
MRI scans (Strotmann et al., 2014).

In conclusion, we did not find evidence for an association
between BMI and habenula FC or its activity during punish-
ment using an ROI-to-ROI analysis on high-quality data
from HCP. An additional, exploratory, analysis suggested
that habenula-VTA rsFC positively correlates with blood
HbA1c levels in individuals with obesity. Future studies should
take into consideration different metabolic states of partici-
pants (e.g., fasted/fed) or work with fMRI tasks that also in-
clude an anticipatory phase to adequately study reward
prediction error. While we did not observe clear associations
between habenula rsFC and reward-related activity and BMI,
studying the habenula and its potential role in metabolic health
remains important in light of the current obesity epidemic.

Table 4. Linear Model with Body Mass Index · Hemoglobin A1c Interaction Effect for Each

Region of Interest

ROI

Coefficients

Model statisticsName Estimates t puncorrected pFDR

VTA BM:HbA1c �0.00228 �2.29 0.03* 0.15 F(5,65) = 1.35, p = 0.25
BMI 0.01298 2.36 0.02* 0.13
HbA1c 0.06229 2.30 0.02* 0.13
Sex �0.00417 �0.93 0.35 0.63
Age �0.00009 �0.17 0.86 0.97

Hypothalamus BMI:HbA1c 0.00013 0.34 0.74 0.84 F(5,65) = 0.35, p = 0.88
BMI �0.00073 �0.35 0.73 0.80
HbA1c �0.00503 �0.48 0.63 0.82
Sex �0.00162 �0.95 0.35 0.63
Age �0.00008 �0.40 0.86 0.97

pgACC BMI:HbA1c �0.00006 �0.20 0.84 0.84 F(5,65) = 0.41, p = 0.84
BMI 0.00042 0.25 0.80 0.80
HbA1c 0.00188 0.23 0.82 0.82
Sex �0.00156 �1.14 0.26 0.63
Age �0.00012 �0.72 0.48 0.97

Insula BMI:HbA1c 0.00036 1.13 0.26 0.79 F(5,65) = 0.41, p = 0.84
BMI �0.00212 �1.19 0.24 0.72
HbA1c �0.00904 �1.03 0.31 0.82
Sex 0.00040 0.28 0.78 0.94
Age 0.00032 �0.04 0.97 0.97

Amygdala BMI:HbA1c �0.00023 �0.56 0.58 0.84 F(5,65) = 0.84, p = 0.53
BMI 0.00146 0.63 0.53 0.80
HbA1c 0.00316 0.28 0.78 0.82
Sex 0.00007 0.04 0.97 0.97
Age 0.00032 1.41 0.16 0.97

NAc BMI:HbA1c �0.00067 �0.67 0.50 0.84 F(5,65) = 0.40, p = 0.85
BMI 0.00348 0.63 0.53 0.80
HbA1c 0.01487 0.55 0.58 0.82
Sex �0.00361 �0.81 0.42 0.63
Age �0.00035 �0.65 0.52 0.97

Using a linear model with age, sex, and HbA1c as covariates, the habenula-VTA connection showed a significant BMI · HbA1c interaction
effect; however, it did not survive multiple comparison correction (n = 72).

*p < 0.05.
ROI, region of interest.

FIG. 3. Habenula activity during gambling task for both
data sets. (A) In the BMI sample (n = 300), average habenula
activity (BOLD) during punishment (left) is significantly
higher than during reward (right). (B) In the HbA1c sample,
habenula activity is not different between punishment and re-
ward. All data mean – SEM, p < 0.05 was considered signifi-
cant. *p < 0.05. BOLD, blood oxygen level dependent; SEM,
standard error of the mean.
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