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Aberrant aversive learning 
signals in the habenula in 

remitted unmedicated patients 
with recurrent depression
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Abstract
MDD seems to be characterized by several core fea-
tures, with hypersensitivity to punishment being one of 
them. It has been suggested that maladaptive response 
to punishment can persist as a residual symptom af-
ter remission. It has been recognized that hypersen-
sitivity to punishment originates from aberrant aver-
sive-learning. Although evidence for a dysfunction in 
aversive-learning in MDD patients is well established, 
it remains largely unexplored whether this dysfunction 
persists in remitted depressed individuals. In addition 
to dysfunctions of individual brain areas, it is unknown 
whether alterations in connectivity between areas in-
volved in aversive-learning exist during remission. We 
acquired fMRI data from 36 medication-free remitted 
individuals with recurrent MDD and 27 healthy con-
trol subjects during a Pavlovian classical conditioning 
task and used a computational modeling approach to 
evaluate TD related activation of the habenula during 
aversive learning. Furthermore we performed gener-
alized psychophysiological interaction (gPPI) analyses 
to assess functional connectivity as a function of tem-
poral difference with the habenula as a priori region of 
interest. Relative to healthy controls, patients showed 
significantly increased TD aversive-learning activation 
in the bilateral habenula. Furthermore, rrMDD-patients 
exhibited aberrant functional connectivity between 
the habenula and the VTA compared to controls. Col-
lectively, these findings reveal promising insight in the 
involvement of aberrant aversive-learning habenula 
functioning during remission and merits further inves-
tigation to identify impaired aversive learning as a risk 
factor for recurrence vulnerability in depression.
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Introduction
With a recurrence rate of up to 80% in 5 years, Major depressive disorder (MDD) is a major 
burden for society (Bockting et al., 2009). The highly recurrent character of MDD is a ma-
jor contributor to the large direct and indirect costs of MDD. Annual costs are estimated to 
be more than 113 billion euros in Europe (Gustavsson et al., 2011). Relapse and recurrences 
are elicited by residual symptoms and in the long term can cause persistence of symptoms 
(Fekadu, Wooderson, Markopoulo et al., 2009). This necessitates prediction and prevention 
of recurrence, for which identification of underlying pathophysiological mechanisms of re-
currence would be helpful. 

MDD seems to be characterized by several core features, with hypersensitivity to punishment 
being one of them (Eshel and Roiser, 2010; Jean-Richard-Dit-Bressel et al., 2018). It has been 
suggested that maladaptive response to punishment can persist as a residual symptom after 
remission (Santesso et al., 2008). Processing punishment accurately is key to adaptive learn-
ing (Jean-Richard-Dit-Bressel et al., 2018). Usually, individuals make decisions that minimize 
loss by avoiding aversive events, and by adapting behavior after the experience of an aversive 
event via a mechanism called aversive-learning. It has been suggested that in MDD, stressful 
events experienced in the past (i.e. priors) become maladaptive (Huys et al., 2015), which 
increase the perception and encoding of stressful events, causing hypersensitivity to punish-
ment. It has been recognized that hypersensitivity to punishment originates from aberrant 
aversive-learning (Rothkirch et al., 2017). Indeed, MDD-patients seem to have difficulties in 
learning new behaviours that might improve their mood or keep them well. The ability to 
learn new behaviour that decreases hypersensitivity to aversive events plays an important 
role in resilience against recurrence by providing protection against symptoms of daily stress 
(Wichers et al., 2010).

Behavioural literature has demonstrated that especially the difference between the expec-
tancy of an aversive stimulus and the actual outcome causes learning about a specific event, 
while the aversive experience per se has less importance (Garrison et al., 2013). This differ-
ence can be captured in a concept called the prediction error (PE). Positive prediction errors 
occur when a punishment is absent unexpectedly or less punishing than expected. An unex-
pected delivery of an aversive stimulus causes negative prediction errors. In Pavlovian learn-
ing, PEs can be captured by a temporal difference (TD) learning algorithm (Sutton, 1988). This 
algorithm assumes that subsequent predictions are dependent upon each other and that 
gradual learning occurs. Predictions are adjusted each trial to make more accurate predictions 
about the future. 

Model-based fMRI studies revealed aversive prediction error activation in the insula (Garrison 
et al., 2013), the dorsal raphe nucleus (Berg et al., 2014) but most robust in the habenula (Fur-
man and Gotlib, 2016; Lawson et al., 2017; Liu et al., 2017; Proulx et al., 2014). The habenula 
has been described as the ‘reward-negative’ brain area because of its indirect inhibition of 
dopaminergic reward signaling in the VTA (Matsumoto and Hikosaka, 2007) as a response 
to aversive stimuli (Matsumoto and Hikosaka, 2009). This indirect inhibition is established 
by projections from the habenula to the GABAergic rostromedial tegmental nucleus ([RMTg] 
located at the tail of the VTA), which in turn inhibits the dopaminergic VTA (Jhou et al., 2009). 
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The habenula itself receives (inhibitory) serotonergic projections from the dorsal raphe nu-
cleus (Hikosaka, 2010), reducing its excitability (Shabel et al., 2012). It has been suggested 
that in MDD, decreased serotonin transmission elevates the activity of the habenula, which 
in turn inhibits the dopaminergic VTA and therefore mediates depressive symptoms (Zhang 
et al., 2018). 

Robust associations have been found between hyperactivity of the lateral habenula and de-
pressive symptomatology (Proulx et al., 2014; Yang, Wang et al., 2018). Suppression of this 
hyperactivity has been shown to reduce depressive-like symptoms in rats (Li et al., 2011). 
Furthermore, targeting habenula hyperactivity by blocking habenula firing with ketamine el-
evates mood quickly and causes a rapid relieve of depressive symptoms (Yang, Cui et al., 
2018). Moreover, deep brain stimulation in the lateral habenula caused remission of symp-
toms in a patient with treatment-resistant depression (Sartorius et al., 2010). 

Although evidence for a dysfunction in aversive-learning in MDD patients is well established 
(Chen et al., 2015), it remains largely unexplored whether this dysfunction persists in remit-
ted depressed individuals. Furthermore, in addition to dysfunctions of individual brain ar-
eas, it is unknown whether alterations in connectivity between these areas involved in aver-
sive-learning exist during remission. Possible dysfunctions in remitted MDD patients could 
represent trait rather than state-dependent abnormalities, which may be of importance for 
recurrence vulnerability. To fill this gap in literature we evaluated, in medication-free remit-
ted individuals with recurrent MDD (rrMDD), (1) TD related activation of the habenula during 
a classical conditioning fMRI task and (2) functional connectivity with psychophysiological 
interaction (PPI) with the habenula as a priori region of interest. Based on work in current-
ly depressed individuals, we hypothesized increased habenula activation in response to TD 
aversive-learning in rrMDD versus controls. 

Material and Methods
Participants 
The present study was part of a larger neuroimaging study investigating the vulnerability 
for recurrence in MDD (Mocking et al., 2016). Participants aged 35-65 with a known recur-
rent depressive disorder, currently in stable remission without medication, were recruited by 
advertisements and through previous clinical treatment and/or previous studies. Healthy 
controls were recruited via advertisements. All participants gave written informed consent 
before entering the study. Permission for the study was obtained from the local ethics com-
mittee (Mocking et al., 2016). Illness severity was assessed by an observer rated Hamilton 
Depression Rating Scale (HDRS17) (Hamilton, 1967), and a self-rated Snaith Hamilton An-
hedonia and Pleasure Scale (SHAPS) (Snaith et al., 1995). Sixty-two MDD patients were 
scanned that satisfied the following criteria: 1) presence of a recurrent depression defined as 
≥2 MDD episodes according to a structured interview for DSM-IV (SCID), 2) stable remission 
defined as an Inventory for depressive symptomatology (IDS-SR) ≤ 14 and a HDRS17 score ≤ 
7 for at least 10 subsequent weeks. Forty-one healthy controls (HC) were scanned, matched 
on sex, age and years of education. 
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Exclusion criteria for both groups were: (1) a current diagnosis of alcohol or drug dependence, 
(2) psychotic or bipolar disorder, (3) primary anxiety disorder, (4) MRI participation contrain-
dications such as implanted metal, (5) electroconvulsive therapy <2 months before scanning, 
(6) a history of head trauma or neurological disease. Furthermore, HC were excluded if they 
had personal (SCID) or 1st-degree relatives with a psychiatric disorder, and if they scored >14 
on the IDS-SR. All participants were psychopharmacological medication free for >4 weeks.

Task
A Pavlovian classical conditioning paradigm was used to assess aversive learning. Participants 
were asked to abstain from liquids for a minimum of 6 hours prior to scanning to ensure 
thirstiness. The task started with one block of 30 trials containing the two pictures (the to-
be conditioned stimuli) but without fluid delivery, as a neutral condition. Thereafter, the task 
contained 3 blocks of 30 trials each with fluid delivery, with each trial lasting for 8 seconds 
(Figure 1). Two seconds after the start of a trial, one of two pictures were presented on the 
screen (the conditioned stimulus [CS]). Approximately 2 seconds thereafter, 0.2 ml of bitter 
water (4 mol/L magnesium sulphate solution) was delivered (unconditioned stimulus [US]) 
at different probabilities (80%-20%): block 1: picture 1 = 80% picture 2 = 20%; block 2: pic-
ture 1 = 20% picture 2 = 80%; block 3: picture 1 = 80% picture 2 = 20%. Before and after 
the task participants received 0.2 ml of bitter water after which they were asked how much 
they enjoyed/disliked the taste of the fluid (liking) and how much money they were willing 
to receive/pay to get more fluid (wanting). Participants could indicate liking and wanting rat-
ings on a visual analogue scale ranging from -2 (unpleasant/don’t want it respectively) to 2 
(pleasant/want it respectively), with the centre of the scale being neutral. The bitter water 
was delivered via a polythene tube which was attached to a syringe pump (B Braun-Infu-
somat P) and interfaced with the stimulus presentation computer. Stimuli were presented 
using E-prime 2 (Psychology Software Tools, Pittsburgh, PA). Participants were instructed to 
try to find a pattern in which pictures predicted the fluid delivery. It was explained that this 
association could change over time. Temporal difference reward-learning signals were calcu-
lated based on the changing probabilities of fluid delivery (Kumar et al., 2008). Other tasks 
conducted during the same MRI session were scheduled after the Pavlovian task to avoid 
possible confounding effects. 

Data acquisition
MRI data were acquired with a 3T Philips Achieva XT scanner equipped with a 32-channel 
SENSE head coil. Functional images were acquired using a T2*-weighted gradient-echo-pla-
nar imaging sequence. Imaging parameters were as follows: 25 slices (acquired in ascending 
order oriented with 30° tilt from the Anterior Commissure-Posterior Commisure [AC-PC] 
transverse plane); TR = 1500 ms; TE = 28 ms; FOV = 240 x 240 mm and matrix = 80 x 80; 
voxel size = 3 mm; 1125 volumes. For anatomical reference, a high resolution whole brain 
T1-weighted image was acquired with the following parameters: 220 slices; TR = 8.3 ms; TE 
= 3.8 ms; FOV = 240 x 188 mm and matrix = 240 x 240; voxel size = 1 mm. During the scan, 
respiratory and cardiac signals were collected and used in the analysis to correct for physio-
logical noise.
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Figure 1. Pavlovian Reinforcement task paradigm. (A) Timing of the conditioned and unconditioned stimulus within 
one trial. (B) Example of a temporal difference error signal of one subject.

Data preprocessing
fMRI images were preprocessed and analyzed using Statistical Parametric Mapping (SPM12, 
http://www.fil.ion.ucl.ac.uk/spm) implemented in Matlab R2013a. Both T1 and T2* images 
were reoriented in AC-PC alignment to facilitate coregistration. Functional images were re-
aligned to the first functional image after which they were coregistered to the T1-image. The 
T1-weighted image was segmented into grey matter, white matter, and cerebrospinal ēuid 
and was used to create a study-specific group template using DARTEL (Ashburner, 2007). 
This template was used to normalize functional images to Montreal Neurological Institute 
space. The voxel size remained 3mm during normalization. Images were smoothed with a 
4mm full width half maximum Gaussian isotropic kernel. Finally, cardiac and respiratory noise 
signals were modelled and eliminated retrospectively by the DRIFTER algorithm (Sarkka et 
al., 2012). DRIFTER is a Bayesian method that allows accurate dynamical tracking of respira-
tory and cardiac frequency variations. First, frequency trajectories of both the respiratory and 
cardiac signals were estimated by the interacting multiple models filter algorithm. Settings 
for respiratory signal: sampling interval = 500 Hz; array of possible frequencies = 10:70 bpm, 
and for cardiac signal: sampling interval = 500 Hz; array of possible frequencies = 40:140 
bpm. Second, the estimated frequency trajectories were used in a state space model in com-
bination with a Kalman filter and Rauch–Tung–Striebel smoother, which separated the signal 
into a cleaned activation related signal, physiological noise, and white measurement noise 
components. Details regarding this algorithm are described in Sarkka et al. (2012). 
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Temporal difference learning model
For the TD analysis we used a model-based fMRI approach incorporating a reinforcement 
learning algorithm (Dayan and Abbott, 2001; Kumar et al., 2008). Per participant, exact tim-
ing of the CS and US were extracted from the task log files generated by E-prime. Each trial 
was modeled consisting of 8 time points, where the CS was modeled at time point 3 and the 
US at time point 6. Based on previous literature, parameter settings were set equal for all par-
ticipants (Daw, 2011; Kumar et al., 2018; Lawson et al., 2017; Wilson and Niv, 2015). For cal-
culation of our TD error signal we followed the procedure described by Geugies et al. (2019). 
The predicted value (V) at any time t was defined as:

Where xi(t) is a vector with a 1 or a 0 (for all time points) representing the presence or absence 
of a CS at time t. wi represents a weight that was updated on a trial-by-trial basis in order to 
capture learning by:

Where α represents the learning rate. In the absence of behavioural responses we are unable 
to estimate a learning rate from the data so we selected plausible learning rates from liter-
ature (0.4 from Kumar et al. (2018) and 0.5 from Lawson et al. (2014; 2017)) and explored 
which learning rate fitted our data best. For both learning rates we calculated signal-to-noise 
(SNR) values within our a priori habenula ROI, by dividing the contrast map from the CS x TD 
contrast by the residual variance estimate map. We also determined estimation efficiency 
values of SPM designs (Liu et al. (2001)). Both methods supported a learning rate of α = 0.5 
(see Supplementary Figure 1). 

The TD error signal was defined as:

Where r(t) is a vector with a 1 or a 0 (for all time points) for presence or absences of bitter 
water respectively and y corresponds to a factor chosen in advance which determined the 
importance of later reinforcements compared with previous ones. Following previous stud-
ies, γ = 1.0 was used (Gradin et al., 2011; Kumar et al., 2008). See Figure 1B for an example of 
a TD error signal of one participant. 

Statistical analysis

Sample characteristics
Demographic and clinical data were analysed using SPSS version 22.0 (SPSS Inc., USA). 
Where applicable, independent samples t-tests, χ2-tests and non-parametric Mann-Whit-
ney U-tests were used to compare demographic data (age, sex, education, IQ) and clinical 
data (HDRS and SHAPS scores) between rrMDD-patients and healthy controls. For all tests, 
significance was set to p < 0.05.

Behavioural data
A repeated measures analysis was performed to analyse group differences in wanting and lik-
ing ratings. Group was set as the between-subjects factor (rrMDD, healthy controls) and time 
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as the within-subjects factor (pre-task and post-task). HDRS scores were set as a covariate, 
to exclude effects driven by (small) HDRS differences.

Imaging data
Imaging data was analysed with an event-related random-effects design. Effects were mod-
elled for each condition (CS and US) using a canonical hemodynamic response function 
(HRF). Parametric modulations were included by entering TD prediction error values for both 
the CS and US (time points 3 and 6 respectively). Main regressors were orthogonalized. We 
modelled the contrast CS x TD + US x TD to be able to look at TD-related activation in total 
but also modelled separate contributions of the CS and US TD-errors by a CS x TD and US x 
TD contrast. A 128 s high pass filter was applied and motion parameters and their first deriv-
atives were added. On second level, task activation (in the CS x TD + US x TD contrast) was 
assessed over all participants. Group differences were examined with a two-sample t-test for 
the CS x TD + US x TD, CS x TD and US x TD respectively. Because of the a priori hypothesis 
regarding the involvement of the habenula in aversive learning, a small volume correction 
(SVC) based on the habenula volume extracted from the Reinforcement Learning Atlas (Pauli 
et al., 2018) was applied. Significance was defined as p < 0.05 FWE corrected. 

Generalized psycho-physiological interaction (gPPI) analysis
Functional connectivity between the habenula and VTA during aversive learning was inves-
tigated with a generalized psychophysiological interaction (gPPI) analysis (McLaren et al., 
2012) with the habenula as the seed region. The habenula seed was extracted from the Re-
inforcement Learning Atlas (Pauli et al., 2018) and was resliced to match the dimensions of 
the functional data. For each subject, the time course representing activation in the habenu-
la was estimated by hemodynamic deconvolution (physiological term). The individual task 
vectors including TD modulation were convolved with a canonical HRF (psychological term). 
The estimated neural activation in the habenula was multiplied with the task vectors and also 
convolved with a canonical HRF. On first level, a main regressor for the habenula was includ-
ed, separate task regressors without and with TD modulation were included, and a separate 
interaction term was formed for each condition. The inclusion of all these regressors allowed 
us to identify VTA-habenula connectivity during aversive learning driven by the TD effect on 
the seed of interest, all while taking into account the main effect of the seed and task with-
out TD modulation alone. On second level, main effect of seed, main effect of task without 
TD, and main effect of task with TD was assessed over all participants. Group differences 
were examined with a two-sample t-test. Because of our specific interest in habenula-VTA 
connectivity a small volume correction (SVC) based on previous research (D’Ardenne et al., 
2008; Geugies et al., 2019) was applied. Significance was defined as p < 0.05 FWE corrected 
with an initial threshold of p < 0.001 uncorrected.

Association between fMRI results and residual symptomatology
Associations between (i) the habenula temporal difference signal and residual symptom-
atology (HDRS) and (ii) habenula-VTA gPPI connectivity and residual symptomatology were 
evaluated in SPSS version 22.0 (SPSS Inc., USA) with two separate multiple regression analy-
ses. The habenula temporal difference signal and the habenula-VTA connectivity respective-
ly were entered as dependent variables. HDRS ratings, group and group x HDRS interaction 
were examined. Because of two outliers with HDRS = 16, we also evaluated the association 
between TD-signal and HDRS ratings without these 2 outliers as a sensitivity check.
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Results
Patient disposition and sample characteristics
From all participants that were scanned (62 rrMDD-patients and 41 HC), 3 patients and 2 
controls were excluded due to structural abnormalities. Furthermore, 5 patients and 4 con-
trols were excluded due to corrupt data or missing task data. Corrupt or missing physiological 
data (needed for physiological noise filtering), resulted in the exclusion of 18 patients and 
8 controls. After exclusions, a total sample of 36 patients and 27 HC remained that were 
included in the final analysis. Sample characteristics did not differ significantly between the 
excluded and included subjects. Furthermore, no significant sample characteristic differences 
were found between patients and controls (Table 1), except higher residual anhedonia scores 
(SHAPS; U = 253, p = 0.002) and residual severity scores (HDRS; U = 224, p < 0.001).

Table 1. Demographic and clinical characteristics

rrMDD = remitted recurrent major depressive disorder, HC = Healthy Controls, HDRS=Hamilton depression rating 
scale, SHAPS = Snaith Hamilton Anhedonia and Pleasure Scale, IQR = Inter-quartile range. aLevel of educational at-
tainment (Verhage, 1964). Levels range from 1 to 7 (1 = primary school not finished, 7 = preuniversity/university degree)

Behavioural results
No main effect of time or group was demonstrated for wanting and liking ratings. Moreover, 
no significant group-by-time interactions were observed (Figure 2).
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Figure 2. Liking and Wanting ratings. (A) Liking ratings (estimated marginal means ±SEM (adjusted for any other 
variables in the model)): no significant main effect of group (F1,57= 0.03, p = 0.854), no significant main effect of time 
(F1,57 = 0.42, p = 0.519) and no significant group x time interaction (F1,57 = 1.21, p = 0.277). (B) Wanting ratings (estimat-
ed marginal means ±SEM (adjusted for any other variables in the model)): no significant main effect of group (F1,57 = 
1.06, p = 0.307), no significant main effect of time (F1,57 = 2.34, p = 0.131) and no significant group x time interaction 
(F1,57 = 0.16, p = 0.691). 

fMRI results

TD-related activation
We observed a main effect of TD-related activation in the bilateral habenula (Table 2, Sup-
plementary Figure 2). Furthermore, we demonstrated increased TD-error related activity (CS 
x TD contrast) in rrMDD-patients compared to healthy controls in the left and right habenula 
(pFWE,SVC = 0.013; 0.016, respectively). No group differences were found in the CS x TD + 
US x TD and US x TD contrast. See Table 3 and Figure 3. 

Table 2. Main effects (activation and connectivity)

rrMDD = remitted recurrent major depressive disorder, HC = Healthy Controls, CS = conditioned stimuli, US = un-
conditioned stimuli, TD = temporal difference signal. *puncorrected
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Table 3. Between group activation

rrMDD = remitted recurrent major depressive disorder, HC = Healthy Controls, CS = conditioned stimuli, US = un-
conditioned stimuli, TD = temporal difference signal, VS = Ventral Striatum, VTA = Ventral Tegmental Area, NS = 
difference not significant. *FWE peak level corrected + small volume corrected

Figure 3. TD-error related activation comparing rrMDD vs. healthy controls. rrMDD-patients show more TD-related 
activation (CS x TD contrast) in the bilateral habenula compared to healthy controls (left habenula: Z = 2.87, p = 
0.013; right habenula: Z = 2.79, p = 0.016 FWE corrected on peak-level, small volume corrected).

Functional connectivity (gPPI) results HC vs MDD
The gPPI analyses revealed main habenula-VTA connectivity regardless of task (Z > 8, p < 
0.001), but no differences between groups. Moreover, we observed main habenula-VTA 
connectivity during the task regardless of TD modulation (Z > 8, p < 0.001), but no group dif-
ferences. During aversive learning modulated by TD errors (CS x TD contrast), we found main 
habenula-VTA connectivity (Z = 2.78, p = 0.003). When comparing groups, rrMDD patients 
exhibited decreased functional connectivity as a function of temporal difference between 
the habenula and the VTA compared to HC (Z = 3.97, p = 0.002). See Tables 2, 3 and Figure 4. 
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Figure 4. gPPI results with the habenula as seed. rrMDD patients showed decreased functional connectivity be-
tween the habenula and the VTA compared to HC during aversive learning (Z = 3.73, p = 0.002 FWE corrected on 
peak-level, small volume corrected).

Association between fMRI results and residual symptomatology

TD signal-HDRS association
The regression model with HDRS-scores, group and group x HDRS interaction showed a sig-
nificant group x HDRS interaction (t59 = 2.36, p = 0.022; Figure 5), which explained 21% of the 
variance of the total model (F3,62 = 5.30, p = 0.003). No main effect of group or HDRS was 
observed. Within the rrMDD group, higher residual severity, measured by HDRS, correlated 
positively with aversive learning signals in the habenula (r = 0.397, p = 0.016). After exclusion 
of two outliers these effects were no longer significant.

Figure 5. Association of aversive prediction error in the habenula with residual HDRS ratings. Significant group x 
HDRS interaction (t59 = 2.36, p = 0.022) and significant positive habenula-HDRS correlation in the rrMDD group (r 
= 0.397, p = 0.016). 
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PPI signal-HDRS association
The regression model with HDRS-scores, group and group x HDRS interaction explained 
23% of the variance of the total model (F3,62 = 5.78, p = 0.002). A main effect of group was 
observed (t59 = -3.60, p = 0.001). No main effect of HDRS and no significant group x HDRS 
interaction was found. Within the rrMDD group, higher residual severity, measured by HDRS, 
was not significantly correlated with habenula-VTA connectivity. Exclusion of two outliers did 
not change these results. 

Discussion
Using a classical conditioning task, we explored the neural response of the habenula during 
aversive learning in medication-free remitted recurrent depression patients compared to 
healthy controls. We discovered that, relative to healthy controls, rrMDD-patients showed 
significantly increased TD aversive-learning activation in the bilateral habenula, with a posi-
tive correlation between signal magnitude and residual severity. In healthy controls, a reverse 
association between residual severity and habenula TD aversive-learning activation was ob-
served, i.e. higher residual symptomatology correlated with lower habenula activity. Further-
more, rrMDD-patients exhibited aberrant functional connectivity between the habenula and 
the VTA. 

The analysis of behavioural responses revealed no group differences in subjective wanting 
and liking processing of aversive stimuli. A similar lack of group differences has been de-
scribed before in a sample of recovered depression patients (McCabe et al., 2009). This indi-
cates that the increased neural responses demonstrated here were not driven by subjective 
differences in how aversive stimuli were anticipated and experienced. 

In line with both human and animal studies that show hyperactivity of the habenula during 
depression (Proulx et al., 2014; Yang, Wang et al., 2018), we found aberrant neural response 
of the habenula in rrMDD patients, suggesting increased aversive-related learning signals 
during remission. Early animal studies suggest that the habenula plays a central role in behav-
ioral responses to punishment (Wilcox et al., 1986). Overactivity of the habenula may cause 
oversensitivity to an aversive event, producing a stressful state of constant disappointment 
in depression patients (Proulx et al., 2014). This persisting increased habenula function during 
aversive learning was specifically apparent during CS processing. This might reflect an overly 
active coupling between environmental cues and punishment, which may be of importance 
with regard to vulnerability. Whether this represents a trait-like characteristic remains un-
certain and should be replicated and validated in large independent samples. Our findings 
are contrary to other studies that showed no group differences in habenula activation (Liu 
et al., 2017) and decreased habenula activation in MDD patients (Lawson et al., 2017). Di-
vergences in task paradigms might account for these differences. Liu et al. (2017) used a 
paradigm with secondary reinforcements (i.e. monetary losses), while it has been suggested 
that the habenula predominantly shows firing with primary reinforcements (Matsumoto and 
Hikosaka, 2007). Lawson et al. (2017) implemented a Pavlovian conditioning task compa-
rable with the current study; however, they used painful electric shocks as aversive stimuli 
which could be processed differently than the aversive liquid stimuli used here. Even though 
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electric shocks are also considered a primary reinforcer, anticipation of shock commonly in-
duces stress (Berghorst et al., 2013; Drabant et al., 2011) which has been suggested to blunt 
reward and aversive related sensitivity (Porcelli et al., 2012). Despite these inconsistencies in 
literature, our findings add to evidence that habenula hyperactivity during aversive learning 
persists during remission. 

The positive association between TD aversive-learning activation in the habenula and re-
sidual severity ratings in rrMDD-patients is in line with Liu et al. (2017) who found greater 
habenula activation in more severely depressed patients. This association might result from 
reduced serotonergic input from the raphe nuclei, as has been suggested in depression (Zhao 
et al., 2015). Reduced serotonergic input thus elevates the activity of the habenula, which in 
turn inhibits the dopaminergic VTA, and therefore mediates depressive symptoms (Zhang et 
al., 2018; Zhao et al., 2015). However, in our study the association between habenula activity 
and residual severity was no longer significant after exclusion of 2 outliers and therefore 
needs to be interpreted with caution.

Besides increased aversive learning activity in the habenula, we found aberrant function-
al connectivity as a function of temporal difference between the habenula and the VTA 
in rrMDD patients compared to HC. In heathy subjects, functional coupling between the 
habenula and VTA during aversive stimulation has been established (Hennigan et al., 2015; 
Ide and Li, 2011). Because of the (indirect) inhibitory influence of the habenula on the VTA, 
hyperactivity of the habenula in combination with aberrant functional connectivity might 
influence this functional coupling and could result in aberrant inhibition of the VTA. How-
ever, this requires substantial investigation. Our connectivity results are surprising when 
compared to Kumar et al. (2018) who found no differences between MDD patients and HC 
in VTA-habenula connectivity during loss trials of a monetary instrumental learning task. 
One possibility is that Kumar et al. (2018) investigated functional connectivity between the 
habenula and the VTA without temporal difference modulation whereas we observed group 
differences in functional connectivity as a function of temporal difference. When exploring 
our results without temporal difference modulation we also found no group differences. This 
suggests that the temporal difference modulation might give a more accurate representation 
of aversion-related functional connectivity between the habenula and VTA. Importantly, a 
divergence in task paradigm (i.e. instrumental reinforcement learning task vs. passive Pav-
lovian reinforcement learning) might also account for these differences as animal studies 
suggest that the habenula and VTA predominantly show firing with primary reinforcements 
(Matsumoto and Hikosaka, 2007). Our task might therefore be more sensitive in mapping 
connectivity between the habenula and VTA as opposed to the paradigm with secondary 
reinforcements (i.e. monetary instrumental learning task) that was used by Kumar and col-
leagues (2018).

Some limitations are worth mentioning. First, some caution is necessary when interpreting 
our results. fMRI resolution is limited for small structures like the VTA and the habenula. This 
makes it for example difficult to distinguish the lateral from the medial habenula. Nonethe-
less, by eliminating physiological noise in conjunction with computational modeling specific 
for aversive- learning, we interpret our findings as representing aversive-learning related dif-
ferences between groups, and thereby valuable in contributing to finding the pathophysi-
ology underlying recurrence in depression. Second, we used gPPI to investigate functional  
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connectivity between the habenula and other parts of the brain (i.e. the VTA). PPI measures 
the temporal correlation between remote neuronal activity, but does not specify the direc-
tion of influence between brain regions. Effective connectivity (e.g. Granger Causality Analy-
sis or dynamic causal modelling) could measures the influence one neural system exerts over 
another (Friston, 2011). 

In summary, we demonstrate habenula hyperactivity and decreased habenula-VTA func-
tional connectivity during aversive-learning in rrMDD-patients compared to HC. Collective-
ly, these findings reveal promising insight in the involvement of aberrant aversive-learning 
habenula functioning during remission and merits further investigation to identify impaired 
aversive learning as a risk factor for recurrence vulnerability in depression.
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Supplementary material

Supplementary Figure 1. Model efficacy for different learning rates. (A) SNR based on one-group (all subjects) con-
trast map (B) Estimation efficiency of SPM designs across all subjects.

Supplementary Figure 2. Main effect of task. TD-error related habenula activation in the CS x TD + US x TD contrast 
(left habenula: Z = 1.83, p = 0.034; right habenula: Z = 1.71, p = 0.044 uncorrected to display the extent of the signal).
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Part II
Prediction of response to 

treatment in MDD
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