
 

 

 University of Groningen

Learning from reward and prediction
Geugies, Hanneke

DOI:
10.33612/diss.117800987

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2020

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
Geugies, H. (2020). Learning from reward and prediction: insights in mechanisms related to recurrence
vulnerability and non-response in depression. [Thesis fully internal (DIV), University of Groningen].
Rijksuniversiteit Groningen. https://doi.org/10.33612/diss.117800987

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 24-05-2023

https://doi.org/10.33612/diss.117800987
https://research.rug.nl/en/publications/8213de17-f118-4eb1-ba86-52d9a7257bd5
https://doi.org/10.33612/diss.117800987


Insights in mechanisms related to recurrence 
vulnerability and non-response in depression 

Hanneke Geugies



ISBN printed version   978-94-034-2423-1
ISBN digital version   978-94-034-2422-4

© A. J. Geugies, Groningen 2020

Cover design  Concept: We Are Pi, Photography: Bill Tanaka
Lay-out  Ellen Beck, www.ellenbeck.nl
Printed by  Netzodruk, www.netzodruk.nl

Paranymphs  Nicky Klaasen, Claire Kos







Table of Content

Part I
Pathophysiological mechanism behind reward 
processing and reward-related learning

Part II
Prediction of response to treatment in mdd

Chapter 01         7
General Introduction 

Chapter 02          21
Decreased reward circuit 
connectivity during reward 
anticipation in major depression   
Manuscript submitted for publication

Chapter 05          83
Validity of the Maudsley Staging 
Method in predicting treatment 
resistant depression outcome 
using the Netherlands Study of 
Depression and Anxiety    
J Clin Psychiatry 2018; 79(1): 17m11475

Chapter 03         39
Impaired reward-related 
learning signals in remitted 
unmedicated patients with 
recurrent depression    
Brain 2019; 142(8): 2510-2522

Chapter 06         101
Decreased functional connectivity 
of the insula within the salience 
network as an indicator for 
prospective insufficient response 
to antidepressants    
NeuroImage Clinical 2019; 24:102064.Chapter 04         63

Aberrant aversive learning 
signals in the habenula in 
remitted unmedicated patients 
with recurrent depression 
Manuscript submitted for publication

Chapter 07         123
General discussion 

Referenties 136, Nederlandse samenvatting 150, Dankwoord 160, 
Curriculem vitae 164, List of publications 166





Chapter 01

General introduction
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Prologue
June 2019: 
At the department of psychiatry, a patient (Mrs. S., female, 40 years old) is treat-
ed who is diagnosed with recurrent major depressive disorder. She suffered from 
3 depressive episodes, lifetime. The first episode (7 years ago), she experienced 
remission without treatment. The second episode (3 years ago) she remitted after 
treatment with psychotherapy and one antidepressant. The most recent episode 
started one and a half year ago and gradually became more severe. During her last 
episode she (again) could not imagine, nor appreciate any event that was previously 
rewarding for her (i.e. playing sports). She initially postponed consultation of a psy-
chiatrist and started treatment after 9 months. She ultimately achieved remission, 
after being non-responsive to treatment with two antidepressants (belonging to 
different classes). She finally recovered successfully, 4 weeks after a third (tricyclic) 
antidepressant was initiated. Although in remission now, Mrs. S. reports that she 
still experiences difficulties in sleeping, concentrating and experiencing pleasure 
and reward. Since her improvement, she noticed an oversensitivity to negative 
events. Despite having experienced positive events related to her own efforts, she 
irrationally doesn’t value those and instead sticks to a few small negative events 
that occurred irrespectively of any action by herself.

Clinically, three important questions arise from this case: 
	 •	 Could	we	have	predicted	the	outcome	of	her	treatment?
	 •	 Could	we	have	predicted	the	non-response	to	the	initial	antidepressants?

•	 Are	her	residual	symptoms	caused	by	impairments	of	reward-	and	aversion-
	 related	processing	and	learning?
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The burden of depression
Many people know the experience of feeling blue or sad at times. Usually, this is temporary 
and fades with time. But when sad feelings last for a longer period and are accompanied by 
other persisting symptoms, one may suffer from depression. Symptoms of depression can 
vary from mild to severe and can include constant feelings of sadness, loss of interest and 
pleasure, changes in appetite/weight, insomnia/hypersomnia, loss of energy, psychomotor 
agitation/retardation, feelings of worthlessness/guilt, difficulty concentrating, and suicidal 
thoughts. According to the American Psychiatric Association Diagnostic and Statistical Man-
ual of Mental Disorders (DSM-5) (American Psychiatric Association, 2014), a depressive dis-
order is present when a person has five or more of these symptoms, present nearly every 
day, most time of the day, for at least 2 weeks. Major depressive disorder (MDD) is a highly 
prevalent and disabling disease and therefore a major burden for society (Mathers and Lon-
car, 2006). Despite elaborate research, the etiology and pathophysiology of MDD remains 
an enigma and presumably is heterogeneous. Two patients with the same diagnosis may 
show very diverse symptoms. Progress in research and treatment is hindered by this hetero-
geneity and differentiation regarding course of illness and therapeutic response is needed 
(Dunner, 2012; Fried, 2017). In order to differentiate, it is important to distinguish stages of 
development and severity of MDD: (i) the prodromal phase, or at risk phase, (ii) the first de-
pressive episode, (iii) residual symptoms following an episode, (iv) the relapse episode and 
(v) chronic and/or treatment-resistant depression (Peeters et al., 2012). Stage ii, iv and v can 
be considered an acute phase, whereas stage iii is defined as a remitted stage. Identifying 
etiologically distinct profiles of depressive symptoms, called profiling, can be helpful in pre-
diction of course and treatment. 

Risk for recurrence
MDD is a highly recurrent disease. Depressive episodes often tend to relapse (a new episode 
within 6 months) or recur (a new episode after a period of remission). Depending on the 
population and setting the incidence of relapses and recurrences varies but may be as high 
as 80% within 5 years (Bockting et al., 2009). The highly recurrent character of MDD is a 
major contributor to the large direct and indirect costs of MDD, which is estimated more than 
1 billion euros in the Netherlands (Beekman and Marwijk, 2008). Furthermore, as demon-
strated by a systematic review, relapse and recurrences are elicited by residual symptoms 
and in the long term can cause persistence of symptoms (Fekadu, Wooderson, Markopoulo 
et al., 2009). Chronicity of depression increases the likelihood of treatment resistance. This 
necessitates prediction and prevention of recurrence, however, identification of the patho-
physiological mechanism underlying recurrence has been challenging. 

Non-response to antidepressants
Among patients that suffer from depression, response to treatment varies highly. Selective 
serotonin reuptake inhibitors (SSRIs) and serotonin-noradrenaline reuptake inhibitors (SNRIs) 
are often first-choice antidepressants (Spijker et al., 2013). With the first SSRI/SNRI, 30-
40% of patients achieve remission (Trivedi et al., 2006). Remission is defined as improve-
ment according to a cut-off point of a symptom rating-scale (e.g. Hamilton depression rating 
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scale, Beck Depression Inventory) (Frank et al., 1991; Rush, Kraemer et al., 2006). Less than 
50% improvement of symptom-severity is referred to as non-response. If patients respond 
insufficiently to SSRIs/SNRIs, often a switch is made to (noradrenergic) tricyclic antidepres-
sants (TCA), followed by addition of lithium and a Monoamine Oxidase inhibitor and/or Elec-
troconvulsive therapy (ECT) (Ruhe et al., 2006; Spijker and Nolen, 2010). After 4 or more 
trials of different antidepressants approximately two third of the patients achieve remission 
(Ruhe et al., 2006; Rush, Trivedi et al., 2006; Spijker and Nolen, 2010), leaving a consider-
able number of patients that show insufficient response to antidepressants. Non-response 
to more classes of antidepressants is ultimately referred to as treatment resistant depres-
sion (TRD), although the number of trials that are used for defining TRD is variable. Patients 
that show insufficient response to treatment are less likely to show a complete remission of 
symptoms, which increases their risk of relapse, recurrence and chronicity (Fekadu, Wood-
erson, Markopoulo et al., 2009; Rush and Thase, 1997; Rush, Trivedi et al., 2006). Non-re-
sponse to treatment is therefore a large contributor to prolonged suffering from depression.

Anhedonia in MDD and the brain  
reward circuitry

Anhedonia is one of the most prominent symptoms of MDD and often persists as residu-
al symptom after remission (Conradi et al., 2011). The term anhedonia is derived from the 
Greek an- (without) + hēdonē (pleasure) and refers to the reduced inability to experience 
pleasure. The DSM-5 defines anhedonia as the loss of interest or pleasure and it is con-
sidered one of the two core symptoms of MDD. Research has focused on the question 
whether response to treatment is achieved by normalizing anhedonia (i.e. decreasing neg-
ative thoughts and feelings) (Dichter et al., 2005; Tomarken et al., 2004), or by increas-
ing hedonic capacity (i.e. enhancing the ability to experience reward) (Wichers et al., 2009). 
 
Neurobiological and behavioral studies have tried to dissect hedonic functioning into differ-
ent facets, including anticipatory/motivational pleasure (also referred to as ‘wanting’) and 
consummatory pleasure (i.e ‘liking’) (Rizvi et al., 2016). The mesolimbic dopamine circuitry is 
thought to be critical for reward processing, anticipation and learning (Berridge et al., 2009). 
The pathway originates in the midbrain (in the ventral tegmental area [VTA] and projects 
to the ventral striatum (VS), encompassing the nucleus accumbens (Nestler and Carlezon, 
2006). In addition, dopamine also plays an important role in two other pathways. The me-
socortical pathway, connecting the VTA to the frontal cortex, is thought to be essential for 
cognitive functions such as concentration and working memory (Dunlop and Nemeroff, 
2007). The nigrostriatal pathway, which projects from the substantia nigra to the dorsal stri-
atum (caudate and putamen), plays an important role in execution of movement, but also in 
cognition (Dunlop and Nemeroff, 2007; McClure et al., 2003). See Figure 1 for a schematic 
overview of these dopaminergic pathways. 
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Figure 1. Schematic representation of the three main dopaminergic pathways in the human brain

Reinforcement learning in depression
With anhedonia as a hallmark symptom, MDD is primarily considered to be a mood disorder 
(American Psychiatric Association, 2014). However, deficits in decision making have also been 
demonstrated to be an important feature of MDD (Chen et al., 2015). Consequently, poor 
decision making is related to poor real-life outcomes. Usually, individuals make decisions 
that maximize reward and minimize loss by making efforts for rewards, by avoiding aversive 
events, and by adapting behavior after the experience of an event. Making decisions is driven 
by a process called reinforcement learning. During reinforcement learning, an organism ac-
quires information about an event which modifies the behavior (i.e. strengthening or weaken-
ing) depending on the outcome that follows (Berridge, 2000). The ability to learn from stimuli 
or from events is crucial in order to adapt to diverging circumstances. Reinforcement learning 
can be subdivided into reward-related learning and aversive learning. Research has shown 
that both reward-related learning as well as aversive learning is impaired in psychiatric disor-
ders such as MDD (Chen et al., 2015). Depressed individuals generally fail to learn from fre-
quently rewarding choices and this impairment is correlated with anhedonia (Pizzagalli, 2014). 
On the other hand, impairments in aversive-learning are also observed in depressed patients. 
These impairments increase the perception of stressful events and can underlie pathological 
symptoms like avoidance. Individuals prone to depression and anxiety often focus dispro-
portionately on the potential occurrence of prospective negative events and whether these 
can be avoided. The mechanism underlying this phenomenon may be caused by difficulty 
in estimating the chance and severity of these negative outcomes (Browning et al., 2015).  
 
Reward-related learning is driven by the dopaminergic system. Experiments in monkeys re-
vealed that dopaminergic neurons signal by phasic and tonic firing during simple condition-
ing tasks (Schultz et al., 1997; Schultz, 1998). Tonic firing typically occurs without presynaptic 
input and can be viewed at as background activity. When rewarding stimuli are presented, 
dopaminergic neurons respond with short, phasic activations in the midbrain (Schultz et 
al., 1997; Schultz, 1998). The amount of firing is associated with the novelty of the reward.  
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Interestingly, after conditioning, the dopaminergic neurons shift the time of burst firing from 
the time point of reward delivery to the time point at which the conditioned stimulus is 
presented, while the time point of reward itself no longer elicits a burst of impulses (Schultz 
et al., 1997). Moreover, in trials where a reward is expected (because the conditioned stim-
ulus is presented that is associated with the delivery of a reward) but not delivered, dopa-
mine neurons show a decrease in firing rate (below their baseline firing rate) (Schultz et al., 
1997). The difference between something that is expected (the predictive value) and what 
is truly received (the realized value) is known as the prediction error (PE) (Schultz, 2016). 
A positive PE is observed when a reward is unexpected and a negative PE occurs when a 
reward is expected but omitted. It has been demonstrated that these positive and negative 
reward prediction errors can be taken as a proxy of dopaminergic activity (Schultz, 2016).  
 
In contrast to dopamine and its well established role in reward-related learning, serotonin 
has been hypothesized to be involved in aversive learning (Daw et al., 2002). Serotonin de-
ficiency, as demonstrated in MDD, can lead to an impaired inhibition of aversive thoughts 
and actions (Dayan and Huys, 2008; Dayan and Huys, 2009).

Functional magnetic resonance imaging
The brain is constantly active as a person participates in divergent activities, from basic tasks 
like moving a hand when waving at someone to more complex cognitive assignments like 
solving a crossword puzzle or other cognitive tasks. Even during rest the brain still is highly 
active. Functional magnetic resonance imaging (fMRI) has been proven a useful technique 
for measuring and mapping this constant brain activity in a noninvasive manner. This tech-
nique is based on the widely accepted concept that brain activity and cerebral blood flow are 
coupled. When a brain area becomes more active, the oxygenated blood flow to this region 
increases, a process which is called the hemodynamic response. The resulting change in de-
oxyhemoglobin (deoxygenated blood) concentration alters the local magnetic susceptibility 
causing magnetic field distortion, which can be detected by the receiver coil of the MR-scan-
ner. This signal is referred to as the blood-oxygenated-level-dependent (BOLD) signal. 

Measuring reward-related processing
Measuring basic reward processing
Several fMRI paradigms have been used to study basic reward processing. Three basic task 
paradigms have been used to contrast reward-related processes (Richards et al., 2013): (1) 
passive reward tasks (2) reward decision-making tasks, and (3) instrumental-reward tasks. 
During a passive reward task (e.g. the Slot Machine task) rewards can be obtain without any 
active action. During a reward decision-making task (e.g. the Wheel of Fortune task), sub-
jects are asked to select one of several options, each associated with a distinct likelihood of 
reward. During an instrumental-reward task (e.g. the Monetary Incentive Delay task [MID]), 
subjects have to complete a cognitive or motor test (e.g. a timed button press response, a 
memory challenge) in order to obtain the reward. In both the instrumental-reward paradigm 
and the reward decision-making paradigms, one trial consists of five different stages (Rich-
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ards et al., 2013). First a cue is presented which provides information about the nature of the 
trial (reward/neutral/loss trial) or signals the amount of the reward/loss that is associated 
with the trial. This stage is followed by a short delay period during which participants prepare 
to respond. The third stage concerns a cognitive/motor stage during which the participant 
has to execute the ‘task’. Thereafter, participants undergo a second delay period that allows 
to anticipate the outcome of their action (reward anticipation), followed by a feedback stage 
(reward consumption). The design of these tasks facilitates the discrimination of anticipatory 
(‘wanting’) and consummatory (‘liking’) pleasure. The types of reward used in these paradigms 
are often monetary incentives and visual incentives (e.g. display of a slot machine, a wheel 
of fortune. 

Measuring reinforcement learning: pavlovian conditioning
Pavlovian conditioning paradigms have caused considerable progress in understanding the 
fundamental phenomenon of both reward- and aversive learning. Classical conditioning in-
volves learning a new behavior via the process of association. Classical conditioning consists 
of three stages. In the first stage, before conditioning, an unconditioned stimulus (US) pro-
duces and unconditioned response (UR). For example, Pavlov (Pavlov, 1927) describes that 
a bowl of food (US) elicits secretion of saliva (UR) in a dog. A neutral stimulus ([NS] e.g. the 
sound of a bell) does not evoke a response. During conditioning, the NS will become associ-
ated with the US. In the example above, the sound of a bell (NS) will become associated with 
the food (US). During this stage, the NS should be presented right before or simultaneously 
with the US in order to facilitate conditioning. Additionally, the US must be associated with 
the NS on multiple trials for learning to take place. After conditioning, the NS has become 
the conditioned stimulus (CS) as an association has been made between the NS (now CS) 
and the US to create a conditioned response (CR). In the example, hearing the sound of the 
bell (CS) that is now associated with the food (US), will now elicit the secretion of saliva (CR). 
In this thesis, a Pavlovian classical conditioning task was used to assess reward- and aversive 
learning. During this task, in either rewarding or aversive blocks, one of two pictures was al-
ternately shown on the screen, followed by the presence or absence of small amounts of 
juice (rewarding apple-juice or aversive magnesium sulphate). Before conditioning, the juice 
represents the unconditioned stimulus which produces an unconditioned response. The pic-
ture represents a neutral stimulus and does not evoke a response. After conditioning, an 
association has been made between the picture and the juice, after which the picture alone 
(the conditioned stimulus) will create a conditioned response. 
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Neurobiological representations of 
(impaired) reward-related processing and 
reinforcement learning

Basic reward processing
Neuroimaging studies have provided us with evidence of representations of reward-re-
lated processing and reward/aversive learning in several brain areas. Although brain ar-
eas involved in reward processing vary with respect to the behavioral task, a solid set of 
neural structures has been shown to be consistently involved. These structures include 
the striatum (ventral part including the nucleus accumbens and dorsal part including the  
caudate nucleus and putamen), and their cortical targets (i.e. the anterior cingulate cor-
tex (ACC), and the frontal cortex (prefrontal/middle frontal/superior frontal cortex)). The 
VS receives input via the mesolimbic dopaminergic projections from the VTA as well as  
glutamatergic inputs from prefrontal cortex. Output projections from the VS go to the ven-
tral pallidum, the thalamus and also back to the VTA (Fareri et al., 2008; Gale et al., 2014).  
 
A recent meta-analysis revealed that MDD is characterized by an abnormal activation of 
subcortical, limbic, and cortical regions during basic processing of reward (Zhang et al., 2013). 
More specifically, MDD patients showed global hypoactivity in the dorsal striatum, thala-
mus, insula, and ACC. Furthermore, global hyperactivity was observed in MDD patients in 
the dorsolateral, middle and superior frontal cortex, cuneus and lingual gyrus. As these areas 
are considered key regions in reward-related processing, these findings suggest that MDD 
is characterized by emotional and motivational pathway dysfunctions (Zhang et al., 2013). 
Studies specifically investigating monetary reward anticipation and consumption demon-
strated decreased activation in the caudate during both reward anticipation and consump-
tion stages and increased activation in the ACC, middle frontal gyrus and frontal lobe during 
reward anticipation (Zhang et al., 2013). Despite these promising findings regarding key re-
gions involved in impaired basic (monetary) reward processing in MDD, it remains largely 
unexplored if and how alterations in connectivity between regions of the reward circuitry, 
rather than dysfunctions of individual brain areas, can be linked to depression.

Reinforcement learning
Both the VTA and the VS have been identified to be involved in reinforcement learning 
(Chase et al., 2015). The VTA itself is considered the origin of the prediction error related 
signal but focus also lies on prediction error related activity in the VS, given that this region 
is the primary receiver of dopaminergic projection neurons from the VTA. A recent review 
demonstrated dysfunctions in reinforcement learning in MDD (Chen et al., 2015). The au-
thors identify consistently decreased reward-learning signals in the striatum, ACC, hippo-
campus and thalamus in depressed patients. The direction of reward-learning impairments 
in the VTA however was contradictory (Gradin et al., 2011; Kumar et al., 2008). Research 
examining the neural correlates of aversive-learning signals revealed robust aversive predic-
tion error activation in the insula and habenula (Garrison et al., 2013), but also in the dorsal 
raphe nucleus (Berg et al., 2014). The habenula has been described as the ‘reward-negative’ 
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brain area because of its indirect inhibition of dopaminergic reward signaling in the VTA (Mat-
sumoto and Hikosaka, 2007) as a response to aversive stimuli (Matsumoto and Hikosaka, 
2009). It has been demonstrated that the habenula receives serotonergic projections from 
the dorsal raphe nucleus (Hikosaka, 2010) which inhibit the excitability of habenula neurons 
(Shabel et al., 2012). The habenula also receives glutamatergic input from various structures 
(Yang, Wang et al., 2018). The habenula furthermore sends projections to the GABAergic 
rostromedial tegmental nucleus (RMTg), which in turn inhibits the dopaminergic VTA. It has 
been suggested that in MDD, decreased serotonin transmission elevates the activity of the 
habenula and therefore mediates depressive symptoms (Zhang et al., 2018). Moreover, a 
significant hyperactive role of the lateral habenula during aversive learning has been revealed 
in MDD patients (Proulx et al., 2014). 

Prediction of response to antidepressants 
in MDD

At present, treatment for MDD is hampered by the fact that it is impossible to predict which 
patient will respond to which antidepressant. Early prediction of treatment outcome could 
facilitate clinicians in choosing the most effective kind of therapy or even the most effective 
kind of antidepressant class for each individual (Browning et al., 2019). Although attempts 
that have been made to predict treatment effects have been promising (Frodl, 2017), current 
approaches need further refinement.

Clinical predictors of non-response/treatment resistance
Neuropsychological markers and clinical prediction models showed to have promising pre-
dictive properties (Fekadu, Wooderson, Markopoulou et al., 2009; Harmer et al., 2011; Sze-
gedi et al., 2009). One of the instruments that can be used to predict validity for clinical 
outcome in MDD is the Maudsley Staging Method (MSM). The MSM incorporates clinical 
variables known to be associated with treatment response in MDD (i.e. rating of treatment 
failures for the current episode combined with duration and episode severity) in order to 
predict clinical outcome. Another tool is the Dutch Measure for Quantification of Treatment 
Resistance in Depression (DM-TRD) (Peeters et al., 2016). This tool extended the MSM by 
adding scores for functional impairment, for psychotherapy treatment and for intensified 
treatment, and has proven to be a multidimensional measure for quantification of (future) 
treatment resistance (Peeters et al., 2016; van Dijk et al., 2018).

Neurobiological representations of (insufficient) response to antidepressants
In addition to clinical predictor models, structural and functional neuroimaging studies 
showed to have promising predictive properties for determining patients who will respond 
to treatment (e.g. pharmacotherapy, psychotherapy) against depression. A recent review ar-
ticle described several structural and functional imaging biomarkers of (insufficient) response 
to treatment (Fonseka et al., 2018). Some of these brain areas are consistently involved 
across different treatment modalities (i.e. pharmacotherapy, psychotherapy and stimulation  
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treatment), although directions of associations also vary. Regions identified were primarily 
frontolimbic regions including the prefrontal cortex, pregenual ACC, hippocampus, amyg-
dala and insula (Fu et al., 2008; Pizzagalli, 2011; Siegle et al., 2006; Williams et al., 2015). 
All these individual areas have been known to be involved in the pathophysiology of MDD 
(Fonseka et al., 2018). Although evidence for the involvement of these frontolimbic areas in 
clinical response is presented, there is still a lack of consistency in literature (Fonseka et al., 
2018). Findings of potential imaging biomarkers therefore need to be replicated and validat-
ed. Furthermore, besides the involvement of separate brain areas, network analyses might 
be more appropriate since alterations in functional connectivity might offer closer insight to 
biological brain functions. 

General relevance and outline of this thesis
In summary, the first part of this thesis (chapter 2-4) focuses on the pathophysiolog-
ical mechanism behind basic processing of reward, and reward- and aversive learn-
ing in (recurrent) MDD. The second part of this thesis (chapter 5 and 6) concerns the  
prediction of (insufficient) response to treatment in MDD. Finally, in chapter 7 we will in-
tegrate the findings from chapters 2-6 and discuss our findings in a broader context. 
 
Despite promising findings regarding neurobiological representations of basic reward pro-
cessing, it remains largely unexplored how alterations in connectivity between elements of 
the reward circuitry can be linked to depression. Chapter 2 therefore aims to investigate 
whether MDD is characterized by alterations in connectivity within the reward circuitry, by 
looking at abnormal striatal connectivity in response to anticipation and outcome of mon-
etary rewards. Furthermore, we also want to investigate PE-related striatal (VS and DS) and 
VTA activation in MDD in response to reward, and how this relation is mediated by anhedonia. 
 
Exploring reward connectivity alterations will complement our knowledge about reward-sys-
tem dysfunctions in depressed patients. However, there is still very little understanding 
whether these reward-systems remain dysfunctional when patients are in remission. Previ-
ous studies conducted in subjects at risk for depression and with sub-threshold depression 
have demonstrated that abnormalities in processing of wanting and liking aspects of reward 
may be a trait marker for major depressive disorder (McCabe et al., 2009; McCabe et al., 
2012; McCabe, 2016; Pan et al., 2017; Stringaris et al., 2015). However, it remains largely 
unknown whether a dysfunction in processing of reward related-learning represents a trait 
rather than a state-dependent abnormality, which may be of importance with regard to 
vulnerability for recurrence. Moreover, little is known about the association between per-
sistence of anhedonia and deficits of reward processing in remitted patients. In chapter 3 
we quantified the response of the dopamine reward system (i.e. in the VS and VTA) with 
functional MRI during a classical conditioning task in medication-free remitted recurrent de-
pression patients (rrMDD), who were at high risk of recurrence (Mocking et al., 2016). In ad-
dition, we hypothesized a link between anhedonia and abnormalities in the reward system. 
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Besides reward-related learning impairments in MDD, evidence for a dysfunction in aversive 
processing in MDD patients also exists. However, it is currently unknown whether this dys-
function is also present and persisting in remitted depressed individuals. Furthermore, aver-
sive pathway connectivity could shed light on the role of possible aversive circuit dysfunctions 
in the vulnerability for recurrence. Because of the prominent role the habenula plays in aver-
sive-learning through indirect inhibition of dopaminergic reward signaling, in chapter 4 we eval-
uated (1) TD related activation of the habenula with fMRI during a classical aversive conditioning 
task in medication-free remitted individuals with recurrent MDD (rrMDD), and (2) functional 
connectivity with psychophysiological interaction (PPI) using the habenula as the seed region. 
 
For the development of more targeted treatment strategies, clinicians should ideally be able 
to a priori distinguish a future responder to antidepressants from patients needing sever-
al switches of antidepressants early during treatment, who might benefit from additional 
treatment strategies, e.g. psychotherapy. Over the last decade, progress has been made in 
methods to quantify TRD and use this quantification to predict the course and outcome of 
depression (Fekadu, Wooderson, Markopoulou et al., 2009; Peeters et al., 2016; Ruhe et 
al., 2012; van Dijk et al., 2018) However, these methods have been validated to a limited 
extent only. One promising tool, the Maudsley Staging Method, was created to represent 
the broad theoretical basis of treatment resistance and is aimed at predicting outcome of 
depression. However, the MSM has only been investigated using a relatively small sample of 
patients who were treated in tertiary care (Fekadu, Wooderson, Markopoulou et al., 2009). 
Generalizability to the much larger community-based population of depressed patients and 
those attending primary and secondary care is required to maximize the utility of the tool 
for predicting remission, episode persistence and/or future treatment resistance. Chapter 
5 aims to further validate the predictive value of the MSM by examining if the degree of 
treatment resistance over its full spectrum is predictive for a chronic course of illness using 
a large naturalistic cohort of the Netherlands Study of Depression and Anxiety (NESDA).  
 
Besides clinical predictor models, neuroimaging markers have also showed promising pre-
dictive properties in treatment outcome in MDD (Dunlop and Mayberg, 2014). Recent re-
search even suggests that neurobiological measurements are stronger predictors of MDD 
outcome than clinical measures (Schmaal et al., 2015), however, the added value of neuro-
imaging approaches to predict MDD disease course requires further validation. In chapter 
6, we therefore aim to investigate whether distinct patterns of neural connectivity before 
treatment could serve as an indicator for insufficient treatment response during two years of 
naturalistic follow-up.
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Part I
Pathophysiological mechanisms 
behind reward processing and 

reward-related learning
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Abstract
An important symptom of major depressive disorder (MDD) 
is the inability to experience pleasure, possibly due to a dys-
function of the reward system. Despite promising insights 
regarding impaired reward-related processing in MDD, cir-
cuit-level abnormalities remain largely unexplored. Further-
more, whereas studies contrasting experimental conditions 
from incentive tasks have revealed important information 
about reward processing, temporal difference modeling of 
reward-related prediction error (PE) signals might give a more 
accurate representation of the reward system. We used a 
monetary incentive delay task during functional MRI scan-
ning to explore PE-related striatal and ventral tegmental area 
(VTA) activation in response to anticipation and delivery of 
monetary rewards in 24 individuals with major depressive 
disorder versus 24 healthy controls. Furthermore, we inves-
tigated group differences in temporal difference related con-
nectivity with a generalized psychophysiological interaction 
(gPPI) analysis with the VTA, ventral striatum (VS) and dor-
sal striatum (DS) as seeds during reward versus neutral, both 
in anticipation and delivery. Relative to HCs, MDD patients 
displayed decreased temporal difference-related activation 
in the VS during reward anticipation and delivery combined. 
Moreover, gPPI analyses revealed that during reward anticipa-
tion, MDD patients exhibited decreased functional connec-
tivity between the VS and ACC/mPFC, anterior insula, superi-
or/middle frontal gyrus (SFG/MFG), thalamus, and precuneus 
compared to HC. Moreover, MDD patients showed decreased 
functional connectivity between the VTA and bilateral insula 
compared to HC during reward anticipation. Exploratory anal-
ysis separating medication free patients from patients using 
antidepressant revealed that these decreased functional con-
nectivity patterns were mainly apparent in the MDD group 
that used antidepressants. These results suggest that MDD 
is characterized by alterations in reward circuit connectivity 
rather than isolated activation impairments. These findings 
represent an important extension of the existing literature 
as improved understanding of neural pathways underlying 
depression-related reward dysfunctions, may help currently 
unmet diagnostic and therapeutic efforts. 
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Introduction
One of the core characteristics of major depressive disorder (MDD) is anhedonia, the inability 
to experience pleasure. Anhedonia affects approximately 37% of individuals diagnosed with 
MDD (Pelizza and Ferrari, 2009). A dysfunction of the reward system is thought to comprise 
the neural basis of anhedonia (Der-Avakian and Markou, 2012; Pizzagalli, 2014; Treadway and 
Zald, 2011; Whitton et al., 2015). The presence of anhedonia has been found to predict poor 
treatment response in MDD patients (Spijker et al., 2001; Uher et al., 2012), and impairments 
in reward-relates processes appear to be insufficiently addressed by current treatments (Ca-
labrese et al., 2014). 

In recent years, a significant number of studies have sought to identify the neural correlates 
of reward-related processes (Berridge et al., 2009; Der-Avakian and Markou, 2012; Pujara 
and Koenigs, 2014; Whitton et al., 2015). Most notably, the dorsal striatum ([DS], i.e. the cau-
date), the ventral striatum ([VS], nucleus accumbens) and ventral tegmental area (VTA) have 
been found to play an important role in reward processes (Fareri et al., 2008; O’Doherty, 
2004; Russo and Nestler, 2013). More specifically, depressed individuals showed decreased 
striatal activity (ventral and dorsal) in response to reward anticipation (Pizzagalli et al., 2009; 
Smoski et al., 2009; Zhang et al., 2013) and reward delivery (Admon, Nickerson et al., 2015; 
Smoski et al., 2009; Zhang et al., 2013). Furthermore, increased activation was observed in 
frontal regions including the middle frontal gyrus and the anterior cingulate cortex (ACC) in 
MDD patients during reward anticipation (Zhang et al., 2013). 

Neural reward processing has been related to phasic firing of dopaminergic neurons (Schultz, 
1998; Tobler et al., 2005). In incentive trials, dopamine activity is dependent on the com-
bination of reward anticipation (expectancy) and the subsequent delivery (i.e. consumption 
or outcome) of the reward. When a reward is anticipated but omitted, there is a decrease in 
dopaminergic firing (referred to as a negative prediction error [PE]) whereas a phasic burst 
of dopamine (i.e. positive PE) is observed when the reward delivery is better than expected 
(Schultz, 1998). Positive and negative PEs can be used as parametric modulators in order 
to reflect the magnitude of dopaminergic activation. PEs have been predominantly used 
in fMRI related reinforcement learning models in order to capture reward learning signals 
(Dombrovski et al., 2015; Geugies et al., 2019; Gradin et al., 2011; Kumar et al., 2008; Roth-
kirch et al., 2017). However, PEs also exist in incentive fMRI tasks without an explicit learning 
compound like (card-) guessing tasks or the monetary incentive delay (MID) task (Chase et al., 
2013; Staudinger et al., 2009; Ubl, Kuehner, Kirsch, Ruttorf, Diener et al., 2015; Yacubian et 
al., 2006), although PEs here are often not distinctively examined.

Whereas studies contrasting experimental conditions from incentive tasks have revealed im-
portant information about the neural correlates of reward processing, temporal difference 
modeling of reward-related PE-signals might give a more accurate representation of the re-
ward system (Staudinger et al., 2009). So far, only few studies investigated reward-related 
PE signaling in depression. Reinforcement learning studies found increased activation of the 
VTA (Geugies et al., 2019; Kumar et al., 2008) and decreased VS (Gradin et al., 2011; Kumar et 
al., 2008) and DS (Gradin et al., 2011) activity in (remitted) MDD. Reward expectancy studies 
revealed reduced frontal and striatal activity during anticipation of gain (Chase et al., 2013; 
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Ubl, Kuehner, Kirsch, Ruttorf, Diener et al., 2015) and losses (Ubl, Kuehner, Kirsch, Ruttorf, 
Diener et al., 2015) in MDD. Moreover, these altered reward-related processes in depressed 
individuals seem to be substantially associated with anhedonia. Several studies report a 
negative correlation between anhedonia and basic reward activity in the VS (Der-Avakian 
and Markou, 2012), as well as temporal difference-related VS activity (Rothkirch et al., 2017), 
during reward processing in MDD. However, one other recent study found that higher an-
hedonia was associated with higher VS activity during anticipation in MDD (Ubl, Kuehner, 
Kirsch, Ruttorf, Diener et al., 2015).

Despite these promising insights regarding neural correlates, there is evidence that MDD is 
associated with alterations in connectivity between components of the reward circuitry in 
addition to dysfunction of individual brain areas (Admon, Nickerson et al., 2015). Admon and 
colleagues (2015) found decreased connectivity between the caudate (i.e. DS) and the dorsal 
ACC in response to monetary loss outcome and increased connectivity between these two 
regions in response to monetary gain outcome in MDD patients (Admon, Nickerson et al., 
2015). In line with this finding, Dombrovski et al. (2015) demonstrated disrupted connectivity 
between the DS and prefrontal cortex during probabilistic reversal learning in patients with 
late-life depression (Dombrovski et al., 2015). Despite these interesting findings, it remains 
largely unexplored if alterations in connectivity between other elements of the reward cir-
cuitry, besides the DS, exist and whether these alterations can be linked to depression.

Therefore, this study aims to investigate PE-related striatal and VTA activation in MDD in 
response to anticipation and delivery of monetary rewards, and explore the association with 
anhedonia. Furthermore, we also want to investigate, with an exploratory approach, whether 
MDD is characterized by alterations in connectivity within the reward circuitry, by looking at 
abnormal striatal (VS and DS) and VTA connectivity in response to rewards. In line with liter-
ature, we expected reduced PE-related activity in MDD patients compared to healthy con-
trols (HC) in the VS (Kumar et al., 2008; Pizzagalli et al., 2009) and DS (Admon, Nickerson 
et al., 2015; Pizzagalli et al., 2009) and increased activation of the VTA (Kumar et al., 2008) 
during both reward anticipation and outcome. In addition, we expected a negative correla-
tion between reward activity and anhedonia severity during reward processing (Der-Avakian 
and Markou, 2012; Rothkirch et al., 2017). Moreover, decreased reward-circuitry connectivity 
in MDD patients compared to HC was expected (Admon, Nickerson et al., 2015).

Material and Methods
Participants
Data was derived from the Depression In the Picture (DIP) neuroimaging study conducted 
at the University Medical Center Groningen investigating the neural correlates of depression. 
Permission for the study was obtained from the local ethics committee and written informed 
consent obtained from all participants. Twenty-four MDD patients were recruited through 
specialized mental health care institutions and advertisements at the participating institu-
tions and satisfied the following criteria: (1) presence of at least mild depressive symptoms 
defined as a Beck Depression Inventory (BDI-II) (Beck et al., 1996) score >13 at screening, (2) 
current depressive disorder diagnosis according to the MINI-SCAN (Nienhuis et al., 2010), 
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administered by trained postgraduate students, and 3) age ≥ 18 years. Twenty-four age- and 
sex-matched HC were recruited by means of advertisements at public places and in local 
newspapers. Inclusion criterion for HC was a BDI-II< 9 and HCs were excluded if there was a 
personal history of psychiatric disorders. General exclusion criteria for both groups were: (1) a 
current or lifetime diagnosis of drug dependence, excluding nicotine dependence or history 
of alcohol dependence/abuse, (2) current neurological problems that may interfere with task 
performance, (3) inadequate comprehension of the Dutch language, (4) MRI contraindica-
tions such as metal implants, (5) presence of any cardiovascular disease. Exclusion criteria 
specific for MDD patients were: (1) presence of current or lifetime psychiatric disorders other 
than MDD or anxiety disorders, (2) concrete suicidal plans, (3) psychotropic medication use 
other than SSRI/SNRI/TCA or infrequent benzodiazepine use. 

Task
After a short practice run before scanning, participants performed a monetary incentive de-
lay (MID) task to assess reward processing. The task was a shortened version of the task de-
sign previously described by Pizzagalli and colleagues (2009). The task consisted of 4 blocks 
of 13 trials with a total of 20 reward trials, 20 neutral trials, and 12 loss trials. Each trial con-
sisted of the presentation of a cue (+€ / ±€ / -€ indicating a reward, neutral or loss trial), a 
target presentation (blue square), and reward feedback (i.e. +€1.85). Cues and feedback were 
presented for 1.5s and the target was presented for 0.5s. The inter-stimulus interval varied 
between trials (inter-stimulus interval between cue and target: 3.5s – 9.5s; inter-stimulus in-
terval between target and feedback: 2.5s – 8.5s) to prevent expectancy effects, as was the 
duration of the fixation cross presented between trials (3s – 7s). Stimuli were presented in 
E-prime 2 (Psychology Software Tools, Pittsburgh, PA). Given our aims, neural correlates of 
loss trials were not examined, but maintained for comparability with previous MID studies 
and to prevent participants from associating neutral trials with a loss experience. Participants 
were instructed to press the button on an MRI-compatible button box as quickly as possible 
after target presentation on each trial, in order to maximize their chances of obtaining a re-
ward. If a participant neglected to press the button, no reward could be obtained for that trial. 
Reward success rates were fixed at 80% to ensure a total obtained reward of €10 per par-
ticipant. This reward was added to the financial compensation for participation, to increase 
motivation of the participants.

Data acquisition
Functional images were acquired on a Philips 3-Tesla MR-scanner equipped with a 32-chan-
nel SENSE head coil. T2*-weighted images were acquired with the following parameters: 
425 whole-brain volumes; repetition time 2000 ms; echo time 20 ms; flip angle 70°; 37 
axial slices; no slice gap; 64x61 matrix; voxel size 3.5 x 3.5 x 3.5 mm; field of view (FOV) 224 
x 129.5 x 224 mm. High resolution T1-weighted anatomical images were acquired with the 
following parameters: repetition time 9 ms; echo time 3.6 ms; 170 sagittal slices; 256 x 231 
matrix; voxel size 1 x 1 x 1 mm.
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Temporal difference learning model
In order to parametrically modulate fMRI signals, PEs after (repeated) rewards and during 
(unexpected) non-rewards were computed for the time series of stimuli. Unexpected 
non-rewards occurred when the button was pressed on time but no reward was obtained. 
The calculation of temporal difference PEs was derived from Staudinger et al. (2009). This 
model defines a reward expectation EV as:

EV = m x p

Where m is the expected gain and p is the gain probability. As expected gain we chose aver-
age win and loss values from the practice run. The gain probability was set to 0.8 as 80% of 
the reward trials resulted in an actual win and the other 20% in an omission. 
The PE was defined as:

PE =  R - EV

Where R is the amount of reward that was actually received. 

Analysis

Sample characteristics
Sample characteristics and behavioral data were analyzed in SPSS package v22.0 (SPSS Inc., 
USA). We used independent samples t-tests, χ2-tests and non-parametric Mann-Whitney 
U-test to compare demographic and clinical variables between MDD patients and the HC group. 

Behavioral data
We used repeated measures analysis of variance to examine main effects of group (MDD 
and control) and condition (reward and neutral) and a group x condition interaction with 
reaction times as dependent variable. 

Imaging data
Pre-processing and analysis was performed using SPM12 (http://www.fil.ion.ucl.ac.uk/spm) 
implemented in Matlab R2013a (The MathWorks Inc., Natick, MA). First the PAR/REC files 
were converted to NIfTI format. Both structural and functional images were reoriented in 
AC-PC alignment. Functional images were realigned. To detect possible motion artefacts, 
frame wise displacement (FD) was calculated. Motion was deemed excessive when FD > 0.9 
for a certain volume (Siegel et al., 2014). The amount of volumes with excessive motion was 
minimal (< 10%) for all participants, which we regarded acceptable. Functional images were 
co-registered to the structural T1 images. All images were spatially normalized to Montreal 
Neurological Institute (MNI) space. Finally, all images were smoothed using an 8 mm Full 
Width Half Maximum Gaussian kernel.
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Temporal difference-related activity
For each participant, first-level hemodynamic responses for the different conditions were 
modelled with a general linear model. Reward anticipation, reward delivery, neutral anticipa-
tion, neutral delivery, loss anticipation and loss delivery were defined as regressors. E-prime 
log files were used to extract onset times and durations. Prediction errors were entered into 
the model as parametric modulators. Low frequency noise was removed via a high pass filter 
(128s). Furthermore, realignment parameters, their first derivatives and FD calculations were 
added to the model to address residual movement not corrected by realignment. For all par-
ticipants, first-level contrasts for the total temporal difference-related activation (Reward-
Anticipation + RewardDelivery > Neutral) and for reward anticipation (RewardAnticipation > 
NeutralAnticipation) and reward delivery (RewardDelivery > NeutralDelivery) separate were 
defined and taken to second level.

A priori regions of interest (ROI) were the striatum (caudate and nucleus accumbens) and 
VTA. ROI selection was based on the Reinforcement Learning Atlas (Pauli et al., 2018). At sec-
ond-level, we used a one sample t-test to investigate main effects of task (RewardAnticipa-
tion + RewardDelivery > Neutral contrast). Main effect images were thresholded at p < 0.001 
uncorrected. We used independent two-sample t-tests to determine group differences. As 
we had clear a priori regions of interest, a small volume correction (SVC) was applied with 
significance defined as p < 0.05 FWE corrected.

Generalized psycho-physiological interaction (gPPI) analysis 
We investigated group differences in temporal difference-related connectivity during the re-
ward task with a generalized psychophysiological interaction (gPPI) analysis with VTA, ventral 
striatum and dorsal striatum as seeds during reward versus neutral, both in anticipation and 
delivery. The seeds were extracted from the Reinforcement Learning Atlas (Pauli et al., 2018) 
and were resliced to match the dimensions of the functional data. On first level, separate 
gPPI models for each seed were estimated for each participant. Each first level model con-
tained regressors for the task conditions, one regressor for the seed, and regressors for the 
seed x condition interaction. Furthermore, realignment parameters, their first derivatives and 
FD calculations were added to the model to address residual movement not corrected by 
realignment. Effects for the obtained interaction variable were convolved using a canonical 
hemodynamic response function (HRF). For all participants, first-level contrasts for reward 
anticipation (RewardAnticipation > NeutralAnticipation) and reward delivery (RewardDelivery 
> NeutralDelivery) separate were defined and taken to second level. On second level, we used 
independent two-sample t-tests to determine group differences. An initial threshold was 
set to p < 0.005 uncorrected, where group differences were defined significant at p < 0.017 
(Bonferroni correction: p = 0.05/3 ROIs), FWE cluster-level corrected. 

In order to interpret temporal difference-related activation and connectivity findings, we 
also investigated correlations with anhedonia with separate multiple regression analyses with 
temporal difference-related activation signal and connectivity findings respectively as the 
dependent variable, while anhedonia scores, group and the group x anhedonia interaction 
were examined. Anhedonia scores were calculated as a subscale measurement of the Beck 
Depression Inventory (loss of pleasure, interest, energy and libido; (Pizzagalli et al., 2009)).
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gPPI exploratory analysis: effect of  medication
Because of two recent meta-analyses that indicate that some types of antidepressants may 
have a small positive effect on cognitive functioning (Keefe et al., 2014; Rosenblat et al., 
2015), we chose to do an exploratory analysis by splitting up the patient group into a medi-
cation free group (MDDmed-, n = 14) and an antidepressant using MDD group (MDDmed+, n 
= 10) in order to rule out any medication effects on the results.

Results
Sample characteristics
No significant differences were observed between MDD patients and HC (Table 1). The ex-
ploratory analysis with three groups (HC vs MDD with/without medication) also revealed no 
significant differences between groups (Table 1).

Behavioral results
We observed no significant differences in reaction times between the two groups (MDD 
versus HC) and observed no significant group x condition interaction (Figure 1). There was a 
main effect of condition (F2,92 = 10.79, p < 0.001). Post-hoc least significant difference (LSD) 
comparisons revealed that all participants reacted significantly faster to reward trials than to 
neutral trials (p < 0.001). 

Figure 1. Reaction times for different conditions. Error bars refer to standard error of the mean. 
*p < 0.001
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Functional MRI results

Main effect of  task
We found a main effect of task in reward related areas, especially when we incorporated the 
parametric modulation of the BOLD-response using the prediction errors (Figure 2). 

Figure 2. Main effect of task (RewardAnticipation + RewardDelivery > Neutral contrast thresholded at p < 0.001 un-
corrected). A) Task effect with TD modulation. B) Task effect without TD modulation

Table 1. Demographic and Clinical Characteristics

MDD = major depressive disorder, aLevel of educational attainment (Verhage, 1964). Levels range from 1 to 7 (1 = 
primary school not finished, 7 = preuniversity/university degree), bBeck Depression Inventory (BDI-II) total scores, 
cBeck Depression Inventory (BDI-II) anhedonia-subscores, dMDDmed+ versus MDDmed-, IQR = Inter-quartile range, 
GAD = generalized anxiety disorder, SAD = social anxiety disorder, AG = agoraphobia, AD = antidepressant

1	
	

Table 1. Demographic and Clinical Characteristics 
    MDD HC vs. MDD all  HC vs. MDDmed+, MDDmed- 

  Healthy controls 
(N = 24) 

MDD (all)  
(N = 24) 

med+ 
(N = 10) 

med- 
(N = 14) Test-statistic p Test-statistic p 

Age (years) Mean (range) 44 (24-67) 44 (23-69) 45 (30-66) 44 (23-69) t(46) = -0.11 0.91 F(2,45) = 0.04 0.97 

Sex Male/Female 7/17 6/18 5/5 1/13 X2(1) = 0.11 0.75 X2(2) = 5.53 0.06 

Education levelsa  N (1/2/3/4/5/6/7) 0/1/0/1/6/9/7 0/0/0/1/7/8/8 0/0/0/1/3/2/4 0/0/0/0/4/6/4 X2(4) = 1.20 0.88 X2(8) = 3.71 0.88 

BDI-II at MRIb Median (IQR) 1 (0-3) 27.5 (16-31.75) 17.5 (12.5-28) 28.5 (22-33) U = 0 < 0.001 t(22) = -1.89 0.07d 

Anhedonia MRIc Median (IQR) 0 (0-0) 3 (2-3) 2.5 (1.75-3.25) 3 (1.75-3) U = 30.5 < 0.001 U = 67 0.89d 

Comorbid anxiety N (GAD/SAD/AG) - 4/1/1 1/1/1 3/0/0 - - X2(3) 0.35d 

AD use N (SSRI/SNRI/TCA) - 6/2/2 - - - - - - 
MDD = major depressive disorder, aLevel of educational attainment (Verhage, 1964). Levels range from 1 to 7 (1 = primary school not finished, 7 = preuniversity/university degree), 
bBeck Depression Inventory (BDI-II) total scores, cBeck Depression Inventory (BDI-II) anhedonia-subscores, dMDDmed+ versus MDDmed-, IQR = Inter-quartile range, GAD = 
generalized anxiety disorder, SAD = social anxiety disorder, AG = agoraphobia, AD = antidepressant 
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Temporal difference-related activity results
We found a trend towards decreased temporal difference-related activation in the VS in 
MDD patients compared to HC during reward anticipation and delivery combined (pFWE,SVC 
= 0.052, Table 2, Figure 3). 

Table 2. Between group TD-related activation ROIs

*FWE peak level corrected + small volume corrected, NS = difference not significant after small volume correction

Figure 3. TD-related activity in the ventral striatum. MDD patients show decreased VS activity compared to HC 
during reward anticipation and consumption combined (pFWE,SVC = 0.052).

Functional connectivity (gPPI) results HC vs MDD
Our gPPI analyses revealed that during reward anticipation, MDD patients exhibited de-
creased functional connectivity between the VS and ACC/mPFC, anterior insula, superior/
middle frontal gyrus (SFG/MFG), thalamus, and precuneus compared to HC (Table 3, Figure 
4). Moreover, MDD patients showed decreased functional connectivity between the VTA 
and bilateral insula compared to HC during reward anticipation (Table 3, Figure 5). No group 
differences were found for the DS seed. For all seeds, no group differences were found in 
functional connectivity during reward delivery.
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Table 3. Between group gPPI connectivity, HC vs. MDD

 *FWE cluster level corrected, Bonferroni corrected

Figure 4. gPPI results VS-seed. During reward anticipation, MDD patients show decreased functional connectivity 
between the VS and A) ACC/mPFC (Z = 4.36, p < 0.001), B) left insula (Z = 4.01, p < 0.001), C) SFG/MFG (Z = 4.38, p 
= 0.005), and D) precuneus/thalamus/cerebellum (Z = 5.02, p < 0.001) compared to HC 
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Figure 5. gPPI results VTA-seed. During reward anticipation, MDD patients showed decreased functional connectiv-
ity between the VTA and (A) the left insula (Z = 4.11, p < 0.001) and (B) right insula (Z = 3.71, p = 0.01) compared to HC

 

gPPI results exploratory analysis: effect of  medication
When separating the medication free (MDDmed-) from the antidepressant using MDD pa-
tients (MDDmed+) we found that MDDmed+ patients showed decreased functional connec-
tivity between the VS and mPFC, insula, SFG/MFG, precuneus and thalamus compared to 
HC during reward anticipation (Table 4, Figure 6). The medication-free subjects were not sig-
nificantly different from HC. Furthermore, both MDDmed+ and MDDmed- patients showed 
decreased functional connectivity between the VTA and insula compared to HC during re-
ward anticipation (Table 4, Figure 7). No group differences were found in functional connec-
tivity during reward delivery.

Table 4. Exploratory analysis, between group gPPI connectivity, HC vs. MDDmed+ and MDDmed-

 *FWE cluster level corrected, Bonferroni corrected
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Figure 6. gPPI results exploratory analysis VS seed. During reward anticipation, MDDmed+ patients showed de-
creased functional connectivity between the VS and (A) mPFC (Z = 3.86, p = 0.004), (B) left insula (Z = 4.15, p = 
0.001), (C) SFG/MFG (Z = 4.00, p = 0.01), (D) precuneus/cerebellum (Z = 5.26, p < 0.001), and (E) thalamus (Z = 3.62, 
p = 0.001) compared to HC 

Figure 7. gPPI results exploratory analysis VTA-seed. During reward anticipation, (A) MDDmed+ patients showed 
decreased functional connectivity between the VTA and left insula (Z = 4.49, p < 0.001) and right insula (Z = 3.86, p 
= 0.015) and (B) MDDmed- patients showed decreased functional connectivity between the VTA and the left insula 
(Z = 3.66, p = 0.001) compared to HC 

Correlation with anhedonia
We found no correlation between temporal difference-related reward activation/connectiv-
ity and anhedonia scores.
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Discussion
The present study explored temporal difference-related response of the reward system 
during a monetary incentive delay task. We demonstrated that parametric modulation of 
the BOLD-response with prediction errors optimizes monetary incentive task activation. Us-
ing the temporal difference, we found decreased temporal difference-related activation in 
the VS in MDD patients compared to HC during reward anticipation and delivery combined. 
We found no group differences in temporal difference-related VTA activation. Secondly, 
we exploratorily investigated connectivity between reward circuitry brain areas with gPPI. 
We revealed that during reward anticipation, MDD patients exhibited an overall decrease 
in reward circuit connectivity compared to HC. Exploratory analysis separating medication 
free patients from patients using antidepressant revealed that these decreased functional 
connectivity patterns were mainly apparent in the MDD group that used antidepressants. Of 
note, all group differences were not related to the reward delivery condition, suggesting that 
these results are specific to reward anticipation. 

The decrease in temporal difference-related activation in the VS, is supported by a robust 
body of evidence showing decreased VS activation in MDD during basic reward processing 
(Pizzagalli et al., 2009; Ubl, Kuehner, Kirsch, Ruttorf, Diener et al., 2015). Although our results 
have to be interpreted with caution, as this effect narrowly missed statistical significance (p = 
0.052 FWE/SVC-corrected), this finding is bolstered by the fact that it also replicates previ-
ous results specifically investigating temporal difference-related VS activation (Kumar et al., 
2008). No differences in reaction times were observed between groups, indicating that fMRI 
findings were not confounded by differences between groups in task performance. A similar 
lack of group differences on behavioral responses has been reported before (Knutson et al., 
2008; Pizzagalli et al., 2009; Ubl, Kuehner, Kirsch, Ruttorf, Diener et al., 2015). 

Impaired reward functioning is further corroborated by our gPPI findings of decreased func-
tional connectivity between the reward system and several other brain areas including the 
insula and thalamus. The thalamus is important in detecting sensory information and relay 
this information through projections to the VS and insula (Cho et al., 2013). The insula has 
been linked to anticipating future rewards (Tanaka et al., 2004) and delayed gratification 
(Wittmann et al., 2007). Moreover, a recent meta-analysis of 42 studies has demonstrated 
functional connectivity between the VS and the thalamus and insula (Cauda et al., 2011). 
This connectivity is critical in detecting salient external stimuli and adjust behavior to these 
incentives (Cho et al., 2013). Our observation of decreased VS-insula connectivity during 
anticipation of rewards in MDD suggests that MDD patients have difficulties in integrating 
salient information into motivational processes to shape behavior. Besides this involvement, 
insula activity also appears during PE encoding of reward (Haruno and Kawato, 2006; Jones 
et al., 2011), suggesting encoding of a salience PE (Gu et al., 2016; Metereau and Dreher, 
2013). The decreased VTA-insula functional connectivity in MDD suggests an impairment in 
encoding these salience PEs.

We also found decreased functional connectivity between the VS and the ACC/mPFC and 
superior/middle frontal gyrus during reward anticipation in MDD patients. Animal studies 
provide fundamental evidence that the mPFC is part of the reward system and is involved 
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in reward seeking and reward effort (Tzschentke, 2000). The mPFC receives dopaminergic 
projections from the VTA and sends glutamatergic projections back to the VTA and VS. These 
functional interactions have been suggested to strongly modulate the mesocorticolimbic do-
pamine circuit (Tzschentke and Schmidt, 2000) and have been suggested to be specifically 
related to reward anticipation (Balleine et al., 2007; Knutson, Fong et al., 2001; Wittmann 
et al., 2007). Animal studies report that inactivation of the mPFC reduces the firing rate of 
VS neurons in response to reward-predictive cues (Ishikawa et al., 2008). Disrupted func-
tional connectivity from the VS to the mPFC during anticipation could hamper activation of 
the mPFC, which in turn may alter the feedback projections to the VTA and VS, resulting in 
mesolimbic reward circuitry abnormalities. These current results substantiate the notion that 
dysfunctions in fronto-striatal activity during reward anticipation are an important marker of 
MDD (Zhang et al., 2013). 

Besides their role in the reward circuitry, the ACC/mPFC are, together with the precuneus, 
important areas of the default mode network (DMN). In healthy controls, functional con-
nectivity has been reported between the VS and DMN regions including the precuneus and 
mPFC (Di Martino et al., 2008) during rest. A previous study in depressed individuals found 
that compared with controls, depressed subjects showed decreased connectivity between 
the precuneus/PCC and the striatum (Bluhm et al., 2009), which is in line with the current 
results. The DMN has been found to support internal mental activity and is also critical for 
self-relevance and self-referential processing (Raichle, 2015). It is possible that decreased 
VS-DMN connectivity causes an impairment in assigning salience to external and internal 
stimuli, potentially leading to aberrant salience. 

When separating the medication free patients from the patients using antidepressants, we 
found that the decreased connectivity patterns were mainly apparent in the MDD group that 
used antidepressants. Given the association between antidepressant use and diminished 
neural responses of the reward system (McCabe et al., 2010), and the suggestion that SSRI 
treatment blunts dopaminergic activity, explaining symptoms such as anhedonia and affec-
tive blunting (Goodwin et al., 2017), it can be argued that reward related connectivity may be 
affected by antidepressant treatment, however, this remains purely speculative.

No differences between groups were observed in temporal difference-related activity during 
reward delivery. This finding is in line with studies by Stoy et al. (2012) and Ubl et al. (2015) 
who also report depression related dysfunctions during reward anticipation but not during 
the receipt of reward. Given that other studies report decreased fronto-cingulate-striatal ac-
tivation during the reward delivery phase (Forbes et al., 2009; Knutson et al., 2008; Pizza-
galli et al., 2009), and considering the modest sample size of our study, our null findings 
should be interpreted with caution. Future studies should reveal the extent of dysfunctions 
during reward delivery in MDD.

The present study did not identify a correlation between brain activation/connectivity of the 
reward system and hedonic capacity. This lack of an association is in contrast to other papers 
(Chase et al., 2010; Ubl, Kuehner, Kirsch, Ruttorf, Diener et al., 2015). However, differences 
in task paradigms and anhedonia questionnaires might account for these differences. E.g., 
Chase et al. (2010) used a probabilistic selection task and Ubl et al. (2015) employed a modi-
fied version of the MID task we used. In both studies hedonic capacity was measured with the 
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Snaith Hamilton Pleasure Scale (SHAPS), while we assessed anhedonia with the BDI anhe-
donia subscore, which resulted in a narrow range of anhedonia scores. The SHAPS embodies 
a more extensive measurement of consummatory anhedonia which may have been more 
sensitive in mapping anhedonia levels. 

Strengths and limitations
The current design enabled us to explore functional connectivity alterations in the reward 
circuitry, which is a novel feature compared to measuring altered activity of reward related 
brain areas during reward processing, as supported by previous work (Admon, Holsen et al., 
2015; Pizzagalli et al., 2009; Smoski et al., 2009; Zhang et al., 2013). Furthermore, this study 
is novel in modeling temporal difference signals in a MID task which might give a more accu-
rate representation of reward-related brain activity and connectivity. Nevertheless, potential 
limitations exist. First, no temporal difference-related VTA task activity was found. The na-
ture of the task used in this study may account for the absence of temporal difference-relat-
ed activity in the VTA. Traditionally, the MID task has been designed to investigate changes in 
neural activity in response to basic processing of reward. Activation in the VTA, elicited from 
firing of dopaminergic neurons during reward-related learning, is most likely best reflected 
by a classical conditioning paradigm, for example used by Kumar et al. (2008). Second, ten 
out of twenty-four MDD patients were receiving antidepressants at time of scanning. Split-
ting up the patient group into two groups in order to rule out any medication effects on the 
results, showed detrimental effects of antidepressants on reward processing. However, this 
resulted in small sample sizes per subgroup. Interpretation of these results should therefore 
be done with caution until they can be replicated in larger samples. 

Conclusion
The present study showed that MDD is characterized rather by alterations in reward circuit 
connectivity than isolated activation impairments in brain areas underlying the reward-sys-
tem. These findings represent an important extension of the existing literature as improved 
understanding of neural pathways underlying depression-related reward dysfunctions, may 
help currently unmet diagnostic and therapeutic efforts. The finding that antidepressants 
might decrease connectivity in the reward-system requires future research with primary in-
terest in the effects of antidepressants in larger samples.
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Abstract
One of the core symptoms of major depressive disor-
der is anhedonia, an inability to experience pleasure. 
In patients with major depressive disorder, a dysfunc-
tional reward-system may exist, with blunted temporal 
difference reward-related learning signals in the ven-
tral striatum and increased temporal difference-relat-
ed (dopaminergic) activation in the ventral tegmental 
area. Anhedonia often remains as residual symptom 
during remission; however, it remains largely unknown 
whether abovementioned reward-systems are still 
dysfunctional when patients are in remission. We used 
a Pavlovian classical conditioning functional MRI task 
to explore the relationship between anhedonia and the 
temporal difference-related response of the ventral 
tegmental area and ventral striatum in medication-free 
remitted recurrent depression patients (n = 36) versus 
healthy controls (n = 27). Computational modelling was 
used to obtain the expected temporal difference errors 
during this task. Patients, compared to healthy controls, 
showed significantly increased temporal difference re-
ward-learning activation in the ventral tegmental area 
(pFWE,SVC = 0.028). No differences were observed be-
tween groups for ventral striatum activity. A group by 
anhedonia interaction (t57 = -2.29, p = 0.026) indicated 
that in patients, higher anhedonia was associated with 
lower temporal difference activation in the ventral teg-
mental area, while in healthy controls higher anhedonia 
was associated with higher ventral tegmental area acti-
vation. These findings suggest impaired reward-related 
learning signals in the ventral tegmental area during 
remission in depression patients. This merits further in-
vestigation to identify impaired reward-related learning 
as an endophenotype for recurrent depression. More-
over, the inverse association between reinforcement 
learning and anhedonia in patients implies an addition-
al disturbing influence of anhedonia on reward-related 
learning or vice versa, suggesting that the level of anhe-
donia should be considered in behavioural treatments.
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Introduction
Major depressive disorder is a highly prevalent and disabling disease (Mathers and Loncar, 
2006). Although treatment of a depressive episode can induce remission of symptoms, de-
pressive episodes unfortunately tend to recur after a period of recovery (Frank et al., 1991). 
The incidence of recurrences varies (depending on the population and setting) but may reach 
80% within 5 years (Bockting et al., 2009). Therefore, recurrence is a major contributor to the 
immense (in)direct annual costs of major depressive disorder (estimated >113 billion euros in 
Europe) (Gustavsson et al., 2011), which necessitates prevention of recurrence and knowledge 
of underlying etiopathogenetic mechanisms. 

An inability to experience pleasure/reward (anhedonia) is one of the core symptoms of de-
pression (Ebmeier et al., 2006) and often persists as residual symptom after remission (Con-
radi et al., 2011). The ability to experience reward appears important in providing resilience 
against recurrence. Positive emotional responses decrease stress-sensitivity (Wichers et al., 
2007), and predict recovery during antidepressant treatment (Wichers et al., 2009). Further-
more, pleasure also has an important motivational function; it reinforces behaviour that leads 
to (potentially) pleasurable events (conditioning) (Pavlov, 1927). Patients with major depres-
sive disorder often report either difficulties in experiencing normally positive events as plea-
surable (i.e. consummatory anhedonia or ’liking’) or deficits in motivation to pursue rewards 
(i.e. motivational anhedonia or ‘wanting’) (Treadway and Zald, 2011). Furthermore, patients 
with major depressive disorder have difficulties in learning new behaviours that might im-
prove their mood or keep them well (Vrieze et al., 2013).

Wanting, liking and learning have been identified as three important dissociable components 
of reward (Berridge et al., 2009), where especially wanting and learning have been linked to 
dopaminergic neurotransmission in the reward-network consisting of the ventral striatum 
(VS) (Knutson, Adams et al., 2001; Schott et al., 2008), and ventral tegmental area (VTA) 
(D’Ardenne et al., 2008; Kumar et al., 2008; Schott et al., 2008). In the reward circuitry, 
the VTA projects to the VS and receives projections from the habenula, which is involved 
in regulating the intensity of reward-seeking and distress-avoiding behaviour (Loonen and 
Ivanova, 2017). 

Previous studies have shown that reward learning stimuli evoke short phasic firing patterns of 
dopaminergic neurons (Schultz, 1998; Tobler et al., 2005), resembling temporal difference 
(TD) prediction errors (Kumar et al., 2008; Schultz et al., 1997). TD-prediction errors are im-
portant for making a predictive association between stimuli and outcomes when stimuli are 
repeated and learned. Over time, dopaminergic neurons will predict a response as a result of 
previous associations between a stimulus and its rewarding value (classical conditioning/re-
inforcement learning). Briefly, before learning, delivery of an unexpected reward is followed 
by phasic dopamine activation. When the association between stimulus and reward has been 
consolidated, dopaminergic firing is activated at the presentation of the stimulus (cue), while 
firing to the reward itself is reduced when delivered as expected. However, when a learned 
cue is not followed by an expected reward, this results in a decrease in dopaminergic firing 
(below baseline), representing negative prediction errors. 
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Dysfunctions in anticipatory and consummatory reward processes in major depressive dis-
order have been investigated (Knutson et al., 2008; Pizzagalli et al., 2009; Smoski et al., 
2009), as well as TD reward-related learning in depressed patients versus controls (Kumar 
et al., 2008). Kumar and colleagues identified increased activation of dopaminergic neurons 
in the VTA when thirsty patients with major depressive disorder were learning associations 
between a stimulus (picture) and a reward (water delivery) (Kumar et al., 2008). Furthermore, 
the VS has been repeatedly reported to be hypoactive in major depressive disorder both in 
reinforcement-learning as in other reward processing paradigms (Gradin et al., 2011; Hall et 
al., 2014; Kumar et al., 2008; Pizzagalli et al., 2009; Robinson et al., 2012). 

Although evidence for a dysfunctional reward-system in depressed patients is established 
(Martin-Soelch, 2009), there is still very little understanding whether these reward-systems 
remain dysfunctional when patients are in remission. Previous studies conducted in subjects 
at risk for depression and with sub-threshold depression have demonstrated that abnormal-
ities in processing of wanting and liking aspects of reward may be a trait marker for major de-
pressive disorder (McCabe et al., 2009; McCabe et al., 2012; McCabe, 2016; Pan et al., 2017; 
Stringaris et al., 2015). However, it remains largely unknown whether a dysfunction in pro-
cessing of reward related-learning represents a trait rather than a state-dependent abnor-
mality, which may be of importance with regard to vulnerability for recurrence. Furthermore, 
little is known about the association between persistent anhedonia and deficits of reward 
processing in remitted patients (Dunlop and Nemeroff, 2007). We therefore quantified the 
response of the dopamine reward system (i.e. VS and VTA) during a classical conditioning 
functional MRI task in medication-free remitted recurrent depression patients (rrMDD), who 
were at high risk of recurrence (Mocking et al., 2016). In addition we hypothesized a link be-
tween abnormalities in the reward system and anhedonia levels. Based on earlier work in 
depressed patients during classical conditioning (Kumar et al., 2008), we hypothesized de-
creased VS activation and increased VTA activation in response to TD reward-related learning 
in rrMDD versus controls, with positive associations of these abnormalities with anhedonia. 

Material and Methods
Participants 
As part of a larger neuroimaging study investigating vulnerability for recurrence in major de-
pressive disorder (Mocking et al., 2016), participants were recruited by advertisements and 
through previous clinical treatment and/or previous studies. In particular, patients aged 35-
65 with a known recurrent depressive disorder, currently in stable remission without medica-
tion, were identified and approached for this study. Matched healthy controls were recruited 
via advertisements. We obtained permission from the local ethics committee and written 
informed consent from all participants (Mocking et al., 2016). Dimensional assessment of ill-
ness severity was obtained by an observer rated Hamilton Depression Rating Scale (HDRS17) 
(Hamilton, 1967), and a self-rated Snaith Hamilton Anhedonia and Pleasure Scale (SHAPS) 
(Snaith et al., 1995). Sixty-two patients with major depressive disorder were scanned who 
satisfied the following criteria: (1) presence of a recurrent depression defined as ≥2 depressive 
episodes according to the structured interview for DSM-IV (SCID), (2) stable remission de-
fined as a HDRS17 ≤7 for at least 8 subsequent weeks, (3) age between 35-65. We scanned 
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41 healthy controls that were matched on the basis of age, sex and years of education. All 
participants were without any medications for >4 weeks. Exclusion criteria were: (1) a current 
diagnosis of alcohol or drug dependence, (2) psychotic or bipolar disorder, (3) primary anxiety 
disorder, (4) MRI participation contraindications such as implanted metal, (5) electroconvul-
sive therapy within two months before scanning, (6) a history of head trauma or neurological 
disease. Healthy controls were excluded if they had personal (SCID) or 1st-degree relatives 
with a psychiatric disorder.

Task
A Pavlovian classical conditioning task was used specifically to assess reward learning during 
passive observation (Kumar et al., 2008) instead of an instrumental design that would have 
allowed to fit behavioral responses but potentially focusses on different aspects of learning. 
Participants were asked to refrain from liquids for ≥6 hours prior to scanning to ensure they 
were thirsty. The Pavlovian classical conditioning task consisted of four blocks of 30 trials of 
8 seconds each. The task started with one block (30 trials) without juice delivery (the neutral 
condition), but with the to-be conditioned stimuli (but not yet conditioned). After the neutral 
block, three blocks followed that included juice delivery. One of two pictures was alternately 
shown on the screen (the conditioned stimulus [CS]) two seconds after the start of each trial. 
Two seconds thereafter, the CS was followed by the presence or absence of small amounts 
(0.2 ml) of rewarding juice (the unconditioned stimulus [US]) at different probabilities (80%-
20%). See Figure 1 for the task paradigm. Every block, a change occurred (three times in total) 
in which the picture that was ‘rewarding’ (for 80% of the time) was switched with the non-re-
warding picture. Before and after the task participants received 0.2 ml of fluid after which 
they were asked how much money they were willing to pay to get more juice (wanting) and 
how much they enjoyed the taste of the juice (liking). A visual analog scale ranging from -2 
(receive money/unpleasant respectively) to 2 (pay money/pleasant respectively) was used 
to assess wanting and liking, with the center of the scale being neutral. Juice delivery was 
via a polythene tube which was attached to a syringe-driver pump (B Braun-Infusomat P) 
positioned in the scanner control room, interfaced with the stimulus presentation computer. 
Stimuli were presented using E-prime 2 (Psychology Software Tools, Pittsburgh, PA). The 
participants were instructed to try to find out which picture predicted the juice delivery and 
notified that this association could change over time. With changing probabilities of juice 
delivery, temporal difference reward-learning signals were calculated (Kumar et al., 2008). 
Other tasks within the same MRI session were done after the Pavlovian task to avoid possible 
confounding effects. 
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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 acquisition
MR images were acquired on a Phillips 3T Achieva XT MRI scanner using a 32-channel SENSE 
head coil. T2*-weighted gradient-echo-planar images were collected with the following pa-
rameters: TR 1500 ms, TE 28 ms, 25 slices, 1125 volumes, FOV: 240 x 240 mm and matrix 
80 x 80; voxel size: 3x3x3 mm. Slices were oriented with 30 degrees tilt from the AC-PC 
transverse plane and acquired in ascending order. High resolution T1-weighted anatomical 
images were acquired with the following parameters: TR 8.3 ms, TE 3.8 ms, 220 slices, FOV: 
240 x 188 mm and matrix 240 x 240; voxel size: 1x1x1 mm. Cardiac and respiratory signals 
were acquired concurrently during the scan and used to facilitate physiological noise correc-
tion in the analysis. 

Data preprocessing
Images were preprocessed using SPM12 (http://www.fil.ion.ucl.ac.uk/spm) implemented in 
Matlab R2013a (The MathWorks Inc., Natick, MA). Structural and functional images were re-
oriented in anterior-posterior commissure alignment to facilitate coregistration. Functional 
images were realigned to the first functional image and were coregistered to the T1-weighted 
image. Structural images were segmented into grey matter, white matter, and cerebrospi-
nal fluid. T1-weighted image were used to create a study-specific group template using the 
DARTEL algorithm (Ashburner, 2007). Subsequently, functional images were normalized to 
Montreal Neurological Institute space using this intermediate group template. Voxel sizes 
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remained 3x3x3 mm during DARTEL spatial normalization, and images were smoothed with 
a 4mm Gaussian kernel. Physiological cardiac and respiratory noise signals were modelled 
and eliminated retrospectively by the DRIFTER algorithm (Sarkka et al., 2012), a Bayesian 
method for physiological noise modelling and removal, allowing accurate dynamical track-
ing of the variations in the cardiac and respiratory frequencies. Frequency trajectories of the 
physiological signals were estimated by the interacting multiple models filter algorithm (ref-
erence signal 1 = respiratory signal: sampling interval = 500 Hz, array of possible frequencies 
= 10:70 bpm; reference signal 2 = cardiac signal: sampling interval = 500 Hz, array of possible 
frequencies = 40:140 bpm). The estimated frequency trajectories were then used in a state 
space model in combination 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). 

Temporal difference learning model
From each participant, the E-prime log files were used to extract the timing of the US and 
the CS. All eight time points were modelled, with the CS defined at time point 3 and the US 
at time point 6. The calculation of the TD prediction errors was derived from Kumar et al. 
(2008), who used a standard temporal difference model derived from Dayan and Abbott 
(Dayan and Abbott, 2001). As in previous studies, a same set of parameters was used for all 
subjects (Daw, 2011; Gradin et al., 2011; Kumar et al., 2008; Kumar et al., 2018). The predicted 
value (V) at any time t was defined as:

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

Where α is corresponding to a factor chosen in advance which represents the learning rate. 
As recommended for model-based fMRI analysis (Wilson and Niv, 2015), we selected mul-
tiple plausible learning rates from the literature (0.1 and 0.4 from Kumar et al. (2008) and 
O’Doherty et al. (2006); 0.2 from O’Doherty et al. (2003; 2004); 0.45 from Gradin et al. 
(2011); 0.5 from Lawson et al. (2017) and explored which learning rate fitted our data best. 
We chose α = 0.45 as the optimal learning rate based on optimal signal-to-noise ratio calcu-
lations and estimation of efficiency values of SPM designs (see Liu et al. (2001) and Supple-
mentary Material for details regarding the calculation of estimation efficiency). To ensure our 
results were robust, we compared TD-related activation in the CS x TD + US x TD contrast 
across the range of learning rates (see Supplementary Material). 
The TD error signal was defined as:

Where r(t) is coded with a 1 or a 0 (for all time points) for delivery of juice or no-juice respec-
tively and  corresponds to a factor chosen in advance which determined the importance of 
later reinforcements compared with previous ones. Following previous studies, γ = 1.0 was 
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used (Gradin et al., 2011; Kumar et al., 2008). This means that the model did not include 
discounting effects and assumed that such effects did not differ between groups, which is a 
common assumption in model-based fMRI literature (Gradin et al., 2011; Kumar et al., 2008; 
O’Doherty et al., 2003; O’Doherty et al., 2006).

Statistical analysis

Sample characteristics
Analyses were performed with SPSS v22.0 (SPSS Inc., USA). We used p < 0.05 as threshold 
for significance. Independent samples t-tests, χ2-tests and non-parametric Mann-Whit-
ney U-tests were used to compare demographics (age, sex, education, IQ) and clinical vari-
ables (HDRS, SHAPS, number of lifetime episodes, age of onset) between rrMDD and 
healthy controls. 

Behavioural data
Group differences in wanting and liking ratings were analysed using repeated-measures 
analysis of variance with group (rrMDD, healthy controls) as the between-subjects factor and 
time (pre-task and post-task) as the within-subjects factor. Because groups differed slightly 
but significantly, we used HDRS scores as a covariate, to exclude effects driven by (small) 
HDRS differences.

Imaging data
In SPM12, an event related random effects design was used for the analysis. For each par-
ticipant, first-level hemodynamic responses for each stimulus (CS and US) were modelled 
using a canonical Hemodynamic Response Function model. The TD prediction errors were 
entered into the model as parametric modulators for the CS and US conditions. In order 
to look at main cue and delivery task effects separately, we modelled a CS>neutral and a 
US>neutral condition. We also modelled a pooled contrast (CS+US>neutral) in order to see 
if the task would elicit ventral striatum activity regardless if it was during cue (CS) or delivery 
(US). Given our primary hypothesis about TD-related activation, we modelled the contrast 
CS x TD + US x TD. Separate contributions of the CS and US TD-errors were also modelled 
by a CS x TD and US x TD condition. A high pass filter of 128s was used in order to remove 
low frequency noise. Realignment parameters and their first derivatives were added to the 
model to address residual movement not corrected by realignment. 

A priori regions of interest (ROI) were the VTA and VS. ROI selection was based on the defi-
nition used by D´Ardenne et al. (2008) who applied a comparable task and analysis, spe-
cifically tailored to image dopaminergic signals in the VTA and VS (D’Ardenne et al., 2008). 
At second-level, we used a one sample t-test to investigate main effects of cue/delivery 
(CS+US>Neutral, CS>Neutral and US>Neutral contrasts), and main effect of PE (CS x TD+US 
x TD). We used independent two-sample t-tests to look at differences between patients and 
controls (CS x TD + US x TD and CS x TD and US x TD separately). The main effect of cue/
delivery images were thresholded at p < 0.05 uncorrected to display the extent of the signal 
(Kumar et al., 2008) As we had clear a priori regions of interest, a small volume correction 
(SVC), based on VTA and VS coordinates from previous research (D’Ardenne et al., 2008), 
with a sphere of radius 5mm, was applied with significance defined as p < 0.05 FWE corrected.  
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A second analysis was performed with HDRS scores as a covariate. We then evaluated the 
association between the VTA TD-signal and anhedonia (SHAPS (Franken et al., 2007)) with 
a multiple regression analysis. Here the VTA TD-signal was the dependent variable, while 
SHAPS-scores, group and the group x SHAPS interaction were examined with HDRS scores 
as a covariate. Based on the suggestions of anonymous reviewers we performed additional 
sensitivity analyses. These are described in the Supplementary Material.

Data availability
The data that support the findings of this study are available upon reasonable request.

Results
Patient disposition and sample characteristics
From the 62 rrMDD-patients and 41 healthy controls that were scanned, we excluded 3 pa-
tients and 2 healthy controls due to abnormal brain anatomy and 5 patients and 4 healthy 
controls due to corrupted or missing task data. During the analysis phase, 18 patients and 
8 healthy controls were excluded due to missing or corrupted physiological data needed 
for filtering of cardiac and respiratory noise, leaving a sample of 36 patients and 27 healthy 
controls included in the final analyses. Excluded subjects did not significantly differ in sample 
characteristics from the included sample. No significant differences were observed between 
rrMDD-patients and healthy controls (Table 1), except higher residual symptomatology 
(HDRS; U = 224, p < 0.001) and anhedonia (SHAPS; U = 253, p = 0.002) in rrMDD-patients.

Table 1. Demographic and clinical characteristics

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

Behavioural results
For the wanting and liking ratings (corrected for HDRS differences) no main effect of group 
or time was observed. No significant group-by-time interactions were identified (Figure 2). 
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Figure 2. Liking and Wanting ratings. (A) Liking ratings: no significant main effect of group (F1,57 = 1.00, p = 0.322), 
no significant main effect of time (F1,57 = 2.67, p = 0.108) and no significant group x time interaction (F1,57 = 2.52, p = 
0.118). Depicted are the estimated marginal means (means adjusted for any other variables in the model) with stan-
dard errors. (B) Wanting ratings: no significant main effect of group (F1,57 = 1.77, p = 0.188), no significant main effect 
of time (F1,57 = 0.06, p = 0.803) and no significant group x time interaction (F1,57 = 0.002, p = 0.961). Depicted are the 
estimated marginal means (means adjusted for any other variables in the model) with standard errors
.

Functional MRI results
We observed main effect activation of the VS during delivery of cues and reward (CS + US > 
Neutral, CS > Neutral and US > Neutral contrasts; Table 2 and Supplementary Figure 2). We 
also found a main effect of PE in the VTA and the VS (CS x TD + US x TD contrast, Table 2 
and Supplementary Figure 3). We found increased TD-related activation (CS x TD + US x TD 
contrast) in the VTA in rrMDD-patients compared to healthy controls (pFWE,SVC=0.028, Table 3 
and Figure 3). The significance of this group-difference was pFWE,SVC=0.048 after correction for 
HDRS-scores between groups (Supplementary Figure 4). TD-signals in the VS did not differ 
significantly between groups. When comparing rrMDD versus healthy controls in the CS x 
TD and the US x TD contrast separately, differences in TD-related VTA activation were not 
significant (Table 3). 

Table 2. Within group activation

rrMDD=remitted recurrent major depressive disorder, HC=Healthy Controls, CS=conditioned stimuli, US=uncondi-
tioned stimuli, TD=temporal difference signal, VS=Ventral Striatum, VTA=Ventral Tegmental Area. 
*puncorrected in order to display the extent of the signal
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Figure 3. TD-error related activation comparing rrMDD vs. healthy controls. rrMDD-patients show more activation 
related to TD-signals in the VTA compared to healthy controls (Z = 2.79, p = 0.028 FWE corrected on peak-level, 
small volume corrected).

Table 3. Between group activation

rrMDD=remitted recurrent major depressive disorder, HC=Healthy Controls, CS=conditioned stimuli, US=uncondi-
tioned stimuli, TD=temporal difference signal, VS=Ventral Striatum, VTA=Ventral Tegmental Area. 
*FWE peak level corrected + small volume corrected

Association between VTA TD-signal and anhedonia ratings
The regression model with SHAPS-scores, group, group x SHAPS interaction and HDRS ex-
plained 21% of the variance (F4,57 = 3.78, p = 0.009). This model showed a significant group 
x SHAPS interaction (t57 = -2.29, p = 0.026) in addition to the main effect for group (t57 = 
3.03, p = 0.004; Figure 4). In rrMDD-patients, higher anhedonia was associated with lower 
VTA TD-activation. In healthy controls, higher anhedonia was associated with higher VTA 
TD-activation.
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Figure 4. Association of VTA-activation and anhedonia (SHAPS). Significant group x SHAPS interaction (t57 = -2.29, 
p = 0.026) and a main effect for group (t57 = 3.03, p = 0.004).

Discussion
This study explored the response of the VTA and VS during a classical conditioning func-
tional MRI task in medication-free remitted recurrent depression patients compared to 
healthy controls. We found significantly increased TD reward-learning activation in the VTA 
in rrMDD-patients compared to healthy controls. No differences between the groups were 
observed for VS activity. Moreover, we investigated the relationship with anhedonia and 
showed that in rrMDD-patients, higher anhedonia was associated with lower VTA TD re-
ward-learning activation, while in healthy controls; higher anhedonia was associated with 
higher VTA activation. 

This study did not demonstrate the difference in basic wanting and liking processing, as 
described in depressed patients (Treadway and Zald, 2011). Furthermore, wanting and liking 
properties did not differ over time between both groups. This result is in agreement with Mc-
Cabe et al. (2009) who also found no significant differences between recovered depression 
patients and healthy controls on ratings of wanting (pleasantness) and liking (McCabe et al., 
2009). This suggests that these differences are either not present, or are smaller in a remit-
ted state. This notion is further corroborated by our functional MRI findings, where we found 
no group differences in basic processing of reward in the VS. Previous functional MRI studies 
in depressed patients found reduced VS activity (Pizzagalli et al., 2009; Robinson et al., 2012; 
Smoski et al., 2009), although not consistently (Knutson et al., 2008; Rothkirch et al., 2017; 
Rutledge et al., 2017). Inconsistencies might be attributable to differences in study designs 
and/or patient characteristics. However, studies investigating reward processing in remitted 
depression patients, consistently, never reported VS differences (Dichter et al., 2012; Ham-
mar et al., 2016; Ubl, Kuehner, Kirsch, Ruttorf, Flor et al., 2015). We therefore propose that 
the reduction in reward sensitivity and VS activation during reward delivery in depressed 
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patients is likely to recover after achieving remission and therefore could be considered a 
state effect. Another explanation for a difference between VTA and VS TD-activation can 
be based on findings by Klein-Flügge and colleagues (2011) who demonstrated that classic 
TD reward PE activity was specific to the VTA, but not the VS, which suggests decoupling 
between VTA DA neuron firing and VS DA release.

In contrast to the suggested recovery of basic wanting and liking processing in remitted depres-
sion patients, our results show that the underlying learning-signals to learn the associations be-
tween reward outcome and stimuli are impaired. Kumar and colleagues previously demonstrat-
ed increased VTA TD-related activations during reward-learning in patients while depressed, 
which correlated with illness severity (Kumar et al., 2008). These findings were interpreted as 
reflecting a compensatory response to an impaired function of other non-brainstem regions, 
such as the VS, of the mesolimbic pathway. However, the current results demonstrate that also 
in remitted recurrent depression, increased VTA activity during reward-learning persists, while 
the difference in TD-related activation in the VS seems to be restored.

However, Kumar et al. previously investigated a sample of depressed patients who were non-
responsive to long-term antidepressants, and healthy controls in unmedicated and (acutely) 
medicated state (Kumar et al., 2008). Interestingly, the TD-signals in the VS of medicated 
healthy controls (compared to the unmedicated healthy controls) were reduced and did no 
longer differ significantly from patients with major depressive disorder. Animal studies report 
different effects of acute versus chronic administration of antidepressants (Sekine et al., 2007) 
and in patients with major depressive disorder, acute administration of antidepressants reduced 
TD-error-related neural activity in the VS (Chase et al., 2013; Herzallah et al., 2013; McCabe et 
al., 2010). Therefore, it could be hypothesized that reduced TD-signals in the VS in medicated, 
depressed patients might reflect medication-effects instead of state-effects. Indeed, a recent 
paper corroboratively reported no differences in prediction error-related activity in the VS in 
unmedicated depressed patients versus healthy controls (Rothkirch et al., 2017). We are aware 
that there are relatively few studies on unmedicated samples, and that previous cohorts are 
often slightly less severe than medicated cohorts. Therefore, it is difficult to make claims about 
medication based on the present unmedicated cohort, and more direct comparisons are need-
ed. However, the described effects of medication could provide an additional explanation for 
our findings of comparable TD-related activity in the VS.

Our finding of increased VTA TD-signals in rrMDD-patients versus healthy controls is in line 
with the report in unresponsive medicated patients with major depressive disorder (Kumar et 
al., 2008) and suggests a trait-like abnormality. I.e., impaired reward related-learning is asso-
ciated with major depressive disorder, and seems to be state-independent, which are both 
important criteria of the endophenotype concept (Gottesman and Gould, 2003), relevant for 
recurrent depression. Nevertheless, to the best of our knowledge, the heritability (another en-
dophenotype characteristic) of impaired reward related-learning has yet to be demonstrated.

The phasic dopamine firing into TD-signals has been well described (Schultz et al., 1997; 
Schultz, 1998; Tobler et al., 2005), which makes it valid to interpret TD-signal impairments 
as a dysfunction of the dopaminergic system. The role of the (dysfunctional) dopamine sys-
tem in the pathophysiology of major depressive disorder has been emphasized by Dunlop 
and Nemeroff (Dunlop and Nemeroff, 2007). They suggest the existence of subtypes of  



52

depression stemming from abnormal dopaminergic neurotransmission, and suggest further 
research regarding the involvement of dopamine circuit dysfunction in non-response to 
treatment, or treatment resistance. Given that 20% of recurrent depressive episodes be-
come chronic despite treatment (Judd et al., 1998), and with the present findings in mind, 
future studies focusing on reward-related learning impairments in treatment resistant de-
pression are warranted.

The significant group x anhedonia interaction indicated that rrMDD-patients with higher lev-
els of anhedonia have reduced VTA TD-signals. Reduced VTA activity was also reported by 
Dillon and colleagues who investigated reward memory in unmedicated adults with ma-
jor depressive disorder (Dillon, Dobbins et al., 2014). Furthermore, the group x anhedonia 
interaction indicated that healthy controls with higher levels of anhedonia have increased 
VTA TD-signals. Interestingly, a study in healthy participants reported that higher levels of 
anhedonia were not associated with the VTA, but instead associated with reduced activity in 
other key areas of the reward circuitry linked to the VTA (basal forebrain, ventral striatum). 
Therefore, the observed increased VTA-activity in healthy controls might be compensatory 
to overcome a diminished reward-sensitivity in more anhedonic healthy controls (Keller et 
al., 2013). 

In contrast, the opposite relation between anhedonia and VTA TD-activation in major de-
pressive disorder, even in the remitted state, could be interpreted in accordance to Eldar and 
Niv (2015), who have suggested that reward prediction errors are strongly related to mood 
(Eldar and Niv, 2015). If remitted depressed individuals are recovering from depression, it 
may be that they experience larger positive prediction errors as they find rewarding events 
more rewarding than they are used to. Hence a larger reward prediction error might be ob-
served. This would explain why remitted depression patients with greater residual anhedonia 
have smaller prediction error responses,

Another explanation can be based on Liu and colleagues (2017), who found that in de-
pressed, unmedicated major depressive disorder, especially in response to expected pun-
ishment, higher levels of anhedonia were associated with attenuated habenula activation. 
The habenula is not only important in punishment processes (i.e. expectation of aversive 
stimuli), but also plays a central role in reward processing (i.e. absence of rewards) (Lawson 
et al., 2014), specifically via projections to the VTA. Studies investigating habenula function 
in humans and animal models of major depressive disorder showed that the habenula is 
hyperactive in major depressive disorder (Benarroch, 2015; Dillon, Rosso et al., 2014; Lecca 
et al., 2014; Liu et al., 2017; Shumake and Gonzalez-Lima, 2013; Zhao et al., 2015). Since 
the habenula is known to inhibit VTA dopaminergic firing (Matsumoto and Hikosaka, 2007), 
and the absence of a reward is in particular a strong activator of the habenula (Proulx et al., 
2014), this could explain the negative correlation between anhedonia and VTA TD-signals 
in rrMDD-patients. More anhedonic rrMDD-patients, experiencing less/absence of rewards, 
might have further increased habenula hyperactivity, resulting in increased (habenula-driv-
en) inhibition of dopaminergic firing in the VTA. By a stronger decrease in reward expectancy 
this could even strengthen anhedonia and associated depressive behaviour in a vicious circle. 
Via this mechanism, anhedonia might have a modifying effect on the effectiveness of be-
havioural treatments, commonly used to alleviate major depressive disorder, which however 
remains to be established (Treadway and Zald, 2011). Notably, in rats, a decrease of habenula 
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firing has been associated with reduction of depressive-like behaviour (Li et al., 2011), and 
deep brain stimulation in the habenula resulted in remission of symptoms in a patient with 
treatment-resistant depression (Sartorius et al., 2010). Unfortunately, due to low power, our 
present study-design was not suitable for specifically exploring negative TD errors coding 
for the absence of a reward. Therefore, the role of the habenula in the association between 
anhedonia and TD-signals remains speculative, requiring verification in future studies. 

Regardless whether a functional impairment of the VTA or the habenula underlies the asso-
ciation with anhedonia, it would be interesting to investigate whether the observed impair-
ments in reinforcement learning are associated with recurrence. A link between recurrence 
and impaired reinforcement learning would suggest that –in line with previous research- the 
focus of therapy should not only lie on diminishing negative affect but also enhancing posi-
tive affect by training patients to focus attention on positive reinforcers (Servaas et al., 2017; 
Wichers et al., 2010; Wichers et al., 2012). Focusing on positive experiences might train the 
ability to make associations between behaviour and pleasurable outcomes and might rein-
force repetition of reward provoking behaviour (operant conditioned learning). Training the 
ability for (rr)MDD patients to learn about rewarding feedback in daily life and remediate 
impaired reinforcement learning should be investigated in future studies, while considering 
anhedonia as a moderator. 

Strengths and limitations
This is the first study exploring reinforcement learning during remission in a relatively large 
group of unmedicated patients with major depressive disorder. Nevertheless, potential lim-
itations are present. First, like in the original task (Kumar et al., 2008), the experimental task 
lacked an active response to the appearance of the pictures on the screen. This excludes 
the possibility of any behavioural confound in the Pavlovian learning. Although this passive 
conditioning task was specifically used to assess particular aspects of learning, participants 
might have lost their engagement or attention to the task and we were not able to assess 
individualized learning rates. In new experiments, an active response (e.g. button press) will 
be embedded in the task, which will facilitate the possibility to fit the model to the data and 
select parameters that show the best overall fit to the signals. Furthermore, future analyses 
could benefit from novel methods that extract parameters by fitting computational models 
to neural data alone or to a combination of behavioural and neural data at the same time 
(Frank et al., 2015; Purcell et al., 2010; Turner et al., 2013; Turner et al., 2016; van Ravenzwaaij 
et al., 2017). Second, the direct measurement of dopamine signalling with functional MRI is 
impossible. Nevertheless, strong evidence supports that blood oxygen level-dependent sig-
nals in reward related brain areas reflect DA release (Knutson and Gibbs, 2007; Pessiglione 
et al., 2006). Third, by modelling the TD-error signal and comparing patients and controls, 
we reject the null hypothesis of no differences between groups. These differences between 
groups could be due to either actual difference in dopaminergic learning signals between 
groups, or differences between groups (and individuals in the groups) in learning learning-rate 
and/or discount factor which are used to model the TD-errors. However, previous research 
found no differences in model parameters between patients with major depressive disorder 
and healthy controls (Gradin et al., 2011). Moreover, using a single set of model parameters 
across all participants and groups showed more robust results in multi-subject functional MRI 
studies (Daw, 2011). Therefore, we interpret our findings as representing differences in dopa-
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minergic TD-signals between groups. A fourth limitation is that the a priori choices that were 
made for our analysis (e.g. learning rate selection, choice of smoothing kernel) are one out of 
many approaches that can be considered. We chose to explore plausible learning rates from 
literature instead of exploring an entire range of learning rates between 0 and 1. This method 
was chosen because the primary aim was to investigate the difference between patients and 
controls and not to methodologically explore how to model learning rates. Furthermore, 
it has been suggested in literature that even gross deviations in the learning rate lead to 
only minimal changes in the neural results and that precise model fitting is not always nec-
essary for model-based fMRI (Wilson and Niv, 2015). When exploring our neural results in 
the range we described, we indeed found comparable results when using different learning 
rates. A fifth limitation is that a currently depressed group or scanning of the subjects when 
depressed was not incorporated in the present analysis. This hampers the ability to draw 
inferences about persistence. However, in its present form, the study can be very helpful 
for the identification of factors that remain impaired during remission in depressive patients 
with a history of recurrence. Lastly, no individual levels of thirst were obtained at the start of 
the experiment. Nevertheless, participants confirmed that they refrained from liquids for ≥6 
hours prior to scanning which made it fair to assume sufficient levels of thirstiness.

Conclusion
In summary, we demonstrated impaired reward-related learning in unmedicated patients 
with a recurrent major depressive disorder during remission, which may be an (endo)pheno-
type linked to depression vulnerability. Our findings add to evidence for state-independent, 
impaired TD-learning signals in the VTA, which requires further investigation as an endophe-
notype for (recurrent) major depressive disorder. Furthermore, the association between im-
paired reinforcement learning and anhedonia in rrMDD-patients strengthens the need to 
focus on this residual symptom and investigate remediation of hedonic capacity and pro-
cessing of reward-related learning in rrMDD. 
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Supplementary material
Procedure

Learning rate selection procedure
As recommended for model-based fMRI analysis (Wilson and Niv, 2015) we selected multiple 
plausible learning rates from literature (0.1 and 0.4 from Kumar et al. (2008) and O’Doherty 
et al. (2006); 0.2 from O’Doherty et al. (2003; 2004); 0.45 from Gradin et al. (2011); 0.5 
from Lawson et al. (2017) ) and explored which learning rate fitted our data best. For all learn-
ing rates we calculated signal-to-noise (SNR) values within our a priori VTA ROI, by dividing 
the contrast map from the CS x TD + US x TD contrast by the residual variance estimate 
map. For a complete overview, we calculated SNR values based on a one-group t-test con-
trast map across all subjects (Supplementary Figure 1A), as well as on the two-group t-test 
contrast map (Supplementary Figure 1B). Second, we also determined estimation efficiency 
values of SPM designs (Liu et al. (2001)) across all subjects (Supplementary Figure 1C). Third, 
we compared TD-related VTA activation across the range of learning rates to ensure our 
results were robust.

Results

Results learning rate selection procedure
When comparing the TD-related activation of alternative plausible learning rates, there was a 
significant difference between SNR for different learning rates, both when calculations were 
based on the one-group contrast map (F4,135 = 7.30, p = 0.000) as well as the two-group 
(group difference) contrast map (F4,135 = 57.49, p = 0.000). Both SNR analyses revealed the 
highest SNR when using α = 0.45 (Supplementary Table 1, Supplementary Figure 1A and 1B). 
In both SNR-analyses, Tukey HSD post-hoc tests confirmed a significant difference between 
α = 0.1 and the other learning rates. The SNR-analysis based on the group difference contrast 
map furthermore revealed a significant difference between α = 0.2 and the other learning 
rates. For the estimation efficiency calculations, there was a significant difference between 
all different learning rates (F4,310 = 6787.49, p = 0.000)]. Tukey HSD post-hoc tests confirmed 
significant differences between all learning rates, where the model with α = 0.5 revealed 
the highest estimation efficiency (Supplementary Table 1, Supplementary Figure 1C). When 
exploring TD-related VTA activation for all learning rates we found comparable results, with 
maximal responses for α = 0.4, 0.45 and 0.5 (Supplementary Table 2). Wilson and Niv (2015) 
report that different learning rates have relatively little effect on neural results, however, sen-
sitivity of the model-based analysis to learning rate can increase when the contrast-to-noise 
ratio is high. In line with this observation, we therefore chose to report results for the learning 
rate with the highest SNR (α = 0.45).
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Supplementary Table 1. Descriptives for different learning rates

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

Supplementary Table 2. TD-related VTA activation for different learning rates

CS=conditioned stimuli, US=unconditioned stimuli, TD=temporal difference signal, rrMDD=remitted recurrent ma-
jor depressive disorder, HC=Healthy Controls, VTA=Ventral Tegmental Area, *FWE small volume corrected, NS=dif-
ference not significant after SVC
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Results main effects

Supplementary Figure 2. Main effect of cue and reward delivery. (A) VS activation CSr + USr > Neutral contrast. (B) 
VS activation CSr > Neutral contrast. (C) VS activation USr > Neutral contrast.

Supplementary Figure 3. Main effect of PE. (A) VTA activation CS x TD + US x TD contrast. (B) VS activation CS x 
TD + US x TD.

Results TD-error activation after HDRS correction 

Supplementary Figure 4. TD-error related activation comparing rrMDD vs. HC after HDRS correction. MDD patients 
show more VTA activation compared to healthy controls (Z = 2.57, p = 0.048 FWE corrected on peak-level, SVC).
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Results between group activation with SPSS test statistics
Based on the suggestions of anonymous reviewers we performed a sensitivity analysis by 
extracting the beta-weights from the a-priori ROIs and perform statistical analyses in SPSS.

Supplementary Table 3. Between group activation with SPSS test statistics

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. 
*two-sample t-test comparing beta weights from ROI voxels

Results analysis 6mm smoothing kernel
Based on the suggestions of anonymous reviewers we performed a sensitivity analysis with 
the kernel used for smoothing at 6mm (as this has been suggested to be required at least 2 
times the voxel size). We however initially chose a smaller kernel based on the small size of 
the VTA, because when it comes to small brain areas, meaningful activations might be atten-
uated when the smoothing kernel is too large.

Supplementary Table 4. Within group activation with alternative smoothing kernel of 6mm

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. 
*puncorrected to display extent of the signal
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Supplementary Figure 5. Main effects after 6mm smoothing. (A) VS activation CSr + USr > Neutral. (B) VS activation 
CSr > Neutral. (C) VS activation USr > Neutral. (D) Main effect of PE in VTA (CS x TD + US x TD). (E) Main effect of PE 
in VS (CS x TD + US x TD). 

Supplementary Table 5. Between group activation for analysis with alternative smoothing kernel of 6mm and SPM 
test statistics

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. 
*FWE peak level corrected + SVC

Supplementary Figure 6. TD-error related activation comparing rrMDD vs. HC after 6mm smoothing. MDD patients 
show more VTA activation compared to healthy controls (Z = 2.41, p = 0.049 FWE corrected on peak-level, SVC).
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Supplementary Table 6. Between group activation for analysis with alternative smoothing kernel of 6mm and SPSS 
test-statistics

rrMDD = remitted recurrent major depressive disorder, HC = Healthy Controls, CS = conditioned stimuli, US 
= unconditioned stimuli, TD = temporal difference signal, VS = Ventral Striatum, VTA = Ventral Tegmental Area. 
*two-sample t-test comparing beta weights from ROI voxels

Results analysis without noise correction
Based on the suggestions of anonymous reviewers we performed a sensitivity analysis with-
out excluding 18 patients and 8 controls because of missing data for cardiac and respiratory 
noise. We initially decided to exclude these subjects because correction for cardiac and re-
spiratory noise appeared obligatory due to its location close to major arteries and adjacent 
pulsatile cerebrospinal fluid filled spaces. These physiological sources of noise generate time 
varying signals in fMRI data, which if left uncorrected can obscure signals of interest (Brooks 
et al., 2013; D’Ardenne et al., 2008).

Supplementary Table 7. Within group activation for analysis without noise correction

 
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. 
*puncorrected in order to display the extent of the signal
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Supplementary Table 8. Between group activation for analysis without noise correction

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. 
*FWE peak level corrected + small volume corrected

Supplementary Figure 7. Difference main effect of PE with and without noise correction. (A) Main effect VTA 
activation (CS x TD + US x TD) with noise correction. (B) Main effect VTA activation (CS x TD + US x TD) without 
noise correction.
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Chapter 04

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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Prediction of response to 

treatment in MDD
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Validity of the maudsley staging 
method in predicting treatment 

resistant depression outcome 
using the Netherlands study of 

depression and anxiety 
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Abstract
We investigated if the degree of treatment resistance 
of depression, as measured by the Maudsley Staging 
Method (MSM), is predictive of a worse depression out-
come by using a large naturalistic cohort of depressed 
patients. 643 subjects from the general population, 
primary care, and secondary care who suffered from 
current depressive disorder were included from the 
Netherlands Study of Depression and Anxiety (NESDA) 
baseline assessment. The diagnostic criteria was Major 
Depressive Disorder (MDD) in the last month, based 
on the Composite Interview Diagnostic Instrument 
(CIDI), or a CIDI diagnosis of MDD in the past 6 months 
with an Inventory of Depressive Symptomatology 
Self- Report score >24 at baseline. In these subjects, 
composite scores of the MSM, based on duration, se-
verity, and treatment history of current episode, were 
determined retrospectively. We then determined if the 
MSM score prospectively predicted the 2-year course 
of depression after baseline. The primary outcomes 
were percentage of follow-up time spent in a depres-
sive episode and being “mostly depressed” (≥50% of 
the follow-up) between baseline and 2-year follow-up. 
The MSM predicted “percentage of follow-up time with 
depression” (p < 0.001) and was associated with being 
“mostly depressed”; (OR = 1.40; 95% CI, 1.23 – 1.60; p 
< 0.001). These effects were not modified by having 
received treatment. The current study shows that the 
MSM is a promising tool to predict worse depression 
outcomes in depressed patients. In this study that adds 
to previous work, we show the applicability of MSM in 
a wider range of primary and secondary care patients 
with depression.
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Introduction
Treatment of major depressive disorder (MDD) mainly consists of different forms and com-
binations of psychotherapy and antidepressant medication. Overall, it has moderate efficacy 
(Cipriani et al., 2009; Cuijpers, Berking et al., 2013; Cuijpers, Sijbrandij et al., 2013; de Maat et 
al., 2007). However, treatment appears not to be effective for a particular group of patients, 
who are then categorized as suffering from Treatment Resistant Depression (TRD). In the 
largest treatment study to date, the Sequenced Treatment Alternatives to Relieve Depression 
(STAR*D), 49% of patients showed a response (≥50% improvement on the Quick Inventory 
of Depressive Symptomatology–Self-Report (QIDS-SR16)), and 37% remission (≤5 on the 
QIDS-SR16) after the first antidepressant (Rush, Trivedi et al., 2006). Remission-rates gradu-
ally declined with each sequential step thereafter. Moreover, in this study, even after 4 treat-
ment trials 33% of patients had not achieved remission (Rush, Trivedi et al., 2006). Treatment 
resistance is the main cause for the large societal costs of depression (Greden, 2001; Ivanova 
et al., 2010). Timely identification of patients with treatment resistance would provide the 
opportunity of an earlier start of intensified treatment regimes to address MDD-symptoms 
more aggressively with potentially better health-care outcomes. 

Unfortunately, research on TRD is hampered by the lack of consensus on its definition. It 
is often categorically defined as non-response to ≥2 adequate antidepressants trials (Ber-
lim and Turecki, 2007a; Berlim and Turecki, 2007b; Ruhe et al., 2012; Souery et al., 1999; 
Souery et al., 2006). However, over 10 other definitions of TRD have been proposed, differ-
ing mostly on the number of pharmacological treatment steps patients have had (Berlim and 
Turecki, 2007a; Berlim and Turecki, 2007b; Malhi et al., 2005). Furthermore, although TRD 
is mostly represented as a dichotomy, this does not seem to represent clinical reality, as was 
shown in the STAR*D and other antidepressant switch-trials (Ruhe et al., 2006; Rush, Trivedi 
et al., 2006). TRD might therefore better be considered as a dimensional construct (Berlim 
and Turecki, 2007b; Ruhe et al., 2012). Treatment resistance, then, is scored on a spectrum, 
running from quick remission (sometimes even without treatment) to the other extreme: se-
vere treatment resistance when no treatment response occurs after ECT and other third-line 
treatment regimens. 

Over the last decade, progress has been made in methods to quantify TRD and use this 
quantification to predict the course and outcome of depression (Ruhe et al., 2012). However, 
these methods have been validated to a limited extent only. Of these methods, the Mauds-
ley Staging Method (MSM) appeared to be one of the most promising (Fekadu, Wooderson 
et al., 2009; Ruhe et al., 2012). The MSM was created to represent the broad theoretical basis 
of treatment resistance and is aimed at predicting outcome of depression. In developing 
the MSM, incorporation of severity and duration in predicting worse depression outcome 
showed added value, as these are strong and consistent predictors of the prognosis of MDD 
(Spijker et al., 2002; Spijker et al., 2004; Vuorilehto et al., 2009). Both the MSM as a whole as 
well as its different components were shown to independently predict both failure to achieve 
remission (Fekadu, Wooderson et al., 2009) and persistence of the depressive episode (Feka-
du, Wooderson, Markopoulou et al., 2009).
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However, the MSM has only been investigated using a relatively small sample (n = 88) of pa-
tients who were treated in tertiary care (Fekadu, Wooderson et al., 2009; Fekadu, Wooder-
son, Markopoulou et al., 2009). Generalizability to the much larger community-based pop-
ulation of depressed patients and those attending primary and secondary care is required to 
maximize the utility of the tool for predicting remission, episode persistence and/or future 
treatment resistance. Therefore, the aim of this study was to further validate the predictive 
value of the MSM. We examined if the degree of treatment resistance over its full spectrum, 
as measured by the MSM, is predictive for a chronic course of illness using the large natu-
ralistic cohort of the Netherlands Study of Depression and Anxiety (NESDA) (Penninx et al., 
2008). We expected the MSM to be predictive of the longitudinal course of illness during 2 
years of follow-up.

Material and Methods
Setting
The Netherlands Study of Depression and Anxiety (NESDA) is a multi-site, naturalistic cohort 
study with data from 2329 patients with MDD and/or anxiety, sampled from the general 
population (by interviewing household members of private households or children of par-
ents who were treated for depressive disorder), primary care (i.e. general practitioner), and 
secondary care (i.e. specialized mental health institutions), and 652 controls, aged 18 through 
65 (Penninx et al., 2008). After approval from the Medical Ethics Review Committee of the 
VUmc, written informed consent of every subject was obtained. 

Sample
Inclusion criteria for our study were: (i) a diagnosis of MDD in the last month (based on the 
Composite Interview Diagnostic Instrument (CIDI, lifetime version 2.1) (Wittchen, 1994) or 
a CIDI diagnosis of MDD in the past 6 months with an IDS-SR score >24 (the clinical cutoff 
value for moderately severe depression (Rush et al., 1996; Rush et al., 2008)) at baseline, (ii) 
availability of all data needed to calculate the MSM score and (iii) availability of sufficient data 
to determine outcome during 2 years follow-up. To cover the full spectrum of treatment re-
sistance, from null to a more severe form, we also included depressed subjects from primary 
or secondary care who had not yet received treatment, as well as subjects from the general 
population who despite having depressive symptoms had not yet sought treatment. 

Determinants: MSM
The MSM is composed of three items: (i) duration; which is scored 1 to 3, (ii) severity; which is 
scored 1-5 and (iii) treatment failures. Treatment failures are scored 0 to 5 with regard to anti-
depressants used in the current episode, 0 or 1 with regard to augmentation used in the cur-
rent episode, and 0 or 1 with regard to ECT used in the current episode (Fekadu, Wooderson 
et al., 2009). (See Supplementary Table 1 for a reprint of the MSM published by Fekadu et 
al. (2009)). We used different variables from the NESDA database to obtain the three item-
scores to determine the degree of treatment resistance. (i) Duration of the current episode 
at baseline was established using the retrospective Life-Chart Interview (LCI) (Lyketsos et al., 
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1994). The LCI relies on self-generated and affectively laden landmarks as anchors for partic-
ipants to refresh memory. After determining these anchors, presence and severity of depres-
sive symptoms were assessed during each quarter of the past four years prior to baseline. (ii) 
Severity of depression was assessed according to DSM-IV, as determined by the CIDI. (iii) 
Treatment history was scored based on the amount of subsequently used antidepressants 
and augmentation strategies during the index-episode, at and prior to baseline. A specific 
drug was scored as being used if the frequency of use was on a daily basis, if the dosage was 
at least the Daily Defined Dose and if it was used for at least 4 weeks (1 month) (WHO Collab-
orating Centre for Drug Statistics Methodology, 2016). (See also Supplementary Methods.) 
The subscores of these three items (duration, severity, and total score of treatment failures) 
are added together to obtain a total score. 

Outcome: Course trajectory of depression in NESDA
In the present paper, following Fekadu et al. (2009), we focused on the intensity and dura-
tion of depressive symptoms during 2-year follow-up in subjects with a depressive disorder 
(index episode) at baseline. In order to predict the course of the depressive episode after 
baseline, the primary outcome was persistence of the depressive episode based on LCI- data 
between baseline and 2-year follow-up. We made two different variables: (i) the variable 
‘percentage of follow-up time with depression’ was expressed as the ratio between months 
spent in a depressive episode since baseline until remission, divided by total follow-up time 
(24 months). In line with the prevailing method in the NESDA-database (Penninx et al., 2011), 
remission was defined as experiencing a period of three consecutive months without symp-
toms, or with symptoms but without burden or interference with life (as indicated by the 
participant). The month of remission was defined as the first month after this three-month 
period. (ii) Analogous to the previous validation study (Fekadu, Wooderson, Markopoulou et 
al., 2009), we defined the categorical variable ‘persistent depression’ as being persistently 
depressed for ≥50% of the time of our follow-up period of two years. 

For our secondary outcome we used course trajectories as described in NESDA by Rheber-
gen et al. (2012). Rhebergen used latent class growth analysis (LCGA), a statistical data-driven 
technique to describe patterns inherently present in data, in this case representing depres-
sion course trajectories. In brief, with input of LCI-data from NESDA Wave 3 which covers the 
entire 2-year follow-up period, five course trajectories were identified: (i) a quick remission 
course, (ii) a decline course with moderate severity, (iii) a decline course with high severity, (iv) 
a chronic course with moderate severity and (v) a chronic course with high severity (Rheber-
gen et al., 2012).

Statistical analysis
Analyses were performed with IBM-SPSS, version 20 (IBM, Chicago IL, USA). Analyses for 
primary outcomes were performed using linear regression analysis and logistic regression 
analysis for ‘percentage time depressed’ and ‘persistent depression’, respectively. For our sec-
ondary outcome we used multinomial logistic regression to calculate maximum likelihood 
estimates of odds ratios (ORs) and 95% confidence intervals (CIs) for course trajectories. The 
‘quick remission’ trajectory served as a reference group. 
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In order to examine the effect of treatment received during the study, which was not offered 
to all participants in this naturalistic study, we looked for effect-modification by dichoto-
mizing the group on having received pharmacological treatment after baseline (including 
treatment started on baseline itself) or not. We performed stratified analyses on primary 
outcomes and modeled interaction terms in the regression analyses with total MSM score to 
estimate significance of effect-modification if present. 

We analyzed the effect of both the total MSM score as well as its components independent-
ly. p-values of p < 0.05 were considered significant. 

Results
Descriptive
Out of the total sample of 2981 NESDA participants, exclusion of controls (n = 652) and pa-
tients not meeting the inclusion-criteria of having an ongoing episode of depression at base-
line resulted in a raw sample of 965 depressed persons. Due to missing data amongst variables 
required for MSM-scores, our second inclusion criterion narrowed this sample down to 829. 
Regarding gender distribution, age, and education, this sample was comparable to the raw 
sample. The third inclusion criterion, regarding the availability of follow-up data, resulted in 
643 respondents up for analysis. Regarding gender distribution, age, and education, this sam-
ple was comparable to the raw sample. Moreover, MSM-scores were comparable as well: in the 
sample of 829 subjects, mean score was 4.92 (SD: 1.20), while in the final sample (n = 643), this 
was 4.93 (SD: 1.22). See Supplementary Figure 1 for flow-chart of patient disposition.
Of our sample, mean age was 41 years (SD: 12.2), 428 (67%) were female and 304 (47%) had 
a first depressive episode (Table 1). A total of 560 (87%) subjects suffered from depression 
for less than or equal to 12 months prior to baseline. Further, 51 (8%) already had a chronic 
depressive episode at baseline, i.e., had been depressed for >24 months. Of the subjects 265 
(41%) had a severe depression and 310 (48%) had not used antidepressants at baseline. The 
median number of AD-drugs used at baseline was 1. Twenty-one patients (3%) had used 
augmentation medication at baseline. The mean MSM-score was 4.9 (SD: 1.2). 

Prediction of course of illness during follow-up
Regarding our primary outcomes, the MSM significantly predicted ‘percentage time depressed’ 
(p < 0.001) and was significantly associated with ‘persistent depression’ (≥50% of the fol-
low-up) (OR = 1.40 (95% CI 1.23 – 1.60); p < 0.001) (Table 2). Participants in this group were 
on average depressed for 89% of the follow-up period. Correction for age and sex did not 
substantially affect these outcomes (available on request). We examined how individual model 
components predicted ‘percentage time depressed’ and depression during follow-up. Except 
augmentation, individual model components in both models univariately predicted a chronic 
depression during follow-up. In the multivariate model, duration and severity in both models 
predicted a chronic depression during follow-up. Prediction of the secondary outcome course 
trajectory showed that each point increase on the MSM significantly predicted a worse course 
of depression over the following two years (Table 3). Correction for age and sex did not sub-
stantially affect these outcomes.



Chapter 05

Table 1. Demographic and clinical characteristics with distribution over categories of final sample (n = 643)
 

aThis information is not available in the NESDA-database; bThis item is not scored in the original MSM.
Abbreviations: ECT: electroconvulsive therapy, IQR=interquartile range, MDD=major depressive disorder, MS-
M=Maudsley Staging Method



90

Table 2. Prediction of time being depressed (% time depressed; linear regression model)a and persistent depression 
(logistic regression model)b 

aLinear regression model: to test for the variable ‘percentage time depressed’ as independent variable. bBinary logis-
tic regression model: MSM-score as a dependent variable and the variable ‘persistent depression’ as independent 
variable. Both models left uncorrected. cAkaike information criterion (AIC): -590,79, dAIC: -595,93, eAIC: 865,85, 
fAIC: 866,95. Abbreviations: OR=odds ratio.

Table 3. Prediction of different course trajectoriesa

aFinal model: χ2
4: 28,625, p < 0.001. Multinomial logistic regression model for showing maximum likelihood esti-

mates of odds ratios (OR) and 95% confidence intervals (95% CI) for all courses of depressive symptoms in relation 
to Maudsley Staging Method scores. Quick remission was taken as reference. Model left uncorrected. 



Chapter 05

Sensitivity analyses
When we stratified the predictions for those who received pharmacological treatment or not, 
this showed slightly lower estimates in the ‘received treatment’ group, indicating some mod-
ification of effect. However, for the prediction of ‘% time depressed’, stratification resulted in 
absence of significance (p = 0.059) for those who did receive treatment. The MSM was sig-
nificantly associated with ‘persistent depression’ (≥50% of the follow-up) in both subgroups 
that received treatment and those who did not. The interaction MSM x treatment was not 
significant for any of these outcomes (see Supplementary Table 2). 

The stratified analysis of our secondary outcome revealed an absence of significance for pa-
tients who received pharmacological treatment for the course trajectories ‘decline course, 
moderate severity’ and ‘chronic course, high severity’. Moreover, patients who had not re-
ceived pharmacological treatment showed an absence of significance for the course trajec-
tories ‘decline course, high severity’ and ‘chronic course, moderate severity’ (Supplementary 
Table 3). The MSM-score by treatment interaction showed no significant results for either 
course trajectory (Supplementary Table 4).

Discussion
In the present study we aimed to assess whether the MSM predicts the two-year course 
of MDD in a population-based cohort of depressed subjects. Our study shows that higher 
MSM-scores adequately predict worse depression outcomes in a large and clinically het-
erogeneous sample of MDD patients recruited in the general population, primary care, and 
secondary care who were followed up over a two-year period. Furthermore, this prediction 
appeared independent of treatment provided at baseline or during follow-up. This suggests 
that, in addition to the tertiary population studied by Fedaku et al. (2009; 2009), the MSM 
can also be used in general psychiatric practices and that the MSM can be used for both pre-
diction of treatment outcome and course of MDD. 

When comparing our sample to Fekadu’s, the current sample has a lower overall MSM-score 
(4.9 (SD: 1.2) vs 10.7 (SD: 2.3)) (Fekadu, Wooderson et al., 2009). Indeed, the current sample 
is more heterogeneous and less often chronically ill, although, in terms of dispersion, our 
samples appear to have similar variance. In our sample 8% had a chronic course at baseline, 
compared to 61% in the sample of Fedaku (Fekadu, Wooderson et al., 2009; Fekadu, Wood-
erson, Markopoulou et al., 2009), whereas mild depression was present in 26% versus 10% 
respectively. Also, our sample has a greater variety of severity of depression and overall a 
less extensive treatment history. In the Fedaku sample 13% had been using only 1 or 2 an-
tidepressants and most subjects had been using more medications (Fekadu, Wooderson et 
al., 2009). In our sample, 47% had been using only 1 or 2 antidepressants. To cover the full 
spectrum of treatment resistance we also included patients from primary or secondary care 
who had not been using any antidepressant medication for the current episode at baseline 
but who did receive treatment during follow-up. By showing no significant interaction (MSM 
x received treatment) we show that the MSM can both predict course of illness and chances 
of unfavorable outcome irrespective of treatment during follow-up. 
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Despite the sample differences between these studies, the MSM performed equally well 
with regard to predictive validity. First, we found a positive linear correlation between the 
MSM-score and time subjects remained depressed, suggesting that subjects who have a 
higher MSM-score will remain depressed for a longer time. Second, we found that a one-
point increase on the MSM was associated with 1.4-fold increased odds of being depressed 
for most of the follow-up time. This is comparable to the OR of 1.5 reported in tertiary care 
(Fekadu, Wooderson, Markopoulou et al., 2009). Given this remarkable similarity, this sug-
gests that the MSM is applicable in the full spectrum of persons with depression ranging 
from the population to tertiary care levels and that it can be validly used for predicting un-
toward depression outcomes across those different groups. 

The individual components of the MSM showed predictive validity. In multivariate analyses, 
duration and severity contributed significantly to the final models, either linear or logistic, 
while treatment history did not any longer. This could be explained by the fact that severity 
at baseline correlates with the initiation of pharmacological treatment (i.e. antidepressant 
use; this correlation was 0.17 (p < 0.001) in our sample).

The difference between how well both models –the multivariate model containing the in-
dividual items and the final model containing only the total score– fitted the data was how-
ever small. As an indication of the optimal fit of these models, we computed the Akaike 
Information Criterion, indicating explained variance penalized for the number of explanatory 
variables (smaller is better). The multivariate model fitted slightly less well (AIC: -590.79) 
than the model with only the MSM-score (AIC: -595.93), when tested in a linear regression. 
When tested in a logistic regression, the reverse was true (AIC: 865.85 for the multivariate 
model versus AIC: 866.95 for the MSM-score only). We therefore propose to retain treat-
ment history in the model. Previous models of quantifying TRD, like the Thase and Rush 
Staging Method (TRSM) (Thase and Rush, 1997) or a variation thereof, the Massachusetts 
General Hospital staging method (MGH-S) (Fava, 2003) only used the number of classes of 
antidepressants (TRSM) or the number of failed trials (MGH-S) to which the patient has not 
responded. We however show that prediction of outcome is improved when clinical vari-
ables are included apart from failed treatments.

With regard to our secondary analyses, the MSM significantly predicted chronic course tra-
jectories (Rhebergen et al., 2012). These two-year course trajectories, modeled with accurate 
information of symptom levels on a per month basis, better represent the course of illness 
than merely the percentage of time being depressed or a dichotomous distinction between 
more or less than 50% of time spent in depression. As such these results confirm the validity 
of the MSM to predict treatment resistant depression even further.

A limitation of our study is that NESDA is a naturalistic cohort-study, describing the course of 
depression irrespective of treatment. This potentially limits the scope of our conclusions on 
treatment resistance. Investigations of treatment-effects in naturalistic cohorts like NESDA 
may be hampered by several factors. This include confounding by indication as a result of 
physician preferences and current treatment algorithms (Spijker and Nolen, 2010), meaning 
that there are reasons for participants to receive different pharmacological treatments based 
on their clinical presentation (e.g. higher disease severity), and that these reasons then are 
found to be associated with treatment resistance or other outcomes. Secondly, power may 
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be insufficient to address all possible treatment strategies. However, most investigations of 
other tools to predict TRD show that prediction of treatment outcome is possible irrespective 
of the precise description of the treatment provided (Fava, 2003; Fekadu, Wooderson et al., 
2009; Fekadu, Wooderson, Markopoulou et al., 2009; Thase and Rush, 1997). Furthermore, 
we found little evidence of effect-modification by pharmacological treatment in our study, so 
the predictive value of the MSM seemed independent of receiving pharmacological treatment. 

In line with this, another limitation of the NESDA-cohort is the limited availability of exact 
(pharmacological) treatment data. Although we know the minimal and maximum dose pre-
scribed per antidepressant received and operationalized adequate dosages, we cannot infer 
the exact time-periods of ‘adequate treatment’ (i.e. at minimal effective dose for at least 4 
weeks) nor compliance to the prescribed treatments. As a result, the number of adequate 
trials of antidepressants at baseline or the adequacy of received treatment after baseline 
might have been overestimated.

We used the number of symptoms recorded according to the CIDI to determine severity. 
Instead one might expect a more direct score from e.g. the IDS-SR. Here, we followed the 
initial method proposed by Fekadu et al. (2009), which might also better reflect daily clinical 
practice. This method was chosen to increase the applicability of the MSM for clinical prac-
tice. To assess whether our method of scoring severity affected our outcomes, we repeated 
the main analysis with the IDS-score as a severity measure (see Supplementary Table 5), 
which did not substantially affect outcomes. An additional analysis in which we left severity 
out of the MSM and tested a three-way interaction MSM x severity x received treatment, re-
sulted in a non-significant finding, both for severity as scored by CIDI-criteria (p = 0.215) and 
for severity as scored by the IDS (p = 0.670). So, our results are not affected by an interaction 
with severity.

Future studies are needed to establish whether specific treatments are especially effective in 
certain ranges of the MSM and whether such ranges are sensitive and specific for individual 
patients. This will be the next step to fully validate the MSM as a profiling tool to guide treat-
ment. Whether additional variables may be helpful to improve this prediction (Ruhe et al., 
2012) is another issue under debate (Peeters et al., 2016). The MSM might then be helpful for 
the apparent clinical need to better predict the course of depression. The MSM might enable 
clinicians to accurately identify patients who are at risk of developing TRD. An accurate iden-
tification could help in offering specific (or more intensified) treatment regimens in an earlier 
phase than we currently do. Whether this treatment should be another antidepressant, (the 
addition of) psychotherapy or other forms of treatment such as neurostimulation remains to 
be elucidated, but an accurate identification in an earlier phase might provide an important 
approach to achieve quicker remission of depression. Vice versa, this might also help clini-
cians to identify patients who have a low risk of an unfavorable course of illness. It should be 
noted that further study is needed to determine whether patients with lower MSM scores 
may actually benefit from minimal or only supportive treatment. Until then, it would be 
advisable to use the MSM in randomized controlled trials to quantify and potentially stratify 
subjects according to their level of treatment resistance (de Kwaasteniet et al., 2015), making 
it possible to investigate if subjects with different levels of therapy resistance will respond 
differently to specific treatments.
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Conclusion
The current study has attempted to validate the predictive value of the MSM as a tool to 
quantify TRD. With consideration of the sample related limitations, we conclude that the 
MSM is a reliable and valid tool to predict poor outcome in depressed patients irrespective 
of treatment. As an addition to previous work, we show its applicability in a wider range of 
primary and secondary care patients with MDD, with varying and degrees of prior treatment 
non-response, which is relevant for the description of studied samples in trials investigating 
TRD. Future aims should be directed to enable the use of MSM-scores as a clinically applica-
ble tool to guide clinical treatment selection.
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Supplementary material
Determining MSM-scores in NESDA

Duration of  current episode before baseline assessment 
Duration of 1 year of less was considered acute, between 1 and 2 years was considered sub-
acute, and a duration of more than 2 years chronic. For determining duration of episode, the 
Life chart interview (LCI) at baseline was used. The LCI asked respondents the amount of 
months in the year before the baseline assessment that were spent with symptoms and the 
highest perceived burden during these months. Due to difficulties in NESDA to determine 
the precise length of the depressive episode, episode duration was considered longer than 
the examined retrospective year if the patient had spent at least 10 months with symptoms 
and a burden greater than ‘not troubled at all’ (e.g. not meeting this criterion meant episode 
duration was considered ‘acute’).

Severity
Severity of depression was assessed according to the DSM-IV classification in three catego-
ries: (i) mild, (ii) moderate, and (iii) severe. We followed the categorization used by the CIDI 
[WHO 1998; Wittchen 1994]. Due to exclusion criteria of the NESDA-cohort and lack of 
information on psychotic symptoms, we could not score for these. Subthreshold depression 
was not included in the cohorts used for course descriptions and could therefore not be in-
cluded in the analysis.

Antidepressants
To assess current treatment failures we made use of treatment counts in NESDA. Respon-
dents were asked to bring their medicine boxes so an inventory of names, dosage and daily 
amount could be made, with a specification of medication adherence per drug taken (daily, 
frequent (>50%), infrequent (<50%), sporadic). Medication use was counted if frequency of 
use was on a daily basis, if dosage was at least the Daily Defined Dose (DDD) and if it was 
used for at least 4 weeks (1 month). The DDD is the average daily maintenance dose for use 
in adults. For the treatment of MDD this is the appropriate dosage for treatment of a moder-
ate to severe depressive episode [WHO 2012]. The MSM specifies the use of the Maudsley 
Prescribing Guidelines for determining correct daily dose and sets a minimum of at least 6 
weeks for adequate use [Fekadu 2009a]. Because no start and stop dates of prescribed drugs 
were available in NESDA, and uncertainty on when the depressive episode started exactly, 
medication listed in NESDA are not linked to specific episodes. An extra null category was 
added to include participants without any previous antidepressant use, for which a score of 
0 was appointed.
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Augmentation
The use of augmentation was determined for current medication use and for the whole 
three-year retrospective period. Medication regarded as augmentation were the following: 
lithium, anticonvulsants (valproic acid, carbamazepine and lamotrigine), triiodothyronine (T3, 
synthetic thyroid hormone), pindolol and buspirone. For counting augmentation, the same 
conditions for frequency, dose and duration applied. Scoring was equal to the proposed 
scoring in both models.

ECT
Scores of treatment with electroconvulsive therapy (ECT) could not be determined due to 
the fact that this was not recorded in the NESDA-database.

Supplementary Table 1. Original MSM-scoring, reprinted with permission (Fekadu 2009, A Multidimensional Tool 
to Quantify Treatment Resistance in Depression: The Maudsley Staging Method, J. Clin. Psychiatry).
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Supplementary Figure 1: Flow-chart of patient disposition.

Stratified analyses
Supplementary Table 2. Prediction of time being depressed (A) ‘% time depressed’; linear regression model) and 
persistent depression (B); Logistic regression model).

A) Linear regression model: to test for the variable ‘percentage time depressed’ as independent variable. B) Binary lo-
gistic regression model: MSM score as a dependent variable and the variable ‘persistently depressed’ as independent 
variable. aInteraction MSM x ‘received treatment’ (after baseline): p = 0.191; bInteraction MSM x ‘received treatment’ 
(after baseline): p = 0.381.
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Supplementary Table 3. Prediction of different course trajectories stratified by treatment

1Final model: chi-square (df): 8.616 (4), p < 0.071; 2Final model: chi-square (df): 7.676 (4), p < 0.104.

Supplementary Table 4. Prediction of different course trajectories, including the interaction term with received treatment

Final model: chi-square (df): 38.546 (12), p < 0.001
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Supplementary Table 5. Prediction of time being depressed (A) ‘% time depressed’; linear regression model) and 
‘persistent depression’ (B); Logistic regression model), using IDS-SR as severity measure, instead of CIDI-methodol-
ogy (complementary to Table 2).

A) Linear regression model: to test for the variable ‘percentage time depressed’ as independent variable. B) Binary lo-
gistic regression model: MSM score as a dependent variable and the variable ‘persistent depression’ as independent 
variable. Both models left uncorrected.



Hanneke Geugies
Esther M. Opmeer
Jan-Bernard C. Marsman
Caroline A. Figueroa
Marie-José van Tol
Lianne Schmaal
Nic J.A. van der Wee
André Aleman
Brenda W.J.H. Penninx
Dick J. Veltman
Robert A. Schoevers
Henricus G. Ruhé

N
eu

ro
Im

ag
e 

Cl
in

ica
l 2

0
19

; 2
4:

10
20

64
.



Chapter 06

Decreased functional 
connectivity of the insula 

within the salience network 
as an indicator for prospective 

insufficient response 
to antidepressants
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Abstract
Insufficient response to treatment is the main cause of pro-
longed suffering from major depressive disorder (MDD). Early 
identification of insufficient response could result in faster and 
more targeted treatment strategies to reduce suffering. We 
therefore explored whether baseline alterations within and 
between resting state functional connectivity networks could 
serve as markers of insufficient response to antidepressant 
treatment in two years of follow-up. We selected MDD pa-
tients (n = 17) from the NEtherlands Study of Depression and 
Anxiety (NESDA), who received ≥ two antidepressants, indic-
ative for insufficient response, during the two year follow-up, 
a group of MDD patients who received only one antidepres-
sant (n = 32) and a healthy control group (n = 19) matched on 
clinical characteristics and demographics. An independent 
component analysis (ICA) of baseline resting-state scans was 
conducted after which functional connectivity within the com-
ponents was compared between groups. We observed lower 
connectivity of the right insula within the salience network in 
the group with ≥ two antidepressants compared to the group 
with one antidepressant. No difference in connectivity was 
found between the patient groups and healthy control group. 
Given the suggested role of the right insula in switching be-
tween task-positive mode (activation during attention-de-
manding tasks) and task-negative mode (activation during the 
absence of any task), we explored whether right insula acti-
vation differed during switching between these two modes. 
We observed that in the ≥2 antidepressant group, the right 
insula was less active compared to the group with one antide-
pressant, when switching from task-positive to task-negative 
mode than the other way around. These findings imply that 
lower right insula connectivity within the salience network may 
serve as an indicator for prospective insufficient response to 
antidepressants. This result, supplemented by the diminished 
insula activation when switching between task and rest relat-
ed networks, could indicate an underlying mechanism that, if 
not sufficiently targeted by current antidepressants, could lead 
to insufficient response. When replicated, these findings may 
contribute to the identification of biomarkers for early detec-
tion of insufficient response.
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Introduction
Major depressive disorder (MDD) is a highly prevalent and disabling disease (Mathers and 
Loncar, 2006), however, its etiology and pathophysiology remain an enigma. The main in-
dicator of prolonged suffering of MDD is an insufficient response to different (classes of) 
antidepressants (Ruhe et al., 2006) which is associated with chronic depression, long-term 
hospitalization(s), work absenteeism, suicide and high financial costs (Gibson et al., 2010). 
Early prediction of non-response to standard treatment will result in faster and more tar-
geted treatment strategies and reduce suffering. Despite promising results in predicting an-
tidepressant treatment outcomes based on demographic and clinical variables (Iniesta et al., 
2016; Novick et al., 2015; Uher et al., 2012), early prediction of non-response with clinical 
data only has appeared, to some extent, to be unreliable (Fekadu, Wooderson, Markopoulou 
et al., 2009). Therefore, biological pre-treatment markers are needed. Specific alterations in 
neurocircuitries indicating insufficient response could provide such markers.

Resting-state functional connectivity (RS-FC) provides a basis for understanding neurocircuitries 
involved in the pathophysiology of MDD (Greicius, 2008; Hamilton et al., 2015; Kaiser et al., 2015; 
Kuhn and Gallinat, 2013; Northoff et al., 2011; Wang et al., 2012). Abnormal functional connectivi-
ty in MDD has been found within the default mode network (DMN) (Hamilton et al., 2011; Manoliu 
et al., 2014; Sambataro et al., 2013), the salience network (Manoliu et al., 2014) and the cognitive 
control network (CCN) (Alexopoulos et al., 2012; Menon, 2011; Veer et al., 2010). The latter is also 
referred to as ‘task positive network’ (TPN). The DMN, also known as the task-negative network, 
consists of the mPFC, posterior cingulate cortex (PCC), precuneus and parietal cortex. Normally, 
the DMN is more active during rest and internal self-referential processing (Qin and Northoff, 
2011), and is suppressed in the presence of an external task. Studies in MDD demonstrated an 
impaired de-activation during tasks (DMN-persistence), in association with rumination (an inter-
nally focused tendency to repetitively think about matters of distress) (Hamilton et al., 2011; 2015; 
Sambataro et al., 2013). The function of the salience network, encompassing the dorsal anterior 
cingulate cortex (dACC) and bilateral insula, appears to be important in the selection and segre-
gation of relevant internal and external stimuli in order to guide behaviour (Menon and Uddin, 
2010). Patients with MDD have shown aberrant RS-FC within the salience network and between 
the salience network and DMN. These aberrations are associated with a selection bias towards 
negative stimuli, characteristic for MDD (Manoliu et al., 2014). Finally, the CCN, involving the dor-
solateral prefrontal (DLPFC) and posterior parietal cortex (PPC) (Seeley et al., 2007) is involved in 
attention, working memory and decision-making (i.e. important high-level cognitive processes) 
(Menon and Uddin, 2010). Decreased RS-FC within the CCN, associated with apathy and dys-
functional executive behavior, has been demonstrated in late-life MDD (Alexopoulos et al., 2012). 
Moreover, aberrant associations between the DMN and CCN have been related to severity of 
rumination (Hamilton et al., 2011; Manoliu et al., 2014).

Although substantial efforts to demonstrate alterations of resting state networks in MDD, 
RS-FC studies investigating insufficient treatment response and treatment resistant depres-
sion (TRD), defined as non-response to at least two antidepressants (Wijeratne and Sach-
dev, 2008), are scarce (Dichter et al., 2015). Using a seed-based approach, Lui et al. (2011) 
found reduced connectivity between prefrontal-limbic-thalamic areas in both TRD patients 
and non-TRD patients compared to healthy controls. This decrease was larger in the non-TRD  
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patients (vs. TRD patients), especially between a left amygdala seed and the ACC and between 
a right insula seed and precuneus and ACC, indicating that (non-)response can be attributed 
to distinct functional deficits. Furthermore, Guo and colleagues (2013) demonstrated reduced 
RS-FC between the cerebellum and DMN in TRD vs. non-TRD. Moreover, decreased RS-FC 
between the DMN and CCN, and reduced RS-FC between the anterior and posterior DMN 
has been found in TRD (de Kwaasteniet et al., 2015). These observations show a wide range of 
regional alterations that can be associated to (insufficient) treatment response.

For the development of more targeted treatment strategies, clinicians should ideally be able 
to distinguish a future responder to antidepressants from patients needing several switch-
es of antidepressants early during treatment. In the present study, as a proxy for insuffi-
cient treatment response, we therefore aimed to investigate, with an explorative approach, 
whether baseline alterations in neural connectivity were an indicator for a switch of antide-
pressants during two years of naturalistic follow-up. 

Material and Methods
Participants
Participants were recruited from the multi-center naturalistic, observational and longitudi-
nal Netherlands Study on Depression and Anxiety (NESDA) (Penninx et al., 2008) conducted 
at the University Medical Center Groningen, VU Medical Center of Amsterdam and Leiden 
University Medical Center. Participants were recruited through general practitioners, primary 
care, and specialized mental health institutions. After approval by medical ethical committees 
of all centers and written informed consent, participant data was collected during a baseline 
measurement (including the MRI scan), and at one and two year follow-up measurements. 
Inclusion and exclusion criteria for the total NESDA sample have been described by Penninx 
et al. (2008). For the current analysis, MDD patients and healthy controls were selected from 
the NESDA-MRI sample (n = 301). See Supplementary Material for additional inclusion and 
exclusion criteria regarding this sample. Resting-state scans were available for 248 participants. 
We first selected MDD patients with a diagnosis of MDD (based on the Composite Interview 
Diagnostic Instrument [CIDI]) in the month prior to the baseline interview or a diagnosis of 
MDD in the 6 months prior to baseline plus a current moderate illness severity (Inventory of 
Depressive Symptomatology [IDS]) score ≥ 24; (Rush et al., 2008) yielding 112 patients. Sec-
ond, in order to include patients with comparable treatment needs, only patients receiving 
antidepressant treatment between baseline and two year follow up were selected, resulting 
into 55 patients. Of these, two groups were identified. The first patient group was treated with: 
(i) ≥2 adequate trials of antidepressants (AD) during one episode between baseline and 2 year 
follow-up. Adequate treatment was defined as daily use of medication, for ≥4 weeks, with an 
adequate dose according to the Multidisciplinary guidelines for depression (Spijker et al., 2013), 
and (ii) ≤1 adequate antidepressant step at baseline to exclude existing treatment-resistance. 
We thus selected 17 patients (≥2 AD group) (see Supplementary Figure 1). The second patient 
group had only 1 adequate AD treatment in the two years of follow up (1 AD group). This selec-
tion resulted in 38 patients. We subsequently matched the 1 AD group to the ≥2 AD group by 
discarding participants with extremes on baseline demographic and/or clinical characteristics 
(IDS scores, Beck Anxiety Inventory (BAI) scores, age, sex, education and scan location) until  
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p > 0.2 (representing a power >0.95 with an effect size of 0.5, determined through a post-hoc 
2-tailed distribution calculation by G*Power 3.1 software (Faul et al., 2009)). Matching resulted 
in a sample of 32 patients in the 1 AD group. Supplementary Table 1 and 2 display treatment 
characteristics of both patient groups and co-medication used in combination with the anti-
depressants (≥2 AD group). In order to also obtain optimal demographic matching on age, sex, 
education and scan location between the patient groups and the healthy controls, we discard-
ed demographic extremes until p > 0.2, (representing a power >0.95 with an effect size of 0.5, 
determined through a post-hoc 2-tailed distribution calculation by G*Power 3.1 software (Faul 
et al., 2009)). This resulted in a group of 19 of 41 healthy controls from the NESDA resting-state 
MRI sample with no lifetime depression or anxiety diagnosis.

Data acquisition
Resting-state scans, as part of a fixed imaging protocol, were acquired on a Philips 3.0-T 
MR-scanner at all scanning sites. During the RS-fMRI scan, participants were asked to keep 
their eyes closed, lie as still as possible and to stay awake. Duration of the RS-fMRI scan was 
7.51 min. See supplementary material for details regarding the scan parameters. 

Analysis

Data preprocessing
Resting state fMRI images were preprocessed using SPM8 (http://www.fil.ion.ucl.ac.uk/spm); 
see Supplementary Material for details regarding all preprocessing steps (Ashburner, 2007)

Demographic data
Independent samples t-tests, analyses of variance (ANOVA), χ2-tests and non-parametric 
Mann-Whitney U-test were used to compare demographic and clinical variables between 
both patient groups and healthy controls. Because NESDA does not measure depression 
severity at frequent intervals during follow-up, in this naturalistic cohort study we had to rely 
on two IDS-measurements which were obtained separate from the initiation and evaluation of 
the prescribed antidepressants. In order to quantify group differences in depression severity, dif-
ferences in IDS-SR-scores at the 2 annual follow-up measurements (time) were examined in 
a linear mixed model with main effects of group and time. This model has the advantage that 
it can handle unbalanced or missing data. Because, despite matching, we observed a non-sig-
nificant difference in baseline IDS-SR-scores, we corrected the 2 follow-up measurements for 
differences in baseline depression-severity by adding baseline IDS scores as covariate (Pocock et 
al., 2002). This adjustment for possible baseline imbalance between treatment groups improves 
precision of the estimated treatment differences. In this model, a significant main effect for group 
indicates a general difference between the groups regarding the overall depressive symptomatol-
ogy over the entire follow-up period, while a significant main effect for time indicates a general 
effect during the follow-up. A group x time interaction during these follow-up measurements 
would not be of primary interest in this analysis, because this term would only indicate whether 
a possible difference between the groups (with IDS scores as dependent) could be attributed 
more to follow-up year one or year two in either group. Analyses were performed with SPSS 
v22.0 (SPSS Inc., USA); statistical threshold was set to p < 0.05. We judged model-fit by Akaike’s 
Information Criteria (AIC).
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fMRI Analysis
The Group ICA FMRI Toolbox (GIFT) (Calhoun et al., 2001) was used to perform an independent 
component analysis (ICA). See Supplementary Material for details regarding all ICA settings. 
The individual image maps of components functionally relevant to our objective were used as 
input for separate second-level analyses. ANOVAs were first used to test main effects of group. 
Thereafter, pairwise comparisons were used to investigate differences between individual 
groups. In order to lower the chance of type-I errors when testing for multiple components, we 
applied a stringent false discovery rate (FDR) cluster threshold of p < 0.01, with an initial thresh-
old of p < 0.001 uncorrected, and spatially masked with an effects of interest F-contrast (Veer et 
al., 2010). A Bonferroni correction was applied to account for multiple testing across six second 
level components, adjusting the p-value threshold to 0.05/6 = 0.0083. Because differences in 
the use of baseline ADs were present between both patient groups, we compared groups, while 
adding a covariate for baseline AD use. Furthermore, as an additional precaution, we addressed 
the possibility that findings were driven by baseline severity by investigating whether an associ-
ation between baseline severity measures and connectivity findings was present.

Post-hoc ROI based analysis
Based on our results, we conducted a post-hoc analysis based on a metric proposed by 
Hamilton et al. (2011) to explore whether our finding in the insula could be attributed to 
dysfunctional DMN-TPN switching. To warrant a more independent approach, since both 
analyses are conducted on the same sample, we therefore applied a seed based correlation 
over time to identify DMN and TPN maps instead of the ICA components in our primary 
analysis (see supplementary material of Hamilton et al. (2011)). 

Here we will give a brief overview of the analysis method based on the Hamilton metric 
(Hamilton et al., 2011), see Supplementary Material for more details regarding all steps. We 
used the preprocessed data as described above. First, we used the preprocessed data and 
performed additional steps to address the possibility of signal artifacts in voxel time courses. 
Second, we extracted time course data from mPFC-PCC seeds for each participant (Talairach 
coordinates mPFC: -1, 47, -4, PCC: -5, -49, 41). Third, we identified DMN and TPN maps by 
correlating seed-region time-course data against whole brain time series. Fourth, we exam-
ined activation in the right insula during switching from the TPN to the DMN, defined at 
initiations of ascent of DMN activity, (a TPN peak) and from the DMN to the TPN, defined at 
initiations of ascent of TPN activity (a DMN peak). 

After that, first-level general linear models were estimated that included these TPN and 
DMN onsets regressors and the same noise regressors as used in step 1 (see Supplemen-
tary Material). Contrast images were calculated with DMN and TPN onsets separated and 
combined to explore insula activity during switching in general, and for DMN onsets > TPN 
onsets, and TPN onsets > DMN onsets to look at insula functioning differences between TPN 
to DMN transition and DMN to TPN transitions. On second level, between group differences 
in right insula activation for these contrasts were explored with an ANOVA. Because of the 
specific hypothesis regarding the insula, a small volume correction (SVC) was applied for this 
region. For mask creation we used the Automated Anatomical Labeling (AAL) mask of the 
right insula created with the WFU PickAtlas toolbox (Maldjian et al., 2003; Maldjian et al., 
2004; Tzourio-Mazoyer et al., 2002) to prevent bias selection driven by ICA.
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Results
Demographic and clinical variables
The three groups did not differ significantly in age, sex, years of education and scan location. 
Severity of depression (IDS score), anxiety (BAI score) and illness duration at baseline were 
not significantly different between patient-groups (p > 0.23; Table 1).
 
Table 1. Demographic and clinical characteristics of the ≥2 AD group, AD group and healthy controls at baseline

HC = Healthy Controls, IDS = Inventory of Depressive Symptomatology, FU = Follow-up, BAI = Beck Anxiety Inven-
tory, A = Amsterdam, L = Leiden, G = Groningen, a≥2 AD sample n = 15, 1 AD sample n = 31, btest-statistic based on 
difference between the 1 AD group and the ≥2 AD group

Depression severity during follow-up
For IDS-SR-scores at year 1 or 2 of follow-up, group differences were observed, however, 
non-significant when tested in the mixed model (F1,41.43 = 3.93; p = 0.054), Furthermore, the 
mixed model revealed no main effect for time (p = 0.18), nor for the group x time interaction 
(p = 0.50), while correcting for baseline IDS-SR scores (see Supplementary Figure 2). Be-
cause we observed that both groups showed a significant difference regarding in which phase 
during follow-up a significant improvement occurred (e.g. more response [≥50% reduction 
in IDS-score] in the second year of follow-up in the ≥2 AD group versus earlier response 
in the first year for the 1 AD group; X2

1 = 6.93, p = 0.016), we post-hoc included a covariate 
in the model, describing in which follow-up phase a response was achieved. Including this 
covariate improved the fit of the model (ΔAIC=-78.9) and corroborated differences between 
the two groups. In this model significant main effects were observed for group (F1,32.86 = 10.67; 
p = 0.003), time (F1,33.20 = 9.40, p = 0.004) and response-pattern (F1,57.93 = 46.46, p < 0.001), 
with a time x response-pattern interaction (F1,40.16 = 8.27, p = 0.006), but no group x time 
interaction (p = 0.11), again corrected for baseline IDS-SR scores (Pocock et al., 2002) (see 
Supplementary Figure 3).
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Independent component analysis
The Independent Component Analysis (GIFT) resulted in twenty-one temporally and spa-
tially separated components. After discarding CSF and cerebellum components, fourteen 
components remained (Figure 1), similar to previous reports (Allen et al., 2011; Damoiseaux 
et al., 2006; Veer et al., 2010). Six functionally relevant components were included as input 
for second level analyses: Fronto-parietal (right), Fronto-parietal (left), Dorsal attention, Sa-
lience, Default Mode posterior, Default Mode anterior. We discarded visual, sensory-motor, 
auditory components and other components of no interest.

Figure 1. Group ICA resting-state networks. The fourteen networks that were identified from the group ICA are 
shown. Images are z-statistics (ranging from 2 to 9) overlaid on a MNI-152 standard image. Asterisks (*) indicate 
components that were included in the second level analysis.
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Group differences
The one-way ANOVA revealed a main effect of group in the right insula within the salience 
component (F2,65 = 10.24, p = 0.003). No main effects of group were found for the other five 
components. Pairwise comparisons revealed lower connectivity within the salience network 
(right insula) in the ≥2 AD group compared to the 1 AD group (peak coordinates: x = 42, y = -6, 
z = 0; k = 97, Z = 3.86, pFDR = 0.007). No difference in connectivity was found when comparing 
the healthy controls with the 1 AD group or the ≥2 AD group. Visual inspection revealed that 
the right insula-salience connectivity in the healthy controls was intermediate between the 
≥2 AD and 1 AD group (Figure 2). The significant group difference remained after correcting 
for baseline AD use (Z = 4.89, pFDR = 0.005). The analysis checking for a baseline associa-
tion between severity measures and insula connectivity revealed no main effect of IDS (t46 = 
-0.56, p = 0.580), suggesting that our findings were not driven by severity. 

Figure 2. Connectivity differences between groups. Top: right insula showing lower connectivity with the salience 
network in the ≥2 AD group compared to the 1 AD group (Z = 3.86, p = 0.007 FDR corrected on cluster-level). Fig-
ure displays cluster with initial threshold of p < 0.001 uncorrected. Bottom: Parameter estimates averaged across 
total insula cluster and 90% confidence intervals showing decreased connectivity of the insula within the salience 
network in the ≥2 AD group.

Post-hoc analysis
The ANOVA identified lower activation of the right insula (peak coordinates: x = 42, y = -12, z 
= 0; k = 36 voxels, Z = 4.00, pFDR = 0.008) in the ≥2 AD group compared to the 1 AD group at 
the moment of a switch to DMN compared to a switch to TPN (Figure 3). No significant differ-
ences were observed in insula activity between the healthy controls and both patient groups 
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on this contrast. Furthermore, no significant group differences were found for the contrasts 
DMN + TPN switch combined, DMN and TPN onsets separately, and TPN > DMN.
 

Figure 3. Post-hoc analysis: Between-group comparison during switching. Top: right insula showing decreased activ-
ity in the ≥2 AD group compared to the 1 AD group for the contrast DMN onsets > TPN onsets (Z = 4.00, p = 0.008 
FDR corrected on cluster-level). Figure displays cluster with initial threshold of p < 0.001 uncorrected. Bottom: 
Parameter estimates and 90% confidence intervals showing decreased activity of the insula in the ≥2 AD group.

Discussion
The present study investigated whether distinct patterns of neural connectivity before treat-
ment could serve as an indicator for the need of ≥2 antidepressants trials in MDD treatment. 
Our results revealed that decreased functional connectivity of the right insula with the sa-
lience network appears to be associated with prospective insufficient response. Post-hoc, 
in these patients requiring ≥2 antidepressant trials, this same right insula appeared to be 
activated less when switching to the DMN compared to switching to the TPN.

Previous neuroimaging studies investigated the association between insula functioning and 
depressive pathology (Sliz and Hayley, 2012), and showed that the insula plays an important 
role in MDD. Volume reductions of the insula have been observed in patients with current and 
remitted depression compared to healthy controls (Lee et al., 2011; Takahashi et al., 2010). 
Furthermore, the insula appeared to be hyperactive in MDD in response to negative stimuli 
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(Hamilton et al., 2012; van Tol et al., 2012), and resting state studies have demonstrated  
decreased functional connectivity between the insula and the affective brain network (Ham-
ilton et al., 2011; Veer et al., 2010) and decreased regional homogeneity (ReHo) in the 
insula (Liu et al., 2010; Yao et al., 2009) in MDD patients compared to healthy controls. 
Moreover decreased insula activation was related with symptom reduction in MDD (Op-
meer et al., 2015). Our results contribute to these findings and suggest that altered insula 
functioning might be related to (prospective) non-response to antidepressants and poten-
tially treatment resistance. 

The insula is thought to mediate the ability to shift attention towards and away from emo-
tional subjective feelings (empathy, happiness, love, anger, fear, sadness) through a joint ac-
tivation with the ACC, which together form the salience network (Craig, 2009). Because dys-
functional emotion regulation has shown to play an important role in MDD (Rive et al., 2013), 
and reduced insula activation has been linked to a loss in the ability to experience emotions 
(Menon and Uddin, 2010), the observed altered salience network connectivity could also 
suggests that more persistent emotional dysregulation is associated with an insufficient re-
sponse. These hypotheses need further empirical investigation in more rigorously controlled 
antidepressant trials in combination with fMRI.

Moreover, the right insular cortex plays an important role in switching between task negative 
DMN and TPN networks (Chang et al., 2013; Hamilton et al., 2011; Marchetti et al., 2012; 
Menon and Uddin, 2010; Sridharan et al., 2008). These networks have been proposed to 
be negatively correlated both in rest and during tasks (Marchetti et al., 2012). During rest 
people switch constantly between DMN and TPN activity, which is orchestrated by the right 
insula (Fox et al., 2005; Marchetti et al., 2012), with right insula activity preceding the DMN 
to TPN switch (Seeley et al., 2007). In MDD, it has been proposed that the DMN function is 
impaired in two ways: (i) in a rest-to-task transition, the DMN remains active when it should 
deactivate (DMN persistence/dominance), and (ii) the task positive network is deactivated 
when it should be active (TPN deficiency) (Marchetti et al., 2012). In our post-hoc analysis, 
supplementing our primary finding of decreased connectivity of the insula with the salience 
network in the ≥2 AD group, we found that in the ≥2 AD group the insula was less active rel-
ative to the 1 AD group especially when switching from TPN to DMN compared to switching 
from DMN to TPN activity. In the ≥2 AD group this lower activity suggests an easier switch 
to the DMN-mode, possibly resulting in DMN-persistence, which has been associated with 
treatment resistance before (Li et al., 2013). However, because insula activity was especially 
decreased when switching from TPN to DMN, this might also suggest that TPN-activity could 
not be maintained, resulting in more frequent deactivation of the TPN, which is indicative of 
TPN-deficiency, and has also been associated with treatment resistance (Groves et al., 2018). 
Like in previous reports (Figueroa et al., 2015; Hamilton et al., 2011) patients and controls did 
not differ in percentages of activity of the DMN and TPN, for which we speculate that more 
advanced approaches (i.e. dynamic functional connectivity (Figueroa et al., 2019), investigat-
ing the durations/probabilities of more detailed FC-states) might be more sensitive.

Antidepressants are suggested to target DMN-persistence by reducing subgenual cingulate 
cortex, dorsal PCC and precuneus activation as well as to reduce TPN deficiency by increasing 
DLPFC and VLPFC function (Delaveau et al., 2011; Marchetti et al., 2012). However, we here 
speculate that if antidepressant treatment is targeting these DMN/TPN related regions only, 
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in some subjects it might not interfere with the truly defective switching-hub, i.e. aberrant  
insula function. Consequently, in some depressed patients insula dysfunction is insufficiently 
targeted or influenced by the available treatments, resulting in prolonged DMN-persistence, 
persisting symptoms of depression and eventually treatment resistance. This hypothesis 
should be further investigated in future placebo-controlled neuro-imaging studies.

Previous resting state studies have already highlighted the involvement of the insula in 
non-responders and treatment resistant patients. Insula hypometabolism was associated 
with poor response to escitalopram in MDD patients (McGrath et al., 2013). Furthermore, Guo 
and colleagues (2011) demonstrated decreased ReHo in the left insula in TRD patients com-
pared to non-TRD patients. However, Lui et al. (2011) who focused on (seed-based) RS-FC 
indicators for TRD, reported at first sight opposite findings: increased functional connectivity 
between the right insula and the cingulate cortex in TRD relative to non-TRD patients. The 
increased FC with the ACC (also part of the salience network) found by Lui and colleagues 
(2011) could either represent a compensatory increase in FC, potentially to assist the insula 
by the ACC, an increase in dysfunction in a more widespread part of the salience network 
or be confounded by the extreme difference in mean disease duration between the TRD/
non-TRD groups in their study compared to the more balanced durations in our study (193 vs. 
22 months, respectively). Other possible explanations of discrepancy in findings, apart from 
obvious differences in the analysis, patient selection, duration of MDD, and difference levels 
of non-response, might be the ethnicity of the sample (Chinese vs. European) (Serretti et al., 
2007) or cultural differences (Li et al., 2018). 

Visual inspection of our results revealed that the right insula-salience connectivity in the 
healthy controls was intermediate between both patient groups. This could be considered 
as surprising as one might expect both patient groups to show a difference with the healthy 
controls that points in the same direction. One possibility is that the higher RS-FC of the 1 AD 
group may predict response as it has been shown that changes in insula functioning occur 
with a variety of treatments for MDD, suggesting an involvement of this region in mediat-
ing treatment response (McGrath et al., 2013). Although McGrath (2013) investigated insula 
functioning with FDG-PET, in light of these findings, intact functional connectivity of the 1 AD 
group (as in HC) could represent a predictor of treatment response. However, this is in need 
of empirical resting.

Limitations
A first limitation is that, due to our selection process the remaining sample size of patients 
in need of ≥2 ADs is modest, and therefore smaller group differences may not have been 
detected. Second, only information on medication duration and daily dose was available. Un-
fortunately, specific information about when in a certain episode the medication was used 
exactly, was unspecified in NESDA, although a proxy for this information could be derived 
from the duration of use, especially when the duration of use summed up to most months 
of the year. Furthermore, an AD switch could also have been initiated because of side ef-
fects, however this occurs mostly early after initiation and we only selected treatments as 
‘adequate’ when the antidepressant was prescribed for >4 weeks. We therefore expect, given 
our definition of an adequate trial, that the confounding of switching due to adverse effects 
is limited. Third, an AD switch could also have been initiated because the initial AD interacted 
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with other medication. However, in clinical practice, at least in the Netherlands, interactions 
between antidepressants and new/additional medication are usually considered when a new 
drug is initiated. When checking for this, we did not identify co-medication that could have 
forced the switch from the initial antidepressant. We therefore assume that despite a tech-
nically possible misclassification as insufficient response forced by drug-drug interactions, 
this is not influencing the classification in these subjects. Fourth, in this naturalistic cohort 
design, illness severity (IDS) data was only collected at three visits (baseline, one year, and 
two years later). Therefore, it was difficult to determine whether and when a certain antide-
pressant led to symptom reduction, for which more stringent trials are preferable. Fifth, we 
included heterogeneous patients treated with different antidepressant classes. As such, we 
investigated AD-treatment in general, suggesting that observed effects are independent of 
specific antidepressants, so this heterogeneity precludes translation to a specific AD. Sixth, 
our ≥2 AD patients strictly speaking do not meet the definition of TRD (non-response to at 
least two classes of antidepressants (Berlim and Turecki, 2007b; Ruhe et al., 2012; Wijeratne 
and Sachdev, 2008). However, given that 94% of these patients also received psychother-
apy at some point during the two years of follow-up we think this sample generalizes to 
recognizable clinically difficult to treat patients who will potentially be treatment resistant 
later on. Therefore, we believe our findings provide important information in the search for 
biomarkers for early identification of characteristics of non-response. Lastly, while sample 
matching across groups is helpful in detecting differences without the need to correct for 
additional confounding, resulting in more power to examine the brain measures of interest, 
this approach could result in reduced generalizability of our findings.

To summarize, we are aware that when considering our results in depth, various factors as 
switching due to adverse effects or drug-drug interactions might have influenced our classifi-
cation and interpretation of insufficient response, however we do believe that these concerns 
are less relevant for the current sample and our findings therefore are valuable in providing 
starting points for research on long term effects of insufficient response. Especially because 
the long term burden of MDD is associated with multiple treatment steps due to insufficient 
response (Johnston et al., 2019). We therefore believe that this research is important because 
it contributes to long term effects of non-response and provides important naturalistic clini-
cal information to finally aid to improve chances of response.

Conclusion and future directions
We identified decreased functional connectivity of the insula within the salience network 
as a potential biomarker for prospective insufficient response. With a post-hoc analysis, we 
linked this diminished connectivity of the insula to diminished insula activation when switch-
ing between task and rest related networks in patients in need of ≥2 ADs. We hypothesize 
that this insula dysfunction might not sufficiently be targeted by current antidepressants, 
which therefore can lead to treatment resistance. This should be investigated further with 
placebo-controlled neuroimaging studies in MDD. Our findings suggest that altered insula 
function may be a potential neuroimaging biomarker for the prediction of prospective an-
tidepressant response. More rigorously controlled studies are required to replicate aberrant 
insula functioning and insula-salience FC alterations as such a predicting biomarker for anti-
depressant non-response and treatment resistant depression.
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Supplementary material
Exclusion criteria NESDA-MRI sample 
i) general MRI contraindications ii) Presence of axis-I disorder other than presence of axis-I 
disorders other than MDD and/or anxiety disorder (iii) any use of psychotropic medication 
other than stable use of a selective serotonin reuptake inhibitor or infrequent benzodiaze-
pine use (i.e., maximum of three times a week or use within 48 h prior to scanning).

Scan parameters
A six-channel SENSE head coil was used in Amsterdam and an eight-channel SENSE head 
coil in Groningen and Leiden. In Amsterdam and Leiden, T2*-weighted gradient-echo-planar 
images were collected with the following parameters: 200 whole-brain volumes, repetition 
time 2300 ms, echo time 30 ms, flip angle 80○, 35 axial slices, no slice gap, slice thickness 
3 mm, in plane voxel resolution 2.3 x 2.3 mm, field of view (FOV) 220 x 220 mm. In Gron-
ingen, the T2*-weighted gradient-echo-planar imaging parameters were identical with the 
following exceptions: echo time 28 ms and 39 axial slices in plane voxel resolution 3.45 mm 
x 3.45 mm. High resolution T1-weighted anatomical images were acquired with the following 
parameters: repetition time 9 ms, echo time 3.5 ms, flip angle 80○, 170 sagittal slices, no 
slice gap, FOV 256 x 256 mm, in plane voxel resolution 1 x 1 mm, slice thickness 1 mm.

Data preprocessing
Resting state fMRI images were preprocessed using SPM8 (http://www.fil.ion.ucl.ac.uk/spm). 
The raw anatomical and functional images were reoriented in anterior-posterior commissure 
alignment (AC-PC), and slice time correction, motion correction and coregistration to the 
structural images were applied to the functional images. Structural images were segmented 
into grey matter (GM), white matter (WM), and cerebrospinal fluid (CSF) using the ‘new-seg-
ment’ tool within SPM8. The anatomical scans across all participants were then used to cre-
ate a study-unique group template using a diffeomorphic registration algorithm designed to 
improve between-subject registration (DARTEL)(Ashburner, 2007). Subsequently, this inter-
mediate group template and the functional scans were normalized to Montreal Neurological 
Institute (MNI) space. Voxel sizes were resampled to 3 mm3 during normalization, and imag-
es were spatially smoothed using a Gaussian kernel of 10 mm at FWHM.

Independent Component Analysis
We used the Group ICA FMRI Toolbox (GIFT) (Calhoun et al., 2001) with the Infomax algo-
rithm to perform an independent component analysis (ICA), which separates the fMRI signal 
of spatially independent components into temporally independent components with similar 
time courses. The number of independent components was estimated based on the mini-
mum description length (MDL) criteria and set to the mean value of all individual values. The 
data was first reduced using Principal Component Analysis (PCA), and thereafter back-recon-
structed using the spatial-temporal regression. For scaling, the resulting maps were convert-
ed into Z-scores to normalize the signal. Based on visual inspection, components reflecting 
cerebrospinal fluid (CSF) fluctuations and noise were discarded. Components of no interest 
were also discarded, leaving six components functionally relevant to our objective: Fron-
to-parietal (right), Fronto-parietal (left), Dorsal attention, Salience, Default Mode posterior, 
Default Mode anterior.
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Post-hoc seed based analysis

Extended preprocessing: regression of six rigid body head motion parameters, whole brain 
signal, white matter (WM) and cerebrospinal fluid (CSF) was applied and data were bandpass 
filtered (0.009-0.08 Hz).

Extract time course data from mPFC-PCC seeds: for every participant, time course data from 
the two Hamilton based DMN seed-regions (mPFC and PCC) were extracted, and averaged 
into a single time series.

Correlating seed/region time/series: DMN maps were defined as voxels that positively cor-
related with this averaged mPFC-PCC time-course (thresholded at p < 0.0001), and TPN 
maps as voxels that were negatively correlated. A DMN and TPN activity vector was deter-
mined as a time course average of all voxels in the corresponding thresholded map. Of note, 
the original threshold used by Hamilton et al. (2011) (p < 0.000001) resulted in empty DMN 
and TPN maps, possibly due to scanner and site variability. Therefore, we applied a less strin-
gent threshold in order to create DMN and TPN maps and investigate switching between 
these networks. 

Right insula activation during switching: For every participant, a TPN onset regressor was de-
fined at initiations of ascent of the TPN activity vector (at a DMN peak) and a DMN onset 
regressor was defined at initiations of ascent of the DMN activity vector (at a TPN peak). In 
order to ensure that DMN/TPN peaks were meaningful representations of switching mo-
ments, the initiation of descent (the peak) of the one vector and the subsequent ascent of 
the other vector had had to occur during a timeframe of ±2 TR.

Supplementary Figure 1. Flowchart of sample selection  AD=Antidepressants
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Supplementary Figure 2. Results linear mixed model with marginal means and standard errors for the IDS scores by 
group and time. Presented marginal means are based on the linear mixed models analysis corrected for baseline IDS 
scores and revealed a significant main effect of group (F1,41 = 3.93, p = 0.05). Dotted lines represent adjustments on 
IDS scores from the origin, which was applied in order to correct for baseline differences (p = 0.045)

Supplementary Figure 3. Results linear mixed model with marginal means and standard errors for the IDS scores 
by group and time, while accounting for response-pattern. Presented marginal means are based on the linear mixed 
models analysis corrected for baseline IDS scores and revealed significant main effects of group (F1,32.86 = 10.67, p = 
0.003) and time (F1,33.20 = 9.40, p = 0.004), also accounting for the response-pattern (F1,57.93 = 46.46, p < 0.001) and 
its response-pattern x time interaction (F1,40.16 = 8.27, p = 0.006). Optimal model was selected based on lower AIC. 
Dotted lines represent adjustments on IDS scores from the origin, which was applied in order to correct for baseline 
differences (p = 0.045)
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Supplementary Figure 4. Association of Insula connectivity and IDS. Significant main effect of group (t46 = -7.37, p = 
0.000), no main effect of IDS (t46 = -0.56, p = 0.580) and no interaction effect (t46 = -0.01, p = 0.991)

Supplementary Table 1. Treatment characteristics of both patient groups during follow-up
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Supplementary Table 2. Overview co-medication used in combination with antidepressants (≥2 AD group)

 



Chapter 06

*Table shows co-medication used during the treatment of the antidepressant, to better understand whether 
possible drug-drug interactions indicated the switch to another antidepressant. Due to study design it is not 
possible to retrieve order of prescriptions (nor whether drugs were all used concomitantly). There is possibly 1 
patient (subject 1) where a paroxetine to nortriptyline switch is combined with metoprolol as co-medication. The 
interaction between paroxetine (a strong inhibitor of CYP 2D6) and metoprolol is renown, and the need to pre-
scribe metoprolol could have initiated the wish to change paroxetine to a non-2D6 inhibitor. However, in case of 
sufficient response, this could have been any other SSRI (except fluoxetine). The fact that this patient switched to 
another class of antidepressant (in line with the national Dutch guideline for MDD (Spijker et al., 2013)), however 
also suggests a switch due to insufficient response. In other cases we did not identify co-medication that could 
have forced the switch form the initial antidepressant. We therefore assume that despite a technically possible 
misclassification as insufficient response forced by drug-drug interactions, this is not influencing the classification 
in these subjects. AD=Antidepressants
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General discussion
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Summary of main findings
This dissertation aimed to contribute to knowledge regarding: (1) reward-related impairments 
in acute and remitted (recurrent) MDD, and (2) the predictive properties of clinical tools and 
neuroimaging to predict insufficient response to treatment. As described in the introduction, 
we differentiated five stages of illness development and severity in MDD: (i) the prodromal, 
or at risk stage, (ii) the first depressive episode, (iii) residual symptoms following an episode, 
(iv) the occurrence of relapses and (v) a stage of chronic and/or treatment-resistant depres-
sion (Peeters et al., 2012). This dissertation focused on acute MDD (stage ii/iv/v) and remit-
ted recurrent MDD (stage iii). 

Both for scientific and for clinical purposes, developing a better understanding why people who 
suffer from MDD do not respond to treatment, why depressive episodes tend to relapse or recur 
and how to predict these two major issues are highly relevant. Prevention of non-response and 
recurrence through knowledge of underlying etiopathogenetic mechanisms will help clinicians to 
improve treatment strategies and relieve the burden of MDD for patients, relatives and society. 
Moreover, identifying distinct profiles of depressive symptomatology or underlying etiological 
mechanisms, called profiling, can be helpful in prediction of course and treatment. 

In this chapter we will first summarize the main findings of this dissertation, followed by an 
interpretation of our findings. Thereafter, methodological considerations will be discussed 
and finally, clinical implications and future perspectives will be given. 

Part I: pathophysiological mechanism behind reward processing and 
reward-related learning

Although still under development, computational approaches of brain processes can repre-
sent the complexity of the brain better than just activity during certain tasks. This especially 
holds for reward and aversive processing and adjustment of behavior (i.e. learning) by posi-
tive/aversive events. The first part of this dissertation focused on pathophysiological mecha-
nism behind basic reward processing and reward- and aversive related learning in (recurrent) 
depression, by applying computational approaches.

MDD is characterized by impaired reward circuitry connectivity during reward anticipation
In the first study (chapter 2) we explored whether alterations in connectivity between ele-
ments of the reward circuitry can be linked to acute MDD. We explored this because, despite 
promising findings regarding the involvement of individual brain areas in basic reward pro-
cessing, it remains largely unexplored how circuitry alterations are involved in the complex 
characteristics of MDD. We demonstrated that MDD is indeed characterized by alterations 
in reward circuit connectivity rather than isolated activation impairments in brain areas un-
derlying the reward-system. We found decreased connectivity between the VS and frontal 
brain areas (ACC, mPFC, superior/middle frontal gyrus), the insula, thalamus, and precuneus. 
Furthermore, we found decreased connectivity between the VTA and the insula. These find-
ings were specific to reward anticipation, not to reward consumption and suggest an overall 
decrease in reward circuit connectivity during reward anticipation. 
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Impaired Reward-Learning in the VTA in Remitted Recurrent Depression
Where chapter 2 provides evidence for a dysfunctional reward-system in depressed patients, 
clinicians often observe that anhedonia remains as residual symptom during remission. The 
ability to experience reward and to learn from rewarding events is important in adjustment 
of behavior, which is expected to be associated with resilience against recurrence. Moreover, 
it remains unknown whether a dysfunction in processing of reward related-learning is asso-
ciated with residual anhedonia. We therefore conducted a second study (chapter 3) in which 
we explored reward-related learning in remitted MDD patients, who were at high risk of re-
currence (rrMDD). Apart from comparing patients and controls, we investigated this link be-
tween abnormalities in reward-related learning and anhedonia levels. The rrMDD patients, 
compared to healthy controls, showed impaired reward-related learning activation in the 
ventral tegmental area (VTA) which is a key area in the dopaminergic reward-related learning 
network. Moreover, in the rrMDD-patients, VTA-activation decreased when anhedonia levels 
increased, while in controls this relation was the other way around. These findings suggest 
impaired reward-related learning signals in the ventral tegmental area VTA during remission 
in depression rrMDD-patients. Moreover, the inverse association between reinforcement 
learning and anhedonia in rrMDD patients implies an additional disturbing influence of an-
hedonia on reward-related learning or vice versa.

Impaired Aversive-Learning in the Habenula in Remitted Recurrent Depression
Besides learning from rewarding events, the ability to learn from aversive events is also 
important in resilience against recurrence. The ability to learn new behavior that decreas-
es hypersensitivity to aversive events plays an important role in resilience against recur-
rence by providing protection against symptoms like daily stress. In acute MDD, it has been 
demonstrated that impairments in aversive-learning are associated with hyperactivity of the 
habenula. It remains largely unexplored whether this dysfunction persists in remitted de-
pressed individuals who were at high risk of recurrence. In chapter 4, we therefore explored 
habenula activation and connectivity during aversive learning in order to elucidate possi-
ble aversive-learning impairments and dysfunctions in the circuitry associated with aversive 
events in subjects vulnerable for recurrence. Impaired neural responses, specifically during 
processing of conditioned stimuli, were found in the form of hyperactivity of the habenula 
in remitted MDD patients, suggesting that impaired aversion-related learning signals per-
sist during remission. Furthermore, we demonstrated aberrant connectivity between the 
habenula and the VTA during aversive learning in rrMDD patients. Considering the (indirect) 
inhibitory influence of the habenula on the VTA, hyperactivity of the habenula could result in 
an increased inhibition of the VTA, leading to lower temporal correlation between these two 
areas and therefore lower connectivity.
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Part II: prediction of response to treatment in MDD 

The second part of this dissertation focused on the prediction of (insufficient) response to 
treatment in mdd. 

The maudsley staging method is a reliable and valid tool to predict poor outcome in depressed 
patients irrespective of  treatment
Early prediction of pooroutcome is important for the development of more targeted treat-
ment strategies. One promising tool that is aimed at predicting outcome of depression is 
the Maudsley Staging Method (MSM). However, the MSM has only been investigated using 
a relatively small sample of patients who were treated in a tertiary care setting. In chapter 5, 
the predictive property of the MSM was explored in a larger naturalistic cohort of the Nether-
lands Study of Depression and Anxiety (NESDA). We aimed to further validate the predictive 
value of the MSM and indeed confirmed that the MSM is a valid and reliable tool to predict 
poor outcome in a broad spectrum MDD. Interestingly, this prediction appeared to be inde-
pendent of whether treatment was offered.

Decreased functional connectivity of  the insula with the salience network is a potential 
biomarker for prospective insufficient response
Besides clinical prediction models, neuroimaging studies have also showed promising fea-
tures to predict clinical outcomes. In Chapter 6, we used the neuroimaging cohort of the 
NESDA-study for an explorative approach to investigate whether baseline alterations in 
neural connectivity were an indicator of the need of a switch of antidepressants during two 
years of naturalistic follow-up. We considered this need for a switch as a proxy for insuffi-
cient treatment response, thereby probing this imaging marker as an indicator for insufficient 
treatment response. We observed that lower connectivity of the insula with the salience 
network was associated with prospective insufficient response to antidepressants. 

Interpretation of findings
Impairments in the circuitry associated with rewarding and aversive events 
Over time, research has expanded from a search for impairments in isolated brain areas to 
a search for interacting brain circuits. Chapters 2, 3 and 4 also do so, and provide findings 
that point to abnormalities in the circuitry associated with rewarding and aversive events in 
(recurrent) depression.

Cortico-striatal circuitry
An overall decrease in reward circuit connectivity was observed in patients with acute MDD 
during reward anticipation (chapter 2). Generally, regardless of task design, decreased activity 
in cortico-striatal regions, including the striatum, putamen, thalamus, insula and ACC, has 
been previously observed in MDD (Zhang et al., 2013). These brain areas are part of the me-
socorticolimbic reward pathway and have long been considered as the essential regions in 
reward processing. Studies specifically investigating monetary reward anticipation and con-
sumption showed decreased activation in the caudate during both reward anticipation and 
consumption stages and increased activation in the ACC, middle frontal gyrus and frontal 
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lobe during reward anticipation (Zhang et al., 2013). Our findings of decreased connectiv-
ity between the VS and frontal areas (the ACC/mPFC and superior/middle frontal gyrus) 
confirm cortico-striatal involvement in MDD pathology and provide evidence that MDD is 
characterized by alterations in reward circuit connectivity rather than isolated activation im-
pairments. The ACC plays an important role in actions needed to obtain a reward, also called 
action–outcome associations (Chudasama et al., 2013). Frontal regions play a central role in 
reward seeking and reward effort (Tzschentke and Schmidt, 2000). Interactions between 
these areas have been suggested to strongly modulate the mesocorticolimbic dopamine 
circuit (Tzschentke and Schmidt, 2000) and are specifically related to reward anticipation 
(Balleine et al., 2007; Knutson, Fong et al., 2001; Wittmann et al., 2007). These current re-
sults substantiate the notion that dysfunctions in the cortico-striatal circuitry during reward 
anticipation are an important marker of MDD (Zhang et al., 2013). 

In addition to the proposed involvement in reward, the cortico-striatal circuitry may also play 
a role in treatment response. Admon et al. (2015) found that relative to HC, less deviant 
cortico-striatal connectivity at baseline during monetary gain vs. penalty, predicted greater 
improvement in symptoms 12 weeks later. These findings should however be interpreted 
with caution considering their modest sample size of 14 MDD-patients. Nevertheless, cor-
tico-striatal regions have been associated with prognostic value before (Fu et al., 2013). A 
meta-analysis by Fu et al. (2013) including a variety of functional neuroimaging paradigms, 
demonstrated that increased baseline activity in the anterior cingulate cortex was as a prom-
ising predictor of both pharmacological as well as (cognitive) behavioral treatment response, 
while increased activation of the insula and striatum was demonstrated to be a predictor of 
poorer clinical response. Despite these promising predictive properties of neural activity of 
isolated brain areas, the importance of dysregulated cortico-striatal connectivity as a neuro-
imaging predictor of response should be studied more extensively. Later on in the discussion 
we will discuss in more detail how a good predictor (i.e. biomarker) is defined. 

VTA-Habenula circuitry
Besides impairments in acute MDD, we found that reward related abnormalities are also ap-
parent when patients are in remission. Chapters 3 and 4 show impaired reward-related learn-
ing signals in the VTA and impaired aversion-related learning signals in the habenula, respec-
tively. Chapter 4 also shows aberrant habenula-VTA connectivity during aversive-learning. 
Collectively, these findings emphasize the involvement of a circuitry associated with reward-
ing and aversive events comprising the VTA and the habenula that is specific for learning. 

Usually, individuals make decisions that maximize reward and minimize loss by making ef-
forts for rewards, by avoiding aversive events, and by adapting behavior after the experi-
ence of an event. This appears important in providing resilience against recurrence (Dutcher 
and Creswell, 2018). Positive emotional responses decrease stress-sensitivity (Wichers et 
al., 2007), and predict recovery during antidepressant treatment (Wichers et al., 2009). The 
impaired VTA function during remission (chapter 3), may cause difficulties in learning new 
behaviors that might improve mood or keep patients well (Vrieze et al., 2013). Moreover, 
persisting overactivity of the habenula during remission (chapter 4), specifically during pro-
cessing of conditioned stimuli, may suggest that the habenula is triggered more easily, even 
when aversive events are minor. Impairments in learning from aversive events can cause an 
increase in encountering of aversive events. Ultimately, this increased frequency may cause 
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an increase in avoidance-behavior. Considering the involvement of the VTA and habenula in 
both reward (Chase et al., 2015; Garrison et al., 2013; Matsumoto and Hikosaka, 2007) and 
aversive learning (Hennigan et al., 2015), the aberrant connectivity between the habenula 
and the VTA during aversive learning may suggest an overall learning impairment. Aberrant 
connectivity between habenula and VTA, while learning (aversive) associations can lead to 
impaired (pavlovian) learning from aversive stimuli, which might be associated with learned 
helplessness (Pryce et al., 2011), which has previously been identified as a vulnerability-fac-
tor for recurrence (Bockting et al., 2006). Rodent studies have shown enhanced synaptic 
activity of VTA-projecting habenula neurons in learned helplessness models (Li et al., 2011). 
Although we did not test this, we speculate that in recurrent depression, earlier episodes can 
cause sensitization of the brains reinforcement learning system, and/or habenula-VTA de-
coupling, therefore making the brain more prone to learn worse from rewards and aversive 
events, associated with increasing risk of developing future episodes, a concept known as 
kindling (Monroe and Harkness, 2005). These speculations however remain to be investigat-
ed in future analyses of this and other datasets. 

Although MDD is primarily being considered as a mood disorder, these findings suggest that 
disrupted reinforcement learning might underlie core features of MDD like anhedonia and 
negative bias (Eshel and Roiser, 2010; Pizzagalli, 2014). Over the past decade, reinforcement 
learning impairments have been linked to the pathophysiology of depression (Chen et al., 
2015). However, this is the first study exploring reinforcement learning during remission. Pre-
vious studies conducted in subjects at risk for depression and with sub-threshold depression 
indeed have demonstrated that abnormalities in processing of wanting and liking aspects of 
reward are a trait marker for major depressive disorder (McCabe et al., 2009; McCabe et al., 
2012; McCabe, 2016; Pan et al., 2017; Stringaris et al., 2015). Findings from this dissertation 
corroborate that, in addition, reinforcement learning abnormalities also point to a trait-like 
abnormality, which subsequently, if replicated, might be of importance with regard to vul-
nerability for recurrence. In order to answer if reward related impairments indeed predict a 
higher risk of recurrence, a longitudinal study design is necessary including information about 
recurrence status in the sample.

Can we predict response to treatment in MDD?
Besides improving our understanding of the neurobiology of MDD, determination of patho-
physiological mechanisms underlying MDD can also be used in prediction of treatment re-
sponse. Accurate prediction of non-response is necessary in order to overcome the stepwise 
trial-and-error approach currently used for treatment selection in psychiatry. In the second 
part of this dissertation we attempted to identify clinical and neuroimaging predictors for in-
sufficient response to treatment (chapter 5 and 6). Early recognition and prediction of non-re-
sponse can result in faster and more targeted treatment strategies and reduce suffering. 

Definition of  a biomarker
In order to investigate predictive properties of clinical tools and neuroimaging, we first have 
to define what makes a good predictor/biomarker. In medical literature, a biomarker is de-
fined as a characteristic that can be objectively measured as an indicator of a normal bio-
logical or a pathogenic processes or a response of an individual to a therapeutic exposure 
or intervention (FDA-NIH Biomarker Working Group, 2016). Biomarkers can be divided in 
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two categories, i.e., the diagnostic biomarker which determines the presence or absence of a 
disorder and the prognostic biomarkers which predicts response to treatment or longitudinal 
course of illness (Hacimusalar and Esel, 2018). In the literature, prognostic biomarkers are 
also referred to as treatment biomarkers or treatment predictors. Alternatively, a biomarker 
can be a trait biomarker (i.e. present before onset of the disorder, during and after remission), 
a state biomarker (i.e. present during the disorder but not after remission), or an endopheno-
type marker (i.e. includes besides trait marker characteristics, also a heritability component) 
(Gottesman and Gould, 2003). In order to be clinically useful, the specificity and sensitivity of 
a biomarker should be high (more than 80%) (Schneider and Prvulovic, 2013). Furthermore, 
a biomarker should be reliable, inexpensive and non-invasive in order for it to be used in ev-
eryday clinical practice (Hacimusalar and Esel, 2018). 

Clinical predictors
The Maudsley Staging Method (MSM), that we validated in chapter 5 in a large naturalistic 
cohort of primary and secondary care patients with depression, had already been proven to 
be a reliable tool in predicting poor outcome and course of MDD by Fekadu et al. (2009). 
However, this was in a relatively small sample of patients who were treated in highly spe-
cialized tertiary care. In chapter 5 we show that the MSM is generalizable to a much larger 
community-based population of depressed patients attending primary and secondary care. 
Generalizability of clinical predictor tools are required to maximize the utility of tools for 
predicting remission, episode persistence and/or future treatment resistance. An alternative 
instrument, extending the MSM, the Dutch Measure for Quantification of Treatment Resis-
tance in Depression (the DM-TRD), has also been shown to be a feasible tool to assess failed 
biological, psychotherapeutic, and supportive treatments (Peeters et al., 2016). In a previous 
comparison the DM-TRD was suggested to be slightly more sensitive (Peeters et al., 2016). 
Unfortunately, the NESDA-data-set did not allow concurrent determination of the DM-TRD 
in the same study, allowing a further comparison. The DM-TRD was recently validated again 
in a large cohort of MDD outpatients (van Dijk et al., 2018) and was suggested to be a solid 
long-term predictor of symptom severity over time as well. Future studies are needed to es-
tablish whether these tools are sensitive and specific for predictions of treatment outcome in 
individual patients. This will be the next step to fully validate these clinical tools as a profiling 
tool to guide treatment. 

Neuroimaging predictors
Consistent with results from recent reviews and a meta-analysis (Fonseka et al., 2018; Fu 
et al., 2013; Hacimusalar and Esel, 2018), chapter 6 demonstrates that neuroimaging can 
also be valuable in providing predictors for insufficient response to treatment. Structural im-
aging studies show that increased volume of the hippocampus predicts better response to 
treatment (MacQueen et al., 2008; Vakili et al., 2000), and that decreased hippocampal 
volume predicts insufficient response in MDD (Fu et al., 2013; Samann et al., 2013). Although 
biomarkers identified with task-based fMRI paradigms have been shown to be unreliable 
(Fonseka et al., 2018; Nord et al., 2017), resting state connectivity provides potential neuro-
imaging biomarkers as well (Salomons et al., 2014). For example, lower fronto-thalamic, fron-
to-striatal, and fronto-limbic connectivity were associated with better treatment outcomes 
(Salomons et al., 2014). Our finding that lower connectivity of the insula with the salience 
network was associated with prospective insufficient response to treatment might provide 
an additional biomarker. However, these reviews and meta-analysis consistently conclude 
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that although the identification of neuroimaging predictors of treatment response seems 
promising, before these biomarkers can be translated into clinical practice they require rep-
lication and validation in large, independent samples. Subsequently, randomized controlled 
trials investigating biomarker-based treatment versus treatment as usual are necessary to 
investigate the true advantage of implementation of these potential biomarkers. 

Other promising predictors
Besides these neuroimaging findings, also decreased brain-derived neurotrophic factor 
(BDNF), increased cytokines, and increased hypothalamo-pituitary-adrenal axis activity are 
mentioned as promising biomarker candidates for MDD (Hacimusalar and Esel, 2018). Al-
though promising, the authors also conclude that in general, isolated biomarkers are low in 
specificity and sensitivity. They suggests that a multimodal, multivariable approach, integrat-
ing clinical and neuroimaging markers with data from other biological modalities (e.g. genet-
ic, proteomic, metabolomics), might be able to provide a more comprehensive assessment 
of treatment prediction (Hacimusalar and Esel, 2018; Schmidt et al., 2011). 

Can we predict recurrence?
As the incidence of relapses and recurrences may be as high as 80% within 5 years (Bockting et 
al., 2009), prediction of relapse and recurrence is important as well. Although only inferences 
can be made whether finding of this dissertation are associated with patients at high risk of 
recurrence, chapter 3 and 4 point to a possible involvement of impaired reward- as well as 
aversive-learning in recurrence vulnerability. Previous studies have shown promising insights 
into the prediction of recurrence. Clinical characteristics (number of previous episodes, coping 
style, and residual depressive symptoms) have been found to be predictive of recurrence in 
remitted depressed patients (Bockting et al., 2006; Mocking et al., 2016; ten Doesschate et al., 
2010). Furthermore, neuroimaging studies have suggested to provide important prognostic 
markers for relapse and recurrence in MDD (Hacimusalar and Esel, 2018). For example, struc-
tural imaging revealed that decreased gray matter volume in neural regions involved in execu-
tive function, emotional regulation and salience processing (the insula, dorsolateral prefrontal 
cortex and middle frontal gyrus) predicted a relapsing course in MDD (Zaremba et al., 2018). 
In addition, larger hippocampal volume was associated with lower relapse rates (Kronmuller et 
al., 2008). Functional imaging studies demonstrated that relapse can be predicted by mood 
linked reactivity of the medial prefrontal cortex (Farb et al., 2011). Whether the current result can 
attribute to these findings should become apparent in future studies. A confirmation of a link 
between impaired reinforcement learning (both reward and aversive learning) and recurrence, 
investigated in future longitudinal studies, would indicate a pathogenic process and could sug-
gest a potential prognostic biomarker. However, following the definition of a biomarker, high 
specificity and sensitivity are required for this to be a potential trait biomarker for recurrence 
vulnerability. Therefore, replication and validation in independent samples are required.

In conclusion, prediction of recurrence and non-response with clinical tools and neuroimaging 
holds promise; however, before this can be clinically useful, research must be directed towards 
improvement of the predictive vales of these biomarkers and increase of specificity and sensi-
tivity. At this stage, we can non-invasively and objectively measure normal biological process-
es, pathogenic processes or a response to a therapeutic exposure or intervention, however, 
accurately measuring these processes at the level of an individual remains challenging.
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Methodological Considerations
MRI
Although fMRI has been proven to be a valuable tool in research, there are some method-
ological considerations that one should be aware of. Firstly, fMRI cannot directly measure 
neurotransmitter signaling. This is especially important regarding our study on (expected do-
pamine-firing) abnormalities in the VTA, where we measure VTA activation as a proxy for 
phasic DA-bursts. However, evidence suggests that blood oxygen level-dependent mea-
surements in reward related brain areas are indicative of DA release (Knutson and Gibbs, 
2007; Pessiglione et al., 2006). Additional acquisitions of PET scans or even multimodal 
PET/MRI scans (Cecchin et al., 2017), might offer more detailed insights on the dopaminergic 
reward system and the involvement in recurrence and non-response in MDD. Secondly, res-
olution of fMRI is spatially low which makes it difficult to study small structures like the VTA 
and the habenula and to distinguish different parts of these structures like medial/lateral 
parts. Thirdly, with fMRI it is not possible to distinguish whether observed activity is caused by 
underlying dopaminergic signaling or perhaps from another neurotransmitter system. This is 
especially important for chapters 3 and 4 because besides dopamine, the VTA and habenula 
also receive and project GABAergic and glutamatergic neurons.

Experimental task
The experimental task described in chapter 3 and 4 lacked an active response to the appear-
ance of the pictures on the screen. This excludes the possibility of any behavioral confound in 
the Pavlovian learning. Although this passive conditioning task was specifically used to assess 
particular aspects of learning, participants might have lost their engagement or attention to the 
task and we were not able to assess individualized learning rates. In new experiments, an active 
response (e.g. button press) will be embedded in the task, which will facilitate the possibility 
to fit the model to the data and select parameters that show the best overall fit to the signals. 

Study design
Chapter 3 and 4 lacked inclusion of a currently depressed group, and scanning of depressed 
subjects was not incorporated in the design. This hampers the ability to draw inferences 
about persistence of impaired reward-related learning during remission, and thereby pre-
diction of recurrence. Nevertheless, in its present form, the study can be very helpful for the 
identification of factors that remain impaired during remission in depressive patients with a 
history of recurrence.
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Clinical implications and future perspectives
It is sometimes considered challenging to relate neuroimaging findings to clinical practice. 
However, this dissertation presents findings that provide a greater understanding of neural 
correlates and, more importantly, complex neural circuitry underpinnings of depression and 
recurrence vulnerability. Insights that may be useful in mental health care practice. 

Behavioural and neuromodulation therapy
Chapter 3 and 4 point to a possible involvement of impaired reward- as well as aver-
sive-learning in the vulnerability for recurrence. Follow up studies should point out whether 
these observed impairments in reinforcement learning are indeed associated with recur-
rence. A link between recurrence and impaired reinforcement learning (both reward and 
aversive learning) could suggest that the focus of therapy should lie on enhancing positive 
affect by training patients to focus attention on positive reinforcers as well as diminishing 
negative affect (Servaas et al., 2017; Wichers et al., 2010; Wichers et al., 2012). Focusing 
on positive experiences could train the ability to make associations between behaviour 
and pleasurable outcomes and reinforce repetition of reward provoking behaviour (operant 
conditioned learning). Training the ability for (rr)MDD patients to learn about rewarding and 
aversive feedback in daily life should therefore be investigated in future studies. This type of 
training could for example be examined in a prospective randomized controlled trial offer-
ing behavioural activation therapy (Soucy Chartier and Provencher, 2013) to MDD patients 
vulnerable to recurrence.

Reward in TRD sample
Besides the demonstrated reward related dysfunctions in currently depressed and remitted 
recurrent MDD patients in this dissertation, evidence emerges that treatment resistance, es-
pecially to first choice antidepressants, may also be caused by an underlying dysfunction in 
reward (i.e. dopamine-related functioning) and punishment processing. A logical follow up 
of this dissertation would be to extrapolate the findings from both parts of this dissertation 
in a study that investigates pathophysiological mechanism behind reward and punishment 
processing in a treatment resistant group of patients. 

Role of neurotransmitters other than dopamine 
Two of the three studies in part one of this dissertation focused on dopaminergic reward-re-
lated system. It is plausible though, that the γ-aminobutyric acid (GABA) and glutamate sys-
tem play an additional role, as these systems have also been considered to be involved in 
treatment non-response and risk for recurrence (Lener et al., 2017; Li et al., 2019). GABA is 
the major inhibitory and glutamate the major excitatory neurotransmitter in the brain. In 
addition to dopamine, VTA neurons also co-release other neurotransmitters, including GABA 
and glutamate (Yoo et al., 2016). Furthermore, GABA/glutamate co-release controls the out-
put of the habenula which is modified by antidepressant treatment (Shabel et al., 2014). 
Therefore, it is possible that the reinforcement learning activity in the VTA and habenula we 
demonstrated in chapter 3 and 4, is partly attributable to underlying GABA and glutamate 
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dysfunction. However, this cannot be derived from the current study design and should be 
investigated in future studies, presumably with 7T magnetic resonance spectroscopy  (MRS), 
given the small volumes of these regions and the difficulty of obtaining reliable MRS-scans. 
Such MRS-scans could determine the in vivo concentration of brain metabolites such as 
GABA and glutamate non-invasively. Although quantification of chemical profiles like GABA 
and glutamate from the brainstem are technically challenging, studies have demonstrated 
promising methods (Deelchand et al., 2015; Emir et al., 2012; Oz and Tkac, 2011). 

Machine learning and normative modeling
Psychiatry could benefit from the application of neuroimaging biomarkers in combination 
with other variables (i.e. biomarkers from neuropsychological measurements and genes) in 
order to improve diagnostic sensitivity and specificity and prediction of treatment/disease 
outcomes (Hacimusalar and Esel, 2018). Ideally, for new patients, stratification to distinct 
subgroups (e.g. responders or non-responders) should be possible based on individualized 
prediction. There is evidence that machine learning is a promising technique that can be 
valuable in developing prognostic and diagnostic tools in psychiatry by providing such in-
dividualized stratification (Bzdok and Meyer-Lindenberg, 2018). Depending on the type of 
machine learning (i.e. unsupervised), these techniques could even aim at a transdiagnostic 
approach that cuts across traditional disease boundaries. 

An alternative approach that has been suggested is the implementation of normative mod-
eling (Marquand et al., 2016). Normative modeling is based on the idea that biologically, clin-
ical groups are often highly heterogeneous and that healthy variation is a prerequisite to un-
derstanding disease variation. Normative modeling allows to determine where an individual 
lies within a common range for the population. First, a normative model is defined that links 
biological (e.g. functional brain activity) and clinical variables (e.g. questionnaire scores) with 
the estimation of predictive confidence, to quantify the fit of each point to the normative 
model. Second, for each individual, the deviation from the normative model is calculated. 
Next, an index of abnormality is calculated (Marquand et al., 2016). Marquand and colleagues 
used normative modelling to predict reward-related brain activity in a large healthy cohort. 
They provided promising insights that normative modeling can be used in studying disorders 
at the individual level without dichotomizing samples. Instead, disorders can be thought of 
as extremes within a certain (normal) range (Marquand et al., 2016).
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Towards individualized treatment 
Refinement of predictivity of clinical and neuroimaging methods by machine learning or 
normative modeling techniques are crucial in order to achieve individualized stratification. 
Several lines of evidence point to the possibility of predictive models that can be applied to 
and obtain answers for a single patient (Browning et al., 2019; Gao et al., 2018; Szegedi et 
al., 2009).

 
June 2040: 
At the department of psychiatry, a patient Mrs. R. (female, 37 years old) is seen by a psy-
chiatrist for a second depressive episode. The first episode (4 years ago) she experienced 
remission without treatment. The current episode she shows remission after treatment 
with psychotherapy and one antidepressant. Although in remission now, Mrs. R. reports 
that she still experiences difficulties in sleeping, concentrating and experiencing pleasure 
and reward. Since her improvement, she noticed an oversensitivity to negative events, 
i.e. despite having experienced positive events related to her own efforts, she irrationally 
doesn’t value those and instead sticks to a few small negative events that occurred irre-
spectively of any action by herself. 

With the results of this dissertation in mind, and subsequent research based on our and 
other’s findings, we can speculate what steps can be taken when a patient comparable 
to Mrs. R. seeks treatment. With additional work and new developments in profiling of 
patients, the predictivity of clinical and neuroimaging markers will have improved, and a 
multivariable approach and intelligent self-learning algorithm will be applied before ini-
tiating treatment. This approach will integrate clinical (i.e. new versions of the MSM) and 
neuroimaging markers (i.e. resting-state), in order to predict outcome of various treat-
ment options against depression, and these measurements will also assess the level of 
vulnerability for non-response. Furthermore, in order to explore if residual symptoms 
are caused by impairments of reward- and aversion-related processing and learning, a 
Pavlovian classical conditioning task will be used to assess reward and aversive learning. 
Based on subsequent work it will have been established that if these impairments in 
reward- and aversive processing are identified, intervention with a specific cognitive re-
ward-training and positive-affect focused behavioral activation therapy will significantly 
improve Mrs. R.’s resilience against recurrence.
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Conclusion
Treatment outcomes for major depressive disorder (MDD) need to be improved as both 
non-response rates after treatment and relapse/recurrence rates following remission are 
high. Ideally, early prediction of nonresponse and recurrence would either facilitate the 
choice, shortening the time to change to an adequate treatment or intensify treatment e.g. 
by combination of pharmacotherapy and psychotherapy. This dissertation has attempted 
to provide insight in mechanisms relevant for recurrence vulnerability and non-response to 
treatment. Moreover, we aimed to predict this non-response to treatment. 

We conclude that acute MDD is characterized by impairments in reward response and re-
ward connectivity and that temporal difference modeling of reward-related PE-signals give 
a more accurate representation of reward processing. During remission but still at high risk 
of recurrence, impairments in learning from rewarding and aversive events persist. These 
dysfunctions could represent trait rather than state-dependent abnormalities, and may be 
of importance for recurrence vulnerability. With regard to prediction of treatment outcome 
and non-response we confirmed that the MSM is a valid and reliable tool to predict poor 
outcome in MDD. When examining prediction of non-response with a more neurobiological, 
mechanistic approach, we provide evidence that differences in functional connectivity of the 
insula with the salience network is indicative for non-response which might encourage the 
choice for alternative treatment at an early stadium. These findings may contribute to en-
hanced understanding of pathophysiological mechanisms of (recurrent) MDD and prediction 
of non-response, ultimately improving the quality of life of people that suffer from MDD. 
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Ernst van depressie
Iedereen voelt zich wel eens somber. Meestal is dit tijdelijk en verdwijnen deze gevoelens 
vanzelf. Wanneer sombere gevoelens langer duren en gepaard gaan met andere aanhou-
dende symptomen kan er sprake zijn van een depressie. Depressieve symptomen kunnen 
variëren van mild tot ernstig en bestaan   uit constante sombere gevoelens, verlies van in-
teresse en plezier, veranderingen in eetlust/gewicht, slapeloosheid/te veel slapen, verlies 
van energie, psychomotorische gejaagdheid/geremdheid, gevoelens van waardeloosheid/
schuldgevoelens, concentratieproblemen en/of zelfmoordgedachten. Volgens de American 
Psychiatric Association Diagnostic and Statistical Manual of Mental Disorders (DSM), is er 
sprake van een depressie als er minstens vijf van deze symptomen bijna elke dag aanwezig 
zijn, gedurende minimaal twee weken. De impact van depressie is groot: voor de patiënt zelf, 
hun naasten, de omgeving, gezondheidszorg en maatschappij. De ontwikkeling van nieu-
we behandelmethoden wordt grotendeels belemmerd door onvoldoende kennis van de 
pathofysiologie van depressie.

Terugval en recidivering bij depressie
Depressie heeft vaak een recidiverend beloop: na herstel van een eerste depressieve episode 
maakt ongeveer 80% van de patiënten 1 of meer nieuwe episoden door. Recidivering is een 
belangrijke oorzaak van de grote (in-)directe kosten van depressie, die in Nederland geschat 
worden op meer dan 1 miljard euro per jaar. Het is daarom van groot belang om terugval en 
recidivering te voorkomen. Wetenschappelijk onderzoek heeft aangetoond dat de kans op 
remissie (herstel) wordt vergroot door restsymptomen na een episode. Kennis over proces-
sen die van invloed zijn op terugval bij depressie is noodzakelijk om ontwikkeling van nieuwe 
behandelmethoden te faciliteren.

Non-respons op antidepressiva
Depressieve patiënten worden vaak met antidepressiva behandeld, echter, de kans op een 
respons bij het eerste antidepressivum is laag. Selectieve serotonine heropname remmers 
(SSRI’s) en serotonine-noradrenaline heropname remmers (SNRI’s) zijn vaak eerste keus an-
tidepressiva. Met de eerste SSRI/SNRI knapt 30-40% van de patiënten op. Non-respons 
op medicatie (<50% verbetering van de ernst van de symptomen) komt vaak voor en is een 
belangrijke veroorzaker van langdurige klinische opname, chronische depressie, suïcidaliteit 
en hoge zorgkosten. Vooraf is (nog) niet goed te voorspellen wie zal reageren op behandeling 
en wie niet. Daarnaast is niet bekend waarom iemand niet reageert op het ene antidepres-
sivum maar wel op een ander. Onderzoek naar vroege voorspelling van onvoldoende effect 
van een behandeling voor een depressie is essentieel voor het ontwikkelen van gerichte be-
handelstrategieën. Nauwkeurige voorspelling van non-respons is noodzakelijk om de huidige 
behandelstrategie volgens een ‘trial-en-error’ aanpak te verbeteren. 



Het ervaren en leren van beloningen
Anhedonie (het niet meer kunnen ervaren van vreugde) is een van de belangrijkste ken-
merken van depressie en blijft vaak aanwezig als restsymptoom nadat remissie bereikt is. 
Anhedonie berust vermoedelijk op een dysfunctie van hersengebieden en circuits die be-
trokken zijn bij het ervaren van beloning. Studies hebben aangetoond dat zowel het ervaren 
als het leren van beloning (‘reinforcement learning’) verstoord is bij depressie. Het is echter 
tot op heden onduidelijke in hoeverre dergelijke verstoringen blijven bestaan bij mensen die 
kwetsbaar zijn voor een terugval/recidivering van de depressie. Bij het ervaren en het leren 
van beloningen spelen dopamine signalen in de hersenen een belangrijke rol.  

Figuur 1. Schematische weergave van de drie belangrijkste dopaminerge circuits

Hersengebieden betrokken bij het ervaren en leren van beloning en straf
Het beloningssysteem wordt gevormd door een verzameling hersenstructuren die verant-
woordelijk zijn voor (i) het anticiperen op een beloning (motivatie/’wanting’), (ii) het verkri-
jgen van een beloning (consumeren/’liking’), en het leren van een beloning (klassieke con-
ditionering). Dopamine is de belangrijkste neurotransmitter van het beloningssysteem. Zie 
figuur 1 voor een schematische weergave van de belangrijkste dopaminerge beloningscir-
cuits. Belangrijke hersenstructuren die betrokken zijn bij het ervaren van beloning zijn het 
striatum (bestaande uit het ventrale striatum en het dorsale striatum), en frontale gebieden 
(anterieure cingulate cortex [ACC], mediale prefrontale cortex [mPFC], mediale frontale gy-
rus [MFG], superieure frontale gyrus [SFG]). Bij het leren van beloningen zijn vooral het ven-
trale tegmentale gebied (‘ventral tegmental area’ [VTA]) en het ventrale striatum betrokken. 
Dopaminebanen die vanuit de VTA naar het ventrale striatum projecteren vormen samen 
het mesolimbische dopaminerge circuit. Belangrijke hersengebieden betrokken bij aversief 
leren zijn de insula en de habenula. De habenula wordt ook wel het belonings-negatieve 
herengebied genoemd vanwege zijn (indirecte) remming van dopaminerge beloningssig-
nalen in de VTA als reactie op aversieve stimuli. 



Het meten van het ervaren en leren van beloning: fMRI
Met functionele MRI (magnetic resonance imaging) scans kan hersenactivatie tijdens belon-
ingstaken in kaart worden gebracht. In dit proefschrift hebben we onderzocht of depressieve 
patiënten meer of minder hersenactivatie laten zien dan gezonde controles tijdens het uit-
voeren van een beloningstaak. Ook hebben we gekeken of bepaalde hersengebieden meer 
of minder met elkaar samenwerken bij patiënten vergeleken met controles. 

Hersenactivatie tijdens het ervaren van beloning hebben we onderzocht aan de hand van 
een instrumentele (geldelijke) beloningstaak (de ‘Monetary Incentive Delay’ [MID] taak). Deze 
taak bestaat uit een aantal ‘trials’ (winst trials, verlies trials en neutrale trials). Elke trial bestaat 
uit de presentatie van een cue op het scherm die informatie geeft over de aard van de trial 
(beloning/neutraal/verlies). Daarna moeten proefpersonen zo snel mogelijk na het verschi-
jnen van een ‘target’ op een knop moeten drukken om beloning te maximaliseren of verlies 
te beperken. Tijdens een kort rust moment anticiperen de proefpersonen op de uitkomst 
(beloning/verlies) van hun actie,  waarna de daadwerkelijke uitkomst te zien is (consumptie 
van beloning/verlies). Dergelijke taken maken het mogelijk om onderscheid te maken tussen 
anticiperen (‘wanting’) en consumeren (‘liking’) van beloning. 

Naast hersenactivatie tijdens het ervaren van beloning hebben we ook gekeken naar herse-
nactivatie van het beloningssysteem tijdens het aanleren van verbanden tussen een sig-
naal en een positieve stimulus (beloning) en tussen een signaal en een negatieve (aversieve) 
stimulus. Dit wordt ook wel klassieke conditionering genoemd.  Een bekend voorbeeld van 
klassieke conditionering is het experiment van Pavlov met de hond die uiteindelijk gaat kwi-
jlen na het horen van een bel. Dit experiment ging als volgt: iedere keer dat de hond eten 
kreeg (ongeconditioneerde stimulus) en daarvan ging kwijlen (ongeconditioneerde reactie) 
klonk er ook een bel. Na enige tijd ging de hond de bel associëren met eten en daardoor 
kwijlen (geconditioneerde respons) zodra hij de bel (de geconditioneerde stimulus) hoorde. 
Kort samengevat gaat het bij klassieke conditionering om het aanbieden van een aanvanke-
lijk neutrale stimulus tegelijk met een ongeconditioneerde stimulus die na een aantal keren 
met elkaar in verband worden gebracht. Om hersenactivatie tijdens klassiek conditioneren 
te kunnen meten hebben we een MRI-taak ontwikkeld waarbij we dorstige proefpersonen 
tijdens het scannen neutrale plaatjes lieten zien die al dan niet gepaard gingen met een drup-
peltje appelsap (leren van beloning) of een druppeltje bitterwater (leren van een aversieve 
stimulus). Na het aanbieden van een aanvankelijk neutrale stimulus (plaatje) tegelijk met een 
ongeconditioneerde stimulus (druppeltjes vloeistof) worden beide na een aantal keren met 
elkaar in verband gebracht. Het plaatje wordt dan een geconditioneerde stimulus die een 
geconditioneerde respons (hersenactivatie van het dopaminesysteem) uitlokt. Theoretische 
leermodellen gaan er van uit dat associatief leren berust op een predictie error (PE). Dat is 
het verschil tussen een verwachte beloning (of straf), uitgaand van eerdere ervaringen, en dat 
wat er daadwerkelijk ontvangen wordt. Deze predictie error is hoog aan het begin van het 
leerproces en daalt naarmate de proefpersoon leert een associatie te maken en daarmee te 
voorspellen wat er gebeurd. De predictie error wordt negatief als er een beloning verwacht 
wordt maar deze uitblijft.
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Voorspellen van non-respons op behandeling
Op dit moment wordt behandelsucces van een depressie onder andere gehinderd door-
dat het (nog) onmogelijk is om te voorspellen welke patiënt op welk antidepressivum zal 
reageren. Vroegtijdige voorspelling van behandeluitkomst zou clinici kunnen helpen bij het 
sneller kiezen van de meest effectieve soort therapie of antidepressivum, en bij voorkeur 
voor elk individu afzonderlijk. Hoewel pogingen om de effecten van de behandeling te voor-
spellen veelbelovend zijn, moeten huidige benaderingen verder worden verfijnd.

Klinische voorspellers van non-respons
Klinische voorspellingsmodellen hebben veelbelovende voorspellende eigenschappen lat-
en zien. Een van de instrumenten die kan worden gebruikt om de validiteit voor klinische 
resultaten bij depressie te voorspellen is de Maudsley Staging Method (MSM). De MSM bevat 
klinische variabelen waarvan bekend is dat ze geassocieerd zijn met behandelrespons bij 
depressie om klinische uitkomst te voorspellen. 

Neurobiologische representatie van non-respons 
Naast klinische voorspellers van non-respons, laten structurele en functionele neuroimag-
ing-onderzoeken ook veelbelovende voorspellende eigenschappen zien voor het bepalen 
van non-respons op behandeling. Een recent review artikel van Fonseka et al. (2018) bes-
chrijft verschillende neuroimaging biomarkers van (onvoldoende) respons op behandeling. 
Sommige van deze hersengebieden zijn consistent betrokken bij verschillende behan-
delmodaliteiten (farmacotherapie, psychotherapie, behandeling door middel van neuro-
stimulatie), hoewel de richting van associaties ook kan variëren. Geïdentificeerde hersen-
gebieden waren voornamelijk frontolimbische gebieden, waaronder de prefrontale cortex, 
anterieure cingulate cortex, hippocampus, amygdala en insula. Van al deze afzonderlijke 
gebieden is bekend dat ze betrokken zijn bij de pathofysiologie van depressie. Hoewel er 
bewijs is voor de betrokkenheid van deze gebieden bij klinische respons, blijven resultat-
en inconsistent. Bevindingen van potentiële neuroimaging biomarkers behoeven daarom 
replicatie en validatie.

Relevantie van dit proefschrift 
Zowel voor wetenschappelijke als voor klinische doeleinden is het zeer relevant om beter 
te begrijpen waarom mensen met een depressie niet reageren op de behandeling, waarom 
depressie vaak een recidiverend beloop laat zien en hoe we deze twee belangrijke proble-
men kunnen voorspellen. Preventie van non-respons en terugval/recidivering door kennis 
van onderliggende mechanismen zal clinici helpen behandelstrategieën te verbeteren en de 
impact van een depressie voor patiënten, de omgeving, gezondheidszorg en maatschappij 
te verlichten. 



Deel I: neurobiologische mechanismen achter het ervaren en leren 
van beloningen
In deel I van dit proefschrift hebben we gekeken naar mogelijke afwijkingen in het beloningssys-
teem in het algemeen bij acute depressie (hoofdstuk 2) en in het leren van beloning (hoofdstuk 
3) en straf/aversie (hoofdstuk 4) bij patiënten in remissie van depressie. Ondanks veelbelovende 
bevindingen met betrekking tot afwijkingen van individuele hersengebieden die aan het belon-
ingssysteem ten grondslag liggen, is het grotendeels onbekend hoe de samenwerking tussen 
deze beloningsgebieden is bij depressie. In hoofdstuk 2 hebben we daarom onderzocht of er bij 
mensen met een acute depressie afwijkingen te vinden zijn in connectiviteit (verbinding) tus-
sen verschillende hersengebieden die onderdeel zijn van het beloningssysteem van het brein. 
We hebben aangetoond dat depressie inderdaad wordt gekenmerkt door afwijkingen in de 
connectiviteit van het beloningscircuit en niet alleen in geïsoleerde hersengebieden. We von-
den verminderde connectiviteit tussen verschillende beloningsgebieden: tussen het ventrale 
striatum (VS) en frontale hersengebieden (anterieure cingulate cortex, mediale prefrontale cor-
tex (mPFC), superieure frontale gyrus (SFG), mediale frontale gyrus (MFG)), de insula, thalamus 
en precuneus. Verder vonden we verminderde connectiviteit tussen het ventrale tegmentale 
gebied (VTA) en de insula. Deze bevindingen waren specifiek voor beloningsverwachtingen, 
niet voor beloningsconsumptie en suggereren een algemene afname van de connectiviteit in 
het beloningscircuit tijdens de verwachting van beloning.

Naast een dysfunctioneel beloningssysteem bij acute depressie zie clinici vaak dat het niet 
kunnen ervaren van vreugde en beloning (anhedonie) zelfs blijft bestaan als restsymptoom 
nadat remissie (herstel) bereikt is. Het vermogen om beloning te ervaren en om te leren van 
belonende gebeurtenissen is belangrijk bij het aanpassen van gedrag en wordt in weten-
schappelijke studies geassocieerd met veerkracht tegen terugval. In hoofdstuk 3 hebben we 
daarom onderzocht of bij patiënten in remissie een verstoring te zien is in hersengebieden 
die betrokken zijn bij leren van beloningen en of dit samenhangt met de mate van (rester-
ende) anhedonie. De patiënten vertoonden in vergelijking met gezonde controles inderdaad 
een verstoring in de VTA (een dopaminerge gebied belangrijk bij het aanleren van associaties 
met beloning). Bovendien nam bij de patiënten de VTA-activatie af naarmate anhedonie 
toenamen. Deze bevindingen suggereren verstoorde belonings-gerelateerde leersignalen in 
de VTA tijdens remissie van depressie. Bovendien is er bij patiënten te zien dat de mate van 
anhedonie een extra verstorende invloed heeft op beloningsgerelateerd leren.

Naast een verstoring in het leren van beloning kan een verstoring in het leren van negati-
eve gebeurtenissen ook belangrijk zijn in de kwetsbaarheid voor terugval. Een verstoring in 
het leren van slechte ervaringen kan ervoor zorgen dat patiënten een vergrote focus heb-
ben op negatieve ervaringen en daardoor vatbaarder zijn om een stressreactie te krijgen. Bij 
acute depressie is aangetoond dat een verstoring in het leren van negatieve gebeurtenissen/
stimuli geassocieerd is met hyperactiviteit van de habenula. Het is echter onbekend of deze 
verstoring aanwezig nadat remissie bereikt is. In hoofdstuk 4 hebben we daarom onderzocht 
of bij patiënten in remissie een verstoring te zien is in habenula-activatie en connectiviteit tij-
dens het leren van negatieve stimuli. De resultaten van deze studie laten zien dat de habenu-
la hyperactief is bij patiënten in remissie vergeleken met gezonde controles. Dit wijst erop 
dat verstoorde aversie-gerelateerde leersignalen in de habenula aanhouden tijdens remissie. 
Verder vonden we bij patiënten ook afwijkingen in connectiviteit tussen de habenula en de 
VTA tijdens het leren van negatieve stimuli. 
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Gezien de betrokkenheid van de VTA en habenula bij zowel beloning als aversief leren, kan 
de afwijkende connectiviteit tussen de habenula en de VTA een algemene verstoring in het 
leren van positieve/negatieve associaties betekenen. Verminderde connectiviteit tussen de 
habenula en de VTA specifiek tijdens het leren van aversieve stimuli ligt mogelijk ten grond-
slag aan aangeleerde hulpeloosheid (een verschijnsel waarbij een persoon geleerd heeft dat 
hij geen invloed heeft op gebeurtenissen die hem overkomen) wat eerder is geïdentificeerd 
als een kwetsbaarheidsfactor voor terugval/recidivering.

Samenvattend laat deel I van dit proefschrift zien dat depressie gekenmerkt wordt door af-
wijkingen in het beloningssysteem, zowel tijdens een acute depressie als tijdens remissie. 
Tijdens een acute depressie lijkt vooral een verstoring van het cortico-striatale hersencircuit 
aanwezig te zijn. Bij patiënten met een toegenomen kwetsbaarheid voor terugval blijken 
tijdens remissie afwijkingen in het VTA-Habenula hersencircuit betrokken te zijn bij het spec-
ifiek aanleren van associaties met beloning en straf. Normaal gesproken leren mensen van 
ervaringen van gebeurtenissen en passen ze hun gedrag daarop zo aan om zo het gevoel 
van beloning te maximaliseren (door inspanning te leveren voor positieve gebeurtenissen) 
en negatief gevoel te minimaliseren (door het vermijden van negatieve gebeurtenissen). Ver-
storingen in dit leren lijken een belangrijke rol te spelen in depressie en in kwetsbaarheid voor 
terugval.  Afwijkingen in activatie van en connectiviteit binnen het VTA-Habenula circuit kan 
ervoor zorgen dat het leren van nieuw gedrag en daarmee veerkracht tegen depressie en 
terugval verminderd is. 

Deel II: voorspellen van behandelrespons bij depressie
In deel II wilden we onderzoeken of klinische meetinstrumenten en neuroimaging gebruikt 
kunnen worden om non-respons op behandeling te voorspellen. Vroegtijdige herkenning 
en voorspelling van non-respons kan leiden tot meer gerichte en snellere behandeling en 
daardoor het verminderen van lijden.

Een instrument dat is gericht op het voorspellen van beloop en uitkomst van een depressie 
is de Maudsley Staging Method (MSM). De MSM is echter alleen onderzocht met een relatief 
kleine steekproef van patiënten die werden behandeld in een tertiaire behandelinstelling. In 
hoofdstuk 5 werd de voorspellende eigenschap van de MSM nogmaals onderzocht in een 
groter naturalistisch cohort van de Nederlandse Studie naar Depressie en Angst (NESDA) 
met als doel om de voorspellende waarde van de MSM verder te valideren. Onze resultaten 
bevestigden dat de MSM een betrouwbaar hulpmiddel is om de uitkomst van een depressie 
te voorspellen in een brede groep depressie patiënten. Toekomstige studies zijn echter nodig 
om vast te kunnen stellen of een klinisch meetinstrument als de MSM sensitief en specifiek 
genoeg is om voorspellingen van behandelresultaten te kunnen doen op individueel niveau.
Naast klinische modellen hebben fMRI onderzoeken ook veelbelovende resultaten laten 
zien wat betreft het voorspellen van non-respons. In hoofdstuk 6 hebben we fMRI data 
van de NESDA-studie gebruikt om te onderzoeken of afwijkingen in connectiviteit tussen 
hersengebieden op een beginmeting een voorspeller is voor onvoldoende respons op an-
tidepressiva gedurende een periode van twee jaar. De resultaten van deze studie laten zien 
dat een lagere connectiviteit van de insula met het salience-netwerk werd geassocieerd met 
een onvoldoende respons op antidepressiva.



Klinische implicaties: wat kunnen we met 
deze bevindingen?

Met de resultaten uit dit proefschrift hebben we geprobeerd om inzicht te krijgen in neurale 
processen die verstoord zijn bij mensen met een depressie en mensen die kwetsbaar zijn 
voor terugval. Deze inzichten zouden na replicatie in vervolgonderzoek bij kunnen dragen 
aan de klinische praktijk. Hoofdstuk 3 en 4 wijzen op een mogelijke betrokkenheid van een 
verstoring in het leren van beloning en straf/aversie bij de kwetsbaarheid voor terugkeer van 
een depressieve episode. Uit vervolgstudies zou moeten blijken of deze waargenomen ver-
storing in leren inderdaad geassocieerd is met terugval/recidivering. Een verband tussen ter-
ugval en een verstoring in leren van beloning en aversieve stimuli zou kunnen suggereren dat 
deze patiënten baat zouden kunnen hebben bij therapie die de aandacht vestigt op het leren 
van positieve gebeurtenissen om zo positief affect te verbeteren en negatief affect te ver-
minderen. Door te focussen op positieve ervaringen kan het vermogen worden getraind om 
associaties te maken tussen gedrag en aangename resultaten. Het trainen van het vermo-
gen van patiënten om te leren over belonende en aversieve feedback in het dagelijks leven 
moet in toekomstige studies worden onderzocht. Dit type training kan bijvoorbeeld worden 
onderzocht in een prospectieve gerandomiseerde gecontroleerde studie met gedragsacti-
vatie-therapie aan depressieve patiënten die kwetsbaar zijn voor terugval.

Op weg naar geïndividualiseerde behandeling
Individuele predictie van behandeluitkomsten is noodzakelijk om behandeling en ziekte-uit-
komsten te verbeteren. Om dit te kunnen realiseren kan de psychiatrie baat hebben bij een 
multidimensionale aanpak die gebruik maakt van data uit bijvoorbeeld neuroimaging scans, 
klinische gegevens, maar ook neuropsychologische uitkomsten en genetische data, om indivi-
duele diagnose en behandeling te verbeteren. Er zijn een aantal veelbelovende methoden die 
bij kunnen dragen aan geïndividualiseerde predictie. Eén van die methoden is machine learn-
ing. Machine learning is een techniek die aan de hand van algoritmen in staat is om complexe 
patronen in data te herkennen die wijzen op een bepaalde aandoening. Een alternatieve, ger-
elateerde benadering is normatief modelleren. Het principe van normatief modellering is geb-
aseerd op het idee dat biologische, klinische groepen vaak zeer heterogeen zijn en dat gezonde 
variatie een voorwaarde is om ziektevariatie te begrijpen. Normatief modelleren maakt het mo-
gelijk om te bepalen waar een individu binnen een gemeenschappelijk bereik voor de populatie 
ligt. Eerst wordt een normatief (normaal) model gedefinieerd dat gebruik maakt van biologische 
(bijvoorbeeld hersenactiviteit) en klinische variabelen (bijvoorbeeld vragenlijst scores) van ge-
zonde mensen. Daarna wordt iedere individuele patiënt vergeleken met het normatieve model 
en wordt voor elk individu de afwijking van het normatieve model berekend. Vervolgens wordt 
een afwijkingsindex berekend. In eerder onderzoek is normatieve modellering gebruikt om be-
loningsgerelateerde hersenactiviteit in een groot gezond cohort te voorspellen. Ze gaven veel-
belovende inzichten dat normatieve modellering kan worden gebruikt bij het bestuderen van 
aandoeningen op individueel niveau zonder onderzoeksgroepen te dichotomiseren (gezonde 
controles/patiënten). In plaats daarvan kunnen psychiatrische aandoeningen worden gezien 
als uitersten binnen een bepaald (normaal) bereik. Normatief modelleren kan dus omgaan met 
biologische heterogeniteit bij patiënten en zou in de toekomst bij kunnen dragen aan een meer 
accurate voorspelling van individuele behandeluitkomsten.
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Conclusie 
Behandelresultaten voor depressie moeten worden verbeterd, omdat zowel de non-respons 
percentages na behandeling als de kans op terugval/recidieven na remissie hoog zijn. Idealiter 
zou een vroege voorspelling van non-respons en terugval/recidief de keuze van behandeling 
duidelijker maken, de tijd verkorten om over te schakelen naar een adequate behandeling of 
de behandeling intensiveren, bijvoorbeeld door combinatie van farmacotherapie en psycho-
therapie. Dit proefschrift heeft getracht inzicht te verschaffen in mechanismen die relevant zijn 
voor kwetsbaarheid voor terugval/recidieven en non-respons op behandeling. 

We concluderen dat acute depressie wordt gekenmerkt door stoornissen in beloning ge-
relateerde activiteit en connectiviteit. Tijdens remissie, maar met een hoog risico op ter-
ugval, blijven er verstoringen bestaan   in het aanleren van zowel associaties met belonende 
als aversieve stimuli. Deze blijvende verstoringen kunnen van belang zijn voor de kwets-
baarheid van terugval/recidieven. Met betrekking tot de voorspelling van de behandelu-
itkomst en non-respons kunnen we bevestigen dat de MSM een geldig en betrouwbaar 
hulpmiddel is om een   slechte uitkomst bij MDD te voorspellen, ook in een steekproef 
van depressieve patiënten afkomstig uit de algemene bevolking. Het onderzoeken van 
voorspelling van non-respons met een meer neurobiologische benadering, liet zien dat 
verschillen in functionele connectiviteit van de insula met het salience-netwerk indicatief 
is voor non-respons, wat een eerdere keuze voor alternatieve/intensievere behandeling in 
een vroeg stadium zou kunnen aanmoedigen. Deze bevindingen dragen bij aan een beter 
begrip van pathofysiologische mechanismen van (terugkerende) depressie en voorspelling 
van non-respons, wat uiteindelijk kan bijdragen aan een verbetering in de kwaliteit van 
leven van mensen met een depressie.

Toekomstperspectief
Met de resultaten van dit proefschrift in gedachten en daaropvolgend onderzoek op basis 
van deze bevindingen en bevindingen van anderen, kunnen we speculeren welke stappen 
in de toekomst kunnen worden genomen wanneer een patiënt behandeling nodig heeft. 
Uitgaande van aanvullend onderzoek en nieuwe ontwikkelingen zal de voorspelbaarheid van 
klinische en neuroimaging-markers verder verbeteren en zal een multivariabele aanpak in 
combinatie met machine learning/normatief modelleren kunnen worden toegepast voor-
dat behandeling wordt gestart. Deze aanpak zou klinische (nieuwe versies van de MSM) en 
neuroimaging markers kunnen integreren, om de uitkomst van verschillende behandelopties 
te voorspellen, en om het niveau van kwetsbaarheid voor non-respons te beoordelen. Om 
verder te onderzoeken of eventuele restsymptomen worden veroorzaakt door verstorin-
gen van beloning en aversief leren, kan een doorontwikkelde klassieke conditioneringsta-
ak worden gebruikt. Als er verstoringen aanwezig zijn in beloning en aversief leren, kunnen 
ontwikkelde specifieke trainingen gericht op leren van belonende en negatieve gebeurtenis-
sen, worden ingezet om veerkracht tegen terugval vergroten.
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