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A B S T R A C T   

Rationale: Although depression has been widely researched, findings characterizing how brain regions influence 
each other remains scarce, yet this is critical for research on antidepressant treatments and individual responses 
to particular treatments. 
Objectives: To identify pre-treatment resting state effective connectivity (rsEC) patterns in patients with major 
depressive disorder (MDD) and explore their relationship with treatment response. 
Methods: Thirty-four drug-free MDD patients had an MRI scan and were subsequently treated for 6 weeks with an 
SSRI escitalopram 10 mg daily; the response was defined as ≥50% decrease in Hamilton Depression Rating Scale 
(HAMD) score. 
Results: rsEC networks in default mode, central executive, and salience networks were identified for patients with 
depression. Exploratory analyses indicated higher connectivity strength related to baseline depression severity 
and response to treatment. 
Conclusions: Preliminary analyses revealed widespread dysfunction of rsEC in depression. Functional rsEC may be 
useful as a predictive tool for antidepressant treatment response. A primary limitation of the current study was 
the small size; however, the group was carefully chosen, well-characterized, and included only medication-free 
patients. Further research in large samples of placebo-controlled studies would be required to confirm the results.   

1. Introduction 

Major depressive disorder (MDD) is a common and debilitating 
mental illness worldwide (Whiteford et al., 2013). Therefore, a better 
understanding of underlying biological mechanisms is crucial for better 
clinical management and treatment development. The importance of 
this is evident given restrictions of current antidepressant treatments: 
they are chosen on a trial and error basis, achieving clinically significant 
response takes a few weeks at best and nearly 30% of depressed patients 

do not respond to treatment even after multiple trials (McIntyre et al., 
2014; Warden et al., 2007). 

The human brain is considered a dynamic and complex inter
connected network of brain regions termed intrinsic connectivity net
works (ICNs) (Pessoa, 2014). Currently, MDD is instead univocally 
accepted to be a brain network disorder, in which the problem is a 
malfunction and disturbed communication of many structures, rather 
than dysfunction of one particular brain region (Li et al., 2018). Char
acterizing brain circuitry involved in MDD and understanding how 
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current treatments affect the brain is critical in developing novel treat
ment opportunities. 

Evaluated with functional magnetic resonance imaging (fMRI), dis
rupted functional connectivity in the brain involving several core brain 
ICNs has been consistently associated with altered connectivity in pa
tients with MDD. The core networks implicated in MDD include the 
default mode network (DMN), the central executive network (CEN) and 
the salience network (SN) (Andrews-Hanna et al., 2014; Brakowski 
et al., 2017; Kaiser et al., 2015; Mulders et al., 2015). The ICN, that is 
most consistently shown as disturbed in depression, is the DMN, which 
plays a role in self-referential processing (Andrews-Hanna et al., 2014; 
Greicius et al., 2009; Vincent et al., 2006). The DMN consists of at least 
three subsystems, the anterior DMN (aDMN), with the hub in the medial 
prefrontal cortex (mPFC, in particular pregenual anterior cingulate 
cortex, pgACC), posterior DMN (pDMN), with the main hubs being the 
precuneus and inferior and posterior cingulate cortex (PCC), and the 
middle temporal lobe subsystem (MTL), including structures such as 
middle temporal gyrus, hippocampus and parahippocampal cortex 
(Andrews-Hanna et al., 2010; Buckner et al., 2008; Moussa et al., 2012). 
The CEN is associated with working memory and control processes and 
consists of the bilateral dorsolateral prefrontal cortex (dlPFC), ventro
lateral PFC (vlPFC), dorsomedial PFC (dmPFC), lateral parietal cortices 
and left fronto-insular cortex (Marek and Dosenbach, 2018, 2019; See
ley, 2019). The SN main hubs include anterior insula and dorsal ACC 
(dACC) that control the switch between the CEN and DMN and impacts 
how a stimulus is processed (Menon, 2019; Moussa et al., 2012). 

The most commonly used approach for identifying differences in 
ICNs in depressed individuals is resting-state functional connectivity 
(rsFC), which captures temporally correlated brain functioning within 
the ICNs. RsfMRI identifies temporally correlated regions at rest (Seeley 
et al., 2007) and is acquired in the absence of any particular task or 
stimulus (Smitha et al., 2017). RsfMRI studies showed widespread 
network-level connectivity alterations (Kaiser et al., 2015) and treat
ment response-related changes in depression (Dichter et al., 2015). 
Meta-analyses supported the importance of dysfunction within and be
tween the DMN and CEN in MDD. For example, a meta-analysis of 25 
rsFC studies (Kaiser et al., 2015), showed increased connectivity both 
within the frontoparietal network (FPN, equivalent to CEN) and the 
DMN. The authors observed a decrease in rsFC between FPN and DMN 
regions and increased connectivity between the DMN and the left dlPFC. 
Reduced connectivity was also observed between areas of the affective 
network (which is part of the SN) and the mPFC, a part of the DMN. 
Connectivity between the ventral attention network (part of the SN) and 
FPN and DMN seemed generally altered, while connectivity between 
DMN and thalamus and putamen was decreased (Kaiser et al., 2015). 
Brakowski et al. (Brakowski et al., 2017) conducted a meta-analysis of 
94 studies and found altered connectivity in depressed subjects associ
ated with several MDD symptoms. Rumination seemed connected to 
decreased connectivity between the anterior and posterior DMN (Zhu 
et al., 2012). The severity of symptoms in depressed patients seems to 
correlate with altered functional connectivity within the right anterior 
insula and the anterior DMN (Coutinho et al., 2016; Manoliu et al., 
2013). 

One of the major limitations of FC approaches is that time-dependent 
causal relationships between regions cannot be inferred. On the other 
hand, Effective Connectivity (EC) offers an alternative approach to 
explicitly measure directionality, or the influence of one region on 
another in time. EC is a useful approach for characterizing the influence 
of the activity of region A on subsequent activity in region B which is a 
key prerequisite for inferring causal direction within a brain network. 
From this perspective, a major strength of EC is that temporal primacy 
provides specific information about dependency among brain regions 
from which the attributes of disrupted ICNs in depression are inferred 
(Friston, 2011). The statistical approach used to model EC for the cur
rent research is appropriate for patient populations across large age 
ranges (Kook et al., 2021). 

The primary objective of this study was to investigate the resting-state 
effective (i.e., directed) connectivity between different brain regions and 
networks using a non-biased data-driven approach in patients with MDD 
undergoing antidepressant treatment. Analyses targeted connectivity of 
DMN, CEN, and SN because aberrant functioning of these three neuro
cognitive networks is evident across multiple disorders (Menon, 2011), 
including MDD (Zheng et al., 2015; Brakowski et al., 2017). Addition
ally, we explored a relationship between effective connectivity strength 
and response to 6-weeks treatment with escitalopram, and evaluate ef
fect of depression severity on that relationship. These exploratory ana
lyses are an initial step towards a mechanistic understanding of 
neurobiological systems that underlie individual differences affecting 
response to treatment. 

2. Methods 

2.1. Participants and study design 

The study was approved by the Oxford Research Ethics Committee 
and performed in accordance with Declaration of Helsinki. 

Patients with MDD were recruited into the study by advertising in 
local newspapers and through referrals from clinicians. In total, written 
informed consent to participate in the study was obtained from 39 pa
tients with MDD (24F:15M). All MDD patients had a response to treat
ment assessed after six weeks of treatment. 

All participants were assessed with the Structured Clinical Interview 
for DSM-IV (First, 1997) to present current and past psychiatric disor
ders. Depressed patients met DSM-IV criteria for a primary diagnosis of 
major depressive disorder; exclusion criteria for both groups were: past/ 
current DSM-IV diagnosis of axis I disorder (other than MDD inpatient 
group), substance dependence as defined by DSM-IV, a clinically sig
nificant risk of suicidal behavior, major somatic or neurological disor
ders, pregnancy or breast-feeding, any contra-indications to MR 
imaging, or concurrent medication that could alter emotional process
ing. In addition, patients with contraindications to escitalopram treat
ment or treatment with psychotropic medication less than three weeks 
before the study (5 weeks for fluoxetine) were also excluded. All par
ticipants were right-handed. 

After the baseline fMRI scan, patients received 10 mg escitalopram 
each morning for six weeks without dose adjustment. Depression 
severity was measured using the 17-item Hamilton Depression Rating 
Scale (HAMD) (Hamilton, 1960) and Beck Depression Inventory (BDI) 
(Beck et al., 1961), at baseline and after six weeks of treatment. After 
completion of the study, patients were offered treatment openly with 
escitalopram according to usual clinical practice. Clinical response to 
the selective serotonin reuptake inhibitor (SSRI) was defined as a 
reduction in HAMD of 50% or more from baseline after six weeks of 
treatment (Angst et al., 1993). 

The current analysis focuses on baseline differences in effective rsFC. 
This research is a part of a larger study, in which medication-free pa
tients with depression were treated with 10 mg escitalopram for 6 weeks 
without dose adjustment (for published task fMRI papers see (God
lewska et al., 2018; Godlewska et al., 2012). 

2.2. Data acquisition 

Resting-state data acquisition was performed with participants 
having their eyes closed. fMRI data were acquired on a 3T Siemens 
Magnetom TIM TRIO scanner (Siemens AG) at the University of Oxford 
Centre for Clinical Magnetic Resonance Research (OCMR). A total of 180 
volumes of resting-state fMRI (rs-fMRI) were acquired with a voxel 
resolution of 3 × 3 × 3.5 mm, repetition time (TR)/echo time (TE)/flip 
angle (FA) = 2000 ms/28 ms/89◦. T1-weighted structural images were 
acquired using a magnetization prepared rapid acquisition by gradient 
echo sequence (MPRAGE) with a voxel resolution 1.0 × 1.0 × 1.0 mm on 
a 208 × 256 × 200 grid, TR/TE/inversion time (TI) = 2040 ms/4.68 ms/ 
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900 ms. Gradient echo phase and magnitude field maps to correct for 
distortion were also acquired with a voxel resolution of 3.5 × 3.5 × 3.0 
mm, TR/TE1/TE2/FA = 488 ms/5.19 ms/7.65 ms/60◦. The fMRI ses
sion was completed in 60–90 min. 

2.3. Image processing 

Standard preprocessing steps in FreeSurfer's (VERSION 5.3; http 
://surfer.nmr.mgh.harvard.edu) recon-all pipeline were applied to 
each subject's T1 as part of automated segmentation of cortical and 
subcortical brain into aparc+aseg anatomical regions (Dale et al., 1999; 
Lindemer et al., 2013). These steps resulted in 110 distinct ROIs (Sup
plementary Table 1). ROI's corresponding to grey matter were used as 
seed regions in subsequent rsfmri analyses, excluding ventricles and 
white matter. fMRI acquisitions were processed following standard 
procedures in the FreeSurfer Functional Analysis Stream (FSFAST) 
processing stream (http://freesurfer.net/fswiki/FsFast), including mo
tion correction, time-shifting, concatenation of scans, motion regressed 
out of time series, and band pass filtering between 0.01 and 0.1 Hz. We 
applied spatial smoothing with a Gaussian kernel of full-width at half 
maximum of 6 mm and temporal filtering with a high-pass filter cut-off 
of 150 s (0.007 Hz). Correction parameters were included as nuisance 
regressors following standard FSFAST procedure. Participants with 
excessive motion (.2 mm) on more than 15% of time points were 
excluded from further analyses. Region-of-interest (ROI) analyses were 
performed using AFNI (https://afni.nimh.nih.gov/), resulting in the 
time-series corresponding to each FreeSurfer aparc+aseg anatomical 
regions. Time series were then standardized via z-score transformation 
prior to statistical analysis. 

2.4. Statistical analysis 

All statistics related to group characteristics were performed in R 
Core Team. Chi-square and independent, two-sample t-tests and Mann- 
Whitney tests were used to test for demographic differences between 
groups. Mann-Whitney tests were used instead of independent two- 
sample t-tests if the measures were not normally distributed. 

Broadly, a data driven approach was used for first level of analysis, 
which estimated region to region connections globally. To characterize 
connectivity between regions, we fitted the time series data using a 
Bayesian multi-subject vector autoregressive (VAR) model (Chiang 
et al., 2017). This modeling framework uses a Bayesian variable selec
tion approach to allow for simultaneous inference on effective connec
tivity at both the subject and group levels. The requisite detailed steps 
followed in our implementation of BVAR-connect were recently pub
lished (Kook et al., 2021), a Matlab software available for download at 
https://github.com/marinavannucci and at https://github.com/rimehi. 
Briefly, this software uses an approximation method for statistical 
inference known as variational Bayes to allow for scalable inference on a 
whole-brain at an efficient computational cost. For model fitting, the 
default parameter setting provided in BVAR-connect was used. The 
inferred effective connectivities and resultant connectivity strengths 
were then exported to Excel CSV files for further analysis and visuali
zations. In this application of BVAR-connect, group level effective con
nectivity estimation was conducted for the sample as a whole, without 
group level comparison (i.e., no comparison of responders and non- 
responders). Specifically, connectivity dynamics were estimated glob
ally such that for our sample connections and connectivity strengths 
were indexed for every brain region to every other brain region across 
one group. The model was fit using the ‘model fitting’ interface of the 
user-friendly BVAR-connect Matlab GUI. Default values for all the model 
parameters were used, as provided by the software. The method iden
tified nonzero effective connectivities by thresholding posterior proba
bilities of nonzero edges at a pre-specified threshold of 0.5. Connectivity 
strength values were then calculated as estimates of the coefficients of 
the autoregressive model (i.e., BVAR). For region to region connections 

identified at the group level, BVAR-connect simultaneously estimate 
connectivity strength at the subject level. 

Connectivity strength at the subject level was used in exploratory 
analyses discussed in the following section. Connectivity strength at the 
subject level was used in exploratory analyses discussed in the following 
section. 

All statistics for exploratory analyses were performed in IBM SPSS 
Statistics. The effects of depression severity and response to medication 
on region-to-region effective connectivity at rest were examined with a 
series of General Linear Models (GLMs). These analyses were restricted 
to region-to-region connections identified in group-level analyses for 
DMN, CEN, and SN (DMN, CEN, and SN region assignment is listed in 
Fig. 1; Supplementary Table 1 provideds a comprehensive list of region 
network assignment). Connectivity strength was included as the 
dependent variable with depression severity, timepoint, and response as 
independent variables and age included as a covariate. The model tested 
a 2-way interaction (depression severity X response to intervention). 
Owing to the exploratory nature of this analysis, we provide statistics (F 
and Cohen's d) for all models meeting the significance threshold that was 
set at p < 0.05; however, model significance was also evaluated using 
Bonferroni corrected p-values (0.05/number of connections evaluated 
for each network) as noted in Table 2. This exploratory analysis 
approach, GLM evaluating relationships between psychological health 
outcomes and DMN effective connectivity strength resulting from group 
level BVAR-connect analyses, was previously applied to fMRI data from 
children with history of pediatric head injury (see Vaughn et al., 2022). 

3. Results 

Both baseline fMRI data and data on response to six weeks treatment 
with escitalopram were available for 34 patients (four patients dropped 
out before the 6-week assessment, scanning data from one patient were 
unavailable due to excessive motion). After six weeks of treatment with 
escitalopram, 21 (62%) patients were classified as responders. Re
sponders and non-responders did not differ with respect to gender, age, 
baseline depression severity, age at depression onset and duration of the 
current episode (see Table 1 for details). 

3.1. Effective connectivity 

A total of 50 connections were evident between regions assigned to 
DMN, CEN, and SN. Within network and between network connections 
are discussed below. 

There were 15 positive connections detected between regions in the 
DMN (Fig. 1A, Left). Effective connectivity, localized to posterior DMN, 
included: connectivity between left and right isthmus (cingulate) which 
was evident with bilateral origin and termination points (i.e., from left 
to right and vice versa); right precuneus to left precuneus; and right 
precuneus to right isthmus. DMN effective connectivity that was more 
anterior originated from left rostral ACC connecting to right rostral ACC. 
Left rostral ACC also connected to posterior DMN by way of left isthmus 
and left PCC. Right middle temporal connected to left middle temporal 
and bilaterally to inferior parietal. Right superior temporal connected to 
left superior temporal, left precuneus and right hippocampus. Effective 
connectivity from left to right was evident between hippocampi. 

Effective connectivity originating from DMN connecting to CEN (2 
connections) and DMN connecting to SN (3 connections) is presented in 
Fig. 1A, Right. DMN connected to CEN originating in left rostral ACC to 
superior frontal cortex bilaterally. DMN connected to SN originating in 
left rostral ACC connecting to caudal ACC (bilaterally) and with con
nectivity originating in left inferior parietal (DMN) connecting to left 
insula (SN). 

Within CEN effective connectivity was evident in 15 connections 
primarily originated in and connected to regions within VLPFC (Fig. 1B, 
Left). Specifically, seven intra-VLPFC connections were evident, all 
within hemisphere except for right pars triangularis connecting to left 
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pars orbitalis. VLPFC also connected to middle frontal (Left: pars tri
angularis to superior frontal and pars triangularis to caudal middle 
frontal; Right: pars orbitalis to caudal middle frontal and pars oper
cularis to rostral middle frontal). Rostral middle frontal showed 4 
additional within hemisphere connections CEN (i.e., connecting bilat
erally to caudal middle frontal and superior parietal). 

CEN connections to DMN (7 connections) and CEN connections to SN 
(3 connections) are shown in Fig. 1B, Right. All CEN to DMN connections 
were within hemisphere. On the left there were three connections 
originating from CEN (rostral middle frontal) connected to posterior 
DMN (PCC, inferior parietal cortex, and precuneus). There were two 
VLPFC connections from CEN to DMN (right pars orbitalis to inferior 
parietal and left pars triangularis to middle temporal gyrus). Finally, left 
superior frontal (CEN) connected to hippocampus (DMN) and right su
perior frontal (CEN) connected to rostral ACC (DMN). CEN connected to 

SN via VLPFC (right pars opercularis) connecting to right caudal anterior 
cingulate (SN) and insula (SN, bilaterally). 

There were 4 intra-salience network connections identified with all 
connectivity that originated in the left hemisphere (Fig. 1C, Left). Spe
cifically, left to right connections between insula to itself and ACC itself 
were identified. Connectivity originating in insula connecting to left and 
right caudal ACC was also evident. Connectivity that originated in SN 
extended to DMN was evident in a single connection (i.e., left insula to 
right rostral anterior cingulate) but not SN to CEN (Fig. 1C Right). 

Table 2 provides Linear Mixed Models (fixed and random effects) 
results indicating significant interactions between initial severity and 
response to intervention (2-way interaction) Note. Cohen's d provide 
over 0.2 and * indicating significant Bonferroni-corrected p-values. 

Exploratory analyses were restricted to the 50 DMN, SN and CEN 
connections that were evident at the group level. For DMN and CEN, 
significant 2-way interactions indicate that depression severity effective 
connectivity relations were different between R and NR, although the 
overall pattern was consistent across timepoints. As demonstrated in 
Fig. 2, the 2-way interactions showed a pattern of low effective con
nectivity strength for NR across the initial severity of depression. In 
contrast, responders with high depression scores showed high connec
tivity strength and responders with low depression showed low con
nectivity strength. This pattern of results is evident for most 
connectivities (see supplemental Table 2). There were two exceptions, 
right pars orbitalis to right caudal middle frontal (Fig. 2; CEN) and left 
insula to right rostral anterior cingulate (SN to DMN), where NR with 
high initial depression shows higher connectivity. Broadly, SN signifi
cant 2-way interactions indicate that depression severity effective con
nectivity relations were different between R and NR with NR showing 
more pronounced severity effects relative to R. Whereas DMN and CEN 
connectivity was consistent across time, SN connections with significant 
2-way interactions showed main effect of timepoint characterized by 

Fig. 1. Connectograms showing rsEC within network connectivity (A) Default Mode Network, (B) Central Executive Network, and (C) Salience Network. Connec
tivity within each network is on the left and network connectivity between each network and other two networks is on the right. The width of each line indicates 
connectivity strength, with a wider line representing stronger connections. Temporal primacy is indicated by lines connected to the circle with the same color. The 
outside circle indicates left hemisphere connections in grey and right hemisphere connections in black. The numbers correspond to the numbered regions in the key. 

Table 1 
Demographics and clinical scores, presented as a mean ± standard deviation 
(SD). Treatment responders (R) and non-responders (NR) differed significantly 
at week 6 in HAMD score (t = − 8.442, p < 0.0001) and BDI score (t = − 4.899, p 
< 0.0001). All other differences between R and NR were not significant (p >
0.05).   

Responders 
N = 21 

Non-responders 
N = 13 

Age (years) 30.4 ± 11.7 30.1 ± 10.1 
Gender 11F and 10 M 8F and 5 M 
Age at onset (years) 25.1 ± 8.3 25.2 ± 11.3 
Duration of current episode (months) 5.9 ± 6.1 8.8 ± 8.7 
HAMD baseline 23.3 ± 4.9 22.9 ± 4.0 
HAMD at 6 weeks 4.5 ± 3.8 17.4 ± 5.1 
BDI baseline 31.6 ± 6.8 32.4 ± 5.5 
BDI at 6 weeks 9.2 ± 7.3 24.2 ± 10.6  
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increase in connectivity over time. 

4. Discussion 

The preliminary analysis identified resting-state effective connec
tivity (rsEC) networks for patients with depression and explore differ
ences in connectivity related to depression severity and response to 
treatment. The most striking general feature, illustrated in Fig. 1, was 
rsEC observed in DMN, CEN and SN areas in MDD patients, indicating 
robust DMN/CEN connectivity but limitted and low strength conection 
from SN to DMN and no connection to CEN. Consistant with previous 
literature, this finding adds to a growing awareness that weak connec
tivity from SN to DMN/CEN might be mechanisticly linked to affective 
disorder through disruption to SN modulated physiological reactivity to 
salient stimuli and diminished inability to cycle out of internal mental 
processes to attend to salient taskrelevant external stimuli (Menon, 
2011; Zheng et al., 2015; Brakowski et al., 2017). Following network 
connectivity estimation, additional analyses were performed to explore 
whether connections were involved in response to antidepressant esci
talopram and to assess the impact of initial depression severity. We also 
showed that an association of higher connectivity strength with treat
ment response depended on baseline depression severity, classified as 
mild-moderate or severe on the basis of the baseline HAMD score. 

Changes in rsEC in the MDD group were present within and between 
the ICNs whose dysfunction has been consistently reported in MDD, the 
DMN, the CEN and the SN (Kaiser et al., 2015; Zhong et al., 2016). These 
networks remain in a close relationship and their harmonious commu
nication is crucial for healthy mental function. DMN's activity is the 
highest during inward-directed processing in the healthy brain, such as 
self-referential processing, imagery and memory (Buckner et al., 2008). 
With some exceptions, it decreases when resources are required for 
external attention-demanding tasks; this is when the CEN becomes most 
active (Wang et al., 2012). The SN facilitates the switch (Menon, 2019). 
Increased activity of the DMN, with an inability to switch off when 

necessary, has been one of the most consistent findings in depression 
research, and is suggested to underlie negative ruminations typical for 
depression (Dutta et al., 2014). While increased temporal coherence of 
the activity of DMN's regions has been frequently reported, an assess
ment of the direction of the effect has been less commonly performed. 
Our MDD group was characterized by increased rsEC from the anterior 
to posterior DMN (from the left rACC to the left isthmus of the cingulate/ 
left PCC). At the same time, no increase in connectivity strength was 
noticed in the reverse direction, suggesting the dominance of the ante
rior over posterior DMN. Although we did not assess ruminations in our 
study, increasing connectivity from the rACC to PCC has been proposed 
as the neural basis of ruminations. Thereby suggesting that dysfunc
tional communication from the aDMN to pDMN may be relevant to 
developing and maintaining at least some symptoms of depression 
(Brakowski et al., 2017). In the MDD group, the connectivity strength 
was highly increased between the structures of the pDMN – the pre
cuneus, the PCC and the isthmus of the cingulate, and the pDMN to the 
hippocampus. The DMN subnetworks, apart from sharing general DMN 
roles, have specific functions (Buckner et al., 2008). The aDMN is biased 
towards self-other relations, while the pDMN shows a greater bias to
wards self-centred processing and plays a role in involuntary (bottom- 
up) attentional processing (Buckner et al., 2008). Increased strength of 
connections within the pDMN, and between the pDMN and the hippo
campus may promote the bias towards inward-directed versus self-other 
processing, supporting retrieval of negative-valenced memory traces. 
The pDMN has been previously suggested to play a particular role in 
antidepressant response (Li et al., 2013; Posner et al., 2013; Shen et al., 
2015; Wang et al., 2012). 

The DMN's function depends not only on the communication be
tween its structures but also on communication with other networks, 
particularly the CEN (Marek and Dosenbach, 2018, 2019). The CEN is 
involved in higher-order cognitive processing and executes control in 
response to salient input (Seeley et al., 2007). In the healthy brain, when 
resources are needed for goal-directed behavior, the balance of activity 

Table 2 
Relationship between effective connectivity, depression severity, and outcome.  

Region 

Origin (from) Termination (to) Age F Severity F 
d 

Timepoint F 
d 

Response F 
d 

Response X Severity F 
d 

Network: Within DMN 
L Hippocampus R Hippocampus 14.19 0.005 0.31 1.23 9.61 

d = 0.64 
R middle temp. R inferior parietal 7.81 0.29 1.53 

d = − 0.37 
0.21 9.04 

d = − 0.34 
L middle temp. L inferior parietal 2.68 3.41 

d = − 0.61 
0.42 0.03 6.81 

d = 0.26  

Network: Within CEN 
R pars orbitalis R caud mid. front 3.67 1.04 

d = − 0.26 
0.37 0.01 9.51 

d = 0.39  

Network: Within SN 
L Insula R cuad. ant. cing 3.64 0.10 5.08 * 

d = 0.39 
2.30 
d = − 0.37 

5.83 
d = − 0.65  

Network: From CEN to DMN 
R pars orbitalis R inferior parietal 0.43 3.61 

d = − 0.63 
1.33 
d = 0.37 

2.75 
d = 0.63 

7.07* 
d = 0.39  

Network: From CEN to SN 
R pars opercula. R insula 6.46 0.01 1.61 4.63 

d = 0.75 
6.75* 
d = − 0.24  

Network: From SN to DMN 
L Insula R rost. ant. cing 0.18 3.53 

d = − 0.52 
3.48* 
d = 0.50 

0.95 
d = − 0.23 

11.03* 
d = − 0.39  
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shifts in favor of the CEN, over the DMN (Shaw et al., 2021). In our MDD 
group, we observed strongly increased rsEC within the CEN (between 
the parts of the IFG, mostly within the same hemisphere) and from the 
CEN to pDMN (left rMFG to PCC). Several connections showed modestly 
increased connectivity strength: from the aDMN to CEN (left rACC to left 
and right SFG), from the CEN to aDMN (right SFG to right rACC), and 
from the CEN to MTL (pars triangularis of the left IFG to left MTG). 
Speculatively, an increase in connectivity strength, particularly within 
the CEN, and from the CEN to DMN, maybe a compensatory attempt for 
the significant increase in the strength of connections within the DMN. 
Such findings have been previously reported in task based fMRI studies 
(Harvey et al., 2005). Given the disproportionally large increase in 
connectivity strength within the DMN, such compensatory efforts might 
be insufficient. 

Increased rsEC was also present in the SN, the network crucial for 
executing the switch between the DMN and CEN and redirecting 
attentional resources appropriately to the environmental requirements 
(Menon, 2019; Seeley, 2019). We observed rsEC from the part of the 
CEN, the pars opercularis of the right IFG, to the key region for the 
switch, the anterior insula (Menon, 2019), particularly strong to the 
right insula. Increased rsEF in MDD patients was also seen within the SN, 
from the left insula to bilateral dACC, and from the left to right dACC. At 

the same time, we did not see changes in the connectivity between the 
SN and DMN. Increased strength of connectivity from the CEN to SN, in 
particular to the right insula, might reflect an attempt of the CEN to 
execute control over the DMN. However, it is possible that CEN's 
inhibitory influence on DMN might fail due to poor connectivity from 
the SN to DMN and translate into inefficient switching between the DMN 
and the CEN. 

To summarize, we showed widespread dysfunction of rsEC in 
depression. It involved alterations in rsEF within and between the DMN, 
CEN, and SN, whose harmonious collaboration is necessary to balance 
internally- and externally-oriented processing and an appropriate and 
flexible resource allocation. We also showed changes in rsEC between 
the areas involved in reward processing and both the DMN and CEN, 
which supports models suggesting the central role of reward processing 
in depression. As a general rule, the DMN to CEN connections were 
strong, while connections from the CEN to DMN, although more 
numerous, were weaker, possibly translating into weakened control of 
the DMN and relative DMN dominance. 

Additionally, we explored the relationship between connectivity 
strength and response as a function of initial depression severity, defined 
as mild-moderate and severe based on HAMD score. Across many con
nections, the pattern was similar – such that responders with low and 

Fig. 2. Showing effective connectivity strength for left Hippocampus to right Hippocampus (DMN), right pars orbitalis to right Caudal middle frontal (CEN), right 
pars orbitalis to right inferior parietal (CEN to DMN) and right pars opercularis to right insula (CEN to SN). Non-responder (NR) group is on the left and responder 
group is on the right with enrolment HAMD less than 23 (Lower Depression) in blue and enrolment HAMD of 23 or above (Higher Depression) in red. *Effective 
connectivity strength reflects z-score adjusted for age such that zero reflects average effective connectivity strength. (For interpretation of the references to color in 
this figure legend, the reader is referred to the web version of this article.) 
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high depression scores showed a significant differences in connectivity 
strength; whereas, NR not differing in this regard, regardless of 
depression severity, with connectivity strength intermediate in respect 
to responders. Heterogeneity in MDD is not well understood; however, 
investigating correspondence between diagnostic classifiers, such as 
depression severity, and neurobiological systems will shift the field 
closer to a mechanistic understanding treatment response. By enlarge 
exploratory analysis results indicated depression severity by response to 
treatment effects for region to region connectivity aligned to networks 
that are noted to underlie top-down attentional control processes. A 
recent review reported that disrupted attention often but not always 
accompanies MDD (Keller et al., 2019). Findings of exploratory analyses 
might contribute to this burgeoning research domain by highlighting the 
role of attention in differentiated response to depression treatment. As 
an example, in identifying the direction of EC from inferior frontal gyrus 
to the insula, we can infer function underlying controlled attentional 
switching. Our exploratory analyses indicate rsEC for inferior frontal 
gyrus to the insula differs between responders and non-responders such 
that for responders rsEC increases with depression severity. One possi
bility is that increased connectivity between these regions underlies the 
capacity to re-orient attention away from salient negative valenced 
thoughts or information to goal relevant information (Keller et al., 
2019). Ultimately, findings suggest that the baseline depression severity 
may be a factor that needs to be considered when looking into 
employing EC as a tool for response prediction. Unfortunately, no pre
vious resting state explored this subject, and due to the small number of 
patients, this interesting results warrant careful interpretation. 

5. Strengths and limitations 

The main strength of the current study was the use of effective 
connectivity analysis, performed globally, i.e. assessing a relationship of 
each region in the brain with every other brain region. Using a network 
model of causal dynamics, effective connectivity offers a unique op
portunity to explore the directionality and strength of functional con
nections in the brain. For this reason, it allows an assessment of 
causality, i.e. which brain region influences another. Using this method, 
we were able to explore altered communication of the brain regions in 
depression and assess the direction of the impact (Friston, 2011). For 
example, in identifying primacy of functioning in inferior frontal regions 
relative to insular cortex, we are able to infer causality of the region to 
region connection which suggests attention allocation as a factor pre
dicting response to treatment. By allowing better mechanistic inter
pretability, EC has an advantage over functional connectivity analysis, 
which is a statistical assessment of the synchronicity of function of brain 
regions in the absence of directionality. Ultimately, the global approach 
used here allowed us to approach the data without prior assumptions 
and perform an unbiased assessment of the impact of one structure over 
another. In addition to estimating effective connectivity networks, this 
research also implemented the non-biased data-driven methodology. 
Confirmatory data analysis frameworks that rest on a priori hypotheses 
tested under structured decision rules lack the analytic flexibility 
required to detect a difference or change in the brain at a network level. 
Instead, this investigation utilized the Bayesian multi-subject vector 
autoregressive (BVAR-connect) approach (Kook et al., 2021), which 
provided a framework for network identification that maintained ana
lytic flexibility in the absence of external assumptions of network 
composition. 

The main limitation of the current study was the small size of the 
group, which is linked to power reduction and the likelihood of type 2 
error. In particular, a restricted number of good quality datasets were 
available for an assessment of treatment response. However, the group 
was carefully chosen, well-characterized, and included only medication- 
free patients, which allowed a high level of homogeneity. Another 
limitation was the use of one medication only, escitalopram. Although 
this increased homogeneity of the procedures, it also means that the 

results cannot be generalized to other drugs. 
Supplementary data to this article can be found online at https://doi. 

org/10.1016/j.jad.2022.03.041. 
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