
 

© 2015 American Medical Association. All rights reserved.   1 

 

Supplementary Online Content 
 
 

Hyett MP, Breakspear MJ, Friston KJ, Guo CC, Parker GB. Disrupted effective 
connectivity of cortical systems supporting attention and interoception in 
melancholia. JAMA Psychiatry. Published online February 18, 2015. 
doi:10.1001/jamapsychiatry.2014.2490. 

eTable 1. Symptoms and Signs Expressed by Melancholic (Mel1-Mel16) and Non-
Melancholic (NMel1-NMel16) Participants 

eTable 2. Analysis of Covariance Contrasting Primary Treatment Partitions, Controlling 
for Diagnostic Group, on Node Degree Parameters 

eAppendix. Methods 

 
This supplementary material has been provided by the authors to give readers additional 
information about their work. 
 
 



 

© 2015 American Medical Association. All rights reserved.   2 

 

eTable 1. Symptoms and Signs Expressed by Melancholic (Mel1-Mel16) and Non-Melancholic (NMel1-NMel16) Participants 
 Essential Symptoms (Both Required) 

Specifiers (Five of Nine Required) 

Patient 

Psychomotor 
Disturbance 

Distinct 
Anhedonia 

Concentration 
Impairment 

Mood Non-
reactivity 

Anergia Diurnal Mood 
Variation 

Appetite 
/Weight 
Loss 

Early Morning 
Wakening 

No Preceding 
Stressors 

Response 
Physical 
Treatment 

Normal 
Personality 
Function 

Mel1 + + + + + - - - + - +
Mel2 + + + + + + - + - + +
Mel3 + + + + + + - + - + -
Mel4 + + + + + + - - + + +
Mel5 + + + + + + - - + + +
Mel6 + + + + + + - - + - -
Mel7 + + + + + - + + + + +
Mel8 + + + + + - + + + + -
Mel9 + + - - + + - - + + +
Mel10 + + + + + - + + + + +
Mel11 + + + + + + - + - - +
Mel12 + + + - + + - - + + +
Mel13 + + + - + + - + + + +
Mel14 + + + + + + - - + + +
Mel15 + + + - + - + - + - +
Mel16 + + + + + + + + + - -
NMel1 - - - - - - - - - - -
NMel2 - - - - - - - - - - -
NMel3 - - - - - - - - - - -
NMel4 - - - - - - - - - - -
NMel5 - + - - - - - - - - -
NMel6 - - - - - - - - - - -
NMel7 - + - - - - - - - - -
NMel8 - - - - - - - - - - -
NMel9 - - - - - - - - - - -
NMel10 + + + - + - + - - - -
NMel11 - - - - - - - - - - -
NMel12 + - - - - - - - - - -
NMel13 - - - - - - - - - - -
NMel14 - + - - - - - - - - -
NMel15 + + + - + + - - - - -
NMel16 - - - - - - - - - - -
‘+’ Indicates presence of symptom/sign; ‘-’ Indicates absence of symptom/sign 
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eTable 2. Analysis of Covariance Contrasting Primary Treatment Partitions, Controlling 
for Diagnostic Group, on Node Degree Parameters 

 

ANCOVA was used to examine for possible medication effects. We split all patients into 

two subsets: Firstly, we compared all patients on – or not on – an SSRI. Secondly we 

compared patients taking medication(s) other than SSRIs (all broad spectrum 

antidepressants, antipsychotics, mood stabilizers) with patients not on any such 

medications. We controlled for clinical group (melancholic versus non-melancholic) and 

analyzed the main network effects observed above (in-degree for RFP, and out-degree for 

both INS and LFP modes). No significant differences were observed for medication on 

the differing network parameters. 

 

Node Degree Direction 
and Region 

On SSRI vs Not on SSRI 

On Any Other Drug Than 
SSRI vs. Those Not on Other 
Drug 

Type 
III SS df F Sig. 

Type 
III SS df F Sig. 

Degree In 
RFP 1.09 1 1.06 0.31 0.29 1 0.28 0.60 
Degree Out 
INS 0.61 1 0.37 0.55 0.32 1 0.19 0.66 

LFP 1.09 1 1.11 0.30 0.72 1 0.73 0.40 
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eAppendix. Methods 

Detailed Diagnostic Approach to Depression Subtyping  

Clinical diagnoses of melancholic or non-melancholic depression were made by 

psychiatrists weighting previously detailed criteria.1,2 For a diagnosis of melancholia, two 

compulsory criteria were required (see eTable 1, below), (A) psychomotor disturbance 

(expressed as motor slowing and/or agitation); and (B) an anhedonic mood state. In 

addition, five of the following nine clinical features were required (and met) in all 

assigned melancholic patients: (1) concentration and/or decision making impairment; (2) 

non-reactive affect; (3) distinct anergia; (4) diurnal mood variation – being worse in the 

morning; (5) appetite and/or weight loss; (6) early morning wakening; (7) no preceding 

stressors accounting for the depth of the depressive episode; (8) previous good response 

to adequate antidepressant therapy; and (9) normal personality functioning. Whilst 

respecting the DSM diagnostic approach to melancholia, these have been customized by 

our group to take into account criteria that has historically characterized melancholia.1,2 

This table shows specific criteria for each patient, as cross-checked against each patient’s 

clinical assessment material (ie, clinical notes, referral and assessment letters to the 

Clinic). 

fMRI Image Acquisition 

All participants underwent a 6 ¼-minute resting state fMRI scan (186 volumes) and were 

instructed to keep their eyes shut for the duration of the scan. Resting state fMRI was 

acquired at the beginning of a lengthy scanning session (ie, prior to structural scanning). 

All participants explicitly reported remaining awake for the duration of the scan. 

Scanning was conducted using a Philips 3.0-T scanner (Philips Medical Systems; Best, 

Netherlands). Functional data were acquired using T2*-weighted gradient echo-planar 

sequences (33 axial slices; repetition time/echo time: 2000/30 msec; 76° flip angle; 
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reconstruction matrix size: 128 × 128; field of view (anterior-posterior): 240 mm; voxel 

size: 3.0 × 3.0 × 3.0 mm; no gap). 

Data Preprocessing 

Resting state fMRI images were preprocessed using statistical parametric mapping 

(SPM8) software (http://www.fil.ion.ucl.ac.uk/spm/).3 For each subject, each image was 

realigned to the first acquired image, normalized (unwarped) to standard Montreal 

Neurological Institute (MNI) space and smoothed with a full-width half-maximum 

(FWHM) kernel of 4 mm. Preprocessed functional data were then used as inputs for 

probabilistic concatenated independent component analysis (ICA) using the MELODIC 

(Multivariate Exploratory Linear Decomposition into Independent Components) toolbox 

in the FMRIB Software Library (FSL) (http://www.fmrib.ox.ac.uk/fsl/).4 For the ICA, 

non-brain voxels were masked with voxel-wise demeaning of the data and normalization 

of the voxel-wise variance. Pre-processed data were next whitened and projected into a 

70-dimensional subspace using Principle Components Analysis providing for a 

reasonably fine-grained decomposition of functionally relevant brain regions.5 These 

whitened observations were decomposed into sets of vectors that describe signal variation 

across the temporal domain (giving time courses), the session/subject domain and across 

the spatial domain (giving spatial maps). This was implemented through a non-Gaussian 

spatial source distribution using a fixed-point iteration technique.6 Estimated component 

maps were divided by the standard deviation of the residual noise, with a threshold of 0.5 

set (the probability that needed to be exceeded by a voxel to be considered ‘active’ in the 

component of interest) by fitting a mixture model to the histogram of intensity values.4 

Node Selection 

Following ICA, nodes were identified and subsequently specified from the group-level 

spatial maps of five components with the aim of explaining the functional anatomy of 

attention and interoception in depressive disorders. The components selected were: (A) 
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Default mode network (DMN); (B) Executive control (EXC); (C) Bilateral anterior insula 

(INS); (D) Left frontoparietal attention (LFP); and (E) Right frontoparietal attention 

(RFP; Figure 1). All components were checked for accuracy by cross-correlating with 

previously identified cognitive networks5 except for the INS. The INS component was 

identified from the ICA maps by, i) first obtaining the centre coordinates of the anterior 

insula using PickAtlas, and then, ii) using these coordinates to identify the most 

illustrative spatial map from the 70 components of the ICA. These maps were then used 

in specifying and estimating dynamic causal models (DCMs) across all study subjects. 
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DCM Specification 

DCM infers effective connectivity amongst neuronal populations by combining dynamic 

models of neuronal states and detailed biophysical models of hemodynamics. 

Traditionally DCM has been employed to provide generative models of task-related data, 

where stimulus or task manipulations are introduced as known inputs to regions identified 

through use of the general linear model.3 With stochastic DCM (sDCM), the system 

perturbations are modeled as unknown system fluctuations arising endogenously.7,8 

Broadly speaking, sDCM otherwise proceeds in a similar vein to classic DCM, namely: 

1. The user specifies a model (or models) through the choice of nodes and inputs; 2. The 

empirical data are introduced as time series of each node; 3. The model evidence (the 

probability of observing the data given the model) is maximised using a variational 

scheme to minimise an objective function (the free energy). This also yields posterior 

model parameter estimates as well as estimates of the unknown state fluctuations7,9; and 

4. If more than one model is specified, model comparison is performed using the 

evidence for each model. This Bayesian model evidence (aka marginal likelihood) 

penalises the accuracy of each model by a measure of its complexity.10 In the present 

setting, we chose a single, fully connected bilinear DCM with unknown fluctuations at 

every node. No external inputs were specified, corresponding to the no-task resting state 

acquisition. This model was estimated in all of our participants. 

 For each of the components, the peak activation voxel was identified, with MNI 

coordinates of these peaks used to define a regionally specific voxel of interest (VOI) to 

allow initial estimation of the DCMs. For visualization purposes (eg, Figure 1), a 6 mm 

sphere was used to represent the spatial location of the peak weight of the corresponding 

ICA mode. Dual regression was used to extract subject-specific time series from the 

group-level spatial maps (representing an average of the voxels within each map, 

weighted by their relative expression in that map), with the corresponding component 

time series used as inputs for subject-specific sDCMs.7,9 In specifying the DCMs, no 
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inputs were selected for the first and second levels, and a fully connected model was 

chosen for the search space. 

Model Optimization 

The functional architecture of the distributed systems from the DCMs was optimized for 

each subject using a network discovery algorithm. This algorithm yields a sparse network 

representation of the original fully connected graphs that are optimal in the sense of 

having the greatest conditional probability relative to other possible sparse networks. 

These networks are characterized in terms of their connectivity or adjacency matrices and 

conditional distributions over the directed (and reciprocal) effective connections between 

nodes or regions. 
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