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Abstract—The diagnosis of depression is based on a subjective
interpretation of reported symptoms rather than an objective
test based on a measurement. The limitations of the current
diagnostic practice of neuropsychiatric disorders have been
acknowledged and it is time to shift the paradigm toward a
diagnosis based on an objective test following a measurement.
In this study, effective connectivity between pairs of resting-state
networks obtained from independent component analysis of func-
tional magnetic resonance imaging is estimated using Friston’s
Dynamic Causal Modelling. Chi-Square feature selection and
classification algorithms are used to classify between depressed
and control individuals on a case-control dataset consisting of 51
depressed individuals and 21 healthy controls. This resulted in
77% leave-one-out cross-validation accuracy using eight effective
connections. The most discriminative effective connections are
interpreted from a clinical view. Besides clinical interpretation,
the application of Friston’s biologically-inspired model for es-
timating effective connectivity is also compared to data-driven
methods of estimating causality on the same dataset. Aberrations
in the effective connections within the default mode network
and between the default mode network and the dorsal attention
network are identified using the proposed methodology. This can
be linked to the symptoms of depression. If the identified effective
connections prove reproducible on other datasets, this is a stride
toward a biomarker for depression.

Index Terms—neurodynamics, fMRI, causality, depression,
diagnosis

I. INTRODUCTION

Depressive disorder (DD) is a widespread neuropsychiatric
disorder that presents a major public health problem [1].
Depression is the most common mental disorder worldwide
[2]. Among the symptoms of depression are a depressed mood,
loss of interest in activities, feelings of guilt and worthlessness,
disturbed sleep, reduced concentration, and a lack of energy
[3]. In the majority of cases, depression is diagnosed based on
self-reported symptoms and the patient’s medical history. Such
diagnosis is prone to subjectivity and errors due to human

Funded by Eindhoven University of Technology, Department of Electrical
Engineering

factors [4]. While depression is a serious concern to public
health, there is currently no way to diagnose it objectively.

The United States National Institute of Mental Health ac-
knowledged the limitations in the observation-based diagnostic
practice and therefore called for the diagnostic paradigm to
shift toward an objective method progressing from a mea-
surement [5]. Functional magnetic resonance imaging (fMRI)
allows a measurement of the blood-oxygen-level-dependent
(BOLD) signal, which is used as a proxy for neural activity
[6]. Over the past years, studies have aimed to find biomarkers
by analyzing the BOLD signal. Although certain parts of the
brain are consistently linked to depression, e.g. the prefrontal
cortex and default mode network (DMN), reproducible and
robust biomarkers have not yet been found [7].

In the field of neuroimaging with fMRI, a diagnostic tool
or biomarker usually results from analyzing how spatially
different regions of the brain interact. This interaction can
be expressed as one of two forms of connectivity: functional
connectivity (FC) or effective connectivity (EC). Where FC
mainly quantifies a measure of statistical dependency between
the regions, EC aims to extend this quantification by a sense of
directionality or causal influence. EC is particularly interesting
as it offers a view of the neurodynamical interaction between
brain regions, which may give insight into the brain’s working
or pathophysiology in the case of neuropsychiatric disorders.

The application of EC measures to investigating biomarkers
or diagnostic tools is relatively recent [7]. Data-driven methods
like Granger causality [8] and wavelet coherence [9] have been
used to estimate causality in the field of neuroscience [10],
[11]. In particular, Cı̂rstian et al. (2023) applied both methods
to depression through a case-control dataset of resting-state
fMRI scans (rsfMRI) [12]. Independent component analysis
(ICA) was applied to this dataset, which effectively performs
blind source separation which allows regions that activate
together to be identified [13]. These regions are known as
resting-state networks (RSNs) [14]. Data-driven EC was com-
puted using the time series corresponding to the RSNs.

This full-text paper was peer-reviewed at the direction of IEEE Instrumentation and Measurement Society prior to the acceptance and publication.
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Distinct from data-driven methods to estimate EC, Friston’s
Dynamic Causal Modelling (DCM) is a neuronal-inspired
model that estimates the parameters of the differential equa-
tions that describe the hypothesized underlying dynamics
from the observed time-series data. The difference between
solely data-driven methods of estimating causality and gen-
erative models is that the former maps consequences to
causes whereas the latter maps causes to consequences [15].
In this application, it means that data-driven methods map
the observed BOLD signal to causes whereas DCM maps
hypothesis-based causes to the observed BOLD signal.

This study aims to identify abnormal effective connections
that are capable of diagnosing depression by using stochastic
DCM. To do this, the same preprocessed fMRI data is used
as in the study by Cı̂rstian et al. (2023) [12]. This allows a
comparison between data-driven and hypothesis-based meth-
ods of estimating effective connectivity using in-vivo data.
This paper also contributes by estimating EC using sDCM
between a relatively large number of resting-state networks
(RSNs) to classify depression and healthy controls, which to
the authors’ best knowledge is the first time such an approach
is used. Eight effective connections are most discriminative
when used in different classifiers of which a decision tree
resulted in 77% leave-one-out cross-validation accuracy. These
effective connections are compared to the results obtained with
data-driven methods and discussed with clinical interpretation.

The remainder of this paper is structured as follows. First,
the state of the art is described followed by the methodology
and the corresponding results. After the discussion of these
results, the drawn conclusions are provided.

II. STATE OF THE ART

In this section, a review is provided of current findings on
abnormal effective connections in depression and the state-of-
the-art approaches to estimating EC.

When exploring the use of DCM for diagnosis or biomarker
discovery, often task-based fMRI is used [7] [16]. This can
be attributed to the first version of DCM, referred to as
deterministic DCM, which was designed only for task-based
studies [17]. Currently, two newer versions of DCM exist
that allow DCM to be applied to rsfMRI: spectral DCM
and stochastic DCM. Spectral DCM brings model estimation
into the frequency domain [18]. Stochastic DCM extends
deterministic DCM by incorporating random fluctuations in
hidden neuronal processes and physiological states by adding
randomness to the model parameters [19].

Both stochastic and spectral DCM have been applied to
rsfMRI and neuropsychiatric disorders. Hyett, Breakspear,
Friston, Guo, and Parker (2015) used stochastic DCM to
investigate interactions between the DMN, executive network,
bilateral anterior insula, and frontoparietal network on a case-
control dataset of melancholia [20]. People with melancholia
showed statistically significantly lower EC between the insula
and executive network, but it was not tested if this potential
biomarker proves discriminative in classification.

Stochastic
DCM

RSN time
 series

Feature
Selection

Classification
depression

healthy

Fig. 1. The proposed step-by-step approach of diagnosing depression based
on the time series corresponding to RSNs

Li et al. (2019) used spectral DCM to assess abnormal
EC in people with major depressive disorder [16]. The study
showed altered EC both between and within RSNs. In partic-
ular, reduced excitatory connectivity between DMN and the
salience network and between the salience network and the
executive network. In addition, people with major depressive
disorder showed reduced excitatory and increased inhibitory
connectivity in the DMN. It remains untested if these potential
abnormalities can be used in a diagnostic tool.

In their study, Geng, Xu, Liu, and Shi (2018) compared
the classification performance of EC (obtained from spectral
DCM) and FC applied to a case-control dataset of major
depressive disorder [21]. Classification using 19 effective con-
nections resulted in 91.67% accuracy, whereas 6650 functional
connections resulted in 89.36% accuracy. EC was estimated
not between but within four RSNs: DMN, DAN, frontoparietal
network, and salience network.

Cı̂rstian et al. (2023) used the data-driven methods of
Granger causality and wavelet lead coherence to estimate
EC between 12 RSNs. Wavelet lead coherence indicated that
people with depression have a stronger excitatory connection
directed from the DAN to the auditory network and from
the anterior DMN to the DAN. These directed connections
between RSNs allowed the classification between depressed
and control with 86% accuracy. EC based on Granger causality
showed lower excitatory connections from the frontoparietal
right to the primary visual network and from DMN to the
auditory network. These connections allowed 80% accuracy.

Where the application of DCM to estimate EC from rsfMRI
is popular in case-control studies on depression, studies that
use it for diagnostic purposes are relatively few. Moreover,
the application of DCM to estimate causal relations between a
relatively larger number of RSNs remains untested. While both
spectral and stochastic DCM give mostly consistent results
[22], here the decision was made to use stochastic DCM be-
cause it allows estimating connections in large-scale networks
simultaneously. Therefore, the EC between the same 12 RSNs
and on the same dataset as in Cı̂rstian et al. (2023) is estimated
using stochastic DCM. This allows a comparison between
stochastic DCM and data-driven methods of estimating EC.

III. METHODOLOGY

The step-by-step approach, which takes the time series of
RSNs as input and gives a depression diagnosis as output, is
shown in Fig. 1. The remainder of the methodology section is
structured by first explaining the dataset and then according
to the blocks shown in Fig. 1.
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A. Dataset

The dataset used in this study is publicly available [23] and
the selection and acquisition procedures are described in more
detail in Bezmaternykh et al. (2021) [24]. The dataset contains
72 participants of which 51 with a mild depressive period,
moderate depressive period, or dysthymia (13 males and 38
females, average age is 33.1±9.5, IQ is 103.7±14.6, MADRS
is 26.7±4.4, BDI is 20.7±10.0 and ZSRDS is 46.4±7.0 ) and
21 are healthy controls (6 males and 15 females, average age
is 33.8 ± 8.5, IQ is 106.7 ± 16.1, MADRS is not applicable
for this group, BDI is 4.6 ± 4.5 and ZSRDS is 32.1 ± 5.9) 1.
The diagnosis of depression was based on the International
Classification of Diseases 10th Revision. Informed consent
was signed by all participants [24].

The fMRI scans were performed using a 3T Ingenia Philips
scanner. The parameters used to acquire the functional T2-
weighted single-shot planar imaging scans were as follows:
voxel size 2x2x5 mm, repetition time (TR)/echo time 2500/35
ms, and fat suppression mode. An anatomical reference image
was obtained by the T1-weighted 3D turbofield echo sequence
with voxel size 1x1x1 mm. The participants were instructed
to lie still with their eyes closed for 4 minutes. This resulted
in 100 volumes per participant [24].

The time series per RSN used in this study were adopted
from the study by Cı̂rstian et al. [12], which resulted from
the dataset described above. These time series progressed
from the following preprocessing steps: motion correction
(MCFLIRT), nonbrain tissue removal, slice timing correction,
spatial smoothing using a Gaussian kernel of 5.0 mm full
width at half-maximum, intensity normalization, high-pass
temporal filtering at 0.01 Hz, and registration to Montreal
Neurological Institute standard space. Then, group ICA was
performed which allowed a signal decomposition into spatially
independent components and their corresponding time series.
Components corresponding to RSNs were manually told apart
from noise and the 12 identified RSNs are shown in Fig. 2.
Dual regression was performed to obtain the spatial maps and
time series per individual from the group ICA. All steps were
performed using FMRIB Software Library (FSL) [25].

B. Stochastic DCM

As a hypothesis-driven modeling, DCM estimates the pa-
rameters of a reasonably realistic neuronal system such that it
can predict the observed BOLD signal. It fits parameters such
that it can map causes to the observed consequences [17]. A
simplified version of the neuronal model is shown as a causal
graph in Fig 3. In deterministic DCM, the overall change in
activity (ż) is expressed as a linear combination of ordinary
differential equations:

ż = Az, (1)

where z is neuronal activity and A the rate of change in
neuronal response due to activity z. In the exemplified model

1age is expressed in years in the format mean±standard deviation; IQ,
intelligence quotient; MADRS, Montgomery-Asberg Depression Rating Scale;
ZSRDS, Zung Self-Rating Depression Scale

Fig. 2. The identified resting-state networks resulting from independent
component analysis [12]

Fig. 3. The neuronal model as a causal graph, in which zi represents neuronal
activity of node i and aij the effective connection between nodes i and j

shown in Fig. 3, the variables would be filled with the entries
of respectively the node’s activity and the effective connections

directed toward that node: z =

[
z1
z2

]
and A =

[
a11 a12
a21 a22

]
.

Where deterministic DCM includes parameters to incor-
porate external stimuli as a model for task-based fMRI, the
system as in (1) is sufficient in the absence of external stimuli,
i.e. resting state. Therefore, all causal information is contained
in A. Stochastic DCM extends the deterministic neuronal
model by including random state fluctuations ω:

ż = Az + ω. (2)

These random state fluctuations build upon deterministic DCM
by including random variations in the hidden neuronal states,
which were assumed nonexistent in deterministic DCM [19].

The activity described so far is not observable with noninva-
sive measurements like MRI. Therefore, the activity is related
to BOLD through the hemodynamic response function y:

y = g(z, θh) +X0β0 + ϵ, (3)
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where g is the hemodynamic model that outputs a clean
hemodynamic response based on the activity z and biophysical
parameters θh (e.g. vascular anatomy). The terms X0 and β0

are respectively a design matrix and parameters that describe a
general linear model that captures known effects (e.g. scanner-
introduced variability) and ϵ is modeled observation noise. A
more detailed explanation is provided in Friston, Harrison, and
Penny (2003) [17].

Inversion of the model specified in (3) allows the effective
connections A to be fitted based on the observed BOLD
signals. In this study, this model is applied to the time
series corresponding to the resting-state networks identified
from ICA. The effective connections A ∈ R12×12, therefore,
represent how each of the 12 RSNs causally influences each
of the RSNs.

C. Feature Selection

As each participant in the dataset is described by a matrix
containing 144 entries, it is desirable to isolate the features
that are most discriminative between depression and control.
The diagonal of the matrix, which specifies the self edges, is
set to ’not a number’ (nan) as the neurodynamical interactions
between the RSNs are of interest.

As the curse of dimensionality limits certainty in the gen-
eralization ability of machine-learning algorithms that were
trained on a large number of features but a low sample size
[26], [27], feature selection is used to reduce dimensionality.
To identify these most informative features, the Chi-Square
feature selection algorithm is used, which ranks features
based on the ground truth’s dependence on that feature. This
dependence is tested with the Chi-Square statistic.

D. Classification

To tell depression apart from controls based on the selected
features, three classifiers are used: a support vector machine
(SVM) with a (fourth order) polynomial kernel, a decision tree,
and k-nearest neighbors (KNN). These classifiers are trained
and validated using leave-one-out cross-validation (LOOCV)
on 85% of the dataset. A separate test set of 15% of the
dataset is used to test the trained classifier. The split is made
randomly but stratified. The test set is also excluded from the
feature selection to avoid potentially overfitting in this way.
The classifiers are assessed based on the diagnostic metrics
accuracy, sensitivity, specificity, and the area under the receiver
operator characteristics curve (AUC).

IV. RESULTS

The results of applying the methodology to the input are
presented in the same structure as shown in Fig. 1.

A. Stochastic DCM

DCM models were constructed from each of the 12 RSNs’
time series using DCM12.5 in SPM12 (statistical parametric
mapping), which was run on Matlab R2023b. Stochastic DCM
used a maximum of 64 iterations to estimate EC, within which
all models converged. All inverted models could explain at
least 70% of the variance in the time series.

Fig. 4. The eight most discriminative effective connections are shown
superimposed as a graph. Abbreviations: FPR, frontoparietal right; VISU2,
Lateral Visual Network; VISU1, Primary and Medial Visual network; EXE,
Executive Network; AUDI, Auditory Network; DMN1, Default Mode Net-
work (Anterior); DMN2, Default Mode Network (Posterior); DAN, Dorsal
Attention Network; CEREB, Cerebellum.

B. Feature selection

The eight most discriminative effective connections identi-
fied by Chi-Square feature selection are shown in Fig. 4. In
this graph, the edges show the result of subtraction between
the depressed group’s and the control group’s mean effective
connection values.

C. Classification

The diagnostic metrics resulting from the classification are
listed in Table I. The classifiers were trained and tested in
Matlab R2023b. Only the polynomial SVM used a feature
additional to those shown in Fig. 4. This additional feature
is the effective connection between the lateral motor network
and the frontoparietal left. The reason for leaving it out of Fig.
4 is that the other classifiers performed better without it. The
eight shown connections are agreed to be informative by all
tested classifiers.

V. DISCUSSION

A diagnostic tool should perform at least with a sensitivity
and specificity of 80% to be eligible for clinical application
[28]. While the results listed in Table I approach this guideline,
mostly the specificity is lacking. The classifiers polynomial
SVM and decision tree both show a higher sensitivity than
specificity, likely caused by the imbalance in the dataset. As
there are over twice as many depressed individuals as controls,
any classifier that only learns to predict depression will score
perfectly in terms of sensitivity, moderately high in terms of
accuracy, but low in terms of specificity. To account for this
imbalance, increasing the cost of false positives and nested
cross-validation both with the undersampling of depressed
individuals and the oversampling of controls were explored,
but they did not yield better results than those in Table I.
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TABLE I
THE RESULTS OF DIFFERENT CLASSIFICATION ALGORITHMS. ABBREVIATIONS: LOOCV, LEAVE-ONE-OUT CROSS-VALIDATION; AUC, AREA UNDER

RECEIVER OPERATOR CHARACTERISTICS CURVE; SVM, SUPPORT VECTOR MACHINE; KNN, K-NEAREST NEIGHBORS.

Classifier Number of features LOOCV Accuracy LOOCV Sensitivity LOOCV Specificity AUC Test Accuracy
Polynomial SVM 9 77.0% 81.4% 66.7% 0.727 70%

Decision Tree 8 77.0% 83.7% 61.1% 0.724 70%
KNN 8 73.8% 70.0% 83.3% 0.722 80%

Clinical interpretation of the eight most discriminative
effective connections, shown in Fig. 4, adds confidence in
some of the identified connections. The DMN is consistently
linked to depression [7], [29]. Among the functions of the
DMN are the processing of emotion and the allocation of
attention, which are impaired in depression [30]. The DAN
manages voluntary control of attention to visual stimuli [31].
Depressed individuals tend to be locked in their negative
thoughts with their attention focused inwards rather than
on their surroundings. This can be linked to the aberrated
effective connections between the DMN and the DAN and
the aberration between DMN1 and DMN2. The other effective
connections that proved discriminative seem not to be easily
interpreted clinically, which may be attributed to noise and
heterogeneity rather than clinical confirmation.

Cı̂rstian et al. (2023) identified effective connections using
Granger causality and wavelet lead coherence [12]. Granger
causality identified weaker (for depressed compared to control)
causal links between the frontoparietal right and the primary
and medial visual network and between the posterior DMN
and the auditory network. Wavelet lead coherence identified
stronger causal links between the anterior DMN and the DAN.
Only the stronger connection between the anterior DMN and
the DAN is found using stochastic DCM. Furthermore, the
weaker connection between the frontoparietal right and the
visual network is also found using DCM, but with the lateral
rather than the medial visual network. It is hard to determine
which model works better to estimate EC, as the data-driven
methods also result in different informative ECs.

The heterogeneity inherent to depression is likely only
partly captured in the considered dataset. Further heterogeneity
is likely introduced in either of two ways when larger sample
sizes are gathered. More variation on the clinical side may be
captured, e.g. severity, comorbidities, demographic factors like
age and sex, and timing of the scan as depression may manifest
in episodes [32]. More technical variation is introduced as
larger samples will likely originate from different sources.
Different hospitals or institutes likely use different scanning
protocols which introduces variation in e.g. repetition time
and spatial resolution. Classifiers not trained on data that
incorporates this heterogeneity sufficiently will likely perform
worse when exposed to this heterogeneity [33]. Therefore, it
is important to test the methodology on larger datasets to see
if the identified effective connections prove reproducible.

Applying DCM to RSNs is performed under the assumption
that DCM will work on a larger scale than just physically
near brain tissues. Considering that any imaging modality is

limited in spatial resolution, the response from neural activity
to the observed BOLD signal is always based on a collection
of neurons as a single neuron cannot be captured. As such,
it is a superposition of nodes that within the resolution of
the imaging modality is captured as one node. This principle
is extended by applying DCM on collections of these super-
positions of nodes which form RSNs. Whether the dynamics
between RSNs are similar to those between neurons should be
tested further. In this work, few but some similar connections
were found by DCM that were also found by data-driven
methods which does point to applicability on RSNs.

VI. CONCLUSION

To bring the diagnostic practice of depression closer to an
objective test, selected effective connections between RSNs
were obtained with DCM and used to classify depressed indi-
viduals and controls. In this work, eight effective connections
resulted in 77% leave-one-out cross-validation accuracy using
a decision tree, which approaches the clinical standard. The
identified effective connections within the DMN and between
the DMN and DAN offer clinical insight into depression.
Effective connectivity obtained from data-driven methods and
DCM only partly overlap. Specifically, the stronger causal con-
nection between the anterior DMN and the DAN is identified
by both stochastic DCM and wavelet lead coherence while
also being clinically interpretable. Therefore, the interaction
between the default mode network and the dorsal attention
network merits future research as a candidate biomarker.
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