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Abstract
Negative symptoms are key to the symptomatology of schizophrenia, due to their 
interference with functional outcome and quality of life. Aberrant brain topology 
has been found in relation to negative symptoms. However, findings on the exact 
nature of these associations are contradictory, possibly due to heterogeneity within 
the negative symptom cluster. Factor analyses have repeatedly shown that negative 
symptoms can be divided into two factors: expressive deficits and amotivation. This 
study is the first to assess the relationship between these factors and brain topology. 
Resting-state fMRI data was collected from eighty-three patients with schizophrenia. 
The data was decomposed using independent component analysis (ICA) and graph 
analysis was applied on adjacency matrices, i.e., Pearson’s correlations between 
components. Components were grouped into modules (interconnected nodes with 
overlapping connectivity patterns). Global graph analytical measures (global efficiency 
and mean whole-brain local efficiency) were calculated, as well as local measures (local 
efficiency, eigenvector centrality and participation coefficient) per module and per 
node. There was no relationship for any negative symptom measure and global graph 
metrics. Expressive deficits were related (albeit only at p<.05, uncorrected), to higher 
local efficiency in the limbic module, higher eigenvector centrality in the default mode/
executive control module, and lower local efficiency and eigenvector centrality in a 
component containing the inferior parietal lobule. This suggests that, despite some 
modest indications of altered local topological organization, commonly used functional 
network measures may not be related to expressive deficits, amotivation and negative 
symptoms as a whole. 

Introduction
Negative symptoms form a key dimension in schizophrenia and consist of blunted affect, 
alogia, avolition/apathy, anhedonia, and asociality (Kirkpatrick, 2014). These symptoms 
have shown to interfere with quality of life and are related to poor outcome, including 
occupational impairment, social impairment, lower compliance with medication, and 
higher chance of (repeated) hospitalization (Fervaha et al., 2014b; Ho et al., 1998; 
Patel et al., 2015; Rabinowitz et al., 2012; Tattan & Creed, 2001). However, treatment 
of negative symptoms has been demonstrated to be difficult (Aleman et al., 2017). 
In order to promote the development of treatment options for negative symptoms, 
better understanding of negative symptoms is crucial. Despite the importance of 
understanding negative symptoms the exact cognitive and neural underpinnings of this 
symptom domain remain unclear.

Schizophrenia has been linked to dysconnectivity of large-scale brain networks 
(Stephan, Baldeweg, & Friston, 2006). Studies assessing connectivity changes in 
patients with schizophrenia have shown an overall pattern of context-independent 
decreased connectivity, especially between frontal and parietal regions. Additionally, 
more focal context-dependent abnormalities in connectivity–both increased and 
decreased connectivity–have been demonstrated (Fornito et al., 2012). In relation to 
negative symptoms, disrupted connectivity within and between several resting-state 
networks has been found (e.g., Bluhm et al., 2007; Manoliu et al., 2013), although not in 
all studies (Orliac et al., 2013). 
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In recent years, topological organization of the brain has received considerable 
attention (for a review, see e.g., Fornito et al., 2013; Sporns, 2013). It has been shown 
that the human brain is organized as a small-world network (a network with high 
local clustering, combined with short path lengths between nodes, i.e., brain areas), 
balancing between wiring cost and topological complexity (Fornito & Bullmore, 2015). 
In schizophrenia, there is evidence that this organization may be altered (Fornito et 
al., 2012; Kambeitz et al., 2016; Narr & Leaver, 2015; Van Den Heuvel & Fornito, 2014). 
Importantly, changes in structural brain topology have been observed to be related 
to the course of illness in schizophrenia, specifically in terms of general functioning, 
intelligence and symptomatology, underlining the importance of understanding these 
changes (Collin et al., 2016). In studies on resting-state connectivity in patients with 
schizophrenia, retained or higher functional integration (e.g., retained or higher global 
efficiency) and less segregation (e.g., smaller clustering and modularity coefficients) 
have been found (Alexander-Bloch et al., 2013; Lynall et al., 2010; Ma et al., 2012). This 
might imply that network connectivity in the brains of patients is more random (Rubinov 
et al., 2009). Moreover, these changes may show that the wiring cost in schizophrenia 
may be increased at the expense of functional segregation (Fornito & Bullmore, 2015). 

With regard to negative symptoms, findings are mixed. Negative symptoms have 
been related to lower global and local efficiency of networks based on structural 
connectivity (Wang et al., 2012), although not consistently (Liu et al., 2008; van den 
Heuvel et al., 2010). In networks based on functional connectivity during rest, higher 
levels of negative symptoms have been found in relation to lower (Ma et al., 2012; Yu et 
al., 2011) and higher integration (Su et al., 2015). We expect that the heterogeneity of 
these results may be related to the heterogeneity within the negative symptom cluster.

Blanchard and Cohen (2006) have proposed that the negative symptom dimension may 
consist of two separate factors: amotivation and expressive deficits, which has been 
confirmed repeatedly (Fervaha et al., 2014b; Liemburg et al., 2013; Messinger et al., 2011; 
Strauss et al., 2013). The amotivation factor is thought to consist of avolition/apathy, 
anhedonia, and asociality, whereas the expressive deficits factor comprises blunted 
affect and alogia. Amotivation and expressive deficits are thought to have a different 
nosology, relationship with clinical and functional outcome, and response to treatment 
(Ergül & Üçok, 2015; Fervaha et al., 2014b; Kirkpatrick, 2014; Strauss et al., 2013). 
Therefore, separate assessment of the relationship of functional brain organization 
with amotivation and expressive deficits may be beneficial for the understanding of the 
neural underpinnings of negative symptoms in patients with schizophrenia. 

In the current study, we aimed to explore whether changes in integration and segregation 
of the functional connectome are related to expressive deficits, amotivation, and total 
negative symptoms. Similarly, the association with centrality of specific brain regions 
was examined. To this end, network analysis was performed on resting-state fMRI data 
of patients with schizophrenia.  

Materials and Methods
Participants
In the current study, data from eighty-three patients with a DSM-IV diagnosis of 
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schizophrenia or schizoaffective disorder were analyzed. Data from five different 
studies performed in our research group were included, in which patients were recruited 
from mental health care centers in the North of the Netherlands (Dlabac-de Lange et 
al., 2015; Liemburg et al., 2012, 2015; Pijnenborg et al., 2011; Vercammen et al., 2011). 
Patients were included if they were: 18 years or older and considered able to give 
informed consent. Both inpatient and outpatients were included. Participants were 
excluded if they had incompatibilities for MR scanning (e.g., due to metal implants, 
claustrophobia, (suspected) pregnancy) or if there was no PANSS data available 
(including reliable scoring of items that rely solely on informant report, i.e., item N4 
and G16). After explanation of the study procedures, all participants gave written 
informed consent. All studies were approved by the Medical Ethics Committee of the 
University Medical Center Groningen (METC-UMCG) and were carried out adhering to 
the Declaration of Helsinki. 

Clinical measures
All diagnoses were confirmed with the Schedules for Clinical Assessment in 
Neuropsychiatry (SCAN 2.1) (Giel & Nienhuis, 1996) or the Mini-International 
Neuropsychiatric Interview-Plus (MINI-Plus) diagnostic interview (Lecrubier et al., 
1997). Symptom severity was assessed using the Positive and Negative Syndrome Scale 
(PANSS) (Kay, Opler, & Lindenmayer, 1989). The two negative symptom dimensions, 
amotivation and expressive deficits, were determined by the PANSS items based on a 
factor analysis by Liemburg et al. (2013) and replicated by Stiekema et al. (2016). The 
social amotivation factor comprised of PANSS items N2 Emotional withdrawal, N4 
Passive/apathetic social withdrawal, and G16 Active social withdrawal. The expressive 
deficits factor consisted of items N1 Flat affect, N3 Poor rapport, N6 Lack of spontaneity 
and flow of conversation, G5 Mannerisms and posturing, G7 Motor retardation, and 
G13 Avolition. Both subdimensions were also summed to a total negative symptoms 
score to investigate whether the subdomains showed specific relations to graph 
measures compared to this composite score. Depression severity was assessed using 
the anxio-depressive dimension from El Yazaji et al. (2002), comprising PANSS item G1 
Somatic concern, G2 Anxiety, G3 Guilt Feeling, and G6 Depression, a composite score 
that has shown to correlate with various depression measures (El Yazaji et al., 2002). 
Level of education was measured using the Verhage system, on a scale ranging from 1 
(completion of less than 6 years of primary school) to 7 (university or technical college 
degree) (Verhage, 1964).

Age, level of education, and depression severity were identified as possible confounders 
for the association between negative symptom measures and graph measures. 
Therefore, Spearman rank coefficients were calculated between these variables and 
expressive deficits, amotivation, and total negative symptoms. In case of significant 
correlations, network analyses resulting in a significant result were corrected for the 
variable in question. 

Image acquisition
The MRI data were collected using a 3.0 Tesla Philips Intera Achieva MR-scanner (Best, 
NL), equipped with an 8-channel SENSE head coil. Foam padding was used to fixate the 
head and thereby reduce head motion and earplugs and headphones were used 
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Table 1. Scan parameter settings of the functional scans

N  No.  
volumes

No.  
slices

TR/TE (ms) FOV (ap/fh/rl) (mm) Slice thick-
ness (mm)

Slice gap 
(mm)

Pixel 
spacing 
(mm)

27 200 43 2300/28 220.0/129.0/220.0 3 0 3.4/3.4/3.0

1 200 39 2300/28 220.0/117.0/220.0 3 0 3.4/3.4/3.0

33 250 43 3000/28 220.0/129.0/220.0 3 0 3.4/3.4/3.0

22 300 37 2000/30 220.0/121.8/220.0 3 3 3.4/3.4/3.3

Note. TR: repetition time; TE: echo time; ap: anterior-posterior; fh: foot-to-head; rl: right-left

to reduce noise. Whole-brain functional images were acquired using a T2*-weighted 
echo planar imaging sequence. For anatomical reference, a whole brain T1-weighted 
image was acquired. Because the data were collected as part of different studies, slight 
differences in parameter settings were present (Table 1). Specific analyses assessing 
the effect of the scan parameter differences assured that the scan parameters did 
not influence the graph measures (see Supplementary Material for details on this 
procedure). Therefore, all scans were combined into one overall graph analysis. 

Analyses
Preprocessing
The data were preprocessed and analyzed using Statistical Parametric Mapping 
(SPM12 version 6470) (http://www.fil.ion.ucl.ac.uk/spm/) implemented in MATLAB 
2013a. First, the PAR/REC-files were converted to NIfTI, using in-house developed 
software. All images (both T1 and T2*) were reoriented manually to the AC-PC plane. 
Preprocessing consisted of (1) slice time correction to the first slice, (2) realignment, 
(3) coregistration of the T1-image to the mean functional image, (4) normalization of 
the images to Montreal Neurological Institute (MNI) space, and (5) smoothing of the 
functional images using an 8 mm Full Width Half Maximum Gaussian kernel.

Independent component analysis (ICA)
Group Independent Component Analysis (Group ICA) was used to parcellate the imaging 
data of all participants combined (Yu et al., 2011), performed using Group ICA of fMRI 
Toolbox (GIFT) version 3.0a (Calhoun et al., 2001), implemented in MATLAB 2013a. In 
order to allow for detailed evaluation of subnetworks within resting-state networks, 
high-dimensional Group ICA was performed (number of components C=100) using the 
Infomax algorithm (Abou-Elseoud et al., 2010; Kiviniemi et al., 2009; Ray et al., 2013). 
Single subject time courses and spatial maps were back-reconstructed by means of 
spatial-temporal regression (Beckmann et al., 2009). In order to ensure component 
stability, the algorithm was repeated 20 times using ICASSO (Himberg, Hyvärinen, & 
Esposito, 2004). All 100 components were visually classified as being of neural origin 
or artifact by two independent researchers (NGK and EMO) and differences between 
the classifications were solved in a consensus meeting. This classification was based on 
the assumption that components of neural origin would show peak activation in grey 
matter and would show low spatial overlap with ventricles and known vascular, motion 
and susceptibility artifacts. 
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Post-processing
In order to reduce the effect of scanner drifts, head motion and physiological nuisance 
variables, the time courses of the independent components were post-processed, 
separately for all participants (Van Dijk et al., 2010). First the Group ICA time courses 
were linearly detrended, after which the six motion parameters, as well as their first 
derivatives were regressed from the imaging data. Additionally, white matter (WM) 
and cerebral spinal fluid (CSF) signal were regressed out as well. To this end, the 
anatomical images were segmented in grey matter (GM), WM, and CSF and resliced 
to match the orientation and voxel size of the functional images. Time courses of the 
functional images were extracted by taking those principal components that counted 
for 95% of the explained variance for CSF and white matter separately. Subsequently, 
the time courses were band-pass filtered using a filter of 0.008-0.08Hz (Van Dijk et al., 
2010). Finally, framewise displacement (FD) per scan was calculated and high-motion 
volumes, defined by FD>.5 (Power et al., 2012), were removed and interpolated (Huang, 
Francis, & Carr, 2008). 

Network analysis
An adjacency matrix was created based on Pearson’s correlations between the 
postprocessed time courses of the neural components (Supplementary Figure S1). 
Graph analysis was performed based on this adjacency matrix using the Brain 
Connectivity Toolbox ((Rubinov & Sporns, 2010); www.brain-connectivity-toolbox.
net). In order to assess the relationship of expressive deficits, amotivation, and total 
negative symptoms with global integration and segregation, global efficiency (Eglob) 
and local efficiency (mean local efficiency of all nodes; Eloc) of the whole network were 
calculated. Furthermore, to assess whether the organization of specific subnetworks 
was related to the negative symptom factors, the independent components were 
decomposed into modules (see next paragraph) and mean local graph measures 
were calculated per module: local efficiency (Eloci), eigenvector centrality (ECi), 
and participation coefficient (Parti). Subsequently, local graph measures (Eloci, ECi, 
and Parti) were calculated separately for all components. All graph measures were 
calculated across a range of thresholds (i.e., the 1 - 30% strongest connections in the 
adjacency matrix, with increments of 1%). For further characterization of the graph 
measures, see Supplementary Table S1.

In order to decompose the adjacency matrix into modules, the optimal threshold 
for module decomposition was calculated by binarizing the individual correlation 
matrix per subject for each threshold (i.e., 1-30%), and subsequently averaging across 
participants. Entropy (i.e., the amount of information/randomness in the matrix) was 
calculated for each threshold (Shannon, 1948). Lower entropy indicates more stability 
of the edges across participants. This entropy (Hact) was compared to the entropy 
based on randomized networks (Hrnd): if at a given threshold, Hact least resembles Hrnd, 
most information is extracted from the correlation matrix. Fifty randomized matrices 
per participant for each threshold were generated, with the same number of nodes 
and degree distribution (Maslov & Sneppen, 2002). By randomly sampling one of 
these randomized matrices, 500 new average graphs were constructed. Entropy was 
calculated for all of these matrices and averaged, after which the difference between 
the entropy in the actual and random matrices was calculated. The optimal threshold 
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was defined as having (1) a minimal actual entropy, i.e., an optimally stable adjacency 
matrix across participants and (2) a maximal difference between actual entropy and 
average entropy based on randomized matrices (Geerligs et al., 2015). Using the 
optimal threshold, the independent components were divided into modules (Rubinov 
& Sporns, 2011).  An initial module partition was created using the algorithm by Blondel 
et al. (2008) by maximizing within-module edges minimizing between-module edges 
and repeated 500 times to avoid local minima. This partition was refined using the 
modularity fine-tuning algorithm of Sun et al. (2009), which was repeated until the 
modularity no longer increased. 

Correlation analysis
 The associations between global and local graph measures and expressive deficits, 
amotivation and total negative symptoms were calculated using Spearman’s rank 
coefficients, because the negative symptom measures were not normally distributed. 
Correlations per combination of negative symptom measure and graph measure were 
calculated for each threshold (i.e., the 1 - 30% strongest connections) and aggregated 
by calculating the area under the curve (AUC). To assess whether results could be 
accounted for by chance, non-parametric permutation testing was applied. Negative 
symptom scores were permuted randomly and correlations with all graph measures 
were recalculated. This was repeated 5000 times. A two-tailed test of the null hypothesis 
(p<.05) was performed per combination for each negative symptoms measure with 
each of the graph measures. For the local graph measures, significance was corrected 
for the number of modules or nodes in the analysis using a false discovery rate (FDR) 
correction (Benjamini & Hochberg, 1995).

Results
Demographical and clinical data
Eighty-three participants were included in the analysis (age: M=35.04; 59 male, 24 
female).  Additional demographic and clinical information can be found in Table 2. 
Spearman’s rank coefficients showed that expressive deficits and amotivation are 
moderately correlated and that age and level of education were not related to any 
measure of negative symptoms. On the other hand, depressive symptoms and the 
PANSS positive subscale showed an association with amotivation, but not expressive 
deficits. 

Network analysis
Selection of the components from the Group ICA resulted in retention of 67 components 
(Supplementary Figure S1). Based on the module decomposition, these components 
were divided in five networks, including a limbic, visual, executive control/default mode 
(EC/DM), default mode/ salience (DM/S), and sensorimotor module (Figure 1&2).

Negative symptoms and global graph measures
No association was found between the negative symptom measures (expressive 
deficits, amotivation, and total negative symptoms) and global efficiency and mean 
local efficiency of the entire brain (Supplementary Table S2). 
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Negative symptoms and local graph measures per module
Regarding the mean local graph measures per module, positive correlations were 
found between expressive deficits and the local efficiency of the limbic module 
(p=.04) and the eigenvector centrality of the EC/DM module (p=.045; Supplementary 
Table S3). However, these associations did not survive the FDR correction for multiple 
comparisons. 

Table 2. Demographic and clinical information

Mean (SD) Min/ max Spearman’s ρ (p)

ED A NS

Age 35.04 (11.06) 18/61 .05 (.68) -.03 (.78) .03 (.77)

Handedness (R/L1) 72/7 - - - -

Education 5.07 (1.30) 1/7 -.02 (.87) .20 (.06) .09 (.41)

Expressive deficits 12.41 (4.38) 6/22 - .34 (.002) * .91 (<.001) *

Apathy/ amotivation 6.37 (2.68) 3/16 .34 (.002)* - .67 (<.001) *

Negative symptoms 18.78 (5.92) 9/34 .91 (<.001)* .67 (<.001)* -

Depressive symptoms 8.98 (3.64) 4/20 .07 (.55) .47 (<.001)* .26 (.02) †

PANSS positive2 14.75 (4.50) 7/25 -.03 (.82) .34 (.002) * .09 (.40)

PANSS negative2 15.18 (4.62) 7/26 .82 (<.001)* .63 (<.001) * .90 (<.001) *

PANSS general2 30.71 (7.38) 17/51 .42 (<.001)* .58 (<.001) * .57 (<.001) *

PANSS total 60.64 (13.30) 31/95 .51 (<.001)* .67 (<.001) * .66 (<.001) *

Note. R: Right handed; L: Left handed; 1Handedness was unknown for 4 participants; PANSS: Positive 
and Negative Syndrome Scale, 2original PANSS scales proposed by Kay et al. (1989) were used for 
comparison; SD: standard deviation; ED: expressive deficits; A: amotivation; NS: total negative 
symptoms. † Significant at p<.05, uncorrected; *significant after Bonferroni correction, p<.006.

Figure 1. Layout of the average 
graph across participants for 
the optimal threshold of 1.23% 
strongest connections from the 
adjacency matrix, visualized 
using Gephi (version 0.9.1, force 
atlas 2, node size is relative to 
node degree).
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Figure 3. Modules 
and component for 
which indications 
of an association 
were found between 
graph measures and 
expressive deficits 
(albeit at p<.05, 
uncorrected). For 
visualization purposes 
component maps 
were resliced to a 
voxel size of 0.4 mm 
and thresholded at 
T>15.

Figure 2. Visualization 
of the modules. For 
visualization purposes 
component maps were 
resliced to a voxel 
size of 0.4 mm and 
thresholded at T>10
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Negative symptoms and local graph measures per component
When the analysis was performed for all 67 nodes (i.e., components) individually, the 
topological properties of several nodes showed a correlation with negative symptom 
measures (Supplementary Table S4). However, none of the reported associations 
survived FDR correction. Given the large number of comparisons that were made, 
we must take into account the possibility that a substantial part of these results are 
false positives. However, the uncorrected associations showed that for component 61, 
containing the inferior parietal lobule (IPL), both local efficiency (p=.03) and eigenvector 
centrality (p=.01) were associated with expressive deficits, possibly suggesting a 
consistent pattern of expressive deficits-related topological alteration (Figure 3). While 
several correlations were found with expressive deficits, only one significant association 
was found with amotivation, namely with the local efficiency of a middle/ superior 
occipital gyrus component (component 64). Moreover, associations with total negative 
symptoms seemed to be mostly driven by expressive deficits, except for the association 
between the local efficiency in a postcentral gyrus component, which seemed driven 
by a trend-level association with amotivation. Furthermore, the association between 
eigenvector centrality of a component containing the hippocampus and local efficiency 
of a component containing the inferior frontal gyrus seemed driven by trend-level 
associations with both expressive deficits and amotivation. 

Discussion
To our knowledge, this is the first study in which topological brain organization was 
assessed in relation to the separate subfactors within negative symptoms: expressive 
deficits and amotivation. We used graph theory based on resting-state fMRI data to 
assess global and local topological brain organization of patients with schizophrenia 
with varying levels of negative symptoms. The analyses showed no relationship 
between negative symptoms and global measures of integration (global efficiency) 
and segregation (mean local efficiency). Higher local efficiency of the limbic module 
and higher eigenvector centrality of the EC/DM module were associated with higher 
levels of expressive deficits, but these associations did not survive FDR correction for 
multiple comparisons. Likewise, although several associations were found between 
node-specific graph measures and the negative symptom measures, these associations 
did not survive correction for multiple comparisons either.

Several possible explanations for the absence of a clear association between topological 
properties during rest and negative symptoms could be proposed. Conceptually, it 
could be argued that because the reduced behavior involved in negative symptoms 
may be better reflected by alterations in task-evoked brain activation or connectivity 
than the spontaneous fluctuations that are assessed in resting-state data. Indeed, this 
may be reflected in previous—conflicting—findings. Whilst Yu et al. (2011) and Ma et 
al. (2012) found a negative relationship between negative symptoms and integration, 
Su et al. (2015) found a positive relationship, suggesting a lack of consistency in these 
findings. Although based on published information there are no large differences in 
demographic and clinical variables that could account for these heterogeneous findings 
(e.g., age, medication use, patient living status, and symptoms severity), there are 
obvious methodological differences between the studies. Among these are differences 
in parcellation schemes, graph construction (both considered to be crucial factors in 
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reproducibility of results, cf. Telesford, 2013), definition of negative symptoms, and the 
use of parametric versus non-parametric statistics. Therefore, based on our and previous 
results, it seems premature to make any definitive statements about the precise nature 
of the relationship between negative symptoms and the functional connectome. 

Considering the wider literature on brain connectivity and negative symptoms (i.e., 
where other methods than graph analysis were used), we deem it unlikely there are 
no disturbances in connectivity related to negative symptoms because many studies 
have found an association between negative symptoms connectivity alterations during 
rest. However, these findings have been very heterogeneous, both in terms of brain 
areas and direction of the found associations. Specifically, negative symptoms have 
been linked to increased interhemispheric connectivity of the inferior temporal gyrus 
(Mwansisya et al., 2013) and to increased connectivity within the frontopolar cortex 
and the right inferior temporal gyrus (Mingoia et al., 2012). Stronger connectivity in 
association with negative symptoms has also been found between the lateral default 
mode network (DMN) (i.e., the bilateral temporal cortex) and the right frontoparietal 
control network (Wang et al., 2015), between the DLPFC and a motor network 
(including the primary motor and sensory cortices, presupplementary motor area, 
anterior cerebellum, and posterior putamen) (Cole et al., 2011), and between the 
posterior cingulate and right fusiform gyrus (Bluhm et al., 2007). In contrast, lower 
connectivity of the lateral prefrontal cortex and the posterior cingulate to other parts 
of the brain has been reported to be associated with negative symptoms (Wang et al., 
2014). Associations have also been found with weaker connectivity between the DLPFC 
and the medial prefrontal cortex (MPFC) and precuneus/posterior cingulate cortex 
(Cole et al., 2011), weaker connectivity between the superior temporal gyrus and the 
bilateral precuneus (Lui et al., 2009), and weaker connectivity between the posterior 
cingulate and premotor areas, middle and superior temporal gyri, inferior frontal gyrus, 
dorsal anterior cingulate gyrus, the brain stem (Bluhm et al., 2007) and precuneus (Pu et 
al., 2014). Thus, although previous studies have reported associations between resting-
state connectivity abnormalities and negative symptoms, the heterogeneity of these 
findings add to our findings of an absence of a robust association with intrinsic network 
organization.

A second characteristic of the current study that may have influenced the results 
is the definition of negative symptoms and the subfactors expressive deficits and 
amotivation, using the PANSS. Although the PANSS is a widely used scale for the 
measurement of the symptoms of schizophrenia, it has been suggested that it is not 
an optimal scale for the characterization of negative symptoms (Kirkpatrick et al., 
2006; Lincoln, Dollfus, & Lyne, 2017). Moreover, even though the subfactors expressive 
deficits and amotivation can be measured using the PANSS, the scale was not designed 
to specifically measure these subfactors and better options are currently available 
(Lincoln, Dollfus, & Lyne, 2017), like the Brief Negative Symptoms Scale (BNSS) 
(Kirkpatrick et al., 2011) and the Clinical Assessment of Negative Symptoms (CAINS) 
(Horan et al., 2011). Therefore, using these measures might improve the investigation 
of the neurobiological substrate of these factors. Moreover, even though our focus on 
expressive deficits and amotivation reduced the heterogeneity of negative symptoms, 
substantial heterogeneity may still remain. An even more detailed exploration of the 
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neurobiological substrate of single, core negative symptoms may significantly increase 
understanding of this influential symptom cluster. For example, in a study on functional 
brain topology using electroencephalography (EEG), a relationship has been found 
between lack of spontaneity and flow of conversation and longer path length, but not 
with other negative symptoms (Rubinov et al., 2009). Due to its strong relationship with 
other negative symptoms, and more importantly with functional outcome, apathy has 
been suggested to be a core symptom within the negative symptom cluster (Foussias 
& Remington, 2010). In this light, it would be interesting to focus on apathy-related 
topological changes in future studies.

The analysis of local graph measures showed indications of altered topological 
organization in relation to expressive deficits. Even though these associations did 
not survive correction for multiple comparisons, it is noteworthy that topological 
organization of the limbic and EC/DM module and an IPL component were related 
to expressive deficits. These symptoms have been related to processing of facial 
expressions (Gur et al., 2006), which has been found to rely on a broad range of 
brain areas, among which regions that were found as part of our limbic module (e.g., 
amygdala and hippocampus) and our EC/DM module (e.g., anterior cingulate and 
medial prefrontal cortex) (Phan et al., 2002), as well as the IPL (Sarkheil et al., 2013). 
Likewise, the IPL and several limbic areas have been found to be hub regions for 
affective processing (Zhang, Li, & Pan, 2015). Moreover, abnormalities in both limbic 
and DM brain regions during affective processing and altered topological integration of 
the IPL during rest have been found in relation to negative symptoms in patients with 
schizophrenia (Gur et al., 2007; Lee et al., 2014; Yu et al., 2011). It is therefore plausible 
that altered organization of these regions is related to expressive deficits, although 
replication of these findings is needed.

Related to these local graph measures, it is noteworthy that no apparent signs 
of abnormalities in graph measures were found in relation to amotivation. The 
correlations with total negative symptoms seemed to be mainly driven by correlations 
with expressive deficits, not amotivation. This may be due to the fact that variance 
in amotivation scores was relatively small compared to variance in expressive deficit 
and total negative symptom scores. Because a small range in scores will reduce the 
covariance between the ranks of symptom scores and graph measures, this could 
explain the absence of associations between graph measures and amotivation. Future 
studies may benefit from specifically including patients that present with a wide range 
of amotivation levels as well as expressive deficits levels.

An additional important limitation of the current study is the absence of a healthy 
control group, because it does not allow for validation with results of previous studies 
using graph analysis comparing patients with schizophrenia with healthy participants. 
However, graph analysis based on a Group ICA parcellation has previously produced 
reliable results in patients with schizophrenia (e.g., Yu et al., 2011) and moreover, 
the same analysis pipeline has been previously performed in other samples and 
has produced reliable results (van der Horn et al., 2017). Notably, given the current 
dimensional approach a control group is not crucial for investigating associations 
related to negative symptoms. 
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A second limitation may be the use of scans with different scan parameters in the 
current study. During the analysis, these differences were addressed by comparing 
the distributions of graph measures between the three groups of scans with different 
parameters. Results showed that these differences had no effect on the graph measures. 
Therefore, we concluded that they did not significantly affect the results. 

Conclusion
To conclude, no statistically robust relationship was found between brain topology 
and negative symptoms, neither for total negative symptoms nor for the subfactors 
expressive deficits or amotivation. Specifically, no relationship was found for global 
measures, while local graph measures showed modest indications of an expressive 
deficits-related altered topological organization of the limbic and default mode/
executive control module, as well as an IPL component. However, these effects did not 
survive multiple comparison correction and must therefore be interpreted with caution. 
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Supplementary material
Effect of scan parameter settings on graph measures
The scan parameters in Table 1 show that the scans can be divided into three groups. 
There was one minor exception: one scan was acquired with a slightly lower number of 
slices, and was added to the first group. 

In order to verify whether the results of the graph analysis were influenced by differences 
in scan parameters, after postprocessing all graph measures (both global measures 
and local measures per module) were calculated per group of scans. The resulting 
distributions were visualized using boxplots and statistically compared with pair-wise 
two-sample Kolmogorov-Smirnov (KS) tests to test for differences in distribution, 
corrected for multiple comparisons by false discovery rate (FDR) correction. Neither 
visual inspection of the boxplots nor the results of the KS tests showed any differences 
in distribution. 

Supplementary tables
Supplementary Table S1. Description of the used graph measures

Measure Description

Global efficiency (Eglob) Average of the inverse shortest path lengths between any two nodes in 
the network

Local efficiency (Eloc) Average of the inverse shortest path lengths between any node in the 
network and their neighboring nodes

Local efficiency (Eloci) Local efficiency averaged over all nodes in module i, or per node

Eigenvector centrality (ECi) Reflects how strong a node’s neighbors are connected and thus how 
central they are in the network. High eigenvector centrality indicates 
that a node is connected to important nodes that also have high eigen-
vector centrality. Averaged across all nodes in module i and calculated 
per node

Participation coefficient (Parti) Diversity of intermodular connections of individual nodes, averaged 
across all nodes in module i (i.e., the ratio of connections between vs. 
within module i), and per node.

Supplementary Table S2. Association between negative symptoms and 
global graph measures

Graph measure AUC p

Expressive deficits Global efficiency .96 .71

Local efficiency 1.01 .70

Amotivation Global efficiency 3.20 .21

Local efficiency 1.97 .45

Negative symptoms Global efficiency 1.98 .43

Local efficiency 1.62 .54

Note. AUC: area under the curve, in arbitrary units.
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Supplementary Table S3. Association between negative symptoms and local graph 
measures per module

Graph measure Module AUC p

Expressive deficits Local efficiency Limbic 5.65 .04*

Local efficiency Visual .97 .75

Local efficiency EC/DM -1.15 .65

Local efficiency DM/S -2.82 .25

Local efficiency Sensorimotor 1.01 .73

Eigenvector centrality Limbic 4.63 .12

Eigenvector centrality Visual -1.09 .73

Eigenvector centrality EC/DM 5.98 .045*

Eigenvector centrality DM/S -1.74 .56

Eigenvector centrality Sensorimotor -4.90 .10

Participation coefficient Limbic 2.30 .39

Participation coefficient Visual 3.04 .30

Participation coefficient EC/DM -.03 .99

Participation coefficient DM/ S -2.02 .47

Participation coefficient Sensorimotor 1.20 .68

Amotivation Local efficiency Limbic 1.27 .65

Local efficiency Visual -.95 .74

Local efficiency EC/DM 1.57 .54

Local efficiency DM/ S .78 .76

Local efficiency Sensorimotor 3.41 .24

Eigenvector centrality Limbic .28 .93

Eigenvector centrality Visual -.64 .84

Eigenvector centrality EC/DM .61 .85

Eigenvector centrality DM/ S .70 .82

Eigenvector centrality Sensorimotor .35 .91

Participation coefficient Limbic -1.31 .63

Participation coefficient Visual 1.34 .65

Participation coefficient EC/DM -3.22 .23

Participation coefficient DM/ S -1.56 .57

Participation coefficient Sensorimotor .22 .94

Negative symptoms Local efficiency Limbic 4.13 .13

Local efficiency Visual 1.16 .70

Local efficiency EC/DM -.34 .88

Local efficiency DM/S -1.50 .55
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Supplementary Table S3, continued. Association between negative symptoms and local 
graph measures per module

Graph measure Module AUC p

Local efficiency Sensorimotor 2.44 .40

Eigenvector centrality Limbic 2.84 .34

Eigenvector centrality Visual .13 .97

Eigenvector centrality EC/DM 4.20 .17

Eigenvector centrality DM/S -1.21 .68

Eigenvector centrality Sensorimotor -3.51 .24

Participation coefficient Limbic 1.50 .58

Participation coefficient Visual 3.39 .24

Participation coefficient EC/DM -2.14 .42

Participation coefficient DM/S -2.57 .36

Participation coefficient Sensorimotor .75 .79

Note. DM: default-mode; EC: executive control; S: salience; AUC: area under 
the curve, in arbitrary units; *significant at p<.05, uncorrected for multiple 
comparisons.

Supplementary Table S4: Associations between negative symptoms and graph measures per 
component, significant at p<.05, uncorrected

Graph measure Node (IC) L/R/B Component AUC p

Expressive deficits Local efficiency 8 (10) B Brainstem/ Thalamus 5.56 .03

Local efficiency 16 (18) B Hippocampus/ parahip-
pocampal gyrus

6.72 .01

Local efficiency 19 (25) B Insula 6.01 .03

Local efficiency 44 (61) R Inferior parietal lobule -5.40 .03

Local efficiency 45 (62) B Caudate/ anterior 
cingulate

6.49 .01

Local efficiency 63 (95) B Precuneus -4.89 .04

Eigenvector 
centrality

17 (19) B Supplementary motor 
area/ Superior frontal 
gyrus

-6.76 .02

Eigenvector 
centrality

41 (57) R Postcentral/ Superior 
parietal gyrus/ Precuneus

-5.86 .0498

Eigenvector 
centrality

44 (61) B
Inferior parietal lobule

-7.29 .01

Eigenvector 
centrality

47 (65) L Anterior cingulate/ medi-
al superior frontal gyrus

6.14 .04

Eigenvector 
centrality

52 (77) B Supramarginal gyrus/ 
postcentral gyrus

-6.98 .02

Eigenvector 
centrality

60 (92) L Inferior frontal/ middle 
frontal gyrus

-5.95 .03
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Supplementary Table S4, continued: Associations between negative symptoms and graph measures per 
component, significant at p<.05, uncorrected

Graph measure Node (IC) L/R/B Component AUC p

Participation 
coefficient

3 (3) L Postcentral/ precentral 
gyrus

5.45 .04

Participation 
coefficient

5 (5) B Superior temporal gyrus/ 
Insula

6.15 .02

Participation 
coefficient

10 (12) B
Lingual/ fusiform gyrus

5.46 .045

Participation 
coefficient

13 (15) B
Putamen/ Caudate

4.74 .04

Participation 
coefficient

43 (59) B Middle/ superior tempo-
ral gyrus

7.15 <.001

Amotivation Local efficiency 46 (64) B Middle/ superior occipital 
gyrus

5.69 .02

Negative symp-
toms

Local efficiency 6 (6) B
Postcentral gyrus

5.32 .049

Local efficiency 30 (39) B Inferior frontal gyrus 5.47 .03

Local efficiency 45 (62) R Caudate/ anterior 
cingulate

6.24 .02

Eigenvector 
centrality

21 (29) L
Hippocampus

6.18 .03

Eigenvector 
centrality

44 (61) L
Inferior parietal lobule

-5.97 .08

Eigenvector 
centrality

52 (77) L Supramarginal gyrus/ 
postcentral gyrus

-6.16 .04

Eigenvector 
centrality

60 (92) L Inferior frontal/ middle 
frontal gyrus

-6.77 .02

Participation 
coefficient

5 (5) B Superior temporal gyrus/ 
Insula

6.05 .02

Participation 
coefficient

10 (12) B
Lingual/ fusiform gyrus

5.67 .04

Participation 
coefficient

13 (15) B
Putamen/ Caudate

5.06 .03

Participation 
coefficient

43 (59) B Middle/ superior tempo-
ral gyrus

6.19 .01

Participation 
coefficient

44 (61) B
Inferior parietal lobule

-4.85 .0466

Participation 
coefficient

60 (92) B Inferior frontal/ middle 
frontal gyrus

-5.23 .03

Note. IC: independent component; L/R/B: left/ right/ bilateral hemisphere; AUC: area under the curve, in 
arbitrary units.
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Supplementary figure

 

Supplementary Figure 
S1: Adjacency matrix, 
containing the mean 
Pearson’s correlations per 
node. For visualization, 
nodes were sorted 
according to the modules 
derived from the module 
decomposition (modules 
were demarcated 
with dashed lines) and 
correlations on the 
diagonal from the upper 
left to lower right were set 
to zero.
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