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Background: Social cognitive ability is a significant determinant of functional outcome, and deficits in social
cognition are a disabling symptom of psychotic disorders. The neurobiological underpinnings of social cognition
are not well understood, hampering our ability to ameliorate these deficits.

Objective: Using ‘resting state’ functional magnetic resonance imaging (rsfMRI) and a trans-diagnostic, data-driven

Schizophrenia X . . . : ; g ¢ ! ¢
NetwoxI')k analytic strategy, we sought to identify the brain network basis of emotional intelligence, a key domain of social
Topography cognition.

Methods: The study included 60 participants with a diagnosis of schizophrenia or schizoaffective disorder and 45
healthy controls. All participants underwent a rsfMRI scan. Emotional Intelligence was measured using the Mayer-
Salovey-Caruso Emotional Intelligence Test (MSCEIT). A connectome-wide analysis examined how each indi-
vidual brain voxel's connectivity correlated with emotional intelligence using multivariate distance matrix
regression (MDMR).

Results: We identified a region in the left superior parietal lobule (SPL) where individual network topology is
linked to emotional intelligence. Specifically, in high scoring individuals, this region is a node of the Default Mode
Network and in low scoring individuals, it is a node of the Dorsal Attention Network. This relationship was
observed in both schizophrenia and healthy comparison participants.

Conclusion: Prior studies have demonstrated individual variance in the topology of canonical resting state net-
works but the cognitive or behavioral relevance of these differences has largely been undetermined. We observe
that the left SPL, a region of high individual variance at the cytoarchitectonic level, also demonstrates individual
variance in its association with large scale resting-state networks and that network topology is linked to emotional
intelligence.

1. Introduction

Social cognition is a multidimensional construct encompassing a
number of mental processes related to perception of, interpretation of,
and response to the social environment (Green et al., 2008). These pro-
cesses include: inferring the mental state of others, correctly interpreting
social cues, understanding social context, and emotional intelligence.
Deficits in multiple domains of social cognition are well-described in

patients with psychotic disorders (Bora et al., 2009; Dodell-Feder et al.,
2014; Green et al., 2015; Kohler et al., 2010; Mehta et al., 2014; Savla
et al., 2013; Sprong et al., 2007). These deficits may be both partially
independent of neurocognitive deficits and strongly associated with
functional status (Allen et al., 2007; Fett et al., 2011; Green, 2016; Hoe
etal., 2012; Mehta et al., 2013; Sergi et al., 2007). These findings suggest
that social cognitive functioning may be underpinned by neurobiological
processes that are at least partially distinct from those associated with
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other cognitive processes and contribute uniquely to poor functional
outcomes in schizophrenia.

Studies of the neuroanatomical basis of social cognitive ability have
frequently utilized functional magnetic resonance imaging (fMRI) in both
clinical and non-clinical populations to identify brain regions associated
with various domains of social processing (see (Green et al., 2015) for
review). Recent studies examining task-free ‘resting state’ brain con-
nectivity have found abnormal functional connectivity in medial pre-
frontal and temporal networks that are correlated with social cognitive
dysfunction (Abram et al., 2017). Functional connectivity in these areas,
commonly associated with the default mode network (DMN), has been
linked to social cognition and real world social functioning in partici-
pants with schizophrenia, first-degree relatives of people with schizo-
phrenia, and healthy comparison participants (Dodell-Feder et al., 2014;
Fox et al., 2017).

Among the diverse processes encompassed by social cognition, a
critical domain is emotional intelligence, “the subset of social intelli-
gence that involves the ability to monitor one's own and others' feelings
and emotions, to discriminate among them and to use this information to
guide one's thinking and actions” (Salovey and Mayer, 1990). Emotional
intelligence is commonly measured using the Mayer-Salovey-Caruso
Emotional Intelligence Test (MSCEIT) (Mayer et al., 2003). This test
reliably detects social cognitive deficits and is a predictor of social
functioning (Eack et al., 2010; Nuechterlein et al., 2008). Performance on
the different subscales of this test are highly correlated and for this
reason, the ‘managing emotions’ subscale of the MSCEIT was chosen as
the sole measure of social cognition in the battery of tests recommended
by the National Institutes of Mental Health Measurement and Treatment
Research to Improve Cognition in Schizophrenia (MATRICS) (Marder,
2006). The broad adoption of the MATRICS Consensus Cognitive Battery
(MCCB) by cognition researchers allows standardized and validated
testing of emotional intelligence across different sites and research
groups.

In this study we sought to identify the brain network correlates of
emotional intelligence. We made three methodological decisions in our
approach:

First, published hypothesis-driven approaches have been constrained
in their ability to capture findings outside the experimental model. We
therefore chose to conduct a connectome-wide, entirely data-driven
approach to elucidate relationships between social cognition and
connectivity.

Second, deficits in social cognitive ability are related to functional
outcome in both clinical and non-clinical populations (Dodell-Feder
et al., 2014). We sought to discover common dimensional relationships
between cognition and connectivity. We hypothesized that the combi-
nation of a connectome-wide data analysis with a study sample of
schizophrenia and healthy comparison participants would demonstrate
trans-diagnostic relationships between connectivity and cognition.

Third, we measured emotional intelligence using the MSCEIT sub-
scale included in the MCCB because this allowed us to combine data from
multiple sites and studies to identify robust and replicable correlations
between connectivity and intelligence.

We determined the relationship between emotional intelligence and
functional connectivity at the level of individual brain voxels using
multivariate distance matrix regression (MDMR), a technique for
connectome-wide association studies (Shehzad et al., 2014). We exam-
ined this correlation in a group of over one hundred participants
recruited across three distinct sites including individuals with schizo-
phrenia or schizoaffective disorder as well as healthy comparison
participants.

We hypothesized that this approach would identify brain networks
that mediate emotional intelligence trans-diagnostically. Given the
existing literature (cited above) implicating the medial prefrontal and
temporal cortices, we predicted that network hubs of the DMN in these
regions would be included in our findings.
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2. Material and methods
2.1. Participants

The study was approved by the Institutional Review Boards of the
University of Pittsburgh (Pittsburgh, PA), McLean Hospital (Belmont,
MA), and Beth-Israel Deaconess Medical Center (Boston, MA), and all
participants gave written informed consent before participating. Partic-
ipants were recruited from health centers using a variety of means
including early psychosis treatment programs and community referral
networks. Participants at the Boston and Pittsburgh sites were recruited
for a clinical trial (BICEPS, NCT01561859). Clinical and imaging data
analyzed here was from participants’ baseline (pre-intervention)
evaluation.

Diagnosis was determined using the Structured Clinical Interview for
the DSM-IV (SCID) (First and New York State Psychiatric Institute. Bio-
metrics Research, 2007). Patients were assessed by raters trained in the
administration and scoring of the SCID. Inclusion criteria for all partici-
pants included: (1) age 18-45 years; (2) current IQ > 80 as assessed using
the WASI-II (Hays et al., 2002); and (3) the ability to read (sixth grade
level or higher) and speak fluent English. Additional inclusion criteria for
psychotic disorder participants were (1) a diagnosis of schizophrenia or
schizoaffective disorder verified using the SCID interview (First, 1998);
(2) time since first psychotic symptom of <8 years; and (3) clinically
stabilized on antipsychotic medication (assessed via SCID in consensus
conferences). Healthy comparison (HC) participants did not meet criteria
for any Axis I psychiatric disorder currently or historically.

Exclusion criteria were (1) significant neurological or medical dis-
orders that may produce cognitive impairment (e.g., seizure disorder,
traumatic brain injury); (2) persistent suicidal or homicidal behavior; (3)
a recent history of substance abuse or dependence (within the past 3
months); (4) any MRI contraindications and (5) decisional incapacity
requiring a guardian.

Demographic, clinical, and medication regimen information are
summarized in Supplemental Table 1.

2.2. Cognitive testing

Participant emotional intelligence was assessed using the MATRICS
Consensus Cognitive Battery (MCCB) (Nuechterlein et al., 2008). This
testing battery includes 7 composite scores of processing speed, atten-
tion, working memory, verbal learning, visual learning, problem solving,
and social cognition. The social cognition score is calculated from the
Mayer-Salovey-Caruso Emotional Intelligence Test (MSCEIT) “managing
emotions” subscale (Mayer et al., 2003). The MSCEIT includes a series of
vignettes. Participants are presented with a series of possible actions
related to each vignette and asked to assess the effects of each action on
the actor's or other characters' mood states or behaviors. Responses are
based on a Likert-type scale. We used age and sex normed T scores, which
were calculated using the MCCB scoring package.

2.3. MRI data acquisition

2.3.1. Boston & Belmont sites

Data were acquired on 3T Siemens Trio (TIM upgrade) scanners using
a standard head coil. The echoplanar imaging parameters were as fol-
lows: repetition time, 3000 ms; echo time, 30 ms; flip angle, 85°; 3 x 3 x
3-mm voxels; and 47 axial sections collected with interleaved acquisition
and no gap. Structural data included a high-resolution T1 image. In
addition, all participants underwent a resting fMRI run with the in-
structions ‘remain still, stay awake, and keep your eyes open’. Each
functional run lasted 6.2 min (124 time points).

2.3.2. Pittsburgh site
Data were acquired on a 3T Siemens Verio scanner using a standard
head coil. The echoplanar imaging parameters were as follows: repetition
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time, 3000 ms; echo time, 30 ms; flip angle, 85°; 3 x 3 x 3-mm voxels;
and 45 axial sections collected with interleaved acquisition and no gap.
Structural data included a high-resolution T1 image. In addition, all
participants underwent a resting fMRI run that lasted 6.2 min (124 time
points).

2.4. MRI data processing

The imaging data was preprocessed using DPABI image processing
software (Yan et al., 2016). To minimize effects of scanner signal stabi-
lization, the first four images were omitted from all analysis. Scans with
head motion exceeding 3 mm or 3° of maximum rotation through the
resting-state run were discarded (n = 28). Functional and structural im-
ages were co-registered. Structural images were then normalized and
segmented into gray, white and CSF partitions using the DARTEL tech-
nique (Ashburner, 2007). A Friston 24-parameter model (Friston et al.,
1996) was used to regress out head motion effects from the realigned
data. CSF and white matter signals, global signal as well as the linear
trend were also regressed out. The decision to regress the global signal
was based on prior demonstration that the combination of this step plus
volume-wise ‘scrubbing’ for head ‘micromovements’ is an effective
strategy for removal of motion artifacts (Yan et al.,, 2013). After
realigning, slice timing correction, and co-registration, framewise
displacement (FD) was calculated for all resting state volumes (Power

Neurolmage 189 (2019) 214-223

et al., 2012). All volumes within a scan with a FD greater than 0.2-mm
were censored. Any scan with at least 50% of volumes requiring
censoring was discarded (n=18). After nuisance covariate regression,
the resultant data were band-pass filtered to select low frequency
(0.01-0.08 Hz) signals. Filtered data were normalized by DARTEL into
MNI space and then smoothed by a Gaussian kernel of 8 mm® full-width
at half maximum (FWHM). Voxels within a group derived gray matter
mask were used for further analyses.

After preprocessing, a total of 60 participants with schizophrenia or
schizoaffective disorder, and 45 HC participants across all sites remained
in the study (Supplemental Table 1).

2.5. Functional connectivity analysis

2.5.1. Multivariate distance matrix regression

We performed a connectome-wide association study using multivar-
iate distance matrix regression (MDMR) as originally described in
(Shehzad et al., 2014). Briefly, MDMR tests every voxel to determine if
whole-brain connectivity to that voxel is more similar in individuals with
similar MSCEIT score than in individuals with dissimilar MSCEIT score.
As previously described (Satterthwaite et al., 2015; Shanmugan et al.,
2016; Sharma et al., 2017), this analysis occurs in several stages: First, a
seed-to-voxel connectivity map is generated by using an individual
voxel's BOLD signal time-course to calculate the temporal Pearson's

for all voxels
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Fig. 1. Multivariate Distance Matrix Regression identifies brain voxels whose functional connectivity varies with performance on a measure of emotional intelligence.
MDMR procedure: A. rsfMRI and emotional intelligence testing are collected from each participant. B. For each participant a functional connectivity map is generated
to an individual voxel. C. Voxelwise temporal correlations between participants are used to generate a Pearson's correlation r and a distance metric d. This is repeated
for all participants to generate a matrix of between subject distances. D. The distance matrix is centered and an ANOVA-like test is used to generate an F-statistic to
assess the relationship between a predictor variable (MSCEIT score) and dissimilarities in functional connectivity at that voxel. E. This process is repeated for every
voxel. This results in a whole brain map of how significantly functional connectivity is related to emotional intelligence. Permutation testing then identifies whole-
brain significant clusters in connectivity-MSCEIT relationships. F. In our sample of 105 participants (n = 60 with schizophrenia or schizoaffective disorder and n = 45
HC participants), we identified a single region in the left superior parietal lobule (extent k = 59, centered at MNI coordinates X-24 y-69 z+57) whose connectivity
correlated significantly with emotional intelligence. In this image, connectivity is thresholded at a voxelwise level of p < .001 and extent threshold of p < .05.
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correlation coefficients between that voxel and all other gray matter
voxels(Fig. 1B). These maps are generated for every participant. In the
second stage, the temporal correlation coefficients for each voxel in the
connectivity map is correlated with the values of corresponding voxels in
maps generated from every other participant. This Pearson's correlation
coefficient, r is a measure of the similarity of whole-brain connectivity to
that voxel between patients. This value is used to calculate
between-subject distance (or dissimilarity) using the metric dy =

2(1 —ry) where i and j are two subjects and r is the correlation coef-
ficient above. (Fig. 1C)(Zapala and Schork, 2006). The next stage tests
the relationship between a given variable (here MSCEIT score) and the
inter-subject distances in connectivity generated in the previous stage.
Broadly speaking, this process consists of ANOVA-like hypothesis testing
where the tested relationship is between a variable of interest and a
matrix of distances. This process was originally termed multivariate
distance matrix regression by Zapala and Schork and used to test asso-
ciations between gene expression and related variables (Zapala and
Schork, 2006). Shezhad et al. then used their framework for testing the
relationship between variables of interest and a matrix of distances
where the matrix is between-subject similarity in whole-brain functional
connectivity. This test consists of first forming a distance matrix

A= ( - %d%> among n participants where d = the between subject
1<ij<n

distance metric calculated above. Next, this matrix is used to create a
Gower's centered matrix.

G= (If %11T>A<If 41 1T>, in which n is the number of partici-

pants, I is the n x n identity matrix, and 1 is a vector of n 1s. The F
statistic for assessing the relationship between a predictor variable (e.g.
MSCEIT score) and dissimilarities in connectivity is calculated as follows:
For m predictor variables, let X be a nxm design matrix of predictor

values, and let H = X(XTX) "' XT be the associated n x m “hat” matrix.

F= % (Fig. 1D) (Shehzad et al., 2014). This process is
repeated for every voxel. The result is a whole brain map of how
significantly MSCEIT scores are related to functional connectivity at
every voxel (Fig. 1E). From that map, ROIs for follow-up analysis are
defined based on clusters of significant voxelwise F-statistics. To correct
for multiple comparisons, a nonparametric permutation was calculated
for voxels that exceeded the significance threshold of p <.001 and
clusters of such with an extent threshold of p < .05, with a null distri-
bution calculated from 5000 such permutations (Fig. 1F). Scanner site
was included as a covariate in this analysis. The voxelwise threshold was
selected to maximize the likelihood of replicability.

This analysis identifies anatomical regions where MSCEIT score is
significantly related to functional connectivity. Recall that at each brain
voxel MDMR calculates a distance metric r between subjects by first
calculating the temporal correlation in BOLD signal between that voxel
and every other brain voxel. The generated set of temporal correlations is
then correlated with the analogous set of temporal correlations from a
different subject. The resulting between-subject correlation determines a
distance metric that is a measure of between-subject similarity (or
dissimilarity) in terms of functional connectivity at that voxel. Notably,
this process disregards spatial information about the voxels that gave rise
to between-individual distances e.g. Two individuals may be very distant
(dissimilar) in the functional connectivity of a voxel in the precuneus, but
is their dissimilarity driven by differences in precuneus connectivity to
the mPFC or temporal lobe or parietal lobe or all of the above? MDMR as
implemented by Shehzad et al. does not display this information
(Shehzad et al., 2014). To visualize this spatial information requires
follow-on seed-based connectivity analysis. Shehzad et al. and others
have termed this follow-on analysis ‘post-hoc’ testing to make clear that
this should not be considered independent hypothesis testing nor should
it be considered independent validation of the original MDMR finding
(Satterthwaite et al., 2015; Shanmugan et al., 2016; Sharma et al., 2017;
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Shehzad et al., 2014). As in these prior manuscripts, we conducted the
MDMR analysis to find anatomical regions where connectivity signifi-
cantly varied with MSCEIT score and then conducted follow-on seed--
based connectivity analysis to examine the spatial distribution of these
connectivity differences.

2.5.2. Seed based connectivity analyses

For seed based connectivity analyses we used DPABI to extract the
time course of the BOLD signal in a given ROI. We then generated whole
brain maps of z-transformed Pearson's correlation coefficients. These
maps were entered into SPM12 (Statistical and Parametric Mapping,
http://www.fil.ion.ucl.ac.uk/spm). For ROIs generated from MDMR
above, we regressed the maps against MSCEIT score to generate spatial
maps of how whole brain functional connectivity to the ROIs varies with
MSCEIT score. To control for participant variables of non-interest, we
performed these analyses with age, race, diagnosis (Schizophrenia or
Healthy Comparison), scanner site, and sex as additional covariates. To
control for movement effects we also included individual mean FD
(framewise displacement) as a covariate as a subject-level correction for
motion effects in all subjects (Power et al., 2012). In addition to including
mean FD as a covariate in the seed-based connectivity analysis, we did
not observe a significant correlation between MSCEIT score and either
mean within-scanner movement as measured by average framewise
displacement (r=—0.109, p=.268), nor did we observe a significant
correlation between MSCEIT score and the number of volumes remaining
after preprocessing for movement (r =0.14 and p =.15).

To control for the effects of medication regimen, the analyses were re-
performed with prescribed anti-psychotic dosage (in chlorpromazine
equivalents, CPZE) as a covariate within the schizophrenia/schizo-
affective group.

For other, subsequent ROI based connectivity analyses described
below, we used DPABI to calculate the time course of the average BOLD
signal in a sphere, and then generated whole brain maps of z-transformed
Pearson's correlation coefficients. We then used SPM12 to generate
single-sample t-tests of these connectivity maps.

2.5.3. Correlations between ROI to ROI connectivity and emotional
intelligence

Partial correlation coefficients and statistic values were calculated in
R using the ppcor package(Kim, 2015). Nth-order partial correlation co-
efficients are Pearson's correlations between two variables of interest
while controlling for n covariates. Categorical covariates were binarized.

2.6. Structural MRI analysis

Structural MPRAGE images were checked for artifacts and were
processed using Freesurfer 6 (http://surfer.nmr.mgh.harvard.edu/). The
images went through first-level auto-reconstruction to register the scans
in standard space and skull strip the brains. One rater (OL) edited the
images to remove dura, sinuses and vessels that could interfere with
segmentation. After visual inspection, 98 images were retained for
analysis. The images then went through second and third level auto-
reconstruction to register the brains to the Desikan-Killiany atlas and
extract sulcal depth measurements (Desikan et al., 2006). Sulcal depth in
Freesurfer is the integrated dot product of the movement vector and the
surface normal during inflation. Deep regions therefore are expressed as
positive values as they move outwards while more superficial regions
move inwards. Units are the standard deviation from the median value.

2.7. Table and figure generation

Graphs of relationships between emotional intelligence and struc-
tural/functional measures were generated using R. Projections of ROIs
and T contrast maps onto cortical surfaces was accomplished using FSL
(Jenkinson et al., 2012), Caret (Van Essen et al., 2001) and Surf Ice
(www.nitrc.org/projects/surfice/).
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3. Results

3.1. Functional connectivity in the superior parietal lobule is linked to
emotional intelligence

MDMR analysis performed across all 105 participants (60 schizo-
phrenia, 45 HC) revealed a single region whose intrinsic functional
connectivity correlated significantly with emotional intelligence. This
identified a (59 voxel) region in the left superior parietal lobule (SPL)
centered at MNI coordinates X-24 y-69 z+57 (Fig. 1F).

3.2. SPL association with distributed brain networks is linked to emotional
intelligence

We performed follow-on analysis using this SPL region in a seed-
based connectivity analysis to determine the spatial distribution and
directionality of connectivity that gave rise to this result. This analysis
revealed two apparent patterns of functional connectivity: higher
emotional intelligence correlated with increasing intrinsic connectivity
between the left SPL and bilateral fronto-parietal and temporal regions
that correspond to the canonical “default mode network” (DMN)
(Fig. 2A). Inversely, lower emotional intelligence correlated with
increasing functional connectivity between the left SPL and bilateral
parietal-occipital regions that mirror the canonical distribution of the
“dorsal attention network” (DAN) (Fig. 2B).

To confirm the identity of these apparent emotional intelligence —
network connectivity relationships, we compared our observed whole
brain correlations to existing, independently determined maps of the
DMN and DAN (Yeo et al., 2011). We observed clear overlap between the
networks identified here and the DMN and DAN (Supplemental Fig. 1).

We plotted the relationship between emotional intelligence and
functional connectivity for both networks as a scatter plot in Fig. 2C and
D. As expected from the maps in Fig. 2A and B, we observed that higher
emotional intelligence was correlated with increased functional con-
nectivity between the SPL and the DMN and decreased connectivity to
the DAN. Because the DMN is intrinsically anti-correlated with the DAN,
this result could be expected for any region in one of these networks (i.e.
a region of interest located in the distribution of the DMN that demon-
strated lower correlation to the rest of the DMN would be expected to
demonstrate higher correlation to the DAN). Surprisingly, the scatter
plots of connectivity cross the axis of O connectivity i.e. activity in this SPL
region is intrinsically correlated to the DMN in some individuals and is
intrinsically correlated to the DAN in others.

3.3. Connectivity associations with emotional intelligence controlling for
diagnosis and medication regimen

The observed connectivity-intelligence relationships were highly
significant even when controlled for diagnosis (schizophrenia vs healthy
control). We examined the strength of functional connectivity —
emotional intelligence relationships in HC participants and those with
schizophrenia/schizoaffective disorder independently. Using the same
ROIs as in Fig. 2C and D, we correlated FC with emotional intelligence.
We observe similar strengths of correlation between emotional intelli-
gence and DMN-SPL connectivity in HC (r = 0.45, p =.004) and schizo-
phrenia (r=0.59, p<.001) samples. We also see similar correlation
strengths in DAN-SPL connectivity in HC (r=-0.48, p=.002) and
schizophrenia samples (r = —0.69 p < .001) (Supplemental Fig. 2A). To
control for the effects of prescribed antipsychotic regimen (within the
schizophrenia/schizoaffective group), we reexamined SPL to network
connectivity with this variable regressed out as a covariate. We continued
to observe the same significant emotional intelligence — network con-
nectivity relationships even when controlling for this and other con-
founding variables simultaneously (Supplemental Figs. 2A and B).
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3.4. Domain specificity of SPL connectivity-cognition relationships

As an exploratory analysis, we asked whether the network connec-
tivity of the SPL region correlated to cognitive ability broadly or was
specific to emotional intelligence. We examined connectivity to this ROI
regressed against MSCEIT score with full scale IQ (FSIQ) as a covariate.
This was performed on participants in the study with FSIQ data available
(BICEPS i.e. Pittsburgh and Boston). In this analysis, we again observed
the same pattern of emotional intelligence correlated functional con-
nectivity as seen without FSIQ as a covariate (Supplemental Fig. 3).

3.5. Site replicability of connectivity-cognition relationships

Given significant concerns about the replicability of fMRI imaging
studies, we sought to determine if these findings in the total sample could
be observed in each study population (BICEPS and McLean Hospital)
independently to better confirm the replicability of this result. Both study
populations independently observe the same pattern of SPL functional
connectivity correlating with emotional intelligence (i.e. DMN connec-
tivity with higher emotional intelligence and DAN connectivity with
lower emotional intelligence) (Supplemental Fig. 4).

3.6. Emotional intelligence is linked to brain network topology

The implication of the results presented in Fig. 2C and D is that in the
highest performing participants, activity in this SPL region is intrinsically
correlated to the DMN, while in the lowest performing participants, this
region is intrinsically correlated to the DAN. The identified networks
display a clear correspondence to the canonical distribution of the DMN
and DAN (Supplemental Fig. 1). To avoid circularity in defining these
networks, we sought to validate the identity of these networks using
methods that are not intrinsic to this study. We used one of the original
methods for identifying the DMN and DAN, measuring connectivity to
ROIs in the precuneus (DMN) and frontal eye fields (DAN) (Fox et al.,
2005). We then compared the topology of these networks in all study
participants. As expected from the results in Fig. 2, we observe that, the
relationship between network topology and emotional intelligence is
continuous for individuals (Fig. 3).

3.7. Sulcal depth associations with emotional intelligence

Prior studies have revealed considerable individual variation at the
cytoarchitectonic level in this region (see discussion). That level of
analysis is not available in the current data, but we asked whether there is
a structural MRI correlate to network connectivity and emotional intel-
ligence in this region. We hypothesized that emotional intelligence
would be correlated with sulcal depth in this region based on two prior
studies of this region: First, Mueller et al. noted high individual vari-
ability in sulcal depth but not cortical thickness in this region (Mueller
et al., 2013). Second, Wang et al. demonstrated that the intra-parietal
sulcus area hIP3 may be associated with a DMN-like pattern of connec-
tivity (Wang et al., 2015b). We hypothesized that greater sulcal depth
would be correlated with both greater functional connectivity to the
DMN as well as higher emotional intelligence scores. As predicted, we
observed a significant (r = 0.269, p = .0075) relationship between sulcal
depth and emotional intelligence (Fig. 4).

4. Discussion

We identified a region of the left superior parietal lobule whose
intrinsic functionally connectivity correlates significantly with emotional
intelligence. Surprisingly, the relationship between connectivity and
cognition appears to be mediated by individual variation in the topo-
logical distribution of two large scale resting-state brain networks, the
DMN and the DAN. The brain is organized into distributed resting-state
networks whose topology are typically visualized using group
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A Left SPL Functional Connectivity Correlation
with Increasing Emotional Intelligence Score

B Left SPL Functional Connectivity Correlation
with Decreasing Emotional Intelligence Score
- -
t

26 33

Fig. 2. Emotional Intelligence is Linked to Network Topography.
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Follow-on analysis to determine the spatial pattern and directionality of connectivity that gave rise to the MDMR result. Two patterns of connectivity are observed. A.
Emotional intelligence is correlated with functional connectivity between the left SPL region and the “default mode network” (DMN). B. Emotional intelligence is
inversely correlated with functional connectivity between the left SPL and the “dorsal attention network” (DAN). Color bar: t-statistic > 1.9 (97.5% threshold). C. Plot
of emotional intelligence score (y-axis) and functional connectivity between 6 mm sphere at SPL ROI coordinates (X-24 y-69 z+57) and the DMN network shown in 2A
(x-axis). D. Plot of emotional intelligence (y-axis) and functional connectivity between 6 mm sphere at SPL ROI coordinates X-24 y-69 z+57 and the DAN network
shown in 2B (x-axis). Notably, both graphs demonstrate correlations that cross the reference line of null functional connectivity, meaning that this ROI does not simply
display cognition-connectivity correlations within the DMN and expected cognition-connectivity anti-correlations in the network (DAN) anti-correlated with the DMN.
Rather, the network association of this region appears to shift from being a member of the DMN to a member of the DAN as one moves along the distribution from

higher scoring individuals to lower scoring individuals.

averaging (Power et al., 2011; Yeo et al., 2011). Individual variation in
network topology among healthy control participants has been demon-
strated previously (Gordon et al., 2017a, 2017b; Laumann et al., 2015;
Mueller et al., 2013; Poldrack et al., 2015; Wang et al., 2015a). A separate
field of inquiry has identified functional connectivity correlates of
cognitive abilities such as sustained attention (Rosenberg et al., 2016),
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fluid intelligence (Finn et al., 2015) and a variety of behavioral traits
(Smith et al.,, 2015). Until recently, the contribution of individual
network topology to cognitive variation has been undetermined but a
recent report has linked DMN topology to several cognitive and behav-
ioral phenotypes (Bijsterbosch et al., 2018). Here we demonstrate that
emotional intelligence is linked to the topology of two canonical
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Fig. 3. Validation of the relationship between emotional intelligence and network topography.

Although the spatial distribution of connectivity in Fig. 2A and B matched the distribution of the DMN and DAN respectively, we sought to test intelligence-network
connectivity relationships using methods extrinsic to the study. The topographic distribution of the Default Mode Network and Dorsal Attention Network are visu-
alized using canonical methods: The topographic distribution of the DMN is derived from functional connectivity to a 10-mm spherical ROI placed in the precuneus (x-
4, y-58, z+44) and the DAN from a 10-mm sphere ROI placed in the frontal eye fields (x28 y-8, z+52). The overlap in individual canonically-derived topographic
distribution and the L-SPL is explored in the total sample as a function of summed z-transformed functional connectivity scores between the L-SPL ROI and the above
canonical nodes of the DMN and DAN. The same relationships between emotional intelligence and membership in the DMN (r = 0.327, p =.00066) and the DAN

(r=-0.307, p=.0015) are observed using this approach.
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Fig. 4. Emotional intelligence is correlated with sulcal depth in the left SPL.

The Freesurfer program was used to calculate sulcal depth in the left superior
parietal lobule ROI from the Desikan-Killiany atlas (the only ROI in the atlas that
overlapped with the MDMR identified region). These values were then corre-
lated with emotional intelligence scores with site as a covariate. Units are
standard deviations from the median. This analysis revealed a significant cor-
relation between sulcal depth and emotional intelligence (r = 0.269, p =.0075).

resting-state networks in a critical SPL region: in high performers,
spontaneous activity in this region is correlated with the default mode
network and in low performers this region is correlated with the dorsal
attention network.

What is the basis of this variability in network membership of the
SPL? A convergence of results from multiple research methods have
demonstrated that the SPL can be subdivided into at least four distinct
subregions that are differentiable on the basis of cytoarchitectonic
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description (Scheperjans et al., 2008), white matter tractography (Mars
et al., 2011), and both task evoked and resting state functional connec-
tivity (Wang et al., 2015b). Particularly relevant to this study is the
finding that postmortem cytoarchitectonic studies identified consider-
able individual heterogeneity in the SPL (Scheperjans et al., 2008). The
topographical distribution of these subregions in the left SPL was
observed to show significant inter-subject variability, particularly in the
region referred to as area 7A whose center of gravity corresponds to the
region identified in this study.

Using group-averaged functional connectivity maps of the SPL, Wang
et al. observed specific patterns of resting state connectivity to left SPL
subregions (Wang et al., 2015b). That study identified five different
“clusters” of resting state connectivity to the left SPL. Notably, the
adjacent “L3 and L4” regions in that manuscript demonstrate specific
connectivity patterns similar to the DMN and DAN patterns we observe
among emotional intelligence high and low performers respectively.
These regions appear to correspond to the hIP3 & 7A regions respec-
tively, identified by Scheperjans et al. (2008). Moving outside of these
regions, when we examine connectivity at coordinates that correspond to
the other SPL subdivisions i.e. the Scheperjans 5L/Wang L2 region rostral
to the MDMR ROI or the Scheperjans 7P/Wang L5 caudal to the MDMR
ROIL, we do not see a correlation between connectivity and emotional
intelligence (Supplemental Materials text and Supplemental Fig. 5).

We hypothesize that the individual variability in resting state con-
nectivity in this ROI identified by MDMR represents individual vari-
ability in the cytoarchitectonic organization of the left SPL. Furthermore,
we hypothesize that the correlation between network connectivity and
emotional intelligence is a cognitive correlate of this anatomic vari-
ability. To date, studies have not linked cytoarchitectonic variation in the
SPL to cognitive variation. In support of this hypothesis, one existing
study has correlated diffusion tensor imaging measures with perfor-
mance on the same emotional intelligence test used in this study. In that
article, Pisner et al. observed emotional intelligence correlating with
increased fractional anisotropy in the cingulum connecting frontal and
parietal regions in a distribution entirely consistent with our observation
of emotional intelligence correlating with fronto-parietal connectivity
(Pisner et al., 2017).

There is converging evidence suggesting that the DMN has a
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particular role in social cognition (Dodell-Feder et al., 2014; Fox et al.,
2017; Mars et al., 2012). The DMN is a large, distributed brain network.
Why does such a circumscribed region of this network in the superior
parietal lobule appear to be such a critical determinant of emotional
intelligence? A neuroanatomical model called the parieto-frontal inte-
gration theory (P-FIT) suggests that connectivity between parietal cortex
and frontal areas is a critical determinant of intelligence (Jung and Haier,
2007). In this specific scenario, connectivity between the parietal lobule
and a parieto-frontal network implicated in social cognition (the DMN)
may mediate emotional intelligence.

We hypothesize that the results of this study are convergent with prior
work implicating a continuum of DMN connectivity and a broad spec-
trum of lifestyle choices that span a spectrum of adaptive and maladap-
tive behaviors (Smith et al., 2015). Bijsterbosch et al. recently
demonstrated that in the Human Connectome Project (HCP) dataset,
increasingly ‘positive’ or adaptive behaviors were associated with DMN
topology that included more dorsal regions of the parietal lobe (Bij-
sterbosch et al., 2018). We believe that some of the behavioral associa-
tions identified in that work are linked with social cognitive ability and
that despite using different imaging methods, different cognitive/beha-
vioral metrics, and an independent sample of participants, we are
observing a singular biological process.

In our study, the relationship between SPL network membership and
emotional intelligence was trans-diagnostic and is observed in both
participants with schizophrenia and schizoaffective disorder as well as
HC participants. This is observed despite a representative patient sample
in which the mean emotional intelligence score was significantly less
than that of HC participants (p =.015). We hypothesize that what is
already known about schizophrenia network pathophysiology may
explain social cognition deficits in this disorder. There is evidence that
the molecular pathophysiology believed to underlie schizophrenia leads
to the selective disruption of fronto-parietal networks (e.g. the DMN) that
is a hallmark feature of schizophrenia and related disorders (Baker et al.,
2014; Yang et al., 2016). If social cognitive ability is partially dependent
on left SPL connectivity to an intact DMN, our result may provide a
mechanistic bridge linking a “synaptic” disease to poor societal
functioning.

Limitations of this study include the fact that MSCEIT “managing
emotions” subscale is only one of several measures of emotional intelli-
gence. We have chosen to focus on this specific measure because this
specific test (and not the other MSCEIT subscales) is included in the
MATRICS Consensus Cognitive Battery (MCCB). The MCCB has achieved
widespread use and this fact both allowed us to combine independently
collected datasets (i.e. McLean data that collected this subscale as part of
the MCCB with BICEPS data that collected this subscale as part of the full
MSCEIT test). Notably, performance on the four subtests of the MSCEIT
are well described by a single factor solution. Another limitation with our
study and other cohort imaging studies is that this study is inherently
correlational and cannot distinguish between connectivity directly
causing cognitive performance versus other interpretations, e.g. the
result of an underlying process that mediates social cognitive ability and
network connectivity via unrelated processes.

Ultimately, interventions designed to improve emotional intelligence
that incorporate imaging will validate or refute this network-based
model of emotional intelligence by measuring network connectivity
longitudinally before and after interventions to improve performance.
This may be particularly relevant for behavioral clinical trials that utilize
a “target engagement” framework to validate experimental therapeutics
(Lewandowski et al., 2017). In that vein, the location of our result pro-
vides a potential target for neuromodulation. For example, If the network
“membership” of this region can be modified via induction of neuro-
plasticity at this region (e.g. by repetitive transcranial magnetic stimu-
lation), then neuromodulation may enhance trials using cognitive
remediation interventions.
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5. Conclusions

Prior studies have demonstrated individual variance in the topology
of canonical resting state networks but the cognitive or behavioral rele-
vance of these differences has largely been undetermined. We observe
that the left SPL, a region of high individual variance at the cytoarchi-
tectonic level, also demonstrates individual variance in its association
with large scale resting-state networks and that network topology is
linked to emotional intelligence. This topology-cognition relationship
appears to be trans-diagnostic and is observed in both schizophrenia and
healthy comparison populations. More generally, the implications of this
result extend beyond imaging studies of social cognition. The demon-
stration that individual brain network topology is associated with indi-
vidual variation in complex cognition reinforces a growing appreciation
of the limitations of group-based averaging in resting-state imaging.
Averaging across groups of subjects likely obfuscates relationships be-
tween individual network topology and cognitive and behavioral phe-
notypes. In this example, the relationship between network topology and
cognitive measures was significant enough to be discerned in a group of a
hundred subjects scanned a single time each. It seems inevitable that
other relationships between network topology and cognition/behavior
remain to be discovered but discerning those relationships may likely
require “dense” scanning of individual subjects i.e. scanning the same
individuals five (Mueller et al., 2013), twelve (Gordon et al., 2017b), or
twenty-four times (Braga and Buckner, 2017). Such efforts are resource
intensive, but if such deep characterization yields greater understanding
of network-behavior relationships, it is reasonable to imagine a
re-allocation of resources away from participant numbers and towards
precise network mapping. A remaining challenge to be addressed is how
such a change in approach may be applied to better understand the
network basis of neurological and psychiatric disorders where acquiring
multiple scans in symptomatic individuals may prove difficult.
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