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Psychosis related disorders are severe and difficult to define with brain-based biomarkers 
due, in part, to heterogeneous psychosis symptoms and individual differences in the 
brain. Recent innovations in computational neuroscience may address these difficulties. 
Hyperalignment aligns voxel-wise patterns of neural activity across individuals to improve 
signal in brain data. Transformation metrics may also serve as biomarkers that reflect 
clinically relevant differences in pattern connectivity (scale), baseline connectivity 
(translation), and network topography (rotation). In the present study, we apply 
hyperalignment to resting state functional connectivity between the frontal cortex and 
regions throughout the brain in a sample of individuals diagnosed with psychosis and 
healthy controls. We used binary class support vector machines (SVM) to classify 
psychosis using unaligned (accuracy=66.50%, p=0.0009) and hyperaligned data 
(accuracy=65.85%, p=0.0011). Follow-up analyses then used voxelwise rotation estimates 
to characterize those who were accurately versus inaccurately classified. This revealed two 
distinct biological subgroups of psychosis characterized by distinct topography of frontal 
connectivity. Additional analyses relate psychosis to composites of hyperalignment 
transformations. We report reduced pattern connectivity (t=-2.69, p=0.008) and 
heightened baseline connectivity (t=2.90, p=0.004) in the psychosis group. These findings 
may highlight imbalanced frontal connectivity, as those in the psychosis group appear 
to show general patterns of heightened frontal connectivity while connectivity in more 
specific regions appear blunted. Results highlight differences in frontal cortex connectivity 
related to psychosis. Novel methods in the present work may provide a path for future 
work to apply hyperalignment to brain data from clinical populations to accurately 
characterize clinical subpopulations within diagnostic categories. 

1. INTRODUCTION 

Psychosis appears in many severe disorders and is often ac
companied with varied symptoms in cognitive, emotional, 
social, and motor domains.1,2 Psychosis symptoms are con
sistently associated with dysconnectivity in the frontal cor
tex.3,4 Despite this, recent work highlights how individual 

differences and diagnostic subgroups reduce reliability of 
psychosis related biomarkers, limiting their clinical and sci
entific utility.2,5 Multivariate approaches may help address 
this by leveraging individual specific patterns of neural in
formation to characterize clinical disorders.6,7 To this end, 
the current work applies hyperalignment to resting state 
connectivity data from individuals diagnosed with psy
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chosis and healthy controls. Hyperalignment applies math
ematical transformations to voxelwise patterns of brain 
data to improve signal of brain-behavior relationships.8 As 
such, hyperaligned data may be uniquely suited to reveal 
fine-grained functional differences in connectivity data 
that characterize clinical disorders.9 Furthermore, individ
ual components of hyperalignment may reflect clinically 
meaningful information reflecting patterns of frontal con
nectivity across connections (scale), baseline connectivity 
of specific voxels with targets throughout the brain (trans
lation), and reorganization of neural connections (rota
tion). Such fine-grained information may help reveal clin
ical subgroups within heterogeneous diagnoses and yield 
reliable individual specific information, paving the way for 
personalized psychiatric medicine. 

The frontal cortex is thought to regulate processes that 
are disrupted in psychosis.10‑12 For example, reduced mid
dle frontal cortex connectivity may impact one’s capacity to 
make self-other distinctions and coordinate mental states 
with future decisions.13 Altered somatomotor connectivity 
in the precentral gyrus may impact motor and cognitive 
performance.14,15 Altered inferior prefrontal cortex con
nectivity may contribute to changes in emotion and mo
tivation.16,17 However, brain changes underlying these ef
fects are complex and traditional methods don’t account 
for patterns of imbalanced frontal connectivity highlighted 
by more recent work.16,18 Interindividual differences fur
ther impede efforts to comprehensively summarize frontal 
dysconnectivity in psychosis.19,20 New methods may help 
describe these changes.21 

Multivariate approaches improve reliability of neurosci
entific work and help characterize complex clinical disor
ders with brain data.22 Approaches that leverage voxel-wise 
information have identified clinical subpopulations,23 de
fined individual specific functional networks,24 and accu
rately classified clinical disorders.22 While promising, mul
tivariate models can be difficult to interpret and can overfit 
models to specific samples.25‑27 Furthermore, interindivid
ual variability poses a problem for machine learning ap
proaches.8 In response, methods like hyperalignment have 
been used to supplement multivariate analysis.8 

Hyperalignment adjusts interindividual variability in 
functional brain anatomy, using methods based on gener
alized Procrustean analysis.28 It generates a common func
tional brain template and transforms individual brains to 
match it.29,30 This synchronizes patterns of functional in
formation that appear in distinct anatomical locations 
across individuals, despite their involvement in similar 
neural processes.8 A growing body of work demonstrates 
improved reliability in neuroscientific studies when hyper
aligned data are used.8,29,30 Recent work also shows 
stronger relationships between hyperaligned brain data and 
clinical symptoms of depression and anxiety31 as well as 
cognitive performance.32 In addition, work highlights brain 
properties that may be characterized by transformation ma
trices. Rotation, for instance, is thought to highlight func
tional connections that are preferentially active in partic
ular individuals.33 This collected evidence suggests 
hyperalignment enhances brain data while also revealing 

subtle functional differences in brain data. This sets the 
stage for new applications in clinical neuroscience. 

In the current study, we apply hyperalignment to resting 
state functional connectivity data collected from individ
uals with psychotic disorders and a comparison group of 
matched healthy controls. Given past work in frontal 
dysconnectivity in psychosis,3 we focus analysis on frontal 
cortex connectivity within whole brain networks. To our 
knowledge, this is the first study that applies hyperalign
ment to brain data from individuals diagnosed with psy
chosis. We make the following predictions. 1) As hyper
alignment addresses interindividual variability in fMRI 
data,8 we predict that hyperaligned data will reliably clas
sify diagnostic status. This may indicate that hyperalign
ment enhances clinically relevant differences in brain con
nectivity, building on previous findings.34 In cases where 
individuals are incorrectly classified, we will contrast vox
elwise translation and rotation maps to understand how 
hyperalignment may reveal fine-grained individual differ
ences that impact classification. 2) We suggest that trans
formation coefficients defined in hyperalignment may pro
vide clinically relevant insights. We predict that smaller 
scaling coefficients in individuals with psychosis may re
flect patterns of hyperconnectivity between the frontal cor
tex and targets throughout the brain. This aligns with work 
that reports frontal hyperconnectivity is present in psy
chosis.35 3) We predict that heightened translation will be 
associated with psychosis, which could reflect blunted 
baseline connections in individuals with psychosis that re
flect average connectivity between individual voxels and 
their respective targets throughout the brain. Although 
contradictory to our scaling prediction, this prediction is 
supported by findings that link blunted connectivity in the 
inferior frontal gyrus to psychosis.36,37 Together, scaling 
and translation may speak to the complex imbalances in 
frontal cortex function.18 4) Finally, we predict that height
ened rotation will be related to psychosis. This may reflect 
reorganization of frontal connections relative to controls 
and corresponds with findings that suggest individuals with 
psychosis gravitate toward particular frontal networks.35,

38 To supplement these hypotheses, we will run additional 
analyses on symptom severity within the psychosis group. 
We expect that heightened severity of clinical symptoms 
will correspond with greater changes in global scaling, 
translation, and rotation. 

2. METHODS 

2.1. PARTICIPANTS 

Data for the current project was provided by the Center 
of Biomedical Research Excellence (COBRE) project.39 Data 
were collected and shared by the Mind Research Network 
and the University of New Mexico. Participants gave in
formed consent before participating in this work. The psy
chosis group included individuals diagnosed with Struc
tured Clinical Interview for DSM Disorders (DSM-IV-TR) 
including schizophrenia (N = 61) or schizoaffective disorder 
(N = 10). The control group included 75 community controls 
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Table 1. Demographic details of the current sample.       

Demographic Information Psychosis (N=56) Healthy Controls (N=68) 

Biological Sex (count) 

Male 46 48 

Female 10 20 

Age (mean/standard deviation) 37.1/13.4 38.2/12.1 

Olanzapine dose (mean mg/standard deviation) 13.42mg/11.74mg NA 

Hispanic (count) 22 27 

Race (count) 

White 48 60 

Asian 2 0 

Black 5 7 

Native American 1 1 

Pacific Islander 0 0 

(no DSM diagnosis) matched on demographic variables. 
Ages in these groups ranged from 18-65. Exclusionary cri
teria included: a history of neurological disorder, history 
of mental retardation, history of severe head trauma with 
more than 5 minutes loss of consciousness, history of sub
stance abuse or dependence within the past 12 months. We 
also excluded participants with a diagnosis of bipolar disor
der (N=5) or average framewise displacement during resting 
state scanning greater than 0.5mm (N=26). This resulted in 
57 participants diagnosed with schizophrenia or schizoaf
fective disorder and 69 healthy controls. When analyzing 
group differences in transformation composites (described 
in section 2.8), we discovered outliers (N=1) using the gen
eralized studentized deviate test.40 Once removed, this re
sulted in sample of 124 participants. Demographic and clin
ical information is included in Table 1. 

2.2. FMRI ACQUISITION AND PREPROCESSING 

Structural 3D sagittal multi-echo MPRAGE images were ac
quired (Voxel size=1x1x1mm3; TR=2530ms; TE=[1.64, 3.5, 
5.36, 7.22, 9.08]ms; FOV=256x256; Matrix=256x256x176; 
Flip Angle=7°; Number of echoes=5). Resting state fMRI 
runs utilized a gradient echo EPI sequence covering 64 axial 
slices (Voxel size=3x3x4mm3; TR=2000ms; TE=29ms; Ma
trix=64x64). Data were preprocessed using fMRIPrep 20.2.3 
(RRID:SCR_016216,41; which is based on Nipype 1.3.1 
(RRID:SCR_00250242). Full details of this pipeline can be 
found in supplemental material (S1). 

2.3. DENOISING PROCEDURE 

Regressors describing motion, white matter intensity, and 
cerebral spinal fluid were extracted by fMRIprep (for details 
see S1.2) and applied to resting state data using the SPM12 
software suite.43 Nuisance covariates included regressors 
for motion in the x, y, and z directions, their first derivative 
and a squared term for each of these 12 regressors.44 Two 
separate regressors accounted for cerebral spinal fluid and 
white matter signal. Spike regression45 was used to identify 

outlier images for each participant. Denoised residual im
ages were concatenated for subsequent analysis. 

2.4. ANATOMICALLY BASED REGION OF INTEREST 
SELECTION 

Regions of interest (ROIs) were defined in the AAL3 
anatomical atlas (Rolls et al., 2020). We used software from 
the CanlabCore toolbox (https://github.com/canlab/Can
labCore.git) to extract signal from these ROIs. Seeds for 
connectivity analysis included voxel-wise time series in
formation from frontal cortex regions (Figure 1a). A list 
of these seed regions can be found in supplemental table 
1 (S2). We extracted average signal from target regions, 
which included all whole brain ROIs (Figure 1b). 

2.5. FUNCTIONAL CONNECTIVITY PROFILES 

Functional connectivity profiles in the current work reflect 
connectivity between voxels in the frontal cortex and aver
age signal from whole brain regions. As in prior work,32 we 
correlated voxel-wise timeseries data from frontal cortex 
voxels with average signal extracted from target regions. 
This resulted in a voxel-by-region connectivity matrix for 
all individuals in the sample. 

2.6. HYPERALIGNMENT 

We used a hyperalignment algorithm implemented in MAT
LAB (47) to align individual’s functional connectivity pro
files to a group common space.30 Saved transformation 
metrics include three components: a translation matrix, 
a rotation matrix, and a global scaling coefficient. These 
reflect individual specific changes needed to match their 
connectivity profiles to group common space. Recent work 
highlights the importance of order in this version of hyper
alignment as the initial reference image is defined by the 
first subject.46 To address this, we performed hyperalign
ment 100 times with random ordering. More information 
on the hyperalignment algorithm can be found in supple
mentary materials (S3). 
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Figure 1. Brain masks used to generate functional connectivity profiles. a) Frontal mask used to define seed                
voxels in frontal connectivity profiles. b) Whole brain masks used to define target regions in frontal connectivity                  
profiles.  

Frobenius distances were calculated for translation and 
rotation matrices.47 Frobenius distances were averaged 
across the 100 runs of hyperalignment to describe total 
translation and total rotation. Positive values suggest more 
translation or rotation was required. Global scaling com
ponents are single values that reflect universal changes 
across all dimensions in the connectivity profiles. These 
were also averaged across the 100 runs of hyperalignment. 
Relatively large estimates indicate connectivity needed to 
be expanded (due to blunted patterns of connectivity). 

2.7. GROUP LEVEL ANALYSIS – SUPPORT VECTOR 
MACHINE CLASSIFICATION OF DIAGNOSIS BASED ON 
ALIGNED AND UNALIGNED FUNCTIONAL CONNECTIVITY 
PROFILES 

We applied a binary class linear support vector machine 
(SVM) using the ‘fitcsvm’ function in Matlab (version 
R2021b, Mathworks Inc., Natick, MA) to classify individuals 
with psychosis versus healthy controls. We ran a total of 
1000 SVM models, which included 10 SVMs per run of hy
peralignment. Each SVM employed a stratified 10-fold cross 
validation procedure that balanced the number of individ
uals with psychosis and controls across folds. Voxel-by-re
gion correlations from functional connectivity profiles were 
input as predictors. Average accuracies from these models 
are reported for hyperaligned and unaligned data. 

To assess whether accuracies were statistically better 
than chance, a second set of permutations were performed. 
Across 10,000 iterations, diagnostic labels were randomly 
shuffled and models using hyperaligned and unaligned data 
were refit to the model. When average accuracies from the 

initial models are compared to this null distribution, it re
sults in a p-value that reflects the likelihood each accuracy 
is due to chance.48 

2.7.1. SUBGROUP IDENTIFICATION USING VOXELWISE 
ESTIMATES OF TRANSLATION AND ROTATION 

Following classification, individuals with psychosis were 
split into quartiles based on diagnostic prediction accuracy. 
We identified individuals who were predicted accurately 
(>75%) and inaccurately (<25%). We generated voxelwise 
maps of translation and rotation estimates for all individ
uals in the sample. To accomplish this, we rotated transla
tion matrices into an individual’s native space by applying 
inverse rotation matrices. We then summed the absolute 
value of translation coefficients within each voxel. This 
reflects the cumulative translation applied to each voxel 
across the 100 runs of hyperalignment. We calculated the 
equivalent voxelwise value for rotation matrices, resulting 
in a single translation and rotation map for each partici
pant. We performed a two-sample t-test at each voxel to 
test for group differences in translation and rotation be
tween individuals who were predicted accurately versus in
accurately. We adjusted t-maps for false discover rate 
(FDR<0.05) using the Benajamini-Hochberg method.49 

2.8. GROUP LEVEL ANALYSIS - WHOLE FRONTAL 
CORTEX TRANSFORMATION ANALYSIS 

In three separate models, global scaling, Frobenius distance 
of translation, and Frobenius distance of rotation were re
lated to a binary variable that distinguished individuals 
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with psychosis from healthy controls. Additional models 
were run on individuals with psychosis to test for effects 
between positive and negative symptom severity with each 
hyperalignment composite. All models adjusted for sex as
signed at birth, age, medication calculated in olanzapine 
equivalents, and average framewise displacement during 
the resting state scan. This resulted in 9 models. Signifi
cance was based on a permutation-based approach48 where 
outcomes were randomly shuffled 10,000 times and linear 
models were refit. Comparing original estimates to these 
empirically generated null distributions results to the p-
value reported in the present work. 

2.9. IDENTIFICATION OF MOST TRANSLATED AND 
ROTATED VOXELS RELATED TO PSYCHOSIS 

Voxelwise translation and rotation maps, described in 2.7.1, 
were separately entered into a mass univariate linear re
gression. Identical models to those described in section 2.8 
were fit to each voxel. This tested for the effect of diagno
sis and symptom severity on voxelwise patterns of trans
lation and rotation. We thresholded resulting t-maps using 
the Benajamini-Hochberg method49 to adjust for false dis
covery rate (FDR<0.05). 

3. RESULTS 

3.1. CLASSIFICATION RESULTS 

3.1.1. SVM CLASSIFICATION OF DIAGNOSIS 

When applied to unaligned functional connectivity profiles, 
SVM accurately identified patients 66.50% (p=0.0009) of the 
time. Following hyperalignment, SVM accurately identified 
patients 65.85% (p=0.0011) of the time. The minimal differ
ence in accuracies from these two models demonstrate con
vergent validity of these two types of data. 

3.1.2. VOXELWISE MAPS 

We contrasted voxelwise translation and rotation maps of 
individuals who were classified correctly (N=31) with incor
rectly (N=20). We applied a cluster-extent threshold to re
sulting maps (FDR<0.05, cluster size>50). With respect to 
translation, no voxels passed the FDR corrected threshold. 
Rotation revealed several clusters displayed in Figure 2. 

We identified several regions that fall into the contigu
ous clusters of voxels noted in Figure 2. Peak regions from 
contiguous clusters were identified and listed below in 
Table 2. Negative values reflect regions preferentially re
cruited by those who were classified accurately, while pos
itive values highlight regions preferentially recruited by 
those with psychosis who classified incorrectly. There is no
table overlap in regions like the anterior cingulate cortex 
and the triangular part of the inferior frontal gyrus, which 
suggests transdiagnostic changes. 

To assess whether these findings were due to demo
graphic differences, we ran a series of tests. The two groups 
did not differ in gender (chi-squared=0.159, p=0.690), age 
(t=1.53, p=0.133), race (chi-squared=1.15, p=0.562), olanza

pine equivalent dosage (t=0.39, p=0.697), or motion during 
fMRI scanning (t=1.12, p=0.270). 

We then tested whether differences were due to positive 
or negative symptoms using two general linear models. In 
these supplemental models, we adjusted for age, sex at 
birth, olanzapine equivalent dose, and average framewise 
displacement during scanning. We similarly did not find a 
significant difference between these two groups based on 
positive (t=1.58, p=0.232) or negative symptoms (t=1.79, 
p=0.080). 

3.2. DIAGNOSTIC AND SYMPTOM SPECIFIC 
ASSOCIATIONS WITH HYPERALIGNMENT 
TRANSFORMATION COMPONENTS 

3.2.1. DIAGNOSIS RELATED CHANGES IN 
TRANSFORMATION COMPONENTS 

Diagnosis was significantly associated with reduced scaling 
(t=-2.69, p=0.008). Lower global scaling in individuals with 
psychosis suggests relatively high patterns of connectivity 
estimates across the frontal cortex that needed to be ad
justed to fit common space. This may reflect global hyper
connectivity in psychosis. 

Diagnosis was significantly associated with heightened 
total translation (t=2.90, p=0.004). Total translation reflects 
cumulative multivariate differences in voxelwise frontal 
connectivity. Results suggest that, when global hypercon
nectivity is accounted for, baseline connectivity in partic
ular voxels need to be increased to bring individuals with 
psychosis into common space. This may reflect patterns of 
blunted connectivity in those diagnosed with psychosis. 

Diagnosis was not associated with differences in total 
rotation (t=-0.15, p=0.877). Average rotation across the 
frontal cortex is intended to reflect differences in the or
ganization of frontal voxels during resting state scanning. 
Present findings may indicate that while translation and 
global scaling provide transdiagnostic biomarkers of psy
chosis, rotation reflects more individual specific informa
tion that allows for the identification of subgroups with 
distinct patterns of frontal connectivity. Results related to 
diagnostic differences in scale, translation, and rotation are 
displayed in Figure 3. 

3.2.2. SYMPTOM RELATED DIFFERENCES IN 
TRANSFORMATION COMPOSITES 

We ran six separate general linear models on individuals di
agnosed with psychosis to test whether the severity of pos
itive or negative symptoms was related to hyperalignment 
composites. We do not report a relationship between posi
tive symptoms and global scaling (t=-1.45, p=0.154), trans
lation (t=0.792, p=0.431), or rotation (t=0.217, p=0.829). We 
do not report a relationship between negative symptoms 
and global scaling (t=-1.73, p=0.089), translation (t=1.62, 
p=0.112), or rotation (t=-1.52, p=0.134). 
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Figure 2. Maps of t-statistics that correspond with significant differences between individuals with psychosis             
who were classified accurately more than 75% of the time versus individuals who were classified correctly less                  
than 25% of the time. Voxels with negative estimates reflect regions that were recruited more in individuals with                   
psychosis who were classified accurately. Voxels with positive estimates reflect regions that were recruited more                
in individuals with psychosis who were classified inaccurately.         

Table 2. Sample of peak coordinates that characterize contiguous clusters of voxels that pass the FDR corrected                
threshold and fall in clusters greater than 50 voxels in size. Negative effects reflect voxels that were                  
preferentially recruited in individuals with psychosis who were classified correctly by SVM >75% of the time.                 
Positive effects correspond with voxels that were preferentially recruited in individuals with psychosis who were                
classified correctly by SVM <25% of the time.         

AAL region name X,Y,Z t-statistic 

Right inferior frontal gyrus, triangular part 46, 29, 17 6.41 

Left inferior frontal gyrus, triangular part -44, 29, 17 6.42 

Right inferior frontal gyrus, orbital part 42, 36, -6 3.53 

Right middle cingulate gyrus 1, 33, 31 4.88 

Left anterior cingulate gyrus -3, 29, 26 3.45 

Left inferior frontal gyrus, orbital part -22, 14, -24 2.95 

Right anterior cingulate cortex 12, 44, 22 -2.79 

Right rectus 1, 44, -19 -6.51 

Right middle frontal gyrus 42, 59, 3 -3.38 

Right inferior frontal gyrus, triangular part -37, 29, 8 -2.92 

3.3. RELATIONSHIP BETWEEN PSYCHOSIS AND 
VOXELWISE ESTIMATES OF TRANSLATION AND 
ROTATION 

Six separate mass-univariate tests were run to assess 
whether clusters of voxels might be associated with diagno
sis or symptom severity in the present work. These included 
separate tests relating diagnosis, positive symptom sever
ity, and negative symptom severity to voxelwise estimates 
of translation and rotation. No significant clusters passed a 
cluster extent threshold (FDR<0.05, cluster size>10 voxels). 

4. DISCUSSION 

Schizophrenia is characterized by complex neurobiological 
changes that manifest in a heterogenous symptoms. While 
literature ties several brain changes to these symptoms, 
complex findings can be difficult to reconcile.6,19 To ad
dress this, we leverage transformations performed as part 
of hyperalignment. This allowed for the use of classification 
techniques as well as unique outcomes related to decom
posed elements of the transformation itself. 

We first applied a binary class SVM to unaligned and hy
peraligned data. We found that both models performed bet
ter than chance with nearly identical accuracy. We believe 
this supports the convergent validity hyperaligned data, 
however it did not match our initial expectations. We as
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Figure 3. Group differences in zscored hyperalignment composites       

sessed the extent to which voxelwise hyperalignment es
timates of translation and rotation provided information 
about individuals who were classified accurately versus in
accurately. This resulted in the identification of two distinct 
neurobiological subgroups based on rotation estimates. In 
those who were accurately classified, brain regions 
throughout the inferior frontal cortex were preferentially 
recruited. Individuals incorrectly classified appeared to en
gage more dorsal regions of the frontal cortex. Overlap was 
present between groups that appeared in the anterior cin
gulate cortex and the triangular part of the inferior frontal 
gyrus. This overlap may reflect transdiagnostic neural fea
tures of psychosis, as other regions clearly delineate unique 
subgroups within the data. These groups showed no differ
ences in demographic measures or motion during scanning. 
Marginally heightened negative symptom severity was pre
sent in those accurately classified by SVM, which suggests 
that subgroups may be characterized by distinct symptom 
profiles. Though small, this effect aligns with prior work 
that links specific symptoms to biologically defined sub
groups.50 Our results also aligns with work showing blunted 
inferior frontal gyrus connectivity is associated with 
blunted affect, delusions, and hallucinations in psy
chosis.51,52 Aberrant connectivity in several of the addi
tional regions is linked with poor regulation stress, per
ception, and emotions in psychosis.53 As such, rotation 
appears to provide information related to precise changes 
in the brain. Future work is needed to further explore this 
idea, which could have implications for research and per
sonalized psychiatric medicine. 

We then assessed how specific components of hyper
alignment (global scaling, translation, rotation) were re
lated to psychosis. With respect to diagnosis, we report sig
nificant differences in global scaling and the translation 

composite, which may capture complex imbalances in 
frontal connectivity. Individuals with psychosis exhibit re
duced scaling. This transformation is applied to all voxel
wise connections and suggests that psychosis is associated 
with global hyperconnectivity in patterns of connectivity 
across the frontal cortex. Subsequent translations are then 
applied to specific voxels to bring individuals to common 
space. Lower estimates in psychosis may reflect blunted 
connectivity in more specific frontal connections after scal
ing is accounted for. Dysconnectivity in psychosis is defined 
by complex alterations in excitatory and inhibitory connec
tions throughout the frontal cortex, which involves both 
increases and decreases in standard measures of connec
tivity.16 Findings that link psychosis to both hypoconnec
tivity12,36,51,54 and hyperconnectivity35,55,56 in frontal net
works underscores this variability. Hyperalignment appears 
to characterize both changes simultaneously with concise 
measures of complex patterns of connectivity (scale) and 
localized baseline connectivity (translation). More work is 
needed to assess the extent to which hyperalignment may 
be sensitive to these opposing effects. 

We do not report significant differences in rotation re
lated to psychosis. Hyperalignment works by applying opti
mized alignment parameters to bring individual brain data 
to common space. This involves the identification of re
gions that contribute preferentially to resting state connec
tivity networks, which is thought to be reflected in rotation 
estimates.33 Given the presence of subgroups noted in the 
present work, it makes some sense that a psychosis versus 
control analysis may not reveal differences. Everyone is be
ing rotated. The location of rotation is what makes the dif
ference. 
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4. CONCLUSIONS 

We present a novel approach to studying brain data in 
the context of psychosis and report several differences 
throughout the frontal cortex. Global scaling and transla
tion results add to prior findings in this dataset35,37 and po
tentially characterize imbalanced patterns of frontal con
nectivity. In addition, rotation appears to facilitate the 
identification of subgroups, using individual specific rota
tion estimates. These results highlight differential recruit
ment of brain networks active at rest and may underlie 
several cognitive and emotion related symptoms in psy
chosis. Current findings begin to establish the clinical and 
scientific utility of hyperalignment in clinical neuroscience 
as it may simultaneously highlight systematic and indi
vidual differences in brain data. The future application of 
this method may have major implications and more work is 
needed to gauge the efficacy of this method. 

4.1. LIMITATIONS AND FUTURE DIRECTIONS 

The present work had limitations to be addressed in future 
work. First, we used an open-source dataset with limited 
resting state data available. Past work criticizes the use of 
brief resting state scans, which may be unreliable.57 Hy
peralignment is believed to address sources of noise caused 
by inter-individual variation.8 As such, this method, per
haps combined with spatially constrained data-driven ap
proaches,34 may be uniquely suited to address reliability 
concerns in brief scans. Second, we focused on psychosis 
diagnosis, which is known to be heterogenous.58 While we 
also perform analyses focused on individual symptoms, our 
sample was underpowered. Future work can increase sam
ple size to explore precise relationships between symptoms 
and hyperalignment outcomes. Such increases may also in
clude a higher number of individuals who are on anti-psy
chotic medication. This would enhance the ecological va
lidity of the sample while also enabling future work to 
stratify models based on medication status. Third, while 
our sample relatively large, this does not eliminate recent 
concerns about reproducibility in fMRI.59 Future work 
should determine the reliability of current methods. 
Fourth, the present work did not apply distortion correction 
to resting state data as field maps were not collected. The 
acquisition used for the present study implemented a 
slower, more robust sequence to address potential signal 
problems in high susceptibility regions such as the inferior 
frontal gyrus. However, it’s possible that distortion correc
tion could improve data quality and should be employed 
where possible. Finally, this work is cross-sectional and fo

cuses on patients already diagnosed with psychosis. Future 
work should include developmental samples to better un
derstand how hyperalignment metrics might relate risk for 
future episodes of psychosis. 
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