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Brain structural changes are known to be associated with psychotic symptoms, with worse symptoms consistently
associated with brain volume loss in some areas. It is not clear whether volume and symptoms interfere with each
other over the course of psychosis. In this paper, we analyse the temporal relationships between psychosis
symptom severity and total gray matter volume. We applied a cross-lagged panel model to a public dataset from

the NUSDAST cohorts. The subjects were assessed at three-time points: baseline, 24 months, and 48 months.
Psychosis symptoms were measured by SANS and SAPS scores. The cohort contained 673 subjects with
schizophrenia, healthy subjects and their siblings. There were significant effects of symptom severity on total
gray matter volume and vice-versa. The worse the psychotic symptoms, the smaller the total gray volume, and
the smaller the volume, the worse the symptomatology. There is a bidirectional temporal relationship between
symptoms of psychosis and brain volume.

1. Introduction

Several brain volume alterations have been reported in the course of
schizophrenia. Both intracranial and total brain volume are significantly
decreased in schizophrenic individuals (Haijma et al., 2013). More
specifically, temporo-parietal and pre-frontal areas seem to be most
affected (Castro-de-Araujo and Kanaan, 2017). Though reduced volumes
in people with schizophrenia are also commonly reported in the insula,
the superior temporal gyrus (STG), the gyrus rectus, and the anterior
cingulate cortex (ACC) when compared with healthy controls (Kim et al.,
2017). Gray matter volume alterations are less pronounced in antipsy-
chotic naive patients (Haijma et al., 2013). These findings suggest that
brain volume alterations may be part of neurodegenerative processes
that result in worse clinical outcomes (Castro-de-Araujo et al., 2020).

Some of these changes are associated with symptom severity. It has
been found that the left anterior STG was inversely correlated with
psychotic symptoms, whereas the right posterior STG was positively
correlated with negative symptoms (Kim et al., 2003). The same author
later reported that gray matter volumes of the insula, STG, and ACC and

white matter volumes of the STG were negatively correlated with the
duration of the disorder (Kim et al., 2017). Studies on the effect of un-
treated psychosis on brain volume differences can potentially be infor-
mative for this discussion of the temporal relationship between
symptoms and structural change. Longer duration of untreated psy-
chosis (DUP) is related to worse clinical outcome, and worse treatment
response. An association between DUP and structural change has been
proposed, including purported mechanisms (Anderson et al., 2014), but
the subject remains largely uncertain due to difficulties with methodo-
logical approaches and small numbers of subjects (Bora et al., 2018;
Murru and Carpiniello, 2018; Rapp et al., 2017).

Causal relationships of symptom severity and brain volume are hard
to demonstrate. In particular, the temporal direction of the relationship
has not been well described to date, and may not be simple. Since
schizophrenia is thought of as a syndrome resulting from abnormalities
in several systems (neurotransmitter, genetic, and psychopathological)
it may be expected that brain alterations will worsen over time and a
feedback loop be formed with symptom severity.

We are used to inferring causality in psychiatry through methods
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such as randomized controlled trials (RCTs), or Mendelian randomiza-
tion (MR) (Castro-de-Araujo et al., 2022). However, these methods are
not always feasible, either for high costs and logistical reasons in RCTs,
or because of the absence of genetic information in cohorts. A third line
of methodology that allows for causal inference when RCTs and MRs are
not available is cross-lagged panel models (CLPM). This method controls
for autoregressive effects (Granger, 1969) and was later extended to
include random intercepts (RI-CLPM, Hamaker et al., 2015). RI-CLPM is
useful for causal inference in longitudinal designs, and rarely used in
psychiatry. In this paper, we apply a RI-CLPM (Baribeau et al., 2022)
implemented in structural equation modelling (SEM) to investigate the
association between symptom severity and gray matter total volume
over three time-points in a data set including people with schizophrenia,
their siblings and healthy subjects. Since this method controls for
autoregressive effects, or the effect of psychosis at one time-point on the
next measurement occasion and the effect of the brain volume on the
next occasion brain volume, it might help reveal smaller effects between
these, that otherwise wouldn’t be captured in case-control designs, for
example.

2. Methods
2.1. Data source

Subjects from the NUSDAST data set (NU Schizophrenia Data and
Software Tool Federation using BIRN Infrastructure, North-Western
University) (Wang et al., 2013) were used for this analysis. These are
made accessible through the online interface SchizConnect (http://sch
izconnect.org) (Ambite et al., 2015). This dataset comprises subjects
recruited by advert from the community. Diagnosis was made according
to DSM-IV criteria using a semi-structured interview, the Structured
Clinical Interview for DSM-IV Axis I Disorders (SCID) (First et al., 1997),
in consensus between a psychiatrist and a research assistant. Exclusion
criteria were: substance abuse/dependence diagnosis coded by DSM-IV,
a clinically unstable mental state or other severe clinical condition,
present or past head injury, or a diagnosis of mild (or greater) mental
retardation by DSM-IV criteria (Harms et al., 2007). Furthermore, it
comprised two cohorts with identical selection procedures, which were
later anonymized and made available online in compliance with the
Health Insurance Portability and Accountability Act (Csernansky et al.,
2002; Harms et al., 2007). Data collection happened between 1998 and
2006, and complete explanation of the procedure is presented elsewhere
(Wang et al., 2013). For this analysis we used all subjects, including
participants with schizophrenia, controls, and their siblings who had
completed both psychological assessment and neuroimaging. This
resulted in a total of 673 subjects for this study, all from North America.

2.2. Neuroimaging and symptom severity

The NUSDAST data set includes MRI scans from a 1.5 T Vision
scanner platform (Siemens Medical Systems) (Ambite et al., 2015).
FreeSurfer version 3.0.4, (http://surfer.nmr.mgh.harvard.edu/), was
used to obtain cortical parcellations, which automates neuroanatomical
labelling of locations on a cortical surface model (Desikan et al., 2006;
Wang et al., 2013). Volumetric information was provided in mm?.

Psychotic symptomatology was assessed with the Scale for the
Assessment of Positive Symptoms (Andreasen, 1984) and the Scale for
the Assessment of Negative Symptoms (Andreasen, 1983). Raw scores
for SAPS and SANS were summed at each time point and included in the
model.

2.3. Data analysis
We used R version 4.1.3 (https://cran.r-project.org/) in all further

steps of our analyses. The volumetric data information and the symptom
scores were provided in separate files, which were manually linked
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using a data dictionary also provided by the authors of the data set.
Descriptive analysis of the variables was carried out, including statistical
tests between groups (baseline, 24 months, and 48 months). Means and
standard deviation (SD) are reported for continuous variables; fre-
quencies and absolute counts are reported for categorical variables. For
continuous variables an ANOVA was performed, and for categorical
variables, chi-square contingency table tests were used (Table 1). Before
SEM estimation, data was scaled.

All analyses were performed using R, with the umx package used for
SEM (structural equation modelling) analysis (Bates et al., 2019). The
estimation was based on full information maximum likelihood (FIML)
with the NPSOL optimizer. We checked identification using an OpenMx
utility (mxChecklIdentification) (Hunter et al., 2021). Missingness
increased with time points, all together (including all variables and all
waves) it reached 38.4%, mainly due to time point 48 months. Although
higher at the last wave due to drop-outs, the use of FIML should reduce
the impact of missing values as the likelihood is calculated row-wise
incorporating information from previous study waves. Age was resi-
dualized on the observed variables, therefore results are controlled for
age.

2.4. Model specification

The model specification can be seen in Fig. 1. It has three study time-
points, each wave including information on the observed brain volumes
and a latent variable reflective of the raw sum of SAPS and SANS scores
for each wave, thus capturing the dimensional aspect of psychosis
(Castro-de-Araujo et al., 2016). This model can be seen as a multilevel
model, where individual measures are nested in each time-point. The
latent variable and the observed brain volumes are allowed to correlate
within waves. Between waves, there are the autoregressive paths or
regressions between variables with themselves in the next wave; and
causal paths (or cross-lagged paths), which are the paths from either the
psychosis latent or brain volume in one wave to brain volume or psy-
chosis in the next wave. The former are important to account for the
invariance in psychosis or in volume that persists between study waves,
the latter represents what we are interested the most, the causal effect of
psychosis on volume between time points. Thus, we say, we are calcu-
lating the causal effects, controlling for autoregressive effects, and
allowing variables to interfere in each other at each wave (the correla-
tion paths, Fig. 1). The model was fitted to all the data in the dataset
(including healthy controls and siblings). The rationale for this is that
psychosis can be considered a dimensional construct, varying in degree
from absent to severely psychotic. The autoregressive paths control for
the invariance of the two variables of interest; all variance that is then
passed on to the next wave is due to the changes in psychosis and in
brain volume.

Finally, there are two random intercepts, with paths to the psychosis
latent or to the measured brain volume. These intercepts are there to
model across all waves stability. This approach reduces bias in the causal
estimates according to Hamaker (2005) and improves on the original
autoregressive model (Granger, 1969).

3. Results

There was a decrease in the mean of the total gray volume over time.
On the first visit, the average volume was 622,496.23 mm® (SD
76,198.12); on the last, the average volume was 579,427.76 mm?® (SD
579,427.76). Most of the individuals were African Americans (58.5%),
single (75.6%), males (52.2%), and with age on average 32 years (SD
13.62) d (28.5%) (Table 1).

The model fit was assessed through typical indexes. It presented a
Comparative Fit Index (CFI) = 0.955 (satisfactory) (Ben-Shachar et al.,
2020), Tucker-Lewis Index (TLI) = 0.9 (satisfactory) (Schumacker and
Lomax, 2015) and Root Mean Square Error of Approximation (RMSEA)
= 0.068 (satisfactory) (Steiger, 2007). Fig. 1 and Table 2 show
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Table 1
Demographics stratified by study wave.
n Overall Baseline 24 Months 48 Months P-value
673 426 190 57
Total gray vol mm® (mean (SD)) 612159.74 (76340.94) 622496.23 (76198.12) 605210.75 (77914.06) 579427.76 (61104.37) 0.002
SAPS (mean (SD)) 11.78 (18.00) 11.53 (17.50) 11.82 (17.85) 12.68 (20.60) 0.926
SANS (mean (SD)) 16.16 (19.24) 16.71 (19.83) 15.42 (18.72) 16.30 (18.92) 0.841
Condition (%) 0.007
No known disorder (healthy controls) 262 (38.9) 158 (37.1) 71 (37.4) 33(57.9)
Schizophrenia 265 (39.4) 166 (39.0) 76 (40.0) 23 (40.4)
Sibling of no known disorder (healthy controls) 89 (13.2) 61 (14.3) 28 (14.7) 0 (0.0)
Sibling of participant with schizophrenia 57 (8.5) 41 (9.6) 15 (7.9) 1(1.8)
Race (%) 0.054
Caucasian 248 (36.8) 160 (37.6) 61 (32.1) 27 (47.4)
African American 394 (58.5) 240 (56.3) 125 (65.8) 29 (50.9)
Hispanic 1(0.1) 1(0.2) 0 (0.0) 0 (0.0)
Native American 6(0.9) 3(0.7) 2(1.1) 1(1.8)
NA 24 (3.6) 22 (5.2) 2(1.1) 0 (0.0)
Ethnicity (%) 0.940
NA 1(0.2) 1(0.2) 0 (0.0) 0(0.0)
Hispanic 9(1.4) 5(1.2) 3(1.6) 1(1.8)
Non-Hispanic 639 (98.5) 398 (98.5) 185 (98.4) 56 (98.2)
Marital status (%) 0.078
Other 7 (1.0) 5(1.2) 2(1.1) 0 (0.0)
Single 509 (75.6) 322 (75.6) 149 (78.4) 38 (66.7)
Married 43 (6.4) 29 (6.8) 9(4.7) 5(8.8)
Divorced 58 (8.6) 31 (7.3) 20 (10.5) 7 (12.3)
Separated 11 (1.6) 7 (1.6) 2(1.1) 2 (3.5)
Widowed 6(0.9) 2(0.5) 211 2(3.5)
Unknown 9(1.3) 4(0.9) 3(1.6) 2(3.5)
NA 30 (4.5) 26 (6.1) 3(1.6) 1(1.8)
Sex (%) 0.062
Female 298 (44.3) 188 (44.1) 85 (44.7) 25 (43.9)
Male 351 (52.2) 216 (50.7) 103 (54.2) 32(56.1)
NA 24 (3.6) 22 (5.2) 211 0 (0.0)
Age (mean (SD)) 31.89 (13.62) 30.40 (13.03) 32.01 (13.89) 42.05 (12.58) <0.001
Years of schooling (mean (SD)) 13.20 (2.75) 13.09 (2.76) 13.21 (2.73) 14.06 (2.60) 0.057

Main demographic characteristics of the sample, stratified by study wave. Group comparison was performed using chi-squared tests for the categorical variables and
ANOVA for the continuous variables. n, number of observations; SD, standard deviation (SD).

standardised estimates in each path. Fig. 2 is a visualisation of the causal
and autoregressive paths in a forest plot. First, we can see that the
variances for the random intercepts varied, the random intercept for
psychotic symptoms was lower (0.51), than the random intercept for
gray volume (0.98). These represent the across all waves variances, and
can be interpreted as showing that participants varied more in terms of
brain volume across waves than in terms of psychotic symptomatology.
It can be seen in Fig. 2 that the causal paths from the latent variable
representing psychotic symptomatology at baseline to volume at
24-month follow-up was significant. The autoregressive paths from total
gray volume at baseline to 24-month follow-up and psychosis at
24-month follow-up to psychosis at 48-month follow-up were signifi-
cant. All causal paths are negative, the standardised path coefficient
from psychotic symptoms at baseline to brain volume at 24 months was
—0.203 and from psychosis at 24 months to brain volume at 48 months
was —0.143, both large effects. The causal path from total gray volume
at baseline to psychotic symptoms at 24 months was —0.002, the total
gray volume at 24 months to psychotic symptomatology at 48 months
was —0.04 (Fig. 2). These findings suggest that there is an effect of
symptomatology on brain volume over time, and that this relationship is
of a feedback type, where volume will in turn affect symptomatology on
later waves.

We residualized age on the observed variables, hence controlling for
age. Estimates obtained for causal paths were consistent with what we
found before controlling for age. However, some autoregressive paths
turned negative (Supplemental Material). We also performed model fit
comparisons between the full model described above, and the model
fitted to the dataset comprising only each gender, of the participants
with schizophrenia separately (Table 3). There was no significant dif-
ference between the full model and the smaller sets. However, all the
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other models had worse resolution, with the optimizer not reaching a
reasonable solution, resulting in missing standard errors or confidence
intervals. We therefore report the full model here.

4. Discussion

This is a longitudinal study using structural equation model to assess
the effect of brain volume on symptom severity using a sample that
included individuals with schizophrenia, their siblings and healthy
subjects. This model was specified to detect the effect of each of these
variables on each other in a panel structure using random intercepts.
This method is known to produce unbiased results within the CLPM
methods (Hamaker et al., 2015). We found reciprocal associations be-
tween symptom severity and gray volume over time. Symptoms had a
mild effect on volume, which decreased over time. Similarly, total gray
volume had a small negative effect on symptom severity, counteracting
the effect. One of four causal paths was significant, and two of four
autoregressive paths were significant.

The RI-CLPM model is underutilized in psychiatry. We are much
more focused in exploring possible causal links through RCTs and MRs.
However, RCTs are not always feasible due to logistics (e.g. marshalling
homogeneous enough participants) and classical MR cannot evaluate
bidirectional associations, among other limitations. This paper uses RI-
CLPM to examine the relationship between symptom severity and
brain volume in participants with schizophrenia and their siblings. RI-
CLPM has been recently used in obsessive compulsive disorder symp-
toms and depression (Simkin et al., 2022), brain trauma and depression
(Juengst et al., 2017), and in the causal investigation of the effect of
N-Acetylcysteine in depressive symptom reduction (Tomko et al., 2020).

Veijola et al. (2014) possibly has the most comprehensive
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Fig. 1. Cross-lagged panel model specification with standardized coefficient estimates. Psy, psychotic symptoms: total_gray_vol, total gray matter volume. RI_psy,
RI_vol: random intercepts. Saps: Scale for the Assessment of Positive Symptoms, sans: the Scale for the Assessment of Negative Symptoms. Raw scores for SAPS and
SANS were summed at each time. Dashed lines: negative coefficients. Mean structure not shown. Of interest are the cross-paths, these represent potential causal

effects between variables. The outer part of the model has two random intercepts, which play two roles: they reduce bias in the estimation of the causal path, and
allow us to calculate the rate of change in symptoms or in volume over study waves.

investigation of the temporal effect of brain volume reduction on
symptomatology (Veijola et al., 2014). They found no association be-
tween symptom severity, functional level, and decline in cognition with
brain volume reduction in schizophrenia, in a study that followed 33
participants. Furthermore, they found that the volume reduction was
better explained by medication use. Unfortunately, our studies cannot
be directly compared due to differences in data sets, such as the absence
of treatment information and the number of observations. But it is
possible that they were not able to detect the effect due to the number of
participants in their study.

The causal paths reported here are summaries of the more circum-
scribed (regional) volumetric changes’ effect on symptom severity and
vice-versa. A more fine-grained study could potentially reveal the spe-
cific regions which carry the most effects, perhaps using functional
neuroimaging. Our design does not allow specific conclusions regarding
positive or negative symptomatology on brain volume change to be
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drawn, however it reveals an overall symptom severity association with
such volume changes.

Our study results need to be interpreted in the context of some lim-
itations. This model does not allow for inclusion of other sociodemo-
graphic controls, like SES. The addition of these variables would have
rendered the model unidentified. Additionally, the number of in-
dividuals was relatively small and mostly African American, which
limits the generalizability of our findings. Medication information was
not available for analysis, and medication with anti-psychotics is known
to reduce brain volume over the course of treatment (Veijola et al.,
2014). It should be stated that the psychotic symptom assessment is a
snapshot in time and does not capture the full variance of symptom
severity between time points. If a participant had an episode between
measurements and had improved in the follow-up, this variation would
not be captured in the model tested and would impact conclusions about
the association between symptoms and brain volume. Finally, the
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Table 2

Demographics stratified by condition.
n No Disorder Schizophrenia Sibling of healthy Sibling of participant with schizophrenia p-value

262 265 89 57

Visit (%) 0.007
Baseline 158 (60.3) 166 (62.6) 61 (68.5) 41 (71.9)
24-month follow-up 71 (27.1) 76 (28.7) 28 (31.5) 15 (26.3)
48-month follow-up 33 (12.6) 23 (8.7) 0 (0.0) 1(1.8)
Total gray vol mm® (mean (SD)) 623597.08 (65518.54) 577218.64 (82473.33) 660048.93 (48159.85) 637187.99 (66603.40) <0.001
SAPS (mean (SD)) 0.31 (1.01) 24.31 (19.42) 0.20 (0.74) 0.67 (1.78) <0.001
SANS (mean (SD)) 2.94 (5.20) 30.57 (18.93) 2.08 (3.49) 10.85 (13.62) <0.001
Sex (%) <0.001
Female 120 (45.8) 87 (32.8) 62 (69.7) 29 (50.9)
Male 135 (51.5) 167 (63.0) 24 (27.0) 25 (43.9)
NA 7 (2.7) 11 (4.2) 334 3(5.3)
Age (mean (SD)) 34.62 (14.71) 35.33 (12.71) 20.33 (3.39) 21.19 (3.81) <0.001
Years of schooling (mean (SD)) 14.42 (2.65) 12.21 (2.43) 12.97 (2.56) 12.46 (2.70) <0.001

Main demographic characteristics of the sample, now stratified by condition. Group comparison was performed using chi-squared tests for the categorical variables and
ANOVA for the continuous variables. n, number of observations; SD, standard deviation (SD).
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Fig. 2. Causal and autoregressive paths, standardized coefficient estimates with confidence intervals.

Table 3

Model comparisons.
Model EP A Fit A df p AIC A AIC Compare with Model Fit units
RIxCLPM_with_3_timepoints 38 2513 0 -2lnL
males 38 —1069.766 —506 1443 —1069.766 RIxCLPM_with_3_timepoints -2InL
females 38 —1546.509 —604 966 —1546.509 RIXxCLPM_with_3_timepoints -2InL
Schizophrenia 38 —1185.547 —622 1327 —1185.547 RIxCLPM_with_3_timepoints -2InL

Model comparisons. The age controlled RI-CLPM was compared to the model fit only to males, females, and subjects with schizophrenia. There was no significant
difference in fit (—2 log-likelihood) between models (p column).

inter-rater reliability scores on the SANS/SAPS ratings were not important over the entire course of the disorder, as it is part of a feed-

available. back loop that results in reduced volume and worse clinical course.
These findings suggest that controlling symptomatology might be Future directions of this type of investigation should include more fine-
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grained tests, evaluating brain regions effect on symptomatology and
vice-versa. More generally, RI-CLPM could potentially be an important
approach to complement RCTs in cases where the case-control design of
the study is hampered by obvious effects in the intervention group, such
as in the case of transcranial magnetic stimulation or in interventions
with psychedelics.
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