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Predicting aging trajectories of decline in brain volume,
cortical thickness and fractional anisotropy in schizophrenia
Jun-Ding Zhu 1, Shih-Jen Tsai 1,2, Ching-Po Lin3, Yi-Ju Lee4 and Albert C. Yang 1,5,6✉

Brain-age prediction is a novel approach to assessing deviated brain aging trajectories in different diseases. However, most studies
have used an average brain age gap (BAG) of individuals with schizophrenia of different illness durations for comparison with
healthy participants. Therefore, this study investigated whether declined brain structures as reflected by BAGs may be present in
schizophrenia in terms of brain volume, cortical thickness, and fractional anisotropy across different illness durations. We used brain
volume, cortical thickness, and fractional anisotropy as features to train three models from the training dataset. Three models were
applied to predict brain ages in the hold-out test and schizophrenia datasets and calculate BAGs. We divided the schizophrenia
dataset into multiple groups based on the illness duration using a sliding time window approach for ANCOVA analysis. The brain
volume and cortical thickness models revealed that, in comparison with healthy controls, individuals with schizophrenia had larger
BAGs across different illness durations, whereas the BAG in terms of fractional anisotropy did not differ from that of healthy controls
after disease onset. Moreover, the BAG at the initial stage of schizophrenia was the largest in the cortical thickness model. In
contrast, the BAG from approximately two decades after disease onset was the largest in the brain volume model. Our findings
suggest that schizophrenia differentially affects the decline of different brain structures during the disease course. Moreover,
different trends of decline in thickness and volume-based measures suggest a differential decline in dimensions of brain structure
throughout the course of schizophrenia.
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INTRODUCTION
Schizophrenia is an essential health concern worldwide, with a
global prevalence of ~1%. It affects the physical, mental, cognitive,
and social domains1,2. Abnormalities in brain volume, cortical
thickness, and fractional anisotropy (FA) are observed in
individuals with schizophrenia, especially in the early stages3–8.
However, whether these features of structural deterioration are
present in patients with schizophrenia across different durations
of illness remains unclear.
Estimation of brain age is an innovative approach that uses

neuroimaging data and machine learning methods to predict
aging trajectories in healthy participants9. The difference between
brain age and chronological age, termed the brain age gap, can
serve as a parameter for determining correlations with partici-
pants’ clinicodemographic characteristics9. T1-weighted MRI
studies have used brain age to examine disease-related brain
deterioration in schizophrenia10–16. Schnack and colleagues
reported that the brain ages of individuals with schizophrenia
were approximately 3.36 years higher than their chronological
ages10. Another study reported that the average brain age (brain
age gap= 2.56) was significantly higher in individuals with
schizophrenia than in healthy controls and individuals with
bipolar disorder11. One study used large-scale structural covar-
iance networks and estimated that individuals with schizophrenia
had higher brain age (brain age gap= 5.69 years) than that of
healthy controls13. In addition, individuals with schizophrenia had
higher brain age than their chronological age at early stage12,15.
Notably, a recent study found a positive correlation between the
brain age gap and cytokine TNFα in schizophrenia16.

Constantinides et al. included 26 international cohorts via the
ENIGMA consortium to test the brain age gap between individuals
with schizophrenia and healthy controls based on 77 FreeSurfer
features. They found that individuals with schizophrenia had a
larger brain age gap than those of healthy controls with moderate
effect size across multiple independent cohorts worldwide17.
A Few studies have used diffusion tensor imaging (DTI) to

predict whether the brain aging trajectory in individuals with
schizophrenia was aberrant compared with healthy individuals.
Wang et al. reported individuals with schizophrenia had a
significantly larger brain age gap than that of healthy controls
after the age of 3018. Tønnesen and colleagues used the DTI
features of the white matter structure and organization to predict
brain age in individuals with schizophrenia and bipolar disorder19.
They revealed that the brain age gaps in both groups of
individuals were significantly larger than that in healthy controls19.
In addition, they noted that the brain age model constructed
using FA displayed higher sensitivity than that of models based on
other features, such as axial diffusivity, mean diffusivity, and radial
diffusivity19. A few studies have combined multimodal MRI to
estimate brain age in individuals with schizophrenia20,21. The
results demonstrated that the brain age of individuals with
schizophrenia was higher than their chronological age20,21.
Taken together, the findings of both T1-weighted MRI and DTI

studies have indicated that brain age is higher than chronological
age in individuals with schizophrenia, suggesting that the
neuroanatomical structure of individuals with schizophrenia has
disease-related accelerated aging. However, most studies have
attempted to predict brain age by using single-brain structural
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data derived from T1-weighted images or a single modality of
brain imaging10–12,17,19. In addition, most studies have used an
average brain age gap of individuals with schizophrenia of
different durations for comparison with healthy partici-
pants10,11,13,17,19,20. Only a few studies have examined the brain
age gap between patients with different stages of schizophrenia.
Koutsouleris et al. found a linear increase in brain age gap from
the at-risk, recent onset, and recurrent stages of individuals with
schizophrenia22. Huang and colleagues indicated that the brain
age gap of young individuals with schizophrenia was larger than
that of healthy controls; however, the same result was not
observed in middle-aged individuals with schizophrenia21. Demro
et al. demonstrated that the disease course of psychotic illness
was not significantly correlated with their brain age gap14. Chen
et al. also found that the normalized predicted age difference did
not show a significant correlation with the duration of illness in
schizophrenia23. We found that previous studies had inconsistent
results on the association between the brain age gap and duration
of illness in individuals with schizophrenia14,17,21,22. The relevant
studies are still limited. In addition, Kong et al. suggested that
brain volume and cortical thickness did not share the overlapping
regions completely in identifying morphometric changes24. Past
studies have mentioned that different brain structural parameters
(e.g., brain volume, cortical thickness, and FA) have different age-
related aging trajectories across the lifespan25–28. Therefore, the
goal of this study is to investigate the aging trajectories from
different brain structural quantitative perspectives and further use
these trajectory models to evaluate the impacts of disease courses
on brain structures in individuals with schizophrenia. This method
might help provide precise information about underlying disease
mechanisms and clarify disease-related impacts on brain struc-
tures across different durations of illness in schizophrenia.
In this study, we (1) trained three brain-age prediction models

based on brain volume, cortical thickness, and FA data from
healthy controls and (2) investigated whether these models can
be used to characterize the structural changes in schizophrenia at
different durations of illness.

RESULTS
Participants’ clinicodemographic characteristics
We recruited 524 participants (194 with schizophrenia and 330
healthy controls). The two groups were balanced in terms of age
(individuals with schizophrenia: 43.25 ± 11.93 years, range: 20–70;
healthy controls: 43.49 ± 15.47 years, range: 20–84; p= 0.85) and
sex (p= 0.28). Healthy controls had a higher average education
level (p < 0.001) and MMSE score (p < 0.001) than those individuals
with schizophrenia. The average duration of illness in individuals
with schizophrenia was 15.56 ± 10.30 years (range: 0–38 years;
Table 1). Table 1 and Fig. 1 also present the age distributions of
the two groups.

Brain-age prediction
We calculated the mean absolute error (MAE) and mean Pearson’s
correlation between brain age and chronological age after
repeating the whole cross-validation procedure one thousand
times in the training dataset to assess the model performances.
The moderate to high correlations between brain age and
chronological age in the training dataset in all three brain-age
prediction models before brain age correction were observed:
brain volume (mean MAE: 6.86 ± 0.13, 95% confidence intervals:
6.85–6.87; mean r: 0.832 ± 0.007, 95% confidence intervals:
0.832–0.833), cortical thickness model (mean MAE: 9.12 ± 0.15,
95% confidence intervals: 9.11–9.13; mean r: 0.688 ± 0.012, 95%
confidence intervals: 0.687–0.689), and FA model (mean MAE:
8.54 ± 0.16, 95% confidence intervals: 8.53–8.55; mean r:
0.749 ± 0.009, 95% confidence intervals: 0.748–0.749).

Next, we applied the trained models to predict brain ages of
hold-out test and schizophrenia datasets and calculated the MAE
and Pearson’s correlation between corrected brain age and
chronological age after brain age correction in three datasets.
Finally, we obtained the following results: brain volume (training
dataset: MAE= 5.60, r= 0.91; hold-out test dataset: MAE= 5.46,
r= 0.91; schizophrenia dataset: MAE= 8.73, r= 0.80), cortical
thickness (training dataset: MAE= 6.16, r= 0.90; hold-out test
dataset: MAE= 6.67, r= 0.91; schizophrenia dataset: MAE= 9.06,
r= 0.83), and FA (training dataset: MAE= 6.18, r= 0.90; hold-out
test dataset: MAE= 6.60, r= 0.92; schizophrenia dataset: MAE=
7.70, r= 0.81) (Fig. 2).

Group differences in brain age gap across different durations
of illness
We compared the differences in the brain age gap between each
group of schizophrenia and age- and sex-matched healthy
controls (independent hold-out test dataset) across different brain
structures (see Supplementary Table 1 for more details).
The brain volume model revealed that individuals with

schizophrenia had a larger brain age gap than healthy controls
across different durations of illness (p < 0.01), with medium to large
effect sizes (partial eta squared range: 0.08–0.45; Supplementary
Table 2). In addition, from ~22 years after schizophrenia onset, the
effect sizes tended to increase progressively, suggesting that a
longer duration of illness was associated with a more deviated
brain aging trajectory in the brain volume model (Figs. 3, 4).
In the cortical thickness model, the individuals with schizo-

phrenia had a significantly larger brain age gap than that of
healthy controls across different durations of illness after
Bonferroni correction (p < 0.01) with large effect sizes (partial eta
squared range: 0.14–0.50). These findings were similar to those of
the brain volume model (Supplementary Table 3). However, in
comparison to that of the brain volume model, the deviation of
the brain aging trajectory from the initial stage of the disease was
more intense in the cortical thickness model until 24 years after
disease onset (Figs. 3, 4).
In the FA model, no significant differences were found between

healthy controls and individuals with schizophrenia across
different durations of illness (Supplementary Table 4). These
findings suggest that the FA of individuals with schizophrenia did
not differ from that of healthy controls across different durations
of illness (Figs. 3, 4).

Association of brain age gaps with clinical characteristics in
schizophrenia
For the severity of symptoms, no significant correlation was found
between the brain age gap and the Positive and Negative
Syndrome Scale (PANSS) total score in the three brain-age
prediction models (brain volume: p= 0.70; cortical thickness:
p= 0.97; FA: p= 0.41). In addition, PANSS subscales (i.e., positive,
negative, and general psychopathology symptoms) were also not
correlated to the brain age gaps in the three models (positive
symptoms: brain volume: p= 0.39; cortical thickness: p= 0.80; FA:
p= 0.87. negative symptoms: brain volume: p= 0.45; cortical
thickness: p= 0.69; FA: p= 0.21. general psychopathology symp-
toms: brain volume: p= 0.42; cortical thickness: p= 0.85; FA:
p= 0.36).
For the chlorpromazine (CPZ) equivalent dosages, only partici-

pants with verified medication records (N= 161) were included in
the analysis. The results indicated that there were no significant
correlations between CPZ equivalent dosages and brain age gaps
in the three models (brain volume: p= 0.84; cortical thickness:
p= 0.20; FA: p= 0.90).
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Table 1. Clinicodemographic characteristics of individuals with schizophrenia and healthy controls.

Characteristics SZ (n= 194) HC (n= 330) Statistic (t or χ2) p value

Sex 1.13 0.28 b

Male, n (%) 85 (43.8%) 129 (39.1%)

Female, n (%) 109 (56.2%) 210 (60.9%)

Age, year 43.25 ± 11.93 43.49 ± 15.47 0.20 0.85 a

(Range) (20–70) (20–84)

20–29 0.78 0.38 b

Male/female, n 17/14 42/50

Total, n (%) 31 (16.0%) 92 (27.9%)

30–39 0.25 0.62 b

Male/ female, n 18/20 21/29

Total, n (%) 38 (19.6%) 50 (15.2%)

40–49 0.54 0.46 b

Male/ female, n 30/37 21/34

Total, n (%) 67 (34.5%) 55 (16.6%)

50–59 0.01 0.94 b

Male/ female, n 16/25 26/42

Total, n (%) 41 (21.1%) 68 (20.6%)

60–69 0.12 0.98 b

Male/ female, n 4/12 17/41

Total, n (%) 16 (8.3%) 58 (17.6%)

70–79 NA NA

Male/female, n 0/1 0/3

Total, n (%) 1 (0.5%) 3 (0.9%)

80–89 NA NA

Male/female, n 0/0 2/2

Total, n (%) 0 (0.0%) 4 (1.2%)

Education level, year 12.50 ± 3.55 15.85 ± 3.85 9.90 <0.001 a

MMSE 26.81 ± 3.39 28.96 ± 1.01 8.59 <0.001 a

Duration of illness, year 15.56 ± 10.30 NA NA NA

<1

Male/female, n 5/5 NA NA NA

Total, n (%) 10 (5.2%)

1–5

Male/female, n 13/15 NA NA NA

Total, n (%) 28 (14.4%)

6–10

Male/female, n 25/19 NA NA NA

Total, n (%) 44 (22.7%)

11–20

Male/female, n 18/28 NA NA NA

Total, n (%) 46 (23.7%)

>20

Male/female, n 24/42 NA NA NA

Total, n (%) 66 (34.0%)

PANSS score

Total 42.04 ± 10.76 NA NA NA

Positive symptoms 10.74 ± 3.37 NA NA NA

Negative symptoms 10.04 ± 3.76 NA NA NA

General psychopathology symptoms 21.26 ± 5.18 NA NA NA

CPZ equivalent dosagec 402.42 ± 324.27 NA NA NA

Data were mean ± SD or n (%) unless specified otherwise.
SZ patients with schizophrenia, HC healthy controls, MMSE mini-mental state examination, PANSS positive and negative syndrome scale, CPZ chlorpromazine.
aIndependent t-test, significance level= 0.05.
bChi-square test, significance level= 0.05.
cOnly 161 patients with schizophrenia had verified medication records.
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DISCUSSION
The present study has three main findings. First, our three brain-
age prediction models allowed reliable predictions of chronolo-
gical age in healthy controls. Second, we identified larger brain
age gaps across different durations of illness in the brain volume
and cortical thickness models in schizophrenia. In contrast, the FA
model indicated there was no significant deviated brain aging
trajectory between individuals with schizophrenia and healthy
controls across different durations of illness. Third, the deviation of
the brain aging trajectory at the early stage of individuals with
schizophrenia was strongest in the cortical thickness model.
However, the deviation of the brain aging trajectory from two
decades (~24 years) after schizophrenia onset was most
pronounced in the brain volume model.
The three models were trained in this study using the brain

volume, cortical thickness, and FA value from 230 healthy controls
by the Gaussian process regression method with fivefold cross-
validation. After repeating the whole cross-validation procedure
one thousand times, the estimated brain ages of the training
dataset had moderate to high correlations with the chronological
ages, with mean MAEs ranging from 6.68 to 9.12 years in the three
models. Also, the estimated brain ages of the hold-out test dataset
were highly correlated with the chronological ages, with MAEs
ranging from 5.46 to 6.67 years after brain age correction in the
three models. The results were consistent with those of brain-age
estimation studies19,29. Tønnesen and colleagues extracted all
features of DTI (i.e., FA, axial diffusivity, mean diffusivity, and radial
diffusivity) from healthy controls to train the models. The main
model, including all features, had a high correlation between brain
age and chronological age, and the MAE was 6.49 years19. Another
study extracted T1-weighted, T2-weighted, and arterial spin

Fig. 2 Performances of three brain-age prediction models in
healthy controls (training and hold-out test datasets) and
individuals with schizophrenia. The scatter plots present chron-
ological age and corrected brain age in three different brain
features. The green line represents the best linear fit in the training
dataset. The purple line represents the best linear fit in the hold-out
test dataset. The red line represents the best linear fit in individuals
with schizophrenia.

Fig. 1 Age distributions of study participants. The upper panel
presents the age distribution of healthy controls, and the lower panel
illustrates the age distribution of individuals with schizophrenia.

Fig. 3 The brain age gaps of the individuals with schizophrenia
and healthy controls across different durations of illness in three
models. The colored lines represent the means of the brain age gap
across the duration of illness in two groups, and the shaded areas
represent the standard error of the mean.
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labeling data to estimate brain age in healthy controls. The brain
ages had moderate to high correlations with chronological ages
(correlation coefficients: 0.56–0.88), and the MAEs ranged from 6.4
to 11.2 years in all trained models29. Gaussian process models are
beneficial for clinical practice and multiple neuroimaging applica-
tions, including brain age prediction, cortical maps, white matter
fiber clustering, disease status, and clinical outcomes through
classification and regression30–36. Therefore, the method used in
this study to train the brain-age prediction model is reliable. We
also found that the hold-out test dataset outperformed the
training dataset in the brain volume model after brain age
correction. Similar results could be found in previous brain age
studies13,34,37. In this study, we randomly divided 330 healthy
controls into the training and test datasets in a ratio of 7 to 3.
There were no statistically significant differences in the proportion
of males and females between the two datasets in each age group
in this study. However, the proportion of total participants in each
age group distribution was different in the training and hold-out
test datasets (Supplementary Table 5 and Supplementary Fig. 1),
which might lead to a lower MAE in the hold-out test dataset than
that in the training dataset in the brain volume model.
We found significantly deviated brain aging trajectories in brain

volume and cortical thickness across different durations of illness
in individuals with schizophrenia as compared with those of
healthy controls. Koutsouleris et al. found that the brain age gap
of brain volume in individuals with schizophrenia progressively
increased after disease onset22. One T1-weighted MRI study used
the brain age method to estimate the brain age gap in the early
stage of schizophrenia (average duration of illness= 4.61 years)
and demonstrated that individuals with schizophrenia had larger
brain age gaps than those of healthy controls12. A review study
revealed a decline in multiple gray matter regions on structural
MRI in both patients with first-episode psychosis and those with
chronic schizophrenia4. The longitudinal studies demonstrated
that brain structures in patients with schizophrenia deteriorated in
the early stage after disease onset10,38. Cropley et al. found that
from the age of 23, individuals with schizophrenia showed a
significant reduction in total brain volume, reaching a peak of 8%
loss relative to healthy controls at the age of 703. These findings
agree with our results. Our data indicated that brain aging, in
terms of brain volume and cortical thickness deterioration, occurs
continuously as the disease progresses and is reflected as an
increasing brain age gap.
In the FA model, no significant differences were observed in the

brain age gap between individuals with schizophrenia and healthy
controls across different durations of illness. One study extracted
the FA value to estimate brain age in schizophrenia and revealed
that individuals with schizophrenia (corrected brain age gap:
0.24 ± 9.92) had a higher brain age gap than that of healthy

controls (corrected brain age gap: –3.23 ± 8.66)19. Our results show
that the corrected brain age gaps between individuals with
schizophrenia and healthy controls (hold-out test dataset) were
0.91 ± 8.76 years and 0.37 ± 7.91 years, respectively. The estimated
brain age of healthy controls in the previous study was younger
than the chronological age. However, the estimated brain age of
our healthy controls was close to their chronological age, which
might be a possible reason for the inconsistent results. Cropley
et al. reported that individuals with schizophrenia significantly
declined in global FA from age 35 and progressively worsened
until the oldest age3. A DTI study showed that brain age was
significantly higher in patients with schizophrenia after the age of
30. In contrast, accelerated brain aging was not observed in
patients with schizophrenia before the age of 3018. These results
are similar to our findings. In the FA model, individuals with
schizophrenia showed a progressive trend toward deviation of
aging trajectory of FA around 17 years after disease onset (mean
age= 45.78), although there was no significant difference in the
statistical analysis. Previous DTI studies have demonstrated that
individuals with chronic schizophrenia had a significant reduction
in FA values compared with healthy controls in the whole brain
and in the genu of the corpus callosum, right forceps minor, and
left inferior longitudinal fasciculus; however, similar results were
not observed in individuals with first-episode schizophrenia39–41.
These results may suggest that FA abnormalities might occur in
middle age or in chronic patients with schizophrenia.
The degrees of deviated brain aging trajectory in the brain

volume and cortical thickness models varied at different stages of
schizophrenia. The deviation at the initial stage of the disease was
strongest in the cortical thickness model, but the deviation from
approximately 24 years after disease onset was most vigorous in
the brain volume model. A study demonstrated that cortical
thickness, cortical surface area, gray/white matter intensity
contrast, and curvature might jointly drive changes in brain
volume, leading to potential differences between brain volume
and cortical thickness24. Previous studies have shown that cortical
thickness deteriorated more than the surface area in the initial
stages of individuals with schizophrenia, and this factor might be
the main reason for the reduction of the whole brain volume in
schizophrenia during the initial phase42,43. However, the reduction
of brain volume in chronic individuals with schizophrenia might
be driven jointly by different brain structural parameters (e.g.,
cortical thickness, surface area, gray/white matter intensity
contrast, and curvature) rather than being caused primarily by
cortical thinning24,44. Therefore, we speculated that brain volume
was affected by different brain structural parameters, such as
cortical thickness, surface area, gray/white matter intensity
contrast, and curvature. Taken together, our findings of differen-
tially deviated brain aging trajectories in brain volume before and
after two decades of disease course (~24 years) might have
different causes, namely, cortical thinning in the earlier stage and
joint deterioration in different brain structural parameters (e.g.,
cortical thickness, surface area, gray/white matter intensity
contrast, and curvature) in the chronic stage. These causes might
explain the larger brain age gap with larger effect sizes in the
cortical thickness model than in the brain volume model in the
early stage of schizophrenia. In the chronic stage, the brain age
gap in the brain volume model began to be larger than that in the
cortical thickness model, and the effect sizes in the brain volume
model became more prominent as the duration of the illness
advanced. Individuals with schizophrenia experience an abnormal
neuronal pruning process, including the reduction of synaptic
products or pyramidal layer thickness, which might lead to an
accelerated process of cortical thinning45–47. However, the nature
of biological changes that may cause an alteration in cortical
surface area or brain tissue intensity contrast in the pathological
process of individuals with schizophrenia remains unclear44,48. In
this study, it is challenging to evaluate molecular and cellular

Fig. 4 Effect sizes (partial eta squared) from comparisons of the
brain age gap across different durations of illness between
individuals with schizophrenia and healthy controls (hold-out test
dataset). * significant difference after Bonferroni correction.
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alterations of individuals with schizophrenia with magnetic
resonance imaging methodology. More relevant studies are
needed in the future to validate our findings.
Finally, our results showed that there were no significant

correlations between the brain age gaps with the severity of
symptoms and CPZ equivalent dosages in three trained models. A
recent study found that a larger brain age gap in schizophrenia
could reflect cognitive decline rather than the severity of clinical
symptoms15. Walton et al. reported that positive symptoms had an
inverse relationship with cortical thickness in the superior
temporal gyrus, and negative symptoms had a negative correla-
tion with cortical thickness in the prefrontal cortex after
controlling for age, sex, and site in their meta-analysis studies49,50.
We used the whole-brain data as features to train three brain-age
prediction models. This might reduce the sensitivity of brain age
gaps to the severity of symptoms. In addition, most individuals
with schizophrenia in our study were chronic and symptom-stable
patients. These factors might lead to no significant correlations
between brain age gaps and the severity of symptoms in the three
models. A previous meta-analysis study found that high anti-
psychotic dosage had a negative relationship with parietal lobe
volume and a positive relationship with basal ganglia volume51.
According to previous results, antipsychotic medication use might
be only related to impacts on specific brain regions51. However, in
the present study, we did not focus on specific brain regions to
explore the alterations in brain structures caused by antipsychotic
medication use in individuals with schizophrenia. A recent study52

showed that early antipsychotic medication use might reduce the
brain age gap in patients with first-episode schizophrenia. In
contrast, the illness duration of the participants was longer in our
study (mean: 15.56 years, ranging from 0 to 38 years), and our
result showed a lack of association between medication and the
brain age gap, which is consistent with the previous studies17,18,23.
Therefore, we speculate that the brain age gap may be more
sensitive to first-episode schizophrenia patients with early
medication use but less sensitive to chronic schizophrenia patients
with antipsychotic medication use.
The strengths of this study are that we trained three brain-age

prediction models on three brain structural features. In addition,
we used a 5-year sliding window to divide individuals with
schizophrenia into multiple groups to explore the differences in
the brain age gap between healthy controls and individuals with
schizophrenia across different durations of illness. The previous
studies53–58 have used the sliding time window method in
different diseases (e.g., neurological54, psychiatric disorders55,56,
and SARS-CoV-257,58). This method could further explore the time-
specific (e.g., age or duration of illness) changes in the brain of
participants. With the sliding time window approach, we could
construct similar aging trajectories in cross-sectional studies as in
longitudinal studies, even if we lack longitudinal data. This
approach also helped us clarify the differential impacts of
schizophrenia on brain volume, cortical thickness, and FA across
different durations of illness.
However, the present study still had some limitations. First, the

present study used a cross-sectional design to explore the disease-
related aging trajectories and alterations in the brain structures in
schizophrenia. To have a clear understanding of the disease-
related alteration in the brain structures, longitudinal prospective
studies including individuals at ultra-high risk of psychosis and
individuals with first-episode schizophrenia are required. Second,
the individuals with schizophrenia ranged in age from 20 to 70
years. We could not investigate the disease-related impacts on
gray or white matter of schizophrenia in early adolescence. Future
studies including younger participants could provide a more
comprehensive understanding of the pathological process of
schizophrenia. Third, MMSE was performed to assess the overall
cognitive function of individuals with schizophrenia in this study.
However, this tool might be less sensitive to overall cognitive

ability because of ceiling effects. Future studies to include more
cognitive assessments may help understand the comprehensive
cognitive ability of individuals with schizophrenia. Finally, we
could not completely rule out the effects of antipsychotic drugs
on the brain structures of individuals with schizophrenia. Further
research should recruit drug-naïve participants to examine the
impacts of antipsychotic medication on brain structures in
individuals with schizophrenia.
In conclusion, this study comprehensively examined the

deviation of the brain age gaps in terms of brain volume, cortical
thickness, and FA in individuals with schizophrenia across different
durations of illness by using a machine learning approach. In
addition, our results suggested that the brain age gap can reflect
the deterioration of brain structures. Therefore, using a machine
learning approach to predict brain age is a promising method for
detecting altered aging trajectories in neuropsychiatric disorders.
We observed that both brain volume and cortical thickness had
accelerated deterioration right from disease onset, whereas the
brain age gap in terms of FA did not differ from that of healthy
controls across different durations of illness. The deviation of the
brain aging trajectory at the initial stage of the disease was
strongest in the cortical thickness model; however, the deviation
of the brain aging trajectory from two decades after disease onset
(~24 years) was most vigorous in the brain volume model.
Together, these findings suggest that schizophrenia has different
impacts on the decline of different brain structures. Notably, the
different trends of decline in thickness and volume-based
measures suggest a differential decline in dimensions of brain
structure throughout the course of schizophrenia. Future studies
should extract different brain features from multiple neuroima-
ging modalities to provide more comprehensive insights into the
neuropathology of schizophrenia.

METHODS
Participants
We recruited 194 individuals with schizophrenia and 330 healthy
controls. Each individual with schizophrenia was diagnosed
according to the Diagnostic and Statistical Manual of Mental
Disorders, Fourth Edition, by two psychiatrists. The cognitive
function of all participants was assessed with the Mini-Mental
State Examination (MMSE)59. In addition, the severity of symptoms
was further assessed in individuals with schizophrenia with the
PANSS60. Individuals with schizophrenia who had a history of
other psychiatric disorders or neurological diseases were
excluded. The psychiatrists retrieved the medication information
of the individuals with schizophrenia from their medical records.
This study was approved by the Institutional Review Board of
National Yang Ming Chiao Tung University, and all participants
provided written informed consent.

Image acquisition
All participants were scanned with a 3 T MRI scanner (Siemens
Magnetom Tim Trio, Erlangen, Germany). The DTI images were
acquired with a single-shot spin-echo EPI sequence in the axial
plane, with the following parameter settings: repetition time
(TR)= 11,000 ms; echo time (TE)= 104ms; the number of excita-
tions= 3; matrix size= 128 × 128; field of view= 26 cm; slices=
70; slice thickness= 2.0 mm; and b-value= 1000 s/mm2. Thirty
isotropic diffusion directions and three non diffusion weighted T2
images were obtained per participant. For T1-weighted MR
scanning, the images were obtained using a sagittal 3D
magnetization-prepared rapid gradient echo (MPRAGE) sequence,
with the following parameter settings: TE= 3.5 ms; matrix
size= 256 × 256; slices= 192; slice thickness= 1mm; and voxel
size= 1.0 × 1.0 × 1.0 mm3. The DTI and T1-weighted MRI scanning
protocols were consistent with our previous study61.
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Image processing
Brain volume and cortical thickness were calculated using
FreeSurfer’s standard auto-reconstruction algorithm62–64 (version
6.0.0, http://surfer.nmr.mgh.harvard.edu/). First, T1-weighted
images were preprocessed to eliminate all nonbrain tissue,
transformed into Talairach space, and segmented into gray matter
and white matter. Next, the cortical surface model was recon-
structed to locate the gray/white matter and gray/CSF boundaries.
The values of cortical thickness were obtained by calculating the
shortest distance between the two boundaries. A trained research
assistant carefully inspected each image and manually corrected
segmentation errors. A total of 70 values of cortical thickness in

bilateral hemispheres were computed using the Desikan–Killiany
atlas. We also acquired 57 values of brain volume by FreeSurfer’s
automated segmentation (i.e., aseg) (Fig. 5a).
The FMRIB Software Library v6.0 (FSL)65 was used to preprocess

the raw DTI data. The eddy tool was used to correct eddy currents
and movements in the DTI data66. Brain tissue was extracted, and
nonbrain tissue was removed with the brain extraction tool67. Next,
the eddy-corrected data were fit into a tensor model at each voxel to
create FA images. In the tract-based spatial statistics pipeline, all FA
images were registered and aligned using the FMRIB58_FA standard-
space image as the target. These images were normalized into an
MNI152 standard space68. From these normalized images, FA values

Fig. 5 Illustration of the three trained brain-age prediction models. a The preprocessing and analysis of brain structural data. DTI data were
preprocessed with the FSL toolbox, which was also used to calculate the 49 FA values. T1-weighted images were used to extract the 57 values
of brain volume and the 70 values of cortical thickness with the FreeSurfer software suite. b The Gaussian process regression approach with
fivefold cross-validation was used to train the models on the training dataset of 230 healthy controls. The models were assessed with MAE and
with the correlation between the corrected brain age and chronological age after repeating the whole cross-validation procedure one
thousand times in the training dataset. The hold-out test dataset of 100 healthy controls was utilized to test three trained models. c The brain
ages of individuals with schizophrenia were estimated with the three models with bias correction. We performed the ANCOVA to compare the
brain age gaps between the two groups across different durations of illness based on three different trained models. FA fractional anisotropy,
MAE mean absolute error, BAG brain age gap.
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were calculated with the JHU-ICBM-labels-1mm atlas to obtain 48 FA
values as regions of interest. We also averaged 48 FA values to
acquire a mean FA value for each participant, which yielded 49 FA
values as features in this study (Fig. 5a).

Brain-age prediction
The healthy controls were randomly divided into a training
dataset (n= 230) and an independent hold-out test dataset
(n= 100) at a ratio of 7 to 3 (see Supplementary Table 5 for more
details). We used the Regression Learner Tool in MATLAB R2021a
(MathWorks, Natick, MA, USA) to perform the machine learning
analysis. We trained three models based on the brain volume (57
features), cortical thickness (70 features), and FA (49 features) of
the training dataset by using Gaussian process regression30,31,34

with fivefold cross-validation. Gaussian process regression is a
nonparametric regression model, and this algorithm is based on
the Bayesian approach69. The combination of T1-weighted MRI
data and the Gaussian process regression method showed good
performance in brain age prediction31. The Gaussian process
regression algorithm was performed to train brain-age prediction
models with an exponential kernel function, and we used the
default values as model hyperparameters (basis function: con-
stant; use isotropic kernel: true; kernel scale: automatic; signal
standard deviation: automatic; sigma: automatic; standardize: true;
optimize numeric parameters: true). Subsequently, the hold-out
test dataset was utilized to test three trained models, which were
also applied to the schizophrenia dataset to obtain an estimate of
their brain age. A recent study found bias in brain age estimation
in different age groups: brain ages tend to be overestimated in
younger adults, while they tend to be underestimated in older
adults70. To eliminate this bias, we corrected the estimated brain
age according to the studies’ recommendations70,71. First, we
fitted the brain age and chronological age using

Brain age ¼ α ´Ωþ β (1)

The coefficient Ω represents the chronological age, α represents
the slope, and β represents the intercept. Second, we applied the
derived values of α and β to correct the brain age using the
following formula:

Correctedbrain age ¼ Brain ageþ Ω� α ´Ωþ βð Þ½ � (2)

The three trained models were assessed with the mean
absolute error (MAE) and mean Pearson’s correlation between
brain age and chronological age after repeating the whole cross-
validation procedure one thousand times in the training dataset
(Fig. 5b). We also calculated the MAE and Pearson’s correlation
between corrected brain age and chronological age after brain
age bias correction in three datasets.
Next, we calculated the brain age gap by subtracting the

chronological age from the corrected brain age for each participant
of the hold-out test dataset and the schizophrenia dataset (Fig. 5c).

Group comparison of the brain age gap across different
durations of illness
The duration of illness of individuals with schizophrenia in this
study ranged from 0 to 38 years. To investigate the acceleration of
brain aging in schizophrenia in terms of brain volume, cortical
thickness, and FA across the different durations of illness, we
divided the individuals with schizophrenia into multiple groups
using a 5-year sliding time window for the duration of illness with
a 1-year interval step. For instance, individuals with a duration of
illness from <1 year to <5 years were defined as the group of 0–4
years, and those with a duration of illness from <2 years to <6
years were defined as the group of 1–5 years, and so on. Notably,
individuals with schizophrenia with durations of illness of 31 to 38
years were grouped together because of the relatively small

sample size (N= 36). In addition, we compared the brain age gaps
between each group of individuals with schizophrenia and age-
and sex-matched healthy controls, which were selected randomly
from the hold-out test dataset based on the sample size of each
group of individuals with schizophrenia (Fig. 5c).

Statistical analysis
For analysis of the clinicodemographic characteristics, the chi-
square test and independent t-test were used for categorical and
continuous variables, respectively.
Before group comparisons, we performed Tukey’s boxplot72 to

identify and remove outlier data points for each group of
individuals with schizophrenia. Values outside the interval [Q1-
1.5*IQR and Q3+ 1.5*IQR] were considered outliers and removed.
We performed the ANCOVA with the brain age gap as the
dependent variable and diagnosis (i.e., each group of schizo-
phrenia versus age- and sex-matched healthy controls from the
hold-out test dataset) as the grouping variable. We included the
chronological age, sex, MMSE score, and educational level as the
covariates. The Bonferroni correction was used for five times
comparisons, and the p value was set at 0.01. Partial eta squared
was calculated as the effect size parameter in this study.
We also utilized Pearson’s correlation to examine the relation-

ship of brain age gaps from three different trained models with
clinical characteristics (i.e., the severity of symptoms and CPZ
equivalent dosage), respectively.

DATA AVAILABILITY
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analyses reported in this manuscript are available from the corresponding author
upon request.

Received: 17 March 2022; Accepted: 20 December 2022;

REFERENCES
1. Holder, S. D. & Wayhs, A. Schizophrenia. Am. Fam. Phys. 90, 775–782 (2014).
2. Heinrichs, R. W. & Zakzanis, K. K. Neurocognitive deficit in schizophrenia: a

quantitative review of the evidence. Neuropsychology 12, 426–445 (1998).
3. Cropley, V. L. et al. Accelerated gray and white matter deterioration with age in

schizophrenia. Am. J. Psychiatry 174, 286–295 (2017).
4. Dietsche, B., Kircher, T. & Falkenberg, I. Structural brain changes in schizophrenia

at different stages of the illness: a selective review of longitudinal magnetic
resonance imaging studies. Aust. N Z. J. Psychiatry 51, 500–508 (2017).

5. Hulshoff Pol, H. E. & Kahn, R. S. What happens after the first episode? A review of
progressive brain changes in chronically ill patients with schizophrenia. Schizophr.
Bull. 34, 354–366 (2008).

6. Kanaan, R. A., Picchioni, M. M., McDonald, C., Shergill, S. S. & McGuire, P. K. White
matter deficits in schizophrenia are global and don’t progress with age. Aust. N Z.
J. Psychiatry 51, 1020–1031 (2017).

7. Kubota, M. et al. Age-related cortical thinning in schizophrenia. Schizophr Res.
125, 21–29 (2011).

8. Lin, Y. et al. Age-related reduction in cortical thickness in first-episode treatment-
naïve patients with schizophrenia. Neurosci. Bull. 35, 688–696 (2019).

9. Cole, J. H. & Franke, K. Predicting age using neuroimaging: innovative brain
ageing biomarkers. Trends Neurosci 40, 681–690 (2017).

10. Schnack, H. G. et al. Accelerated brain aging in schizophrenia: a longitudinal
pattern recognition study. Am. J. Psychiatry 173, 607–616 (2016).

11. Nenadić, I., Dietzek, M., Langbein, K., Sauer, H. & Gaser, C. BrainAGE score indi-
cates accelerated brain aging in schizophrenia, but not bipolar disorder. Psy-
chiatry Res. Neuroimag. 266, 86–89 (2017).

12. Hajek, T. et al. Brain age in early stages of bipolar disorders or schizophrenia.
Schizophr. Bull. 45, 190–198 (2019).

13. Kuo, C. Y. et al. Large-scale structural covariance networks predict age in middle-
to-late adulthood: a novel brain aging biomarker. Cereb. Cortex 30, 5844–5862
(2020).

J.-D. Zhu et al.

8

Schizophrenia (2023)     1 Published in partnership with the Schizophrenia International Research Society



14. Demro, C. et al. Advanced brain-age in psychotic psychopathology: evidence for
transdiagnostic neurodevelopmental origins. Front. Aging Neurosci. 14, 872867
(2022).

15. Haas, S. S. et al. Accelerated global and local brain aging differentiate cognitively
impaired from cognitively spared patients with schizophrenia. Front. Psychiatry
13, 913470 (2022).

16. Klaus, F. et al. Peripheral inflammation levels associated with degree of advanced
brain aging in schizophrenia. Front. Psychiatry 13, 966439 (2022).

17. Constantinides, C. et al. Brain ageing in schizophrenia: evidence from 26 inter-
national cohorts via the ENIGMA Schizophrenia consortium. Mol. Psychiatry
(2022).

18. Wang, J. et al. White matter brain aging in relationship to schizophrenia and its
cognitive deficit. Schizophr. Res. 230, 9–16 (2021).

19. Tønnesen, S. et al. Brain age prediction reveals aberrant brain white matter in
schizophrenia and bipolar disorder: a multisample diffusion tensor imaging
study. Biol. Psychiatry Cogn. Neurosci. Neuroimaging 5, 1095–1103 (2020).

20. Shahab, S. et al. Brain structure, cognition, and brain age in schizophrenia, bipolar
disorder, and healthy controls. Neuropsychopharmacology 44, 898–906 (2019).

21. Huang, J. et al. Multimodal magnetic resonance imaging reveals aberrant brain
age trajectory during youth in schizophrenia patients. Front. Aging Neurosci. 14,
823502 (2022).

22. Koutsouleris, N. et al. Accelerated brain aging in schizophrenia and beyond: a
neuroanatomical marker of psychiatric disorders. Schizophr. Bull. 40, 1140–1153
(2014).

23. Chen, C. L. et al. Detection of advanced brain aging in schizophrenia and its
structural underpinning by using normative brain age metrics. Neuroimage Clin.
34, 103003 (2022).

24. Kong, L. et al. Comparison of grey matter volume and thickness for analysing
cortical changes in chronic schizophrenia: a matter of surface area, grey/white
matter intensity contrast, and curvature. Psychiatry Res. 231, 176–183 (2015).

25. Hedman, A. M., van Haren, N. E. M., Schnack, H. G., Kahn, R. S. & Hulshoff Pol, H. E.
Human brain changes across the life span: a review of 56 longitudinal magnetic
resonance imaging studies. Hum Brain Mapp. 33, 1987–2002 (2012).

26. Kochunov, P. et al. Fractional anisotropy of cerebral white matter and thickness of
cortical gray matter across the lifespan. Neuroimage 58, 41–49 (2011).

27. Storsve, A. B. et al. Differential longitudinal changes in cortical thickness, surface
area and volume across the adult life span: regions of accelerating and decel-
erating change. J. Neurosci. 34, 8488–8498 (2014).

28. Westlye, L. T. et al. Life-span changes of the human brain white matter: diffusion
tensor imaging (DTI) and volumetry. Cereb Cortex 20, 2055–2068 (2009).

29. Rokicki, J. et al. Multimodal imaging improves brain age prediction and reveals
distinct abnormalities in patients with psychiatric and neurological disorders.
Hum Brain Mapp. 42, 1714–1726 (2021).

30. Aycheh, H. M. et al. Biological brain age prediction using cortical thickness data: a
large scale cohort study. Front. Aging Neurosci. 10, 252 (2018).

31. Cole, J. H., Leech, R. & Sharp, D. J. Prediction of brain age suggests accelerated
atrophy after traumatic brain injury. Ann. Neurol. 77, 571–581 (2015).

32. Hope, T. M. H., Seghier, M. L., Leff, A. P. & Price, C. J. Predicting outcome and
recovery after stroke with lesions extracted from MRI images. Neuroimage Clin. 2,
424–433 (2013).

33. Macke, J. H., Gerwinn, S., White, L. E., Kaschube, M. & Bethge, M. Gaussian process
methods for estimating cortical maps. Neuroimage 56, 570–581 (2011).

34. Millar, P. R. et al. Predicting brain age from functional connectivity in sympto-
matic and preclinical Alzheimer disease. Neuroimage 256, 119228 (2022).

35. Wassermann, D., Bloy, L., Kanterakis, E., Verma, R. & Deriche, R. Unsupervised
white matter fiber clustering and tract probability map generation: applications
of a Gaussian process framework for white matter fibers. Neuroimage 51,
228–241 (2010).

36. Ziegler, G., Ridgway, G. R., Dahnke, R. & Gaser, C. Individualized Gaussian process-
based prediction and detection of local and global gray matter abnormalities in
elderly subjects. Neuroimage 97, 333–348 (2014).

37. Gonneaud, J. et al. Accelerated functional brain aging in pre-clinical familial
Alzheimer’s disease. Nat. Commun. 12, 5346 (2021).

38. van Haren, N. E. et al. Progressive brain volume loss in schizophrenia over the
course of the illness: evidence of maturational abnormalities in early adulthood.
Biol. Psychiatry 63, 106–113 (2008).

39. Friedman, J. I. et al. Diffusion tensor imaging findings in first-episode and chronic
schizophrenia patients. Am. J. Psychiatry 165, 1024–1032 (2008).

40. Kong, X. et al. Complementary diffusion tensor imaging study of the corpus
callosum in patients with first-episode and chronic schizophrenia. J. Psychiatry
Neurosci. 36, 120–125 (2011).

41. White, T. et al. Global white matter abnormalities in schizophrenia: a multisite
diffusion tensor imaging study. Schizophr. Bull. 37, 222–232 (2011).

42. Rimol, L. M. et al. Cortical volume, surface area, and thickness in schizophrenia
and bipolar disorder. Biol. Psychiatry 71, 552–560 (2012).

43. Xiao, Y. et al. Altered cortical thickness related to clinical severity but not the
untreated disease duration in schizophrenia. Schizophr. Bull. 41, 201–210
(2015).

44. Kong, L. et al. Reduced gray to white matter tissue intensity contrast in schizo-
phrenia. PLoS ONE 7, e37016 (2012).

45. Lewis, D. A., Pierri, J. N., Volk, D. W., Melchitzky, D. S. & Woo, T. U. Altered GABA
neurotransmission and prefrontal cortical dysfunction in schizophrenia. Biol.
Psychiatry 46, 616–626 (1999).

46. Glantz, L. A. & Lewis, D. A. Decreased dendritic spine density on prefrontal cortical
pyramidal neurons in schizophrenia. Arch. Gen. Psychiatry 57, 65–73 (2000).

47. Williams, M. R. et al. Changes in cortical thickness in the frontal lobes in schi-
zophrenia are a result of thinning of pyramidal cell layers. Eur. Arch. Psychiatry
Clin. Neurosci. 263, 25–39 (2013).

48. Palaniyappan, L., Mallikarjun, P., Joseph, V., White, T. P. & Liddle, P. F. Regional
contraction of brain surface area involves three large-scale networks in schizo-
phrenia. Schizophr. Res. 129, 163–168 (2011).

49. Walton, E. et al. Positive symptoms associate with cortical thinning in the superior
temporal gyrus via the ENIGMA Schizophrenia consortium. Acta Psychiatr. Scand.
135, 439–447 (2017).

50. Walton, E. et al. Prefrontal cortical thinning links to negative symptoms in schi-
zophrenia via the ENIGMA consortium. Psychol. Med. 48, 82–94 (2018).

51. Huhtaniska, S. et al. Long-term antipsychotic use and brain changes in schi-
zophrenia - a systematic review and meta-analysis. Hum. Psychopharmacol. 32
(2017).

52. Xi, Y. B. et al. Neuroimaging-based brain-age prediction of first-episode
schizophrenia and the alteration of brain age after early medication. Br. J.
Psychiatry 1–8 (2021).

53. Truelove-Hill, M. et al. A multidimensional neural maturation index reveals
reproducible developmental patterns in children and adolescents. J. Neurosci. 40,
1265–1275 (2020).

54. Kaeser, S. A. et al. A neuronal blood marker is associated with mortality in old age.
Nat. Aging 1, 218–225 (2021).

55. Walsh, E. C. et al. Age-dependent changes in the propofol-induced electro-
encephalogram in children with autism spectrum disorder. Front. Syst. Neurosci.
12, 23 (2018).

56. Roy, A. et al. A machine learning approach predicts future risk to suicidal ideation
from social media data. NPJ Digit. Med. 3, 78 (2020).

57. Cowling, B. J. et al. Impact assessment of non-pharmaceutical interventions
against coronavirus disease 2019 and influenza in Hong Kong: an observational
study. Lancet Public Health 5, e279–e288 (2020).

58. Douaud, G. et al. SARS-CoV-2 is associated with changes in brain structure in UK
Biobank. Nature 604, 697–707 (2022).

59. Folstein, M. F., Folstein, S. E. & McHugh, P. R. Mini-mental state”. A practical
method for grading the cognitive state of patients for the clinician. J. Psychiatr.
Res. 12, 189–198 (1975).

60. Kay, S. R., Opler, L. A. & Lindenmayer, J. P. Reliability and validity of the positive
and negative syndrome scale for schizophrenics. Psychiatry Res. 23, 99–110
(1988).

61. Yang, A. C., Tsai, S. J., Liu, M. E., Huang, C. C. & Lin, C. P. The association of aging
with white matter integrity and functional connectivity hubs. Front. Aging Neu-
rosci. 8, 143 (2016).

62. Dale, A. M., Fischl, B. & Sereno, M. I. Cortical surface-based analysis. I. Segmen-
tation and surface reconstruction. Neuroimage 9, 179–194 (1999).

63. Fischl, B. & Dale, A. M. Measuring the thickness of the human cerebral cortex from
magnetic resonance images. Proc. Natl Acad. Sci. USA 97, 11050–11055 (2000).

64. Fischl, B., Sereno, M. I. & Dale, A. M. Cortical surface-based analysis. II: inflation,
flattening, and a surface-based coordinate system. Neuroimage 9, 195–207
(1999).

65. Jenkinson, M., Beckmann, C. F., Behrens, T. E., Woolrich, M. W. & Smith, S. M. FSL.
Neuroimage 62, 782–790 (2012).

66. Andersson, J. L. R. & Sotiropoulos, S. N. An integrated approach to correction for
off-resonance effects and subject movement in diffusion MR imaging. Neuro-
image 125, 1063–1078 (2016).

67. Smith, S. M. Fast robust automated brain extraction. Hum. Brain Mapp. 17,
143–155 (2002).

68. Smith, S. M. et al. Tract-based spatial statistics: voxelwise analysis of multi-subject
diffusion data. Neuroimage 31, 1487–1505 (2006).

69. Rasmussen, C. E. & Williams, C. K. Gaussian Processes for Machine Learning Vol. 2
(MIT Press, 2006).

70. de Lange, A.-M. G. & Cole, J. H. Commentary: correction procedures in brain-age
prediction. Neuroimage Clin. 26, 102229–102229 (2020).

71. Beck, D. et al. Cardiometabolic risk factors associated with brain age and accel-
erate brain ageing. Hum. Brain Mapp. 43, 700–720 (2022).

72. Rousseeuw, P. J. & Hubert, M. Robust statistics for outlier detection. Wiley Inter-
discip. Rev. Data Min. Knowl. Discov. 1, 73–79 (2011).

J.-D. Zhu et al.

9

Published in partnership with the Schizophrenia International Research Society Schizophrenia (2023)     1 



ACKNOWLEDGEMENTS
This work was supported by grants from the National Science and Technology
Council, Taiwan (grant number 110-2321-B-A49A-502 and 110-2628-B-A49A-509, and
110-2634-F-075-001 to A.C.Y. and S. -J.T.). Dr. Albert C. Yang was also supported by
the Mt. Jade Young Scholarship Award from the Ministry of Education, Taiwan, as well
as the Brain Research Center, National Yang Ming Chiao Tung University, and the
Ministry of Education (Aim for the Top University Plan), Taipei, Taiwan. Mr. J. D. Zhu
was supported by the scholarship (108-2926-I-010-001-MY4) from the National
Science and Technology Council, Taiwan.

AUTHOR CONTRIBUTIONS
J.-D.Z. analyzed the image data, performed statistical results, and drafted the
manuscript. S.-J.T. collected the data and gave critical comments on the manuscript.
C.-P.L. and Y.-J.L. analyzed the image data and gave critical comments on the
manuscript. A.C.Y. designed the study, collected the data, and drafted the
manuscript. All authors discussed the results and approved the manuscript.

COMPETING INTERESTS
The authors declare no competing interests.

ADDITIONAL INFORMATION
Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/s41537-022-00325-w.

Correspondence and requests for materials should be addressed to Albert C. Yang.

Reprints and permission information is available at http://www.nature.com/
reprints

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims
in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,

adaptation, distribution and reproduction in anymedium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this license, visit http://
creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

J.-D. Zhu et al.

10

Schizophrenia (2023)     1 Published in partnership with the Schizophrenia International Research Society

https://doi.org/10.1038/s41537-022-00325-w
http://www.nature.com/reprints
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Predicting aging trajectories of decline in brain volume, cortical thickness and fractional anisotropy in schizophrenia
	Introduction
	Results
	Participants&#x02019; clinicodemographic characteristics
	Brain-age prediction
	Group differences in brain age gap across different durations of illness
	Association of brain age gaps with clinical characteristics in schizophrenia

	Discussion
	Methods
	Participants
	Image acquisition
	Image processing
	Brain-age prediction
	Group comparison of the brain age gap across different durations of illness
	Statistical analysis

	DATA AVAILABILITY
	References
	Acknowledgements
	Author contributions
	Competing interests
	ADDITIONAL INFORMATION




