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Mounting evidence suggests that function and connectivity of
the striatum is disrupted in schizophrenia1–5. We have developed a new hypothesis-driven neuroimaging biomarker for
schizophrenia identification, prognosis and subtyping based
on functional striatal abnormalities (FSA). FSA scores provide a personalized index of striatal dysfunction, ranging from
normal to highly pathological. Using inter-site cross-validation on functional magnetic resonance images acquired from
seven independent scanners (n = 1,100), FSA distinguished
individuals with schizophrenia from healthy controls with
an accuracy exceeding 80% (sensitivity, 79.3%; specificity,
81.5%). In two longitudinal cohorts, inter-individual variation in baseline FSA scores was significantly associated with
antipsychotic treatment response. FSA revealed a spectrum
of severity in striatal dysfunction across neuropsychiatric disorders, where dysfunction was most severe in schizophrenia,
milder in bipolar disorder, and indistinguishable from healthy
individuals in depression, obsessive-compulsive disorder and
attention-deficit hyperactivity disorder. Loci of striatal hyperactivity recapitulated the spatial distribution of dopaminergic function and the expression profiles of polygenic risk for
schizophrenia. In conclusion, we have developed a new biomarker to index striatal dysfunction and established its utility

in predicting antipsychotic treatment response, clinical stratification and elucidating striatal dysfunction in neuropsychiatric disorders.
Schizophrenia is a devastating mental disorder and one of the
leading causes of disease burden worldwide6,7. There has been little
recent progress in the development of new treatments for schizophrenia and associated psychotic disorders8. One possible explanation for this stagnation is that existing syndromic definitions
of schizophrenia are too broad to provide biologically informed
treatment targets9. Hence, quantifiable and personalizable biomarkers are urgently needed to delineate better targets, improve prognoses and facilitate a deeper understanding of pathophysiology
across classical diagnostic categories. However, despite decades of
research, reliable biomarkers have not emerged10.
The striatum is thought to play a central role in the pathophysiology of schizophrenia1–3. Most individuals with schizophrenia are managed with antipsychotics, all of which essentially
rely on the blockade of dopamine D2 receptors in the striatum.
Inter-individual variation in striatal circuitry is suggested to be
dysfunctional in schizophrenia4,5 and is associated with treatment
response11,12. Considering the above, our goal was to develop a
new biomarker based on the concept of FSA, yielding personalized scores of striatal dysfunction spanning a continuous spectrum
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Fig. 1 | Schema of development, testing and validation of the FSA biomarker. To establish a clinically useful resting-state (rs) fMRI biomarker, we
addressed several major challenges: (1) obtaining reliable individualized measurements; (2) achieving reproducibility and generalizability across
independent populations and sites; (3) achieving biological interpretability and mechanistic plausibility. a, The striatal features: based on our hypothesis,
three distinct in vivo striatal imaging markers were included to systematically characterize striatal function. b, Group-level statistics: statistical analysis
was performed for data acquired across multiple MR scanners and demonstrated reproducible FSA patterns. c, Individualized prediction of diagnosis:
a machine learning model found generalizable predictive patterns of FSA and used them to predict unobserved diagnostic status in independent
populations. Using the same classification models, FSA scores were mapped for each patient based on the confidence of the classification as a patient
by the models. d, Individualized prediction of prognosis: the individualized FSA score predicted the diversity of short-term antipsychotic response in
independent populations. e, Neurobiological and genetic insights: spatial patterns of elevated striatal spontaneous brain activity were investigated using
complementary analyses of molecular imaging and transcriptomic data, revealing a significant spatial association between striatal dopaminergic function
and the expression profiles of schizophrenia risk genes. GWAS, genome-wide association study.

from normal to dysfunctional. We hypothesized that FSA would
reveal a reliable pathological trait characterizing schizophrenia
and would associate with inter-individual variation in antipsychotic response. To test these hypotheses, we applied machine
learning and resting-state functional magnetic resonance imaging
(fMRI) modalities to infer personalized FSA scores based on connectional and regional functional profiles of the striatum (Fig. 1a).
We mapped FSA scores for seven independent cohorts comprising a total of 560 individuals with schizophrenia and 540 matched
controls, and validated the FSA measurements by using inter-site
cross-validation. Because schizophrenia is associated with presynaptic striatal dopaminergic dysregulation2 and evidence suggests
that polygenetic risk for schizophrenia modulates striatal function13,14, we then integrated multiple modalities to unravel the possible genetic basis of FSA in schizophrenia.
In this work, we propose our new FSA biomarker and show that
(1) FSA could reliably distinguish individuals with schizophrenia
from healthy controls across different MR scanners (Fig. 1b,c);
(2) FSA reliably showed significant heterogeneity within schizophrenia and were moderately sensitive to bipolar disorder, but not
to several other neuropsychiatric disorders; (3) FSA robustly predicted the short-term response to antipsychotic medication across
different MR scanners (Fig. 1d); (4) abnormal patterns of striatal
hyperactivity in schizophrenia were spatially associated with the

striatal dopaminergic system and expression of schizophrenia risk
genes (Fig. 1e). The FSA biomarker provides a way forward in
prognostic evaluation, clinical stratification and understanding the
pathogenesis of schizophrenia.

Results

Group-level identification of FSA. To characterize striatal (dys)
function systematically, we used a range of resting-state fMRI
markers, including the fractional amplitude of low-frequency fluctuations15 (fALFF) and regional homogeneity16 (ReHo), as well
as intra- and extra-striatal functional connectivity (FC). These
markers provide a multiscale characterization of the striatum,
ranging from spontaneous brain activity and internal functional
organization to widespread circuit-level connectivity with cortical and subcortical regions. Inference was undertaken to test for
between-group differences in each of these markers in adults with
schizophrenia, relative to a cohort of age- and sex-matched healthy
controls recruited from seven sites (Supplementary Table 1). We
found that striatal fALFF and ReHo were significantly increased
in the schizophrenia group in each of the seven cohorts (fALFF,
Fig. 2a,b; ReHo, Extended Data Fig. 1) and pooled populations
(fALFF, P < 0.0001; ReHo, P < 0.0001) after regressing for age, sex
and site (when pooling across sites). The t-statistic for this betweengroup difference for the striatum was significantly greater than the
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Fig. 2 | Striatal dysfunction in schizophrenia assessed with resting-state fMRI acquired at multiple independent sites. a, Map of t-statistic values for
between-group difference in fALFF (schizophrenia group minus control group; unpaired two-sided t-test); n = 560 subjects with schizophrenia and n = 540
controls. Top: data pooled across all seven scanners. The largest t-statistic values were for areas within the striatum, indicating that the striatum is a
focal point of significantly increased fALFF in schizophrenia. Bottom: data analyzed independently for each of the seven scanners. Only t-statistic values
within the striatum are shown. Each axial slice (z = 5) corresponds to data acquired from an independent scanner. Images are ordered to correspond to b.
b, Scatter-box chart of the mean fALFF in the striatum of normal controls (NC, blue) and schizophrenia groups (SZ, red) across different scanners. From
left: Peking University Sixth Hospital (Siemens scanner, P < 7 × 10−10; n = 92 SZ, n = 98 NC), Beijing Huilongguan Hospital (Siemens scanner, P < 2 × 10−8;
n = 83 SZ, n = 59 NC), Xijing Hospital (Siemens scanner, P < 2 × 10−6; n = 90 SZ, n = 54 NC), Henan Mental Hospital (Siemens scanner, P < 3 × 10−6; n = 81
SZ, n = 102 NC), Henan Mental Hospital (GE scanner, P < 2 × 10−7; n = 49 SZ, n = 69 NC), Renmin Hospital of Wuhan University (GE scanner, P < 4 × 10−8;
n = 82 SZ, n = 89 NC) and Zhumadian Psychiatric Hospital (GE scanner, P < 8 × 10−9; n = 83 SZ, n = 69 NC). Significance was assessed using unpaired
two-sided t-test, without adjustment for multiple testing. In the box plots, horizontal lines indicate the median and the hinges of the box denote the first
and third quartiles above and below. The lower and upper whiskers represent 1.5 times the interquartile range (IQR). Striatal hyperactivity indicated by
increased fALFF in the schizophrenia group is evident in samples from all sites, despite acquisition using different scanners. c, Gaussian kernel density
estimation of fALFF t-statistic values for voxels comprising the striatum (red) and non-striatal regions (blue). The t-statistic values were calculated from
an unpaired two-sided t-test between 560 subjects with schizophrenia and 540 controls (the same definition is used in d–f). d, Violin plot of t-statistic
values across networks that are abnormally connected with the striatum in schizophrenia. The vertical lines indicate (from left to right) the first quartile,
the median and the third quartile. Eight of the 13 networks (basal ganglia network excluded) have more than 20% of their constituent voxels showing
abnormal connectivity with the striatum (FDR corrected, P < 0.05; unpaired two-sided t-test). From top to bottom (percentage of constituent voxels
showing abnormal connectivity within the striatum): anterior salience network (90.3% percentage voxels after FDR correction), posterior salience network
(39.2%), sensorimotor network (33.5%), right executive control network (30.9%), ventral default mode network (33.5%), precuneus network (22.3%),
dorsal default mode network (29.6%), language network (55.5%). e, Cortical rendering of regions showing abnormal FC with the striatum (FDR corrected,
P < 0.05; unpaired two-sided t-test). The color of rendering is determined by the t-statistic values and direction of altered connectivity, where warm
shades (red) indicate significantly increased connectivity in the schizophrenia group and cool shades (blue) denote significantly decreased connectivity
compared to the healthy control group. Rendering is displayed in Freesurfer fsaverage space (left, left hemisphere; right, right hemisphere). DLPFC,
dorsolateral prefrontal cortex; SMA, supplementary motor area; ACC, anterior cingulate cortex; PCC, posterior cingulate cortex; STG, superior temporal
gyrus; PSC, primary sensorimotor cortex. f, Matrix of t-statistic values for between-group differences in FC between 12 striatal subregions. Each element
in the matrix indexes a pair of subregions. Significant pairs of subregions are shown with color (FDR corrected, P < 0.05; unpaired two-sided t-test). lh, left
hemisphere; rh, right hemisphere; vCA, ventral caudate; GP, globus pallidus; NAC, nucleus accumbens; vmPu, ventromedial putamen; dCA, dorsal caudate;
dlPu, dorsolateral putamen.
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corresponding t-statistics for other gray matter regions (P < 0.0001),
as evidenced by the marked striatal peak in the distribution of t-statistic values (Fig. 2c and Supplementary Fig. 1). Intra-striatal FC was
generally greater (false discovery rate (FDR) corrected, P < 0.05)
between striatal subregions in the schizophrenia group (Fig. 2f).
Extra-striatal FC indicated widespread connectivity differences in
the schizophrenia group relative to healthy controls, with more than
30% of the gray matter surviving correction for multiple testing
(FDR corrected, P < 0.05; Fig. 2e and Supplementary Fig. 2). Of 14
canonical networks17 investigated, the anterior salience network was
characterized by the most extensive differences in connectivity with
the striatum based on spatial extent (>90% of the network affected;
Fig. 2d). Patterns of aberrant extra-striatal FC for each striatal subregion18 were similar (shown in Supplementary Fig. 3).
Individualized mapping of FSA score characterizes diagnostic
heterogeneity and antipsychotic response. Having established that
FSA (that is, striatal fALFF, intra- and extra-striatal FC) provide a
robust, reproducible and regionally specific representation of striatal dysfunction in schizophrenia, we next aimed to collapse these
distinct measures of striatal dysfunction into an individualized FSA
score, yielding a new biomarker.
To this end, we trained support vector machine (SVM) classifiers
to predict the diagnostic status of each individual (schizophrenia
versus control group individuals) and defined an individual’s FSA
score as the shortest distance in the SVM feature space to the separating hyperplane. FSA score polarity was defined such that individuals with positive FSA scores were predicted to belong to the
control group. The SVM was trained using the following features:
(1) fALFF for each striatal voxel, (2) intra-striatal FC and (3) extrastriatal FC, as shown in Fig. 3a. Only fALFF was included in the
SVM, given that striatal fALFF and ReHo were highly correlated
(P < 0.0001) and that fALFF showed more extensive between-group
differences than ReHo. Inter-site cross-validation19 performed
across the seven independent sites yielded predictions of diagnostic
status in excess of 80% accuracy (Fig. 3b; sensitivity, 79.3%; specificity, 81.5%). Importantly, FSA scores showed significantly greater
variation among the individuals with schizophrenia compared to
the inter-individual variation in the controls for five of the seven
sites (Fig. 3e, Supplementary Fig. 4 and Supplementary Table 2).
Control analyses (see Methods) confirmed that FSA was not significantly impacted by either short-term or long-term antipsychotic
medication (Supplementary Tables 3–5) or intra-scan head motion
(Extended Data Fig. 2).
To test whether FSA scores associated with antipsychotic
response, baseline and follow-up clinical assessments were performed for a subsample of individuals with schizophrenia (see
Methods and Supplementary Table 6), with the follow-up administered after a six-week antipsychotic treatment (37 individuals in
PKU6 hospital and 58 individuals in ZMD hospital). Treatment
response was defined as the percentage reduction on the Positive
and Negative Syndrome Scale20 (PANSS) in the follow-up compared
to the baseline assessments. Baseline FSA scores were significantly
associated with inter-individual variation in the six-week treatment response for cohorts from the two hospitals (Fig. 3c; PKU6,
r = 0.62, P = 0.000037; ZMD, r = 0.42, P = 0.00097), explaining
38.4% and 17.6% of the variance, respectively. Specifically, the FSA
scores were significantly associated with percentage change in positive, negative and general psychopathology scales in both the PKU6
and ZMD cohorts (all P < 0.05). Performance based on a PANSS
five-factor model21 was also evaluated (Supplementary Fig. 5).
Moreover, baseline PANSS scores were not significantly correlated
with treatment response nor baseline FSA scores in the two hospitals (Extended Data Fig. 3). Interestingly, we found that FSA scores
were significantly associated with treatment response across different antipsychotic categories (except clozapine) and the strength of
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the association appeared to be mediated by Meltzer’s ratio (that is,
the 5-HT2A/D2 affinity ratio, referenced from a previous study22;
Extended Data Fig. 4). To evaluate the regional specificity of FSA,
we performed control analyses in which SVM features pertaining to
the striatum were substituted with features from other brain regions
and with connections not involving the striatum (see Methods,
Extended Data Fig. 5 and Supplementary Fig. 6). The striatum was
the only region that enabled reliable prediction of diagnostic status
and antipsychotic response. Prediction accuracies deteriorated substantially when as few as one or two of the striatal features were
omitted from the SVM model (see Methods and Supplementary
Fig. 7), suggesting that each feature characterized a unique interindividual variance. In summary, we used cross-sectional case–
control datasets to map individualized FSA scores across hospitals
and MRI scanners, thereby characterizing a dimensional biotype
of striatal dysfunction that significantly associated with treatment
response (see the schematic diagram in Fig. 3d).
To test whether striatal dysfunction indexed by FSA was evident in other neuropsychiatric diagnostic categories, we mapped
FSA scores using five additional datasets (see Methods and
Supplementary Table 7) comprising individuals diagnosed with
either bipolar disorder, depression, obsessive-compulsive disorder (OCD), attention-deficit hyperactivity disorder (ADHD) or
schizophrenia. Using inter-scanner validation and meta-analyses
(Extended Data Fig. 6), we found that FSA scores for individuals
with OCD, ADHD or depression did not differ significantly from
the control group, but were significantly reduced in bipolar individuals. We therefore conclude that FSA is highly sensitive to schizophrenia, moderately sensitive to bipolar disorder, and relatively
insensitive to OCD, depression and ADHD. This underscores the
ability of FSA to transect classic diagnostic categories and accords
with evidence of overlapping psychopathology between schizophrenia and bipolar disorder23–26.
Elevated spontaneous striatal activity is spatially linked to
dopaminergic function and expression profile of risk genes.
Schizophrenia is associated with abnormal dopaminergic function27,28 and a large number of common genetic variants influence
an individual’s risk for the disorder29. We thus tested for potential
dopaminergic and genetic drivers of FSA. We hypothesized that
spatial variation in the distribution of elevated fALLF and ReHo in
schizophrenia would recapitulate the distribution of dopaminergic
function and the expression profile of schizophrenia risk genes in
the striatum (Fig. 4a). Using open positron emission tomography
(PET) and single photon emission computed tomography (SPECT)
data30,31 from unrelated healthy individuals, we found that the
variation in the fALFF and ReHo t-statistic maps across the spatial
extent of the striatum was significantly correlated with the striatal
D2/D3 receptor (indexed by [11C]raclopride PET; fALFF, r = 0.72,
P < 0.0001; ReHo, r = 0.61, P < 0.0001; Extended Data Fig. 7), dopamine transporter marker (indexed by [123I]FP-CIT SPECT; fALFF,
r = 0.47, P < 0.0001; ReHo, r = 0.26, P < 0.0001) and dopamine
synthesis capacity (indexed by [18F]FDOPA PET; fALFF, r = 0.65,
P < 0.0001; ReHo, r = 0.45, P < 0.0001).
Next, we combined the expression profiles of 43 risk schizophrenia genes (see Methods) to yield a risk gene expression score, based
on data in the Allen Human Brain Atlas32. This was performed separately for each of 92 regional gene expression samples distributed
across the striatum. The spatial association between gene expression and evaluated fALFF and ReHo was significantly greater for
the 43 risk genes compared to sets of 43 randomly selected genes
(Fig. 4b,c, two risk neurotransmitter genes are highlighted in
Fig. 4b). Furthermore, additional analyses in other brain regions
established the regional specificity of this spatial association (see
Methods and Supplementary Fig. 8). Of all the 20,737 genes, we
selected the top 206 (Bonferroni correction, P < 0.05; see Methods)
Nature Medicine | www.nature.com/naturemedicine
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Fig. 3 | Striatal dysfunction in schizophrenia assessed with resting-state fMRI characterizes diagnostic heterogeneity and antipsychotic treatment
outcome. a, Schematic of the SVM predicting individual diagnostic status and depiction of FSA score calculation. As shown, voxel-level fALFF and extraand intra-striatal FC were used to train the SVM model. b, Schematic of the cross-validation scheme to assess the accuracy of the SVM and tabulation
of classification performance for each of the seven scanners. Parameter optimization was performed on the training set and performance was evaluated
on the test set (see Methods). Performance was evaluated using six measures: area under curve (AUC), accuracy (unbalanced accuracy), sensitivity
(true positive rate), specificity (true negative rate), positive predictive value (PPV) and negative predictive value (NPV). c, Scatter plots of the significant
association between treatment response and FSA score in two independent longitudinal datasets (PKU6 hospital, n = 37; ZMD hospital, n = 58; six-week
follow-up). More specifically, FSA scores were significantly associated with percentage reduction in positive (PKU6, r = 0.49, P = 0.0018; ZMD, r = 0.33,
P = 0.011), negative (PKU6, r = 0.37, P = 0.023; ZMD, r = 0.30, P = 0.022) and general psychopathology (PKU6, r = 0.60, P < 0.0001; ZMD, r = 0.37,
P = 0.0039) scales in both the PKU6 and ZMD cohorts. Correlation analyses were performed using Pearson’s correlation. Moreover, controlling for the
effect of baseline PANSS scores with a partial correlation did not significantly impact the association between the FSA scores and the improvement in
symptom severity (partial correlation: PKU6 hospital, r = 0.61, P < 0.0001; ZMD hospital, r = 0.38, P = 0.0029). d, Schematic showing the stratification of
individuals into high- and low-FSA groups. Left: comparison of normalized symptom amelioration between the low and high FSA groups in PKU6 (top) and
ZMD (bottom) hospitals. The mean normalized percentage reduction in the PANSS is shown (error bars indicate 95% confidence interval) for different
thresholds: 20%, 30%, 40% and 50%. Right: schematic distribution of FSA scores in individuals with schizophrenia (red, high variance) and controls
(blue, high variance). In PKU6 hospital, the high FSA group showed 2.21, 1.80, 1.56 and 1.40 odds ratios of percentage symptom reduction compared to
the low-FSA group at the four thresholds (n = 8, 12, 15, 19 per group, respectively); in the ZMD hospital data, these odds ratios were 1.30, 1.31, 1.27 and 1.17
(n = 12, 18, 24, 30 per group, respectively). These thresholds represent a possible preliminary scheme for applying the FSA metric in patient stratification.
However, the effective and optimal threshold for clinical practice should be identified based on well-designed clinical trials. e, Bar plots show the standard
deviation (s.d.) in the distribution of FSA scores for each group, stratified according to scanner site. The sample size in each cohort is described in the
legend of Fig. 2b. The s.d. of the FSA was significantly higher in the schizophrenia group, as indicated by the asterisks (P < 0.05; F-test), compared to the
control group, at five of the seven sites (from left to right: Peking University Sixth Hospital, P = 0.00089; Beijing Huilongguan Hospital, P = 0.011; Xijing
Hospital, P = 0.16; Henan Mental Hospital with Siemens scanner, P = 0.024; Henan Mental Hospital with GE scanner, P = 0.41; Renmin Hospital of Wuhan
University, P = 0.00012; Zhumadian Psychiatric Hospital, P = 0.029).

and subjected them to tissue expression enrichment and competitive
pathway analysis, using the Functional Mapping and Annotation33
(FUMA) pipeline. We found that these genes were significantly
Nature Medicine | www.nature.com/naturemedicine

enriched for expression in brain tissues (Supplementary Fig. 9),
with the strongest enrichment in the basal ganglia (Supplementary
Fig. 10). Pathway analyses based on gene ontology categories
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Fig. 4 | Spatial correspondence between gene expression and striatal hyper-activation in schizophrenia. a, Schematic of the cross-modal analysis
linking gene expression data with striatal imaging data. The t-statistic map indexes voxel-wise differences of fALFF and ReHo between the schizophrenia
and healthy control groups (that is, a higher t-statistic value corresponds to a more severe abnormality in this voxel/location). In addition, the Allen
Human Brain Atlas provided a spatially defined transcriptional template of the healthy human brain with dense samples in the striatum. We performed
this analysis based on the hypothesis that if the fALFF and ReHo t-statistic map showed a significant spatial correlation with the expression pattern of a
gene, then the emergence of the striatal hyper-activation in schizophrenia might be related to this gene. b, Distribution of spatial correlation (Pearson’s
correlation) between fALFF (upper) and ReHo (lower) t-statistic maps and regional gene expression profiles sampled within the left striatum (n = 92),
highlighting the significant position of DRD2 (encoding dopamine receptor D2), GRM3 (encoding glutamate metabotropic receptor) and averaged
schizophrenia risk gene expression. The dashed line separates the top 5% significant genes in the whole gene sets. For fALFF, the correlation between
the t-statistic maps and the averaged risk gene expression scores was greater than for any of the 43 risk genes alone, and the gene expression profiles
of DRD2 and GRM3 were most strongly correlated (among 43 risk genes) across the striatum with the t-statistic maps (DRD2 r = 0.36, P = 0.00045;
GRM3 r = 0.38, P = 0.00017; Pearson’s correlation). DRD2 gene expression was the most highly correlated schizophrenia risk gene associated with ReHo
(r = 0.54, P < 0.0001), ranking 16th among all 20,737 genes. c, Scatter plots showing the significant associations (Pearson’s correlation) between the
average schizophrenia risk gene expression and fALFF (left) and ReHo (right) t-statistic maps computed across selected regional gene expression samples
within the striatum. P values based on permutation tests (replace risk genes with 43 randomly selected genes; 10,000 permutations) are shown.

revealed significant enrichment in genes for the regulation of
synapses, calmodulin binding and neuronal and synaptic cellular
components (Supplementary Figs. 11–13).

Discussion

It is increasingly recognized that clinical, genetic and neurobiological heterogeneity in psychiatric disorders cannot be adequately
parsed using current categorical diagnostic criteria. To make

progress in developing new treatments and understanding the
underlying causes, multimodal biomarkers are needed that transcend and cut across classic diagnostic categories. This would enable
objective measurement of clinical traits that reside on a continuum,
from normal to extreme. Here, we have developed a new dimensional biomarker that satisfies these key criteria. To our knowledge,
this is the first study to establish and evaluate a neuroimaging biomarker that enables independent cross-scanner characterization of
Nature Medicine | www.nature.com/naturemedicine
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diagnostic heterogeneity and antipsychotic response. Furthermore,
we demonstrated that the new biomarker can potentially transcend
categorical diagnostic criteria, providing high sensitivity to schizophrenia, moderate sensitivity to bipolar disorder, but not to depression, OCD or ADHD. Importantly, each individual’s FSA score was
calculated using training data from independent sites, ensuring that
the model was generalizable across different scanner sites, image
acquisitions and schizophrenia cohorts.
Approximately one-third of individuals with schizophrenia
are considered resistant to first-line antipsychotic treatment34.
Identifying treatment resistance currently requires mutiple clinical trials of different antipsychotic drugs and is associated with
considerable health and hospital costs7. Thus, there is an urgent
need for objective biomarkers to guide individualized medication
choices. In this regard, FSA unveiled significant inter-individual
variation in striatal dysfunction among individuals with schizophrenia and associated with antipsychotic response, suggesting
that FSA could be used to stratify individuals with schizophrenia into putative subtypes, with the hope of guiding treatment
choices. Given that FSA inherently provide a continuous measure
indexing striatal dysfunction, it may be preferential to identify two
distinct FSA subgroups in practice. Although appropriate clinical
trials must first be undertaken to further evaluate the prognostic
utility and establish an optimal operational threshold, FSA might
be used in combination with other response predictors to develop
a prognostic tool to guide the deployment of limited resources
in hospitals and reduce the cost of health care. Adherence35 is
paramount for individuals who are identified as more likely to
respond to routine first-line antipsychotic agents, and additional
strategies such as psychoeducational and social support may be
used to maximize the effectiveness of pharmacologic treatment.
Conversely, for those individuals who are predicted to respond
poorly, a more comprehensive therapeutic schedule may be preferentially considered at the early stage of treatment, by introducing interventions to augment conventional antipsychotic
medications or other non-pharmacologic therapies. Interestingly,
we found that clozapine—the only drug licensed for treatmentresistant schizophrenia in many countries—was the only antipsychotic drug for which treatment response was not associated
with FSA scores. Our result in relation to Meltzer’s ratio, although
still preliminary, suggests that FSA can characterize treatment
response across different antipsychotic categories, preferentially
the types with lower Meltzer’s ratio. Also, it is important to note
that the prognostic component of FSA score was validated using
two cohorts of Han Chinese ethnicity, so further validation in
other ethnicities is warranted.
Although the precise mechanisms of antipsychotic agents
are not fully understood, our results indicate that, at least along
the dimension of FSA, poorer response to antipsychotics associates with a pattern of striatal dysfunction that is characteristic of
schizophrenia. This direction is consistent with recent studies36,37
suggesting that greater predisposition to schizophrenia corresponds with antipsychotic inefficacy. Current antipsychotic drugs
necessarily involve a therapeutic action of dopamine D2 blockade
and may act downstream of the major dopamine abnormalities,
instead of targeting the core schizophrenia pathophysiology38–40.
Thus, we hypothesize that FSA can characterize trait-like ‘striatal disruptions’ in individuals with schizophrenia, specifically
capturing individual variation in properties that associate with
antipsychotic efficacy. Although an accurate explanation is challenging, FSA may facilitate future pharmacological research
aimed at predicting individual variation in antipsychotic efficacy.
Furthermore, the cross-modal spatial analyses suggest that striatal
regions with a pronounced expression of schizophrenia risk genes
and dopaminergic profiles may be the epicenters for striatal dysfunction in schizophrenia.
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Methods

Participants. Individuals participating in this study were recruited from six
hospitals (Peking University Sixth Hospital, Beijing Huilongguan Hospital,
Xijing Hospital, Henan Mental Hospital, Renmin Hospital of Wuhan University
and Zhumadian Psychiatric Hospital). A consensus diagnosis of schizophrenia
was made by two experienced senior psychiatrists according to the Diagnosis
and Statistic Manual of Mental Disorders, fourth edition (DSM-IV) criteria
for schizophrenia or schizophreniform disorder using the Structured Clinical
Interview for DSM-IV-TR Axis I Disorders, Patient Edition (SCID-I/P).
All subjects initially recruited with schizophreniform disorder were finally
diagnosed with schizophrenia after being followed up for at least six months.
The severity of positive and negative symptoms was assessed by trained and
experienced psychiatrists using PANSS scoring within one week of MRI
scanning. Both first-onset and chronic individuals with schizophrenia who
scored more than 60 on the PANSS20 scale and more than four on at least three
of seven positive items were recruited from the inpatient departments of the six
hospitals. Individuals were excluded from the study if they were diagnosed with
schizoaffective disorder, mood disorders, delusional disorder, brief psychotic
disorder, psychosis associated with substance use or medical conditions, learning
disability, pervasive developmental disorder, delirium, dementia, amnesia or
other cognitive disorders; had severe, unstable physical diseases (such as diabetes,
thyroid diseases, hypertension and cardiac diseases), a well-documented history
of epilepsy, a DSM-IV diagnosis of alcohol or drug dependence; had been treated
with electroconvulsive therapy within the last six months; were pregnant or
breastfeeding; had previously attempted suicide; or had experienced symptoms
of severe excitement and agitation within one week before MRI scanning. To
this end, a customized five-grade scoring scale was used to assess the threat risk
for each individual and any individual with a score exceeding 2 was excluded
(Supplementary Table 8). Healthy control individuals were recruited from
each hospital and screened using SCID-I, Non-Patient Edition (SCID-I/NP).
Individuals with any history of mental disorders or first- or second-degree
relatives with any history of mental disorders were excluded. The study protocol
was approved by the Medical Research Ethics Committees of the local hospitals
and written informed consent was obtained from all participants and/or their
legal guardians. A total of 1,216 subjects were deemed eligible and participated in
this study and 1,100 subjects (560 individuals with schizophrenia and 540 healthy
controls) who had successfully completed their MRI scans (after screening) were
involved in the analysis. All individuals were aged 18-45 years and were of Han
Chinese ancestry. Additional demographic information for all sites is provided in
Supplementary Table 1. The used detailed medical characterizations of all patients
are provided in Supplementary Table 4. A diagram of all study participants is
presented in Supplementary Fig. 14.
Longitudinal samples (subsamples of cross-sectional samples). Ninety-five individuals
with schizophrenia, from two hospitals (PKU6 hospital, 37; ZMD hospital, 58),
were treated for six weeks and included in the longitudinal analyses (risperidone,
n = 39; clozapine, n = 19; olanzapine, n = 18; amisulpride, n = 6; aripiprazole,
n = 5; paliperidone, n = 3; quetiapine, n = 3; blonanserin, n = 2). PANSS scores
were reassessed after approximately six weeks for all the longitudinal samples (the
interval between baseline and follow-up was 45.5 ± 4.8 days for the PUK6 hospital
and 44.9 ± 4.0 days for the ZMD hospital). Improvement in symptoms (percentage
reduction in PANSS total and subscale scores: change of scores divided by baseline
scores) was used to assess treatment responses to antipsychotic medication,
with age, sex and interval days controlled as confounders. Treatment programs
were personalized and determined according to current diagnostic and clinical
information, treatment history and socio-economic background, as well as other
factors, and the clinical management of all the patients was not influenced by our
study. To minimize potential drug interaction and heterogeneity effects, individuals
treated with only a single second-generation antipsychotic were included in the
follow-up cohort. Follow-up data from the other sites were either not acquired
or comprised too few individuals to enable a robust analysis. The sample size
(n = 37 + 58) was relatively larger than previous studies11,41–43 that have used restingstate fMRI to index the antipsychotic response in schizophrenia individuals, and
we tested the performance of FSA in two independent sites, which helped to
improve the effect size estimates and increased the likelihood of study replication.
Further details pertaining to medication in the longitudinal sample are provided in
Supplementary Table 6.
MRI data acquisition. For the cross-sectional data (including longitudinal data),
individuals were scanned using the same protocols at one of seven 3.0 T magnetic
resonance (MR) scanners, including Siemens Trio Trim 3.0 T scanners at four
sites (Peking University Sixth Hospital, Beijing Huilongguan Hospital, Xijing
Hospital and Henan Mental Hospital) and GE Signa 3.0 T scanners at three sites
(Henan Mental Hospital, Renmin Hospital of Wuhan University and Zhumadian
Psychiatric Hospital). MRI data acquired from Henan Mental Hospital were
separated into two sites based on the MR scanner type. Technical details are
provided in Supplementary Table 9. In the current study, resting-state fMRI data
and T1-weighted images were used. fMRI data were acquired using an echo planar
imaging (EPI) sequence sensitive to blood-oxygen-level-dependent contrast:
Nature Medicine | www.nature.com/naturemedicine
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repetition time, 2,000 ms; echo time, 30 ms; flip angle, 90°; matrix size, 64 × 64;
resolution of axial slice, 3.4375 × 3.4375 mm2; slice thickness, 4 mm; gap between
slices, 0.6 mm. Resting-state data were acquired for a period of 8 min (240 time
points) at all sites, except Zhumadian Hospital, where a 6 min acquisition was used
(180 time points). T1-weighted images were collected with matrix size of 256 × 256,
resolution of 1 × 1 mm2, inversion time of 1,100 ms and slice thickness of 1 mm. For
the Siemens scanners, 192 sagittal slices were acquired, whereas 188 sagittal slices
were acquired with the GE scanners.
Preprocessing of fMRI. Data quality was ensured by screening artefacts, head
motion (translation >3 mm or degree >3°), registration and normalization
quality, as well as by excluding left- and mixed-handedness subjects and by
matching age and sex. After screening, 1,100 individuals were finally included in
our analyses; these included 560 individuals with schizophrenia (290 males and
270 females; mean age, 27.6 years; Peking University Sixth Hospital, 92 subjects;
Beijing Huilongguan Hospital, 83 subjects; Xijing Hospital, 90 subjects; Henan
Mental Hospital with Siemens scanner, 81 subjects; Henan Mental Hospital with
GE scanner, 49 subjects; Renmin Hospital of Wuhan University, 82 subjects;
Zhumadian Psychiatric Hospital, 83 subjects) and 540 healthy control group
individuals (277 males and 263 females; mean age, 28.4 years; Peking University
Sixth Hospital, 98 subjects; Beijing Huilongguan Hospital, 59 subjects; Xijing
Hospital, 54 subjects; Henan Mental Hospital with Siemens scanner, 102 subjects;
Henan Mental Hospital with GE scanner, 69 subjects; Renmin Hospital of Wuhan
University, 89 subjects; Zhumadian Psychiatric Hospital, 69 subjects). The first
10 time points of the EPI images were discarded to account for equilibration
effects. The preprocessing pipeline included the following steps: slice timing
correction (to correct for temporal shifts of different slices), within-subject EPI
image realignment (to estimate and spatially correct for head motions of different
EPI volumes), rigid-body registration of each subject’s T1 image to the EPI mean
image, and normalization of the EPI images to the Montreal Neurological Institute
(MNI) standard space using the T1 image. After spatial normalization, the EPI
images were resampled to 3 × 3 × 3 mm3, followed by a noise removal process
including a multiple regression model and bandpass filtering. Regressors of the
regression model included linear trends, average white matter (WM), cerebrospinal
fluid (CSF) and whole-brain (global signal) voxels, the first derivatives of WM
and CSF, and Friston’s 24 parameters’ head motion model44. After removing the
potentially noisy signals using averaged brain tissue time series and estimated head
motion signals in the multiple regression model, the residuals were bandpassfiltered (0.01–0.08 Hz) to further suppress low-frequency drifts and physiological
noises such as breathing and heartbeat. The filtered signals were then used in all
subsequent analyses. All the processes were performed using BRANT45 version
3.35, a MATLAB toolbox for batch preprocessing fMRI data. Although global
signal regression in resting-state fMRI remains controversial, we performed this
step because (1) calculation of fALFF is based on the fast Fourier transform,
which requires preservation of the temporal structure, thereby invalidating
methods based on the removal of high-motion volumes and motivating the use
of alternative methods to reduce the effects of head motion and physiological
noise, such as global signal regression46; (2) although the global signal may contain
meaningful neuronal information47 and has previously been shown to be abnormal
in schizophrenia48, our proposed biomarker is regionally specific and thus
regressing out the global signal can potentially accentuate signals that are specific
to the striatum.
Striatal subregions. The human Brainnetome Atlas18 was used to define the spatial
extent of the striatum and delineate its subregions. This atlas contains six striatal
subregions per hemisphere: ventral caudate, globus pallidus, nucleus accumbens,
ventromedial putamen, dorsal caudate and dorsolateral putamen. The boundary
of the striatum in the human Brainnetome Atlas is identical to the Oxford-GSKImanova connectivity striatal atlas included with the FMRIB software library49.
These striatal subregions were not selected based on any previous case–control
analysis; instead, when performing the classification, we incorporated all the
subregions to provide full coverage of the striatum’s spatial extent.
Measures of striatal function from resting-state fMRI. After preprocessing,
the voxel-wise fALFF15 and ReHo16 for each individual were computed using
the BRANT45 toolbox. Briefly, fALFF was calculated as the mean square root of
the power in each voxel’s time series within the 0.01–0.08 Hz frequency band;
ReHo was calculated to measure the similarity of each voxel’s time series with its
neighbors using Kendall’s coefficient of concordance. We first normalized the
fALFF and ReHo images and then resampled the images to a resolution of 1.5 mm3
to enable accurate spatial correspondence because the Allen Human Brain Atlas
provides a fine resolution of MNI coordinates (0.1 mm3). Smoothing with a kernel
of 3 mm3 was then performed for subsequent voxel-level statistical analysis.
Intra- and extra-striatal FC values were then calculated for each individual.
Intra- and extra-striatal FC measurements characterize the extent to which the
striatum is connected within its subdivisions and with other regions, respectively.
Intra-striatal FC characterizes the connectivity between striatal subdivisions,
which avoids regarding the striatum as a single unified structure. We computed the
Pearson correlation in the fMRI time series between all pairs of voxels comprising
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the striatum. This yielded a FC matrix in which each row/column corresponded
to a voxel of the striatum. The upper triangle of this matrix was considered in
subsequent analyses. Extra-striatal FC was computed as the Pearson correlation
between the resting-state fMRI activity averaged over all the striatal voxels and
the activity at all other cortical and subcortical gray matter voxels. This yielded
a whole-brain FC map for the striatum. To achieve a balance in the tradeoff
between preserving anatomical detail and reducing dimensionality, we adapted the
voxel resolution for the intra- and extra-striatal FC. Specifically, we used 6 mm3
resolution for the extra-striatal FC (8,544 features) and 8 mm3 for the intra-striatal
FC (2,701 features). For classification, we combined the two striatal FC features
with the striatal voxel-wise fALFF for a total of 12,689 features.
Calculation of the FSA score. For each individual with schizophrenia, we
determined an individualized FSA score that measured the deviation in an
individual’s striatal function from the control group. This index of deviation
from the healthy comparison group is consistent with classification models that
provide a level of confidence of belonging to a certain category, an approach that
is typical of other studies that have sought to predict diagnostic status50. SVM
classification was used to perform individual predictions of diagnostic status
(schizophrenia or healthy control group individuals), because (1) SVM is one of the
most prevalent classifiers used in neuroimaging-based classification and (2) SVM
models can provide confidence of classification (unlike models such as decision
trees) in terms of the distance to the separating hyperplane, which accords with
our purpose to target the heterogeneity of striatal dysfunction. Notably, we ignored
the feature-selection step to reduce potential biases and the complexity of our
model, and all 12,689 features mentioned were applied in the SVM model utilizing
the machine learning library scikit-learn51. We chose a radial basis function
(RBF) kernel, because our feature space was high-dimensional and most probably
nonlinear. We standardized each feature independently on the samples in the
training set, removing the mean and scaling to the unit variance, and then stored
the mean and standard deviation so that it could later be applied to the testing
set. We used an inter-site cross-validation strategy to evaluate the performance
of the SVM classifier. As such, we trained the SVM model using data from six
of the seven scanners and tested the model’s performance on the data from the
remaining scanner. To avoid contaminating the testing set, the SVM hyperparameters (optimal cost parameter, C; tolerance γ) were determined using
only the training set. Specifically, we used the grid search function to generate
candidate hyper-parameters ranging from 10−5 to 105 times the default values
of gamma and C. Then, by using the data from the six training scanners, we
performed a built-in inter-site cross-validation to select hyper-parameters based
on the best accuracy among all the models (using different values of γ and C).
A schematic description of hyper-parameter selection and cross-validation is
shown in Fig. 3b. After classification based on the optimal hyper-parameters,
the distance of each individual with schizophrenia to the separating hyperplane
was defined as the individual’s FSA score. Our analysis pipeline ensured that the
training and testing data were completely isolated from each other and acquired
from different scanners located in different hospitals.
Effects of antipsychotic medication. To investigate the effects of antipsychotic
medication on FSA score, the individuals with schizophrenia in our sample were
stratified into several representative subgroups based on their current antipsychotic
treatment schedule and past medication history (Supplementary Table 3). More
specifically, we delineated three subgroups of schizophrenia individuals:
(1) first-episode antipsychotic-naïve individuals, who were never treated before
recruitment and were not taking antipsychotics at the time of the resting-state
fMRI scan; (2) first-episode patients without prior treatment before recruitment,
who were taking antipsychotics at the time of the resting-state fMRI scan (and had
no more than two weeks of exposure to antipsychotics; (3) chronic individuals,
who had experienced at least two years of antipsychotic medication. As shown
in Supplementary Table 3, although the age, duration of illness and medication
status were significantly different across the three schizophrenia subgroups,
we found no significant difference in FSA scores. This suggests that patterns of
striatal dysfunction indexed by FSA score are relatively stable between short- and
long-term exposure to antipsychotic medication. We also examined a subset of
antipsychotic-naïve patients (n = 41; 78.05% of them exhibited a negative FSA
score; for details see Supplementary Table 3). The challenges of scanning firstepisode antipsychotic-naïve patients in a natural clinical situation are substantial,
which explains the relatively modest sample size of the antipsychotic-naïve
subgroup. Based on these results, it appears that FSA is relatively independent of
antipsychotic medication, and thus has the potential to be widely applicable across
different illness stages. Moreover, to examine whether our proposed biomarker
was impacted by medication status at the time of scanning, we compared the FSA
scores from the medicated and non-medicated schizophrenia groups at the time
of scanning (P = 0.74, shown in Supplementary Table 5) based on all the available
medical records across the seven participating hospitals.
Effects of intra-scan head motion. After screening the individuals with poor
data quality, we first compared the mean framewise displacement (FD) between
the schizophrenia and healthy control groups and found that the mean FD did
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not differ significantly between the schizophrenia and healthy control groups
at all but one of the seven independent sites (Extended Data Fig. 2). This
provides preliminary evidence suggesting that the diagnostic performance of our
biomarker cannot be entirely attributed to head motion. Moreover, we trained a
SVM model using only motion-related variables of mean FD, FD variance over
time, number of volumes exceeding an FD threshold of 0.3 mm, mean initial
DVAR (D for derivative of time series and VAR for root mean square variance
across voxels)52 (DV) and initial DV variance over time. This SVM model did
not achieve a classification performance that exceeded chance. In particular, the
cross-scanner classification accuracy that we achieved with this SVM (trained
using only head motion measures) was 50.7%. This suggests that head motion
per se cannot explain our findings. Because head motion may potentially be a
confounding factor related to the side effects of antipsychotic medication (for
example, involuntary movements), we verified whether head motion is associated
with treatment response. Specifically, we tested for a relationship between the
mean FD and the percentage symptom improvement in either the PKU6 or ZMD
hospital data (Extended Data Fig. 2b). Furthermore, we examined whether interindividual variation in FSA remained significantly correlated with the percentage
improvement in symptom severity when the effect of mean FD was controlled
using partial correlation (Extended Data Fig. 2c). These additional analyses
suggested that head motion did not influence our findings pertaining to the
antipsychotic response. Finally, we performed additional analysis to investigate
whether our proposed biomarker was associated with head motion. As shown
in Extended Data Fig. 2e–h, the proposed FSA score and the FSA score based
on single striatal features (fALFF, intra-striatal FC or extra-striatal FC) did not
correlate with mean FD. This absence of correlation was evident in both the
schizophrenia and healthy control groups.
Specificity of FSA compared with non-striatal regions. We evaluated the regional
specificity of the FSA biomarker by comparing its performance on scores based
on the same measures (that is, fALFF, intra- and extra-region of interest (ROI)
FC) obtained using several control ROIs. In particular, 24 ROIs were selected
(described in detail as part of our previous study18) and used as the initial seeds for
a connectivity-based parcellation analysis: six ROIs in the frontal lobe, including
the superior frontal gyrus (SFG), middle frontal gyrus (MFG), inferior frontal
gyrus (IFG), orbital gyrus (OrG), precentral gyrus (PrG), paracentral lobule (PCL);
six ROIs in the parietal lobe, including the superior temporal gyrus (STG), middle
temporal gyrus (STG), inferior temporal gyrus (ITG), fusiform gyrus (FuG),
parahippocampal gyrus (PhG) and posterior superior temporal sulcus (pSTS);
four ROIs in the parietal lobe, including the superior parietal lobule (SPL), inferior
parietal lobule (IPL), precuneus (Pcun), postcentral gyrus (PoG); the insular gyrus
(INS); the cingulate gyrus (CG) and two ROIs in the occipital lobe, including the
medioventral occipital cortex (MVOcC) and lateral occipital cortex (LOcC); the
amygdala (Amyg), the hippocampus (Hipp) and the cerebellum (Cb). We next
performed inter-site SVM classifications using the same pipeline, but this time
successively replacing the striatum mask with masks delineating each of the regions
listed above. The performance pertaining to the prediction of diagnostic status and
antipsychotic response is shown in Extended Data Fig. 5.
Specificity of FSA compared with whole-brain FC. Next, to evaluate the regional
specificity of the FSA, we assessed whether cortical and subcortical regions other
than the striatum were significantly associated with treatment response. To this
end, alternative SVM models were trained using a feature space that comprised
FC estimates between all pairs of cortical and subcortical regions other than
those in the striatum based on two predefined parcellation atlases. Specifically,
we applied two established brain parcellations, the Power parcellation53 and the
automated anatomical labeling (AAL) atlas54, to map whole-brain FC networks
for each individual. All nodes that involved striatal regions were eliminated from
the parcellations. We averaged the fMRI time series across the voxels comprising
each node and computed the Pearson’s correlation between each pair of nodes,
thereby yielding a symmetric FC matrix. We then trained the classification model
based on the whole-brain FC (striatum excluded). Similarly, the distance to
the separating hyperplane was used to score each individual. The performance
of the classification models is shown in Supplementary Tables 10 and 11, and
the correlations between the scores based on whole-brain FC and symptom
percentage reduction in the two longitudinal datasets (PKU6 and ZMD hospitals)
are shown in Supplementary Fig. 6. Although these non-striatal biomarkers
yielded comparable accuracy in predicting the diagnostic status, they did not
correlate with treatment responses, as indexed by the percentage change for any
PANSS subscale (P values of >0.05).
Heterogeneity analyses in FSA. An F-test was used to test the difference between
the variance in the FSA scores in patients with schizophrenia and those for the
controls. The distribution of FSA scores in schizophrenia and control groups
across the seven datasets is provided in Supplementary Fig. 4. To test the specificity
of this heterogeneity, we also performed the same tests on scores computed
from FC features based on Power parcellation and the AAL atlas. As shown in
Supplementary Table 2, the pattern of greater variability in the schizophrenia group
was not always observed.
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Validation in other diagnostic groups. To examine whether the proposed
biomarker shows (trans)diagnostic specificity for other psychiatric disorders
and could be generalized to the non-Han Chinese population, we performed
additional analyses of five additional datasets that included individuals diagnosed
with bipolar disorder, depression, OCD, ADHD and schizophrenia. We applied
the screening and preprocessing procedures on the resting-state fMRI images
described in the following and, after excluding individuals deemed to show
excessive head motion, the following samples were considered for further
analysis: (1) Dataset 1: resting-state fMRI of 29 healthy controls, 30 individuals
with schizophrenia, 25 individuals with bipolar disorder, 27 individuals with
depression and 30 individuals with OCD were acquired using a 3.0 T GE scanner
(Discovery MR750) at the Center for Neuroimaging, Peking University Sixth
Hospital, by four of the co-authors of this report (H.Y, W.Y., Y. Song and D.Z.);
(2) Dataset 2: resting-state fMRI of 29 healthy controls, 30 individuals with
schizophrenia and 30 individuals with bipolar disorder were acquired with a
GE Signa 1.5 T scanner in the Department of Radiology of the First People’s
Hospital of Kunming by three of the co-authors of this report (Y. Cheng, J.X. and
X.X.); (3) Dataset 3, comprising 41 individuals diagnosed with bipolar disorders
for whom resting-state fMRIs were acquired in Henan Mental Hospital with a
Siemens scanner (one of the seven MR scanners) by two of the co-authors of this
report (Y.Y. and L. Lv); (4) Dataset 4: the UCLA Consortium for Neuropsychiatric
Phenomics55 dataset from the OpenNeuro website (https://openneuro.org) was
accessed and healthy individuals (n = 115) and individuals with neuropsychiatric
disorders including schizophrenia (n = 47), bipolar disorder (n = 45) and
individuals with ADHD (n = 39) were included in our study (all participants
were asked to give written informed consent for their inclusion, following
procedures approved by the Institutional Review Boards at UCLA and the Los
Angeles County Department of Mental Health); (5) Dataset 5: 20 individuals with
obsessive-compulsive disorder for whom resting-state fMRIs were acquired at
Peking University Sixth Hospital (one of the seven MR scanners) by three of the
co-authors of this report (H.Y., W.Y. and D.Z.). The demographic information is
provided in Supplementary Table 7.
Recruitment criteria for validation samples. For Dataset 1, healthy volunteers
were recruited by advertising the study using social media and flyers in the
community. All participants were assessed by psychiatrists using the SCID-I/NP.
Inclusion criteria were as follows: age 18–45 years; right-handed; Chinese of Han
ancestry; no history of psychiatric or neurological diseases and substance abuse
or dependence; no history of loss of consciousness duration more than 5 min; no
structural abnormalities on subsequent MRI, read by trained radiologists. The
subjects were recruited from either the inpatient or outpatient departments of
the Peking University Sixth Hospital. Consistent with the inclusion criteria for
the cross-sectional subjects, individuals with schizophrenia, bipolar disorder
and OCD were diagnosed by two experienced senior psychiatrists according to
DSM-IV criteria for schizophrenia, bipolar disorder or OCD, respectively, using
the SCID-I/P, without any Axis I comorbidity. Individuals with depression met
the diagnostic (DSM-IV) criteria for current depression confirmed by the Mini
International Neuropsychiatric Interview (MINI). The exclusion criteria were
any comorbidity of other SCID-I diagnoses; electroconvulsive therapy within
six months or history of severe medical illness; severe impulsive behavior or
suicidal attempt at the moment. For Dataset 2, individuals were recruited from
the First Affiliated Hospital of Kunming Medical University. The patients met
the following criteria: (1) DSM-IV diagnosis of schizophrenia/bipolar disorder
according to the SCID-I/P, and no other Axis I diagnosis in their lifetime;
(2) 18–60 years old. The exclusion criteria were (1) any suicide attempt or a serious
tendency toward acts of suicide or violence in a clinical evaluation in the last
12 months; (2) never received electroconvulsive shock treatment; (3) history of
major neurological or physical disorders; (4) history of drug abuse; (5) pregnant
or planning to become in the following three months; (6) unable to cooperate
with the brain scanning; (7) metal in the body; (8) abnormal brain structure.
Healthy controls were recruited by advertisement. Patients with schizophrenia
and bipolar disorder underwent MRI scanning and symptom ratings
(NCT01259232, https://clinicaltrials.gov). Patient diagnoses were determined
using the SCID-I/P. After a complete description of the study was provided
to the participants, written informed consent was obtained. The patients’
legal guardians supervised the processes of obtaining consent. For Dataset 3,
the patients were recruited from the Second Affiliated Hospital of Xinxiang
Medical University. All participants were right-handed. They were screened by
psychiatrists using simple non-structured interviews and met the diagnostic
criteria of the DSM-IV-TR of bipolar disorder without any other comorbidity.
The recruitment criteria for Dataset 4 have been described in a previous
study55. For Dataset 5, the patients who scored more than 16 on the Yale–Brown
Obsessive-Compulsive Scale and scored more than 18 on the Hamilton
Depression Rating Scale were recruited from the inpatient or outpatient
departments of Peking University Sixth Hospital. The patients all met the DSMIV-TR diagnostic criteria for OCD without any other comorbidity (including
depression), which was ensured by at least two psychiatrists using the SCID-I/P.
Individuals were excluded from the study if they had severe, unstable physical
diseases (such as diabetes, thyroid diseases, hypertension and cardiac diseases),
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a well-documented history of epilepsy or were treated with electroconvulsive
therapy within the last six months. The study protocols for all Chinese samples
were approved by the Medical Research Ethics Committees of the local hospitals
and written informed consent was obtained from all participants and/or their
legal guardians. However, we must acknowledge that these are convenience
samples derived from different projects, which are relatively small in sample
size and have no longitudinal outcome assessment available. All of these factors
limited the potential application of the FSA biomarker to bipolar disorder
and the potential for identifying clinically useful subtypes of this disease.
Characterization of striatal dysfunction with FSA in bipolar disorder would
require larger cohorts with more detailed phenotype information, preferably
assessed longitudinally.
MRI data acquisition for validation samples. For Dataset 1, MRI data were acquired
using a 3.0 T GE scanner (Discovery MR750) at the Center for Neuroimaging,
Peking University Sixth Hospital. The parameters of acquisition were mostly
consistent with the MR scanner in the Peking University Sixth Hospital (one
of the previous seven scanners). However, resting-state data were acquired for
an axial slice area of 3.5 × 3.5 mm2 and slice thickness of 4.2 mm, in a period of
7 min 40 s (230 time points). Imaging acquisition for Dataset 4 in the validation
data is described in a previous study55. For Dataset 2, MRI data acquisition was
performed on a 1.5 T GE Signa scanner at the Department of Radiology of The
First People’s Hospital of Kunming. The subjects lay quietly in the scanner, with
their eyes closed, and remained awake. A rapid sagittal localizer scan was acquired
to confirm alignment. Normal T1 and T2 MRI scans were taken to exclude obvious
structural abnormalities. A set of three-dimensional volumetric structural MRI
scans was taken for each subject using a fast spoiled gradient echo sequence
(FSPGR) with the following parameters: TR/TE = 10.5/2 ms, TR/TE = 10.5/2 ms,
matrix size = 256 × 256, slice thickness = 1.8 mm with no interslice gap, field of
view = 240 mm, flip angle = 90°. The whole-brain data were acquired in axial
planes parallel to the anterior commissure–posterior commissure line, including
172 continuous slices (0.9 mm thickness each). For the resting-state fMRI, a black
eyeshade and earplugs were used to minimize light and scanner noise interference,
respectively. Functional images were obtained using an FSPGR sequence with
the following parameters to minimize potential motion artefacts: thickness/
gap = 5 mm/1.8 mm, repetition time = 2,000 ms, echo time = 40 ms, flip angle = 15°,
field of view = 240 × 240 mm, matrix = 256 × 256 and NEX = 24 slices, with a period
of 5 min 20 s (160 time points) acquired.
Spatial correlation analysis with PET and SPET data. We used open PET
and SPECT data30,31 from unrelated control groups to investigate the dopamine
system, including [11C]raclopride PET imaging to index striatal D2/D3 receptor
availability, [123I]FP-CIT SPECT imaging as a striatal dopamine transporter
marker and [18F]FDOPA PET imaging to index the striatal dopamine synthesis
capacity. Cerebral PET scanning with [11C]raclopride tracer was acquired as part
of a previous study31 and further details can be found elsewhere56. [18F]DOPA
PET and [123I]FP-CIT SPECT templates are available online30 and were used
as markers of the dopamine synthesis capacity and the dopamine transporter
(DAT), respectively. Notably, all the PET and SPECT images were scanned
from independent cohorts of healthy individuals and were averaged across all
individuals to yield group-level templates of tracer uptake. The PET data provide
a proxy for the spatial distribution of dopaminergic profiles (densely located in
the striatum), and so we were able to test the associations between the spatial
pattern of abnormal fALFF and ReHo and the spatial distribution of these PET
markers of dopaminergic function. In particular, we tested for a linear association
between the spatial distribution of the multi-center fALFF/ReHo t-statistic
maps and the three PET/SPECT markers within the striatum. As reported in our
results, the elevated striatal fALFF/ReHo showed a stronger spatial association
with D2/D3 receptor availability and dopamine synthesis capacity in absolute
terms than it did with dopamine transport (all P < 0.0001; Steiger’s method57 was
used to compare Pearson’s r).
Gene expression dataset. Transcriptional profiles, which included 20,737 gene
expression profiles represented by 58,692 probes, were acquired from the Allen
Human Brain Atlas32. The gene expression data were based on post-mortem tissues
from six donors (independent of the 1,100 participants) without a history of
psychiatric or neuropathological disorders. The donors were a 24-year-old African
American male (H0351.2001), a 39-year-old African American male (H0351.2002),
a 57-year-old European-ancestry male (H0351.1009), a 31-year-old Europeanancestry male (H0351.1012), a 49-year-old Hispanic female (H0351.1015) and a
55-year-old European-ancestry male (H0351.1016). Further details are provided
at http://www.brain-map.org. Probes corresponding to the same genes were
averaged to yield a single expression level for that gene. To extract samples with
credible spatial locations in the striatum, we only considered samples (1) whose
MNI coordinates could be unequivocally mapped to the striatum and (2) that had
corresponding striatum structure annotation provided by the Allen Human Brain
Atlas ontology. We then averaged across the probes for each gene to derive the gene
expression levels for subsequent analyses. Donors were considered as a covariate.
Only samples in the left hemisphere were included, given that four donors lacked
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samples in the right hemisphere. This yielded 92 samples within the striatum from
a total of 3,702 samples.
Spatial correlation analysis with expression levels of schizophrenia risk genes.
A total of 43 Psychiatric Genomics Consortium29 schizophrenia risk genes were
used in the gene expression section (43 of 108 SCZ risk loci were linked to a
single gene, which is referenced from a previous study58): CACNA1C, CNTN4,
TBC1D5, PRKD1, TSNARE1, DRD2, BCL11B, EPC2, SLC39A8, CACNA1I,
HCN1, NLGN4X, MAD1L1, PJA1, CYP26B1, RIMS1, ZSWIM6, GRM3,
GRAMD1B, MAN2A1, IMMP2L, SNAP91, SATB2, GALNT10, SNX19, PLCH2,
GPM6A, C11orf87, ZNF804A, ATP2A2, CSMD1, TMTC1, CNKSR2, FUT9,
CUL3, FAM5B, CACNB2, TLE2, MMP16, C12orf42, TCF4, ZNF536 and GRIN2A.
The average expression across these 43 genes was taken as the schizophrenia
risk gene expression score for each sample. Pearson correlation was then used
to test for an association across these samples between the expression levels
of schizophrenia risk genes and the t-statistic maps for fALFF and ReHo. To
assess the significance of this correlation, permutation testing was performed
using the same pipeline by randomly selecting 43 genes in each of 10,000
permutations.This significant spatial correlation (P < 0.05) was robust to several
methodological choices: (1) using one probe’s expression to represent each gene’s
expression (details of probe selection and collapsing are reported in a previous
study59); (2) using the Allen Human Brain Atlas ontology exclusively to define
the striatal samples in the left hemisphere; (3) using the expression profiles of
all the risk genes (including both single and multigene-associated loci) related
to the 108 schizophrenia-associated loci60. Furthermore, to evaluate regional
specificity, we considered 10 new control brain regions/lobes (frontal lobe,
temporal lobe, parietal lobe, insular lobe, limbic lobe, occipital lobe, amygdala,
hippocampus, thalamus and cerebellum) to cover a range of brain structures.
All samples included were first filtered based on ontology in the Allen Human
Brain Atlas and MNI coordinates in the human Brainnetome Atlas18. Additional
spatial correlations are shown in Supplementary Fig. 8. We next investigated the
biological functions of the genes (among 20,737) with expression profiles that
were significantly correlated with fALFF and ReHo t-statistic maps (described
in Fig. 2a and Extended Data Fig. 1). After Bonferroni correction for multiple
comparisons (P < 0.05/20,737; Pearson correlation test), the 206 top genes that
showed a significant positive association with the ReHo t-statistic map were
selected from the 20,737 genes. We then used an online web tool, FUMA
(http://fuma.ctglab.nl), to perform gene-set analysis with the 206 genes as input.
We also tested the top 206 genes in terms of fALFF and obtained consistent
findings. The results are represented in Supplementary Figs. 9–13.
Statistical analysis. The statistical method for each analysis is specified in each
relevant description. An unpaired two-sided t-test was used to perform betweengroup inference on fALFF (the results for ReHo are shown in Extended Data
Fig. 1), intra- and extra-striatal FC, with the acquisition site, age and sex included
as confounders. These confounders were regressed from the neuroimaging
measures, and the residuals were rescaled to their original range and used for
further testing. Specifically, as shown in Fig. 2a,e,f and Supplementary Figs. 1–3,
inference was performed for each voxel to test the null hypothesis of equality
in the means of these measures between the schizophrenia and control groups;
the t-statistic maps of intra-striatal and extra-striatal FC are represented in
Fig. 2e,f. The results of a between-group inference on framewise distance using
an unpaired two-sided t-test with acquisition site as a confounder are reported
in Extended Data Fig. 2a. A Pearson correlation was used to test whether the
FSA was associated with the percentage improvement in symptoms (with age,
sex and interval days controlled as confounders), as shown in Fig. 3c. A Pearson
correlation was also used to test the spatial relationship between the fALFF/ReHo
t-statistic maps and the gene expression data, as shown in Fig. 4c. The Pearson
correlation was also applied to test the linear association (Extended Data Figs. 2–5
and 7 and Supplementary Figs. 5–8). As shown in Fig. 3e and Supplementary
Fig. 4, an F-test was used to examine the difference in inter-individual variations
of FSA score between the schizophrenia group and the control group. Hedges’
g was used as standardized mean difference in a meta-analysis presented in
Extended Data Fig. 6. See the Nature Research Reporting Summary for additional
details about the statistics and analysis.
Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Data availability

The dataset of UCLA Consortium for Neuropsychiatric Phenomics is available
at the OpenfMRI database (https://openfmri.org/dataset/ds000030/). The [11C]
raclopride PET template can be found in a previous study56. [18F]FDOPA PET
and [123I]FP-CIT SPECT templates are available at the NITRC website
(http://www.nitrc.org/projects/spmtemplates/). Human gene expression data
from the post-mortem tissues from six donors are available at http://human.brainmap.org. Requests for other raw and analyzed data will be promptly reviewed by
the Institute of Automation, Chinese Academy of Sciences to verify whether the
request is subject to any intellectual property or confidentiality obligations.
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Code availability

The SVM model (from all 1,100 subjects across the seven scanners) and code for
calculating the personalized FSA score are available at https://github.com/BingLiuLab/FSA. A web-based research tool for the online calculation of personalized FSA
score is available at https://www.szbiomarkers.net/fsa. Resting-state fMRI data
preprocessing was implemented in an open MATLAB-based tool, BRANT version
3.3546 (http://brant.brainnetome.org/en/latest). Most data manipulation and
machine learning on neuroimaging data were performed based on scikit-learn54
and nilearn (https://github.com/nilearn/nilearn), which are publicly available.
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Extended Data Fig. 1 | Elevated regional homogeneity (ReHo) in schizophrenia. a, Map of t-statistic values for between-group difference in ReHo
(schizophrenia group minus healthy comparison group; unpaired two-sided t-test). n = 560 subjects with schizophrenia and n = 540 controls. Top:
Data pooled across all seven scanners. The largest t-statistic values were for areas within the striatum, indicating that the striatum is a focal point of
significantly increased ReHo in schizophrenia. Bottom: Data analyzed independently for each of the seven scanners. Only t-statistic values within the
striatum are shown. Each axial slice (z = 5) corresponds to data acquired from an independent scanner. Images ordered according to Panel b. b, Scatterbox chart of the mean fALFF in the striatum of normal controls (NC, shown in blue) and schizophrenia groups (SZ, shown in red) across different scanners.
From left: Peking University Sixth Hospital (SIMENS scanner, P < .0003; n = 92 SZ, n = 98 NC), Beijing Huilongguan Hospital (SIMENS scanner, P < 5 × 10−6;
n = 83 SZ, n = 59 NC), Xijing Hospital (SIMENS scanner, P < 1 × 10−4; n = 90 SZ, n = 54 NC), Henan Mental Hospital (SIMENS scanner, P < 4 × 10−8; n = 81
SZ, n = 102 NC), Henan Mental Hospital (GE scanner, P < 6 × 10−7; n = 49 SZ, n = 69 NC), Renmin Hospital of Wuhan University (GE scanner, P = .00025;
n = 82 SZ, n = 89 NC), and Zhumadian Psychiatric Hospital (GE scanner, P < 7 × 10−10; n = 83 SZ, n = 69 NC). Striatal hyperactivity indicated by increased
ReHo in the schizophrenia group is evident in samples from all sites despite having been acquired using different scanners. Significance was assessed by
unpaired two-sided t-test and there was no adjustment for multiple testing. The sample size and definition of boxplot are consistent with those in Fig. 2b.
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Extended Data Fig. 2 | Impacts of intra-scan head motion confound on FSA. a, Boxplot of mean framewise distance (FD) for schizophrenia (red) and
healthy comparison (blue) groups. As indicated by the asterisk, the mean FD of FSA was significantly higher in the schizophrenia group in PKU6 hospital
(P < .05, unpaired two-sided t-test). No significant difference in FD between schizophrenia group and healthy controls in other cohorts (P values are
shown in the figure; unpaired two-sided t-test). The sample size and definition of boxplot are consistent with those in Fig. 2b. b, Scatter plots showing the
absence of a significant correlation between percentage change in PANSS symptom severity and mean FD (PKU6 hospital: P = .57, n = 37; ZMD hospital:
P = .72, n = 58). c, Scatter plots showing the partial correlation between percentage change in PANSS symptom severity and the FSA score, controlling
for the effect of mean FD (PKU6 hospital: P = .000034, n = 37; ZMD hospital: P = .0012, n = 58). d, Relationship between the FSA score and mean FD.
e–g, Relationship between mean FD and the FSA score based on fALFF, intra-striatal FC and extra-striatal FC. Pearson correlation were used to assess
significance in Panels b-g.
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Extended Data Fig. 3 | Impacts of baseline symptom on FSA and percentage symptom reduction. a, b, No significant correlation between the FSA score
and PANSS at baseline in longitudinal cohorts from either PKU6 hospital or ZMD hospital. c, d, No significant correlation between the FSA at baseline
and the percentage reduction in PANSS in longitudinal cohorts from either PKU6 hospital or ZMD hospital. For Panels a-d: Ps > .05; Pearson correlation;
n = 37 in PKU6 hospital and ZMD hospital n = 58 in ZMD hospital.
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Extended Data Fig. 4 | Prognostic utility of FSA stratified according to antipsychotic categories. The relationship between percentage reduction in
PANSS and the FSA score stratified according to antipsychotic category. All the antipsychotic categories with more than (or equal to) 5 patients were
analyzed and Pearson’s r was represented. a, subjects with schizophrenia in PKU6 hospital, n = 10 Risperidone, n = 12 Olanzapine, n = 5 Amisulpride.
b, subjects with schizophrenia in ZMD hospital, n = 19 Clozapine, n = 29 Risperidone, n = 6 Olanzapine. The single asterisk (*) and double asterisks
(**) indicate P < .1 and P < .05, respectively. c, The linear relationship between the 5-TH2A / D2 affinity ratio and the negative of effect size (the natural
logarithm of Pearson’s r) of FSA correlated with the antipsychotic response in specific medication group (n = 6, Pearson correlation).
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Extended Data Fig. 5 | Regional specificity of FSA by control brain regions. a, The classification accuracy from inter-site validation across all regions of
interest, using 1100 cross-section subjects described in Methods section. b, Pearson’s correlation coefficients between the PANSS percentage reduction
and the FSA score in PKU6 (n = 37). c, Pearson’s correlation coefficients between the PANSS percentage reduction and the FSA score in ZMD (n = 58).
All significant correlations (FDR adjusted, P < .05; Pearson correlation) are represented in red color. The results were that the striatum yielded the highest
classification accuracy among all the control regions that we evaluated and that the striatum was the only region that enabled a reliable prediction of the
antipsychotic response.
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Extended Data Fig. 6 | FSA in previously unused datasets characterized by different MR parameters, ethnicities or disease categories. Density plots
show FSA scores computed in five independent datasets (Validation datasets 1-5) comprising individuals with schizophrenia, bipolar disorder, depression,
OCD, and ADHD. Groups comprising healthy comparison individuals are shown in blue. To aid visualization, FSA was normalized separately for each
dataset. Specifically, we first standardized the FSA scores in individuals with schizophrenia and healthy controls, and then aligned the standardized model
for FSA score in other diagnostic groups. Comparisons were made by unpaired two-sided t-test in Panels a-f. a, Dataset 1: FSA scores for individuals
with schizophrenia (n = 30), but not bipolar disorders (BP, n = 25), OCD (n = 30) or depression (DEP, n = 27), significantly differed from those of healthy
controls (n = 29). b, Dataset 2: FSA generalizes to a 1.5-T MRI scanner. The FSA scores for individuals with schizophrenia (n = 30) were significantly
different from those of healthy controls (n = 29); Furthermore, individuals with bipolar disorder (n = 30) a trend toward significantly lower FSA scores
compared to controls (P = .080). c, Dataset 3: Both individuals with schizophrenia (n = 81) and bipolar disorder (n = 41) showed significantly lower FSA
scores compared to healthy controls (n = 102), and FSA scores did not differ significantly between the schizophrenia and bipolar groups. d, Dataset 4:
FSA generalizes to non-Han Chinese ethnicities. Both individuals with bipolar disorder (n = 45) and schizophrenia (n = 47) showed significantly lower
FSA scores compared to healthy controls (n = 115), whereas individuals with ADHD (n = 39) did not differ from controls. e, Dataset 5: FSA scores for
individuals with schizophrenia (n = 92), but not OCD (n = 20), significantly differed from those of healthy controls (n = 98). f, Forest plots for FSA score
of individuals with bipolar disorder compared with individuals with schizophrenia or healthy controls. The sample sizes in Datasets 1-4 were described
above. SMD = standardized mean difference. The relative effect sizes were calculated as standardized mean differences (Hedges’ g) and reported with
their 95% confidence interval (CI). An overall treatment effect is calculated as a weighted average of the individual effect sizes (95% CI shown). Based
in the four validation datasets, SMD of FSA scores between individuals with bipolar disorders and healthy controls were significantly negative (overall
effect size = 6.45, P < 2 × 10−10); SMD of FSA scores between individuals with bipolar disorders and schizophrenia were significantly positive (overall effect
size = 3.83, P < .0002). Overall the result suggests that bipolar disorder is positioned between schizophrenia and healthy controls on the FSA spectrum.
Moreover, we found that FSA scores for individuals with OCD, ADHD and depression did not significantly differ from healthy comparison individuals,
indicating that there is less overlap between the three neuropsychiatric disorders and schizophrenia in striatal dysfunction.
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Extended Data Fig. 7 | Spatial correlation between [11C] Raclopride PET imaging and fALFF t-statistic maps within the striatum and its subregions. [11C]
Raclopride PET image (left) and fALFF t-statistic map (right) are represented on the top. Scatter plots show the association between the t-statistic map
and the marker of D2/3 receptor density within distinct striatal subregions (Pearson’s r was represented below, in 1.5 mm resampled resolution): ventral
caudate (orange red; left hemisphere r = .78, n = 1094 voxels; right hemisphere r = .83, n = 764 voxels), globus pallidus (burnt yellow; left r = .85 n = 758
voxels; right r = .72, n = 773 voxels), nucleus accumbens (leafy green; left r = .51, n = 776 voxels; right r = .79, n = 958 voxels), ventromedial putamen
(lightish blue; left r = .82, n = 793 voxels; right r = .49, n = 607 voxels), dorsal caudate (bright lilac; left r = .81, n = 1178 voxels; right r = .84, n = 1588 voxels)
and dorsolateral putamen (lightish red; left r = .57 n = 1079 voxels; right r = .25, n = 1111 voxels). The bottommost scatter plot is for the whole striatum.
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When statistical analyses are reported, confirm that the following items are present in the relevant location (e.g. figure legend, table legend, main
text, or Methods section).
n/a Confirmed
The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
An indication of whether measurements were taken from distinct samples or whether the same sample was measured repeatedly
The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons
A full description of the statistics including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) AND
variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)
For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings
For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated
Clearly defined error bars
State explicitly what error bars represent (e.g. SD, SE, CI)
Our web collection on statistics for biologists may be useful.

Software and code
Policy information about availability of computer code
PKU6 and HLG: Siemens Trio 3T (syngo MR B17)
XX_2: GE Signa HDx 3T (15\LX\MR Software release.15.0.M4A.0947.)
XX_1: Siemens Verio 3T (syngo MR B17)
WUHAN: GE Signa HDxt 3T (5\LX\MR Software release.15.0.M4A.0947)
XIAN: Siemens Trio 3T (syngo MR B15)
ZMD: GE Signa HDxt 3T (24\LX\MR Softwarerelease.HD16.0.V02.1131.a)
More details are available at the Methods section.

Data analysis

Nilearn 0.4.2: https://nilearn.github.io
Scikit-learn 0.18.1: https://scikit-learn.org
BRANT 3.35: http://brant.brainnetome.org/en/latest
The pipeline of calculating FSA personalized score and the of SVM model (trained by all subjects in our seven scanners) are available at
https://github.com/BingLiu-Lab/FSA.
FUMA: http://fuma.ctglab.nl
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Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:
- Accession codes, unique identifiers, or web links for publicly available datasets
- A list of figures that have associated raw data
- A description of any restrictions on data availability
The SVM model (from all the 1100 subjects across the seven scanners) and other materials for calculating the personalized FSA score are available at https://
github.com/BingLiu-Lab/FSA. A web-based reaserch tool for the online calculation of personalized FSA score is available at https://www.szbiomarkers.net/fsa. The
dataset of UCLA Consortium for Neuropsychiatric Phenomics is available at the OpenfMRI database (https://openfmri.org/dataset/ds000030/). [(_^11)C] Raclopride
PET template can be found in a previous study56. [(_^18)F] FDOPA PET and [(_^123)I] FP-CIT SPECT templates are available at the NITRC website: http://
www.nitrc.org/projects/spmtemplates/. Human gene expression data from the post-mortem tissues from six donors are available at: http://human.brain-map.org.
Requests for other raw and analyzed data will be promptly reviewed by the Institute of Automation, Chinese Academy of Sciences to verify whether the request is
subject to any intellectual property or confidentiality obligations.
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Life sciences study design
All studies must disclose on these points even when the disclosure is negative.
Sample size

For classification in our discovery data, the total sample size was 1100, including 560 individuals with schizophrenia and 550 healthy controls
from seven independent MRI scanners. For the analyses related to antipsychotic response, 95 longitudinal patients from two independent
sites were included. For validation, 537 additional samples (healthy controls and individuals with either bipolar disorder, OCD, depression or
ADHD) from five independent datasets were included, and the details could be found in Methods section. No statistical method was used to
predetermine sample size. However, our study has a very substantially large sample size compared in this field and we carefully established
clinical potential of the proposed biomarker by demonstrating generalizability across scanners.

Data exclusions

Data quality of resting-state fMRI image was pre-established by screening artifacts, head motion (translation > 3mm or degree > 3°),
registration, and normalization quality as well as by excluding left- and mixed-handedness subjects and by matching age and gender.

Replication

Our results showed that FSA can effectively characterize the diagnostic status and treatment response across several independent datasets.
Inter-site cross-validation strategy was performed to ensure the validity of cross-site replication.

Randomization

The clinical management of all the longitudinal patients involved was not influenced by our study. Thus, no randomization method was used.

Blinding

Diagnostic status are important information to build the machine learning model in our study, thus researchers were not blinded to case/
control status.

Behavioural & social sciences study design
All studies must disclose on these points even when the disclosure is negative.
Briefly describe the study type including whether data are quantitative, qualitative, or mixed-methods (e.g. qualitative cross-sectional,
quantitative experimental, mixed-methods case study).

Research sample

State the research sample (e.g. Harvard university undergraduates, villagers in rural India) and provide relevant demographic information
(e.g. age, sex) and indicate whether the sample is representative. Provide a rationale for the study sample chosen. For studies involving
existing datasets, please describe the dataset and source.

Sampling strategy

Describe the sampling procedure (e.g. random, snowball, stratified, convenience). Describe the statistical methods that were used to
predetermine sample size OR if no sample-size calculation was performed, describe how sample sizes were chosen and provide a rationale
for why these sample sizes are sufficient. For qualitative data, please indicate whether data saturation was considered, and what criteria
were used to decide that no further sampling was needed.

Data collection

Provide details about the data collection procedure, including the instruments or devices used to record the data (e.g. pen and paper,
computer, eye tracker, video or audio equipment) whether anyone was present besides the participant(s) and the researcher, and whether
the researcher was blind to experimental condition and/or the study hypothesis during data collection.
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Indicate the start and stop dates of data collection. If there is a gap between collection periods, state the dates for each sample cohort.

Data exclusions

If no data were excluded from the analyses, state so OR if data were excluded, provide the exact number of exclusions and the rationale
behind them, indicating whether exclusion criteria were pre-established.

Non-participation

State how many participants dropped out/declined participation and the reason(s) given OR provide response rate OR state that no
participants dropped out/declined participation.

Randomization

If participants were not allocated into experimental groups, state so OR describe how participants were allocated to groups, and if
allocation was not random, describe how covariates were controlled.

Ecological, evolutionary & environmental sciences study design
All studies must disclose on these points even when the disclosure is negative.
Study description

Briefly describe the study. For quantitative data include treatment factors and interactions, design structure (e.g. factorial, nested,
hierarchical), nature and number of experimental units and replicates.

Research sample

Describe the research sample (e.g. a group of tagged Passer domesticus, all Stenocereus thurberi within Organ Pipe Cactus National
Monument), and provide a rationale for the sample choice. When relevant, describe the organism taxa, source, sex, age range and
any manipulations. State what population the sample is meant to represent when applicable. For studies involving existing datasets,
describe the data and its source.

Sampling strategy

Note the sampling procedure. Describe the statistical methods that were used to predetermine sample size OR if no sample-size
calculation was performed, describe how sample sizes were chosen and provide a rationale for why these sample sizes are sufficient.

Data collection

Describe the data collection procedure, including who recorded the data and how.
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Timing

Timing and spatial scale Indicate the start and stop dates of data collection, noting the frequency and periodicity of sampling and providing a rationale for
these choices. If there is a gap between collection periods, state the dates for each sample cohort. Specify the spatial scale from which
the data are taken

Data exclusions

If no data were excluded from the analyses, state so OR if data were excluded, describe the exclusions and the rationale behind them,
indicating whether exclusion criteria were pre-established.

Reproducibility

Describe the measures taken to verify the reproducibility of experimental findings. For each experiment, note whether any attempts to
repeat the experiment failed OR state that all attempts to repeat the experiment were successful.

Randomization

Describe how samples/organisms/participants were allocated into groups. If allocation was not random, describe how covariates were
controlled. If this is not relevant to your study, explain why.

Blinding

Describe the extent of blinding used during data acquisition and analysis. If blinding was not possible, describe why OR explain why
blinding was not relevant to your study.

Did the study involve field work?

Yes

No

Field work, collection and transport
Field conditions

Describe the study conditions for field work, providing relevant parameters (e.g. temperature, rainfall).

Location

State the location of the sampling or experiment, providing relevant parameters (e.g. latitude and longitude, elevation, water
depth).

Access and import/export

Describe the efforts you have made to access habitats and to collect and import/export your samples in a responsible manner and
in compliance with local, national and international laws, noting any permits that were obtained (give the name of the issuing
authority, the date of issue, and any identifying information).

Disturbance

Describe any disturbance caused by the study and how it was minimized.
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Methods

n/a Involved in the study

n/a Involved in the study

Unique biological materials

ChIP-seq

Antibodies

Flow cytometry

Eukaryotic cell lines

MRI-based neuroimaging

Palaeontology
Animals and other organisms
Human research participants

Unique biological materials
Policy information about availability of materials
Obtaining unique materials

Describe any restrictions on the availability of unique materials OR confirm that all unique materials used are readily available
from the authors or from standard commercial sources (and specify these sources).

nature research | reporting summary

Materials & experimental systems

Antibodies
Antibodies used

Describe all antibodies used in the study; as applicable, provide supplier name, catalog number, clone name, and lot number.

Validation

Describe the validation of each primary antibody for the species and application, noting any validation statements on the
manufacturer’s website, relevant citations, antibody profiles in online databases, or data provided in the manuscript.

Eukaryotic cell lines
Policy information about cell lines
Cell line source(s)

State the source of each cell line used.

Authentication

Describe the authentication procedures for each cell line used OR declare that none of the cell lines used were authenticated.

Mycoplasma contamination

Confirm that all cell lines tested negative for mycoplasma contamination OR describe the results of the testing for
mycoplasma contamination OR declare that the cell lines were not tested for mycoplasma contamination.

Commonly misidentified lines

Name any commonly misidentified cell lines used in the study and provide a rationale for their use.

(See ICLAC register)

Palaeontology
Specimen provenance

Provide provenance information for specimens and describe permits that were obtained for the work (including the name of the
issuing authority, the date of issue, and any identifying information).

Specimen deposition

Indicate where the specimens have been deposited to permit free access by other researchers.

Dating methods

If new dates are provided, describe how they were obtained (e.g. collection, storage, sample pretreatment and measurement),
where they were obtained (i.e. lab name), the calibration program and the protocol for quality assurance OR state that no new
dates are provided.

Tick this box to confirm that the raw and calibrated dates are available in the paper or in Supplementary Information.

Animals and other organisms
Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research
For laboratory animals, report species, strain, sex and age OR state that the study did not involve laboratory animals.

Wild animals

Provide details on animals observed in or captured in the field; report species, sex and age where possible. Describe how animals
were caught and transported and what happened to captive animals after the study (if killed, explain why and describe method; if
released, say where and when) OR state that the study did not involve wild animals.

Field-collected samples

For laboratory work with field-collected samples, describe all relevant parameters such as housing, maintenance, temperature,
photoperiod and end-of-experiment protocol OR state that the study did not involve samples collected from the field.
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Policy information about studies involving human research participants
Population characteristics

Details of the participants information can be found in Methods section. In the main analysis, we used 1100 Han Chinese
individuals, including 560 schizophrenia patients (51.7% male, mean age: 27.6) and 540 healthy comparison controls (50.4%
male, mean age: 28.4) .

Recruitment

All schizophrenia patients and healthy comparison controls were recruited from seven independent scanners and detailed
criteria was provided in Methods section.

ChIP-seq
Data deposition
Confirm that both raw and final processed data have been deposited in a public database such as GEO.
Confirm that you have deposited or provided access to graph files (e.g. BED files) for the called peaks.
May remain private before publication.

For "Initial submission" or "Revised version" documents, provide reviewer access links. For your "Final submission" document,
provide a link to the deposited data.

Files in database submission

Provide a list of all files available in the database submission.

Genome browser session

Provide a link to an anonymized genome browser session for "Initial submission" and "Revised version" documents only, to
enable peer review. Write "no longer applicable" for "Final submission" documents.

Data access links

(e.g. UCSC)
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Methodology
Replicates

Describe the experimental replicates, specifying number, type and replicate agreement.

Sequencing depth

Describe the sequencing depth for each experiment, providing the total number of reads, uniquely mapped reads, length of
reads and whether they were paired- or single-end.

Antibodies

Describe the antibodies used for the ChIP-seq experiments; as applicable, provide supplier name, catalog number, clone
name, and lot number.

Peak calling parameters

Specify the command line program and parameters used for read mapping and peak calling, including the ChIP, control and
index files used.

Data quality

Describe the methods used to ensure data quality in full detail, including how many peaks are at FDR 5% and above 5-fold
enrichment.

Software

Describe the software used to collect and analyze the ChIP-seq data. For custom code that has been deposited into a
community repository, provide accession details.

Flow Cytometry
Plots
Confirm that:
The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).
The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).
All plots are contour plots with outliers or pseudocolor plots.
A numerical value for number of cells or percentage (with statistics) is provided.

Methodology
Describe the sample preparation, detailing the biological source of the cells and any tissue processing steps used.

Instrument

Identify the instrument used for data collection, specifying make and model number.

Software

Describe the software used to collect and analyze the flow cytometry data. For custom code that has been deposited into a
community repository, provide accession details.

Cell population abundance

Describe the abundance of the relevant cell populations within post-sort fractions, providing details on the purity of the samples
and how it was determined.
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Describe the gating strategy used for all relevant experiments, specifying the preliminary FSC/SSC gates of the starting cell
population, indicating where boundaries between "positive" and "negative" staining cell populations are defined.

Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.

Magnetic resonance imaging
Experimental design
Design type

Resting-state

Design specifications

A single session was scanned for each subject.

Behavioral performance measures

This is not relevant to our study because we do not have task design.

Acquisition
Imaging type(s)

Functional MRI was used for major study and structural MRI was used for preprocessing of functional MRI.

Field strength

3 Tesla

Sequence & imaging parameters

Details were provided in Methods section.

Area of acquisition

The whole brain region was scanned for each subject.

Diffusion MRI

Used
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Gating strategy

Not used

Preprocessing
Preprocessing software

BRANT 3.35 was used for the preprocessing of resting-state fMRI, and details of parameters and the link were provided
in Method section.

Normalization

Nonlinear normalization of functional MRI image to the template

Normalization template

MNI152 template

Noise and artifact removal

The EPI images were resampled to 3×3×3 mm3, followed by a noise removal process including a multiple regression
model and band-pass filtering. Regressors of the regression model included linear trends, averaged white matter (WM),
cerebrospinal fluid (CSF), and whole brain (global signal) voxels, the first derivatives of WM, CSF and the Friston’s 24
parameters’ head motion model. After removing above potential noisy signals using averaged brain tissue time series
and estimated head motion signals in the multiple regression model, the residuals were band-pass filtered (0.01Hz –
0.08 Hz) to further suppress low-frequency drifts and psychological noises such as breathing and heartbeat.

Volume censoring

Artifacts, registration and normalization quality were under visual check.

Statistical modeling & inference
Model type and settings

At the second level, two-side t-test was performed for group comparison and machine learning by SVM model with
inter-site validation was used for classification.

Effect(s) tested

We used the t-statistic value to measure the extent of group-level difference and the classification accuracy to
represent the power of individualized prediction.

Specify type of analysis:
Statistic type for inference
(See Eklund et al. 2016)

Correction

Whole brain

ROI-based

Both

Voxel-wise
Both FWE or FDR correction were applied based on the specific situations.

Models & analysis
n/a Involved in the study
Functional and/or effective connectivity
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Graph analysis
Multivariate modeling or predictive analysis

Functional and/or effective connectivity

Pearson's correlation was applied to measure functional connectivity.

Graph analysis

Report the dependent variable and connectivity measure, specifying weighted graph or binarized graph,
subject- or group-level, and the global and/or node summaries used (e.g. clustering coefficient, efficiency,
etc.).
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Support vector machine model was performed using inter-site cross-validation strategy.
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