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eMethods 

Resting-state fMRI data acquisition 

Participants were scanned at rest on a Philips 1.5 T Intera scanner at the Columbia 

Radiology MRI Center. They were instructed to relax and keep their eyes open 

throughout the session. Participants were spoken to before and after each sequence to 

ensure wakefulness. Whole-brain functional echo-planar images were obtained using an 

8-channel SENSE coil (SENSE factor=1.5, TR=2 s, TE=28 ms, flip angle=77°, FoV=192 

mm, 40 slices, 3 mm isotropic voxels) in addition to SPGR T1-weighted images 

(FoV=256 mm, 200 slices, 1 mm isotropic voxels). Participants completed 2 runs of 165 

volumes each, for a total resting-state scanning time of 11 minutes.  

MRI data was typically acquired around 2 weeks before the PET data (mean ± 

S.E.M.: 15.25 ± 14.95 days). In 5 healthy controls, this was not possible due to logistic 

issues, so the data was acquired 2 weeks or longer after the PET data acquisition (a 

minimum of two weeks was imposed to minimize any residual effects of amphetamine 

exposure). There were however no differences in the interval between fMRI and PET 

scans between the groups (t(26)=-0.42,p=0.67). 

 

fMRI preprocessing 

fMRI data were preprocessed following standard procedures, including manual 

reorientation, slice-timing correction, motion correction with INRIAlign1, co-registration to 

T1-weighted scans, and segmentation-based normalization to MNI space, using SPM8 

and custom Matlab scripts. Additionally, in accordance with 'scrubbing' procedures for 

resting-state fMRI2, volumes with intensity or motion artifacts were tagged based on 

DVARS and FD cutoffs (see Scrubbing procedures below). Temporal band-pass filtering 

with an 8th-order Butterworth filter (0.009 Hz<f<0.08 Hz) and spatial smoothing (8 mm3 

full-width-at-half-maximum Gaussian kernel) were applied. Time series were then z-

scored for every voxel within each run to remove scaling differences between runs. 

 Scrubbing procedures. Following prior work2, DVARS and framewise 

displacement (FD) parameters were calculated for each individual on a larger dataset of 

patients with schizophrenia and healthy controls. This dataset was collected in the same 
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scanner and with the same EPI sequence parameters as the current dataset. We used 

the 2 interquartile ranges above the median as the cutoff for both FD and DVARS, as it 

provided a stringent cutoff for identification of motion-related artifacts that was well 

above the norm in still subjects2. Frames that exceeded either of these cutoffs (for 

DVARS or FD), as well as one frame back and two frames forward, were considered as 

artifactual volumes. Artifactual volumes were covaried out (censored) in the subject-level 

GLM, where one dummy variable was additionally included for each artifactual set of 

adjacent volumes. Subjects left with less than 15% non-artifactual volumes were 

excluded; we adopted this relatively lenient threshold for subject exclusion based on our 

observation that even subjects with ~15% of data left showed representative patterns of 

seed-related connectivity and were not outliers in any relevant measure (also note that 

we controlled for fMRI-data-quality scores in our main analyses to control for the 

potential confounding effect of the amount of censored data per subject). Only one 

patient was excluded from the original 19 patients on the basis of this criterion.  

 The number of censored volumes using these stringent criteria was 3,334 out of 

13,860 (330 total volumes per subject times 42 subjects) or 24.05% of the total data 

(19.48% of the total data for controls and 30.15% of the total data for patients). The 

number of censored volumes by subject did not differ significantly between the groups 

(means ± S.E.M.: 64.29 ± 13.55 in controls, 99.5 ± 21.71 in patients; t(40)=1.44, p=0.16), 

as indicated in Table 1 of the main manuscript. 

 

Justification for using bilateral seeds and target regions of interest (ROIs) 

We used bilateral seeds for the striatal subregions (merging across left and right 

hemispheres), in addition to using bilateral ROIs for Brodmann Areas and subcortical 

nuclei. The main reason for combining left and right seeds was that we did not expect 

that hemisphere-specific connections would drive any of the hypothesized 

dysconnectivity effects. Even though anatomical connections differ between ipsilateral 

and contralateral regions, there is substantial communication between hemispheres both 

at the level of the cortical target regions and within the basal ganglia3. More relevant to 

the current study, connectivity measures applied to resting-state fMRI cannot parse out 

mono-synaptic vs. poly-synaptic connections or readily separate subcomponents of 

functionally connected (temporally coherent) networks, which tend to include both 
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hemispheres (e.g., motor regions in the left and right hemispheres tend to have highly 

correlated temporal activity at rest)4. Moreover, merging left and right subregions has 

analytic advantages in terms of simplifying the analysis of group differences. 

Additionally, the autonomy index (essentially, the normalized difference between 

connectivity strength for ipsilateral versus contralateral regions)5 was not significantly 

different between left and right striatal subregions or between patients and controls (all 

p>0.07). Across all striatal subregions, striatal connections with ipsilateral and 

contralateral target regions had comparable strengths (p=0.18). Thus, our choice of 

bilateral seeds is unlikely to have introduced significant problems in our analyses. 

 

Subject-level GLM 

Data from each individual was analyzed in SPM8 using a voxelwise GLM of the following 

form: 

	 	

	 ∑ 	 	 	 ∑ 	 	

	 	 	 	,  

where striatal seeds 1-5 represented the spatially averaged signal timeseries from each 

of the 5 striatal subregions, as traced on each individual T1-weighted scan. WM and 

CSF represented the mean signal timeseries for the white-matter and cerebro-spinal 

fluid probability tissue maps outputted from the segmentation procedure on SPM8 

(thresholded at 0.8, as in prior work6, and excluding voxels overlapping with a basal 

ganglia mask so as to avoid including signal of interest from the striatum as signal of no 

interest in the nuisance regressors, given the anatomical proximity of the striatum with 

adjacent white-matter tracts and lateral ventricles). MPi were the 6 motion parameters 

obtained during the realigment process plus their corresponding first derivatives. We did 

not include squared parameters in keeping with previous work using scrubbing methods 

for resting-state fMRI2. 

 Note that each of the maps of fitted regression coefficients of interest, or beta 

maps , each represents the connectivity strength from one of the 5 striatal 

subregions to each voxel in the brain while controlling for the other 4 regions and the 

nuisance variables (i.e., signal from white matter, CSF, and motion-related artifacts). A 
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summary (mean) of these fitted regression coefficients or betas ( ) from the 

subject-level model became the predictor variables in the following group-level model, as 

is the standard in hierarchical regression using a summary-statistic approach.  

 

Group-level logistic regression 

The group-level logistic regression predicted group membership (healthy control=1, 

patient=0) based on the connectivity strength between striatal subregions and their 

target regions (regions with significant connectivity to the respective striatal subregion in 

at least one of the groups). The fitted betas for each of the striatal subregions ( ) 

from the subject-level model were spatially averaged across voxels within each of the 

target regions. This resulted in a single scalar per subject, striatal subregion and target 

region representing connectivity strength for each striatal-target pair 

( 	 	
	 	 ). The logistic regression model had the following form: 

ln log 	 	 	 ∑ ∑ 	 	 	,  

where Ki is the number of striatal-target pairs associated with striatal subregion i, i = 1 to 

5, and n is the total number of striatal subregions included in the final model (n = 2, see 

bottom panel, Fig 1). Rather than including all possible CS pairs, which would result in 

an underdetermined model, we used a forward model selection that added a set of CS 

pairs (comprising all Ki pairs corresponding to a single striatal subregion i) at a time. 

When the final model was determined, the fitted logistic-regression coefficients in this 

group-level model, , (1 ∑  in total) were then used to estimate the log odds of 

belonging to the healthy group (or not belonging to the patient group) as 

∑ ∑ . The estimated log odds (health) were used as a multivariate index 

of striatal connectivity pattern that indicated the how control- or patient-like the pattern of 

striatal connectivity was for each of the subjects. Although the log odds (health) and the 

P(health) are not equivalent, the two are monotonically related, so higher log odds 

(health) relates to higher likelihood of belonging to the healthy group based on the 

connectivity pattern.  

 The interpretation of the fitted regression coefficients  in this group-level 

logistic regression model (bottom panel of Fig. 1) is as the adjusted log Odds Ratio (or 
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log OR); 	can thus be interpreted as the relative increase in OR of belonging to the 

healthy group as the connectivity strength for the corresponding striatal-target pair 

increases by one unit while holding connectivity strength in the other striatal-target pairs 

constant. 

 Note that p-values used for selection of relevant regions (for data reduction 

purposes) were only used to select the strongest relationships as the most meaningful 

ones (for this reason, the corresponding threshold used a relatively lenient p-value of 

0.005, uncorrected). Similarly, computation of p-values was involved in the model-

building process, but these p-values were not used for null-hypothesis testing of a priori 

hypotheses. Our a priori hypothesis was that the final model resulting from model 

selection would be able to predict group membership based on the pattern of striatal 

connectivity, which was tested using a likelihood-ratio omnibus test. 

 

Correlational analyses of connectivity patterns and clinical and PET data 

Once the final model was determined, the subject-wise predicted log odds of belonging 

to the healthy group based on the multivariate connectivity pattern, log odds (health), 

was used as a summary index of degree of abnormality in the striatal connectivity 

pattern for further correlational analyses with clinical and PET data. Our main purpose 

here was to establish whether the abnormal patterns of connectivity observed in patients 

were clinically relevant and/or related to dopamine transmission. In particular, we 

hypothesized that abnormal patterns of connectivity of the striatum would relate to 

severity of positive symptoms of psychosis. 

Note that these analyses were unbiased as the ordering of the log odds across 

individuals was orthogonal to all clinical and PET data except for group membership, 

which was controlled for appropriately. This is because our logistic regression analysis 

predicted group membership (controls=1, schizophrenia=0) based on patterns of striatal 

connectivity (the model did not include information about symptom severity), and group 

membership is orthogonal to severity of psychotic symptoms within patients; the group 

membership variable is constant for a given group (e.g., all patients are coded as 0) but 

severity varies within this group, thus the two variables are by definition orthogonal. 

Although the log odds (health) values among patients were all closer to zero than those 
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corresponding to healthy controls, the variability among these values – the ordering of 

the values – within the patient group was not influenced by any symptom-severity data 

(i.e., symptom severity and log odds (health) were independent under the null 

hypothesis, although our analyses rejected the null hypothesis). Within-group 

correlational analyses were thus unbiased. Furthermore, correlational analyses that 

included both groups controlled for group membership and were thus similarly unbiased. 

 

Exploratory group-level univariate analyses 

These exploratory analyses at the group level consisted of a group by striatal subregion 

ANOVA (flexible factorial design in SPM8) testing for differential effects of group, striatal 

subregion, and group by striatal subregion (interaction) on connectivity with individual 

voxels. Result maps were thresholded at a height of p≤0.005 and extent of 5 adjacent 

voxels. Reported are results surviving a p-value of p ≤0.05, false discovery rate (FDR)-

corrected for multiple comparisons based on Random Field Theory7.  

Finally, differences in global brain connectivity (GBC), defined as the absolute 

connection strength (|beta|) between a given striatal subregion to all extra-striatal voxels 

in the brain, were tested across striatal subregions and between the groups in an 

exploratory fashion using a mixed ANOVA with factors group and striatal subregion. 

GBC is a graph-theoretic index equivalent to an unthresholded weighted measured of 

degree centrality8-10. The most commonly used measure of degree centrality, an index of 

hubness of a region or network node, simply quantifies the number of voxels that are 

connected with a given region above a certain threshold. However, this measure both 

requires an arbitrary threshold and ignores individual correlation coefficients of voxels as 

long as they survive the imposed threshold. Calculating the average correlation strength 

across voxels essentially counts the number of voxels without imposing an arbitrary 

dichotomy and weighs their influence based on their correlation strength. Given this 

advantage, we chose the GBC method over the thresholded unweighted (conventional) 

measure of degree centrality. Nonetheless, the more conventional measure of degree 

centrality and GBC strongly correlate with each other. The median correlation between 

the unthresholded weighted degree centrality index (GBC) and the thresholded 

unweighted one (using different thresholds) across regions, thresholds, and subjects 

was 0.73 (all p<10-32). 
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Multivariate fMRI analyses 

In the main multivariate analysis presented in the manuscript, a data-reduction step was 

applied that selected only target regions exhibiting significant connectivity with any of the 

striatal subregions (p≤0.005 in ≥20% of the voxels, uncorrected) in either of the two 

groups. This 20% extent threshold was selected as a lenient cutoff to exclude regions 

with very limited percentage of voxels showing significant connectivity with a given 

striatal subregion, the inclusion of which could increase false positives in the 

identification of relevant target regions for the subsequent analyses.  

Nonetheless, the main group-level logistic regression was repeated using 

different criteria for selection of target regions, either more lenient or more stringent than 

the 20% extent threshold. A more lenient cutoff of 10% resulted in selection of 1 pair 

associated with the ventral striatum, 32 with the anterior caudate, 9 with the anterior 

putamen, 6 with the posterior caudate, and 10 with the posterior putamen. The final 

model predicting group membership based on these pairs (selected using the 10% 

cutoff) included only the set of striatal-target pairs (in this case, 32 pairs) associated with 

the anterior caudate (2 (32)= 50.13, p=0.0216). An even more lenient cutoff of 5% 

resulted in selection of 1 pair associated with the ventral striatum, 33 with the anterior 

caudate, 20 with the anterior putamen, 15 with the posterior caudate, and 21 with the 

posterior putamen. The final model predicting group membership based on these pairs 

(selected using the 5% cutoff) included only the set of striatal-target pairs (in this case, 

33 pairs) associated with the anterior caudate (2 (33)= 49.48, p=0.0326). Using more 

stringent cutoffs of 30% (which selected 0 [ventral striatum], 21 [anterior caudate], 1 

[anterior putamen], 2 [posterior caudate], and 2 pairs [posterior putamen]) and 40% 

(which selected 0 [ventral striatum], 17 [anterior caudate], 1 [anterior putamen], 2 

[posterior caudate], and 1 pairs [posterior putamen]) resulted in final models including 

the anterior caudate (with 21 and 17 pairs, respectively) and anterior putamen (with 1 

pair in both cases; 2 (22)= 40.51, p=0.0094, and 2 (18)=28.97, p=0.0348, respectively). 

 As an alternative approach, instead of performing the model selection based on 

sets of striatal-target pairs associated with one striatal subregion at a time, we redid the 

model selection based on sets of pairs associated with one of the 29 target regions at a 

time (i.e., sets of 5 pairs comprising connections between each target region and the 5 

striatal subregions). This alternative approach resulted in a final model that included the 
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connections between 3 target regions (the thalamic midline nucleus, the thalamic ventral 

posterior lateral nucleus, and the hippocampus) and all 5 striatal subregions (i.e., 15 

target-striatal pairs). This analysis similarly showed that the pattern of striatal 

connectivity with these target regions differed between the study groups (2 (15)=47.29, 

p= 6×10-13). 

 Even though our primary aim was to establish abnormalities in the overall pattern 

of striatal connections (across striatal subregions) rather than comparing between 

striatal subregions, we further explored whether striatal-target pairs associated with any 

of the striatal subregions provided a more discriminative model for predicting group 

membership. To avoid overrepresentation of striatal hubs, the model for each striatal 

subregion included all 29 target-striatal pairs associated with that subregion. Because 

these models were not nested but all predicted the same outcome variable (group 

membership), we used the Akaike Information Criterion (AIC) as a goodness-of-fit index 

to compare between them. The best model (lowest AIC) was that associated with the 

posterior caudate; nonetheless, each of the five models was associated with a significant 

omnibus likelihood-ratio test against the intercept-only model and had comparable AICs 

(ventral striatum [29 pairs]: p=0.0023, AIC=58.72, deviance=2.04; anterior caudate [29 

pairs]: p=0.0166, AIC=61.72, deviance=9.87; anterior putamen [29 pairs]: p=0.0111, 

AIC=60.54, deviance=8.19; posterior caudate [29 pairs]: p=0.0015, AIC=58.21, 

deviance=0.56; posterior putamen [29 pairs]: p=0.0087, AIC=60.35, deviance=7.21). 

Obtaining more parsimonious models via backwards stepwise regression eliminating 

one striatal-target pair at a time, for each of the models separately, yielded similar 

results (ventral striatum [final model including 10 pairs]: p=0.0095, AIC=37.95, 

deviance=14.33; anterior caudate [14 pairs]: p=0.0177, AIC=51.57, deviance=19.39; 

anterior putamen [13 pairs]: p=0.0200, AIC=53.39, deviance=21.98; posterior caudate [7 

pairs]: p=0.0011, AIC=36.12, deviance=11.48; posterior putamen [12 pairs]: p=0.0154, 

AIC=50.18, deviance=20.31), where all models were comparable but the one associated 

with the posterior caudate had the best goodness-of-fit indices. These results thus 

suggest that abnormalities in striatal connectivity in schizophrenia are present for all 

striatal subregions but are particularly evident for the posterior caudate. 
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Clinical correlations – individual item contributions 

Patients with a more abnormal striatal connectivity pattern (i.e., lower log odds of 

belonging to the healthy control group) had more severe positive symptoms (PANSS-PT: 

ρ=-0.76, p=0.0011; SAPS: ρ=-0.66, p=0.0076). Individual items driving this effect 

included ‘suspiciosness/persecution’ and ‘delusions’ for the PANSS-PT and ‘delusions of 

reference’, ‘bizarre behavior’, and ‘voices conversing’ for the SAPS (ρ between -0.68 

and -0.46). 

 

Clinical correlations – alternative analyses 

Despite our rationale, described above, supporting that our main analyses were 

unbiased, we conducted additional analyses to cross-validate our main findings. 

Specifically, we used a similar model-building approach to that used for our logistic 

regression predicting group membership but instead using a multiple linear regression 

model predicting symptom severity scores – a continuous variable – in patients based on 

connectivity strength in striatal-target pairs. Because of the smaller sample size in 

patients compared to the whole group, we could not perform model-building based on 

sets of pairs associated with a given striatal region but instead performed a forward 

stepwise regression that added one striatal-target pair (which could be associated with 

any of the 5 striatal subregions) on each step. Using this procedure, the final model for 

positive symptoms (PANSS-PT scores) included 7 striatal-target connectivity pairs (1 

related to the ventral striatum, 0 related to the anterior caudate, 2 related to the anterior 

putamen, 2 related to the posterior caudate, and 2 related to the posterior putamen) and 

explained 97.19% of the variance in PANSS-PT scores (adjusted R2=0.94, AIC=20.59; 

F(7,7)=34.62, p=6×10-6). In contrast, the final model for negative symptoms (PANSS-NT 

scores) using the same procedure included 2 pairs (1 related to the anterior caudate and 

1 related to the posterior caudate) but only explained 35.72% of the variance in PANSS-

NT scores and was overall not significant (adjusted R2=0.25, AIC=65.57; F(2,12)=3.33, 

p=0.07). These results thus cross-validate our finding that abnormalities in the pattern of 

striatal connectivity are particularly related to severity of positive symptoms. 

 Finally, for completeness we evaluated the relationship between PET data and 

severity of clinical symptoms in patients. Neither the baseline BPND principal-component 
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scores nor the delta BPND principal-component scores were significantly correlated with 

PANSS-PT, PANSS-NT, or PANSS-GT scores (all p>0.29). 

 

Correlations with PET data – alternative analyses 

As above, we performed additional analyses using a model-building approach with a 

multiple regression predicting D2R density (BPND) across all subjects with available PET 

and fMRI data (including both patients and controls) based on connectivity strength in 

striatal-target pairs. We performed a forward stepwise regression that added one striatal-

target pair (which could be associated with any of the 5 striatal subregions) on each 

step. Using this procedure, the final model for D2R density (first principal component 

score for BPND across all regions) included 14 striatal-target connectivity pairs (2 related 

to the ventral striatum, 2 related to the anterior caudate, 2 related to the anterior 

putamen, 5 related to the posterior caudate, and 3 related to the posterior putamen) and 

explained 96.37% of the variance in BPND (adjusted R2=0.93, AIC=24.23; F(14,14)=26.53, 

p=1×10-8). This result thus cross-validated our finding that the striatal connectivity 

pattern relates to D2R density. 

We further calculated the predicted value of BPND based on the connectivity pairs 

in this final multiple-regression model, the equivalent of the log Odds for the linear 

regression case, and calculated its correlation with severity of positive and negative 

symptoms (as measured by the PANSS-PT and PANSS-NT, respectively) in the 12 

patients that had PET and fMRI data. The objective of this analysis was to test whether 

the patterns of connectivity associated with D2R density were also related to severity of 

positive symptoms in the patient group. The Spearman’s ρ coefficients were -0.48 

(p=0.12, a trend-level effect in the same direction as our main correlation between 

abnormal connectivity patterns and positive symptoms) and 0.14 (p=0.67) for positive 

and negative symptoms, respectively. The partial ρ coefficient for the relationship 

between the predicted value and positive symptoms while controlling for negative 

symptoms was -0.53 (p=0.090, again a trend-level effect in the same direction as that 

reported with our main approach). Note, however, that this alternative approach reported 

here has the limitation that we could only use data for patients that had fMRI and PET 

data rather than all the patients with fMRI data, which substantially diminished the 

sample size (by one third) and the statistical power. 
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Correlations with PET data – exclusion of potential outliers and analyses in individual 

regions 

In our main analyses, we found that more control-like striatal connectivity patterns (i.e., 

higher log odds of belonging to the healthy control group) correlated with higher baseline 

BPND principal-component scores in a model that adjusted for fMRI data-quality scores 

and group (beta=0.27, t(25)=3.01, p=0.0058). Excluding a potentially influential outlier 

(Cook’s distance>4/n) did not alter this result (beta=0.29, p=0.002).  

To confirm that this finding was not influenced by the PCA approach used to 

summarize the PET data across regions, we ran the same analysis as above (i.e., a 

model predicting the PET data based on log odds [health] while controlling for group 

membership and fMRI data-quality scores) on baseline BPND values separately for each 

region. More control-like striatal connectivity patterns were significantly related to higher 

baseline BPND in all regions (dorsolateral prefrontal cortex, orbitofrontal cortex, medial 

prefrontal cortex, anterior cingulate cortex, subgenual cingulate cortex, occipital cortex, 

insula, amygdala, hippocampus, thalamus, and midbrain; betas 0.03-0.12, t(25) statistics 

2.09-3.14, p-values 0.047-0.0043) except for two, the parietal cortex (beta=0.035, 

t(25)=1.82, p=0.08) and the temporal cortex (beta=0.05, t(25)=1.78, p=0.09), which showed 

a relationship in the same direction that approached significance at trend level. Thus, 

data from each of the individual regions comprising baseline-BPND first principal-

component score showed a similar relationship (either significantly or at trend-level) as 

that reported for the principal-component scores combining all regions. In contrast, no 

significant relationships were found between striatal connectivity patterns and delta BPND 

in any of the regions (all p>0.23). These results thus support our approach of 

summarizing the data using PCA as an efficient method to combine non-independent 

data and minimize the number of statistical comparisons. 

 

Extended exploratory analyses of univariate voxelwise functional connectivity and 

global-brain-connectivity (GBC) 

An exploratory voxelwise test of the group-by-striatal-subregion interaction did not yield 

any significant results, nor did the group effects for individual subregions (all p>0.05, 

FDR-corrected). Within healthy controls, the anterior caudate showed significantly 
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stronger connectivity than any of the other subregions to medial and dorsolateral 

prefrontal cortex, parietal cortex, temporal association cortex, and thalamus (all p<0.05, 

FDR-corrected; Fig. 3 in main manuscript). This effect was not observed in the patient 

group, although the group difference was not significant. The other subregions did not 

significantly show differential connectivity in either of the groups. 

Finally, an analysis of GBC (see eMethods above) showed that the anterior 

caudate displayed stronger brain-wide connectivity (or “hubness”) than the other striatal 

subregions (F(4,160)=18.77, p=10-13, within-subject effect of striatal subregion across all 

participants, mixed ANOVA; all t(41)>2.5, all p<0.0162, pairwise paired t-tests; Fig. 4 in 

main manuscript). GBC of the anterior caudate was numerically but not significantly 

reduced in patients (F(4,160)=0.90, p=0.46, group-by-subregion interaction; t(40)=0.69, 

p=0.4897, group t-test). 

 

Exploratory support vector machine (SVM) analyses 

Our main purpose in this work was not to find a diagnostic classifier based on striatal 

connectivity but to test multivariate differences in connectivity between the groups (which 

we did based on the main logistic regression analysis presented in the manuscript). 

Nonetheless, we explored whether a linear SVM classifier11 could differentiate the 

groups accurately based on their striatal connectivity pattern. In this analysis, we initially 

included all possible striatal-target pairs as features (29 target regions × 5 striatal seeds 

= 145 features) and then recursively eliminated the feature with the lowest weight in the 

classifier at a time (a procedure known as recursive feature elimination or RFE12,13). 

Bias-corrected leave-one-out accuracy (i.e., which consisted of training a classifier on a 

training set comprised of all subjects but one and then testing it on the testing set 

comprised of the subject that was left out) was calculated on each iteration as the 

balanced prediction accuracy across both groups (i.e., the arithmetic mean of the group-

specific accuracies in healthy controls and patients)14. This procedure was additionally 

repeated in 1,000 permuted samples in which diagnostic labels were randomly 

reshuffled. Leave-one-out accuracies exceeding the threshold of 95th percentile of 

accuracy in the permuted samples were considered statistically significant. 
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 eFigure 1 shows that leave-one-out accuracy yielded a maximum of 70.83%, 

above the significance threshold. This provides preliminary support for the notion that 

the striatal connectivity pattern could be used for diagnostic classification. This accuracy 

peak was reached with a classifier that retained 14 features; these corresponded to 2 

pairs associated with the anterior caudate, 2 pairs associated with the anterior putamen, 

5 pairs associated with the posterior caudate, and 5 pairs associated with the posterior 

putamen. 
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eFigure. Results of the RFE-SVM Classifier in Discriminating Between Patients With 

Schizophrenia and Healthy Controls 
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eTable 1. Sociodemographic and Other Relevant Characteristics of Healthy Controls and 

Patients With Schizophrenia With Available MRI and PET Data  

Sociodemographic and clinical characteristics Controls (n=17) Patients (n=12) p-value

Age (years) 32.9 ± 2.1 33.6 ± 2.9 0.86 

Sex (female/male) 8/9 6/6 0.82 

Ethnicity (C/AA/Hisp/As/mixed) 4/6/3/2/2 1/7/3/1/0 0.49 

Parental SES 34.8 ± 2.7 44.6 ± 3.9 0.04* 

Handedness (right/left) 16/1 11/1 0.62 

Nicotine smoking (no/yes) 14/3 8/4 0.60 

Interval between MRI and PET scans (days) 20.5 ± 24.8 7.2 ± 2.6 0.67 

Means ± S.E.M. are presented for continuous variables. P-values correspond to two-sample t-

tests for continuous variables and 2 tests for categorical variables. C: Caucasian; AA: African-

American; Hisp: Hispanic; As: Asian. *Note that Parental SES was not matched between the 

groups (although the differences were small). However this does not impact the analysis of the 

relationship between striatal connectivity pattern and PET data, which controlled for group but 

was not aimed at directly comparing imaging measures between the groups. 
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eTable 2. PET Scanning Parameters  

PET scanning parameters Controls (n=17) Patients (n=12) p-
value 

Injected dose of radioactivity (MBq)  

Baseline  173.5 ± 21.4 175.9 ± 26.1 0.79 

Post-amphetamine 173.2 ± 32.6 186.1 ± 5.9 0.19 

Injected mass of radiotracer (μg)  

Baseline  0.3 ± 0.1 0.3 ± 0.2 0.92 

Post-amphetamine 0.3 ± 0.2 0.2 ± 0.1 0.59 

Specific activity (MBq/nmol)  

Baseline  298.8 ± 164.3 400.8 ± 262.2 0.21 

Post-amphetamine 302.7 ± 157.2 364.2 ± 175.6 0.33 

Plasma free fraction  

Baseline  0.3 ± 0.1 0.3 ± 0.1 0.62 

Post-amphetamine 0.3 ± 0.1 0.3 ± 0.1 0.60 

Means ± S.D. are presented. P-values correspond to two-sample t-tests. Paired t-tests comparing 

parameters at baseline versus post-amphetamine yielded non-significant results (all p>0.16). 

Baseline BPND principal-component scores did not differ significantly between the groups 

(t(27)=0.76, p=0.45). Group differences in delta BPND principal-component scores approached 

trend-level significance (t(27)=1.66, p=0.1085). For comparison with the full dataset (21 healthy 

controls and 20 patients with schizophrenia) presented in Slifstein et al.15, which reports group 

differences in PET values in detail, delta BPND in the dorsolateral prefrontal cortex in this smaller 

subsample was significantly different between the groups (t(27)=2.51, p=0.0186). Group 

differences in delta BPND were significant or approached significance in most other regions while, 

in contrast, group differences in baseline BPND did not approach significance in any of the 

regions.  
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