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Abstract 

Background and aims: Formal thought disorder (FThD) is a core feature of psychosis, and 

its severity and long-term persistence relates to poor clinical outcomes. However, advances in 

developing early recognition and management tools for FThD are hindered by a lack of insight 

into the brain-level predictors of FThD states and progression at the individual level.  

Methods: 233 individuals with recent-onset psychosis were drawn from the multi-site 

European Prognostic Tools for Early Psychosis Management study. Support vector machine 

classifiers were trained within a cross-validation framework to separate two FThD symptom-

based subgroups (high vs. low FThD severity), using cross-sectional whole-brain multi-band 

fractional amplitude of low frequency fluctuations (fALFF), gray-matter volume (GMV) and 

white-matter volume (WMV) data. Moreover, we trained machine learning models on these 

neuroimaging readouts to predict the persistence of high FThD subgroup membership from 

baseline to 1-year follow-up.  

Results: Cross-sectionally, multivariate patterns of GMV within the salience, dorsal attention, 

visual and ventral attention networks separated the FThD severity subgroups (BAC=60.8%). 

Longitudinally, distributed activations/deactivations within all fALFF sub-bands (BACslow-

5=73.2%, BACslow-4=72.9%, BACslow-3=68.0), GMV patterns overlapping with the cross-

sectional ones (BAC=62.7%) and frontal WMV decrements (BAC=73.1%) predicted the 

persistence of high FThD severity from baseline to follow-up, with a combined multi-modal 

balanced accuracy of BAC=77%. 

Conclusions: We report first evidence of brain structural and functional patterns predictive of 

FThD severity and persistence in early psychosis. These findings  open the avenue for the 

development of neuroimaging-based diagnostic, prognostic and treatment options for the early 

recognition and management of FThD and associated poor outcomes.  
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1. Introduction 

Early psychosis is characterized by marked symptom and outcome heterogeneity, which poses 

challenges for the development and implementation of tailored prevention and treatment 

options. In this context, modern frameworks such as the RDoC (Research Domain Criteria) (1) 

or HiTOP (2) highlight the relevance of symptom-based stratifications for the identification of 

more homogeneous neuroetiological pathways which could guide personalized early 

recognition, prevention and treatment.  

As a multidimensional psychopathological construct, formal thought disorder (FThD) is a core 

and dynamically evolving feature of psychotic disorders (3,4). FThD encompasses symptoms 

of conceptual disorganization such as derailment, incoherence, tangentiality, neologisms, and 

thought blocking. Importantly, FThD has been associated with long-term adverse outcomes 

such as increased hospitalization, reduced quality of life, social, and occupational functioning, 

both in chronic schizophrenia patients (3,5–9), and in patients with recent-onset psychosis 

(ROP) (10–12). Employing a data-driven methodology for FThD stratification, a recent multi-

site study from our group identified two ROP subgroups that differed in their FThD severity and 

provided support for the association between FThD intensity and functioning impairments, 

along with neurocognitive deficits (13). Longitudinally, FThD has been shown to exhibit a 

persistent symptom course in almost 40% of schizophrenia patients (7) and FThD persistence 

has been transdiagnostically associated with particularly poor clinical outcomes (14). 

Collectively, these results highlight the prognostic value of FThD symptoms and their 

persistence for relevant clinical outcomes. However, the currently limited insight into the brain-

level alterations that underly FThD at the individual level hinders the development of FThD-

tailored prevention and intervention tools. 

Regarding brain anatomy, correlational evidence suggests structural gray matter volume 

(GMV) alterations within frontotemporal language networks associated with FThD in 

schizophrenia at the cross-sectional level (9,15). Furthermore, FThD sub-dimensions have 

been differentially related to volume reductions in specific brain regions. An extensive review 

(16) reported that volume reductions in six gray matter regions (superior temporal gyrus, 

orbitofrontal cortex, prefrontal lobe, amygdala-hippocampus, cerebellum vermis, nucleus 

accumbens) distinctly related to positive, negative, and global FThD dimensions. Additionally, 

white matter volume (WMV) reductions within language-related tracts have been associated 

with global scores of FThD in schizophrenia (17), and fractional anisotropy disruptions in the 

right posterior cingulum bundle, inferior longitudinal fasciculus and anterior thalamic radiation 

were differentially associated with FThD subdomains, such as disorganization and 

incoherence (18). Despite such FThD-associated structural brain abnormalities reported in 
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patients with chronic schizophrenia, the presence of similar changes underlying or predicting 

future FThD at first episode has rarely been studied. Vita et al. (1995) found that distractible 

speech and illogicality were inversely correlated with left prefrontal lobe volume, whereas 

incoherence and tangentiality were inversely correlated with left and right lobe volume in 

younger patients with schizophrenia (19). However, longitudinal approaches aiming to predict 

the course of FThD based on structural brain abnormalities have not been implemented so far, 

despite their potential for guiding preventive interventions.  

Similarly, functional abnormalities within the language and executive networks have been 

related to FThD symptoms in schizophrenia using task-based and resting-state fMRI measures 

(9,20–23), with specificity for different FThD subdomains (24–27). Recent studies have 

increasingly transitioned from a univariate region-of-interest-based approach to a multivariate 

framework for analyzing functional MRI, to model the whole-brain functional correlates of FThD 

dimensions. For instance, Chen et al. (2021) used a whole-brain resting-state functional 

connectivity approach combined with machine learning algorithms to identify robust clusters 

associated with FThD dimensions (24). Another promising resting-state fMRI measure is the 

fractional amplitude of low frequency fluctuations (fALFF), a frequency-domain metric 

capturing the intensity of spontaneous fluctuations during rest at the voxel-level (28). fALFF is 

thought to reflect local functional integrity and is closely related to higher-order functional 

connectivity metrics (29,30). fALFF is commonly measured within multiple frequency sub-

bands which seem to originate from distinct functional brain systems, encompassing both 

spatial and temporal dimensions of fMRI data (31–33). fALFF alterations have been 

consistently found in schizophrenia patients (33,34), and could therefore provide a promising 

measure for capturing complex patterns underlying FThD symptoms.  

In summary, literature suggests that structure-function interdependencies underly FThD 

symptoms and calls for a better understanding of the predictive value of such changes for the 

development and persistence of FThD. Therefore, understanding potential neurobiological 

predictors of FThD severity and persistence at the individual level represents an important, yet 

uncharted research area, which could lead to a better characterization of the pathways 

underlying symptom heterogeneity in early psychosis. Our current study aimed to address this 

gap by investigating (I) whether the two ROP FThD subgroups previously identified by our 

group can be cross-sectionally differentiated based on whole-brain voxel-level gray matter 

volume, white matter volume, multi-band functional resting-state fALFF, and combined brain 

patterns, and (II) whether the persistence of high-FThD severity after 1-year of follow-up can 

be predicted by the same baseline neuroimaging modalities.  
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2. Methods 

2.1. Study sample 

Participants with ROP were recruited within a multisite, longitudinal study (PRONIA – 

Prognostic Tools for Early Psychosis Management, https://www.pronia.eu/), which included 

ten sites across five European countries (study protocol presented in Text S1 and Figure S1). 

General PRONIA inclusion and exclusion criteria are presented in Table S1. ROP patients 

fulfilled the DSM-IV-TR criteria for a lifetime affective and non-affective psychotic episode, 

having the psychotic episode within the past 3 months, with the onset of the psychotic episode 

occurring within the past 24 months. Being treated with antipsychotic medication for longer 

than 90 days at or above the minimum dosage of the first-episode psychosis range of the 

German Association for Psychiatry and Psychotherapy (DGPPN) S3 guideline (35) was a 

specific exclusion criterion. For the current analyses, we excluded 46 out of the 279 available 

ROP patients included in our previous clustering study (13) due to missing or low-quality 

structural or functional MRI scans, leading to the inclusion of 233 ROP patients (47,6% female, 

average age = 24.6 (SD = 5.6)) in the current study (exclusion steps are presented in Figure 

S1A). Additionally, for the persistence analyses, we additionally excluded 80 participants due 

to missing clinical follow-up data required for FThD subgroup assignment, leaving 153 ROP 

patients in the persistence analyses (43% female, average age = 24 (SD = 5.5)) (Figure S1A). 

The distribution of the ROP patients across diagnosis categories based on the ICD-10 

classification of mental and behavioural disorders by World Health Organization (WHO) is 

provided in Figure S2. 

Adult participants gave written informed consent, while patients younger than 18 years-of-age 

and their guardians provided written informed assent and consent, respectively. The study was 

registered at the German Clinical Trials Register (DRKS00005042) and approved by the local 

research ethics committees of all sites. 

2.2. Formal thought disorder subgroup definition and assignment 

The ROP patients were assigned to either a high or a low FThD subgroup based on a clustering 

analysis of FThD symptoms described in our previous work (13). We used 5 items from the 

Positive and Negative Symptom Scale (PANSS)(36) conceptual disorganization (P2); difficulty 

in abstract thinking (N5)) and the Scale for the Assessment of Negative Symptoms 

(SANS)(37); poverty of speech (9), poverty of content speech (10), increased latency of 

response (12)) in order to operationalize FThD as proposed elsewhere (3). An R-based 

clustering validation package (ClValid, (38)) was used to select a two-cluster k-means-based 

solution corresponding to high and low FThD subgroups.  

https://www.pronia.eu/
https://www.pronia.eu/
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In the current study, we used a subsample of the original ROP sample used by Oeztuerk et 

al., 2021 (13), according to MRI data availability (Text S1; Figure S1B). Cross-sectionally, we 

classified the high vs low FThD subgroups based on their structural and functional imaging 

data, directly using the subgroup assignment of the patients from our previous study (13). The 

same clustering model was used to assign individuals to the FThD subgroups at their 1-year 

follow-up study visit, using the squared Euclidean distance from each cluster center in the k-

means based clustering model. This allowed us to identify and classify individuals with 

persistent high FThD severity based on the original clustering solution of the previous study 

(13), without building any new clustering models. 

The two baseline FThD subgroups, as well as the persistent vs non-persistent high FThD 

symptom (at follow-up) groups were compared in terms of clinical and socio-demographic 

characteristics.  

2.3. MRI data acquisition and processing 

2.3.1. Structural MRI data 

The MRI data was minimally harmonized between the different PRONIA sites to preserve the 

heterogeneity of MRI data acquisition present in the clinical context (39)(Text S2). The 

acquisition parameters used at each PRONIA site are presented in Table S2. 

Images were pre-processed using a standardized pipeline implemented in the Statistical 

Parametric Mapping software (SPM12, http://www.fil.ion.ucl.ac.uk/spm)-based CAT12 toolbox 

(version r1155; http://dbm.neuro.uni-jena.de/cat12/). Briefly, the scans underwent 

segmentation (into white matter, gray matter, and cerebrospinal fluid) and registration to the 

Montreal Neurological Institute (MNI-152) space based on the DARTEL algorithm. More details 

on the CAT12 preprocessing procedures are provided in the Text S2 and in previous studies 

from our group (39,40). Following high-dimensional registration, the gray matter and white 

matter maps were modulated using the Jacobian determinants obtained during the registration 

to produce GMV and WMV maps, respectively. The volumetric images were resliced to a 

resolution of 3 mm3 and corrected for total intracranial volume using global scaling. Images 

with a quality score lower or equal to C (satisfactory) based on the CAT12 Quality Assurance 

framework were excluded from further analyses (detailed in Text S2). 

2.3.2. Resting-state fMRI data 

The rs-fMRI data was collected using Echo Planar Imaging (EPI) sequences, a repetition time 

of 3 seconds and a total of 200 volumes across all sites (acquisition parameters per site are 

detailed in Table S3). 

http://dbm.neuro.uni-jena.de/cat12/
http://dbm.neuro.uni-jena.de/cat12/
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Data preprocessing was conducted using a pipeline previously developed in the PRONIA 

consortium (41), mainly based on SPM12 and the Resting State fMRI data analysis Toolkit 

(REST, version 1.848; http://www.restfmri.net/) (Text S2). In brief, the first 8 volumes were 

discarded, images were slice-time corrected and realigned to the first volume. The functional 

maps were co-registered to the T1 images, resliced and normalized to the common MNI space. 

Then, nuisance covariates were regressed out, including white matter, cerebrospinal fluid and 

Friston 24 motion parameters. Lastly, the images were smoothed, motion-corrected using 

time-series despiking and detrended (detailed in Text S2). Images with more than 38.5% of 

volumes with a mean framewise displacement over 0.50 mm were discarded (42). 

The fALFF was computed as the ratio of the integrated power spectrum of the frequency range 

of interest to that of the entire frequency range, after time series were transformed to the 

frequency domain using a fast Fourier transform. Based on previous literature showing 

different properties and generators of the activity in different low-frequency sub-bands (31,43), 

we chose three different sub-bands: slow-5 (0.01 – 0.027 Hz), slow-4 (0.027 – 0.073 Hz) and 

slow-3 (0.073 – 0.198 Hz). The fALFF maps were z-score standardized voxel-wise within the 

gray matter mask for each participant. 

2.4. Machine learning procedure 

All machine learning models were built using the MATLAB-based open-source toolbox 

NeuroMiner (version 1.1; http://www.pronia.eu/neurominer), within a nested repeated cross-

validation framework as detailed in Text S3. Based on the baseline structural and functional 

MRI data, supervised classifiers were trained to separate patients with high and low FThD 

cross-sectionally, as well as patients with persistent high-FThD (high-FThD group membership 

both at baseline and the 1-year follow-up) from those with any other FThD symptom courses. 

Both the structural and functional MRI data were preprocessed within an outer-leave-site-out/ 

inner-pooled nested cross-validation structure for the cross-sectional models, and a pooled 

nested cross-validation structure for the persistence models, given the insufficient number of 

persistent cases available across different sites. Preprocessing steps included scaling to a 

range of 0 to 1, regression of covariates such as age, sex and symptom severity (PANSS total 

score), modality-specific site correction (based on generalizability theory-based voxel-level 

reliability maps (44) (Figure S3) and site correction of the voxel-level data based on the site 

means as detailed in Text S3), dimensionality reduction using principal component analysis, 

and standardization of the obtained components. Following preprocessing, we trained binary 

L2-regularized support vector machine classifiers with a Maximum Relevance Minimum 

Redundancy filter for feature selection to discriminate between the high and low FThD groups 

at baseline and between persistent vs. non-persistent high-FThD based on: 1) each of the 

http://www.restfmri.net/
http://www.restfmri.net/
http://www.pronia.eu/neurominer
http://www.pronia.eu/neurominer
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three fALFF sub-bands separately (slow-5, slow-4, slow-3), 2) the GMV maps, and 3) the WMV 

maps. Lastly, we trained stacked multimodal SVM models on the classifier scores derived from 

the models trained on the individual data modalities that performed above chance level, to 

assess the combined discriminative performance of structural and functional brain images. The 

models’ significance was assessed using a label permutation approach and the obtained P-

values were corrected using the false discovery rate to account for the multiple classifiers 

trained. The predictive features were visualized using a combination of feature importance 

(sign-based consistency) and feature stability (cross-validation ratio) metrics, as detailed in 

Text S3. Additionally, the performance differences between single-modality classifiers and the 

stacked multimodal models were tested for statistical significance by means of Quade tests 

followed by post-hoc pairwise classifier comparisons (45).  

Post-hoc, we investigated the associations between the decision scores of significant 

classifiers using Pearson’s correlation coefficients. Moreover, we explored the potential 

influence of medication on the models by computing Pearson’s correlation coefficients 

between the significant classifiers’ decision scores and antipsychotic medication converted into 

chlorpromazine equivalents as well as cumulative dosages of selective serotonin reuptake 

inhibitors (SSRI).  

Supplementary analyses were conducted to evaluate possible methodological moderators of 

classification performance: 1) all main models were similarly trained on the non-standardized 

fALFF data; 2) all main models were trained without correcting for total symptomatology 

(PANSS total score); 3) FThD persistence prediction models were trained within an outer 

leave-site-out cross-validation framework despite the small sample size to further evaluate the 

impact of site effects; 4) potential differential relationships between positive and negative FThD 

subscores and the models’ decision scores were evaluated using slope interaction analyses 

(Figure S4). 

3. Results 

3.1. Sociodemographic and clinical characteristics of the FThD subgroups 

Sociodemographic and clinical comparisons of the two baseline FThD-based ROP subgroups, 

as well as between the patients with persistent and non-persistent high FThD are presented in 

Table 1. Briefly, high FThD patients at baseline were younger than those with low FThD 

(t(df)=2.46(231), p=.02), were more likely to have a stable partnership (χ2(df)=8.49(6), p=.02), 

but were similar in terms of other sociodemographic characteristics (Table 1). High FThD 

patients had higher levels of positive PANSS score (t(df)=-4.76(230), p<.001), negative 

PANSS score (t(df)=-10.93(230), p<.001), and PANSS general symptoms score (t(df)=-
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4.09(226), p<.001). Lastly, high FThD patients had higher scores on all SANS subscales 

(Blunting: t(df)=-8.82(231), p<.001; Alogia: t(df)=-18.52(231), p<.001; Apathy: t(df)=-4.67(231), 

p<.001; Anhedonia: t(df)=-4.34(222), p<.001; Attention: t(df)=-6.85 205), p<.001)(Table 1).  

Furthermore, patients with persistently high FThD were younger (t(df)=-2.05(151), p=.04), had 

fewer education years (t(df)=-3.87(151), p<.001), and were less likely to have worked in the 

past year (χ2(df)=-3.87(151), p=.003). Also, persistently high FThD patients had higher levels 

of general (t(df)=2.80(151), p=.006) and negative PANSS symptoms (t(df)=5.10(151), p<.001) 

and higher levels of affective blunting (t(df)=4.07(151), p<.001), alogia (t(df)=5.05(151), 

p<.001), apathy (t(df)=2.14(151), p=.03) and attention deficits (t(df)=4.45(134), p<.001) 

according to the SANS (Table 1). 

3.2. Cross-sectional analyses 

At baseline, high and low FThD subgroups could only be separated above chance level using 

the GMV data (Balanced Accuracy (BAC)=60.8%, Sensitivity=63.8%, Specificity=57.7%, 

pFDR=.002, Table 2). The GMV pattern predicted high FThD group membership based on 

higher GMV in cingulate cortex regions pertaining to the prefrontal control network and dorsal 

attentional network as well as lower GMV in the visual network (Figures 1 and 2). 

3.3. FThD persistence analyses 

All imaging data modalities performed significantly above chance level in separating patients 

with persistently high FThD from those with other FThD symptom courses (slow-5 fALFF: 

BAC=73.2%, Sensitivity=83.3%, Specificity=63.1%, pFDR<.001; slow-4 fALFF: BAC=72.3%, 

Sensitivity=83.3%, Specificity=62.4%, pFDR<.001; slow-3 fALFF: BAC=68.0%, 

Sensitivity=75.0%, Specificity=61.0%, pFDR<.001; GMV: BAC=62.7%, Sensitivity=75.0%, 

Specificity=50.4%, pFDR=.048; WMV: BAC=73.1%, Sensitivity=91.7%, Specificity=54.6%, 

pFDR<.001). Stacking all data modalities generated a performance of BAC=77.0% 

(Sensitivity=100%, Specificity=53.9%, pFDR=.048), which was significantly higher than that of 

the GMV-based model, but not that of the fALFF- or WMV-based models, as evidenced by a 

Quade test followed by post-hoc comparisons (Table S4). Moreover, supplementary leave-

site-out analyses showed that the slow-5-, slow-3- and WMV-based models remained 

statistically significant with a maximal multimodal BAC of the stacked model of 69% (Table 

S5).   

fALFF predictive patterns of high FThD persistence consisted of distributed deactivations and 

activations within large-scale brain networks, such as the default-mode network, dorsal 

attention network, and salience network, as well as the cerebellum, with specificity for 
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frequency sub-bands (Figure 2, Figure 3A,B,C). Moreover, high FThD persistence was 

predicted by higher GMV within the dorsal attention and salience networks and lower GMV 

within regions of the ventral attention and visual networks (Figures 2 and 3D). Lastly, lower 

WMV within frontal tracts and higher WMV within subcortical tracts predicted the persistence 

of high FThD severity (Figure 3E). 

3.4. Post-hoc analyses 

Correlation analyses showed that the decision scores of the cross-sectional GMV-based model 

were positively correlated with those of the slow-4-based model predicting high FThD 

persistence (r(151)=.20, pFDR<.05), as well as with those of the GMV- (r(151)=.60, pFDR<.001) 

and WMV-based (r(151)=.30, pFDR<.001) FThD persistence prediction models (Table S6). 

Moreover, we found significant positive correlations between the decisions scores of the 

persistence models trained on the different modalities (Table S6).  

Furthermore, there were no significant correlations between antipsychotic medication and the 

decision scores of any of the significant cross-sectional models (GMV: r(231)=-0.09, p=.26) or 

any of the persistence classifiers (Slow-5: r(151)=-.001, p=.98; Slow-4: r(151)=-.19, p=.06; 

Slow-3: r(151)=-.11, p=.26; GMV: r(151)=-.01, p=.98; WMV: r(151)=-.15, p=.18). Similarly, no 

significant correlations were found between cumulative dosage of SSRI medication and the 

decision scores of the cross-sectional GMV model (r(231)=-0.12, p=.071). None of the patients 

included in the persistence analyses had been medicated with SSRIs.  

Using the non-standardized fALFF did not have an influence on which models performed 

above chance-level but led to performance decreases of the FThD persistence prediction 

models (Table S7). Furthermore, removing the PANSS total score correction from the pipeline 

additionally led to the slow-5 fALFF sub-band being cross-sectionally predictive of high vs low 

FThD at baseline, without influencing the other significant results of the PANSS-corrected 

models (Table S8). Lastly, the slope interaction analyses showed similar relationships between 

the decision scores of all significant models and the positive and negative FThD subdimension 

scores (Figure S4). 

4. Discussion 

The current study provides preliminary evidence that FThD severity in recent-onset psychosis 

(ROP) can be cross-sectionally delineated and longitudinally predicted by multivariate 

structural and functional brain patterns spanning large-scale brain networks. Specifically, we 

show that GMV changes differentiate cross-sectionally between high vs. low FThD ROP 

subgroups with a relatively low BAC of 60.8%. Furthermore, the baseline activity in all fALFF 
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sub-bands, as well as GMV and WMV patterns predicted the persistence of high FThD severity 

over one year with BACs of up to 77%.  

The cross-sectional results describing the separability of FThD severity subgroups based on 

GMV data are in line with univariate correlational studies showing associations between FThD 

symptoms and GMV alterations in schizophrenia (9). The GMV increases within fronto-

cingulate regions and decreases localized within occipital regions, predictive of high FThD in 

our study, are consistent with previously findings in patients with schizophrenia (46,47). 

However, in contrast to other studies  (9,15), we did not find prominent GMV decreases within 

the language networks to be particularly predictive of high-FThD in our sample. In addition to 

the multivariate methodology employed here, these inconsistencies could highlight the 

specificity of the predictive patterns reported here for delineating FThD heterogeneity in the 

early stages of psychosis, where the influence of general illness chronicity and medication 

effects are more limited. Our cross-sectional findings provide preliminary evidence for an 

FThD-discriminative pattern of limited clinical utility. Future studies showing cross-sectional 

classifications with higher specificity and sensitivity are needed to reach individual level clinical 

implications.   

In contrast to the limited cross-sectional findings, we found that all structural and functional 

neuroimaging modalities investigated were predictive of 1-year high-FThD persistence. 

Volumetric brain patterns included GMV reductions/increases that partially overlapped with 

those found to be predictive of high-FThD at the cross-sectional level, as well as pronounced 

WMV decreases in frontal tracts. Furthermore, distributed functional alterations within the 

fALFF sub-bands across large-scale brain networks were predictive of high-FThD persistence. 

These functional patterns overlapped with those identified in previous studies, highlighting 

alterations of language, executive and default-mode networks as a possible substrate for 

positive (i.e., conceptual disorganization) and negative FThD symptoms (i.e., alogia, difficulty 

in abstract thinking)(20,24,25,27). Together with the WMV findings, our results suggest that 

connectivity patterns within and between long-range brain networks may represent relevant 

early biomarkers of FThD symptom progression, in line with the disconnection hypothesis of 

schizophrenia (48). Future studies may benefit from exploring the prognostic value of 

additional measures such as dynamic functional connectivity and diffusion tensor imaging, 

which provide more fine-grained information on the function and structure of these neural 

systems. 

The current study addresses an important gap in the FThD stratification literature, providing a 

novel exploration of the predictive value of multi-modal neuroimaging data for disentangling 

the heterogeneity of FThD severity and persistence in ROP using machine learning methods 
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operating in a multi-site context. Collectively, our findings support the utility of symptom-based 

hierarchical approaches in psychiatric nosology (2) for identifying specific brain systems 

associated with psychopathological dimensions such as FThD, with noteworthy implications 

for personalized diagnosis and intervention. Firstly, the predictive patterns reported provide 

exploratory pathophysiological evidence linking specific brain networks to FThD severity and 

persistence. Following validation in future clinical studies, such imaging-based biomarkers 

could translate into targets for novel treatments (e.g. brain stimulation-enhanced 

neurocognitive training), tailored to patients suffering from severe FThD. Secondly, we provide 

preliminary evidence for the prognostic utility of neuroimaging measures for the stratification 

of FThD persistence, which has been associated with poor clinical outcomes (7). Although the 

small sample size available for this analysis calls for future validation studies, our results 

encourage the future development of neuroimaging-based prognostic tools for the early 

recognition of patients at-risk for progressing to chronic FThD syndromes, as a first step 

towards the indicated prevention of such debilitating disease trajectories.   

In addition to the reduced sample size and lack of an external replication sample, which limit 

claims regarding the out-of-sample generalizability of present findings, several limitations of 

our study are noteworthy. Firstly, we did not use a construct-specific FThD scale, but instead 

used FThD subdomains corresponding to the Thought and Language Disorder (TALD)(3) 

scale (conceptual disorganization, poverty of content of speech, difficulty in abstract thinking, 

poverty of speech and increased latency of response), as measured by PANSS and SANS 

items. Although having an FThD-proxy within widely used clinical scales can facilitate clinical 

translation, further studies are needed to investigate FThD more broadly through validated 

scales (i.e. TALD  or speech sample analyses(49)), to further evaluate the specificity of our 

findings for the FThD construct. Secondly, regarding FThD progression, we restricted our 

analyses to persistently high FThD symptom courses. The chronicity of FThD symptoms in 

comparison to single-time measurements has been associated with particularly poor clinical 

outcomes (7) and can be regarded as a more reliable prognostic marker of FThD severity for 

preventive clinical applications. This is further supported by our models, which performed with 

higher sensitivity in predicting high FThD persistence compared to single timepoint severity. 

Nonetheless, future studies may benefit from a manifold investigation of FThD longitudinal 

dynamics which may unravel symptom course patterns delineated by distinct structural and 

functional brain alterations.  

6. Conclusion 

Our findings align with modern symptom-based psychiatric frameworks by providing first 

evidence for multivariate structural and functional brain alterations within large-scale brain 
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networks predictive of FThD severity and its persistence in recent-onset psychosis. These 

preliminary results open the avenue for the development of refined early spectrum-wise 

diagnostics with preventive and long-term clinical outcome-oriented therapeutics, guided by 

and involving integrated neuroimaging data domains within larger multi-site samples. 
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Table 1. Sociodemographic and clinical comparison of the high vs low FThD subgroups 

at baseline and of the persistence-based subgroups. 

 Baseline subgroup membership Baseline to follow-up high FThD 

persistence vs. other FThD courses 

  High FThD 

Subgroup 

Low FThD 

Subgroup 

t/χ2 value (df) P-

value 

Persistent High 

FThD 

Non-persistent 

High FThD 

t/χ2 value (df) P-value 

Socio-demographic characteristics 

Participants, N 58 175   12 141   

Participants per 

site, N (%) 

        

  Munich 17 (29.3) 66 (37.7) 1.34 (4) .25 4 (33.3) 47 (33.3) 0.00 (4) 1.0 

  Turku 7 (12.1) 31 (17.7) 1.02 (4) .31 2 (16.7) 23 (16.3) 0.00 (4) .98 

 Milan 10 (17.2) 14 (8.0) 4.03 (4) .05 4 (33.3) 13 (9.2) 6.51 (4) .01 

  Birmingh

am 

2 (3.4) 8 (4.6) 0.13 (4) .71 0 (0.0) 8 (5.7) 0.72 (4) .40 

  Basel 4 (6.9) 18 (10.3) 0.59 (4) .44 0 (0.0) 17 (12.1) 1.63 (4) .20 

  Udine 2 (3.4) 7 (4.0) 0.04 (4) .85 0 (0.0) 6 (4.3) 0.53 (4) .47 

  Cologne 13 (22.4) 25 (14.3) 2.11 (4) .15 0 (0.0) 23 (16.3) 2.30 (4) .13 

  Münster 3 (5.2) 6 (3.4) 0.36 (4) .55 2 (16.7) 4 (2.8) 5.61 (4) .02 

Age, yrs., mean 

(SD) 

23.9 (5.5) 26.0 (5.7) 2.46 (231) .02 22.3 (5.2) 25.8 (5.7) -2.05 (151) .04 

Male sex, N (%) 36 (62.1) 96 (54.9) 0.92 (4) .34 6 (50.0) 81 (57.4) 0.25 (4) .61 

Education yrs., 

mean (SD) 

12.9 (3.1) 14.9 (9.0) 1.65 (231,0) .10 10.6 (2.3) 14.2 (3.2) -3.87 (151) <.001 

Steady 

partnership/ 

married, N (%) 

53 (91.4) 129 (73.7) 8.49 (6) .01 11 (91.7) 109 (77.3) 1.39 (6) .49 

Work in the last 

year, N (%) 

17 (31.5) 70 (41.4) 3.37 (6) .19 3 (25.0) 58 (41.7) 11.51 (6) .003 

First-degree 

relatives with 

psychosis, N (%) 

1.3 (1.8) 1.1 (1.6) -1.08 (231) .28 2 (16.7) 15 (10.6) 1.0 (16) .99 

Birth 

Complications, N 

(%) 

12 (20.7) 29 (16.7) 0.48 (4) .49 2 (16.7) 21 (15.0) 0.0 (4) .88 

Psychopharma-

cological 

medication, N (%) 

53 (91.4) 148 (85.1) 1.50 (4) .22 11 (91.7) 120 (85.7) 0.33 (4) .56 

Chlorpromazine-

equivalent 

antipsychotic 

dosages (mg), 

mean(SD) 

650.8 (4082.5) 1225.5 (3932.4) -0.94 (231,0) .35 264.1 (207.6) 807.4 (4586.1) -0.41 (151) .68 

Clinical characteristics 

Beck Depression 

Inventory, mean 

(SD) 

18.9 (10.8) 20.4 (12.2) 0.75 (199) .46 16.2 (13.4) 19.7 (11.5) -0.92 (135) .36 

PANSS General, 

mean (SD) 

42.4 (10.4) 32.2 (9.0) -7.21 (230) <.001 42.6 (8.1) 34.0 (10.3) 2.80 (151) .006 

PANSS Negative, 

mean (SD) 

23.5 (8.0) 13.3 (5.5) -10.93 (230) <.001 24.4 (4.9) 14.4 (6.6) 5.10 (151) <.001 

PANSS Positive, 

mean (SD) 

21.7 (6.1) 17.4 (5.8) -4.76 (230) <.001 19.6 (5.2) 18.6 (6.5) 0.49  (151) .62 

SANS Blunting, 

mean (SD) 

17.4 (9.7) 6.3 (7.8) -8.82 (231) <.001 19.0 (7.5) 7.8 (9.3) 4.07(151) <.001 

SANS Alogia, 

mean (SD) 

12.4 (5.7) 1.9 (2.8) -18.52 (231) <.001 10.8 (5.6) 3.4 (4.8) 5.05  (151) <.001 

SANS Apathy, 

mean (SD) 

9.6 (4.8) 6.2 (4.8) -4.67 (231) <.001 9.4 (5.1) 6.2 (5.0) 2.14 (151) .03 
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SANS Anhedonia, 

mean (SD) 

13.6 (7.5) 8.6 (7.3) -4.34 (222) <.001 11.2 (6.9) 8.8 (7.6) 1.03 (143) .31 

SANS Attention, 

mean (SD) 

6.5 (4.1) 2.5 (3.3) -6.85 (205) <.001 7.5 (2.8) 2.6 (3.5) 4.45 (134) <.001 

Note. BDI – Beck Depression Inventory (50); PANSS – Positive and Negative Schizophrenia 

Symptoms; SANS – Scale for the Assessment of Negative Symptoms. 

*Statistically significant P-values (at an α = .05) are presented in bold. 
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Table 2. Performance metrics for all cross-sectional and persistence models predicting high 

vs low FThD subgroup membership at baseline and differentiating between persistent vs 

non-persistent high FThD from baseline to follow-up based on multiband fALFF data, gray 

matter and white matter volume.  

 

Cross-sectional high vs. low FThD subgroup classification 

 Leave-site-out nested cross-validation 

 Sensitivity, % Specificity, % BAC, % AUC PPV, %  NPV, % PSI PFDR value 

Rs-fMRI slow-5 63.8 48.6 56.2 0.63 29.1 80.2 9.3 .053 

Rs-fMRI slow-4 53.4 55.4 54.4 0.57 28.4 78.2 6.7 .056 

Rs-fMRI slow-3 67.2 45.7 56.5 0.63 29.1 80.8 9.9 .053 

GMV 63.8 57.7 60.8 0.66 33.3 82.8 16.1 .01 

WMV 56.9 51.4 54.2 0.63 28.0 78.3 6.2 .19 

Prediction of high FThD persistence (from baseline to 1-year follow-up) 

 Pooled nested cross-validation 

 Sensitivity, % Specificity, % BAC, % AUC PPV, %  NPV, % PSI PFDR value 

Rs-fMRI slow-5 83.3 63.1 73.2 0.78 16.1 97.8 13.9 <.001 

Rs-fMRI slow-4 83.3 62.4 72.9 0.83 15.9 97.8 13.7 <.001 

Rs-fMRI slow-3 75.0 61.0 68.0 0.76 14.1 96.6 10.7 <.001 

GMV 75.0 50.4 62.7 0.76 11.4 95.9 7.3 .048 

WMV 91.7 54.6 73.1 0.75 14.7 98.7 13.4 <.001 

Stacked model – all 
modalities 

100.0 53.9 77.0 0.87 15.6 100.0 15.6 .048 

 
Note. P-values were adjusted using the false-discovery rate (FDR) correction for multiple comparisons 

and the values exceeding the threshold for statistical significance based on the permutation testing 

procedure employed (α = .05) are presented in bold. 

AUC – area under the curve, BAC – Balanced Accuracy, PPV – positive predictive value, NPV – negative 

predictive value, PSI – prognostic summary index  
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Figure 1. Reliable features for predicting membership to the high vs low formal thought 

disorder clusters at baseline based on GMV data aquired at the same study visit. The patterns 

of the other data modalities explored (fALFF sub-bands and WMV) are not presented here, as 

the models performed at chance level. The reliability of the features is displayed using a grand 

mean cross-validation ratio, thresholded based on FDR-corrected sign-based consistency 

maps at α=.05 (detailed in the Supplement). Warm colors represent voxels with larger gray-

matter volume for individuals in the high formal thought disorder subgroup, while cold colors 

indicate smaller volume for this subgroup. 
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Figure 2. Percentage of the YEO 7 resting-state networks’ parcellations (51) occupied 

by the predictive patterns of the significant cross-sectional and longitudinal fALFF- and 

GMV-based models. Voxels were considered to be predictive based on the derived sign-

based consistency metric of feature importance (detailed in the Supplementary methods) 

thresholded at 1.3, corresponding to α = .05. Only YEO resting-state network parcellations with 

at least 1% occupation by any of the models’ predictive patterns were included in the figure.  
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Figure 3. Reliable features for predicting the persistence of high FThD symptomatology from 

baseline to follow-up relative to other symptom courses based on A. slow-5 fALFF data, B. 

slow-4 fALFF data, C. slow-3 fALFF data, D. gray matter volume data, and E. white matter 

volume data. The reliability of the features is displayed using a grand mean cross-validation 

ratio, thresholded based on FDR-corrected sign-based consistency maps at α=.05 (detailed 

in Text S3). Warm colors represent voxels with increased activity/volume for individuals with 

persistently high FThD from baseline to follow-up, while cold colors indicate decreases for 

this subgroup. 


