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ABSTRACT
Structural deficits in white matter fibre have been linked to psychosis. However, it remains unclear whether these aberrations are 
present in individuals that experience non-clinical psychotic-like experiences, predating illness onset. While previous research 
demonstrates that alterations in white matter in schizotypy are consistent with those in clinical psychosis, these studies often 
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dichotomise healthy samples into high and low schizotypy, which may reduce statistical sensitivity. Previous research is also 
confounded by the investigation of diffusion MRI parameters that fail to account for complex crossing fibre populations. In this 
work, we treat psychotic-like experiences as a continuous variable, and applied Fixel-Based Analysis (FBA), a framework for 
investigating microstructural and morphological effects in brain white matter using diffusion-weighted imaging data. Across 
two independent cohorts of healthy participants with varied psychotic-like experiences including data from the IMAGEN con-
sortium (Study 1 n = 41; Study 2 n = 1098), we hypothesized that greater psychotic-like experiences would be associated with FBA 
metrics sensitive to microstructural fibre density and/or cross-sectional morphological effects. Contrary to our hypothesis, we 
did not find significant correlations between psychotic-like experiences and FBA metrics across either dataset (FWE p < 0.05). 
Bayesian analysis of tract-aggregated data showed substantial evidence of no association (Bayes factor < 1/3) between psychotic-
like experiences and fibre density, nor cross-sectional morphology, across several white matter tracts of interest, pre-defined from 
prior neuroimaging literature. These findings suggest that the relationship between non-clinical psychotic-like experiences and 
white matter microstructure may not be as robust as previously thought. This raises the possibility that white matter alterations 
across the psychosis spectrum echo clinical diagnostic thresholding, with observable effects in clinical but not sub-clinical pres-
entations. Our findings show no association between whole-brain fibre-specific properties of white matter microstructure and 
sub-clinical psychotic-like experiences. Further, we show evidence for the lack of an association within tract-aggregated fibre-
specific metrics. Future research should integrate longitudinal designs to explore whether fibre-specific white matter attributes 
provide clinically meaningful insight into the risk of psychosis onset.

1   |   Introduction

Psychotic symptoms have been proposed to lie on a continuum 
distribution of severity, with varying degrees of psychotic-like 
experiences present in the general population (Guloksuz and 
van Os 2018). Psychotic-like experiences are thought to reflect 
a trait-like or phenotypic phenomenon, characterizable as an 
attenuation of positive psychotic symptom expression, namely 
hallucinations and delusions (van Os and Reininghaus  2016). 
Higher incidences of psychotic-like experiences are thought 
to reflect vulnerability or risk of transition to clinical psycho-
sis such as first-episode psychosis or schizophrenia (Kaymaz 
et al. 2012). Investigating psychotic-like experiences could offer 
insight into commonalities across the extended continuum of 
psychosis, without the confounds of medication, hospitaliza-
tion and comorbidity. The disconnection hypothesis of psycho-
sis (Friston 1998; Friston and Frith 1995) suggests that clinical 
symptomatology such as hallucinations and delusions are at-
tributable to widespread disturbances in connectivity between 
brain regions (Podwalski et  al.  2021). Particularly, white mat-
ter microstructure, measured in  vivo with diffusion-weighted 
imaging, consistently reveals decreased fractional anisotropy 
across prefrontal and temporal regions (for a review of evidence 
see Karlsgodt 2016; Kubicki et al. 2007).

Similar white matter abnormalities have been found across the 
extended continuum of psychosis. For example, robust differences 
in fractional anisotropy across the superior and inferior longitudi-
nal fasciculi have been found in both people with schizophrenia 
and first-episode psychosis (Waszczuk et al. 2021). Additionally, 
the magnitude of white matter differences in fractional anisot-
ropy in participants at ultra-high risk for psychosis was found to 
predict transition to schizophrenia at a later timepoint (Smigielski 
et al. 2022), and subtle white matter disturbances across frontal 
and temporal tracts have revealed relevancy for the risk of psy-
chopathological onset (Boos et  al.  2013). Despite heterogeneity 
in findings, some research investigating white matter deficits in 
schizotypy suggests consistency with clinical expression. For ex-
ample, high schizotypy was found to be associated with lower 

fractional anisotropy in the inferior fronto-occipital fasciculus, 
as well as greater asymmetry (right > left) in the uncinate fascic-
ulus (DeRosse et al. 2015). This is consistent with white matter 
deficits reported in a meta-analysis of first-episode psychosis pa-
tients (Yao et al. 2013) and has also been corroborated in indi-
viduals with heightened schizotypal traits (Lemaitre et al. 2018; 
Nelson et al. 2011; Oestreich et al. 2019b; Roddy et al. 2022). This 
supports the neurobiological continuum of aberrant white mat-
ter microstructure across clinical psychosis, individuals at risk 
for psychosis, and some evidence for continuity into non-clinical 
psychotic-like experiences.

Previous research often dichotomises neurotypical participants 
into ‘high schizotypy’ and ‘low schizotypy’, using arbitrary 
splitting techniques to impose artificial categorical boundar-
ies on what should be considered a continuous scale (Linscott 
and van Os  2013). Further, of the few studies where continu-
ous correlations between schizotypy and imaging markers have 
been interrogated, study inclusion has typically been limited to 
low-to-moderate schizotypy due to low sample sizes. Two re-
cent studies addressed some of these limitations, investigating 
the association between white matter and psychotic-like expe-
riences in a large, general population sample, using data from 
the UK BioBank (Bosma et  al.  2021; Schoorl et  al.  2021). In 
these studies, psychotic-like experiences in combination with 
distress were found to correlate with reduced global fractional 
anisotropy, suggesting that white matter microstructure seems 
to be altered in people who experience distressing psychotic-like 
experiences.

Another major limitation of previous white matter research 
in psychosis is the use of the diffusion tensor model, which is 
limited in its ability to correctly represent crossing fibre pop-
ulations, leading to reduced biological specificity with conse-
quential impact on interpretability (Tournier et al. 2011). This 
is problematic, given that as much as 90% of white matter vox-
els are thought to contain crossing fibres (Jeurissen et al. 2013). 
Voxel-aggregate measures such as Fractional Anisotropy (FA) 
may therefore be non-specific due to their sensitivity to both 
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microstructural properties and crossing fibre geometry. Higher-
order diffusion models such as spherical deconvolution can 
attribute quantitative parameters to multiple individual fibre 
populations within a voxel (‘fixels’). Further, a recent ana-
lytic framework tailored to operate on such data, Fixel-Based 
Analysis (FBA), allows statistical inference of effects in metrics 
reflecting microstructural and morphological properties of the 
white matter in a manner that is both sensitive and specific to 
this crossing fibre architecture.

While there has been a steady increase in studies employing 
FBA in recent years due to its ability to overcome the confounds 
of traditional voxel-based methods, it is yet to be used to inves-
tigate correlates of white matter microstructure across non-
clinical psychotic-like experiences. In a recent study that used 
both voxel-based and fixel-based metrics in patients with schizo-
phrenia compared to controls, fractional anisotropy as derived 
from the diffusion tensor model identified differences in cross-
ing fibre regions, which were hypothesized as being indicative 
of group differences in crossing fibre organisation (Grazioplene 
et  al.  2018). They also found that patients with schizophrenia 
exhibited lower fibre density (a metric derived from FBA) in 
the dorsal and posterior corpus callosum compared to healthy 
controls, reflecting microstructural group differences. Similarly, 
Stämpfli et al. (2019) found reduced fibre density in frontal fas-
ciculi regions of patients with schizophrenia relative to controls, 
despite no corresponding difference in fractional anisotropy. 
These findings highlight the strength of FBA to move beyond 
classical voxel-based models, in favour of techniques that dis-
ambiguate different sources of white matter alterations associ-
ated with schizophrenia. Additionally, Kristensen et al.  (2023) 
found that antipsychotic-naïve first-episode psychosis patients 
displayed reduced fibre density in the body of the corpus callo-
sum and in the middle cerebellar peduncle compared to healthy 
controls, suggesting that white matter microstructure may be 
altered early in psychosis onset.

In this study, we used two cohorts of healthy participants to ex-
amine the relationship between psychotic-like experiences and 
white matter microstructure using FBA metrics sensitive to mi-
crostructural fibre density and cross-sectional morphological 
effects. In Study 1, participants (n = 41) were selectively sampled 
across an enriched distribution of psychotic-like experiences to 
allow for robust correlational analyses. In Study 2, we aimed to 
replicate these analyses in an independent sample (n = 1098) from 
the IMAGEN consortium (a multisite, international study of ado-
lescent brain development and mental health; Mascarell Maričić 
et al. 2020), providing greater statistical power and a wider eco-
logically representative distribution of psychotic-like experiences.

2   |   Methods

2.1   |   Participants

2.1.1   |   Study 1

Neuroimaging, demographic, and behavioural data were ac-
quired from 52 healthy adults (aged 18–25), recruited through 
the Psychological Research Participation Scheme (SONA) 
at the University of Queensland. Prior screening excluded 

participants reporting a history of psychiatric or neurological 
disorders. During the screening process, participants com-
pleted the Community Assessment of Psychic Experiences 
(CAPE; Konings et al. 2006) which is used to assess psychotic-
like experiences in healthy individuals. Participants were then 
selectively sampled from those that completed the screening 
process to yield a cohort for which the distribution of this score 
was approximately Gaussian. After screening, eligible partic-
ipants then completed the 92-item Prodromal Questionnaire 
(PQ) which is also used to measure psychotic-like experiences 
in healthy individuals (Loewy et  al.  2005). This self-report 
questionnaire has four subscales of symptom categories: pos-
itive, negative, disorganised and general. As we were inter-
ested in drawing parallels between the primary symptoms 
in schizophrenia (i.e., hallucinations and delusions, also re-
ferred to as positive symptoms) and those in non-clinical in-
dividuals, this study exclusively used the positive symptom 
subscale (PQ-positive) as our primary measure of psychotic-
like experiences. PQ-positive was selected for primary anal-
ysis due to issues with missing data from CAPE-positive in 
the final sample. Possible scores for the PQ-positive subscale 
range from 45 to 225. Participants provided written informed 
consent and received monetary reimbursement for their time. 
This research was approved by the University of Queensland 
Human Research Ethics. After quality control (see section 
‘Data Exclusions’), 41 participants were included in the final 
sample.

2.1.2   |   Study 2

Neuroimaging, demographic and behavioural data were obtained 
from the IMAGEN consortium (Mascarell Maričić et  al.  2020; 
Schumann et al. 2010; https://​image​n-​europe.​com), which com-
prises 2315 adolescents included at age 14 and followed up until 
age 22 with three waves after initial baseline testing across eight 
European sites with local ethics research committees approv-
ing the study at each site. At the time the consortium database 
was accessed, data were unavailable from the London site; thus 
only data from the other seven sites were analysed. For the pri-
mary analysis, we identified 1411 participants who had both be-
havioural and neuroimaging data available at age 18.

Several behavioural and cognitive measures were collected as 
part of the IMAGEN study. Participants completed the CAPE 
questionnaire (Konings et al. 2006). The CAPE is a 42-item self-
report questionnaire that has been developed and validated to 
measure the dimensions of psychosis in the general population. 
The CAPE has a three-factor structure with dimensions of posi-
tive, negative, and depressive symptoms. Participants are asked 
to rate each item on a Likert scale ranging 1–4 for both the fre-
quency of experiences (‘Never’, ‘Sometimes’, ‘Often’, or ‘Nearly 
always’) and distress associated with these experiences (‘Not 
distressing’, ‘A bit distressing’, ‘Quite distressing’, or ‘Very dis-
tressing’). The frequency scores were used for the main analysis 
while the distress scores were used for exploratory analyses. The 
positive symptom frequency subscale (CAPE-positive) was used 
as our primary measure of psychotic-like experiences. Possible 
scores for the CAPE-positive frequency subscale range from 20 
to 80. After quality control (see section ‘Data Exclusions’), 1098 
participants were included in the final sample.

https://imagen-europe.com
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2.2   |   Neuroimaging Acquisition

2.2.1   |   Study 1

Data were acquired on a Siemens 3 T Prisma scanner with a 
64-channel head coil. For the structural scan, T1-weighted 
magnetization-prepared rapid gradient-echo (MPRAGE) im-
ages were acquired with the following parameters: repetition 
time TR = 4 s, echo time TE = 2.91 ms, flip angle = 6.7° and an 
isotropic resolution of 1.0 mm with matrix size = [176240256]. 
Diffusion-weighted images (DWI) were acquired using an 
echo-planar imaging sequence with the following parameters: 
30 diffusion-weighted volumes with b-value = 1200s/mm2, 60 
volumes with b-value = 2500 s/mm2, and 6 volumes without 
diffusion weighting; 68 oblique-axial slices (angled parallel to 
the anterior commissure/posterior commissure line); repetition 
time TR = 4.1 s, echo time TE = 75 ms; 122 × 122 matrix; field of 
view 244 × 244 mm; voxel size = 2.0 × 2.0 × 2.0 mm.

2.2.2   |   Study 2

Data were acquired across a range of 3 T scanners: Siemens 
scanners were used across 5 scanning sites (Berlin, Dresden, 
Hamburg, Mannheim, Paris), with the remaining two sites 
using Philips scanners (Dublin, Nottingham). Structural T1-
weighted MPRAGE images were based on the ADNI protocol 
(https://​adni.​loni.​usc.​edu/​data-​sampl​es/​adni-​data/​neuro​imagi​
ng/​mri/​mri-​scann​er-​proto​cols/​) and had an isotropic resolution 
of 1.1 mm. DWI data were acquired using echo-planar imaging 
sequences with the following parameters: 32 diffusion-weighted 
volumes with b-value = 1300s/mm2 and 4 volumes without 
diffusion weighting; 60 oblique-axial slices; repetition time 
TR = 15 s, echo time TE = 104 ms; 128 × 128 matrix; field of view 
307 × 307 mm; voxel size = 2.4 × 2.4 × 2.4 mm.

2.3   |   Anatomical Image Preprocessing

In order to calculate estimates of intracranial volumes (eICV) to 
be used as a covariate in the main analysis (Smith et al. 2019), the 
default FreeSurfer pipeline (Version 7.3.2; Buckner et  al.  2004; 
Fischl 2012; Smith et al. 2019) was run on T1-weighted images to 
reconstruct brain surfaces in Study 1; for Study 2 the pre-computed 
estimates provided by the IMAGEN dataset were used.

2.4   |   Diffusion Image Preprocessing

Data were preprocessed according to the recommended pipe-
line of FBA (Raffelt, Tournier, et al. 2017) using MRtrix version 
3.0.4 (Tournier et al. 2019; http://​www.​mrtrix.​org). The work-
flow was performed independently for Study 1 and Study 2, with 
minor differences in the analysis pipelines detailed throughout 
this section (see Figure 1 for a summary). Across both cohorts, 
DWI underwent denoising (Veraart et al. 2016) and Gibbs ring-
ing removal (Kellner et al. 2016) before correcting for motion and 
eddy-current distortions (Andersson and Sotiropoulos  2016). 
Characteristic tissue response functions were estimated indi-
vidually from each participant's preprocessed DWI (Dhollander 
et al. 2016, 2019).

2.5   |   Fixel Based Analysis (FBA)

In Study 1, individual response functions were averaged across all 
participants to generate group average response functions (Raffelt, 
Tournier, Rose, et al. 2012). Multi-Shell, Multi-Tissue Constrained 
Spherical Deconvolution (MSMT-CSD; Jeurissen et al. 2014) was 
then used to decompose the DWI signal into each voxel into a 
white matter Fibre Orientation Distribution (FOD) in addition to 
contributions from macroscopic grey matter and cerebrospinal 
fluid (CSF). Following this, intensity normalisation based on the 
multi-tissue decomposition was performed (Dhollander, Tabbara, 
et al. 2021; Raffelt, Dhollander, et al. 2017). An unbiased study-
specific population template was generated using white matter 
FODs of all 41 participants (Raffelt et al. 2011).

In Study 2, group-level global intensity normalization was run 
based on the median b = 0 intensity in white matter (Raffelt, 
Tournier, Rose, et al. 2012), before individual response function 
estimation. Site-specific group average response functions were 
computed to ensure valid inter-participant comparisons while 
controlling for scanner differences across sites (Meisler and 
Gabrieli  2022). Since DWI data were all obtained with a single 
non-zero b-value, Single-Shell 3-Tissue Constrained Spherical 
Deconvolution (SS3T-CSD; Dhollander and Connelly  2016) was 
utilized to obtain FODs of white matter, gray matter, and CSF for 
each participant (Dhollander, Clemente, et al. 2021). An unbiased 
study-specific population template was generated using white 
matter FODs from a subset of 42 participants for computational 
tractability (Raffelt et al. 2011). To maximize template quality, in-
cluded in this subset were, from each of the seven scanning sites, 
the six participants with the highest quality control prediction 
score (Meisler and Gabrieli 2022; Richie-Halford et al. 2022).

The following steps were completed independently across both 
studies. Participant FOD images were registered to the popula-
tion template for their study using non-linear registration, with 
reorientation using apodised point spread functions (Raffelt, 
Tournier, Crozier, et al. 2012). The same transformation was used 
to warp brain masks to population template space. Participants 
with poor alignment of warped brain masks based on manual 
visual inspection were excluded from subsequent analyses (see 
section on ‘Data Exclusions’ for details). A whole-brain template-
space analysis mask was calculated as the intersection of all par-
ticipants' warped masks. Within each study's voxel-wise template 
mask, a template fixel dataset was obtained through segmenta-
tion of the study FOD template (Smith et al. 2013). Participant fix-
els were segmented from their warped FODs (Smith et al. 2013), 
and reoriented according to the non-linear transformation 
(Raffelt, Tournier, et al. 2017). For each template fixel, correspon-
dence with the nearest subject fixel was established provided 
their orientations differed by no more than 45° (Raffelt, Tournier, 
et al. 2017).

The fixel-wise metrics of fibre density (FD), fibre-bundle cross 
section (FC), and a combined metric of fibre density and cross 
section (FDC) were computed for inferential analysis (Raffelt, 
Tournier, et al. 2017). FD, a measure of white matter microstruc-
ture which is ideally proportional to intra-axonal volume, was 
calculated as the integrals of the FOD lobes in the warped partic-
ipant FOD image from which the participant fixels were derived 
(Raffelt, Tournier, et  al.  2017; Smith et  al.  2013). FC, which is 

https://adni.loni.usc.edu/data-samples/adni-data/neuroimaging/mri/mri-scanner-protocols/
https://adni.loni.usc.edu/data-samples/adni-data/neuroimaging/mri/mri-scanner-protocols/
http://www.mrtrix.org
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proportional to the macroscopic cross-section of the white mat-
ter fibre bundle, was calculated as a measure of the local geomet-
ric distortions required to warp a participant's FOD to template 
space (Raffelt, Tournier, et al. 2017). FDC was calculated as the 
product of these two. Where FC was assessed in isolation, values 
were log-transformed to ensure zero mean and normality.

For each study, a whole-brain tractogram with 20 million 
streamlines was generated from the FOD template with uni-
formly distributed seeding using the iFOD2 algorithm (Tournier 
et al. 2010). SIFT (Smith et al. 2013) was applied to filter the trac-
togram to 2 million streamlines to reduce reconstruction biases 
(Maier-Hein et al. 2017). Filtered tractograms were used to cre-
ate a fixel-fixel connectivity matrix for each study. This connec-
tivity data was used to inform spatial smoothing of FD, logFC 
and FDC maps (Raffelt et al. 2015). To correct for inter-site vari-
ability (study 2 only), ComBat harmonisation (Fortin et al. 2017) 
for fixel data (FixelComBat; Mito et al. 2023, 2024) was applied 
after data smoothing prior to statistical analysis.

2.6   |   Tract Segmentation

Across both studies, we also employed a tract-of-interest ap-
proach using TractSeg (Wasserthal et  al.  2018; https://​github.​
com/​MIC-​DKFZ/​TractSeg), an automated method that provides 
segmentation of 72 major white matter tracts. As an input to this 
method, we extracted up to three spherical harmonic peaks in 
each voxel of the population template FOD image (Jeurissen 

et al. 2013). Tracts of interest for this study were selected based 
on previous findings of white matter aberrations in the contin-
uum of psychosis (DeRosse et al. 2015; Grazioplene et al. 2018; 
Kristensen et al. 2023; Stämpfli et al. 2019): cingulum bundles 
(CG), corpus callosum (CC), inferior fronto-occipital fasciculi 
(IFOF), inferior longitudinal fasciculi (ILF), superior longitu-
dinal fasciculi (SLF) and uncinate fasciculi (UF). To obtain a 
single SLF tract per hemisphere, we merged SLF I, SLF II and 
SLF III subcomponents from the tractography outputs from 
TractSeg, resulting in one combined tractogram for the left SLF 
and right SLF. A similar process was used to combine subsec-
tions of the CC, to obtain a single CC tract file. For each bundle 
of interest, we generated the default 2000 streamlines per tract, 
computed the number of streamlines assigned to each template 
fixel, and binarized these data to produce a fixel mask per tract. 
The tractography of tracts of interest is visually presented in 
Figure 2.

2.7   |   Statistics

2.7.1   |   Whole-Brain Analysis

Whole-brain fixel-based statistical inference was performed 
using Connectivity-based Fixel Enhancement (CFE; Raffelt 
et al. 2015), with familywise error correction for multiple com-
parisons using non-parametric permutation testing at a signifi-
cance threshold α = 0.05. For our primary analyses, we limited 
our analyses to the FDC metric only (Smith et al. 2021), regressing 

FIGURE 1    |    Schematic summarising key steps of Fixel-Based Analysis pipeline, highlighting differences between Study 1 and Study 2. 
CAPE = community assessment of psychic experiences; CFE = connectivity-based fixel enhancement; DWI = diffusion weighted imaging; 
eICV = estimated intracranial volume; FC = fibre cross-section; FD = fibre density; FDC = fibre density and cross-section; FOD = fibre orientation 
distribution; GLM = general linear model; PQ = prodromal questionnaire; QC = quality check; SIFT = spherical-deconvolution informed filtering of 
tractograms. Examples from Study 1 of group-level FOD template (row 2) and whole-brain tractogram (row 4) are shown. Flowchart design based 
on Fan et al. (2024) and Genc et al. (2018).

https://github.com/MIC-DKFZ/TractSeg
https://github.com/MIC-DKFZ/TractSeg
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against PQ-positive scores in Study 1 and CAPE-positive scores 
in Study 2 (two t-tests; positive and negative direction of asso-
ciation). Potential confounds we included as covariates in our 
statistical model were age (Han et al. 2023; Kelley et al. 2021), 
sex (Kirkovski et al. 2020; Lyon et al. 2019), and log-transformed 
eICV (Smith et al. 2019). In Study 2 only, we also included the 
recruitment site as a covariate to account for residual variability 
not corrected with ComBat harmonisation. All variables were 
standardized (z-score transformation) before statistical analyses 
were run. As a secondary data investigation, we also ran analo-
gous models for FD and logFC to explore the relative contribution 
of microstructure and morphometry, with log(eICV) omitted as a 
covariate for the FD model (Smith et al. 2019).

2.7.2   |   Tract-Specific Analysis

The frequentist analysis approach (i.e., null hypothesis signifi-
cant testing) has been criticised for its inability to determine ev-
idence in support of the null hypothesis where non-significant 
p-values are obtained (Wagenmakers et al. 2018). Alternatively, 
Bayesian analysis can quantify evidence for both the alternative 
and the null hypothesis, providing improved reporting specificity 
for non-significant p-values. A Bayesian framework was utilised 
here for tract-aggregated data, to determine whether there was 
substantial evidence in support of, or against, an association be-
tween psychotic-like experiences and white matter measures in 
the 11 pre-defined tracts of interest. This tract-based Bayesian 
analysis followed a similar approach to Fan et al. (2024). Tract-
aggregated values of FBA metrics (FDC, FD and logFC) were 
computed within the fixel masks of each tract of interest. Bayesian 

correlation analysis between tract-averaged FDC, FD and logFC 
values and psychotic-like experiences was performed for both 
studies. The evidence for an association between tract-aggregated 
data and psychotic-like experiences was represented by the 
Bayes factor (BF10): BF10 > 3 was considered substantial evidence 
for the alternative hypothesis, while BF10 < 1/3 was considered 
substantial evidence for the null hypothesis, based on recom-
mended strength of evidence classification schemes (Jarosz and 
Wiley  2014; Jeffreys and Jeffreys 1998; Raftery 1995). Bayesian 
analysis was conducted with the BayesFactor and BayestestR 
packages (Makowski et al. 2019) in R (version 4.2.2), specifically 
implementing the correlationBF() function with a uniform, non-
informative prior over the correlation coefficient, ranging from 
−1 to 1.

2.8   |   Exploratory Analysis

Given that psychotic-like experiences when weighted by dis-
tress have been found to be indicative of psychosis risk (Jaya 
et al. 2021), we also explored the role of distress in Study 2, using 
data on participants' attribution of distress to their psychotic-
like experiences (see section ‘Participants: Study 2’). For this, 
we computed scores for severity-weighted psychotic-like ex-
periences by multiplying the frequency score with the asso-
ciated distress score for each item (Jaya et al. 2021). We ran a 
regression of FDC against CAPE severity-weighted positive 
scores (with analogous models for FD and logFC as second-
ary analyses), including the same covariates as detailed in the 
previous section. Tract-based Bayesian correlation analysis be-
tween tract-averaged metrics (FDC, FD and logFC) and CAPE 

FIGURE 2    |    White matter tractography pathways extracted in Study 1, showing left hemispheric view of fibre pathways presented on a sagittal 
slice of a 3D glass brain reconstruction with MRtrix. The same tracts of interest were generated across both studies (with only Study 1 shown for sim-
plicity). All tracts except for the corpus callosum were considered bilaterally, meaning that 11 tracts were analysed in total per study.
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severity-weighted positive scores was also performed. As dis-
tress scores were only available from data collected in Study 2, 
analogous models were not run for Study 1.

2.9   |   Data Exclusions

2.9.1   |   Study 1

Of the 52 participants recruited, we excluded participants who 
had missing PQ scores (n = 2), missing DWI data (n = 3), or failed 
FreeSurfer reconstruction (n = 6). Based on these criteria, a total 
of 41 participants were included in analyses. Participants' trans-
formed brain masks were overlaid on top of the FOD template as 
a quality control check to ensure registration was successful. In 
this cohort, no participants were excluded due to poor registra-
tion after visual inspection.

2.9.2   |   Study 2

Of the 2315 participants who completed follow-up two of the 
IMAGEN study, we excluded participants who had miss-
ing CAPE scores (n = 91), missing DWI data (n = 904), failed 
FreeSurfer reconstruction (n = 8), preprocessing errors (e.g., is-
sues with diffusion gradient encoding; n = 182), or poor regis-
tration to the population FOD template by visual inspection (as 
described in the previous section; n = 32), leading to a total of 
1098 included in the analysis.

3   |   Results

3.1   |   Participant Characteristics

Demographic characteristics of participants across both stud-
ies are shown in Table  1, with the final sample consisting of 
41 participants in Study 1 (26 female, 15 male), and 1098 par-
ticipants in Study 2 (572 female, 526 male). For Study 2, demo-
graphic characteristics separated by scanning site are provided 

in Supporting Information. The distribution of psychotic-like 
experiences across both studies (i.e., PQ-positive for Study 1 and 
CAPE-positive for Study 2) is shown in Figure 3.

3.2   |   Fixel-Based Analysis

3.2.1   |   Whole-Brain Approach

For Study 1, whole-brain CFE analysis revealed no significant 
positive or negative correlation between PQ-positive scores and 
FDC, adjusted for age, sex and log(eICV). This means that there 
were no fixels anywhere in the brain where FDC values were 
significantly associated with PQ-positive scores across partici-
pants at significance threshold α = 0.05. For an example of the 
template data, Figure  4 shows the template fixels coloured by 
beta-coefficient values of PQ-positive scores when associated 
with FDC. Similarly for Study 2, whole-brain CFE analysis re-
vealed no significant positive or negative correlation between 
CAPE-positive scores and FDC, adjusting for age, sex and log(e-
ICV) and scanning site.

Secondary analyses to investigate the magnitude of effects in 
FD and logFC metrics in Study 1 revealed no significant correla-
tion between PQ-positive scores and FD (adjusting for age and 
sex) nor between scores and logFC (adjusting for age, sex and 
log(eICV)). Similarly, secondary analyses for Study 2 revealed 
no significant correlation between CAPE-positive scores and FD 
(adjusting for age and sex) nor between scores and logFC (adjust-
ing for age, sex and log(eICV)).

3.2.2   |   Tract-Specific Approach

Tract-based analyses revealed no significant positive or nega-
tive correlation between psychotic-like experiences (PQ-scores 
in Study 1; CAPE-positive scores in Study 2) and FD (adjusting 
for age and sex in both studies, as well as scanning site in Study 
2) across the 11 tracts of interest depicted in Figure 2. In Study 
1, Bayesian analysis of tract-aggregated white matter metrics 

TABLE 1    |    Participant characteristics across studies.

Study 1 (n = 41) Study 2 (n = 1098)

Mean (sd) Median [range] Mean (sd) Median [range]

Age, years 21.15 (1.93) 21.0 [18.0–25.0] 18.53 (0.74) 18.0 [18.0–23.0]

ICV (cm3) 1362.72 (145.29) 1342.57 [1174.62–1825.05] 1542.32 (155.83) 1533.20 [1083.67–2118.01]

PQ-positive 62.02 (13.65) 61.0 [44.0–101.0] — —

PQ-negative 31.10 (11.25) 30.0 [17.0–78.0] — —

PQ-disorganised 23.8 (7.19) 22.0 [13.0–41.0] — —

PQ-general 26.32 (7.67) 25.0 [16.0–54.0] — —

CAPE-total — — 61.55 (11.42) 60.0 [42.0–123.0]

CAPE-positive — — 25.89 (4.63) 25.0 [20.0–57.0]

CAPE-negative — — 22.19 (5.45) 21.5 [14.0–45.0]

CAPE-depressive — — 13.47 (3.44) 13.0 [8.0–30.0]
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showed weak evidence in favour of the null hypothesis (i.e., no 
association between FDC, FD, nor logFC and psychotic-like 
experiences) for all white matter tracts of interest, with the ex-
ception of tract-aggregated FD and psychotic-like experiences 
in left SLF showing weak evidence in favour of the alternative 
hypothesis (see Table 2). In Study 2, Bayesian analysis of tract-
aggregated data showed substantial evidence to support the null 
hypothesis in almost all white matter tracts of interest, with the 
exception of tract-aggregated FD and psychotic-like experiences 
in the corpus callosum where evidence in favour of the null hy-
pothesis was only weak (see Table 3). See Table S2 for the num-
ber of fixels in each tract.

3.3   |   Exploratory Analyses: CAPE 
Severity-Weighted Positive Scores (Study 2 Only)

3.3.1   |   Whole-Brain Approach

Whole-brain FBA results revealed no significant positive or neg-
ative correlation between CAPE severity-weighted positive scores 
(i.e., frequency weighted by distress scores) and FDC (as the 

primary analysis), FD, or logFC (as secondary analyses), adjusted 
for age, sex, log(eICV) where applicable, and scanning site.

3.3.2   |   Tract-Specific Approach

Bayesian analysis of tract-aggregated white matter metrics 
showed substantial evidence to support the null hypothesis 
(i.e., no association between FDC, FD nor logFC and severity-
weighted psychotic-like experiences) in all 11 white matter 
tracts of interest (see Table 4).

4   |   Discussion

This study presents the first application of fixel-based analy-
sis to investigate fibre-specific white matter microstructure of 
participants with varying psychotic-like experiences. Contrary 
to our hypothesis, we did not find any associations between 
white matter and non-clinical psychotic-like experiences, across 
two independent cohorts with different diffusion MRI acquisi-
tions and quantitative measures of psychotic-like experiences. 

FIGURE 3    |    Distribution of psychotic-like experiences across (A) Study 1 (PQ-positive scores) and (B) Study 2 (CAPE-positive scores). Each dot 
represents the score of an individual participant on the corresponding questionnaire. Boxplots demonstrate the median and interquartile range of 
psychotic-like experience scores across each study.

FIGURE 4    |    Whole-brain fixel-based analysis showing template fixels coloured by the beta coefficient of psychotic-like experiences associated 
with FDC in Study 1, including regions of crossing fibres. Template fixels coloured by the beta coefficient corresponding to psychotic-like experiences 
(PQ-positive) associated with FDC values in Study 1, with no fixels reaching statistical significance. Shown for a single sagittal slice with the zoomed 
inset showing specific fixels in crossing-fibre regions, with fixels coloured by beta coefficient values.
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Additionally, Bayesian analysis of data aggregated within tracts 
of interest based on prior studies revealed widespread evidence 
of no association between white matter quantitative measures 
and psychotic-like experiences; only weakly in the smaller Study 
1 (CC, right SLF, and bilateral CG, ILF, IFOF and UF), but with 
substantial evidence of such in the much larger Study 2 (bilateral 
CG, ILF, SLF, IFOF and UF).

Previous literature has demonstrated robust changes in fixel-
specific metrics reflecting white matter pathology in the clin-
ical continuum of psychosis, specifically across people with 
schizophrenia (Grazioplene et  al.  2018; Stämpfli et  al.  2019) 
and first-episode psychosis (Kristensen et al. 2023). While past 
research using voxel-based diffusion-tensor metrics suggested 
analogous correlates of white matter aberrancies are present 

TABLE 2    |    Bayesian correlation between tract-average FBA metrics and psychotic-like experiences (PQ-positive) in Study 1 in 11 white matter 
tracts of interest.

WM tract

FD logFC FDC

β 95% CI BF10 β 95% CI BF10 β 95% CI BF10

CC −0.16 −0.43 to 0.14 0.63 −0.04 −0.33 to 0.26 0.36 −0.08 −0.35 to 0.22 0.40

CG Lt −0.03 −0.31 to 0.26 0.35 −0.04 −0.31 to 0.24 0.36 −0.04 −0.33 to 0.26 0.36

Rt 0.02 −0.25 to 0.31 0.36 −0.06 −0.34 to 0.23 0.38 −0.05 −0.32 to 0.25 0.37

IFO Lt −0.21 −0.46 to 0.08 0.98 −0.06 −0.33 to 0.23 0.38 −0.13 −0.4 to 0.18 0.51

Rt −0.18 −0.44 to 0.1 0.76 −0.09 −0.36 to 0.2 0.42 −0.12 −0.39 to 0.16 0.51

ILF Lt −0.15 −0.41 to 0.15 0.56 −0.07 −0.33 to 0.21 0.39 −0.11 −0.37 to 0.19 0.45

Rt −0.19 −0.45 to 0.1 0.82 −0.08 −0.35 to 0.22 0.40 −0.13 −0.41 to 0.16 0.52

SLF Lt −0.24 −0.49 to 0.05 1.29 −0.14 −0.41 to 0.15 0.56 −0.19 −0.45 to 0.1 0.82

Rt −0.16 −0.43 to 0.15 0.63 −0.09 −0.37 to 0.19 0.41 −0.12 −0.4 to 0.17 0.48

UF Lt −0.13 −0.39 to 0.16 0.51 −0.07 −0.34 to 0.23 0.38 −0.11 −0.38 to 0.18 0.46

Rt −0.20 −0.46 to 0.09 0.91 −0.02 −0.31 to 0.27 0.35 −0.13 −0.41 to 0.15 0.53

Abbreviations: 95% CI = credible intervals for the model coefficient; BF10 = Bayes factor; CC = corpus callosum; CG = cingulum bundle; IFOF = inferior fronto-occipital 
fasciculus; ILF = inferior longitudinal fasciculus; Lt = left tract; Rt = right tract; SLF = superior longitudinal fasciculus; UF = uncinate fasciculus; β = standardised 
model coefficient (median of posterior distribution).

TABLE 3    |    Bayesian correlation between tract-average FBA metrics and psychotic-like experiences (CAPE-positive) in Study 2 in 11 white matter 
tracts of interest.

WM tract

FD logFC FDC

β 95% CI BF10 β 95% CI BF10 β 95% CI BF10

CC −0.06 −0.12 to 0 0.44 −0.02 −0.08 to 0.04 0.09* −0.04 −0.1 to 0.01 0.19*

CG Lt −0.03 −0.09 to 0.03 0.12* −0.02 −0.07 to 0.04 0.08* −0.03 −0.09 to 0.03 0.11*

Rt −0.02 −0.08 to 0.03 0.10* 0 −0.06 to 0.05 0.07* −0.02 −0.08 to 0.04 0.08*

IFO Lt −0.03 −0.09 to 0.03 0.12* 0.01 −0.05 to 0.06 0.07* −0.02 −0.07 to 0.04 0.08*

Rt −0.02 −0.08 to 0.04 0.10* 0.02 −0.04 to 0.07 0.08* 0 −0.06 to 0.06 0.07*

ILF Lt −0.03 −0.09 to 0.03 0.12* 0.01 −0.05 to 0.07 0.08* −0.01 −0.07 to 0.05 0.07*

Rt −0.01 −0.08 to 0.04 0.08* 0 −0.06 to 0.06 0.07* 0 −0.06 to 0.05 0.07*

SLF Lt −0.04 −0.09 to 0.02 0.14* −0.02 −0.07 to 0.04 0.09* −0.03 −0.09 to 0.03 0.13*

Rt −0.05 −0.11 to 0.01 0.27* −0.01 −0.07 to 0.05 0.08* −0.03 −0.09 to 0.02 0.14*

UF Lt −0.01 −0.07 to 0.05 0.08* 0.01 −0.05 to 0.06 0.07* −0.01 −0.07 to 0.05 0.07*

Rt 0.01 −0.05 to 0.07 0.07* 0 −0.06 to 0.06 0.07* 0 −0.06 to 0.06 0.07*

Abbreviations: 95% CI = credible intervals for the model coefficient; BF10 = Bayes factor; CC = corpus callosum; CG = cingulum bundle; IFOF = inferior fronto-occipital 
fasciculus; ILF = inferior longitudinal fasciculus; Lt = left tract; Rt = right tract; SLF = superior longitudinal fasciculus; UF = uncinate fasciculus; β = standardised 
model coefficient (median of posterior distribution).
*Substantial evidence for the null hypothesis (BF10 < 1/3).
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in non-clinical psychotic-like experiences (DeRosse et al. 2015; 
Nelson et al. 2011; Oestreich et al. 2019a), we found no corre-
sponding effects in this FBA study. Recent comparison between 
voxel-based and fixel-based metrics in patients with schizophre-
nia compared to controls demonstrated inconsistencies in group 
differences between methodological approaches (Grazioplene 
et  al.  2018). As FBA provides a more biologically plausible 
model, particularly in regions with crossing fibres, voxel-based 
metrics of white matter may be largely capturing information 
about group differences in crossing fibre organisation, rather 
than microstructural differences attributable to specific path-
ways. Thus, our findings reflect a lack of association between 
white matter microstructure and psychotic-like experiences, 
through the utilisation of a more biologically plausible model 
than what was employed in previous research. To further con-
firm this finding, future research requires direct comparison 
between voxel-wise and fixel-wise correlates of psychotic-like 
experiences, particularly in regions of crossing fibres, to provide 
further support for the more recent fibre-specific approaches to 
measuring white matter microstructure.

There are, however, other voxel-based studies concordant with 
our negative findings. One recent study showed that attenuated 
subclinical psychotic symptoms in non-help-seeking individu-
als were not associated with white matter structural alterations 
(Michielse et al. 2020). Similarly, Koivukangas et al. (2015) re-
ported an absence of microstructural white matter differences 
in young adults at familial risk for psychosis compared to con-
trols. Together, these findings question the proposed continuity 
between clinical and non-clinical psychotic-like experiences in 
aberrations of white matter microstructure. White matter defi-
cits may only emerge at illness onset or in prominent prodromal 
stages of psychosis such as first-episode psychosis (Kristensen 
et al. 2023), rather than pre-dating illness onset.

While, collectively, this may suggest that white matter alter-
ations echo clinical diagnostic thresholding with observable 
effects present in clinical, but not sub-clinical presentations, 
longitudinal research is required to further explore the nature 
of (dis)continuity associated with white matter microstructure, 
before and after illness onset.

Additionally, some research has suggested that the association 
between psychotic-like experiences and white matter micro-
structure is mediated by other factors that confer psychosis risk. 
For example, associations between psychotic-like experiences 
and aberrant white matter microstructure have been found to 
be more marked in participants that designate those experi-
ences as distressing (Bosma et  al.  2021; Schoorl et  al.  2021). 
While this motivated corresponding exploratory analyses in 
the current study, these revealed no significant association—
indeed substantial evidence of no association—between white 
matter microstructure and psychotic-like experiences when 
weighted by distress. Future research is therefore needed to 
examine both the complex non-linear nature of white matter 
changes associated with the full spectrum of psychoses, and 
whether distress interacts with such. Similarly, some research 
suggests that white matter deficits coincide with the introduc-
tion of antipsychotic medication in clinical populations (Szeszko 
et al. 2014), which could provide an alternative explanation of 
our null findings in never-medicated, healthy individuals with 
non-clinical psychotic-like experiences. However, a recent re-
view of diffusion tensor imaging studies investigating the effect 
of white matter microstructure in first-episode drug-naïve pa-
tients demonstrated that white matter deficits precede antipsy-
chotic medication (Sagarwala and Nasrallah  2021). While the 
findings are mixed, some studies even found an increase in frac-
tional anisotropy after antipsychotic treatment. Given the spar-
sity of literature, future research is required to clearly delineate 

TABLE 4    |    Bayesian correlation between tract-average FBA metrics and severity-weighted psychotic-like experiences (CAPE-positive 
frequency × distress) in Study 2 in 11 white matter tracts of interest.

WM tract

FD logFC FDC

β 95% CI BF10 β 95% CI BF10 β 95% CI BF10

CC −0.04 −0.1 to 0.02 0.18* −0.03 −0.09 to 0.03 0.11* −0.04 −0.1 to 0.02 0.19*

CG Lt −0.04 −0.1 to 0.02 0.20* −0.03 −0.09 to 0.03 0.12* −0.05 −0.1 to 0.01 0.21*

Rt −0.02 −0.07 to 0.04 0.08* −0.02 −0.08 to 0.04 0.08* −0.02 −0.08 to 0.03 0.10*

IFO Lt −0.04 −0.1 to 0.01 0.18* −0.01 −0.07 to 0.05 0.08* −0.03 −0.09 to 0.03 0.13*

Rt −0.02 −0.08 to 0.04 0.09* 0 −0.06 to 0.06 0.07* −0.01 −0.07 to 0.05 0.07*

ILF Lt −0.03 −0.09 to 0.03 0.13* −0.01 −0.06 to 0.05 0.07* −0.02 −0.08 to 0.03 0.10*

Rt −0.02 −0.08 to 0.04 0.09* −0.02 −0.07 to 0.04 0.08* −0.02 −0.08 to 0.04 0.09*

SLF Lt −0.04 −0.1 to 0.02 0.19* −0.03 −0.09 to 0.03 0.12* −0.05 −0.11 to 0.02 0.22*

Rt −0.05 −0.11 to 0 0.37 −0.02 −0.08 to 0.03 0.10* −0.04 −0.1 to 0.02 0.20*

UF Lt −0.03 −0.09 to 0.03 0.12* −0.03 −0.09 to 0.03 0.11* −0.04 −0.1 to 0.02 0.18*

Rt −0.01 −0.07 to 0.05 0.07* −0.02 −0.08 to 0.04 0.08* −0.02 −0.07 to 0.04 0.08*

Abbreviations: 95% CI = credible intervals for the model coefficient; BF10 = Bayes factor; CC = corpus callosum; CG = cingulum bundle; IFOF = inferior fronto-occipital 
fasciculus; ILF = inferior longitudinal fasciculus; Lt = left tract; RT = right tract; SLF = superior longitudinal fasciculus; UF = uncinate fasciculus; β = standardised 
model coefficient (median of posterior distribution).
*Substantial evidence for the null hypothesis (BF10 < 1/3).
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the effects of antipsychotics on white matter microstructure in 
psychosis.

A strength of the current study was that it used a robust FBA 
framework to characterise white matter microstructure, over-
coming the limitations inherent in traditional voxel-based meth-
ods with enhanced biological specificity. The findings from data 
analysed with FBA techniques suggest that the relationship 
between white matter microstructure and psychotic-like experi-
ences may not be as robust as previously thought. Additionally, 
our findings were independently replicated across two cohorts 
of participants, which overcomes limitations of previous liter-
ature such as low sample sizes and lack of replication. An im-
portant utility of large, open-source datasets like the IMAGEN 
consortium is that they provide the enhanced statistical power 
required to detect small effect sizes, while also reducing the risk 
of false positive findings (Button et al. 2013). This is exemplified 
by stronger evidence of no association between tract-aggregated 
FBA metrics and psychotic-like experiences in Study 2 as com-
pared to Study 1, which may have been underpowered to find 
strong evidence of no association given the smaller sample size 
of Study 1. Similarly, replication across independent cohorts 
improves the confidence in findings compared to analysis of a 
single dataset alone. Nevertheless, we should be cautious when 
interpreting findings from Bayesian approaches with uninfor-
mative priors applied to multiple tracts, particularly in Study 1 
given the lower sample size. Similarly, evidence for the lack of 
association is derived from large, tract-aggregated fibre-specific 
metrics, which should be interpreted with caution. Given that 
large tracts were included in analyses (e.g., the entire corpus 
callosum rather than specific segments), smaller, highly specific 
regions may still be affected, as Bayesian analysis was not per-
formed at each individual fixel.

While replicated across two independent cohorts, the general-
isability of our findings is limited by certain attributes of those 
cohorts. The findings from this study may not apply to more 
age-diverse samples, given their limited age ranges (Study 1: 
18–25; Study 2: 18–23). Additionally, the b-value (which impacts 
the estimation of DWI measures such as fibre density) of DWI 
obtained in Study 2 was relatively low compared to values typi-
cally employed by FBA (Dhollander, Clemente, et al. 2021; Genc 
et al. 2020), which may impact the sensitivity and specificity of 
fibre density estimates. Although this limitation was mitigated 
by the higher b-values present in Study 1, future research should 
consider adopting higher b-values to improve fibre density esti-
mates (Raffelt, Tournier, Rose, et al. 2012).

To empirically verify whether aberrancies in white matter truly 
predate illness onset or are otherwise predictive of such tran-
sition, future research should employ longitudinal assessment 
of white matter microstructure and psychotic-like experiences 
in healthy populations that later transition to clinical psycho-
sis. Doing so will improve our understanding of neurobiolog-
ical markers of psychosis risk. The cross-sectional nature of 
this study means that it is unclear whether higher scores for 
psychotic-like experiences are predictive of later transition to 
clinical psychosis. However, given the longitudinal nature of 
the IMAGEN consortium dataset, the stability of psychotic-like 
experience scores relative to metrics of white matter fibre den-
sity and cross-sectional morphology could be assessed, despite 

a low transition rate to clinical psychosis (only 16 adolescents 
received a diagnosis of psychosis at follow-up, aged 23 years; 
Maitra et al. 2023).

5   |   Conclusion

This study used both whole-brain and tract-specific fixel-based 
analysis to characterise fibre-specific white matter microstruc-
ture and morphology in two cohorts of participants with a spec-
trum of non-clinical psychotic-like experiences. Our findings 
show no association between whole-brain fibre-specific proper-
ties of white matter microstructure and non-clinical psychotic-
like experiences. Further, we show evidence for the lack of 
an association within tract-aggregated fibre-specific metrics. 
While these findings extend our understanding of white matter 
microstructure across the extended psychosis continuum, fu-
ture research is required to determine whether characterising 
fibre-specific white matter attributes provides clinically mean-
ingful insight into the risk of psychosis onset.
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