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Despite diffusion tensor imaging (DTI) evidence for widespread fractional anisotropy

remain regarding the specificity and sensitivity of FA abnormalities as opposed to
other diffusion metrics in the disorder. We conducted a whole-brain voxel-based
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multicompartment diffusion MRI study on 316 participants (i.e., 158 patients and
158 matched healthy controls) employing four diffusion metrics: the mean diffusivity
(MD) and FA estimated from DTI, and the intra-axonal signal fraction (IASF) and micro-
scopic axonal parallel diffusivity (Dpar) derived from the spherical mean technique.
Our findings provide novel evidence about widespread abnormalities in other diffu-
sion metrics in BD. An extensive overlap between the FA and IASF results suggests
that the lower FA in patients may be caused by a reduced intra-axonal volume frac-
tion or a higher macromolecular content in the intra-axonal water. We also found a
diffuse alteration in MD involving white and grey matter tissue and more localised
changes in Dpar. A Machine Learning analysis revealed that FA, followed by IASF,
were the most helpful metric for the automatic diagnosis of BD patients, reaching an
accuracy of 72%. Number of mood episodes, age of onset/duration of illness, psy-
chotic symptoms, and current treatment with lithium, antipsychotics, antidepressants,

and antiepileptics were all significantly associated with microstructure abnormalities.

KEYWORDS

1 | INTRODUCTION

Bipolar disorder (BD) is a chronic and recurrent mental health condi-
tion affecting >1% of people worldwide (Vieta et al., 2018). There are
various BD subtypes characterised by episodes of mania or hypoma-
nia alternated with depressive episodes, causing unpredictable
changes in mood and behaviour. Although there are effective medi-
cines for treating the acute phase of the illness and preventing
relapse, much can be done to improve the lives of people suffering
from this condition. Early and accurate diagnosis is difficult due to
heterogenous clinical presentation and complex underlying factors
determining onset. As inappropriate interventions may destabilise the
course and outcome of the disease (Berk et al., 2006), identifying spe-
cific biomarkers for BD is crucial to enhance the proper early treat-
ment of patients (Vieta et al., 2018) and monitoring the effects of
both conventional and new personalised treatments.

Among many research lines on the neuroanatomical substrates of
BD, magnetic resonance imaging (MRI) has been one of the most pro-
ductive. The ENIGMA consortium has conducted large-scale collabo-
rative analyses of structural MRI data involving thousands of patients
and healthy controls (HC; Thompson et al., 2014). These mega- and
meta-analyses have found widespread abnormalities in patients with
BD, revealing previously undetected associations (Ching et al., 2020).
Thus, cortical grey matter was reported to be bilaterally thinner in BD
(N = 6503 individuals), especially in the frontal, temporal, and parietal
regions (Hibar et al., 2018). This pattern of reduced cortical thickness
was associated with a longer duration of illness, even after controlling
for age. Commonly prescribed medications like lithium, antipsychotics,
and antiepileptic drugs were significantly associated with cortical

thickness and surface area (Hibar et al., 2018). Another study

Lithium treatment was associated with less microstructure abnormality.

bipolar disorder, brain, diffusion tensor imaging, spherical mean technique, tissue microstructure

(N = 4698 individuals) using hippocampal subfield volumetry found
smaller volumes in 9 out of 12 anatomically and functionally distinct
hippocampal subfields potentially involved in the pathophysiology of
BD (Haukvik et al., 2020). Interestingly, while lithium users did not
show volume differences compared with HC, non-users did. Addition-
ally, antiepileptic and antipsychotic treatment was associated with
reduced volumes (Haukvik et al., 2020).

Given the established abnormalities of cortical (Hibar et al., 2018)
and subcortical brain volumes in BD (Hibar et al., 2016), the question
of whether these abnormalities are present in the white matter
(WM) microstructure has been addressed by various research groups
(e.g., see Canales-Rodriguez et al., 2013; Vederine et al., 2011).
Recently, in the largest diffusion tensor imaging (DTI) study of BD
(N = 3033 individuals) conducted by the ENIGMA working group
(Favre et al., 2019), widespread fractional anisotropy (FA) reductions
were found—within and beyond fronto-limbic regions—across 29 out
of 44 WM regions of interest. The strongest effects were located in
the corpus callosum and cingulum. A shorter illness duration, late
onset, and lithium treatment were associated with higher FA. In con-
trast, no significant FA differences were associated with illness sever-
ity, antidepressant treatment, history of psychotic symptoms, or
between BD-I and BD-Il subtypes (Favre et al., 2019). Even though
this multicenter study offers several advantages compared with previ-
ous smaller-scale DTI studies, some open questions remain regarding
the sensitivity and specificity of FA: Is FA the most sensitive diffusion
metric in BD? How can we explain the observed changes in terms of
biological parameters?

DTI models each voxel as a single homogeneous compartment.
However, brain WM contains at least two distinct water compartment

types that can be detected—the intra- and extra-axonal spaces—
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differentially contributing to the observed diffusion MRI signal. Con-
sequently, DTI-derived metrics like FA are sensitive but not specific to
changes in tissue microstructure parameters such as the volume frac-
tions of the intra- and extra-axonal spaces and fibre dispersion
(Beaulieu, 2002). In recent years, various multicompartment diffusion
MRI models have been proposed to isolate the signal contribution
from different compartments, providing more specific diffusion-based
features. Among these advanced methods, the spherical mean tech-
nigue (SMT; Kaden et al., 2016) has been of notable interest since, in
addition to modelling the diffusion signals from the intra- and extra-
axonal spaces, it provides metrics unconfounded by fibre crossings
and orientation dispersion, which can be estimated from multishell
diffusion MRI data acquired in clinical scanners. Furthermore, the
SMT is more suitable than Neurite Orientation Dispersion and Den-
sity Imaging method (NODDI; Zhang et al., 2012), another similar mul-
ticompartment model, as the diffusivity parallel to the axons is
estimated from the data and does not need to be fixed by hand during
the fitting (Kaden et al., 2016).

For the first time, here we apply a whole-brain voxel-based
approach combining DTl and SMT diffusion-derived metrics to reveal
specific brain tissue microstructure abnormalities in BD. We also repli-
cate the FA-based analyses previously reported by the ENIGMA multi-
center study (Favre et al., 2019) on a homogeneous and considerably
large sample of participants (n = 316) scanned in the same MRI
machine. After comparing the SMT-based features between HCs and
patients with BD, we also evaluate the sensitivity of various diffusion
metrics for the automatic diagnosis of BD through machine learning
algorithms and cross-validation. Finally, we look for differences
between BD subtypes and the possible effect of duration of illness,
age at onset, history of psychosis, and current pharmacological treat-
ment with lithium, antidepressant, antipsychotic, and antiepileptic

drugs.
2 | METHODS
21 | Sample

A total of 316 Caucasian participants consisting of 158 euthymic
patients with BD and 158 HC matching on age and estimated Intelli-
gence Quotient (IQ) were recruited. Exclusion criteria for all partici-
pants included left-handedness, personal history of neurological
disease, brain injury, presence of cardiovascular risk factors for cogni-
tive impairment (i.e., ictus), suffering from a severe medical condition
(e.g., cancer), alcohol/substance abuse/dependence in the 12 months
before participation, claustrophobia, presence of contraindications for
MRI scanning (i.e., cardiac pacemaker, metal fragment/prostheses,
pregnancy, surgical intervention within 1 month before scanning) and
electroconvulsive therapy treatment in the previous 12 months
before recruitment. Patients with a first episode of the disease were
excluded, as well as those with an onset later than 55 years old. Addi-
tional exclusion criteria for the HC included any personal or first-

degree relative history of a psychiatric disorder and current or

previous psychopharmacological treatment prescription. All partici-
pants were required to be aged between 18 and 60 and to have an
estimated intelligence quotient (IQ) >85, which was assessed using
the Word Accentuation Test (Test de Acentuacion de Palabras, TAP;
Del Ser et al., 1997), a Spanish word reading test conceptually similar
to the British National Adult Reading Test (Nelson & Willison, 1991)
and the Wide Range of
(Wilkinson, 1993). The TAP is based on the pronunciation of low-

frequency words whose accents have been removed, it has been stan-

American Achievement  Test

dardised to the WAIS-III, and its scores can be converted into full-
scale |Q estimates. The normal range is defined for TAP > 14 (Gomar
etal, 2011).

Exhaustive information on clinical features and current pharmaco-
logic treatments was available for 138 patients. Medication intake
was registered at the time of scanning, as data on past use was not
available. Half of the patients (n = 69) were on treatment with lithium,
n =77 were taking antipsychotics, n =57 were taking antidepres-
sants, and n = 81 were on treatment with antiepileptic drugs. n = 101
had a diagnosis of BD-I, and the remaining n = 37 of BD-Il. n = 84
had a history of psychosis. This subsample of 138 patients was used
to find associations between diffusion metrics and the clinical and
medication variables. Other variables of interest were the number of
episodes, age, sex, duration of illness, and age of onset, defined as the
age of the first mood episode. The number of mood episodes was
based on hospitalisation reports and self-reports when admission was
not required. Since it was not always possible to determine the exact
number of mood episodes, we employed a three-level scale (i.e, 1,
2, 3) with patients that had suffered <5, between 5 and 10, and with
>10 episodes, respectively.

All participants were recruited by three institutions (n = 100 from
FIDMAG Research Foundation, n = 129 from Hospital Universitari
Institut Pere Mata, and n = 87 from Hospital Clinic of Barcelona) and
were scanned using the same 3T MRI machine and acquisition
sequences. The study was carried out following the latest version of
the Declaration of Helsinki and was reviewed by the ethical commit-
tee of the three institutions. Written informed consent was obtained
from all participants.

2.2 | MRIdata acquisition and preprocessing

Multishell diffusion MRI data were acquired for each participant
using a 3T Ingenia CX scanner (Philips Medical Systems, software
version: 5.4) located at the Barcelonapeta Brain Research Center
(Pasqual Maragall Foundation, Barcelona, Spain) with a standard
32-channel head coil and the following sequence parameters:
Field-of-view = 230 x 230 mm: voxel-size = 2.05 x 2.05 mm?;
repetition time (TR)=10.1s; echo time (TE)= 103 ms; flip
angle = 90°;  number-of-slices = 64; slice-thickness = 2.1 mm;
number of averages = 1; acceleration factor =2; number of
shells = 3; b-values = 625, 1250, and 2500 s/mm?; number of dif-
fusion gradient directions = 100; number of bO (i.e., b-value = 0)

images = 7, plus 1 bO with reverse phase to correct for spatial
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distortions. For each subject, the diffusion MRI data were
corrected to remove noise (Veraart et al., 2016) and Gibbs ringing
artefacts (Kellner et al., 2016) by using the MRtrix3 software
(https://www.mrtrix.org/; Tournier et al., 2019), as well as suscep-
tibility, eddy-current, and head motion distortions using the topup
(Andersson et al.,, 2003) and eddy (Andersson & Sotiropoulos,
2016) toolboxes in FSL (https://fsl.fmrib.ox.ac.uk/fsl/; Smith
et al., 2004).

2.3 | Models and descriptors

Two data modelling techniques were applied to assess different prop-
erties of the self-diffusion process of water in brain tissues: (1) DTI
(Basser & Pierpaoli, 1996) and (2) SMT (Kaden et al., 2016). The FA
and mean diffusivity (MD) metrics were obtained from the diffusion
tensors, estimated using the dtifit program included in FSL, and
employing the diffusion volumes with b-values = 1250 s/mm?. On
the other hand, the intra-axonal signal fraction (IASF) and the micro-
scopic diffusivity parallel to the axons within the intra- and extra-
cellular spaces (denoted by Dpar) were computed from all the diffu-
sion volumes using the SMT software (https://github.com/ekaden/
smt; Kaden et al., 2016). Each of these four rotationally-invariant sca-
lar contrasts reveals complementary information about the local diffu-
sion process. While FA is a metric designed to quantify the anisotropy
of Gaussian diffusion processes in regions of parallel fibres, MD quan-
tifies the mean magnitude of diffusion within the voxel and is sensi-
tive to the overall presence of obstacles to diffusion, regardless of
orientation. IASF is a proxy for the (%) diffusion signal arising from
neurites and axons, and hence, it quantifies the apparent volume frac-
tion occupied by axons within the voxel. Finally, Dpar is the mean par-
allel diffusivity inside the axons and their extra-axonal surroundings
(Kaden et al., 2016).

24 | Multimodal spatial normalisation

After skull removal, all brain images were normalised using the
high-resolution nonlinear registration Symmetric Normalization
(SyN) algorithm (Avants et al., 2008). All images were simulta-
neously used for coregistration, producing multimodal study-
specific templates that were later applied in the final normalisation.
A single deformation field was estimated for each participant by
considering all the estimated metrics. Then, this deformation field
was used to register each image to the template space, as described
in Canales-Rodriguez et al. (2013). Consequently, our results are
not affected by metric-specific normalisation bias (i.e., miss-
registration among different metrics) because all maps from each
participant were normalised using the same deformation field. The
analyses included GM and WM tissue for all metrics except FA,
which was restricted to a brain mask with FA > 0.2. Before running
the statistical analyses, all images were spatially filtered with a

Gaussian kernel of 0 = 2 mm.

2.5 | Statistical analyses

Differences in demographic characteristics among the groups were
examined using x? tests (categorical variables) and ANOVAs (continu-
ous variables).

Our primary focus was to examine group differences between
patients with BD and HC for each diffusion metric. To this end, we
created a general linear model (GLM) where a binary indicator of diag-
nosis (i.e., 0 = controls, 1 = patients) was the predictor of interest,
and age and sex were included as covariates.

We further examined patient-specific clinical characteristics,
including pharmacological treatment (i.e., lithium, antidepressants,
antipsychotics, and antiepileptic drugs), diagnosis subtype (i.e., BD-I
and BD-Il), history of psychosis, age of onset, number of episodes,
and duration of illness. For each pharmacological variable, a binary
indicator was created where a given subject was either 1 (i.e., receiving
the medication) or O (i.e., not receiving the medication). Likewise, diag-
nosis subtype and history of psychosis were modelled as dichotomous
variables (i.e., BD-I/BD-Il = 1/0 and yes/no = 1/0, respectively).

On the other hand, the age of onset, duration of illness and the
number of episodes were treated as continuous variables, and their
GLMs were built to identify linear associations (i.e., positive or nega-
tive correlations) with the diffusion metrics. The number of episodes
was recorded as an ordinal variable with three scales (i.e., 1, 2, 3), and
linearity was assumed in the models as if it were a continuous vari-
able. Age and sex were included as covariates in all the analyses
(Favre et al., 2019) to obtain results not confounded by inter-group
differences in these variables and to separate the global effect of age
on the duration of illness, age of onset and the number of episodes.

All statistical analyses were carried out by independently fitting
the described GLMs for each brain voxel of each diffusion metric and
applying non-parametric permutation tests as implemented in the
‘randomise’ FSL tool (Jenkinson et al., 2012; Smith et al., 2004). The
Threshold-Free Cluster Enhancement (TFCE) method (Smith &
Nichols, 2009) was employed using 5000 permutations. Only signifi-
cant results at p =.05, corrected for multiple comparisons, are
reported. Anatomical locations of the significant WM and GM regions
were reported considering the following atlases included in FSL (Mori
et al,, 2008; Oishi et al., 2008): ‘JHU ICBM-DTI-81 White-Matter
Labels’; ‘JHU White-Matter Tractography Atlas’; ‘MNI Structural
Atlas’; ‘Harvard-Oxford Cortical Structural Atlas’; ‘Harvard-Oxford
Subcortical Structural Atlas’; ‘Cerebellar Atlas in MNI152 space after
normalisation with FNIRT’, as well as the Anatomical Automatic
Labelling atlas (Tzourio-Mazoyer et al., 2002) included in the MRIcron
software.

Finally, a post hoc analysis was performed to assess the extent to
which the findings from the previous analyses overlap and to explore
whether the effects of pharmacologic treatment and clinical features
are associated with differences between HC and BD patients. First,
for each diffusion metric, we identified the clusters showing signifi-
cant results in the inter-group comparison (HC vs BD) and the ana-
lyses testing for the effects of medication and clinical variables in the

BD group. Then, we computed the overlap between the significant
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clusters to create regions of interest (ROls). Only relevant ROIs with
more than 50 voxels were considered. These steps were repeated for
each of the medication and clinical variables. Subsequently, we calcu-
lated the mean value per ROI for each healthy control included in the
HC versus BD analysis, and each patient with BD included in the ana-
lyses testing for medication and clinical effects, respectively. Finally,
we tested for statistically significant differences between each pair of
groups at the ROI level: HC versus BD-yes, HC versus BD-no, and
BD-yes versus BD-no, where BD-yes and BD-no indicate the two BD
subgroups taking and not taking medication. For the analyses employ-
ing the variables age of onset and duration of iliness, we report their
linear associations with the diffusion metrics, in line with their previ-
ous statistical designs, respectively.

2.6 | Machine learning algorithms

To assess the efficacy of each diffusion metric for diagnostic predic-
tion in BD, we evaluated the discriminative power of four classifiers:
Ridge and Lasso regression, the Gaussian Process Classifier (GPC), and
the Random Forest classifier, which were selected for their computa-
tional efficiency and excellent performance in a previous study with
similar data (Salvador et al., 2017). All possible combinations of algo-
rithms and diffusion metrics (i.e.,, n = 4 x 4) were considered in pair-
wise classifications of the matched samples of healthy control
participants and patients with BD. Specifically, the libraries kernlab,
glmnet, and randomForest available for the R statistical software
(https://www.r-project.org/) were used for the machine learning ana-
lyses. To have a non-biased performance assessment, we applied the
classifiers by implementing a stratified 10-fold cross-validation proce-
dure, as described by Nunes et al. (2020) and Salvador et al. (2017).
The optimal regularization values for the Ridge and Lasso classifiers
were selected through internal cross-validation within the training
samples. For the GPC and the Random Forest classifiers, default
hyperparameter values were used (apart from the number of trees in
the Random Forest, which was set to 1000 as in two previous studies
[Salvador et al., 2017, 2019]). A simple bootstrap procedure was
applied to the individual test predictions to obtain the 95% confidence
intervals for the accuracies.

Finally, we also built algorithms that combined information from
all four measures (FA, IASF, Dpar, and MD) in a single classifier. Spe-
cifically, we applied the three approaches that had provided the high-
est accuracies in a multimodal study previously carried out in a sample
of patients with schizophrenia (Salvador et al., 2019). On the one
hand, we made simple classification updates by considering the aver-
age of the four prediction probabilities provided by the four measures.
Alternatively, the highest of the four probabilities (in absolute value)
was evaluated for prediction. Finally, a two-step Ridge classifier was
also applied, as described in Salvador et al. (2019), based on selecting
the 20% most relevant voxels from each measure map and then carry-
ing out a second fitting merging the voxels chosen from the four

modalities.

3 | RESULTS

3.1 | Demographic and clinical information
Demographic data for patients (n = 158) and HC (n = 158) are shown
in Table 1. The groups were matched for age, sex, and estimated pre-
morbid 1Q (TAP score).

Table 2 shows the patient-specific clinical characteristics for the
subgroup of patients (n = 138) without missing data for any of the
variables reported. The subsequent statistical analyses, undertaken to
examine associations among the diffusion metrics and the clinical
characteristics, are based on this subsample of patients. There were
no inter-group differences in age and sex between patients taking lith-
ium or antipsychotics and those not taking them, and between
patients with a different diagnosis subtype. Conversely, there were
sex differences (only at the uncorrected level) between patients taking
antidepressants, antiepileptic drugs, and those with a history of psy-
chosis. The age of patients taking antidepressants was significantly
higher, corrected for multiple comparisons, than those not
taking them.

Table S1 reports the linear correlation among the demographic
and clinical characteristics of patients with BD listed in Tables 1 and
2. From the resulting 28 pairwise correlations, four were significant,
including the associations between psychotic symptoms and diagnosis
subtype (positive correlation), lithium and antiepileptic users (negative
correlation), antidepressant users and duration of illness (positive cor-
relation), and duration of illness and age of onset (negative

correlation).

3.2 | Inter-group comparison

Statistical analyses revealed a bilateral and widespread pattern of
lower FA and IASF and higher MD values in patients compared with
HCs. Moreover, a more restricted pattern of higher Dpar was also
found (see Figure 1). Most significant FA differences were located in
the body of the corpus callosum (CC), cerebral peduncle, WM regions
adjacent to temporal and parietal lobes, corticospinal tract, and infe-
rior longitudinal fasciculus. Further information on these results is pro-
vided in Table S2 of the SM. The main peaks of the MD statistical map
were located in the genu and body of the CC, superior and posterior
corona radiata, as well as the insula, Heschl's gyrus, cerebellum, supe-
rior frontal orbital cortex, supramarginal gyrus, and middle temporal
gyrus (see Table S3, Figure 1). The most significant WM reductions in
IASF were observed in the body and splenium of the CC, cingulum
bundle, and medial lemniscus. In GM, the strongest effects were
found in the cerebellum, inferior temporal gyrus, lateral occipital cor-
tex, frontal pars triangularis, and medial frontal gyrus (see Table S4,
Figure 1). Finally, increased Dpar was found in nine clusters located in
the GM, with main peaks in the frontal lobe, cingulum, olfactory, cal-
carine, insula, Heschl's gyrus, rolandic operculum, temporal and occipi-

tal lobes, fusiform, and lingual gyrus (see Table S5).
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Patients (n = 158)

Age (years) 448 £ 9.2 441 +£9.1
Sex (male/female) 62/96 63/95
Premorbid IQ (TAP) 244 + 3.7 247 £3.1
Age of onset (years) 259+ 8.8

Duration of illness (years) 18.8+9.5

Controls (n = 158)

p-value TABLE 1 Demographic
characteristics of bipolar and control

435 participants.

91

49

Note: Values are reported as means and standard deviations. The whole sample was composed of

individuals of Caucasian ancestry.

TABLE 2 Clinical characteristics of patients with bipolar disorder
without missing data (n = 138).

Yes No p-value

Lithium (n) 69 69

Age (years) 44.6 +9.1 453+ 8.6 .61

Sex: n (% female) 40 (58%) 46 (67%) .29
Antidepressants (n) 57 81

Age (years) 481 +7.3 427 +9.1 <.001*

Sex: n (% female) 42 (74%) 44 (54%) .021
Antipsychotics (n) 77 61

Age (years) 447 + 8.8 452 + 89 71

Sex: n (% female) 49 (64%) 37 (61%) 72
Antiepileptics (n) 81 57

Age (years) 453 +8.6 444 +9.2 .58

Sex: n (% female) 56 (69%) 30 (53%) .049
History of psychosis (n) 84 54

Age (years) 442 +93 46.1+8.0 2

Sex: n (% female) 46 (55%) 40 (74%) .022
Diagnosis subtype (n) 107 (BD-I) 31 (BD-II)

Age (years) 444 +9.1 468 +7.7 19

Sex: n (% female) 64 (60%) 22 (71%) 26

Note: Values are given as means and standard deviations. Uncorrected p-
values <.05 are in bold, and Bonferroni corrected p-values <0.05 are
indicated by asterisks.

3.3 | Machine learning: Diagnosis of BD

Levels of accuracy extracted from the validation subsets, provided by
the four algorithms applied to the four individual metrics, are shown
in Figure 2 and Table 3. In all algorithm-metric combinations, similar
levels of accuracy, well above the 0.5 value expected by random
assignment, were achieved. In all cases, estimated accuracies were
above 0.6, and in all four algorithms, FA provided the best classifica-
tions, reaching an absolute maximum of 0.72 (95% Cl: 0.67-0.77) with
the Lasso. This value was significantly higher than the accuracies pro-
vided by the other three metrics with the Lasso (FA vs MD: McNe-
mar's x2 =7.93, df =1, p-value =.005; FA vs IASF: McNemar's
x2 = 4.69, df = 1, p-value = .030; FA vs Dpar: McNemar's x2 =7.38,
df =1, p-value =.007). No statistically significant differences
between metrics were observed for the other three algorithms.

We report two supplementary analyses in the SM to under-
stand how the four diffusion metrics correlate and the degree to
which they are distinct. In Figure S1, we created scatter plots for all
combinations of the four diffusion metrics. The results indicate that
the metrics are not linearly related overall, and they carry common
and complementary information about the brain tissue microstruc-
ture. On the other hand, in Figure S2, we report levels of redun-
dancy in terms of shared predictive information in the machine
learning analysis between pairs of diffusion metrics. Although there
was some redundancy in the information provided by the different
measures, they all contained relevant predictive information. Still,
the three multimodal algorithms that combined information from
the four diffusion measures did not significantly improve the accu-
racy levels given by the unimodal classifiers. Specifically, while both
average and maximal probability classifiers did not reach the 72%
accuracy obtained by the Lasso with the FA, the two-step Ridge
only brought a marginal improvement up to 73% (0.731; 95% boot-
strap confidence interval: 0.684-0.778).

3.4 | Associations with pharmacologic treatment
Within the BD subgroup of 138 subjects (see Section 3.1), we found a
significantly higher FA and IASF and a reduced MD in patients receiv-
ing versus not receiving lithium (Figure 3a). The most significant FA
results were observed in three clusters located in the thalamus, brain-
stem, and superior longitudinal fasciculus. The IASF analysis revealed
increased values in four clusters reaching the calcarine, cingulum
gyrus, and cingulum bundle. A more extended pattern of significant
statistical differences was obtained for the MD metric. Nine clusters
with main peaks at the calcarine, postcentral gyrus, occipital cortex,
insula, frontal pars triangularis, parietal, fusiform, and precuneus were
detected (Table Sé).

In contrast, we found a significantly lower IASF and higher MD in
patients taking antidepressants (Figure 3b). While the IASF results
were located in one cluster in the right hemisphere, reaching the tem-
poral fusiform cortex and the inferior longitudinal fasciculus, a wide-
spread bilateral pattern of MD differences was obtained. Eight
significant clusters involving the following main regions were
detected: the body of CC, cingulum bundle, WM adjacent to precen-
tral gyrus, occipital cortex, lingual, postcentral, gyrus rectus, temporal,

inferior frontal orbital, and supramarginal cortices (Table S7).
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FIGURE 1

Inter-group comparison between patients with bipolar disorder (BD) and healthy controls (HC), corrected for multiple comparisons

at p = .05. (a) fractional anisotropy (FA) findings. Regions showing significant reduction in the BD group are shown in red. (b) mean diffusivity
(MD) findings. Areas showing a significantly higher MD in BD patients are displayed in blue. (c) intra-axonal signal fraction (IASF). Regions showing
significant reduction in the BD group are depicted in red. (d) microscopic diffusivity parallel to axons within the intra- and extra-cellular spaces
(Dpar) findings. Regions with increased Dpar in patients with BD are shown in blue. The right side of the images represents the right side of the
brain. The anatomical images in the background are the multimodal study-specific templates built for each metric, respectively.

We also found significantly reduced FA and increased Dpar in
patients taking antipsychotics (Figure 3c). The FA was significantly
lower in one cluster in the left parahippocampal gyrus. The Dpar was
significantly higher in five clusters, with main peaks in the calcarine,
lingual, left insula, and the triangular part of the inferior frontal gyrus
(Table S8).

Significantly higher Dpar and MD and a lower FA and IASF were
observed in patients taking antiepileptics (Figure 3d). Dpar was
reduced in three main clusters. The first one reached the calcarine,
cerebellum, lingual, and precuneus in the right hemisphere. The sec-
ond cluster was located in the left insula and amygdala, and the third
cluster was located in the right middle frontal gyrus. Another three
main clusters of widespread differences in MD were detected. In the

left brain hemisphere, the first cluster reached the fusiform,

cerebellum, vermis, and cingulum, while the cuneus, lingual, precentral
gyrus, and calcarine were significantly different in the right hemi-
sphere. The second and third clusters appeared in the left hemisphere,
with main peaks in the angular and parietal cortices and the insula and
fusiform gyrus, respectively (Table S9). On the other hand, the FA
analysis revealed a significant reduction in three main WM regions.
The first one involved the superior cerebellar peduncle and the body
of the CC bilaterally. The other two regions were located in the left
superior longitudinal fasciculus and the frontal lobe. Finally, IASF was
lower in one area involving the calcarine and cuneus, bilaterally, the
right lingual and superior occipital, and the left cingulum. Additional
differences were observed in one cluster in the right hemisphere, with
main peaks in the supplementary motor area, cingulum, precentral and

superior frontal gyri, and WM adjacent to the frontal lobe. The third
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TABLE 3 Mean classification accuracy levels for the four
algorithms and the four diffusion metrics. 3.5 | Associations with clinical features
FA MD IASF Dpar
. Results from clinical features revealed a higher FA in patients without
Ridge 0.71 0.68 0.68 0.67 i i )
psychotic symptoms located in the forceps minor of the CC. In
Lasso 0.72 0.63 0.65 0.63 . . . .
patients with psychotic symptoms, higher IASF and Dpar were
GPC 069 0.66 0.66 0.65 observed in the cerebellum, reaching the cerebellar peduncle and
Random Forests 0.68 0.64 0.67 0.64

region was located in the left hemisphere, including the supplementary
motor area, the superior medial frontal cortex, and adjacent WM
(Table S9).

Figure 4 presents the results of post-hoc analyses conducted to
investigate whether the pharmacologic treatments are associated with
the differences between HC and BD patients reported in Figure 1.
Patients receiving lithium treatment demonstrated diffusion metrics (FA:
969 voxels; MD: 26003 voxels; and IASF: 2535 voxels) that were closer
to those of HC, in comparison to patients not receiving lithium. On the
other hand, patients treated with antiepileptics (Dpar: 8746 voxels; FA:
12656 voxels; MD: 72103 voxels; and IASF: 9179 voxels) exhibited more
affected diffusion metrics than those not receiving such treatment. Simi-
larly, the subgroup of patients taking antidepressants had higher MD
values (35,838 voxels), while patients taking antipsychotics had a slightly
higher Dpar value (881 voxels) than those not taking these medications.
The differences between patients receiving and not receiving the medi-

cations were statistically significant for all diffusion metrics.

medial lemniscus (Figure 5a, Table S10).

The correlation analyses between diffusion metrics and age of onset
and duration of illness led to statistical maps involving the same brain
regions. A positive correlation between FA and IASF with the age of
onset and a negative correlation with the duration of iliness was found
(Figure 5b,c). While IASF findings were located in two clusters in the
supramarginal and superior temporal cortex (Tables S11 and S12), results
from FA were detected in four and five similar clusters in both analyses,
respectively. The anatomical regions showing more significant associa-
tions were the genu of CC bilaterally, the right anterior corona radiata
and external capsule, and the left fornix, cingulum, body of CC, and WM
adjacent to the temporal lobe (Tables 511 and S12).

As the age of onset and duration of illness are significantly corre-
lated (Corr = —0.432, p < 1.2e—7, see Table S1), we repeated the ana-
lyses, including both variables in the same general linear model, and
age and gender as covariates. These analyses, aimed at identifying
which variable was driving the observed associations, did not yield
statistically significant results.

The number of episodes was positively correlated with Dpar in

two clusters in the WM on the left hemisphere (Figure 5c), mainly
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FIGURE 3 Associations of pharmacologic treatments with diffusion MRI microstructure in patients with bipolar disorder. (a) lithium.

(b) antidepressants. (c) antipsychotics, and (d) antiepileptics. The different diffusion MRI metrics are colour coded. Fractional anisotropy (FA)
findings are displayed in red; results from the mean diffusivity (MD) in green; the intra-axonal signal fraction (IASF) is displayed in blue, and
findings from microscopic diffusivity parallel to the axons within the intra- and extra-cellular spaces (Dpar) are shown in magenta. The anatomical
image in the background is the study-specific FA template. The right side of the images represents the right side of the brain. For each panel, the
terms ‘yes’ and ‘no’ indicate whether patients received pharmacologic treatment.

involving the corticospinal tract, internal capsule, cingulum bundle,
optic radiation, and the posterior segment of the arcuate fasciculus
(Table S13).

We did not find significant differences between BD subtypes
(i.e., BD-I vs. BD-Il diagnosis) with any of the four diffusion metrics
analysed.

In Figure 6, post hoc analyses were conducted to explore the
associations between clinical variables and the observed differences
between healthy controls (HC) and bipolar disorder (BD) patients in
Figure 1. Among patients without psychotic symptoms, the IASF
values (640 voxels) were comparable to those of HC, while patients
with psychotic symptoms had statistically significant reductions in
IASF values. Additionally, patients with an early age of onset exhibited
lower FA (10,660 voxels) and IASF (413 voxels) compared with those

with a late onset, whose diffusion metrics were more similar to

HC. Furthermore, patients with longer illness duration demonstrated
reduced FA (7603 voxels) and IASF (283 voxels) compared with those
with a shorter duration.

4 | DISCUSSION

We conducted a whole-brain voxelwise diffusion MRI study using DTI
and SMT (i.e., a multicompartment microscopic biophysical model) to
reveal the anatomical regions affected in BD compared with healthy
controls. Using a machine learning analysis, we also evaluated the
individual classification accuracies of the four employed diffusion met-
rics (i.e., FA and MD estimated from DTI, and IASF and Dpar estimated
from SMT) for the automatic diagnosis of BD. Finally, we also tested

the effects of subtype diagnosis, duration of illness, age of onset,
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FIGURE 4 Post-hoc analysis of overlapping regions of interest (ROI) with statistically significant results in both the healthy controls
(HC) versus bipolar disorder (BD) comparisons (Figure 1) and the analyses testing for medication effects (Figure 3). For each diffusion metric and
medication, we tested for statistical differences between each pair of groups at the ROI level: HC versus BD-yes, HC versus BD-no, and BD-yes
versus BD-no, where BD-yes and BD-no are the two BD subgroups on and off medication. The number of voxels in the resulting ROl per panel
and the uncorrected p-values from the three t-tests performed in each case are reported. Only results corrected for multiple comparisons using
Bonferroni (i.e., p < .05/3 = .0167) are shown. The significance levels are presented as follows *.0167 > p > = .005; **.005 > p = .0005;

***,0005 > p 2 .00005; ****p < .00005.

history of psychosis, and pharmacological treatment with lithium, anti-
depressant, antipsychotic, and antiepileptic drugs on diffusion MRI
microstructure.

We found widespread reduced FA and IASF and increased MD
in patients with BD. Conversely, the statistically significant regions
identified by Dpar were more anatomically restricted (see Figure 1).
On the one hand, the most significant WM statistical differences
were located in the genu, body, and splenium of the CC, cerebral
peduncle, cingulum bundle, WM regions adjacent to temporal and
parietal lobes, corticospinal tract, inferior longitudinal fasciculus,
and medial lemniscus. On the other hand, the strongest effects in
GM were located in the Heschl's gyrus, cerebellum, superior frontal
orbital, frontal pars triangularis, medial frontal gyrus, supramarginal
gyrus, middle and inferior temporal gyrus, lateral occipital cortex,
rolandic operculum fusiform, and lingual (see

calcarine, insula,

Tables S2-S5).

Notably, our FA results agree with those recently reported by the
large-scale ENIGMA-DTI-BD study (Favre et al., 2019), where a wide-
spread reduction in the WM of patients with BD was found, as well as
with other studies that found both limbic and non-limbic tract disrup-
2013; Emsell et al., 2013; Phillips &
Swartz, 2014). Besides, our GM results align well with mega- and

tions (Canales-Rodriguez et al.,

meta-analyses from the ENIGMA consortium reporting an extensive
bilateral reduction of the cortical mantle in BD, especially in frontal,
2018), which has been
found in other small-scale studies as well, for example, see Madre
et al. (2020).

The widespread alterations involving both WM and GM regions

temporal, and parietal regions (Hibar et al.,

found here and in previous ENIGMA studies challenge the existing
models of BD (Ching et al., 2020). While the alterations of WM fasci-
cles and GM structures belonging to the limbic system and fronto-

limbic connections agree with the standard models of BD, as pointed
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Associations between clinical features and diffusion MRI microstructure in patients with bipolar disorder. (a) Psychotic symptoms.

The terms ‘yes’ and ‘no’ indicate patients with and without psychotic symptoms, respectively. (b) Age of onset. (c) Duration of illness, and

(d) number of episodes. The different diffusion MRI metrics are colour coded. Fractional anisotropy (FA) findings are displayed in red, results from
the intra-axonal signal fraction (IASF) are displayed in blue, and results from the microscopic diffusivity parallel to the axons within the intra- and
extra-cellular spaces (Dpar) are shown in magenta. The anatomical image in the background is the study-specific FA template. The right side of the

images represents the right side of the brain.

out by (Ching et al., 2020), the role of the CC in BD must be eluci-
dated yet. The current BD models should be extended to include the
inter-hemispheric connections as features of interest. However, this
may be intricate as inter-hemispheric abnormalities are not specific to
BD, and similar widespread microstructure abnormalities have been
previously reported by ENIGMA groups in patients with schizophrenia
(Kelly et al., 2018) and major depressive disorder (MDD; van Velzen
et al., 2020).

Apart from the FA, which is the most frequently used WM diffu-
sion metric and which was the one analysed in the large-scale
ENIGMA-DTI-BD study, in our work, we also considered the MD,
which is sensitive to changes in both WM and GM tissue. Also, impor-
tantly, and in contrast to DTl measures, the two SMT metrics used
here are not sensitive to fibre crossings and fibre dispersion, which

are present in a large proportion of brain voxels (Jeurissen

et al., 2013). In addition, SMT metrics can also discriminate between
diffusion MRI signals arising from the intra- and extra-axonal
compartments.

Although the number of subjects in our study is smaller than in
previous multicenter ENIGMA studies, it is large enough
(i.e., n=316) to detect widespread microstructure differences.
Also, in contrast to these ENIGMA studies, our sample was well-
matched for age, sex, and estimated premorbid IQ, minimising
potential confounding effects from these variables and avoiding
the multicenter heterogeneity caused by using data from different
scanning devices and MRI sequences (Radua et al., 2020). Another
advantage of our study is the whole-brain voxelwise approach
which, compared with the ROI-based methods used by ENIGMA,
can reveal focal microstructure abnormalities undetected at the
ROI level (Abé et al., 2022).
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FIGURE 6 Post-hoc analysis of overlapping regions of interest (ROI) with statistically significant results both in the healthy controls

(HC) versus bipolar disorder (BD) comparisons (Figure 1) and in the analyses testing the effects of clinical variables (Figure 5). The top panel
shows results corresponding to the intra-axonal signal fraction (IASF) and psychotic symptoms. Statistical differences at the ROI level were tested
between the following pairs of groups: HC versus BD with psychotic symptoms (BD-yes), HC versus BD without psychotic symptoms (BD-no),
and BD-yes versus BD-no. Only results corrected for multiple comparisons using Bonferroni (i.e., p < .05/3 = .0167) are shown. The significance
levels for the uncorrected p-values from the three t-tests are given as follows: *.0167 > p 2 .005; **.005 > p = .0005; ***.0005 > p > .00005;
****p < .00005. The middle and bottom panels show the fractional anisotropy (FA) and IASF results, respectively. The scatter plots show the
values of FA and IASF as a function of the age of onset and duration of illness in the BD patients, as well as the regression lines fitting the data
and their 95% confidence intervals. The FA and IASF values of the HC subjects are represented by three horizontal blue lines: the middle line
indicates the mean value, and the upper and lower lines are the values above and below one standard deviation from the mean, respectively. The
number of voxels in the resulting ROl is reported for each panel.
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4.1 | How can we explain the observed changes in
terms of biological parameters?

The widespread overlapping between FA and IASF abnormalities sup-
ports the hypothesis that a lower intra-axonal signal fraction is under-
lying the smaller WM FA values observed in patients. Lower intra-
axonal volumes (and smaller IASF values) can either be due to a
reduced number of axons or reduced axonal diameters. In both sce-
narios, lower IASF will be linked to a higher extra-axonal signal fraction
owing to a relative increase in the number of water molecules in the
extra-axonal space. In turn, these microstructure changes may be
explained by progressive brain damage (Shioya et al., 2015), genetic
factors (Patel et al., 2021), or neuroinflammation processes (Tuozzo
et al., 2018).

Although a reduced intra-axonal volume may be the most plausi-
ble hypothesis for the observed results, an excessive accumulation of
macromolecules in the intra-axonal water may reduce the intra-axonal
T2 relaxation time and, consequently, the IASF. As diffusion MRI
models do not commonly model the T2 relaxation process (e.g., see
Veraart et al., 2018), changes in T2 cannot be disentangled from intra-
axonal volume changes. Indeed, differential expression of cytoskeletal
components of the axon-myelin unit has been reported in postmor-
tem samples of patients with BD, which could modify the T2 time; for
a detailed review, see Valdés-Tovar et al. (2022) and references
therein. Furthermore, there is evidence supporting the neurotoxic
effects of mood episodes in BD, which are associated with altered
blood levels of biomarkers related to inflammation, oxidative stress,
and neurotrophins, inducing a decrease in neurite density and cell via-
bility (Wollenhaupt-Aguiar et al., 2016).

Even though we cannot currently provide a final answer about
whether the observed changes are dominated by a reduction in the
intra-axonal volume or an increase of macromolecules in the intra-
axonal water, our results can be used as a guide for future studies
aimed at resolving this essential question. Thus, while the intra-axonal
T2 can be estimated using diffusion-relaxation MRI techniques
(Barakovic, Tax, et al., 2021; McKinnon & Jensen, 2019), the inner
axon diameter may be calculated by employing advanced diffusion
MRI microstructure models and strong diffusion gradients (Assaf
et al., 2008; Barakovic, Girard, et al., 2021; Daducci et al., 2015; Dyrby
et al., 2013; Veraart et al., 2020).

42 |
in BD?

Is FA the most sensitive diffusion metric

A key goal of neuroimaging research in BD is identifying quantitative
biomarkers that increase diagnostic precision and pave the way for
personalised treatments (Phillips & Swartz, 2014). If, hypothetically, a
main biological factor dominated the microstructural abnormalities in
BD, a diffusion MRI model quantifying such factor while removing
other confounding effects would provide very specific information
about these microstructural abnormalities. In this study, we compared

four metrics in terms of their performance to classify patients and

controls (see Figure 2 and Table 3). Surprisingly, FA, a diffusion MRI
metric modulated by many different microstructure features (including
the axon packing density, fibre orientation dispersion, fibre crossings,
and myelin volume), provided better classification scores than more
specific microstructure metrics. This result suggests that, although
these specific microstructure metrics may provide a more definite
description of brain features, these features may not be as related to
bipolarity as FA. Still, differences in classification accuracy between
FA and the other metrics were moderate.

Interestingly, classification accuracies reported here are higher
than individual site accuracies from previous ENIGMA BD studies
based on T1w data and cortical thickness (Nunes et al., 2020). In part,
this could be explained by a lower spatial resolution provided ROI
averages compared with our voxel-based approach. However, after
pooling data from 3020 individuals from 13 sites (i.e., mean sensitivity
of 66%; Nunes et al., 2020), accuracies were closer to ours. Similar
accuracies with cortical thickness were also observed in a previous
study using data at the vertex level (Salvador et al., 2017). In such a
study, the highest accuracy (63%) was obtained for the GM volume
estimated from voxel-based morphometry. Still, this performed worse
than our FA findings (68%-72%, Table 3). Indeed, FA, IASF (65%-68%)
and MD (63%-68%) may be combined with metrics derived from T1w
data to build multimodality classifiers for the improved automatic clas-
sification of BD patients (e.g., see Salvador et al., 2019). Another
potentially helpful metric to enhance the accuracy is the myelin water
fraction, which can be estimated from multicomponent T2 relaxome-
try techniques and multi-echo T2 data (Piredda et al., 2021, Yu et al.,
2021, Canales-Rodriguez et al., 2021a, 2021b, 2021c) . Nevertheless,
in our study, we did not observe a significant improvement in the per-
formance when the four diffusion metrics were employed together in
the classification.

It is important to recognise that machine learning (ML)-based
classification methods in psychiatry have a larger goal than distin-
guishing between patients with bipolar disorder (BD) and healthy con-
trols. In clinical practice, a more useful outcome would be to
distinguish between patients with different psychiatric disorders and
their subtypes. Achieving a high classification accuracy between
healthy controls and patients with BD is not sufficient for this primary

objective, but it is certainly necessary.

4.3 | Association between pharmacologic
treatment and brain tissue microstructure

In the patient group, lithium intake was associated with higher FA and
IASF, and reduced MD. FA and IASF results were anatomically
restricted (in the thalamus, brainstem, superior longitudinal, calcarine,
cingulum gyrus and cingulum bundle), while MD showed a more dif-
fuse pattern reaching several GM regions (Figure 3a and Table S6).
Notably, in a previous ENIGMA study of subcortical volumes in BD,
lithium treatment was associated with larger thalamic volumes com-
pared with non-treated patients (Hibar et al., 2016). Our FA findings
are also concordant with results from the large-scale ENIGMA-
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DTI-BD study (Favre et al., 2019). Previous studies have suggested
that lithium confers neuroprotective effects on the WM (Abramovic
et al,, 2018) and GM (Hafeman et al., 2012; Hajek et al., 2012; Hibar
et al., 2018; Lyoo et al., 2010; Lyskowski et al., 1982) and attenuates
the microstructure differences associated with BD, along with its
known neurogenetic effects (Kato, 2022; Rybakowski, 2022).

We found that antidepressant treatment was associated with an
alteration in the tissue microstructure of patients, manifested by a
lower IASF and a higher MD (Figure 3b, Table S7). A late-life depression
study in the elderly examined the association of worsening WM grade
from initial to follow-up MRI scans and antidepressant use between the
scans. In that study, all antidepressants were associated with worsening
WM during the studied period (Steffens et al., 2008). Our results may
be related to a recent ENIGMA study in MDD patients, where no FA
differences were observed between antidepressant users and non-
users (van Velzen et al., 2020). However, that study also found a lower
FA in antidepressant non-users versus HCs, while no such differences
were detected between antidepressant users versus HCs. The latter
result may suggest that WM deficits may be lessened by antidepressant
treatment (van Velzen et al., 2020), which is not concordant with our
findings. Nevertheless, there are methodological differences that could
explain the observed discrepancies. First, results from MDD and BD
patients may be different. Second, the reported antidepressant effect
was only observed via an indirect comparison with HCs, as the direct
comparison between users and non-users did not reveal statistical dif-
ferences. Third, we found significant results in the IASF and MD metrics,
which were not used in that previous study. Four, as in our study, anti-
depressant use was examined at the time of scanning, as data on past
antidepressant use was unavailable (van Velzen et al., 2020). Finally,
the age of patients taking antidepressants was significantly higher in
our study than those not having them (Table 2), and there was a signifi-
cant correlation between antidepressant use and duration of illness
(Table S1). Even though age was included as a covariate in our model
(to attenuate the effect of these associations), results could still be con-
founded by other variables like disease severity (van Velzen
et al,, 2020).

Patients receiving antipsychotics showed a reduced FA and
increased Dpar when compared with patients not receiving antipsy-
chotics (Figure 3c). While FA was significantly lower in the left para-
hippocampal gyrus, Dpar was higher in the calcarine, lingual, left
insula, and inferior frontal gyrus (Table S8). Our results may indicate
that antipsychotic treatment affects the tissue microstructure, in
agreement with a previous study that found an association between
antipsychotic treatment and reduced GM volumes (Haukvik
et al., 2020). This result is consistent with the large-scale ENIGMA-
DTI-BD study (Favre et al., 2019), which found lower FA in patients
on antipsychotic treatment. However, the differences were observed
at a different location (i.e., within the genu of the CC). Similarly, a
surface-based morphometry ENIGMA study found reduced cortical
surface area associated with BD patients taking antipsychotic treat-
ment (Hibar et al., 2018).

When comparing antiepileptic users and non-users, we found sig-

nificant differences in the four diffusion metrics involving both WM

and GM regions (Figure 3d, Table S9), suggesting a widespread atro-
phic effect of antiepileptic treatment on tissue microstructure. Previ-
ous evidence indicates that antiepileptic treatment reduces the
cortical thickness (Hibar et al, 2018) and hippocampal volumes
(Haukvik et al., 2020). In WM, the large-scale ENIGMA-DTI-BD study
(Favre et al., 2019) found a reduced FA in several tracts and average
global FA in patients taking anticonvulsants.

The post-hoc analyses presented in Figure 4 indicated associa-
tions between pharmacologic treatments and the differences
observed between HC and BD patients reported in Figure 1. Specifi-
cally, treatment with Lithium was associated with a normalisation of
the differences, while treatment with other medications
(e.g., antiepileptics, antidepressants, and antipsychotics) was associ-
ated with an accentuation of the differences. Notably, the differences
between patients taking and not taking these medications were statis-

tically significant for all diffusion metrics.

44 | Association between clinical features and
brain tissue microstructure

In patients with psychotic symptoms (compared with those not having
them), a lower FA was observed in a small cluster in the genu of the
CC. (Figure 5a, Table S10). In disagreement with our results, the large-
scale ENIGMA-DTI-BD study (Favre et al., 2019) did not report any
significant relationship between FA and history of psychotic symp-
toms. Nevertheless, our results agree with a multicenter tractography
study that found that patients with such a clinical profile had a lower
generalised FA in the CC (Sarrazin et al., 2014). On the other hand, we
found a higher IASF and Dpar in patients with versus without psy-
chotic symptoms in the cerebellum, cerebellar peduncle and medial
lemniscus. However, these findings cannot be compared with previ-
ous studies as this is the first work studying these associations in
BD. Our results suggest that a history of psychotic symptoms may be
related to an increase in the intra-axonal volume in WM and GM
regions in the cerebellum. Yet, we are not able to suggest a plausible
biological mechanism to explain this finding, and we cannot discard
that some of our significant results are false positives, especially with
smaller clusters. This finding should be replicated in future studies.
The analyses quantifying the effect of age of onset and duration
of illness produced similar results but with opposite signs. While a
positive correlation between FA (located in the genu and body of the
CC, the right anterior corona radiata and external capsule, and the left
fornix, cingulum, and WM adjacent to the temporal lobe) and IASF
(in the supramarginal and superior temporal cortex) was detected with
the age of onset, a negative correlation was observed for the duration
of illness (see Figure 5b,c, Tables S11 and S12). This result could be
explained by the high negative correlation between the age of onset
and duration of illness. To identify which variable was more strongly
associated with the diffusion metrics, we repeated the analyses by
including both variables in the same general linear model, also covary-
ing for age and sex. However, no significant statistical differences
were found. This may be attributable to the high (negative) correlation
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levels between the two variables, which may have brought collinearity
issues and higher noise (i.e., larger standard errors) in the estimated
model coefficients. Hence, with the current data, we cannot deter-
mine if both variables exert a similar effect on the diffusion metrics or
if one dominates the association. Our results agree with the large-
scale ENIGMA-DTI-BD study (Favre et al., 2019), which found a
higher FA associated with shorter illness duration and later disorder
onset.

When assessing the effect of the number of episodes on the dif-
fusion metrics, we only found a significant positive association with
Dpar in a WM cluster in the left brain hemisphere. (Figure 5c,
Table S13). As in the large-scale ENIGMA-DTI-BD study (Favre
et al., 2019), no significant FA alterations were associated with the
number of mood episodes. Finally, we observed no significant differ-
ence between patients with BD type-l and BD type-Il diagnoses, in
agreement with other ENIGMA BD studies (e.g., Favre et al., 2019;
Hibar et al., 2016, 2018).

The post hoc analyses depicted in Figure 6 showed associations
between psychotic symptoms, duration of illness, and early age of
onset, and the differences observed between HC and BD patients in
Figure 1. Specifically, these clinical variables were associated with an
accentuation of the differences. It is important to note that these find-

ings indicate associations rather than establishing causal relationships.

4.5 | Conclusions and limitations

Our findings confirm the widespread WM FA alterations in BD
recently reported by the largest multicenter DTI study in BD carried
out so far (Favre et al., 2019) and provide novel evidence about wide-
spread abnormalities in other diffusion metrics not evaluated in that
study. The large anatomical overlap between FA and IASF abnormali-
ties suggests that the lower FA observed in patients could be caused
by a reduced intra-axonal volume fraction or a higher macromolecular
content in the intra-axonal water. Future studies shall be conducted
to investigate these two hypotheses. Moreover, we found a wide-
spread alteration in MD involving WM and GM tissue, agreeing with
previous structural multicenter ENIGMA studies that found wide-
spread abnormalities in the cortical mantle in BD. In addition, our
Machine Learning analysis revealed that FA is the most helpful metric
for the automatic diagnosis of BD patients, reaching an accuracy of
72%, higher than those reported in previous multicenter studies using
structural MRI data (i.e., 66%). The IASF and MD metrics provided a
similar but slightly reduced performance. In the patients' group, we
found that a longer duration of illness, earlier age of onset, having psy-
chotic symptoms, and suffering a higher number of mood episodes
(after accounting for age and sex) was associated with increased
abnormalities. No significant differences between patients diagnosed
in the BD-1 and BD-Il subtypes were observed. We found that lithium,
antidepressants, antipsychotics, and antiepileptics are significantly
associated with the diffusion metrics. While lithium appeared to be
the only medication associated with attenuating microstructure differ-

ences related to BD, users of antiepileptics showed more pronounced

microstructure alterations. It is important to note that these findings
indicate associations rather than establishing causal relationships.

To some extent, the presence of significant correlations between
the studied variables may prevent a direct and easy interpretation of
results. Indeed, indirect effects may be produced by the significant lin-
ear associations between lithium and antiepileptic users (negative cor-
relation), duration of illness and age of onset (negative correlation),
antidepressant users and duration of illness or age (positive correla-
tion), and psychotic symptoms and diagnosis subtype (positive corre-
lation). Other non-studied (latent) variables also could confound our
results. It remains to be investigated how the number and duration of
episodes and the cumulative doses of each medication are related to
longitudinal brain tissue microstructure changes in BD. Obtaining reli-
able information is not always possible since not all episodes require
hospitalisations and part of the available information is based on self-
reports. Pharmacologic treatment was examined at the time of scan-
ning because data on past use was not available. Surely, these ques-
tions may be better answered by using longitudinal designs (e.g., Abé
et al., 2022) and clinical trials (e.g., Hoertel et al., 2013). In the statisti-
cal analysis, the number of episodes was treated as a continuous vari-
able to identify linear positive or negative associations with the
diffusion metrics. However, as defined in this study, the number of
episodes is an ordinal variable with three ordered categories that are
not necessarily equidistant. Therefore, our results may be caused by
non-modelled non-linear effects. Furthermore, it is important to
acknowledge that our study focused exclusively on patients with
bipolar disorder. Therefore, the generalisability of our findings to
other populations or psychiatric disorders remains uncertain. Finally, it
should be noted that our study population consisted exclusively of
individuals of Caucasian descent. Consequently, the applicability of
our findings to patients of other ethnicities is uncertain, and caution
should be exercised when attempting to generalise our findings to

populations of diverse ethnic backgrounds.
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