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Abstract

One of the greatest challenges in providing early effective treatment in mood disorders is the early differential
diagnosis between major depression (MDD) and bipolar disorder (BD). A remarkable need exists to identify
reliable biomarkers for these disorders. We integrate structural neuroimaging techniques (i.e. Tract-based
Spatial Statistics, TBSS, and VVoxel-based morphometry) in a multiple kernel learning procedure in order to
define a predictive function of BD against MDD diagnosis in a sample of 148 patients. We achieved a balanced
accuracy of 73.65% with a sensitivity for BD of 74.32% and specificity for MDD of 72.97%. Mass-univariates
analyses showed reduced grey matter volume in right hippocampus, amygdala, parahippocampal, fusiform
gyrus, insula, rolandic and frontal operculum and cerebellum, in BD compared to MDD. Volumes in these
regions and in anterior cingulate cortex were also reduced in BD compared to healthy controls (n=74). TBSS
analyses revealed widespread significant effects of diagnosis on fractional anisotropy, axial, radial, and mean
diffusivity in several white matter tracts, suggesting disruption of white matter microstructure in depressed
patients compared to healthy controls, with worse pattern for MDD. To best of our knowledge, this is the first
study combining grey matter and diffusion tensor imaging in predicting BD and MDD diagnosis. Our results
prompt brain quantitative biomarkers and multiple kernel learning as promising tool for personalized treatment

in mood disorders.
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1 Introduction

The burden of mood disorders (major depression, MDD; bipolar disorder, BD) is growing despite the
availability of new interventions and reducing it requires major shifts in research, clinical practice, and public
health by incorporating multidisciplinary intervention models (Wittchen, 2012). One of the greatest challenges
in providing effective interventions for these disorders is the differential diagnosis between MDD and BD,
which often interferes with the selection of the optimal treatment: due to overlapping psychopathology, ~ 60%
of depressed BD patients are initially misdiagnosed as MDD and wait on average 5-10 years for a proper
diagnosis. Depression is the predominant abnormal mood state in BD (Kupka et al., 2007), and although
distinct clinical features are associated with BD, including more frequent depressive episodes, psychotic
symptoms, a family history of BD and poor response to pharmacological treatments, the MDD/BD
discrimination capability is largely affected by i) the comparable symptom profiles of depressive episodes and
ii) the lower prevalence of hypo/manic episodes during BD illness (Hirschfeld et al., 2003; Judd et al., 2003).
Misdiagnosing of BD as MDD has severe consequences in terms of inadequate pharmacological therapy, leads
to poor prognosis, increased switches to mania and greater health care costs (Goodwin, 2012; Hirschfeld et al.,
2003; Judd et al., 2003). A remarkable need exists to identify reliable biomarkers that can help a more rapid
diagnosis of BD and successful treatment selection.

Over the last decades, advanced neuroimaging techniques have been increasingly employed in studying the
neural underpinning of mood disorders. Average-group differences in structural Magnetic Resonance
highlighted more widespread white matter (WM) abnormalities in BD than MD affecting corpus callosum and
in cingulum (Benedetti et al., 2011a; Cardoso de Almeida and Phillips, 2013; Matsuoka et al., 2017; Repple et
al., 2017) paralleled by spatially disease-specific patterns of grey matter (GM) volume especially involving
corticolimbic circuitry such as anterior cingulate cortex, prefrontal cortex and hippocampus (Matsuo et al.,
2019; Niida et al., 2019).

In recent years, we observed a growing interest in machine learning procedures in order to provide automatic
and objective predictive models. This is particularly remarkable when the clinical diagnosis of the considered
illness remains uncertain (Schrouff et al., 2013). A very sensitive procedure in neuroimaging is provided by

multivariate pattern recognition analyses and methods based on kernel. Kernel functions allow summarizing



original data (i.e.voxels) in pairwise similarity measures among subjects, with advantages in terms of
computational efficiency. Furthermore, together with regularization constraints, kernel functions allow to face
two relevant issues in neuroimaging: the ill-conditioned problem (dimensionality of data is very high compared
to the number of observations) and overfitting (Schrouff et al., 2013; Shawe-Taylor and Cristianini, 2004).
Previous studies implementing machine learning procedures on structural imaging classified BD against MDD
subjects on GM measures with an accuracy of 73.1% (Rubin-Falcone et al., 2018), 92.1% (combined with
resting state data) (Jie et al., 2015) , 62.5% (Fung et al., 2015), 75.9% (Redlich et al., 2014), 75.0% (in youth)
(MacMaster et al., 2014), 62.86% (Sacchet et al., 2015) and 70% (combined with rest) (Rive et al., 2016),
and on WM microstructure with an accuracy of 62.7% (Deng et al., 2018). Despite promising, these studies
have not ever combined different GM and WM brain imaging modalities, and their results are potentially
biased by small sample size (n per group <50 in 7 out of 8).

The aim of this study is to integrate cutting-edge structural neuroimaging voxel-wise techniques (i.e. Tract-
based Spatial Statistics, TBSS (Smith et al., 2006) and Voxel-based morphometry, VBM (Ashburner and
Friston, 2000)) in a kernel based machine learning procedure in order to define a predictive function of BD
diagnosis against MDD in a sample of 148 patients. To combine heterogenous data (TBSS and VBM) and to
enhance the interpretability of the decision function and improve performances (Lanckriet et al., 2004), we
implemented Multiple Kernel Learning (MKL) algorithm where optimal combination of each kernel is
learned, considering the interdependent information of the features. MKL have been previously implemented
in psychiatry in order to classify patients with first-episode psychosis or schizophrenia vs healthy controls
(HC) by neuroimaging data (Castro et al., 2011; Squarcina et al., 2017).

Conventional mass-univariate analyses are also performed including a sample of HC in order to explore
specific anatomical differences among groups.

Implementing quantitative biological biomarkers in machine learning routine will help to translate the cutting-
edge scientific knowledge into tools for personalized treatment, strengthening the impact of biomarkers

research into clinical practice.

2 Experimental procedure

2.1 Participants and Data collection



We studied 222 participants (74 HC, 74 patients with a current diagnosis of MDD and 74 with BD-1, SCID-I,
DSM-IV TR). MDD and BD patients were comparable for age, and sex and had a major depressive
episode without psychotic features. Current severity of depression was rated on the Hamilton Depression
Rating Scale (HDRS) (Hamilton, 1960). All subjects were recruited in parallel and scanned between 2.30 pm
and 6 pm. Exclusion criteria for all subjects were: major medical and neurological disorders, history of drug
or alcohol abuse or dependency; recruited MDD had no family history of BD in first-degree relatives in order
to reduce possible confounding effect related to shared endophenotypes; HC had no previous history of
psychiatric disorders or first-degree familiarity; patients had no comorbidity on axis I. The study was
performed in the framework of two national grants (Italian Ministry of Health) focused on improving treatment
and prognosis of mood disorders unveiling their neural and biological underpinnings. After a complete
description of the study, written informed consent was obtained. All procedures contributing to this work
comply with the ethical standards of the relevant national and institutional committees on human
experimentation and with the Helsinki Declaration of 1975, as revised in 2008.

T1-weighted and Diffusion Tensor Imaging (DTI) were acquired on a 3.0 Tesla scanner (Gyroscan Intera,
Philips, Netherlands) employing a 8 channels SENSE head coil using a T-1-weighted MPRAGE sequences
(TR 25.00 ms, TE 4.6 ms, field of view FOV=230 mm, matrix=256x%256, in-plane resolution 0.9x0.9 mm,
yielding 220 transversal slices with a thickness of 0.8 mm), and using SE EPI (TR/TE=9000/58 ms, FoV (mm)
232(ap), 126 (fh), 240.00 (rl); acquisition matrix = 112x85; voxel acquisition 2.14x2.73x2.3; 55 contiguous,
with in-plane voxel size 1.88x1.88 mm; SENSE acceleration factor=2; 1 b0 and 35 non-collinear directions of
the diffusion gradients; b value=900 s/mmz2). Fat saturation was performed to avoid chemical shift artifacts.
On the same occasion and using the same magnet 22 Turbo Spin Echo (TSE), T2 axial slices (TR =3000 ms;
TE =85 ms; flip angle =90°; turbo factor 15; 5-mm- thick, axial slices with a 512x512 matrix and a

230%x230 mm2 field of view) were acquired to rule out brain lesions.

2.2 Neuroimaging analyses

T1-weighted images were processed for VBM by using Computational Anatomy Toolbox (CAT12) (Gaser
and Dahnke) for SPM12 (www.fil.ac.uk/spm/) in Matlab R2016b. This included segmentation into GM, WM
and cerebrospinal fluid, bias regularization, non-linear modulation, and normalization to MNI space using
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DARTEL (Ashburner, 2007) to a 1.5 mm isotropic MNI template. The homogeneity of grey matter images

was checked using the covariance structure, as implemented in CAT12, and highlighted no outliers (SD >3).
Each individual GM images were smoothed with an 8-mm full width at half maximum Gaussian filter.

Measures of Total Intracranial Volume (TIV) were obtained.

Tensor calculations were done using the using the FMRIB Software Library (FSL 5.0) (Smith et al., 2006;
Smith et al., 2004; Woolrich et al., 2009). Images were corrected for the effects of eddy currents and head
motion (FLIRT, FMRIB’s Linear Registration Tool) (Jenkinson et al., 2002; Jenkinson and Smith, 2001), and
segmented (BET, Brain Extraction Tool software) (Smith, 2002); then, a diffusion tensor model was fitted at
each voxel to each subject’s fractional anisotropy (FA) image using FDT (FMRIB’s Diffusion Tool) (Behrens
et al., 2003), and FA maps were calculated. Next, the data of all the subjects were merged into a common 4D
image and skeletonized, as used in TBSS (Smith et al., 2006), in order to focus on the centers of all fiber
bundles that are common to the participants (the most compact WM skeleton). All maps were nonlinearly co-
registered to the FMRIB58-FA template and normalized to the MNI space. A threshold of FA > 0.2 was applied
to the skeleton to include only major fiber bundles. Analogous processes allowed to generate axial (AD), radial
(RD) and mean diffusivity (MD) images.

We investigated the effect of diagnosis on regional GM volumes and DTI measures in the whole brain with
univariate statistical analyses, entering diagnosis as categorical predictor, and age, sex, medication load,
number of previous episodes, and TIV (only for GM analysis) as nuisance covariates. For medication load we
used previously developed criteria and categorized each medication into low-dose or high-dose groupings,
scored as 0 (no medication), 1 (low dosage), or 2 (high dosage). We then combined all individual

medication scores for each medication category in each individual participant to obtain a single composite
score (Sackeim, 2001). This procedure was already used in order to differentiate MDD and BD patients on
WM microstructure (Benedetti et al., 2011a). A detailed description of the medication used is reported in
supplementary materials (SM1). Post-hoc pairwise Family Wise Error (FWE) corrected comparisons were
performed. VBM analyses were FWE corrected for multiple comparisons (p<0.05) at cluster level (peak
p<0.001 uncorrected). For DTI measures, voxel-wise statistical analyses across-subjects were performed on
the resulting skeletonized images using the FSL Randomise program, based on non-parametric permutation
inference, within the framework of the GLM design setup. Threshold-Free Cluster Enhancement (TFCE)
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(Smith and Nichols, 2009) to estimate voxel-wise levels of significance calculated with standard permutation
(n=10000) testing and corrected for multiple comparisons (prwe<0.05) in a minimum cluster size of k=100
(Nichols and Holmes, 2002). We also explored the interactions between nuisance covariates (i.e. age, sex,
medication load, and number of previous episodes) with diagnosis in affecting VBM and DTI measures. No

significant effects were found.

2.3 Multiple Kernel Learning

We performed multivariate pattern analyses by using Multiple Kernel learning (MKL) for binary classification

as implemented in PRoNTo software version 2.1 (http://www.minl.cs.ucl.ac.uk/pronto). In order to
differentiate MDD and BD linear kernels (i.e. dot products) were built separately for the five feature sets:
whole brain smoothed GM volume images (VBM) and skeletonized DTI measures brain maps (MD, RD, AD,
FA). In MKL heterogenous kernels are linearly combined (Lanckriet et al., 2004): each kernel allow to define
a decision boundaries based on support vector machines (SVM, (Rakotomamonjy, 2008)), these are weighted
in order to define a global decision boundary. However, the regularization constraints entered in order to avoid
overfitting can lead some kernels to have a null contribution, this could not be achieved when kernel are
concatenated together in single SVM (Schrouff et al., 2016), ignoring the relative contribution of each
modality. MKL include a weighting phase of the different modalities (in contrast with the SVM approach)
(Donini et al., 2019). Furthermore, MKL instead of a single SVM was showed to enhance the interpretability
of the decision function and improve performances (Lanckriet et al., 2004).

The five kernels for VBM, FA, MD, RD, and AD were mean centered and normalized before classification.
Confound effects for age, sex, medication load, number of previous episodes, and TIV were removed from the
kernel using a residual forming matrix framework (Chu et al., 2011; Mourdo- Miranda et al., 2012). In
supervised pattern recognition analysis, the predictive function is usually defined during a training phase where
the algorithm learns patterns from the provided data in order to predict a label or a target. Then, during a test
phase, the algorithm is used to predict outcome in an independent dataset. Predictions obtained are then
compared to the true labels, providing measures of algorithm accuracy. In our study we performed 10-folds
nested cross-validations on subjects per group to optimize the model’s hyperparameter (i.e. soft-margin C

ranged 0.01, 0.1, 1, 10, 100, 1000, inner loop) and to compute model performance (i.e. outer loop). Nested
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cross-validation schemes have been showed to provided more reliable estimate than other validation procedure
such as leave-one-out (Varoguaux, 2018). In the outer loop, 10-folds nested cross-validation MKL was trained
on 90% of the sample and used to predict diagnosis on the remaining 10%, testing the related accuracy. This
procedure was repeated recursively for 10 times allowing considering each subject once for testing.
Hyperparameter was tuned applying the same procedure in the training sample (i.e. inner loop): the parameter
with the highest performance (balanced accuracy, BA) is then applied in the outer loop (Schrouff et al., 2013).
Predictions obtained in the test set allow to BA, computed as the average of the class accuracies (corresponding
to the sensitivity for BD and specificity for MDD), positive and negative predictive values and area under the
receiver operator curve (AUC). Each class accuracy was calculated averaging classification results across the
10 folds of cross validation (Schrouff et al., 2018). We also estimated the statistical significance (p<0.05) of
accuracies by using 5000 permutations of the labels during training phase. MKL analyses classifying HC and

mood disorders are included in supplementary materials (SM2).

3 Results

Our final sample included 74 HC, 74 MDD and 74 BD. No significant differences were found for age, sex,
years of education, HDRS and medication load comparing BD and MDD; number of previous mood
episodes and duration of illness (years) were significantly higher in BD (table 1). HC were younger, and
with a higher education and number of males compared to both MDD and BD.

For VBM analyses, a significant main effect of diagnosis (fig. 2, table in supplementary materials SM1) was
found on large clusters which cover right hippocampus, amygdala, parahippocampal, fusiform and lingual
gyrus, precuneus, thalamus, putamen and orbitofrontal cortex (MNI 42 4 -22 | k= 4760, prewe < 0.001),
cerebellar vermis and crus (MNI 4 -75 -28, k= 819, prwe = 0.01), rolandic and frontal operculum and insula
(MNI 52 4 0, k= 1147, prwe = 0.002), anterior and middle cingulate cortex (MNI 10 38 14, k= 1880, prwe <
0.001). Post-hoc tests revealed that for all significant cluster BD patients showed reduced volume compared
to HC, whereas no significant differences were found between MDD and HC. Finally, MDD showed higher
GM volume compared to BD in all clusters excepted for anterior and middle cingulate cortex, pointing out

intermediate pattern of GM reduction between HC and BD.



Diagnosis of mood disorder had widespread significant effects in reducing FA (pewe=0.0041) and AD
(prwe=0.0025), and increasing RD (prwe=0.0021) and MD (prwe=0.0102) in several WM tracts encompassing
forceps minor and corpus callosum, cingulum bundle, uncinate fasciculus, anterior thalamic radiation, inferior
and superior longitudinal fasciculus, inferior fronto-occipital fasciculus, and corticospinal tract (Table SM2,
Fig. 2). Post-hoc pairwise comparisons (t-tests) showed significant spread higher FA and lower RD, in HC
compared to both patients with BD and MDD. In turn, the latter showed also spread lower AD and higher MD
compared to HC. These effects were not found in BD. MDD also showed lower FA and lower AD than patients
with BD in uncinate, cingulum bundle, inferior fronto-occipital, inferior and superior longitudinal fasciculus,
forceps minor and major, corticospinal tract and anterior thalamic radiation; with higher RD in uncinate,
inferior fronto-occipital, forceps minor, and cingulum bundle (see detailed list in Table SM3).

The MKL produced a BA of 73.65% (p= 0.001), BD sensitivity of 74.32% (p=0.016), MDD specificity of
72.97% (p=0.024) and the AUC was 79% (Fig. 3, Tab. 2, figure SM1). Class predictive value was 73.33% for
BD and 73.97% for MDD. Thus, model performance significantly exceeds the one expected by randomly
guessing the labels, suggesting that the algorithm has successfully learned a predictive function (Schrouff et
al., 2016). Margin C=1 obtained best performance (Frequency of selection 60%), followed by C=10 (20%)
and C=1000 (20%). All five modalities contribute to MKL global decision: VBM showed the highest
contribution (58% of total weight) followed by FA (24%), AD (11%), MD (4%), RD (3%) (additional SVMs,
performed for each brain modality separately, can be found in table SM4). Finally, in order to explore a
possible effect of nuisance covariates in biasing the MKL performance, we modelled logistic regressions
exploring their main effects and their interactions with diagnosis in predicting classification outcome (MDD

vs BD). No significant effects were found.

4 Discussion

In this study, we aimed to distinguish MDD and BD by using MKL on multimodal structural neuroimaging
data of GM matter volume and WM integrity correcting for age, sex, number of previous episodes, medication
load and TIV. Our predictive function was able to detect BD patients effectively affected with a significant

accuracy of 74.32%, with a positive predictive value of 73.33%, which indicates the probability that subjects



with a positive BD screening test is truly affected. The accuracy of MDD was 72.97%, indicating the ability
to correctly identify affected MDD, with a predictive value of 73.97%.

The MKL reached good significant accuracies (>70%, p<0.05) prompting multimodal structural neuroimaging
as a reliable candidate biomarker for the differential diagnosis between BD and MDD. Despite previous
studies, implementing machine learning procedures for classifying differential diagnosis on structural
neuroimaging also achieved high accuracies (> 70%), the present one is the first study in mood disorders which
included relevant nuisance covariates in pattern recognition such as age, sex, number of previous episodes and
medication load, which may confound and bias the accuracy estimation. This is particularly relevant when
considering previous evidence of the widespread effect of drug used in depression, lithium, multiple recurrent
episodes and chronicity on considered brain structural measures (Hibar et al., 2018; McDonald, 2015; Schmaal
et al., 2017). Furthermore, previous studies never combined multimodal structural imaging of GM volumes
and WM microstructure. DTI measures emerged as candidate biomarkers of mood disorders and our results
suggest that multi-modal neuroimaging techniques may provide reliable predictive models for differentiating
mood disorders. In our model, VBM-based kernel contributed to 58% of total weight. Notably, the global
contribution of DTI measures (42%) confirmed the role of WM integrity in differentiating the two diagnostic
groups. DTI measures reflect myelination and WM integrity, coherence of WM tracts, axonal structural
organization in the core WM skeleton (Schmierer et al., 2007). Though speculative, a tentative explanation of
the greater contribution of FA (24%), and AD (11%), in respect to MD (4%), and RD (3%), in discriminating
patients, suggest a major role for neuronal structures in respect to myelin sheaths and integrity and the
microtubular structure of the axon (FA, AD), given that RD is mostly associated with the integrity and
thickness of myelin sheaths (Song et al., 2002).

Furthermore, available literature results might be biased by the small or unbalanced sample sizes (i.e. BD=26,
MDD=26 (Rubin-Falcone et al., 2018), BD=21, MDD=25 (Jie et al., 2015); BD=16, MDD=19 (Fung et al.,
2015), BD=14, MDD=32 (MacMaster et al., 2014), BD=40, MDD=57 (Sacchet et al., 2015), BD=36,
MDD=45 (Rive et al., 2016), BD=31, MDD=36 (Deng et al., 2018)), and by the implemented cross-validation
procedure (Gao et al., 2018). The nested cross validation, used in our study, provides more stable performance
compared to Leave-One-Out procedure, implemented in most of previous studies, which may lead to weak

generalization and high overfitting (Elisseeff and Pontil, 2003; Gao et al., 2018).
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Mass-univariate analyses revealed reduced GM volumes in BD compared to MDD in hippocampus, fusiform
and lingual gyrus, amygdala, putamen, parahippocampal gyrus, cerebellar vermis and crus, rolandic and frontal
operculum, insula and temporal pole. Volumes in these regions and in anterior cingulate cortex were also
reduced in BD compared to HC. All these regions exert a crucial role in affective processing and mood
regulation and volume and functional abnormalities in anterior cingulate, amygdala, hippocampus, insula,
temporal cortex, thalamus, striatum and cerebellum have been widely replicated in both MDD and BD
compared to HC and involved in the pathophysiology of the disorders (Drevets et al., 2008; Vai et al., 2019),
also related to antidepressant response and current symptomatology (Fonseka et al., 2018; Frodl, 2017;
Godlewska et al., 2018).

Few studies directly compared the disorders for GM volumes: lower grey matter volume in anterior cingulate
cortex in BD compared to MDD was confirmed in a previous study (Cai et al., 2015), despite also contrasting
results (Redlich et al., 2014), reduced volume in hippocampus and amygdala was also previously detected in
BD patients compared to MDD (Cao et al., 2017; Redlich et al., 2014). Notably, our results are in contrast with
a recent meta-analyses which pointed out smaller GM volumes in MDD compared to BD in the hippocampus,
fusiform gyrus, parahippocampal gyrus, cerebellar vermis and inferior parietal lobule, whereas shared
reduction in the two disorders compared to HC were detected in anterior cingulate cortex and insula. However,
relevant methodological issues could contribute in explaining contrasting results. Despite meta-regressions
pointed out no significant effect of mood state, pharmacological treatments in BD and MDD, authors cannot
completely rule out possible confounding effects of these variables. MDD and BD samples were different for
these variables (e.g. 94% of MDD and only 28% for BD experienced depression) and several original research
papers, included in the meta-analysis, do not provide information in order to effectively meta-regress their
effect over the entire sample. In our study, we included only depressed patients for both MDD and BD and
medication load, number of previous episodes and effect of sex and age were directly regressed out from the
analyses. This is particularly relevant by considering the neuroprotective effect of lithium, and drugs used in

treating depression (http://www.nbn2.org/) in counteracting volume loss in BD (Hafeman et al., 2012; Hajek

et al., 2012). Finally, studies directly comparing the two conditions may provide more accurate results that

those based on effect size (Wise et al., 2017).
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DTI analyses revealed a significant effect of diagnosis on FA, AD, RD and MD in several WM tracts
encompassing forceps minor and corpus callosum, cingulum bundle, uncinate fasciculus, anterior thalamic
radiation, inferior and superior longitudinal fasciculus, inferior fronto-occipital fasciculus, and corticospinal
tract. DTI indirectly provides measures of the cellular density, integrity, and directionality of WM tracts.
Compared to HC, depressed patients, both MDD and BD, presented lower FA and higher RD, in most of WM
tracts. Lower FA may reflect a widespread reduced structural integrity, regional myelination levels, axonal
density and diameter, while higher RD may reflect possible alterations in the myelin integrity as demyelination
or dysmyelination processes in BD and MDD compared to HC. Notably, MDD also showed a widespread
higher AD and MD compared to HC, not highlighted in BD. AD is associated to fiber diameter or organization:
lower values may reflect axonal damage or loss or fragmentation specific for MDD patients and emerging as
specific biomarker for the disorder.

The detected widespread effect encompasses WM tracts that exert a crucial role in mood regulation and
cognition connecting the lateral and medial areas of the bilateral frontal lobes, temporal cortex and limbic
regions, such as amygdala and hippocampus. WM abnormalities in these tracts have been extensively
associated to mood disorder (Ambrosi et al., 2013; Benedetti et al., 2011b; Canales-Rodriguez et al., 2014;
Emsell et al., 2013; Helm et al., 2018; Jiang et al., 2017; Maller et al., 2014; Vai et al., 2019; Zanetti et al.,
2009), and related symptomatology such suicidality (Matsuo et al., 2010). These results support that the
widespread reduced WM integrity and structural connectivity may identify biomarkers for mood disorders:
WM tracts exert a crucial role in connecting brain regions deeply involved in defining emotional experience
and mood regulation. By directly comparing the two disorders, MDD had widespread lower FA, lower AD
and higher RD in uncinate, inferior fronto-occipital, inferior and superior longitudinal fasciculus, forceps
minor, anterior thalamic radiation, and cingulum bundle. These results are line with our machine learning
outcome, which highlighted FA and AD as most relevant DTI measures in order to differentiate the two
disorders.

From a general perspective, our results suggest a wider disruption of WM microstructure in MDD patients,
which encompass cortical and subcortical tracts in frontal, parietal, ventral, temporal, and occipital lobes
compared to BD. Our results are in contrast with previous evidence: a recent meta-analysis which showed a

reduction in FA in the left posterior cingulum in BD compared to MDD (Wise et al., 2016), in line with single
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studies which reported wider disrupted WM microstructure in BD (Benedetti et al., 2011a; Matsuoka et al.,
2017; Repple et al., 2017). Despite our analyses were corrected for medication load, which specifically weights
lithium assumption, we cannot completely rule out non-linear neurotropic effect of lithium on WM tracts in
BD patients. Lithium has been related to neuroprotective and neurotrophic effects, which counteract the
detrimental influences of BD on WM structure (Benedetti et al., 2013; Gildengers et al., 2015). Future studies
in drug naive patients should be performed. Finally, a word of caution is needed in the interpretation of the
neurobiological basis of DT measures: crossing fibers or different pathological processes (e.g. demyelination
axon injury) may lead to similar pattern of DTI measured and may also change during course of illness. These
limitations, however, do not bias the main finding of an effect on WM microstructure.

The lack of an independent validation set (i.e. external validation) identifies a limit, not allowing to control for
possible biases associated with the specific samples. Nevertheless, the nested cross-validation scheme has been
suggested to provide an accurate insight of the model generalization performance (Refaeilzadeh et al., 2009).
Furthermore, patients were not drug-naive, and the drug treatments administered during life-time could have
influenced MRI measures. The recruitment took place in a single center and in a single ethnic group, thus
raising the possibility of population stratifications limiting the generalizability of the findings. The sample
size, despite higher than previous studies can be considered relatively small, also by considering that a
multimodal neuroimaging approach have been applied. In the next years, the algorithm will be refined
including an independent sample of multicenter neuroimaging acquisitions, further increasing the sample size,
and variability. A further experimental step can be to test or to refine the algorithm in larger datasets as
collected in worldwide consortium, such as Enhancing Neuro Imaging Genetics Through Meta Analysis
Consortium, ENIGMA. This will provide highly realistic and useful diagnostic functions (Schrouff et al.,
2013). Furthermore, despite we achieved a significant accuracy higher than 70%, and that MDD patients with
BD familiarity were excluded, we cannot completely rule out a possible initial mislabelling for MDD.
Moreover, by considering that our BD subjects were already diagnosed at the time of the scanning, in order to
assess the effective prognostic ability of the algorithm, it should be further longitudinally validated in MDD
patients clinically followed until their switch into BD. Finally, effects of covariates of no interest were directly

removed in the kernel space, rather than in feature one, using a residual forming matrix. This is a more
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computationally efficient approach compared to removing confounding variables at voxel level, however, this
does not accounts for possible multivariate effect of confounds.

Future studies can include other kind of features: resting state, corticolimbic functional connectivity and other
biological data, such as inflammatory markers and genes, that have been previously proposed as candidate
biomarkers for the differential diagnosis in mood disorders (Bai et al., 2015; Menezes et al., 2018; Vai et al.,
2019) and may remarkably improve the accuracy. This is particularly relevant for the genetic vulnerability:
genetic influence explain 60—85% of risk of BD (Barnett and Smoller, 2009; McGuffin et al., 2003), despite it
is partially shared with MDD, which notably has a lower heritability (h?=31-50 % (Hamet and Tremblay, 2005;
Jansen et al., 2016)), ~71% of the genetic variance of mania is not shared among the disorders (Barnett and
Smoller, 2009; McGuffin et al., 2003). Several Single Nucleotide Polymorphisms, identified by the Psychiatric

Genomics Consortium (see http://pgc.unc.edu) in genome-wide association studies (GWAS) for MDD and

BD, can identify an interesting feature for machine learning procedures by also considering the new cost-
effective high-density microarray procedures.

Genetic, immune markers and neuroimaging are key biological tools in the precision medicine that could
define new algorithms to reliably predict BD diagnosis in depressed patients.

To the best of our knowledge this is the first study combining GM and diffusion tensor imaging in predicting
the differential diagnosis between depressed BD and MDD patients. Our results prompt the quantitative
biomarkers and multiple kernel learning routine as promising tool for personalized treatment in mood disorder,

strengthening the impact of neurobiological research into clinical practice.
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Figures

Figure 1

Mass-Univariate analyses for Grey Matter volume.

Main effect of Diagnosis in anterior cingulate cortex, Rolandic operculum/insula, Cerebellar
Vermis and Fusiform gyrus/Hippocampus. Whole brain analyses corrected at cluster prwe<0.05.
Whiskers indicate 90% confidence intervals. BD, bipolar disorder, MDD, major depressive

disorder, HC, Healthy controls.

Figure 2

Mass-Univariate analyses for Diffusion Tensor Imaging.

White matter tracts where diagnosis had significant main effects on (A) Fractional Anisotropy, (B)
Radial Diffusivity, (C) Mean Diffusivity and (D) Mean Diffusivity. Data showed are extracted at
peak level. Analyses were corrected for multiple comparisons (prwe<0.05) in @ minimum cluster size

of k=100 using Threshold-Free Cluster Enhancement (TFCE).

Figure 3

Multiple kernel learning classification.

A) Smoothed density version of histogram plot of function values; B) Prediction plots per fold,
decision threshold is displayed by a vertical line; C) Receiver Operator Curve, Areas Under the

Curve=0.79.
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Table 1

Table 1. Clinical and demographic characteristics. The sample is divided by diagnosis (mean #

standard deviation and statistics).

* p<0.05; Abbreviations: BD, Bipolar Disorder; HC, healthy controls; HDRS-21, Hamilton

Depression Rating Scale; MDD, major depressive disorder; F, Female; M, Males.

MDD BD HC T/F/ p Significant
X2 Post-hoc
Sex F53 M21 |F55 M19 |F39 M35 |9.182 |0.01% F: HC<MD; HC<
BD
Age 49.62+9.78 | 47.26149.39 |36.38+12.47 | 34.06 | <0.001* |BD>HC MDD>
HC
Education- | 12.82+4.2 | 11.5%4 16.08 +2.61 | 29.61 |<0.001* |HC>BD;
Years HC>MDD
Duration of | 13.61+9.78 | 17.35£10.12 |/ 2.24 0.03*
iliness -
years
HDRS-21 24.9645.23 | 23.74+9.46 |/ 0.83 0.4
Medication | 4.11+1.86 | 4.2+2 / 0.298 |0.766
Load
N. Episodes | 4.45+4.12 | 9.82+9.63 / 4418 | <0.001*




Table 2

Table 2 Confusion matrix.

PREDICTED LABEL

| BD MDD
TRUE LABEL | BD 55 20
' MDD 19 54

Multiple kernel learning predicted diagnosis from multimodal structural neuroimaging.

Abbreviations: BD, Bipolar Disorder; MDD, major depressive disorder.
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