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ABSTRACT 

The burden of mood disorders continues to rise, with around a third of patients not 

responding to antidepressants. An accurate and timely diagnosis is essential for proper 

treatment administration and clinical course. However, due to overlapping 

symptomatology, approximately 60% of bipolar disorder (BD) patients are initially 

misdiagnosed as being affected by major depressive disorder (MDD). Furthermore, both 

disorders also affect cognitive functions independently of mood state, with a significant 

impact on patients’ psychosocial functioning and quality of life. Identifying reliable 

biomarkers to differentiate between MDD and BD and to detect cognitive deficits at the 

individual level is crucial to develop personalized treatment strategies. 

In this work a wide set of data was collected for 358 depressed patients (139 MDD and 

219 BD), including white matter (WM) diffusivity measures, voxel-based morphometry 

measures, and resting-state functional connectivity (rsFC) features, along with peripheral 

inflammatory markers (PIMs) and polygenic risk scores. Each feature was entered 

separately into a machine learning predictive pipeline to differentiate between MDD and 

BD patients, as well as between cognitively intact and impaired patients.  

WM diffusivity, rsFC measures, and PIMs were able to differentiate between MDD and 

BD patients with accuracy ranging from 62% to 69%. Cognitive deficits were 

significantly detected only by functional grey matter measures with 67% of accuracy. 

Results from diagnosis differentiation suggest that BD patients exhibit a subtly greater 

compromission in WM integrity over a widespread network compared to MDD. 

Additionally, MDD and BD patients showed distinct seed-based rsFC patterns within the 

reward system, likely mirroring the behavioural differences between depression and 

mania. The two diagnostic groups also showed a differential inflammatory profile, with 

MDD patients also recruiting a regulatory mechanism, contrarily to BD. The 

identification of patients with cognitive impairment, instead, may rely on a disruption in 

the cross-talk between the default mode, the executive control, and the salience networks. 

Overall, our results demonstrate the feasibility of distinguishing BD from MDD patients 

and of identifying cognitively impaired patients at the individual level using 

neuroimaging features.
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1. INTRODUCTION 

Mood disorders, often referred to as affective disorders, represent mental health 

conditions marked by enduring and significant disturbances in a person's emotional state. 

This broad category primarily includes major depressive disorder (MDD), typified by 

sustained feelings of sadness and melancholy, and bipolar disorder (BD), defined by 

dramatic mood swings oscillating between depressive lows and manic highs (American 

Psychiatric Association, 2013). 

These conditions impose a heavy toll on individuals, significantly affecting their 

cognition, emotions, behaviours, and overall quality of life. As some of the leading 

contributors to global disability, mood disorders pose a growing personal and socio-

economic burden. Roughly one in three patients remain unresponsive to antidepressant 

treatments, and relapses are common, with around 44% and 70% of individuals 

experiencing recurrence within 1 and 5 years, respectively (Radua et al., 2017; Wittchen, 

2012).  

The exploration of multifaceted aspects of mood disorders may provide valuable insights 

that pave the way for potential advancements in diagnosis, treatment, and understanding 

of these disorders. This comprehensive understanding is crucial for devising more 

effective therapeutic interventions and improving the lives of individuals suffering from 

mood disorders. 

1.1. Mood disorders 

1.1.1. Major depressive disorder 

MDD is the most common form of depressive disorders, and it ranks among the top ten 

causes of lifelong disability worldwide, particularly in high-income countries (Vos et al., 

2017). According to the World Mental Health Survey, the prevalence of MDD across 18 

countries is approximately 6%, with variations between different age groups. The median 

age of onset is around 25 years, and the risk of developing MDD increases up to the early 

40s (Bromet et al., 2011). Notably, MDD affects women more frequently than men, with 

females having a twofold higher risk of developing the disorder.  

The core features of MDD encompass one or more major depressive episodes lasting at 

least two weeks, characterized by persistent sadness, intense mental anguish, and feelings 

of despair, helplessness, and worthlessness. Anhedonia, the loss of interest and pleasure 

in daily activities, is also a defining symptom. Additionally, individuals commonly 
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experience fatigue and loss of energy, making even simple tasks seem overwhelmingly 

challenging. Impairments in thinking, concentration, and memory are also prevalent, with 

some cases exhibiting severe memory deficits (American Psychiatric Association, 2013; 

F. K. Goodwin & Jamison, 2007). Although many patients recover within one year, a 

depressive episode can last from 13 to 30 weeks on average. On average, a depressive 

episode lasts from 13 to 30 weeks, and approximately 70-90% of patients recover within 

one year. However, in outpatient settings, only 25% of patients achieve remission within 

6 months, and more than half of patients still experience MDD after 2 years (Otte et al., 

2016). 

1.1.2. Bipolar disorder 

BD is characterized by cycles of mania, hypomania, and depression, which significantly 

affects personal and social functioning (American Psychiatric Association, 2013). Mania 

can be defined as a state of elevated or irritable mood with increased activity, lasting at 

least one week. Symptoms include decreased sleep needs, rapid speech, and 

distractibility. Inappropriate and potentially harmful behaviours can also be present due 

to a mixture of increased activity, disinhibition, and grandiosity (American Psychiatric 

Association, 2013; F. K. Goodwin & Jamison, 2007). Hypomania is a milder form of 

mania without the severity of symptoms that cause impairment in daily functioning. 

Additionally, contrarily to mania, hypomania does not cause hospitalization and has a 

shorter duration (Benazzi, 2007). Depressive states in bipolar disorders are characterized 

by an inhibition of different aspects of mood, cognition, and behaviour, such as 

pessimistic mood and feeling of senselessness, significant reduction of mental activity, 

fatigue, loss of energy and impairment in volition and will. The severity of symptoms can 

vary from mild impairments in physical and mental activity to severe disruption of 

cognition associated to delusions, hallucinations and blurring of consciousness 

(American Psychiatric Association, 2013; F. K. Goodwin & Jamison, 2007). 

BD can be classified as type I (BD-I) and type II (BD-II). In BD-I, the manic episode may 

have been preceded and followed by hypomanic or major depressive episodes, while BD-

II is marked by hypomanic and depressive episodes without full-blown mania (American 

Psychiatric Association, 2013; F. K. Goodwin & Jamison, 2007). The worldwide 

prevalence of BD-I is estimated at approximately 0.6%, with higher rates in males. In 

contrast, BD-II manifests in about 0.4% of the population, showing a higher incidence 
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among females. BD-I manifests earlier with a mean age of onset at 18.4 years, compared 

to BD-II, which typically emerges at around 20 years of age (Merikangas et al., 2011). 

Bipolar disorder is characterized by recurrent mood episodes, which often emerge within 

the first year post initial diagnosis (Radua et al., 2017). Both BD-I and BD-II patients 

spend about half of the time in a symptomatic condition, with depressive symptoms being 

much more frequent than manic or hypomanic symptoms (Judd et al., 2002, 2003). 

1.2. The problem of differential diagnosis 

The differential diagnosis between BD and MDD represents a very complicated clinical 

task in mood disorders. About 60% of BD patients are initially misdiagnosed as being 

affected by MDD, and accurate BD diagnoses only come after 5-10 years, on average (F. 

K. Goodwin & Jamison, 2007; Hirschfeld, 2014). Misdiagnosis, though, causes important 

effects, such as selection of sub-optimal treatments, leading to potentially poor clinical 

outcomes and prognosis, as well as greater personal and healthcare costs (Hirschfeld et 

al., 2003). Currently, the most used criterion for the differentiation between MDD and 

BD is a positive history of manic or hypomanic episodes (American Psychiatric 

Association, 2013). However, the identification of previous manic or hypomanic episodes 

in depressed patients is extremely difficult. 

The differential diagnosis between MDD and BD is complicated by the fact that the onset 

of BD is usually identified by a depressive episode, especially in BD-II (F. K. Goodwin 

& Jamison, 2007; Phillips & Kupfer, 2013). Another reason for the diagnostic complexity 

is the high prevalence of depressive episodes in BD (Phillips & Kupfer, 2013). BD 

patients are also more likely to seek treatment for depression than for mania, making the 

diagnosis even more challenging (Phillips & Kupfer, 2013). This is because depressive 

episodes cause subjective distress and functional impairment, whereas manic and 

hypomanic episodes lack subjective suffering due to the increase in energy, productivity, 

and creativity (Phillips & Kupfer, 2013). 

The complexity in differential diagnosis is further exacerbated by the nuanced 

characterization of depressive mixed states. These states are delineated by the concurrent 

presentation of mania or hypomania within a depressive episode. Such manic or 

hypomanic manifestations may arise amid a depressive episode or manifest in the 

transitional phase between depression and mania or hypomania. Diagnostic criteria for 

mixed states necessitate the presence of a minimum of three manic or hypomanic 
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indicators, such as psychomotor agitation, distractibility, and crowded thoughts 

(American Psychiatric Association, 2013; Benazzi, 2007). Although mixed states can 

manifest also in MDD, such episodes are more frequently observed in BD, especially in 

patients with positive bipolar familiarity (Akiskal & Benazzi, 2003; Vázquez et al., 2018). 

Thus, the absence of distinct hypomanic or manic states in patients with a history of mixed 

depression further complicate the correct identification of mania and hypomania, and of 

BD in turn (Phillips & Kupfer, 2013). 

Moreover, subthreshold symptoms of hypomania are common in unipolar depression. For 

instance, the longitudinal Early Developmental Stages of Psychopathology Study 

reported that around 40% of patients with a MDD diagnosis manifests subthreshold 

bipolar symptoms and they are more likely to convert into bipolar disorder during follow-

up (Zimmermann et al., 2009). Similar results were reported by the National Comorbidity 

Survey Replication Study, which demonstrated that individuals with MDD and 

subthreshold hypomanic symptoms represent 39% of all unipolar patients (Angst et al., 

2010). These findings highlight the importance of the accurate identification of 

subthreshold hypomanic symptoms for a correct diagnosis of BD. 

1.3. Biological correlates of mood disorders 

1.3.1. Biological correlates in MDD 

Twin and family studies conducted over the last 40 years have elucidated the inherent 

genetic component involved in MDD, as evidenced by a twin heritability of 31%-42% 

(Sullivan et al., 2000). Candidate gene studies compared allele frequencies in selected 

genes between MDD cases and healthy controls (HC), yet they often led to controversial 

and uninformative results (Farrell et al., 2015; Sullivan et al., 2001). For example, 18 

significant depressive disorder candidate genes (e.g., SLC6A5, BDNF, COMT, and 

HTR2A) were scrutinized, but no substantial support for any was found (Border et al., 

2019). In another candidate gene study, a gene-environment association was suggested 

between SLC6A4/HTTLPR, early stress, and risk for MDD. However, subsequent 

studies, including one with similar methodology and setting, failed to replicate the results 

(Fergusson et al., 2011). The apparent absence of loci with major effects points to the 

existence of thousands of loci, each contributing minutely to MDD susceptibility (Major 

Depressive Disorder Working Group of the Psychiatric GWAS Consortium et al., 2013), 

suggesting that MDD is a polygenic condition (McIntosh et al., 2019). This change of 
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perspective, in turn, paved the way to genome-wide association studies (GWASs) to 

understand the genetic components of MDD. Although 102 common genetic variants 

associated with MDD have been recognized (Howard et al., 2019), these variants account 

for only a small proportion of genetic contribution to MDD. However, sample size is 

extremely important in GWASs, since larger sample sizes increase the chances to find 

associated variants (McIntosh et al., 2019). The most recent GWAS examined data from 

1.2 million individuals, discovering 178 genetic risk locations and 223 independently 

noteworthy single-nucleotide polymorphisms (SNPs) (Levey et al., 2021). The enlistment 

of such extensive cohorts was enabled by the employment of straightforward and 

economical approaches to identify cases, denoted as minimal phenotyping. Given the 

necessity of substantial samples to achieve robust statistical significance for genetic 

association, minimal phenotyping strategies has been employed, assuming that 

association would have been detectable in some of the contributing loci, even with a 

poorly measured phenotype. On the one hand, this led to the finding of hundreds of 

significant loci. On the other hand, though, minimal phenotyping led to a loss in 

specificity, with a large proportion of the identified loci not attributable to MDD (Flint, 

2023).  

Magnetic resonance imaging (MRI) has also been employed to unravel the neural 

underpinnings of MDD. A reduction in hippocampal grey matter (GM) volumes in MDD 

patients has been consistently reported by studies investigating volumetric changes in 

brain structures involved in the cortico-limbic network (Cole et al., 2011; Schmaal et al., 

2016), also involving caudate, globus pallidus, and putamen, along with orbitofrontal 

(OFG) and anterior cingulate (ACC) cortices (Bora et al., 2012; Kempton et al., 2011). 

Structural alterations in the amygdala have also been extensively studied, yet leading to 

conflicting findings (J. P. Hamilton et al., 2008; Kronenberg et al., 2009; Saleh et al., 

2012). It is noteworthy, though, that antidepressant medication might influence amygdala 

volume, with medicated patients exhibiting increased volumes and unmedicated patients 

showing decreased volumes (J. P. Hamilton et al., 2008). Integrity of white matter (WM) 

microstructure has also been investigated, showing alterations in tracts within the cortico-

limbic network, mostly comprising anterior thalamic radiation (ATR) and cingulum 

bundle (CB) (W. Jiang et al., 2015; Liang et al., 2019).  
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Compared to HC, functional MRI (fMRI) studies have observed increased activations in 

the amygdala, dorsal ACC (dACC), and insula, along with reduced responses in the 

dorsolateral prefrontal cortex (dlPFC) and dorsal striatum in MDD patients, when 

processing negative stimuli (Frodl et al., 2010; Matthews et al., 2008). MDD patients also 

exhibit distinctive resting-state functional connectivity (rsFC) patterns across brain 

networks (Kaiser et al., 2015). Patients show an augmented representation of the global 

signal in the default mode network (DMN), reflecting abnormal connectivity within and 

between networks, potentially influencing the cognitive and emotional symptoms linked 

to depression (Scalabrini et al., 2020). Additionally, reduced rsFC in the fronto-parietal 

network has also been observed in these patients (Kaiser et al., 2015).Elevated levels of 

pro-inflammatory cytokines, such as interleukin (IL)-1β, IL-6, and tumor necrosis factor 

(TNF)-α, have also been found in individuals with MDD compared to non-depressed 

controls (Haapakoski et al., 2015; Maes et al., 1997; Mikova et al., 2001; A. H. Miller et 

al., 2009). Notably, cytokines, produced by immune cells like macrophages, are critical 

in managing body responses to infection and stress, and their imbalance can promote 

harmful inflammation (Gordon et al., 2014; Najjar et al., 2013). Findings suggest that 

increased cytokine levels may correlate with MDD severity and symptomatology, 

including sleep disturbances and anhedonia, potentially contributing to the development 

and persistence of depressive states (Motivala et al., 2005; Thomas et al., 2005). 

Longitudinal studies show that early-life elevated cytokine levels could be predictive of 

later development of depressive disorders, supporting a potential causal relationship (Au 

et al., 2015; Gimeno et al., 2009; Khandaker et al., 2014).  

Additionally, both human and animal studies indicate that induced inflammation can lead 

to "sickness behaviour", which shares many symptoms with depression, such as social 

withdrawal and cognitive deficits. Interestingly, this reaction might be an evolved 

response intended to promote recovery from illness or infection (Dantzer et al., 2008; 

Merali et al., 2003; A. H. Miller et al., 2009; A. H. Miller & Raison, 2016). 

Furthermore, research exploring anti-inflammatory treatments, like the cyclooxygenase 

(COX)-2 inhibitor celecoxib, in conjunction with traditional antidepressants has shown 

promising outcomes, underscoring the potential of targeting inflammation as a novel 

depression treatment strategy (Köhler-Forsberg et al., 2019; Müller et al., 2006). This 
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approach suggests that mitigating the pro-inflammatory state in patients with MDD could 

enhance recovery rates and offer a new therapeutic pathway. 

1.3.2. Biological correlates in BD 

Several genetic, neural, and inflammatory alterations have been found in BD patients. 

Twin-based studies have consistently reported high (60–85%) heritability of BD, 

indicating strong genetic components in its aetiology (Barnett & Smoller, 2009; Smoller 

& Finn, 2003). The initial endeavours to identify risk loci were based predominantly on 

a restricted assortment of genetic approaches, primarily genetic linkage analysis 

(Gordovez & McMahon, 2020; Grover et al., 2009). However, due to their ineffectiveness 

in deciphering intricate inheritance patterns, linkage methods failed to yield conclusive 

and consistent results in BD studies (Prathikanti & McMahon, 2001).  

Despite some meta-analyses suggesting a modest contribution from a few well-studied 

candidates genes like SLC6A4 and DAOA (Allen et al., 2008; Detera-Wadleigh et al., 

2007; Gatt et al., 2015; Hu et al., 2007; Kraft et al., 2007; Maheshwari et al., 2009; 

Schulze et al., 2005), the most substantial association evidence emerged from GWASs. 

The largest one by the Psychiatric Genomics Consortium (PGC) identified 64 

independent genomic loci associated with BD (Mullins et al., 2021). The highest observed 

odds ratio for the identified SNPs at these loci stood at 1.15, corroborating the minor 

impacts of individual polymorphisms. This discovery facilitated the creation of the 

polygenic risk score (PRS), a method predicting risk based on genome-wide SNP profiles 

(Hara et al., 2023). 

Current converging data emphasize at least three prominent genes. ANK3, situated on 

chromosome 10q21.2, emerged as one of the first genes linked to BD through GWASs 

(Durak et al., 2015; Hayashi et al., 2015; Mahon et al., 2011; Rueckert et al., 2013; E. N. 

Smith et al., 2009). Multiple studies have now established a significant connection 

between BD and SNPs in proximity to ANK3, with several of these SNPs influencing the 

expression of ANK3 (Hayashi et al., 2015; Lim et al., 2014; Lippard et al., 2017; Rueckert 

et al., 2013; Schulze et al., 2009). ANK3 is responsible for encoding ankyrin B, a protein 

crucial for axonal myelination, predominantly expressed in the brain among other tissues 

(Hannon et al., 2015). Additionally, CACNA1C, found on chromosome 12p13, has been 

linked to BD due to associations with genome-wide significant SNPs. Some of these 

SNPs are correlated with the expression of CACNA1C in various tissues, including the 
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nervous system, by encoding an L-type voltage-gated ion channel pivotal for neuronal 

development and synaptic signalling (Cross-Disorder Group of the Psychiatric Genomics 

Consortium, 2013; Dao et al., 2010; Ferreira et al., 2008; Gershon et al., 2014; Moskvina 

et al., 2009; Psychiatric GWAS Consortium Bipolar Disorder Working Group, 2011; 

Stahl et al., 2019). TRANK1, located on chromosome 3p22, has been found to be 

implicated due to significant associations with adjacent SNPs in BD and schizophrenia 

studies (D. T. Chen et al., 2013; Ikeda et al., 2018; X. Jiang et al., 2019; Mühleisen et al., 

2014; Ruderfer et al., 2014). TRANK1 encodes a largely undefined protein, possibly 

contributing to the upkeep of the blood–brain barrier (Schiavone et al., 2017). Recent 

transcriptomic investigations propose that DCLK3, situated in the same 3p22 locus, may 

also play a contributory role in the risk for both BD and schizophrenia (Gandal, Zhang, 

et al., 2018; Hara et al., 2023). 

Genetic foundations have also been scrutinized for symptoms overlapping between BD 

and other psychiatric conditions, as well as characteristics mainly observed in BD. The 

PGC GWAS has disclosed several genomic loci with genome-wide significant 

associations specifically with BD-I, and not BD-II, including ATP2B2, ATP2A2, 

CADM2, ANKHD1, GIT2, and B3GLCT (Mullins et al., 2021). Le-Niculescu et al. 

pinpointed genes like RLP3 and SLC6A4 as crucial pathways in mania (Le-Niculescu et 

al., 2021). GWASs have also revealed numerous loci related to mood-incongruent 

psychotic symptoms in severe BD patients (Goes et al., 2012), with recent analyses 

demonstrating significant associations between specific SNPs like rs9875793 in 3q26.1 

and negative mood delusions in BD (Meier et al., 2012). Several genes linked to the 

circadian clock showed associations with the onset and relapse of BD, including CLOCK, 

ARNTL1, NPAS2, PER3, and NR1D1 (Etain et al., 2011; McCarthy et al., 2012). 

Moreover, a recent study utilizing PRSs revealed that insomnia PRS correlated with a 

heightened risk of BD-II compared to BD-I relative to HC, and hypersomnia PRS was 

more associated with BD-I than BD-II (K. J. S. Lewis et al., 2020). 

However, the SNP-based heritability disclosed in the PGC3 BD GWAS was ~20%, which 

is much lower than the 65–80% reported in epidemiological studies, implying numerous 

unidentified genetic factors (Mullins et al., 2021). The Brainstorm consortium has shown 

significant correlations between BD and other psychiatric disorders, further supporting 

the notion of BD's clinical and genetic/biological heterogeneity (Brainstorm Consortium 



19 

 

et al., 2018; Gandal, Haney, et al., 2018). The PGC BD GWAS corroborated these 

correlations, revealing the genetic proximity of BD-I to schizophrenia and BD-II to MDD 

(Mullins et al., 2021). 

GM alterations have been widely studied in BD patients, showing reduced volumes in 

cortical and subcortical regions related to fronto-limbic neural circuits (Phillips & Swartz, 

2014; Teixeira et al., 2019). Among the subcortical regions, amygdala and hippocampus 

have been highlighted as having reduced volumes in BD patients compared to HC 

(Foland-Ross et al., 2012; Wijeratne et al., 2013). Despite evidence of volume reductions, 

other studies have identified increased volumes in these same regions (Lisy et al., 2011). 

However, a potential confounding variable that might account for the variability in the 

findings could be the extent of exposure to mood stabilizers like lithium, which is believed 

to enhance GM volume, potentially through neurogenesis (Zung et al., 2016). Volume 

alterations in BD patients have also been reported in cortical fronto-insular regions, 

including ACC, ventral prefrontal cortex (vPFC), superior temporal gyrus (STG), and 

insular structures (Bora et al., 2010; Foland-Ross et al., 2011; Hanford et al., 2016). 

Several alterations in WM microstructure in limbic, frontal, parietal, and fronto-occipital 

systems have been observed in BD (Vai et al., 2019). Disrupted tracts encompass the 

fornix (FX), CB, corpus callosum (CC), and corona radiata (CR) (Benedetti et al., 2011; 

Emsell et al., 2013). Moreover, measures of interhemispheric integration and efficiency 

were significantly attenuated in the anterior section of the CC, compared to HC (Leow et 

al., 2013). 

Functional abnormalities within fronto-limbic structures are believed to underlie the 

emotional and mood irregularities seen in BD (Phillips et al., 2008; Strakowski et al., 

2005). This mechanism is characterized by an imbalance between overactivity of the 

emotional ventral system, comprising the amygdala, insula, ventral striatum (VS), ACC, 

and prefrontal cortex (PFC), and the underactivity of the dorsal system, which comprises 

the hippocampus, dACC, and dlPFC (Vai et al., 2019). Meta-analytic evidence has 

pointed out a reduced activation of the ventrolateral PFC (vlPFC) accompanied by 

increased activation in limbic structures (C.-H. Chen et al., 2011; Delvecchio et al., 2013). 

Additionally, task-based functional connectivity (FC) between dlPFC and amygdala has 

been found to be weaker in BD patients, compared to HC, during emotion-regulation 

tasks. Several rsFC alterations have also been reported between the PFC, ACC, and 
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mesolimbic regions, such as amygdala, thalamus, and insula (Anand et al., 2009; 

Anticevic et al., 2013; Chai et al., 2011; L. Chen et al., 2018; Chepenik et al., 2010; Ellard 

et al., 2018; M. Li et al., 2015; C.-H. Liu et al., 2012; Lois et al., 2014; Ongür et al., 2010). 

Intra-network connectivity is disrupted as well in the DMN and limbic networks (Doucet 

et al., 2017; Wang et al., 2017). 

Research has delved deeply also into the role of inflammation and immune system 

dysregulation in BD, revealing intricate details through various studies and experiments. 

One theory suggests a significant role of impaired T cell regulation in the etiopathogenesis 

of BD and MDD. While both disorders exhibit T cell deficits, the timing differs. MDD 

patients show early impaired maturation of Th2 and Th17 cells, worsening with age, 

characterized by reduced T regulatory cells and heightened inflammatory monocyte 

activation. In contrast, BD patients have fewer regulatory T cells early in life, with levels 

normalizing as they age (Drexhage et al., 2011; Grosse et al., 2016).  

Focusing on cytokines, several studies found increased IL-6 levels in BD patients 

irrespective of the disease phase (G. Anderson & Maes, 2015; Benedetti et al., 2020). Not 

only elevated IL-6, but also higher TNF-α levels and reduced anti-inflammatory IL-4 

have been reported in BD patients compared to controls (Kim et al., 2007). Interestingly, 

mood stabilizers appeared to lower IL-6 levels after six weeks of treatment, pointing to 

their potential immune-regulating effects.  

However, TNF-α research yields inconsistent results. Contrasting findings exist regarding 

TNF-α levels in BD patients. Elevated levels of TNF-α were found in both manic and 

depressed BD patients when compared to HC (O’Brien et al., 2006; Ortiz-Domínguez et 

al., 2007). However, other research did not observe these differences (Brietzke et al., 

2009). Notably, a meta-analysis indicated higher levels of TNF-α and sTNF-R1 in manic 

individuals when contrasted with euthymic patients and HC, as well as increased TNF-α 

in depressed patients in comparison to the control group, pointing to the potential of TNF-

α as a marker for different BD states (Munkholm et al., 2013).  

C-reactive protein (CRP) levels have been observed to vary in different phases of BD, 

diminishing by 42% in depressive states compared to euthymic periods and 48% in 

comparison to manic episodes (Jacoby et al., 2016). This observation is reinforced by 

reports of heightened CRP in BD patients, especially during manic episodes, with a 

moderate decrease upon transitioning to euthymia (Fernandes et al., 2017). Moreover, 
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elevated baseline CRP in men experiencing depression was significantly linked with the 

onset of manic symptoms over a two-year span (Becking et al., 2013). 

In terms of adaptive cytokines, the research presents divergent results. No substantial 

disparities were noted in IL-2 and INF-γ levels between BD patients and HC, whereas 

another study indicated elevated IL-2 levels in HC compared to both manic and depressed 

BD subjects (Kim et al., 2007; Ortiz-Domínguez et al., 2007). When considering 

chemokines, higher plasma levels of CCL11, CCL24, and CXCL10, along with 

diminished CXCL8, were documented in BD-I patients in contrast to controls, suggesting 

a possible chemokine imbalance as an inherent feature of BD due to their function in 

immune reactions and neurogenesis (Barbosa et al., 2013; Teixeira et al., 2018). 

Furthermore, lithium therapy in euthymic BD patients was found to restore normal 

cytokine levels, potentially through the inhibition of GSK-3, which is instrumental in 

controlling cytokine creation and immune responses. This insight is crucial given the link 

between manic episodes and a rise in CRP and pro-inflammatory cytokines (Fernandes et 

al., 2016; van den Ameele et al., 2016). 

1.4. Cognitive deficits in mood disorders 

Beyond emotional disturbances, mood disorders also affect cognitive functioning 

(Douglas et al., 2018; Rock et al., 2014), which is considered as a core feature by the 

Research Domain Criteria (RDoC, Pan et al., 2019). Both MDD and BD patients 

frequently experience compromised performance in a wide span of cognitive domains, 

such as attention, memory, executive functions, and processing speed (Bortolato et al., 

2016; Bourne et al., 2013; Rock et al., 2014). Meta-analytic evidence involving 644 

individuals experiencing their first episode of depression in comparison to 570 HC, 

revealed deficiencies in psychomotor speed, attention, and executive functions, including 

attentional shifting, verbal fluency, and cognitive flexibility (R. S. C. Lee et al., 2012). 

Longitudinal studies have also shown that, compared to HC, mood disorder patients are 

at an increased risk of developing mild cognitive impairment and dementia, as a function 

of depressive episodes (Kessing & Andersen, 2017; Varghese et al., 2022). Crucially, 

cognitive dysfunction has been shown to be associated to poor response to treatment and 

a predictor of occupational and social functional impairment, with significant impacts on 

quality of life of the patients (Douglas et al., 2018; Pan et al., 2019; Poletti, Mazza, et al., 

2021; Rock et al., 2014). Cognitive deficits also persist beyond acute depressive phases 
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(Rock et al., 2014), suggesting that they may represent a core feature of the disorder rather 

than being merely epiphenomenal to mood symptoms. 

The precise neurobiological mechanisms driving cognitive impairments in depression 

remain incompletely understood. However, various levels of analysis, including genetics, 

molecular factors, cellular processes, and neural circuits, have all been implicated (Pan et 

al., 2019). The prevailing hypothesis suggests disruptions in the structure, function, and 

interconnections of brain circuits associated with cognitive control and function in MDD 

patients. Structural and functional alterations of the fronto-temporal and fronto-

subcortical circuitry have been suggested to be key in the emergence of cognitive 

symptoms in depression, involving regions whose alterations play an important role in 

depression, such as hippocampus, amygdala, and ACC (Jiao et al., 2011; Pizzagalli, 

2011). Executive functions can be affected by abnormalities in dorsal cognitive networks, 

comprising dACC, dlPFC, and hippocampus. Similarly, the ventral affective networks, 

which include the perigenual ACC, the amygdala, and the OFC, alongside the 

hippocampus, play a significant role in multiple cognitive tasks. These tasks range from 

determining salience, planning, working memory, and executive functions (Kheirbek & 

Hen, 2011). 

Cognition is also supported by both interconnected and segregated mechanisms, 

depending on a balanced relationship between combined and separate cognitive 

structures. For instance, anti-correlation, meaning the selective alternating activation and 

deactivation of certain brain areas, is vital for optimal cognitive performance (Cha et al., 

2014). Disruptions in the usual balance between key structures within the DMN might 

lead to the cognitive deficits and diminished cognitive proficiency seen in individuals 

with depression (J. P. Hamilton et al., 2011). 

Furthermore, cognitive impairment in mood disorders has been linked to WM alterations 

in widespread set of tracts, comprising CR, CC, inferior (ILF) and superior (SLF) 

longitudinal fasciculi, inferior fronto-occipital fasciculus (IFOF), and CB (Melloni et al., 

2019; Poletti et al., 2015). Additionally, alterations in some of these tracts have also been 

found to negatively mediate the effects of duration of illness on the cognitive outcome 

(Melloni et al., 2019). 

Abnormalities in neural circuitry may also stem from imbalances in hormonal regulation, 

such as insulin resistance and glucocorticoid irregularities, dysregulation of neurotrophins 
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like brain-derived neurotrophic factor, heightened immunoinflammatory responses, and 

oxidative stress (Andreazza, 2012; M. Li et al., 2011; McAfoose & Baune, 2009; Ryan et 

al., 2012). Type 2 diabetes mellitus (T2D) and insulin resistance have been linked to 

cognitive impairments in mood disorders, through alterations in proapoptotic intracellular 

signalling cascades (Baker et al., 2011; McIntyre et al., 2009). Furthermore, activation of 

proinflammatory cytokines might contribute to the development of cognitive symptoms 

(Bortolato et al., 2015; Pan et al., 2019; Poletti, Mazza, et al., 2021).  

High levels of CRP in patients have been linked to impairments in memory and attention 

(Chung et al., 2013). General cognitive dysfunction has been associated also to higher 

peripheral levels of IL-6, CD40 ligand, IL-1 receptor antagonist (IL-1Ra) (Barbosa et al., 

2018; Doganavsargil-Baysal et al., 2013; Hope et al., 2015). TNF-α has been shown to 

have a positive relationship with inhibitory control (Barbosa et al., 2012) and a negative 

association with verbal memory (Doganavsargil-Baysal et al., 2013). Furthermore, TNF- 

α antagonists have been shown to mitigate cognitive impairment (Bortolato et al., 2015). 

1.5. Precision psychiatry and machine learning techniques 

Precision psychiatry represents an emerging approach, emphasizing the integration of 

several biological facets to tailor therapeutic interventions to the individual patient. 

Rather than utilizing the traditional one-size-fits-all model, precision psychiatry seeks to 

individualize treatment based on a deeper understanding of the underlying mechanisms 

and factors influencing psychiatric disorders (Fernandes et al., 2017; Insel & Cuthbert, 

2015). Despite the efforts invested in defining the biological underpinnings of mood 

disorders have been key in the development of the field and in promoting the shift towards 

a personalized framework, the applied statistical approach limits the translational impact 

of the findings into the clinical practice (Nielsen et al., 2020; Vai et al., 2020). The cause 

resides in the application of average-group univariate statistics, which does not allow the 

definition of a generalizable predictive function (Vai et al., 2020). Conversely, machine 

learning (ML) techniques enable the prediction at the single-subject level, providing 

estimates of the algorithm generalisation ability in out-of-sample observations (Nielsen 

et al., 2020; Walter et al., 2019).  

There are several methods to assess the generalisation ability of models (Varoquaux et 

al., 2017). A first strategy is the hold-out validation, in which the available data is split 

into two parts: a training set and a test set. The model is trained on the training set and 
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evaluated on the test set. This procedure allows to evaluate the model's predictive 

performance on observations it was not trained on. Another common strategy to assess 

the generalisation ability is the k-fold cross-validation (CV) technique, which consists in 

partitioning the dataset into 𝑘 folds. The model is then iteratively trained on all the folds 

but one, which is left out as a test set. At each iteration, the model is trained on the joint 

𝑘 − 1 folds (i.e., training set) and applied on the 𝑘𝑡ℎ left-out fold (i.e., test set). At the 

end of the process, all the folds have been used as a test set once, obtaining a predicted 

value for each observation. This allows to assess the generalization ability of the model 

on all the observations when they are not included in the training phase of the model but 

instead used as out-of-sample observations. Another CV scheme is the leave-one-out 

(LOO) CV, which is a special case of k-fold CV in which 𝑘 = 𝑛, where 𝑛 is the number 

of observations. In this case, at each iteration, one observation is left out as a test set, and 

the model is trained on the remaining samples. Despite the advantage of LOO CV in 

maximizing the sample size of the training set, it has been shown to be less reliable than 

k-fold CV (Varoquaux et al., 2017).  

Another crucial aspect in precision psychiatry is the combination of several sources of 

information. To create predictive models that can generalize to previously unseen 

observations, the greatest amount of information possible is needed. For this reason, the 

framework of precision psychiatry requires the integration of features, information, and 

knowledge from multiple systems and at different scales (Fernandes et al., 2017). 

However, such an integration leads to the creation of large datasets, where observations 

are described in a very high dimensional space. Univariate statistics, though, are 

underpowered to deal with very high dimensional data, whereas ML is well equipped to 

handle such scenario (Breiman, 2001; Friedman et al., 2001). Nonetheless, when in a ML 

framework, high dimensional data still poses the threat of overfitting. Overfitting consists 

in extracting a function that can perfectly describe the training data, but cannot be 

generalised to unseen observations (Guyon & Elisseeff, 2003; Hua et al., 2009).  

Some possible ways to mitigate this risk are supervised and unsupervised feature 

reduction methods, as well as embedded feature selection methods (e.g., elastic net 

penalized regression – EN), or kernel methods (e.g., support vector machine – SVM) 

(Mwangi et al., 2014). Additionally, though, these methods often require some free hyper-

parameters to be set. The optimal value for the hyper-parameter is usually unknown, 
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requiring a tuning over a set of possible values. To find the hyper-parameters’ values that 

best generalize to unseen data, a nested CV scheme is required. In nested CV, the training 

set is further iteratively split into training and test sets, creating an inner CV loop. With 

the application of this scheme, hyper-parameters can be optimized, and overfitting can be 

avoided, yet still enabling assessment of out-of-sample generalization ability of the 

model. For these reasons, ML procedures seem particularly suitable to overcome the 

limits of average-groups univariate statistics and to promote the implementation of tools 

that can be effectively used in clinical practice (Fernandes et al., 2017; Varoquaux et al., 

2017). 

1.6. Problem statement 

Despite the availability of new interventions, the burden of mood disorders is still 

growing, with roughly one third of patients being unresponsive to antidepressant (Radua 

et al., 2017; Wittchen, 2012). An accurate and timely diagnosis is essential for a proper 

treatment and clinical course. However, the current diagnostic methods rely on the 

clinical assessment of symptoms, which are prone to misdiagnosis or selection of sub-

optimal treatments, leading to potentially poor clinical outcomes as well as greater 

personal and healthcare costs (de Almeida & Phillips, 2013). This is particularly striking 

when considering the differential diagnosis between MDD and BD, which is based on a 

positive history of manic or hypomanic episodes (Han et al., 2019). In general, BD is 

characterised by a higher prevalence of depressive symptoms than hypomanic or manic 

ones, and its onset is usually identified by a depressive episode (Grande et al., 2016; 

Phillips & Kupfer, 2013). Due to this overlapping psychopathology, in particular in the 

early phases, approximately 60% of depressed BD patients are initially misdiagnosed as 

being affected by MDD and wait on average 5–10 years for a correct diagnosis (G. M. 

Goodwin, 2012; Hirschfeld et al., 2003).  

Furthermore, mood disorders also affect cognitive functioning (Douglas et al., 2018; 

Rock et al., 2014). Both MDD and BD patients frequently experience compromised 

performance in a wide span of cognitive domains, such as attention, memory, executive 

functions, and processing speed (Bortolato et al., 2016; Bourne et al., 2013; Rock et al., 

2014). Cognitive symptoms have been reported in acute episodes, in remission and 

euthymia (Cullen et al., 2016; Halvorsen et al., 2012; Poletti et al., 2014), significantly 

affecting the patients’ outcome in psychosocial functioning (e.g., workplace 
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performance) and quality of life (McIntyre, Soczynska, et al., 2015; McIntyre, Xiao, et 

al., 2015). Additionally, cognitive dysfunction has been linked to poor response to 

treatment. Together, these aspects suggest that cognitive impairment represents a core 

dimension of mood disorders, yet lacking proper treatment (Poletti et al., 2014, 2017). 

Consequently, to administer the optimal treatment and find novel therapeutic targets, it is 

crucial to identify reliable biomarkers capable of differentiating between MDD and BD 

patients and that can address the cognitive impairments in mood disorders. Previous 

studies have investigated these aspects, highlighting several abnormalities in genetics, 

inflammatory, as well as both structural and functional neuroimaging markers. However, 

most of these results were obtained using group-average statistics, limiting the 

translational impact of the findings. 
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2. AIM OF THE WORK 

The aim of the present research project is twofold. The first objective is to investigate the 

biological substrate of mood disorders, and how it is differentially expressed in MDD and 

BD patients. The second objective is to identify the biomarkers capable of stratifying 

between cognitively impaired and cognitively intact mood disorder patients. To fulfil 

these objectives, we created ML predictive models, for the differentiation between 

depressed MDD and BD patients, as well as the identification of patients with cognitive 

deficits. The models were based on a wide amount of information, comprising voxel-

based morphometry (VBM) measures, diffusion tensor imaging (DTI)-derived WM-

integrity measures, resting-state fMRI (rsfMRI) features, peripheral inflammatory 

markers (PIMs), and PRS for several disorders and dimensions.  

Importantly, all the methodological choices were oriented to minimize biases and 

maximize the generalizability of the results. State-of-the-art preprocessing pipelines were 

implemented to avoid information spillovers across subjects and to ensure the best 

standards for quality and replicability. Since MRI data were collected with two different 

scanners, a harmonization step was performed on neuroimaging features to mitigate 

potential discrepancies arising from the use of different equipment, which could 

compromise the consistency and reproducibility of downstream analyses and findings 

(Fortin et al., 2017, 2018; Leek et al., 2010; Yi et al., 2018). This harmonization was 

executed employing ComBat (Johnson et al., 2007), which has been proven to effectively 

remove the information related to the scanner (Fortin et al., 2017, 2018; Yi et al., 2018). 

All the features were then entered into ML predictive pipelines to obtain cross-validated 

predictions and estimates of the model’s generalization accuracy. The ML pipeline was 

based on EN for vector-like data, whereas it was based on SVM for image- and matrix-

like data. To concatenate multiple images or features a multiple kernel learning (MKL) 

algorithm was employed. Notably, we also investigated the features that relevantly 

contributed to the predictive models, thus integrating the predictive framework with an 

inferential approach. 

The exploration of such a wide variety of aspects in an integrated and predictive 

framework is novel and it is fundamental to provide a comprehensive understanding of 

mood disorders with a stunning impact on patients’ lives, bysensitivi bridging the gap 

between scientific knowledge and clinical practice. 
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3. RESULTS 

3.1. Descriptive statistics 

The sample was composed by 358 depressed patients (123 males; 235 females; mean age 

48.17±10.35), including 139 MDD and 219 BD depressed patients (Table 1). MDD and 

BD samples did not significantly differ for age, sex, years of education, duration of 

illness, and medication load. Contrarily, a significant difference between MDD and BD 

patients was found for the number of episodes and the age of onset, with MDD patients 

showing fewer episodes and later onset. 

Table 1. Descriptive statistics of the whole sample 

Variable 
Average ± s.d. / N 

t/χ p-value 
Total (N=358) MDD (N=139) BD (N=219) 

Age 48.17 ± 10.34 49.53 ± 10.08 47.36 ± 10.41 1.91 0.057 

Sex 235 F / 123 M 95 F / 44 M 140 F / 79 M 0.55 0.457 

Years of education 12.20 ± 3.78 12.55 ± 3.85 11.97 ± 3.71 1.41 0.158 

Duration of illness 17.61 ± 10.82 17.11 ± 10.65 17.91 ± 10.91 -0.67 0.501 

No. of episodes 10.00 ± 12.10 5.42 ± 5.86 12.94 ± 14.01 -5.98 <0.001* 

Age of onset 30.58 ± 10.99 32.37 ± 12.18 29.45 ± 10.00 2.46 0.014* 

Pharmacological load 4.58 ± 2.22 4.59 ± 2.21 4.57 ± 2.23 0.08 0.933 
Average ± standard deviation is reported for continuous variables, whereas frequency was reported for categorical 

variables. Abbreviations: BD, bipolar disorder; F, female; M, male; MDD, major depressive disorder; s.d., standard 

deviation. * p<.05 

The cognitive performance was assessed through the Brief Assessment of Cognition in 

Schizophrenia (BACS).  For each cognitive domain, the raw scores were corrected for 

demographic variables, according to their effect on the specific domain. An equivalent 

score (ES) was then calculated on the corrected score and dichotomized as impaired and 

not impaired. Performance of the total sample for each cognitive domain of the BACS is 

reported in Table 2.  

Table 2. Cognitive performance. 

Domain Raw score Corrected score Equivalent score 

Verbal memory 35.88 ± 10.8 41.58 ± 10.21 2.08 ± 1.48 

Working memory 17.01 ± 5.31 17.49 ± 5.25 1.60 ± 1.51 

Psychomotor coordination 69.68 ± 18.16 72.13 ± 17.97 1.43 ± 1.50 

Verbal fluency 43.70 ± 14.68 43.86 ± 14.33 2.04 ± 1.43 

Processing speed 37.08 ± 12.83 39.82 ± 12.07 1.00 ± 1.29 

Executive functions 14.72 ± 4.07 15.11 ± 3.98 2.12 ± 1.56 
Average ± standard deviation is reported for raw, corrected, and equivalent scores, in each domain. 

As a main target for cognitive impairment, a composite score was calculated across all 

the domains, capturing an overall global impairment (i.e., impaired vs. not impaired). 

Descriptive statistics highlighted that 32.74% of the patients had an overall global 
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cognitive impairment. The cognitively impaired group was significantly older, with fewer 

yeas of education, and lower pharmacological load (Table 3).  

Table 3. Descriptive statistics of the subsample with BACS comparing cognitively intact and 

cognitively impaired patients at the composite score. 

Variable 

Average ± s.d. / N 

t/χ 
p-

value Total (N=168) 
Not impaired 

(N=113) 

Impaired 

(N=55) 

Age 47.77 ± 10.77 46.08 ± 10.29 51.24 ± 10.91 -2.97 0.003* 

Sex 103 F / 65 M 75 F / 38 M 28 F / 27 M 3.11 0.078 

Diagnosis 
79 BD / 

89 MDD 

51 BD / 

62 MDD 

28 BD / 

27 MDD 
0.29 0.590 

Years of education 13.01 ± 3.66 13.56 ± 3.59 11.89 ± 3.55 2.82 0.005* 

Duration of illness 17.89 ± 11.40 17.17 ± 11.00 19.36 ± 12.03 -1.17 0.244 

No. of episodes 7.94 ± 8.66 7.48 ± 8.08 8.89 ± 9.69 -0.99 0.324 

Age of onset 29.88 ± 11.22 28.91 ± 10.34 31.87 ± 12.59 -1.61 0.110 

Pharmacological load 4.49 ± 2.01 4.17 ± 1.96 5.15 ± 1.97 -3.00 0.003* 
Average ± standard deviation is reported for continuous variables, whereas frequency was reported for categorical 

variables. Abbreviations: BD, bipolar disorder; F, female; M, male; MDD, major depressive disorder; s.d., standard 

deviation. * p<.05 

The descriptive statistics for all the single domains are reported in Appendix 1-6. Notably, 

89.29% of the patients was impaired in at least on cognitive domain and 79.17% of the 

patients were characterized by impairment in more than one domain. The domain with 

the highest frequency of impairment was processing speed (73.81%), followed by 

working memory (57.74%), coordination (56.55%), verbal memory (41.07%), executive 

functions (37.50%), and verbal fluency (36.31%). 

3.2. Combat assessment 

To assess whether the ComBat algorithm effectively removed the information related to 

the MRI scanners from neuroimaging features, the accuracy of scanner-classification 

models was compared between pre- and post-correction (Figure 1A). Before correction, 

the models were very efficient in identifying the scanner with which observations were 

acquired, achieving a balanced accuracy (BA) in the 94.00-100.00% range. After 

correction, the ability of the models to differentiate between scanners dropped to a BA 

between 25.00% a 56.31%. Predictive accuracy of the rsfMRI features decreased by 42.00 

percentage points for atlas-based connectivity (ABC), 44.00 points for dual regression 

components (DRCs) and seed-based connectivity (SBC), and 73.00 and 75.00 points for 

fractional amplitude of low-frequency fluctuations (fALFF) and regional homogeneity 

(ReHo), respectively. Considering DTI diffusivity measures, predictive accuracy 

decreased by 68.12 percentage points for axial diffusivity (AD), 66.06 points for 
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fractional anisotropy (FA), 63.81 points for mean diffusivity (MD), and 63.30 points for 

radial diffusivity (RD). VBM accuracy in scanner differentiation decreased by 43.69 

percentage points. Complete description of the performance of the models is provided in 

Appendix 7.   

 

Figure 1. BA of the classification for (A) differentiation between the two scanners, (B) MDD vs. 

BD, and (C) cognitively intact vs. impaired. Results are reported for both pre- and post-ComBat 

correction, and for each MRI-derived feature.  

Abbreviations: ABC, atlas-based connectivity; AD, axial diffusivity; BA, balance accuracy; 

DRCs, dual regression components; FA, fractional anisotropy; fALFF, fractional amplitude of 

low-frequency fluctuations; MD, mean diffusivity, RD, radial diffusivity; ReHo, regional 

homogeneity; SBC, seed-based connectivity; VBM, voxel-based morphometry. 

To make sure that the correction process did not remove effects of interest, we also 

created pre- and post-correction models predicting the targets of interest (i.e., diagnosis 

and composite score at the BACS). No covariates were introduced in these models, in the 

attempt to isolate the effect of correction. In the models differentiating between MDD 

and BD (Appendix 8), only VBM showed a decrease in predictive performance, losing 

7.25 percentage points of BA after ComBat correction. On the other features, the 

correction led to an improvement in the predictive accuracy, showing an increase of 5.52 
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percentage points for ABC, 19.11 points for DRCs, 0.13 points for fALFF, 3.40 points 

for ReHo, 12.75 points for SBC, and 4.33, 2.47, 7.31, and 3.90 points for AD, FA, MD, 

and RD respectively (Figure 1B).  

Concerning the identification of cognitively impaired patients (Appendix 9), several 

features showed a growth in model’s performance after the correction, with an increase 

of 5.00 percentage points for ABC, 9.76 points for ReHo, 1.91 points for SBC, 2.89 points 

for FA, 1.33 points for MD, and 4.55 points for RD. Contrarily, DRCs, AD, and VBM 

showed a reduction in predictive performance after correction of 5.95, 3.00, and 1.00 

percentage points, respectively. The predictive accuracy of fALFF was the same between 

before and after correction (Figure 1C). 

3.3. Diagnosis differentiation 

3.3.1. Performance of the models  

The results of the models differentiating between MDD and BD patients are summarised 

in Table 4. The best model was the MD-based model, with BA of 70.05%, sensitivity of 

67.57%, specificity of 72.52%, negative predictive value (NPV) and positive predictive 

value (PPV) of 71.32% and 69.03% respectively, and 0.76 of area under the curve (AUC). 

Overall, all the DTI diffusivity measures reached an accuracy around 70%, except for FA 

that achieved a BA of 63.24%. Also the models based on SBC maps and PIMs reached a 

good performance, with BA of 66.22% and 62.39% respectively. The 1000-permutation 

test revealed that these models generated predictions significantly more accurate than a 

distribution of null models, whereas the other features could not significantly differentiate 

between diagnoses. 

Table 4. Performance metrics for the models differentiating between MDD and BD patients. 
Feature Algorithm BA Sens Spec NPV PPV AUC p-

value 

FDRq-

values 

MD SVM 70.05 67.57 72.52 71.32 69.03 0.76 0.001 0.002* 

RD SVM 69.62 63.67 75.57 72.31 67.90 0.75 0.001 0.002* 

AD SVM 69.07 66.71 71.43 70.79 68.47 0.78 0.001 0.002* 

SBC MKL 66.22 69.36 63.08 65.47 68.05 0.71 0.002 0.003* 

FA SVM 63.24 61.62 64.86 64.56 62.61 0.73 0.001 0.002* 

PIMs EN 62.39 61.40 63.38 57.38 67.16 0.62 0.008 0.011* 

fALFF SVM 57.37 63.33 51.41 56.76 58.33 0.58 0.071 0.085 

ReHo SVM 56.22 64.23 48.21 54.71 58.24 0.61 0.098 0.103 

VBM SVM 52.27 62.73 41.82 52.50 51.63 0.53 0.224 0.209 

Combined MKL 51.19 59.05 43.33 52.22 48.96 0.51 0.343 0.288 
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PRS EN 50.61 40.20 61.02 64.06 37.11 0.51 0.659 0.426 

BACS EN 50.50 80.77 20.22 47.01 54.55 0.50 0.769 0.461 

DRCs MKL 49.23 45.51 52.95 49.54 49.16 0.50 0.553 0.400 

ABC SVM 48.46 51.92 45 48.75 47.74 0.46 0.571 0.400 

For each feature, accuracy metrics and p-value at the permutation test are reported. Models are sorted from the best to 

the worst model, considering BA. Abbreviations: ABC, atlas-based connectivity; AD, axial diffusivity; AUC, area 

under the curve; BA, balance accuracy; BACS, brief assessment of cognition in schizophrenia; DRCs, dual regression 

components; FA, fractional anisotropy; fALFF, fractional amplitude of low-frequency fluctuations; MD, mean 

diffusivity; NPV, negative predictive value; PIMs, peripheral inflammatory markers; PPV, positive predictive value; 

PRS, polygenic risk score; RD, radial diffusivity; ReHo, regional homogeneity; SBC, seed-based connectivity, Sens, 

sensitivity; Spec, specificity; VBM, voxel-based morphometry. * FDR corrected p<0.05 

3.3.2. Feature importance of the DTI-based models for diagnosis differentiation 

Feature importance analyses revealed that the DTI-based models comprised a widespread 

and mostly shared pattern across diffusivity measures, with BD patients showing average 

higher values in all the tracts and all the diffusivity measures. 

The AD model (Figure 2A) relied on the contribution of the CC, the middle cerebellar 

peduncle (MCP), the pontine crossing tract (PCT), the bilateral CB, corticospinal tract 

(CST), internal (IC) and external (EC) capsule, sagittal stratum (SS), and superior corona 

radiata (SCR), the left superior cerebellar peduncle (SCP) and uncinate fasciculus (UF), 

and the right fronto-occipital fasciculus (FOF).  

In the FA model (Figure 2B), the differentiating tracts were the FX, the genu of CC 

(GCC), the MCP and left cerebellar peduncle (CP), the bilateral CB, CST, medial 

lemniscus (LM), posterior thalamic radiation (PTR), superior fronto-occipital fasciculus 

(SFOF), SLF, and UF, and the right IC and EC, anterior CR (ACR), SS, and stria 

terminalis (ST).  

The tracts that contributed to the prediction in the MD-based model were the GCC, the 

MCP and left CP, the bilateral IC, EC, CB, CST, the left LM, CR, and UF, and the right 

PTR, ST, and SFOF (Figure 2C).  

The RD model revealed that the predictive tracts were the GCC, the FX, the MCP and 

bilateral inferior CP (ICP), the bilateral CB, ST, and UF, the right ACR, IC, CST, PTR, 

and SFOF, and left EC, LM, and SLF (Figure 2D). 
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Figure 2. Median feature importance of the white matter tracts for the differentiation between 

MDD and BD patients for the A) AD-based model, B) FA-based model, C) MD-based model, 

and D) RD-based model. Only the tracts with median importance>0 are reported.  

Abbreviations: ACR, anterior corona radiata; AD, axial diffusivity; AIC, anterior limb of internal 

capsule; ATR, anterior thalamic radiation; BCC, body of corpus callosum; BD, bipolar disorder; 

CB, cingulum bundle; CH, thalamic portion of cingulum; CP, cerebellar peduncle; CR, corona 

radiata; CST, corticospinal tract; EC, external capsule; FA, fractional anisotropy; FOF, fronto-

occipital fasciculus; FX, fornix; GCC, genu of corpus callosum; IC, internal capsule; ICP, inferior 

cerebellar peduncle; IFOF, inferior fronto-occipital fasciculus; ILF, inferior longitudinal 

fasciculus; L, left; LM, medial lemniscus; MCP, middle cerebellar peduncle; MD, mean 

diffusivity; MDD, major depressive disorder; PCT, pontine crossing tract; PIC, posterior limb of 

internal capsule; PTR, posterior thalamic radiation; R, right; RD, radial diffusivity; RIC, 

retrolenticular part of internal capsule; SCP, superior cerebellar peduncle; SCR, superior corona 

radiata; SFOF, superior fronto-occipital fasciculus; SLF, superior longitudinal fasciculus; SS, 

sagittal stratum; ST, stria terminalis; UF, uncinate fasciculus. 
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3.3.3. Feature importance of the SBC-based model for diagnosis differentiation 

Feature importance analyses of the SBC model (Figure 2) showed that the predictive 

function relied on connectivity maps with periaqueductal grey (PAG), precuneus, the 

bilateral VS, the right inferior parietal lobule (IPL), rostral ACC (rACC), supramarginal 

gyrus (SMG), posterior insula (PI), and hippocampus, and left vlPFC, amygdala, and 

inferior temporal gyrus (ITG) as seed.  

 

Figure 3. Median feature importance of the SBC maps for the differentiation between MDD and 

BD patients. Only the seeds with median importance>0 are reported.  

Abbreviations: BD, bipolar disorder; IPL, inferior parietal lobule; ITG, inferior temporal gyrus; 

L, left; MDD, major depressive disorder; PAG, periaqueductal grey; PI, posterior insula; R, right; 

rACC, rostral anterior cingulate cortex; SBC, seed-based connectivity; SMG, supramarginal 

gyrus; vlPFC, ventrolateral prefrontal cortex, VS, ventral striatum. 

To identify the connectivity patterns that significantly differentiated the diagnoses, 

additional models based on the single SBC maps were estimated (Table 5). When the 

SBC maps were considered separately for each seed, the models based on the FC map 

between the VS and the rest of the brain reached the best performance, with a BA of 

70.06% for the left VS and 69.23% for the right VS. The SBC map seeded in the right PI 

was able to differentiate between MDD and BD with 66.60% of BA. Using left amygdala 

and right hippocampus as seeds for SBC maps the predictive BA was 64.29% and 62.18% 

respectively. The model based on PAG achieved a BA of 61.47% in differentiating the 
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two diagnostic groups. All these models performed significantly better than a distribution 

of null models, as assessed by the permutation test. Contrarily, the remaining models 

based on left ITG and vlPFC, right SMG, rACC, and IPL, and the precuneus did not reach 

significance threshold (p<0.05). 

Table 5. Accuracy metrics of the models based on the single seeds SBC maps for the 

differentiation between MDD and BD patients. 

Feature BA Sens Spec NPV PPV AUC p-value 

VS L 70.06 66.28 73.85 71.74 72.81 0.75 0.001* 

VS R 69.23 79.23 59.23 67.10 73.86 0.76 0.001* 

PI R 66.60 70.90 62.31 67.36 66.48 0.72 0.002* 

Amygdala L 64.29 69.10 59.49 63.12 65.79 0.71 0.005* 

Hippocampus R 62.18 64.74 59.62 62.05 63.61 0.70 0.008* 

PAG 61.47 62.95 60.00 63.47 60.12 0.73 0.016* 

ITG L 56.22 61.28 51.15 55.81 57.80 0.60 0.107 

SMG R 55.71 58.21 53.21 58.37 57.19 0.57 0.115 

rACC R 55.58 50.00 61.15 52.61 58.16 0.61 0.108 

vlPFC L 52.44 48.85 56.03 54.19 51.80 0.56 0.281 

Precuneus 52.31 59.74 44.87 51.99 52.77 0.53 0.257 

IPL R 48.53 53.72 43.33 48.30 48.63 0.51 0.584 
For each seed, accuracy metrics and p-value at the permutation test are reported for the differentiation between MDD 

and BD patients. All the models were estimated using SVM. Abbreviations: BD, bipolar disorder; IPL, inferior parietal 

lobule; ITG, inferior temporal gyrus; L, left; MDD, major depressive disorder; PAG, periaqueductal grey; PI, posterior 

insula; R, right; rACC, rostral anterior cingulate cortex; SBC, seed-based connectivity; Sens, sensitivity; SMG, 

supramarginal gyrus; Spec, specificity; vlPFC, ventrolateral prefrontal cortex, VS, ventral striatum. * p<0.05 

3.3.4. Feature importance of the PIMs-based model for diagnosis differentiation 

To identify the PIMs that significantly contribute the differentiation between MDD and 

BD patients, a 1000-bootstrap procedure was applied on the EN model (Figure 4). MDD 

was associated to higher values of SCGF-, GM-CSF, RANTES, IL-16, M-CSF, and 

CCL13. Contrarily, higher levels of CCL8, CCL11, IL-4, and IFN- were associated to 

BD. 
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Figure 4. Mean contribution of the PIMs-based model for the differentiation between MDD and 

BD patients. Only the PIMs with a significant contribution at the bootstrap procedure were 

reported.  

Abbreviations: CCL, C-C motif ligand; GM-CSF, granulocyte macrophage colony stimulating 

factor; IFN, interferon; IL, interleukin; M-CSF, macrophage colony stimulating factor; SCGF-β, 

stem cell growth factor β. 

3.4. Prediction of cognitive deficit 

3.4.1. Performance of the models 

The results of the models for the identification of cognitively impaired patients at the 

composite score are summarised in Table 6. The best predictive performance was reached 

by the models based on DRCs and SBC with 68.33% of BA and 0.73 of AUC; ReHo with 

66.67% of BA and 0.70 of AUC; and VBM with 64.00% of BA and 0.59 of AUC. Also, 

the RD-based models achieved a decent predictive accuracy with 60.44% of BA and 0.66 

of AUC respectively. These models resulted to be significantly better than null models at 

the permutation test, except for the RD-based model that did not survive FDR correction 

for multiple comparisons.  

Table 6. Performance metrics for the models identifying cognitively impaired patients at the 

composite score. 

Feature Algorithm BA Sens Spec PPV NPV AUC p-

value 

FDRq-

values 

DRCs MKL 68.33 56.67 80.00 72.67 66.51 0.73 0.005 0.019* 

SBC MKL 68.33 60.00 76.67 72.33 65.83 0.73 0.006 0.019* 

ReHo SVM 66.67 56.67 76.67 76.33 69.12 0.70 0.003 0.019* 

VBM SVM 64.00 70.00 58.00 66.76 68.67 0.59 0.008 0.019* 

RD SVM 60.44 50.89 70.00 66.24 58.47 0.66 0.035 0.066 

FA SVM 55.11 50.89 59.33 58.13 54.97 0.61 0.146 0.230 
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AD SVM 54.11 54.89 53.33 54.22 56.56 0.61 0.230 0.311 

MD SVM 53.11 48.67 57.56 60.29 53.27 0.63 0.280 0.331 

PRS EN 51.00 61.22 40.78 32.97 68.85 0.51 0.537 0.507 

Combined MKL 50.67 36.00 65.33 46.67 50.86 0.67 0.424 0.445 

PIMs EN 50.62 61.54 39.71 28.07 72.97 0.51 0.836 0.637 

fALFF SVM 45.00 56.67 33.33 45.94 40.67 0.43 0.832 0.637 

ABC SVM 43.33 30.00 56.67 40.33 44.48 0.50 0.876 0.637 
For each feature, accuracy metrics and p-value at the permutation test are reported. Models are sorted from the best to 

the worst model, considering BA. Abbreviations: ABC, atlas-based connectivity; AD, axial diffusivity; AUC, area 

under the curve; BA, balance accuracy; DRCs, dual regression components; FA, fractional anisotropy; fALFF, 

fractional amplitude of low-frequency fluctuations; MD, mean diffusivity; NPV, negative predictive value; PPV, 

positive predictive value; PRS, polygenic risk score; RD, radial diffusivity; ReHo, regional homogeneity; SBC, seed 

based connectivity, Sens, sensitivity; Spec, specificity; VBM, voxel-based morphometry. * FDR corrected p<0.05 

3.4.2. Feature importance of the DRCs-based model for identification of cognitive 

impairment 

The feature importance analyses of the DRCs-based model (Figure 5) revealed that the 

most differentiating components were represented by the ventral DMN (vDMN), primary 

visual network (PVN), posterior (PSN) and anterior (ASN) salience network, bilateral 

executive control network (ECN), and language network (LN).  

 

Figure 5. Median feature importance of the DRCs-based model for the identification of mood 

disorder patients with overall global impairment as measured by the composite score. Only the 

features with median importance>0 are reported. 

Abbreviations: ASN, anterior salience network; DRCs, dual regression components; ECN, 

executive control network; L, left; LN, language network; PSN, posterior salience network; PVN, 

primary visual network; R, right; vDMN, ventral default mode network. 

Additional single-component models were performed, to investigate the predictive 

performance of each DRC separately (Table 7). Only two components were able to 

significantly identify patients with cognitive impairment, referring to the vDMN and left 

ECN. The vDMN component reached 68% of BA and the left ECN achieved 61.67% of 

BA.  
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Table 7. Accuracy metrics of the models based on the single DRCs for the identification of 

patients with cognitive impairment. 

Feature BA Sens Spec NPV PPV AUC p-value 

vDMN 68.33 56.67 80.00 70.48 68.33 0.71 0.003* 

ECN L 61.67 56.67 66.67 70.72 59.06 0.67 0.033* 

PVN 60.00 50.00 70.00 51.62 61.28 0.66 0.067 

ASN 58.33 56.67 60.00 64.29 58.00 0.62 0.091 

PSN 55.00 43.33 66.67 53.64 63.10 0.54 0.177 

ECN R 51.67 43.33 60.00 55.50 49.13 0.48 0.364 

LN 51.67 46.67 56.67 53.46 48.95 0.51 0.366 
For each DRC, accuracy metrics and p-value at the permutation test are reported for the identification of cognitively 

impaired patients. All the models were estimated using SVM. Abbreviations: ASN, anterior salience network; AUC, 

area under the curve; BA, balance accuracy; ECN, executive control network; L, left; LN, language network; PPV, 

positive predictive value; PSN, posterior salience network; PVN, primary visual network; NPV, negative predictive 

value; R, right; Sens, sensitivity; Spec, specificity; vDMN, ventral default mode network. * p<0.05 

3.4.3. Feature importance of the SBC-based model for identification of cognitive 

impairment 

In the SBC model the maps contributing to prediction were seeded in the dorsomedial 

PFC (dmPFC), the PAG, the bilateral SMG, the left VS and middle temporal gyrus 

(MTG), and the right vlPFC (Figure 6). 

 

Figure 6. Median feature importance of the SBC-based model for the identification of mood 

disorder patients with overall global impairment as measured by the composite score. Only the 

features with median importance>0 are reported. 

Abbreviations: dmPFC, dorsomedial prefrontal cortex; L, left; MTG, middle temporal gyrus; 

PAG, periaqueductal gray; R, right; SBC, seed-based connectivity; SMG, supramarginal gyrus; 

vlPFC, ventrolateral prefrontal cortex; VS, ventral striatum. 

To investigate the connectivity patterns that can significantly identify patients with 

cognitive impairment, the SBC maps that contributed to prediction were entered in 

predictive models separately (Table 8). The predictive models that reached significance 

at the permutation test were based on the SBC maps seeded in the left VS (BA=66.67%) 

and MTG (BA=65.00%), and in the right SMG (BA=66.67%).  
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Table 8. Accuracy metrics of the models based on the single seeds SBC maps for the 

identification of patients with cognitive impairment. 

Feature BA Sens Spec NPV PPV AUC p-value 

VS L 66.67 66.67 66.67 69.44 70.00 0.74 0.010* 

SMG R 66.67 70.00 63.33 70.22 67.38 0.73 0.011* 

MTG L 65.00 56.67 73.33 71.33 62.38 0.69 0.015* 

dmPFC 58.33 40.00 76.67 62.00 56.43 0.70 0.108 

vlPFC R 56.67 50.00 63.33 54.89 55.40 0.56 0.130 

PAG 51.67 53.33 50.00 45.00 56.67 0.60 0.356 

SMG L 46.67 40.00 53.33 46.57 46.57 0.43 0.704 
For each seed, accuracy metrics and p-value at the permutation test are reported for the identification of cognitively 

impaired patients. All the models were estimated with SVM. Abbreviations: AUC, area under the curve; BA, balanced 

accuracy, dmPFC, dorsomedial prefrontal cortex; L, left; MTG, middle temporal gyrus; NPV, negative predictive 

value; PAG, periaqueductal grey; PPV, positive predictive value; R, right; Sens, sensitivity; SMG, supramarginal gyrus; 

Spec, specificity; vlPFC, ventrolateral prefrontal cortex; VS ventral striatum. * p<0.05 

3.4.4. Feature importance of the ReHo-based model for identification of cognitive 

impairment 

The ReHo-based model highlighted that the regions capable of identifying cognitively 

impaired patients included both midline and dorsal prefrontal and parietal regions, along 

with temporal structures. Specifically, the right middle frontal gyrus (MFG), posterior 

cingulate gyrus (PCG), and PoCG, and the left superior frontal gyrus (SFG) and STG 

were the regions included in the model, contributing to the prediction (Figure 7). 

 

Figure 7. Median feature importance of the SBC-based model for the identification of mood 

disorder patients with overall global impairment as measured by the composite score. Only the 

features with median importance>0 are reported.  

Abbreviations: L, left, MFG, middle frontal gyrus; PCG, posterior cingulate gyrus; PoCG, 

postcentral gyrus; R, right; ROI, region of interest; SBC, seed-based connectivity; SFG, superior 

frontal gyrus; STG, superior temporal gyrus. 
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3.4.5. Feature importance of the VBM-based model for identification of cognitive 

impairment 

The VBM model relied on a widespread pattern pertaining to different systems (Figure 

8). This pattern encompassed the bilateral opercular part of the inferior frontal gyrus 

(IFGPo), occipital fusiform gyrus (OFuG), and PI, the left amygdala, opercular part of 

the inferior frontal gyrus (IFGPt), middle cingulate gyrus (MCG), occipital pole (OCP), 

thalamus, and temporal pole (TMP), and the right angular gyrus (AG), caudate, frontal 

operculum (FO), ITG, medial frontal cortex (mFC), MFG, and SFG.  

 

Figure 8. Median feature importance of the VBM-based model for the identification of mood 

disorder patients with overall global impairment as measured by the composite score. Only the 

features with median importance>0 are reported.  

Abbreviations: AG, angular gyrus; IFGPo, opercular part of the inferior frontal gyrus; IFGPt, 

triangular part of the inferior frontal gyrus; ITG, inferior temporal gyrus; L, left; MCG, middle 

cingulate gyrus; mFC, medial frontal cortex; MFG, middle frontal gyrus; OFuG, occipital 

fusiform gyrus; PI, posterior insula; R, right; ROI, region of interest; SFG, superior frontal gyrus; 

TMP, temporal pole; VBM, voxel-based morphometry.  
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4. DISCUSSION 

In this work, we created several predictive models for the differentiation between 

depressed MDD and BD patients, as well as for the identification of cognitive impairment 

in mood disorder patients. To fulfil this objective, we applied the ML framework on a 

wide panel of biological information, comprising structural and functional neuroimaging 

(i.e., VBM, DTI-derived measures, and rsfMRI-derived features), PIMs (i.e., cytokines 

and chemokines), and genetics (i.e., PRS for several disorders and dimensions). The 

application of ML techniques allowed us to make predictions at the single-subject level 

and assess model’s performance on unseen data, which is particularly critical in the 

perspective of adopting a translational approach. In particular, we deployed state-of-the-

art analysis pipelines that prevent performance inflation, promote robustness, and allow 

model’s interpretation. The first strength of the work is the application of the Combat 

algorithm to remove the information related to the acquisition with different MRI 

scanners. As a second strength we removed the information related to nuisance variables 

that could intervene as confounders in the prediction. Notably, a wide set of confounders 

was regressed-out, also comprising non-linear effects of age, and the age-by-sex 

interaction effect. Third, we applied a nested CV scheme, avoiding data leakage between 

train and test sets, which increases the reliability of the estimated generalization capacity 

of the model. 

4.1. Diagnosis differentiation 

4.1.1. Models’ performance 

Concerning the differentiation between MDD and BD patients, the diffusivity measures 

derived from DTI images and the SBC maps were the features that led to a classification 

accuracy significantly higher than a distribution of null models. The models based on AD, 

RD, and MD were the best performing with BA higher than 70%, whereas the FA-based 

model was less accurate, with a BA of 64%. These results are in line with and improve 

the predictive performance of previous studies. Specifically, the AD, RD, and MD 

features were previously found to be able to classify the diagnostic groups with accuracy 

between 61% and 66%, whereas FA was found to correctly classify 56% and 68% of the 

cases (Deng et al., 2018; Vai et al., 2020).  

The model based on SBC connectivity maps reached 66% of accuracy, with the 

significant models based on single-seed maps achieving predictive accuracy from 60% to 
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70%. Only one other study investigated the predictive performance of SBC for the 

differentiation between MDD and BD patients, reaching an overall accuracy of 91%, 

using ACC, insula, and amygdalae as seeds (H. Yu et al., 2020). It should be noted, 

though, that these results were obtained on a small sample (N<50) and using a LOO CV 

scheme, which might have led to performance inflation.  

The other rsfMRI features did not significantly classify the diagnoses. Interestingly, 

previous studies obtained a predictive performance in the range 69-86% (M. Li et al., 

2017; Rive et al., 2016; Shao et al., 2019), using degree of centrality (M. Li et al., 2017), 

dynamic communities of networks (Shao et al., 2019), or network connectivity (Rive et 

al., 2016) as features. Despite not being the same features that were used in the present 

work, information related to network connectivity should be present in the features that 

we extracted. However, the study employing network connectivity was the one that 

achieved the lowest predictive accuracy, thus confirming our results. Furthermore, all the 

studies were characterized by small sample sizes (N<100). 

The PIMs also significantly differentiated between MDD and BD with 62% of accuracy. 

This accuracy is lower compared to that obtained in an analogous previous study, in which 

PIMs differentiated between MDD and BD with 90% of accuracy (Poletti, Vai, et al., 

2021). Although it probably does not account for the whole difference in accuracy, it 

should be noted that in this work the effect of an extensive set of covariates was regressed-

out. In the previous work, instead, fewer nuisance affects were considered and addressed 

by inserting them into the model. 

The models based on VBM differentiated the two groups of patients with accuracy around 

chance level. Most of the previous studies reached higher accuracies using kernel 

methods on GM features, yet with very high variability across studies (i.e., accuracy 

range: 54-97%) (He et al., 2017; Redlich et al., 2014; Rive et al., 2016; Rubin-Falcone et 

al., 2018; Serpa et al., 2014). It should be noted that in all these studies, the implemented 

CV scheme was a LOO (Redlich et al., 2014; Rubin-Falcone et al., 2018; Serpa et al., 

2014), which has been proven to be less reliable than the k-fold scheme implemented in 

the current work (Colombo et al., 2022; Varoquaux et al., 2017). Furthermore, the sample 

size of the previous studies was very small (N<60), and when testing the performance of 

the model on an external validation set the accuracy dropped by around ten percentage 

points (Redlich et al., 2014; Rubin-Falcone et al., 2018). Only one study achieved a very 
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high classification accuracy of 97.9% with a SVM on GM features (He et al., 2017). In 

this case, beyond the low sample size, a feature reduction procedure was carried-out 

outside the CV scheme, which could have further induced inflated performance on the 

test set, due to information spillover (Colombo et al., 2022; Mwangi et al., 2014). Lastly, 

a study differentiating MDD and BD adolescents from the ABCD cohort using a SVM 

with recursive feature elimination achieved around 80% accuracy with GM-related 

features (Y. Liu et al., 2022). The study was multicentric and implemented a leave-one-

site-out CV embedding a 10-fold CV scheme. Importantly, though, none of these studies 

removed the effect of confounding variables (Rubin-Falcone et al., 2018). Notably, in one 

previous study from our group, VBM features were used to differentiate between MDD 

and BD patients, reaching 69.59% of accuracy (Vai et al., 2020). When combining GM 

and WM features with a MKL algorithm, the model reached 73.65% of accuracy, with 

VBM being the most predictive feature. Therefore, these results appear to be in contrast 

with the findings of the present work. However, despite the high similarity between the 

two studies, some differences should be considered. First, these previous models were 

trained on a smaller sample. Furthermore, the set of covariates that was used in the current 

work was more complete, including also non-linear and interaction effects. Lastly, in the 

present work, the features underwent a harmonization procedure using the ComBat 

algorithm. It is worth noting that the differentiating power of VBM decreased by 7 

percentage points after harmonization, going from 62% of accuracy to 55% after 

correction, suggesting that the ComBat algorithm might have removed some biological 

information.  

The models based on BACS and PRSs did not significantly differentiated between MDD 

and BD patients, reaching predictive accuracies around 50%. This suggests that the 

cognitive profile does not differ between the two diagnostic groups. Furthermore, the 

absence of significant predictive information in the PRSs, corroborate and support the 

presence of a shared genetic component between MDD and BD (Coleman et al., 2020). 

The model combining all the features did not reach significance, with accuracy around 

chance level. Although MKL can perform feature selection, a possible explanation of this 

negative result is that a majority of non-predictive features could introduce a high amount 

of noise, driving the model to make erroneous predictions.    
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4.1.2 Models’ interpretation  

The investigation of the DTI-based models revealed that the classification was based on 

widespread, yet subtle, patterns of WM alterations. When interpreting DTI results, 

though, the susceptibility of the diffusion tensor modelling to voxels containing multiple 

orientations should be considered (Jeurissen et al., 2013). Around 90% of WM voxels 

contain crossing-fibers, that is when tracts cross, kiss, branch, or merge (Basser et al., 

2000; Jeurissen et al., 2013). In these voxels, the estimated fiber trajectories might not 

accurately represent the true pathways, resulting in biased estimates. There, anisotropy 

reflects a consensus average fiber direction (Basser et al., 2000; Pierpaoli & Basser, 

1996). On the one hand, this can manifest as an increase in FA due to the crossing of 

tracts with higher intrinsic anisotropy. On the other hand, a decrease in FA can be 

observed due to averaging out of two crossing tracts (Basser et al., 2000; Jeurissen et al., 

2013; Pierpaoli & Basser, 1996). Therefore, while the diffusion tensor offers reliable 

estimates of anisotropy in voxels with uniform fiber direction, these estimates intricately 

depend on the structure and architecture of the tissue in voxels with non-uniform fiber 

directions. However, the pattern found in this work included both coherently oriented 

WM tracts (e.g., CC) and more complex structures (e.g., IC), suggesting that these results 

are not driven by crossing-fibers artifacts, but rather by true anisotropy differences 

(Basser et al., 2000).  

Peculiarly, in these tracts, BD patients were found to have average higher values across 

all the diffusivity measures. These results may appear paradoxical, as the various 

diffusivity measures reflect different, and sometimes opposite, undergoing biological 

processes.  

AD quantifies water molecule displacement parallel to the orientation of axonal fibers, 

reflecting the preferential diffusion along the axons' main trajectory over the 

perpendicularly oriented myelin sheaths. This phenomenon of diffusion anisotropy is not 

solely attributable to the presence of myelin, but is also intricately tied to the axonal 

microarchitecture, encompassing elements such as microtubules and neurofilaments 

(Kinoshita et al., 1999). Preclinical models have demonstrated an inverse relationship 

between AD and axonal pathology, suggesting that a decrease in AD could serve as a 

surrogate indicator of axonal compromission (Boretius et al., 2012; Song et al., 2003; Sun 

et al., 2006). Contrarily, RD represents the diffusivity perpendicular to the axon. Also RD 
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is linked to myelin integrity, but its increase points to disrupted myelination (Song et al., 

2002). MD is the mean molecular motion, independent of tissue directionality. Its 

increase is associated to an enlargement in the extracellular space (Schulte et al., 2005). 

FA measures the anisotropy level within a voxel, assessing the uniformity of direction in 

local tract structures, serving as an indicator of WM integrity. A decrease in FA points to 

disrupted water directionality, often representing structural tissue damage (Schulte et al., 

2005).  

Overall, an increase in AD and FA would be interpreted as an indication of WM integrity, 

whereas an increase in RD and MD values would suggest a disruption of axonal structure. 

Therefore, our results appear to be counterintuitive, since BD patients had higher levels 

across all the measures. However, in chronic diseases, when inflammation, axonal loss, 

axonal injury, and demyelination coexist, the increased isotropic diffusion seems to 

enhance both RD and AD (Winklewski et al., 2018). Higher levels of AD have also been 

reported in neurological developmental pathology that leads to loss of complexity of WM 

traits, or to cellular infiltration, gliosis and extracellular water changes caused by chronic 

inflammation (Aung et al., 2013; Haas et al., 2014). Furthermore, water diffusivity is 

measured on the single voxel, which has a volume of about 1mm3. Even if the estimation 

of the diffusion parameters is performed on an image which includes only voxels that are 

part of the WM skeleton, it is possible that water molecules of volumetric portions of 

voxels containing extra-neuritic space are included in the analysis. Therefore, WM 

damage could make water molecules flowing out of the injured tract, yet still diffusing in 

areas proximal to the tract. Since the flowing water molecules would diffuse in the same 

direction as inside the axon by inertia, this information could cause distorted anisotropy 

calculations (Churchill et al., 2018). Consequently, the concurrent increase in values of 

AD, FA, RD, and MD can be interpreted as being caused by an increase in free-water 

diffusion, reflecting abnormalities of both axon integrity and myelinating processes in 

BD patients. 

Interestingly, for the FA, MD, and RD models the most differentiating tract was the MCP. 

The MCP is core in the cortico-ponto-cerebellar tract (Keser et al., 2015), which has been 

previously found to be impaired in BD patients (Hou et al., 2022). 

The exploration of the SBC model highlighted the importance of FC maps seeded in the 

bilateral VS, right PI and hippocampus, left amygdala, and PAG. These regions are all 
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involved in processing emotions, rewards, stress responses, and pain perception. They are 

all part of an interconnected network that allows humans to experience and react to 

emotional stimuli, whether positive or negative. This includes the modulation of pleasure 

and pain, the processing and response to stressful stimuli, the formation and recall of 

emotional memories, and the regulation of mood and motivation. 

The VS, including the nucleus accumbens, plays a pivotal role in reward anticipation and 

pleasure-related learning, integrating information about rewards and action plans 

(Berridge et al., 2009). It is also crucial in motivational processes, by associating stimuli 

with positive outcomes, thereby influencing behaviour aimed at achieving these outcomes 

(Sesack & Grace, 2010). Additionally, it is thought to be involved in decision-making, 

especially in situations involving cost-benefit analysis (Levita et al., 2009).  

The insula is primarily involved in interoceptive awareness, subjective perception of the 

body's internal state, and the generation of conscious emotional feelings (Craig, 2009; 

Critchley & Harrison, 2013). However, the posterior portion of the insula is particularly 

crucial for the primary somatosensory processing of stimuli, especially those relating to 

pain and temperature (Augustine, 1996; Gehrlach et al., 2019).  

The amygdala is known to be critical in emotional processing, memory consolidation, 

and decision-making (LeDoux, 2007; McGaugh, 2004). It plays a crucial role in fear 

conditioning and modulates the memory consolidation of arousing stimuli (McGaugh, 

2004; Phelps & LeDoux, 2005). The amygdala is also thought to be involved in 

processing rewards and to motivate and reinforce behaviour (LeDoux, 2007; Phelps & 

LeDoux, 2005).  

The hippocampus is well known to be crucial for memory consolidation and spatial 

navigation (Bird & Burgess, 2008; A. M. P. Miller et al., 2014). However, the ventral part 

of the hippocampus is implicated in emotion and stress responses, probably due to its 

connectivity with the amygdala (Bannerman et al., 2004; Fanselow & Dong, 2010; 

Strange et al., 2014). 

The PAG is particularly important in both the descending and ascending modulation of 

pain, through its connections with prefrontal, cingulate, and insular cortices, amygdala, 

and hypothalamus. Specifically, the PAG is particularly dense of opioid µ-receptors, 

through which it probably mediates dopaminergic pathways and induces analgesia (C. Li 

et al., 2016; Vázquez-León et al., 2023; Zelena et al., 2018). It is involved in the 
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modulation of combative defence reactions and fight-or-flight responses (Vázquez-León 

et al., 2023; Weis et al., 2022; Zelena et al., 2018). Given its role in defensive behaviours, 

the PAG appears to be fundamental in the neurocircuitry of fear and anxiety (Weis et al., 

2022). The PAG has also been found be activated during anticipation of a negative 

stimulus, suggesting its involvement in fear conditioning (Roy et al., 2014; Watson et al., 

2016; Zelena et al., 2018).  

Interestingly, all these regions are core components of the reward and aversion circuits, 

which play a key role in motivational control (Liang et al., 2022). The reward system is 

mainly composed by the projections of midbrain dopamine neurons of the ventral 

tegmental area (VTA) to the striatum, amygdala, hippocampus, and PFC (R. G. Lewis et 

al., 2021). It is responsible for mediating the physiological and cognitive processing of 

reward, which consists in associating stimuli to a positive outcome. This association leads 

to adjustments in the individual’s behaviour, oriented to search for that particular positive 

stimulus (R. G. Lewis et al., 2021). Conversely, aversive stimuli can be associated to 

negative outcomes and experiences, such as pain or discomfort. This eventually leads to 

avoidance behaviours, reducing the likelihood to be exposed to similar potentially 

harmful stimuli in the future (W. Chen, 2022). Notably, the key brain regions of the 

aversion pathway include the PAG, amygdala, insula, lateral habenula, medial prefrontal 

cortex, ventral pallidum, and VTA (Liang et al., 2022). 

Both the reward and the aversion circuits have been linked to anhedonia (Liang et al., 

2022). Therefore, the observed differential connectivity patterns in these regions may 

mirror the phenomenological opposite polarity between the depressive and manic phases. 

This view is consistent with a spectral definition of anhedonia, rooted in the hyper- or 

hypo-activation of the reward system, which would reflect behaviours ranging from 

hyperhedonia to anhedonia, respectively (Rizvi et al., 2018). Furthermore, it is not 

completely clear whether anhedonia would represent a state- or trait-like quality, with 

evidence of persisting inter-episode anhedonia (Rizvi et al., 2018; Whitton & Pizzagalli, 

2022). The combination of these two aspects, may support the presence of a trait-like 

spectrum of anhedonia, over which patients are distributed as a function of the state of 

the reward system. This interpretation would also be in line with the reward 

hypersensitivity model of BD, which posits that stable reward hypersensitivity would be 

responsible for mood swings, as a result of excessive deactivation or activation of the 
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reward system (Bart et al., 2021; Rizvi et al., 2018; Whitton & Pizzagalli, 2022). Overall, 

the different SBC patterns between MDD and BD in the core regions of the reward and 

aversive systems may reflect a differential sensitivity to reward between the two 

diagnostic groups. 

Lastly, the investigation of the model based on PIMs highlighted a differential 

inflammatory profile between MDD and BD patients, which is in line with previous 

evidences (Bai et al., 2015; Brunoni et al., 2020; M.-H. Chen et al., 2019; Kim et al., 

2002; Mota et al., 2013; Poletti, Vai, et al., 2021). Notably, consistently with the current 

results, higher levels of IFN-, IL-4 , and CCl11 have been previously reported in BD 

patients (Barbosa et al., 2013; Wollenhaupt-Aguiar et al., 2020). Furthermore, MDD 

patients have been previously found to have increased concentrations of GM-CSF, CCL5, 

IL-16, M-CSF, CCL13, in line with the results of the present work (Almulla et al., 2023; 

Maes et al., 2022; Powell et al., 2018; Schmidt et al., 2014). This pattern suggests that 

BD patients are associated to a more pro-inflammatory profile, with a main involvement 

of the monocyte/macrophage response. Instead, besides the inflammatory profile, MDD 

patients appear to be also characterized by the activation of regulatory mechanisms 

(Poletti, Vai, et al., 2021). In accordance with this view, up-to-date models for acute 

depression support anti-inflammatory properties of both GM-CSF and M-CSF (Hemmati 

et al., 2019; Ye et al., 2020).   

4.2. Identification of cognitive impairment 

Considering the models for the identification of mood disorder patients with a global 

cognitive impairment (i.e., composite score), the most predictive features were DRCs, 

SBC, ReHo, and VBM, achieving a predictive accuracy higher than 60% and reaching 

almost 70% of BA. These models resulted to be significantly different from a distribution 

of null models, indicating that are based on true information, rather than chance.  

The identification of cognitively impaired patients relied on a widespread pattern of both 

functional and structural alterations. This pattern comprised regions that mostly cover the 

DMN, the salience network (SN), and the ECN. Furthermore, the strength and inter-

network connectivity of the vDMN and the left ECN significantly identified patients with 

cognitive impairment.  

The DMN has been linked to internally directed cognitive activities, such as self-

monitoring and mind wandering, given its deactivation during goal-oriented tasks 



49 

 

compared to its baseline at rest (Anticevic et al., 2012; Raichle et al., 2001). The DMN is 

mainly constituted by ventromedial PFC (vmPFC), PCG, and regions in the medial 

temporal and parietal lobes (Andrews-Hanna et al., 2010; S. Lee et al., 2021; Raichle, 

2015). More specifically, its dorsal component comprises the vmPFC, ACC, AG, OFG, 

SFG, PCG, MCG, thalamus, and hippocampus. The ventral component of the DMN, 

instead, involves the retrosplenial cortex, the PCG, MFG, SFG, AG, middle occipital 

gyrus, precuneus, and parahippocampal gyrus (Andrews-Hanna et al., 2010; S. Lee et al., 

2021; Shirer et al., 2012).  

The ECN has been associated to externally directed higher-order cognitive functions, 

such as attention, working memory, and decision-making (Bressler & Menon, 2010; 

Uddin, 2015). The ECN includes nodes in the left MFG, SFG, IFG, OFG, SMG, AG, 

ITG, MTG, precuneus, superior (SPG) and inferior (IPG) parietal gyri, thalamus and 

caudate (Shen et al., 2020; Shirer et al., 2012).  

The SN is implicated in the detection, integration, and filtering of relevant interoceptive 

and emotional signals. It is mainly composed by a cingulate-frontal operculum system, 

which is anchored in the dACC and anterior insula (Seeley et al., 2007; Shirer et al., 

2012). Notably, the SN also encompasses subcortical structures, such as the amygdala, 

VTA, VS (Menon, 2011).  

Together, these networks are the most prominent macro-scale networks and their aberrant 

functional organization and dynamic cross-talk has been suggested to be implicated in 

several psychiatric and neurological disorders (Menon, 2011; Schimmelpfennig et al., 

2023). During stimulus-driven information processing, the CEN and SN typically show 

increased activation, while the DMN is characterized by reduced activation. The opposite 

pattern is seen with self-referential processes. Notably, the SN is thought to play a key 

role in orchestrating the interaction between the CEN and the DMN, by guiding saliency 

(Menon, 2011; Schimmelpfennig et al., 2023; Seeley et al., 2007). The proper balancing 

between these networks is thought to be crucial for cognitive performance (Anticevic et 

al., 2012; Cha et al., 2014; Fox et al., 2005). Therefore, the results of this work may reflect 

an altered balancing between activation and suppression in these networks.  

However, when considering the models predicting impairment in specific cognitive 

domains, only few of them reached more than 60% of BA, and these few models did not 

achieve statistical significance at the permutation test after correcting for multiple 
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comparisons. These results reveal that patients could be differentiated on a broad 

definition of cognitive impairment, but not on deficits in specific cognitive domains. It 

should be noted, though, that most of the patients were impaired in at least one cognitive 

domain, and frequently they concurrently manifested deficits over multiple domains. 

Therefore, when trying to identify patients impaired in a specific cognitive domain, the 

comparison was not necessarily against cognitively intact patients. Instead, the 

classification was mostly made between patients with cognitive deficit in a specific 

domain and patients who may exhibit deficits in disparate other cognitive domains. This 

potentially introduced some noise into the not-impaired class, thus reducing the predictive 

accuracy of the models, which might explain the negative results.  

Nonetheless, these results still highlight a lack of specificity in the information embedded 

in these features, since they could not differentiate between specific cognitive domains. 

This lack of specificity is in line with the view that cognitive networks are highly 

redundant and pleiotropic: multiple nodes share similar roles and each node participate to 

several functions. On the one hand, such a structure provides considerable resilience to 

disruption. On the other hand, the failure of highly connected hubs can have a disruptive 

effect on the entire network (Millan et al., 2012). 

Furthermore, these results indicate that patients do not stratify on fine-grained cognitive 

dimensions, but rather on coarse-grained cognitive functioning. In this view, these 

findings support the presence of two transdiagnostic subpopulations within mood 

disorders, differentiated by the presence or absence of a global cognitive impairment, 

related to a neurobiological substrate that include prefrontal, temporal, and sensorimotor 

cortices. Furthermore, given their high level of integration and abstraction, the involved 

regions are not only implicated in strictly cognitive functions, but also in emotional and 

social processing, such as emotional regulation and theory of mind. Consequently, there 

is the possibility that these broadly defined cognitive phenotypes might be an 

epiphenomenon overlapping with a better characterized phenotype. For instance, even 

though unrelatedly to cognitive performance, alterations in the DMN and in its balancing 

with other networks at rest have been previously found in depression, with both cognitive 

and emotional implications (Anticevic et al., 2012; J. P. Hamilton et al., 2011; Scalabrini 

et al., 2020). It is also worth noting that despite not having found subpopulations that 

reflect cognitive impairment in specific domains, patients may stratify at different levels 
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of granularity associated to the impairment in different combinations of cognitive 

dimensions.   

Although DTI diffusivity, PIMs, and PRSs alterations have been previously linked to 

cognitive impairments in mood disorders, these features did not significantly identify 

patients with cognitive impairment in this work (Melloni et al., 2019; Millan et al., 2012; 

Poletti et al., 2015; Poletti, Mazza, et al., 2021). A possible explanation for these negative 

results might be that the present experiment is underpowered to detect these effects. For 

instance, the sample size could be insufficient to extract the relevant information needed 

to make predictions at the single subject level, failing to generalize to out-of-sample 

observations. However, in some specific domains, these features were able to identify 

cognitively impaired patients with predictive accuracies higher than 60%. These models 

were also significant at the permutation test, but they did not survive multiple 

comparisons correction. By increasing the number of permutations, the distribution of 

null models may be narrowed, possibly leading to higher inferential power. Lastly, it 

might be that other non-linear algorithms would achieve a better performance. 

Furthermore, the model combining all the features achieved an accuracy around 50%. 

Despite the ability of MKL to perform feature selection, removing non-predictive noisy 

features from the model, it might be that the amount of data and noise to be handled was 

too high in this case. 

4.3. Limits of the study 

Despite the innovations, the advancements, and the state-of-the-art methods of the present 

work, some limitations need to be addressed. First, the design of the present experiment 

was cross-sectional. The data on which the models were based were collected when BD 

were already diagnosed as such, as well as at the same time of cognitive assessment. 

These results should be validated in a longitudinal framework, collecting data at the onset, 

to predict the future switch to mania or the manifestation of cognitive deficits. For the 

same reason, patients were not drug-naïve, which may introduce some bias induced by 

the effects that life-time treatments can have on most of the measures used in this work 

(e.g., neuroimaging and inflammation). Additionally, the absence of ethnic variability in 

the sample limits the generalizability of the findings. Despite being higher than most of 

previous studies, the sample size was still small for machine learning analyses and is 

hardly sufficient to create a validated tool to be translated in real world applications. 
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However, the present work and its result can guide future similar studies that may exploit 

large datasets derived by international consortia, such as the Enhancing Neuro Imaging 

Genetics Through Meta Analysis Consortium (ENIGMA). Furthermore, future studies 

may include more sources of information, such as additional modalities and features. 

Lastly, another possible limitation is the use of two different scanners for the acquisition 

of MRI data. This aspect is known to introduce artifacts, leading to higher variance and 

possibly introducing bias in the findings (Fortin et al., 2017, 2018; Leek et al., 2010; Yi 

et al., 2018). Consequently, these artifacts, also known as batch effects, should be 

accounted for. Currently, the ComBat algorithm has been proven to be extremely 

effective in removing such effects (Fortin et al., 2017, 2018). However, when the 

information related to the batch overlap with the true target signal, ComBat could also 

remove some target-related information, in the attempt to remove the batch effect. To 

prevent this scenario, a set of covariates was modelled in the ComBat algorithm, to protect 

their effect from erroneous removal. Using this strategy, though, in the case of shared 

information between batch and target effects, the performance of the correction may be 

suboptimal. In this work, although the correction worked properly, a difference in the 

predictive accuracy of the targets of interest was observed after correction. Despite most 

of the features being characterized by a slight increase in predictive performance, some 

models showed a more substantial increase, or even a decrease in accuracy. The decreased 

performance was probably due to an overlap between the batch and the target of interest. 

Supporting this view, the predictive accuracy of the VBM-based model was characterized 

by the most pronounced contraction, and concurrently VBM was the feature on which the 

correction was less effective. The increase in performance, instead, can have a twofold 

interpretation. On the one hand, the increase in performance can be interpreted as the 

successful removal of noisy information generated by the batch effect. On the other hand, 

there is the possibility that the increased performance may be caused by involuntary 

injection of a sham signal into the data. Furthermore, since ComBat correction is 

performed at the group level, observations may have influenced each other leading to 

information spillover, and performance inflation in turn.    

4.4 Conclusion 

Overall, we were able to differentiate between MDD and BD patients with accuracy 

around 70%, using ML models based on a comprehensive set of biological data, including 
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structural and functional neuroimaging, inflammatory markers, and genetics. With the 

same set of variables, we were also able to detect cognitively impaired patients with 

similar accuracy, namely 67%. 

Results from diagnosis differentiation suggest that BD patients are characterized by a 

subtly lower integrity of WM over a widespread network, compared to MDD. MDD and 

BD patients were also found to have a different arrangement of functional connections of 

the reward system, probably reflecting the behavioural differences between depression 

and mania. Additionally, a differential inflammatory profile was found to differentiate 

between the diagnostic groups. The identification of patients with cognitive impairment, 

instead, relied on structural and functional alterations in regions belonging to the default 

mode, the executive control, and the salience networks, possibly defining novel 

therapeutic targets for subpopulations of mood disorder patients. 
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5. MATERIALS AND METHODS 

5.1. Participants 

The sample included 358 depressed patients (139 MDD and 219 BD) recruited at the 

IRCCS San Raffaele Scientific Institute, Milan, Italy. Inclusion criteria were: meeting the 

diagnostic criteria for MDD or BD with an ongoing depressive episode according to the 

fifth edition of the Diagnostic and Statistical Manual of Mental Disorders (DSM-5) 

criteria and having a score higher than 8 at the 21-Hamilton Depression Rating Scale 

(HDRS-21) (M. Hamilton, 1960), and being 18-65 years old. To reduce the possibility of 

uncorrected a priori labelling, MDD patients should also have a history of at least two 

previous depressive episodes. Participants were excluded if they had: a major medical 

and neurological disorder, pregnancy, mental retardation, or history of drug or alcohol 

abuse or dependency. 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. The study was approved by the local 

ethical committee. 

5.2. Cognitive assessment 

5.2.1. Battery description 

The degree of cognitive impairment was assessed by administering the BACS to 168 

subjects (89 MDD and 79 BD). BACS is a quick and affordable neuropsychological 

battery originally developed to assess schizophrenia patients, and it is the most frequently 

used tool in clinical trials (Bakkour et al., 2014). Six cognitive domains can be assessed 

by means of paper-and-pen tasks: verbal memory, working memory, coordination, 

processing speed, executive functions, and verbal fluency (Keefe et al., 2004).  

Verbal memory was assessed using a list learning task, wherein patients were asked to 

recall as many words as possible from a previously presented list. To evaluate working 

memory, patients underwent a digit sequencing task that involved arranging clusters of 

numbers in ascending order from lowest to highest, with the length of the number 

sequences progressively increasing. The measurement of motor speed was conducted 

using a token motor task, where motor speed was represented by the patient's ability to 

place previously scattered tokens into a container within a 60 s timeframe. Verbal fluency 

was assessed with two tasks. In the first task, patients were given one minute to name as 
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many words as possible within a given category. In the second task, in two separate trials, 

patients had to generate as many words as possible that begin with a given letter in one 

minute. Symbol coding was used to measure the attention and speed of information 

processing domain, consisting in mapping the as many symbols as possible to numbers 

in 90 s. Executive functions were assessed using the Tower of London task, in which 

patients were instructed to determine the total number of moves required to make a picture 

match the arrangement of another picture, each displaying three differently coloured balls 

arranged on pegs in unique configurations. 

BACS is characterized by speed and efficiency, as the assessment can be conducted in 

around 30 minutes, and provides a reliable, valid, and psychometrically stable assessment 

of cognitive ability in schizophrenia spectrum (Keefe et al., 2004). BACS was originally 

validated on a sample of 150 schizophrenic patients and 50 HC, on a standard 

neuropsychological battery including different tests such as Wechsler Memory Scale, 

Logical Memory subtest, and Wisconsin Card Sort Test. BACS has been shown to have 

good psychometric qualities with a good completion rate and test-retest reliability 

(intraclass correlation coefficient > 0.79) in schizophrenia assessment. The sensibility of 

the BACS is comparable to that obtained from other cognitive batteries and its overall 

score is highly correlated with the overall score obtained in the standard 

neuropsychological battery, for both patients and HC, thus proving to be a valuable and 

sensitive assessment tool (Keefe et al., 2004). The Italian version of the BACS was 

validated on a sample of 204 healthy adult subjects (Anselmetti et al., 2008). Since they 

found that the performance at the BACS was influenced by demographic characteristics 

such as age and education, these variables were considered to correct performance.  

Although BACS was originally designed to assess cognitive performance in patients with 

schizophrenia, in the last decade, its application has also been extended to mood 

disorders, prompting sensibility in the detection of cognitive deficits also in MDD and 

BD (Cholet et al., 2014; Huang et al., 2020; Keefe et al., 2014). Specifically, cognitive 

impairment in mood disorders appeared to be midway within a continuum between 

cognitively intact HC and patients affected by schizophrenia with cognitive deficits. 

5.2.2. Scoring procedure 

For each subtest, the raw scores were recorded for each patient. Each raw score was then 

corrected for demographic variables for Italian sample according to their effect on the 
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specific domain. Specifically, both age and education were accounted for in raw scores 

in the verbal memory and motor speed domains. Verbal fluency, attention, and processing 

speed raw scores were corrected only for education and age. Raw scores at working 

memory were corrected for the square of both age and sex, whereas executive functions 

scores were controlled for the square of age and education (Anselmetti et al., 2008). 

The corrected scores were used to calculate the ES for each cognitive domain (ES=0: 

pathological performance; ES=1: borderline performance; ES=2 or 3: intermediate 

performance; ES=4: near to the median value), allowing to directly compare cognitive 

performance either across domains and across subjects, net of the effect of age, sex, and 

education (Anselmetti et al., 2008). The ES method allows to integrate a qualitative and 

quantitative description of cognitive performance for each patient and enables 

retrospective ES calculation for available samples (Buonocore et al., 2021). The ES were 

then dichotomized into cognitively impaired (ES=0) and cognitively intact (ES≥1). 

Additionally, a composite score for each patient was estimated, reflecting a global 

impairment, by averaging the ESs across the six BACS domains (Palladini et al., 2022). 

Patients with a composite score ≤ 1 were assigned to the cognitively impaired group. 

5.3. MRI data 

5.3.1. Acquisition 

T1-weightet, DTI, and fMRI images were acquired for 314 subjects (111 MDD and 203 

BD) with two different 3.0 Tesla scanners. Acquisition of 196 subjects (50 MDD and 146 

BD) was performed with Gyroscan Intera, Philips, Netherlands employing an 8 channels 

SENSE head coil (T1-weighted MPRAGE sequences: TR 25.00 ms, TE 4.6 ms, field of 

view FOV=230 mm,91 matrix=256×256, in-plane resolution 0.9×0.9 mm, yielding 220 

transversal slices with a thickness of 0.8 mm). DTI sequences were also acquired for 171 

subjects (46 MDD and 125 BD). SE EPI sequences (TR/TE=9000/58 ms, FoV (mm) 

232(ap), 126 (fh), 240.00 (rl); acquisition matrix = 112×85; voxel acquisition 

2.14×2.73×2.3; 55 contiguous, with in-plane voxel size 1.88×1.88 mm; SENSE 

acceleration factor=2; 1 b0 and 35 non-collinear directions of the diffusion gradients; b 

value=900 s/mm2) were used. A rsfMRI acquisition was also performed for 49 subjects 

(22 MDD and 27 BD), while instructed to keep their eyes closed. Gradient-echo EPI 

sequences were acquired. The scanning sessions comprised 100 sequential T2*-weighted 

volumes (interleaved ascending transverse slices covering whole brain), acquired using 
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an EPI pulse sequence (TR = 2000 ms; TE = 30 ms; flip angle = 77°; field of view = 220 

mm; number of slices = 32; slice thickness = 4 mm; matrix size = 64 x 63 reconstructed 

up to 64 x 64 pixels). Two dummy scans before fMRI acquisition allowed obtaining 

longitudinal magnetization equilibrium. Total time acquisition was 3 min and 28 s. 

Acquisition of 118 subjects (61 MDD and 57 BD) were instead performed with an Ingenia 

CX, Philips, The Netherlands using a 32-channel sensitivity encoding SENSE head coil 

(T1-weighted MPRAGE sequence: TR 8.00 ms, TE 3.7 ms, field of view FOV = 256 mm, 

matrix = 256 x 256, in-plane resolution 1 x 1 mm, yielding 182 transversal slices with a 

thickness of 1 mm). DTI sequences were also acquired for 111 subjects (56 MDD and 55 

BD). SE EPI sequences (EPI factor= 43; TR/TE=5900/78 ms, FoV (mm) 232 (ap), 129 

(fh), 240.00 (rl); acquisition matrix 112×85; 56 contiguous, 2.3-mm thick axial slices 

reconstructed with in-plane pixel size 1.88×1.88 mm; SENSE acceleration factor= 2; 

Multiband acceleration factor= 2; ten b0 and 96 non-collinear directions of the diffusion 

gradients: 60 b values=2855 s/mm2, 6 b values=700 s/mm2, 30 b values=1000 s/mm2) 

were acquired. Fat saturation was performed to avoid chemical shift artefacts. For rsfMRI 

acquisition 70 subjects (36 MDD and 34 BD) were instructed to keep their eyes closed. 

Gradient-echo EPI sequences were acquired. The scanning sessions comprised 200 

sequential T2*-weighted volumes (interleaved ascending transverse slices covering 

whole brain, tilted 30° downward with respect to bicommissural line to reduce 

susceptibility artifacts in orbitofrontal region), acquired using an EPI pulse sequence (TR 

= 2000 ms; TE = 30 ms; flip angle = 85°; field of view = 192 mm; number of slices = 38; 

slice thickness = 3.7 mm; matrix size = 64 x 62 reconstructed up to 96 x 96 pixels). Six 

dummy scans before fMRI acquisition allowed obtaining longitudinal magnetization 

equilibrium. Total time acquisition was 6 min and 56 s. 

5.3.2. Preprocessing 

T1-weighted neuroanatomical images were processed using the Computational Anatomy 

Toolbox (CAT12) for statistical parametric mapping (SPM) toolbox (Gaser & Dahnke, 

2016). T1 images were normalized in the Montreal Neurological Institute (MNI) space 

and segmented into GM, WM, and cerebrospinal fluid (CSF). Check of spatial alignment 

and sample homogeneity was performed to exclude outliers. GM maps were then 

smoothed with a 6 mm full width at half maximum (FWHM) Gaussian filter. The total 

intracranial volume (TIV) was then calculated. 



58 

 

DTI images were pre-processed using FMRIB Software Library (FSL) 6.0 tools (S. M. 

Smith et al., 2004, 2006; Woolrich et al., 2009). Images were corrected for the effects of 

eddy currents and head motion (Jenkinson et al., 2002; Jenkinson & Smith, 2001), and a 

brain mask was created using Brain Extraction Tool (BET) (S. M. Smith, 2002), which 

deletes non-brain tissues from the image. The images were also non-linearly registered to 

a standard template (FMRIB58-FA, FMRIB Centre University of Oxford, Department of 

Clinical Neurology, John Radcliffe Hospital Headington, Oxford, United Kingdom). A 

diffusion tensor model was fitted at each voxel to obtain voxel-wise maps of four 

diffusion indices: AD, RD, MD, and FA. The maps of all subjects were then merged into 

a common 4D image and skeletonized, as used in tract based spatial statistics (TBSS), in 

order to focus on the centers of all fibre bundles that are common to the participants (S. 

M. Smith et al., 2006). 

Preprocessing was performed the Harmonized AnaLysis of Functional MRI pipeline 

(HALFpipe) version 1.2.1 (Waller et al., 2022). Functional images underwent motion 

correction, slice time correction, susceptibility distortion correction, coregistration, and 

spatial normalization to the MNI152NLin2009cAsym template. The preprocessed images 

were smoothed with a 6 mm FWHM kernel, and grand mean scaled. Either a Gaussian-

weighted high-pass (width of 125 s) or a frequency-based band pass (low cut-off of 0.01 

Hz and a high cut-off of 0.1 Hz) temporal filter was applied. Anatomical component 

correction (aCompCor) was performed to remove the effect of physiological nuisance 

regressors represented by the top five principal components of CSF signal (Muschelli et 

al., 2014). Several features were then extracted from the preprocessed and denoised data, 

comprising SBC, ABC, DRCs, ReHo, and fALFF. The SBC, ABC, and DRCs features 

were based on the Gaussian-weighted filter, whereas ReHo and fALFF were calculated 

using the frequency-based filter. SBC calculation generated a map for each seed (N=44), 

which represents the FC between that seed and all the other voxels. For ABC a pairwise 

functional connectivity matrix was obtained for each subject between all pairs of regions 

included, for a total of 434 regions of interest (ROIs): 400 ROIs matched to 17 large-scale 

resting-state networks from the Schaefer atlas (Schaefer et al., 2018), 17 subcortical ROIs 

from the Harvard-Oxford Atlas (Desikan et al., 2006) and 17 cerebellar ROIs from the 

Buckner 17-network atlas (Buckner et al., 2011). DRCs (Beckmann et al., 2009) were 

calculated on a set of 14 networks (Shirer et al., 2012) and represented the strength of 
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each network in the individual. For each subject, a voxel-wise map of ReHo and fALFF 

was also obtained: ReHo (Zang, 2004) is the local synchronization between a given voxel 

and its nearest neighbouring voxels, whereas fALFF (Q.-H. Zou et al., 2008) can be 

defined as the amplitude of the spontaneous neural activity. 

5.3.3. Harmonization procedure 

When samples are collected with different scanners, systematic differences in equipment 

or parameter configurations could generate technical artifacts (Fortin et al., 2017). Such 

non-biological effects are often referred to as batch effects (Leek et al., 2010), and are 

known to be sources of bias and variance in the acquired images (Fortin et al., 2018). 

Importantly, this source of variation across different scanners can negatively affect the 

consistency and reproducibility of the downstream analyses and findings (Fortin et al., 

2017, 2018; Leek et al., 2010; Yi et al., 2018). Since in the present study samples were 

collected using two different scanners, a harmonization step was applied on the extracted 

features, prior to second-level analyses, to rule out the presence of batch effects. The 

harmonization was performed using ComBat (Johnson et al., 2007), a batch-effect 

correction tool which has been shown to be effective in removing unwanted inter-scanner 

variation on DTI (Fortin et al., 2017), VBM (Fortin et al., 2018), and rsfMRI (M. Yu et 

al., 2018) measures. The advantage of ComBat over the other traditionally employed 

methods resides in the use of empirical Bayes for parameter estimation, thus correcting 

for both additive and multiplicative batch effects (Fortin et al., 2017, 2018; M. Yu et al., 

2018). The methods typically used to remove batch effects are based on residualization 

of the scanner-related information (Fortin et al., 2018). Let 𝑦𝑖𝑗𝑣 be the feature value for 

scanner 𝑖, participant 𝑗, and voxel or ROI 𝑣. Let also 𝑋 be an 𝑛 × 𝑝 matrix of 𝑝 biological 

covariates of interest for 𝑛 subjects and let 𝑍 be the 𝑛 × 𝑘 matrix representing the 

information about the scanner with which each observation has been acquired, with 𝑘 

being the number of scanners. Residualization methods fit a regression model: 

𝑦𝑖𝑗𝑣 = 𝛼𝑣 + 𝑋𝑖𝑗𝛽𝑣 + 𝑍𝑖𝑗𝜃𝑣 + 휀𝑖𝑗𝑣, 

where 𝛼𝑣 is the average feature value for voxel or ROI 𝑣, 𝜃𝑣 is the vector of 𝑘 coefficients 

representing the scanner effect on the feature, 𝛽𝑣 is the vector of 𝑘 coefficients 

representing the effect of the biological covariates on the feature. Both  𝜃𝑣 and 𝛽𝑣 are 

derived using an ordinary least square regression. The scanner effect is then removed 

form the original data by: 
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𝑦𝑖𝑗𝑣
𝐴𝑑𝑗

= 𝑦𝑖𝑗𝑣 − 𝑍𝑖𝑗𝜃𝑣 . 

ComBat extends these residualization-based techniques using emipircal Bayes to estimate 

the parameters related to the scanner effects, improving the robustness and the reliability, 

especially with small sample sizes (Fortin et al., 2018). The ComBat model can be 

expressed as: 

𝑦𝑖𝑗𝑣 = 𝛼𝑣 + 𝑋𝑖𝑗𝛽𝑣 + 𝑍𝑖𝑗𝜃𝑣 + 𝛿𝑖𝑣휀𝑖𝑗𝑣, 

where the 𝛿𝑖𝑣 parameter describes the multiplicative scanner effect. ComBat can then be 

solved by: 

𝑦𝑖𝑗𝑣
𝐴𝑑𝑗

=
𝑦𝑖𝑗𝑣−𝛼𝑣−𝑋𝑖𝑗𝛽𝑣−𝑍𝑖𝑗𝜃𝑣

𝛿𝑖𝑣
+ 𝛼𝑣 + 𝑋𝑖𝑗𝛽𝑣, 

where the set of biological covariates 𝑋 entered comprised age, sex, and diagnosis for all 

the features, except for the harmonization of the VBM maps where also the TIV was 

inserted. Note that in this context, the aim is to preserve the effect of the covariates on the 

features. 

The performance of ComBat was assessed through the implementation of predictive 

models for the classification of the scanner with which each observation was acquired 

using the harmonized features. The classification accuracy can then be used as a proxy 

for harmonization quality: the lowest the accuracy, the lowest the residual information 

related to scanner in the feature, and the highest the harmonization quality.  

5.4. Inflammatory markers 

Bio-Plex Pro Human Cytokine 48-Plex and Bio-Plex Pro Human Chemokine 40-Plex 

assays (BIO-RAD) were used to detect plasma concentrations of immune analytes in 128 

subjects (71 MDD and 57 BD). Plasma concentrations were detected through the bead-

based Luminex system according to xMAP technology (Luminex 200 system, Merck 

Millipore).  

Analysed cytokines included: IL-1α, IL-1β, IL-1ra, IL-2, IL-2 α, IL-3, IL-4, IL-5, IL-6, 

IL-7, IL-9, IL-10, IL-12 (p70), IL-12 (p40), IL-13, IL-15, IL-16, IL-17, IL-18, interferon 

(IFN)-α2,  IFN-γ, TNF-α, TNF-β, hepatocyte growth factor (HGF), LIF; chemokines: C-

C motif ligand (CCL) 21 (CCL21)/6Ckine, C-X-C motif chemokine ligand 

(CXCL)9/MIG, IL-8/CXCL8, BCA-1/CXCL13, CTACK/CCL27, ENA-78/CXCL5, 

Eotaxin/CCL11, Eotaxin-2/CCL24, Eotaxin-3/CCL26, Fractalkine/CX3CL1, GCP-

2/CXCL6,GRO-α/   L1, G O-/CXCL2, I-309/CCL1, IP-10/CXCL10, I-
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TAC/CXCL11, MCP-1/CCL2, MCP-2/CCL8, MCP-3/CCL7, MCP-4/CCL13, 

MDC/CCL22, MIP-1α/  L , MI -1β, MI -1/CCL15, MIP- α/  L20, MI -

 β/  L19, M IF-1/CCL23, SCYB16/CXCL16, SDF-1α+β/   L12, SDF-1α, 

TARC/CCL17, TECK/CCL25, RANTES/CCL5, TRAIL. Analysed growth factors 

consisted of granulocyte macrophage colony stimulating factor (GM-CSF), macrophage 

colony stimulating factor (M-CSF), basic fibroblast growth factor (basic FGF), 

granulocyte colony stimulating factor (G-CSF), β-nerve growth factor (β-NGF),  platelet-

derived growth factor-BB (PDGF-BB), vascular endothelial growth factor (VEGF), stem 

cell factor (SCF), stem cell growth factor β (S GF-β); macrophage migration inhibitory 

factor (MIF). 

These multiplexed sandwich immunoassays were developed from commercially 

available capture and detection antibodies and standard proteins, validated and approved 

by EDI-GMBH. Luminex experiments were performed according to the pre-optimized 

protocol provided by the manufacturer. Analyses were performed on observed 

concentrations (pg/ml) calculated using Belysa Immunoassay software (version 1.2). 

Only cytokines with non-detected (i.e., missing) values < 10% were included in the 

analyses.  

5.5. Genetic data 

5.5.1. Genotyping 

Blood samples were genotyped for 336 patients (126 MDD and 210 BD) using Infinium 

PsychArray 24 BeadChip (Illumina, Inc., San Diego), which is a cost-effective, high-

density microarray specifically developed in collaboration with the Psychiatric Genomics 

Consortium for large-scale genetic studies focused on psychiatric predisposition and risk. 

Almost 600.000 genetic variants can be extracted with this microarray, including 

~271.000 proven tag SNPs found on the Infinium Core-24 BeadChip, ~277,000 markers 

from the Infinium Exome-24 v1.1 BeadChip, and ~50,000 markers associated with 

common psychiatric disorders, such as schizophrenia, BD, autism-spectrum disorders 

(ASD), attention deficit hyperactivity disorder (ADHD), MDD, obsessive compulsive 

disorder, anorexia nervosa, and Tourette’s syndrome 

(https://www.illumina.com/products/by-type/microarray-kits/infinium-psycharray.html).  

5.5.2. Quality control 
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Quality control (QC) of genotyped data was performed following the guidelines provided 

by (C. A. Anderson et al., 2010), using PLINK 1.9 (Purcell et al., 2007). QC was 

performed separately for individuals and genetic variants. In the individuals’ Q , subjects 

were discarded if the genotyped sex was different from the phenotypical one, the 

genotype rate was lower than 95%, or had an outlying autosomal heterozygosity (Fhet > 

±0.2). After QC on subjects, genetic variants with call rate lower than 98%, with minor 

allele frequency (MAF) lower than 1%, or extremely deviant from Hardy-Weinberg 

equilibrium (p<10-8) were removed. Relatedness and population ancestry of the sample 

were also checked. Observations were removed if they had a degree of recent shared 

ancestry (i.e., identity by descendent, IBD) higher than 0.1875, which is the threshold 

corresponding to the halfway between third- and second-degree relatives. Lastly, subjects 

were excluded if the genotype distribution was deviant from the current population, that 

is if the first two components resulting from a principal component analysis were outlying 

more than 5 standard deviations from the mean.  

5.5.3. Imputation 

Genotype Imputation was performed via the Michigan Imputation Server using 

Minimac4, version 1.7.1 (https://imputationserver.sph.umich.edu), selecting the 

following options. The reference panel chosen was the latest version of the Haplotype 

Reference Consortium panel (HRC r1.1 2016), based on the GRCh37/hg19 array build. 

Imputation stability and reliability were assessed using the R2 metric, filtering out values 

under the 0.003 accuracy threshold. Eagle (version 2.4) was used for phasing. Post-

imputation files contained approximately 14 million variants. 

5.5.4. PRS calculation 

PRSs for MDD, BD, schizophrenia, ADHD, anorexia nervosa, ASD, neuroticism, 

coronary artery disease (CAD), education, body mass index (BMI), CRP, and T2D were 

calculated. Each PRS was computed for each subject 𝑗 as: 

𝑃𝑅𝑆𝑗 = ∑ 𝛽𝑖 ∗ 𝑑𝑜𝑠𝑎𝑔𝑒𝑖𝑗

𝑁

𝑖

 

where 𝛽𝑖 is the magnitude of association between the variant alleles at the 𝑖𝑡ℎ SNP with 

𝑖, 1 … 𝑁 and the disorder derived from the latest GWAS, whereas 𝑑𝑜𝑠𝑎𝑔𝑒𝑖𝑗 consists in 

the allele counts of variants associated with the disorder of interest. The association 

weights 𝛽𝑖 were calculated with PRS-CS algorithm (source code available at 
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https://github.com/getian107/PRScs), a Python-based tool that infers variants’ posterior 

effect sizes using the summary statistics derived from the GWAS listed in Table 7. PRSs 

were then mean centered and scaled to have zero-mean and unit variance. 

Table 9. Main information of GWAS studies used as reference for calculating effect-sizes of 

variants associated with the psychiatric disorders of interest.  
Disorder 

of 

interest 

Authors 

Total size 

of the 

sample 

Number 

of 

cases 

Number 

of 

controls 

Ethnicity 
PubMed 

ID 

MDD Wray et al. (2018) 500,199 170,756 329,443 European 29700475 

BD Mullins et al. (2021) 413,466 41,917 371,549 European 34002096 

Schizophrenia Trubetskoy et al. (2022) 320,404 76,755 243,649 European 35396580 

ADHD Demontis et al. (2018) 53,293 19,099 34,194 European 30478444 

Anorexia Watson et al. (2019) 72,517 16,992 55,525 European 31308545 

Autism Grove et al. (2019) 46,350 18,381 27,969 European 30804558 

CAD Nikpay et al. (2015) 184,305 60,801 123,504 

European 

South Asian 

East Asian 

Hispanic 

African American 

26343387 

Education Lee et al. (2018) 1,131,881 N.A. N.A. European 30038396 

BMI Locke et al. (2015) 322,154 N.A. N.A. European 25673413 

CRP Lightart et al. (2018) 204,402 N.A. N.A. European 30388399 

T2D Scott et al. (2017) 159,208 26,676 132,532 European 28566273 

Neuroticism De Moor et al. (2015) 63,661 N.A. N.A. European 25993607 

Abbreviations: ADHD, attention and hyperactivity disorder; BD, bipolar disorder; BMI, body mass index; CAD, 

coronary artery disease; CRP, C-reactive protein; MDD, major depressive disorder; N.A., not available; T2D, type 2 

diabetes. 

5.6 Machine learning analyses 

5.6.1. Algorithms 

The ML analyses were performed with different algorithms based on the type of data. For 

vector data (i.e., PIMs, BACS scores, and PRSs) an EN penalized regression was 

employed. The EN penalization is the combination of the L1 and L2 regularizations which 

force a shrinkage of the coefficients toward the zero (Friedman et al., 2001; H. Zou & 

Hastie, 2005). This reduces the contribution of irrelevant, noisy, and redundant features, 

reducing overfitting in turn. The EN penalization can be defined as: 

𝑃𝛼(𝛽) =  ∑ (
(1 − 𝛼)

2
𝛽𝑗

2 + 𝛼|𝛽𝑗|)

𝑝

𝑗=1

, 
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where 𝛼 defines the trade-off between the L1 and L2 regularizations and 𝛽𝑗 is the 𝑗𝑡ℎ 

regression coefficient for 𝑗 = 1, … , 𝑝. The EN penalized regression can then be obtained 

by adding the EN penalization term 𝑃𝛼(𝛽) to the regression loss function: 

(
1

𝑁
𝐷(𝛽0, 𝛽) + 𝜆𝑃𝛼(𝛽)),  

where 𝑁 is the number of observations, 𝐷 is the deviance of the model fit to the target 

(i.e., subject’s diagnosis), 𝛽0 is the intercept, 𝛽 is a vector of 𝑝 regression coefficients, 

and 𝜆 is the weighting factor that represents the strength of the regularization.  

Since the number of BD patients was higher than that of MDD patients, class weighting 

was applied (King & Zeng, 2001) in the EN model to prevent from preferentially 

predicting the largest group. The weight of each class (𝑤𝑐) was calculated to be inversely 

proportional to class frequencies, according to 𝑤𝑐 =
𝑛

𝑛𝑐𝑠𝑐
, where 𝑛𝑐 is the number of 

classes, and 𝑠𝑐 is the number of subjects in the class 𝑐 (King & Zeng, 2001; H. Zou & 

Hastie, 2005). 

For map- and matrix-like data a binary SVM was used as implemented in the Pattern 

Recognition for Neuroimaging Toolbox (PRoNTo - Schrouff et al., 2013). Let 𝑋 ∈ ℝ𝑛,𝑝 

be the data matrix with 𝑛 observations and 𝑝 features, with 𝑥𝑖 being the feature vector of 

the 𝑖𝑡ℎ observation and 𝑦𝑖 its associated target class label. SVM aims to find the 

hyperplane that separates the observations of the two classes maximizing the margin, that 

is the distance between the hyperplane and the closest training observation of each class, 

named support vectors (Vapnik, 2000). The hyperplane can be defined by the dot product 

between a weight vector 𝑤 and the feature vector 𝑥𝑖, resulting in the decision function: 

𝑓(𝑥𝑖) = 𝑤 ∙ 𝑥𝑖 + 𝑏, 

where 𝑏 is a bias term. The decision function 𝑓 is then solved by: 

min
 

1

2
‖𝑤‖2 + 𝐶 ∑ 𝜉𝑖

𝑖

 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦𝑖(𝑤 ∙ 𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖  ∀𝑖𝜉𝑖 ≥ 0 ∀𝑖, 

where ∑ 𝜉𝑖𝑖  is an upper-bound on the number of classification errors, and 𝐶 corresponds 

to the soft-margin parameter. The soft-margin parameter defines the trade-off between 

the classification performance and the maximization of the margin, that is the 

generalization ability. For high values of 𝐶, SVM tries to maximize the margin 

irrespective of the classification errors, whereas for low values of 𝐶 the margin is 

narrower. However, it could be the case that data are not linearly separable in the original 
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feature space, but they may be linearly separable in a higher-dimensional space. It turns 

out, though, that the so called “kernel trick” can be used to efficiently perform 

calculations in the original feature space, yet implicitly projecting the data into a higher-

dimensional space, where linear separation may be possible, thus avoiding computational 

overhead (Shawe-Taylor & Cristianini, 2004). For this reason, the feature vector 𝑥𝑖 is 

replaced by the kernel function 𝐾(𝑥, 𝑥𝑖), that is this case was defined as the dot product: 

𝐾(𝑥, 𝑥𝑖) = 𝑥 ∙ 𝑥𝑖, 

which represents a similarity matrix. 

For the models in which multiple maps per subject were present (i.e., DRCs and SBC), a 

MKL algorithm was used for prediction. MKL is a SVM-based method that can linearly 

combine multiple kernels, rather than just using a single kernel function (Schrouff et al., 

2018). One of the main advantages of MKL is the aim to find the best combination over 

a set of kernel functions, which is more efficient than combining different classifiers that 

use a single kernel (Schrouff et al., 2018). In MKL, the kernel function 𝐾(𝑥, 𝑥𝑖) can be 

considered as a linear combination of the basis 𝑀 basis kernels: 

𝐾(𝑥, 𝑥𝑖) = ∑ 𝑑𝑚𝐾𝑚(𝑥, 𝑥𝑖)

𝑀

𝑚=1

, 𝑤𝑖𝑡ℎ 𝑑𝑚 ≥ 0, ∑ 𝑑𝑚 = 1

𝑀

𝑚=1

. 

 

The decision function and its resolution are based on the primal SVM formulation, and 

therefore are: 

𝑓(𝑥𝑖) = ∑ 𝑤𝑚 ∙ 𝑥𝑖 + 𝑏,

𝑚

 

solved by: 

min
 

1

2
∑

1

𝑑𝑚

‖𝑤𝑚‖2

𝑚

+ 𝐶 ∑ 𝜉𝑖

𝑖

  

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦𝑖 (∑ 𝑤𝑚

𝑚

∙ 𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖  ∀𝑖𝜉𝑖 ≥ 0 ∀𝑖 ∑ 𝑑𝑚

𝑚

= 1, 𝑑𝑚 ≥ 0 ∀𝑚. 

5.6.2. Model estimation and statistical inference 

Each feature was entered into the model separately, to classify between MDD and BD 

patients. Except for the models using the BACS as a predictor, the same models were also 

run to differentiate between the patients with a cognitive deficit and those without, both 

for the composite score and each cognitive domain separately. 
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The predictive performance of all the models was assessed through a 5-fold nested CV 

procedure (Pereira et al., 2009; Varoquaux et al., 2017). In the inner loop, the hyper-

parameters of each algorithm were optimized. For EN, the α hyper-parameter was 

optimized over a set of 10 linearly spaced values in the range 0-1, whereas the λ hyper-

parameter was optimized on 100 logarithmically spaced values between 10-5 and 105.  For 

SVM and MKL, the soft-margin parameter 𝐶 was optimized over a set of 6 values (0.01, 

0.1, 1, 10, 100, 1000). In all the models, the effect of age, sex, education, medication load, 

number of previous episodes, duration of illness, and the interaction between age and sex 

was removed. Additionally, the square of age was also entered as a confounder in order 

to remove age-related non-linear effects (Alfaro-Almagro et al., 2021). For medication 

load, we 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 drug category in each individual participant to obtain a single 

composite score (Sackeim, 2001).  

To avoid class imbalance, random subsampling was performed, preventing the algorithm 

to inflate the classification accuracy by systematically predicting the majority class. The 

predictions made by the model in the outer loop on the test set were finally used to 

calculate several metrics of performance, namely: BA, sensitivity, specificity, PPV, NPV, 

and AUC.  

Each model underwent a 1000-permutation test to assess whether the classification 

accuracy was significantly different from chance level (Ojala & Garriga, 2009). 

Permutation test consisted in randomly shuffling the observations between the target 

classes, to break the relationship between the predictors and the target. At each iteration, 

a random classifier is trained, creating a distribution of null accuracy scores. Significance 

is defined as the number of times in which the random classifier performed better than 

the tested classifier. Significance threshold was set to p<0.05, applying Bonferroni 

correction for multiple comparisons within each target. Consequently, the threshold was 

p<0.05/13=0.004 for the models differentiating between MDD and BD, and 

p<0.05/12=0.004 for the models identifying cognitively impaired patients.  

Additionally, for the models that resulted to be significantly different from null 

distribution, feature importance was calculated across CV folds to investigate the most 

predictive features. For the EN model, a 1000-bootstrap procedure was applied. 
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Contributing features were defined by 95% confidence intervals. For kernel methods, the 

most predictive features were defined as having median feature importance across folds 

>0. Feature importance was computed by applying an atlas-based parcellation to the data 

and running a MKL learning model, building one kernel for each parcel. For VBM the 

Harvard-Oxford atlas was used (S. M. Smith et al., 2004), for DTI features the Johns 

Hopkins University atlas was employed (Mori et al., 2008), whereas on fMRI features the 

Brainnetome atlas was applied (Fan et al., 2016). For vector-like features, a dummy atlas 

was purposefully created, indicating one each value as a separate parcel. 
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APPENDIX 

Appendix 1. Descriptive statistics of the subsample with BACS scores, by the presence or 

absence of deficit at the coordination domain 

Variable 

Average ± s.d. / N 

t/χ p-value Total 

(N=168) 

No deficit 

(N=73) 

Impaired 

(N=95) 

Age 47.77 ± 10.77 45.96 ± 10.58 49.16 ± 10.71 -1.92 0.057 

Sex 103 F / 65 M 44 F / 29 M 59 F / 36 M 0.01 0.935 

Diagnosis 
79 BD / 

89 MDD 

38 BD / 

35 MDD 

41 BD / 

54 MDD 
0.98 0.322 

Years of education 13.01 ± 3.66 13.21 ± 3.61 12.86 ± 3.69 0.60 0.550 

Duration of illness 17.89 ± 11.40 17.62 ± 11.37 18.09 ± 11.41 -0.27 0.789 

No. of episodes 7.94 ± 8.66 7.75 ± 7.37 8.08 ± 9.54 -0.24 0.808 

Age of onset 29.88 ± 11.22 28.34 ± 10.48 31.06 ± 11.61 -1.56 0.121 

Pharmacological load 4.49 ± 2.01 3.86 ± 1.79 4.97 ± 2.04 -3.63 <0.001* 
Average ± standard deviation is reported for continuous variables, whereas frequency was reported for categorical 

variables. Abbreviations: BD, bipolar disorder; F, female; M, male; MDD, major depressive disorder; s.d., standard 

deviation. * p<.05 
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Appendix 2. Descriptive statistics of the subsample with BACS scores, by the presence or 

absence of deficit at the executive functions domain 

Variable 

Average ± s.d. / N 

t/χ p-value Total 

(N=168) 

No deficit 

(N=105) 

Impaired 

(N=63) 

Age 47.77 ± 10.77 46.26 ± 10.68 50.29 ± 10.45 -2.37 0.019* 

Sex 103 F / 65 M 61 F / 44 M 42 F / 21 M 0.88 0.347 

Diagnosis 
79 BD / 

89 MDD 

54 BD / 

51 MDD 

25 BD / 

38 MDD 
1.73 0.188 

Years of education 13.01 ± 3.66 13.60 ± 3.46 12.03 ± 3.76 2.73 0.007* 

Duration of illness 17.89 ± 11.40 17.10 ± 10.64 19.21 ± 12.44 -1.16 0.248 

No. of episodes 7.94 ± 8.66 8.02 ± 7.53 7.81 ± 10.28 0.15 0.880 

Age of onset 29.88 ± 11.22 29.16 ± 9.81 31.08 ± 13.15 -1.07 0.286 

Pharmacological load 4.49 ± 2.01 4.43 ± 1.99 4.57 ± 2.05 -0.43 0.668 
Average ± standard deviation is reported for continuous variables, whereas frequency was reported for categorical 

variables. Abbreviations: BD, bipolar disorder; F, female; M, male; MDD, major depressive disorder; s.d., standard 

deviation. * p<.05 
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Appendix 3. Descriptive statistics of the subsample with BACS scores, by the presence or 

absence of deficit at the fluency domain 

Variable 

Average ± s.d. / N 

t/χ p-value Total 

(N=168) 

No deficit 

(N=107) 

Impaired 

(N=61) 

Age 47.77 ± 10.77 45.43 ± 10.92 51.87 ± 9.16 -3.87 <0.001* 

Sex 103 F / 65 M 75 F / 32 M 28 F / 33 M 8.59 0.003* 

Diagnosis 
79 BD / 

89 MDD 

51 BD / 

56 MDD 

28 BD / 

33 MDD 
0.00 0.953 

Years of education 13.01 ± 3.66 13.17 ± 3.42 12.74 ± 4.03 0.73 0.466 

Duration of illness 17.89 ± 11.40 16.36 ± 10.89 20.56 ± 11.76 -2.32 0.022* 

No. of episodes 7.94 ± 8.66 7.74 ± 8.32 8.30 ± 9.23 -0.4 0.691 

Age of onset 29.88 ± 11.22 29.07 ± 11.05 31.31 ± 11.37 -1.25 0.214 

Pharmacological load 4.49 ± 2.01 4.18 ± 2.02 5.02 ± 1.89 -2.62 0.010* 
Average ± standard deviation is reported for continuous variables, whereas frequency was reported for categorical 

variables. Abbreviations: BD, bipolar disorder; F, female; M, male; MDD, major depressive disorder; s.d., standard 

deviation. * p<.05 
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Appendix 4. Descriptive statistics of the subsample with BACS scores, by the presence or 

absence of deficit at the processing speed domain 

Variable 

Average ± s.d. / N 

t/χ p-value Total 

(N=168) 

No deficit 

(N=44) 

Imapired 

(N=124) 

Age 47.77 ± 10.77 40.57 ± 11.42 50.32 ± 9.27 -5.59 <0.001* 

Sex 103 F / 65 M 32 F / 12 M 71 F / 53 M 2.66 0.103 

Diagnosis 
79 BD / 

89 MDD 

23 BD / 

21 MDD 

56 BD / 

68 MDD 
0.40 0.525 

Years of education 13.01 ± 3.66 14.25 ± 3.30 12.57 ± 3.68 2.65 0.009* 

Duration of illness 17.89 ± 11.40 14.68 ± 10.48 19.02 ± 11.49 -2.19 0.030* 

No. of episodes 7.94 ± 8.66 8.39 ± 10.14 7.78 ± 8.07 0.40 0.693 

Age of onset 29.88 ± 11.22 25.89 ± 8.70 31.30 ± 11.66 -2.80 0.006* 

Pharmacological load 4.49 ± 2.01 3.84 ± 1.68 4.72 ± 2.07 -2.50 0.013* 
Average ± standard deviation is reported for continuous variables, whereas frequency was reported for categorical 

variables. Abbreviations: BD, bipolar disorder; F, female; M, male; MDD, major depressive disorder; s.d., standard 

deviation. * p<.05 
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Appendix 5. Descriptive statistics of the subsample with BACS scores, by the presence or 

absence of deficit at the verbal memory domain 

Variable 

Average ± s.d. / N 

t/χ p-value Total 

(N=168) 

No deficit 

(N=99) 

Impaired 

(N=69) 

Age 47.77 ± 10.77 48.69 ± 9.74 46.45 ± 11.98 1.32 0.187 

Sex 103 F / 65 M 71 F / 28 M 32 F / 37 M 9.96 0.002* 

Diagnosis 
79 BD / 

89 MDD 

46 BD / 

53 MDD 

33 BD / 

36 MDD 
0.00 0.987 

Years of education 13.01 ± 3.66 13.16 ± 3.62 12.80 ± 3.70 0.63 0.528 

Duration of illness 17.89 ± 11.40 19.36 ± 11.38 15.77 ± 11.08 2.02 0.045* 

No. of episodes 7.94 ± 8.66 7.37 ± 8.02 8.75 ± 9.46 -1.01 0.313 

Age of onset 29.88 ± 11.22 29.32 ± 10.96 30.68 ± 11.53 -0.77 0.443 

Pharmacological load 4.49 ± 2.01 4.21 ± 2.03 4.88 ± 1.93 -2.13 0.035* 
Average ± standard deviation is reported for continuous variables, whereas frequency was reported for categorical 

variables. Abbreviations: BD, bipolar disorder; F, female; M, male; MDD, major depressive disorder; s.d., standard 

deviation. * p<.05 

  



131 

 

Appendix 6. Descriptive statistics of the subsample with BACS scores, by the presence or 

absence of deficit at the working memory domain 

Variable 

Average ± s.d. / N 

t/χ p-value Total 

(N=168) 

No deficit 

(N=71) 

Imapired 

(N=97) 

Age 47.77 ± 10.77 46.42 ± 10.41 48.75 ± 10.92 -1.38 0.168 

Sex 103 F / 65 M 44 F / 27 M 59 F / 38 M 0.00 1.000 

Diagnosis 
79 BD / 

89 MDD 

32 BD / 

39 MDD 

47 BD / 

50 MDD 
0.08 0.781 

Years of education 13.01 ± 3.66 13.93 ± 3.66 12.34 ± 3.51 2.83 0.005* 

Duration of illness 17.89 ± 11.40 18.62 ± 11.14 17.35 ± 11.55 0.71 0.479 

No. of episodes 7.94 ± 8.66 8.97 ± 10.80 7.19 ± 6.59 1.32 0.189 

Age of onset 29.88 ± 11.22 27.80 ± 10.47 31.40 ± 11.49 -2.07 0.040* 

Pharmacological load 4.49 ± 2.01 4.04 ± 1.93 4.81 ± 2.01 -2.47 0.014* 
Average ± standard deviation is reported for continuous variables, whereas frequency was reported for categorical 

variables. Abbreviations: BD, bipolar disorder; F, female; M, male; MDD, major depressive disorder; s.d., standard 

deviation. * p<.05 
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Appendix 7. Performance of scanner-classification models pre- and post-ComBat correction. 

Data Feature BA Sens Spec NPV PPV AUC 

Before ComBat 

ABC 95.00 96.00 94.00 94.18 96.00 0.98 

DRCs 94.00 94.00 94.00 94.67 94.67 0.99 

fALFF 99.00 100.00 98.00 98.18 100.00 1.00 

ReHo 100.00 100.00 100.00 100.00 100.00 1.00 

SBC 94.00 98.00 90.00 91.75 97.78 1.00 

AD 98.22 97.97 98.46 98.52 98.07 0.99 

FA 97.19 96.44 97.95 98.05 96.57 0.99 

MD 97.71 97.46 97.95 98.06 7.56 0.99 

RD 97.96 97.46 98.46 98.51 97.56 0.99 

VBM 100.00 100.00 100.00 100.00 100.00 1.00 

After ComBat 

ABC 53.00 74.00 32.00 52.20 54.76 0.55 

DRCs 50.00 60.00 40.00 50.00 50.00 0.20 

fALFF 26.00 14.00 38.00 13.10 28.31 0.13 

ReHo 25.00 8.00 42.00 6.62 25.79 0.03 

SBC 50.00 80.00 20.00 50.00 50.00 0.21 

AD 30.10 8.69 51.50 15.44 34.84 0.15 

FA 31.13 17.44 44.82 17.37 31.35 0.17 

MD 33.90 8.67 59.14 19.49 38.28 0.17 

RD 34.66 10.71 58.62 21.46 38.18 0.20 

VBM 56.31 54.94 57.69 59.40 56.35 0.48 
For each feature, accuracy metrics are reported. Abbreviations: ABC, atlas-based connectivity; AD, axial diffusivity; 

AUC, area under the curve; BA, balance accuracy; DR, dual regression components; FA, fractional anisotropy; fALFF, 

fractional amplitude of low-frequency fluctuations; MD, mean diffusivity; NPV, negative predictive value; PPV, 

positive predictive value; RD, radial diffusivity; ReHo, regional homogeneity; SBC, seed-based connectivity, Sens, 

sensitivity; Spec, specificity; VBM, voxel-based morphometry. 
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Appendix 8. Performance of differentiation between MDD and BD patients before and after 

ComBat correction, for each MRI-derived feature. 

Data Feature BA Sens Spec NPV PPV AUC 

Before ComBat 

ABC 50.19 54.87 45.51 49.79 50.66 0.47 

DRCs 46.15 42.69 49.62 45.83 44.32 0.48 

fALFF 59.42 52.95 65.90 61.20 58.46 0.62 

ReHo 53.97 58.21 49.74 54.09 53.59 0.52 

SBC 58.21 44.10 72.31 61.67 57.38 0.60 

AD 71.57 75.71 67.43 70.85 76.85 0.83 

FA 74.48 71.67 77.29 76.68 76.77 0.85 

MD 73.02 76.62 69.43 71.90 75.55 0.84 

RD 73.05 74.67 71.43 72.58 74.37 0.85 

VBM 62.57 69.33 55.81 61.03 65.00 0.63 

After ComBat 

ABC 55.71 53.46 57.95 56.48 58.04 0.54 

DRCs 65.26 65.64 64.87 65.29 66.74 0.70 

fALFF 59.55 61.41 57.69 61.18 59.70 0.66 

ReHo 57.37 66.28 48.46 55.84 61.26 0.62 

SBC 70.96 77.69 64.23 69.24 74.78 0.77 

AD 75.90 77.52 74.29 76.01 77.19 0.88 

FA 76.95 71.67 82.24 80.24 75.77 0.87 

MD 80.33 83.33 77.33 78.92 82.35 0.88 

RD 76.95 77.48 76.43 76.54 78.25 0.87 

VBM 55.32 53.95 56.58 55.91 54.85 0.58 
For each feature, accuracy metrics are reported. Abbreviations: ABC, atlas-based connectivity; AD, axial diffusivity; 

AUC, area under the curve; BA, balance accuracy; DR, dual regression components; FA, fractional anisotropy; fALFF, 

fractional amplitude of low-frequency fluctuations; MD, mean diffusivity; NPV, negative predictive value; PPV, 

positive predictive value; RD, radial diffusivity; ReHo, regional homogeneity; SBC, seed based connectivity, Sens, 

sensitivity, Spec, specificity; VBM, voxel-based morphometry. 
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Appendix 9. Performance of differentiation between cognitively intact and impaired patients at 

the composite score, before and after ComBat correction, for each MRI-derived feature. 

Data Feature BA Sens Spec NPV PPV AUC 

Before ComBat 

ABC 50.71 40.00 61.43 49.71 54.00 0.45 

DRCs 52.38 57.14 47.62 51.00 54.76 0.43 

fALFF 55.24 55.24 55.24 56.90 54.40 0.50 

ReHo 50.00 40.95 59.05 50.00 50.00 0.58 

SBC 47.38 31.43 63.33 50.30 46.17 0.52 

AD 56.22 55.78 56.67 59.02 58.52 0.58 

FA 46.00 57.56 34.44 44.16 45.07 0.42 

MD 53.89 53.56 54.22 54.50 55.94 0.61 

RD 52.89 61.56 44.22 53.00 54.77 0.57 

VBM 55.82 54.18 57.45 53.54 58.76 0.63 

After ComBat 

ABC 55.71 46.67 64.76 58.05 57.61 0.51 

DRCs 46.43 18.57 74.29 41.67 47.18 0.47 

fALFF 55.24 61.90 48.57 55.33 55.33 0.52 

ReHo 59.76 51.43 68.10 62.86 58.98 0.54 

SBC 49.29 48.10 50.48 51.81 47.43 0.51 

AD 53.22 55.56 50.89 53.86 53.93 0.56 

FA 48.89 64.22 33.56 48.44 49.43 0.47 

MD 55.22 62.00 48.44 55.27 56.95 0.60 

RD 57.44 68.44 46.44 57.43 57.83 0.59 

VBM 54.82 50.91 58.73 56.21 53.57 0.54 
For each feature, accuracy metrics are reported. Abbreviations: ABC, atlas-based connectivity; AD, axial diffusivity; 

AUC, area under the curve; BA, balance accuracy; DRCs, dual regression components; FA, fractional anisotropy; 

fALFF, fractional amplitude of low-frequency fluctuations; MD, mean diffusivity; NPV, negative predictive value; 

PPV, positive predictive value; RD, radial diffusivity; ReHo, regional homogeneity; SBC, seed based connectivity, 

Sens, sensitivity; Spec, specificity; VBM, voxel-based morphometry. 
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Appendix 10. Performance metrics for the models identifying cognitively impaired patients at 

the coordination domain. 

Feature BA Sens Spec PPV NPV AUC p-value FDRq-values 

Combined 64.67 62.67 66.67 64.00 67.33 0.67 0.024 0.328 

ReHo 57.86 70.00 45.71 56.13 62.24 0.58 0.084 0.573 

fALFF 54.52 56.19 52.86 54.00 56.15 0.49 0.225 0.883 

SBC 51.67 15.71 87.62 55.00 51.43 0.47 0.331 0.883 

VBM 51.37 55.16 47.58 51.85 51.12 0.47 0.311 0.883 

PRS 50.60 40.00 61.19 56.67 44.57 0.51 0.635 0.922 

RD 50.58 61.03 40.13 50.01 52.16 0.49 0.388 0.883 

PIMs 49.44 38.89 60.00 56.76 42.11 0.49 0.713 0.922 

ABC 49.05 52.38 45.71 48.32 49.46 0.55 0.524 0.922 

DRCs 47.62 42.86 52.38 47.65 47.78 0.50 0.644 0.922 

FA 46.92 55.00 38.85 47.14 46.67 0.46 0.743 0.922 

AD 41.79 48.21 35.38 43.39 39.00 0.42 0.987 1.036 

MD 41.79 48.33 35.26 42.76 40.21 0.42 0.983 1.036 
For each feature, accuracy metrics and p-value at the permutation test are reported. Models are sorted from the best to 

the worst model, considering BA. Abbreviations: ABC, atlas-based connectivity; AD, axial diffusivity; AUC, area 

under the curve; BA, balance accuracy; DRCs, dual regression components; FA, fractional anisotropy; fALFF, 

fractional amplitude of low-frequency fluctuations; MD, mean diffusivity; NPV, negative predictive value; PPV, 

positive predictive value; PRS, polygenic risk score; RD, radial diffusivity; ReHo, regional homogeneity; SBC, seed 

based connectivity; Sens, sensitivity, Spec, specificity; VBM, voxel-based morphometry. 
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Appendix 11. Performance metrics for the models identifying cognitively impaired patients at 

the executive functions domain. 

Feature BA Sens Spec PPV NPV AUC p-value FDRq-values 

ABC 59.52 75.24 43.81 57.04 65.33 0.72 0.088 0.400 

RD 59.09 61.82 56.36 61.66 59.25 0.62 0.036 0.400 

ReHo 59.05 51.90 66.19 65.83 66.80 0.64 0.060 0.400 

FA 54.55 56.36 52.73 56.49 54.27 0.59 0.145 0.495 

DRCs 50.24 46.67 53.81 58.00 49.80 0.56 0.416 0.766 

SBC 50.24 71.90 28.57 49.68 53.17 0.46 0.413 0.766 

PIMs 50.02 39.39 60.66 35.14 64.91 0.50 0.499 0.766 

AD 49.09 56.36 41.82 49.54 48.53 0.55 0.531 0.766 

MD 49.09 49.09 49.09 50.32 47.85 0.56 0.561 0.766 

VBM 49.02 60.76 37.27 49.00 49.11 0.49 0.541 0.766 

PRS 47.96 44.26 51.65 38.03 58.02 0.48 0.660 0.819 

Combined 44.67 30.67 58.67 38.89 44.05 0.52 0.804 0.915 

fALFF 40.48 49.52 31.43 39.56 39.88 0.45 0.957 1.005 
For each feature, accuracy metrics and p-value at the permutation test are reported. Models are sorted from the best to 

the worst model, considering BA. Abbreviations: ABC, atlas-based connectivity; AD, axial diffusivity; AUC, area 

under the curve; BA, balance accuracy; DRCs, dual regression components; FA, fractional anisotropy; fALFF, 

fractional amplitude of low-frequency fluctuations; MD, mean diffusivity; NPV, negative predictive value; PPV, 

positive predictive value; PRS, polygenic risk score; RD, radial diffusivity; ReHo, regional homogeneity; SBC, seed 

based connectivity; Sens, sensitivity, Spec, specificity; VBM, voxel-based morphometry. 
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Appendix 12. Performance metrics for the models identifying cognitively impaired patients at 

the fluency domain. 

Feature BA Sens Spec PPV NPV AUC p-value FDRq-values 

DRCs 63.33 72.00 54.67 63.17 62.67 0.61 0.034 0.284 

AD 60.00 56.00 64.00 61.52 59.02 0.60 0.042 0.284 

SBC 58.00 54.67 61.33 65.33 63.67 0.62 0.116 0.284 

RD 57.00 48.00 66.00 58.93 55.77 0.60 0.096 0.284 

MD 56.00 46.00 66.00 58.03 55.29 0.64 0.125 0.284 

VBM 54.45 58.73 50.18 52.83 56.66 0.54 0.172 0.335 

ABC 53.67 52.00 55.33 54.57 52.86 0.59 0.262 0.447 

PRS 50.82 21.43 80.21 38.71 63.64 0.51 0.077 0.284 

PIMs 49.66 40.00 59.32 36.84 62.50 0.50 0.576 0.874 

FA 48.00 42.00 54.00 50.03 44.81 0.48 0.647 0.883 

ReHo 46.00 45.33 46.67 48.17 33.17 0.38 0.750 0.931 

Combined 40.33 42.00 38.67 40.92 33.00 0.38 0.948 1.048 

fALFF 30.67 34.67 26.67 32.14 20.00 0.32 0.998 1.048 
For each feature, accuracy metrics and p-value at the permutation test are reported. Models are sorted from the best to 

the worst model, considering BA. Abbreviations: ABC, atlas-based connectivity; AD, axial diffusivity; AUC, area 

under the curve; BA, balance accuracy; DRCs, dual regression components; FA, fractional anisotropy; fALFF, 

fractional amplitude of low-frequency fluctuations; MD, mean diffusivity; NPV, negative predictive value; PPV, 

positive predictive value; PRS, polygenic risk score; RD, radial diffusivity; ReHo, regional homogeneity; SBC, seed 

based connectivity; Sens, sensitivity, Spec, specificity; VBM, voxel-based morphometry. 
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Appendix 13. Performance metrics for the models identifying cognitively impaired patients at 

the processing speed domain. 

Feature BA Sens Spec PPV NPV AUC p-value FDRq-values 

VBM 61.39 68.61 54.17 59.75 67.30 0.58 0.035 0.478 

DRCs 58.00 64.00 52.00 58.13 67.50 0.50 0.111 0.758 

Combined 54.50 38.00 71.00 46.67 56.67 0.54 0.258 0.928 

MD 52.50 47.50 57.50 46.24 54.67 0.49 0.300 0.928 

SBC 52.00 40.00 64.00 60.00 51.11 0.58 0.356 0.928 

PRS 49.91 59.82 40.00 73.63 26.23 0.50 0.571 1.014 

PIMs 49.86 79.71 20.00 73.33 26.32 0.50 0.408 0.928 

RD 48.75 47.50 50.00 51.35 47.70 0.48 0.594 1.014 

ABC 44.00 44.00 44.00 47.22 34.52 0.41 0.826 1.045 

AD 41.25 50.00 32.50 43.00 37.38 0.39 0.967 1.045 

fALFF 40.00 44.00 36.00 38.79 31.81 0.42 0.955 1.045 

FA 40.00 50.00 30.00 40.62 38.67 0.40 0.977 1.045 

ReHo 36.00 28.00 44.00 28.89 30.83 0.28 0.995 1.045 
For each feature, accuracy metrics and p-value at the permutation test are reported. Models are sorted from the best to 

the worst model, considering BA. Abbreviations: ABC, atlas-based connectivity; AD, axial diffusivity; AUC, area 

under the curve; BA, balance accuracy; DRCs, dual regression components; FA, fractional anisotropy; fALFF, 

fractional amplitude of low-frequency fluctuations; MD, mean diffusivity; NPV, negative predictive value; PPV, 

positive predictive value; PRS, polygenic risk score; RD, radial diffusivity; ReHo, regional homogeneity; SBC, seed 

based connectivity; Sens, sensitivity, Spec, specificity;  VBM, voxel-based morphometry. 
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Appendix 14. Performance metrics for the models identifying cognitively impaired patients at 

the verbal memory domain. 

Feature BA Sens Spec PPV NPV AUC p-value FDRq-values 

ReHo 59.52 65.71 53.33 56.41 65.56 0.60 0.048 0.573 

MD 56.82 57.12 56.52 59.21 54.41 0.55 0.084 0.573 

DRCs 54.29 52.86 55.71 54.29 54.29 0.58 0.205 0.700 

AD 54.09 48.03 60.15 54.87 53.39 0.59 0.189 0.700 

fALFF 51.9 56.67 47.14 43.27 63.33 0.49 0.336 0.764 

SBC 51.9 45.24 58.57 49.93 54.21 0.54 0.291 0.764 

PIMs 50.79 60.61 40.98 35.71 65.79 0.51 0.563 0.782 

VBM 50.45 52.31 48.59 51.79 48.80 0.51 0.401 0.893 

PRS 50.33 80.00 20.65 39.67 61.29 0.50 0.915 0.893 

ABC 48.10 46.19 50.00 46.59 47.50 0.48 0.589 0.961 

Combined 46.67 50.00 43.33 45.24 46.89 0.44 0.723 0.961 

FA 45.68 41.36 50.00 42.11 46.44 0.41 0.842 0.961 

RD 44.70 48.33 41.06 45.64 42.41 0.46 0.915 0.961 
For each feature, accuracy metrics and p-value at the permutation test are reported. Models are sorted from the best to 

the worst model, considering BA. Abbreviations: ABC, atlas-based connectivity; AD, axial diffusivity; AUC, area 

under the curve; BA, balance accuracy; DRCs, dual regression components; FA, fractional anisotropy; fALFF, 

fractional amplitude of low-frequency fluctuations; MD, mean diffusivity; NPV, negative predictive value; PPV, 

positive predictive value; PRS, polygenic risk score; RD, radial diffusivity; ReHo, regional homogeneity; SBC, seed 

based connectivity; Sens, sensitivity, Spec, specificity; VBM, voxel-based morphometry. 
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Appendix 15. Performance metrics for the models identifying cognitively impaired patients at 

the working memory domain. 

Feature BA Sens Spec PPV NPV AUC p-value FDRq-values 

VBM 62.63 61.03 64.23 63.58 62.66 0.62 0.013 0.177 

ABC 60.89 57.50 64.29 66.16 64.10 0.64 0.049 0.334 

PRS 56.23 58.62 53.85 62.96 49.30 0.56 0.124 0.498 

fALFF 53.93 60.36 47.50 53.00 57.99 0.50 0.227 0.498 

PIMs 50.66 80.39 20.93 54.67 47.37 0.51 0.146 0.620 

Combined 50.00 33.33 66.67 49.05 50.57 0.42 0.473 0.922 

MD 49.77 45.30 54.24 48.81 50.34 0.50 0.460 0.922 

DRCs 45.71 25.71 65.71 54.64 45.37 0.49 0.781 1.043 

SBC 45.71 51.43 40.00 45.49 43.33 0.42 0.787 1.043 

AD 45.61 48.64 42.58 44.00 46.68 0.49 0.840 1.043 

RD 43.86 44.09 43.64 42.84 44.17 0.36 0.925 1.043 

ReHo 43.57 70.71 16.43 44.09 39.58 0.44 0.892 1.043 

FA 40.38 41.82 38.94 38.65 41.17 0.35 0.993 1.043 
For each feature, accuracy metrics and p-value at the permutation test are reported. Models are sorted from the best to 

the worst model, considering BA. Abbreviations: ABC, atlas-based connectivity; AD, axial diffusivity; AUC, area 

under the curve; BA, balance accuracy; DRCs, dual regression components; FA, fractional anisotropy; fALFF, 

fractional amplitude of low-frequency fluctuations; MD, mean diffusivity; NPV, negative predictive value; PPV, 

positive predictive value; PRS, polygenic risk score; RD, radial diffusivity; ReHo, regional homogeneity; SBC, seed 

based connectivity; Sens, sensitivity, Spec, specificity; VBM, voxel-based morphometry. 

 

 

 

 

 

 

 


