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Abstract 
Despite major depression is a raising and wide spread health problem, the 
knowledge about its biological bases is limited. This not only has 
consequences epistemologically speaking, but also has clinical implications. 
However, considering the whole literature on biological bases of depression, 
it seems that a precise or unique biological marker enough specific and 
sensible to be used in clinical practice or to better understand the 
psychopathology of the disorder is not available and research has produced 
highly heterogeneous results. Moreover, the studied markers are often 
assessed with expensive and not commonly available techniques, limiting 
their possible application in clinical routine. 
Here we hypothesize that the emerging clinical and biological heterogeneity 
mainly reflect the fact that depression, as most of psychiatric disorders, is not a 
unique condition, but the sum of different entities with similar symptoms. Such 
entities may rely on different and only partially overlapping biological features. 
Therefore, rather, than continue to invest on highly inconsistent studies, we 
sustained the necessity of a shift in the study paradigm. Namely, future 
researches may focus on a bottom-up approach considering patients with 
homogeneous biological markers and evaluating whether these markers 
correspond to precise clinical features. Unsupervised supported vector 
machines and other data driven approaches may represent the best tool for 
such type of research. Pursuing the idea of a clinical exploitation of this type 
of research we also considered markers derived from electrocardiography 
(like the heart rate variability) the most promising given the relatively low 
cost, simplicity and availability of this technique.  
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1. Introduction

Depression is a diffuse and invalidating psychopathological disorder repre-
senting one of the most important causes of morbidity and mortality in western 
countries (Ferrari et al., 2013; Murray & Lopez, 1997). 

Despite it is a raising and wide spread health problem, the knowledge about 
causes, psychopathological mechanisms and biological correlates of depression is 
still limited. This not only has consequences epistemologically speaking, but also 
has clinical implications. A better knowledge of a disorder helps in finding new 
treatment or in better using those that are already available. According to a recent 
work the lack of knowledge on neurobiology and psychopathology of depression 
may be indeed an obstacle for developing new drugs (Lieblich et al., 2015). 
Moreover, in the case of depression, most of the existing drugs are based on seren-
dipity and psychological treatments are developed on the bases of psychological 
theories that are not universally accepted. In this sense, the fact that several 
different psychological treatments, based on different theoretical assumptions, 
seem to be equally effective (Cuijpers, 2016) has raised the possibility that they all 
work by mean of non-specific mechanisms of action (Wampold, 2015).  

The biological bases of depression 

A possible approach to understand depression is through the evaluation of 
the biological correlates of the disorder. In this concern, several studies were 
published using a wide range of different techniques. 

However, also this research line yielded inconsistent and sparse results. 
The first studies on glucose metabolism suggested how an hypermetabolism or 
hyperactivation of amygdala may be consider a marker for depressive disorders 
(Drevets, 2000). However, it quickly became obvious that such alteration can be 
found in a very similar way in other psychopathological disorders including maniac 
state (Garrett & Chang, 2008) or anxiety disorders (Gentili et al., 2016; Taylor & 
Whalen, 2015). The development of other types of neuroimaging data highlighted 
more potential biological markers including a reduction in metabolism and grey 
matter in the prefrontal cortex, a reduction of the hippocampal volume (Arnone et 
al., 2016; Drevets, 2000) and alterations of the default mode network (DMN) 
(Brakowski et al., 2017). Of note, one, and to our knowledge only, paper, using an 
unsupervised learning algorithm, was able to provide a clusterization of depressed 
patients based on DMN network. Interestingly such unsupervised clustering was 
also associated with specific patterns of clinical symptoms (Price, Gates, Kraynak, 
Thase, & Siegle, 2017). However, the study was aimed at unsupervised grouping 
and the ability to discriminate patients and controls was not assessed. 

The above-mentioned heterogeneity, surely depends on methodological 
issues such as the imaging technique used (e.g., Positron Emission Tomography 
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(PET), functional Magnetic Resonance Imaging (fMRI), structural MRI etc.) and 
the type of experimental design (e.g. resting state measurements, different type of 
emotional stimulation paradigms etc.). However, a closer look to all these findings 
highlight how none of these markers have sufficient sensitivity and specificity to be 
used as a marker of depression for diagnosis in clinical or research purposes. For 
instance a reduction of hippocampal volume has been also found in other mental 
disorders (e.g., social anxiety and post-traumatic stress disorders (Irle et al., 2010; 
Nelson & Tumpap, 2017)), while several negative studies find no difference 
between control group and depressed patients (Vythilingam et al., 2004). 
Moreover, all these techniques are expensive and require highly trained personnel. 
Therefore their use in routine clinical practice is not at sight. 

The same critics can be raised for the study of neurophysiology of depression, 
in particular REM latency and alpha power asymmetry were considered promising 
markers but they basically suffer from the same accuracy problems so that they 
cannot be translated into clinical practice. 

To summarize depression seems to not have a precise or unique biological 
marker enough specific and sensible to be used in clinical practice or to better 
understand the psychopathology of the disorder. All the neurobiological proposed 
markers were considered not enough accurate and research has produced highly 
heterogeneous results. 

The particular case of Autonomic Nervous System (ANS) 

Regarding psychophysiology, the study of the Autonomic Nervous System 
(ANS) has provoked a growing interest in the assessment of both psychiatric and 
somatic disorders. Heart Rate Variability (HRV)  – which is the complex modifi-
cation of the heart rate over time – has raised a particular interest as a measure of the 
activity of the ANS. HRV can be characterized using distinct methods, which assess 
it either in time or in frequency domains (Acharya, Joseph, Kannathal, Lim, & Suri, 
2006; Henry, Minassian, Paulus, Geyer, & Perry, 2010). In particular, frequency 
domain methods considers two components of the variability, the low (Low 
Frequency – LF, 0.04–0.15 Hz) and the high (High Frequency – HF, 0.15–0.4 Hz) 
frequencies. The HF component of the HRV is basically determined by para-
sympathetic activity, while LF is affected by both parasympathetic and sympathetic 
modulation. While the main contribution to HF power modulation is due to 
respiration (the so-called Respiratory Sinus Arrhythmia), changes below 0.15 Hz 
(i.e., LF band) are mediated by both cardiac vagal and sympathetic nerves with the 
contribution of other hemodynamic-and vascular-mediated modulations (Goldstein, 
Bentho, Park, & Sharabi, 2011; Rahman, Pechnik, Gross, Sewell, & Goldstein, 
2011). Finally, another way to assess HRV is by measuring its nonlinear domains, 
including complexity and fractal features. Analysis methods derived from nonlinear 
system dynamics represent a novel way to approach HRV. These methods differ 
from the conventional ones because they are designed to assess the quality, scaling 
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and correlation properties of the signals (Aubert et al., 2009). Although nonlinear 
analyses are more difficult to interpret in terms of physiological meaning, it has 
been suggested that “Nonlinear control of HRV poses potential physiological 
advantages in the possibility of adapting quickly and more subtly to changes in 
physiological needs”(Aubert et al., 2009). Interestingly, it has been suggested that 
nonlinear HRV measures may have some valid prognostic and diagnostic uses 
(e.g., (Leistedt et al., 2011; Yang & Tsai, 2013)). 

Although HRV metrics are specifically expression of heart dynamics and 
of how they are modulated by ANS, the relationship with central nervous system 
and its alteration is very tight. For instance a recent meta-analysis has shown how 
specific brain areas, particularly in the ventromedial prefrontal cortex are 
correlated to HRV (Thayer, Ahs, Fredrikson, Sollers, & Wager, 2012). Moreover, 
specific type of thoughts (like cognitive reappraisal) (Cristea et al., 2014) or 
actively induced state of mind (e.g. relaxation or mindfulness meditation (Azam et 
al., 2015)) can modify HRV. Finally, peripheral modulation of HRV through 
biofeedback or vagal nerve stimulation has been studied for its possible effects on 
mood in clinical and non clinical settings (Berry et al., 2013; Cimpianu, Strube, 
Falkai, Palm, & Hasan, 2017; Karavidas et al., 2007).  

Moreover, significant alterations in the Heart Rate Variability (HRV) have 
been detected in several somatic and mental disorders again suggesting their 
possible use a marker of different conditions (Acharya et al., 2006; Alvares, 
Quintana, Hickie, & Guastella, 2016).  

A recent meta-analysis, for instance, has shown a consistent reduction of 
different HRV measures in patients with psychiatric disorders as compared to 
controls (Alvares et al., 2016). Such decrease in HRV was smaller for anxiety 
disorders and maximal in psychotic patients. It is important to note that this meta-
analysis found a consistent reduction by aggregating different measures of HRV. 
As mentioned above, HRV analysis does not provide a single index, but a series of 
features that describe different and independent information. HRV can be 
characterized using distinct methods which portrait different pieces of information 
(Acharya et al., 2006; Henry et al., 2010). Patients suffering from Major 
Depression showed a reduction in several HRV parameters, including High 
Frequency (HF) power, when compared to both euthymic patients and healthy 
volunteers (Kemp et al., 2010; Liang, Lee, Chen, & Chang, 2015). However, 
results were not completely consistent among studies. For instance, Kemp and 
colleagues (Kemp, Quintana, Quinn, Hopkinson, & Harris, 2014) found differences 
in depressed patients with melancholia as compared to healthy controls in resting-
state HRV (including Root Mean Square of the Successive Differences – RMSSD 
– and HF), but these differences were not significant when non-melancholic
depressed patients were considered. Therefore, here again issues regarding the 
accuracy of the proposed metrics as diagnostic markers can be raised. 

However, research on HRV and depression has also potentially promising 
development. First of all we recently exploited the use of multi-feature learning 
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algorithms to characterize clinical mood states in bipolar depression. Within the 
framework of the PSYCHE project (FP7 Project) (Javelot et al., 2014), we were 
able to use supervised supported vector machine to characterize the mood state of 
bipolar patients (i.e., euthymic, depressed, hypomaniac or mixed) with over 95% 
concordance with the clinical label obtained through clinical interviews (Gentili, 
Valenza, et al., 2017; Valenza, Gentili, Lanata, & Scilingo, 2013). As compared 
with previous research, for the first time we do not consider one or few HRV 
metrics, but all the most frequently used ones. In this way it was possible to 
classify mood states on the base of multiple pieces of information and not on just 
one single metric. As a consequence, the PSYCHE project was the first successful 
attempt of patients classification based on HRV at a single subject level. Although 
the analysis of the HRV was conducted on a small interval of time (5 mins), the 
PSYCHE project used a wearable device for a continuous period of 16-18 hours to 
record the ECG signal. Therefore, further validation studies are needed to 
understand whether this type of analysis could be directly exploited to clinical 
practice. However, the other important consideration regarding HRV metrics is that 
ECG recording is typically far less expensive and far easier to obtain as compared 
to all the other neurobiological and neurophysiological techniques. The results of 
the PSYCHE project and of other preliminary results obtained by our group 
(Gentili, Messerotti Benvenuti, et al., 2017), together with the relatively 
availability of ECG instrument make us believe that this is a very promising area of 
research and of clinical implementation for mental disorders.  

Depression is a heterogeneous disorder even regarding clinical presentation 
and course 

As discussed in the previous paragraphs the variability in experimental 
psychopathology and in neurobiology may represent the biological counterpart of 
heterogeneity in clinical presentation of depression.  

Indeed, depression itself is a heterogeneous disorder starting from its 
clinical presentation. A recent study on 853 patients identified over 100 different 
symptoms combination all fulfilling the Diagnostic Statistical Manual of Mental 
Disorders (DSM) diagnostic criteria (Park et al., 2017). The DSM issued in several 
editions by the American Psychiatric Association have always considered several 
clinical subtypes of Depression based on specific symptoms features. In the update 
edition, the DSM-5, it is possible to specify whether depression has atypical or 
melancholic features, if catatonia or relevant anxiety symptoms are present, if the 
pattern is seasonal or related to post-partum (American Psychiatric & American 
Psychiatric Association, 2013). These subtypes or, as defined by DSM-5, spe-
cifications were also studied to assess whether they could be linked to different 
clinical courses or specific pattern of response to treatments (Penninx, 2016; 
Rodgers et al., 2016). For instance, it has been suggested that atypical and melancholic 
depression may have, at least partially, psychophysiological mechanisms where the 
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first is linked to immune and metabolic dysregulation and the second to alterations 
of the Hypothalamic-Pituitary-Adrenal (HPA) axis. However, the two subtypes do 
not seem to differ in terms of core depressive symptoms or response to treatments 
(Penninx, 2016).  Another non-trivial problem with this approach is the very low 
degree of diagnostic consensus in DSM-5 diagnosis. As pointed out in the k 
agreement on depression diagnosis with DSM-5 criteria is very low reaching .2 in 
the field tests performed in US and Canada (Regier et al., 2013). 

Another way to look at the heterogeneity in clinical presentation is 
following a so-called data-driven approach. Several statistical methods were 
developed for such type of approach, among which latent class analysis (LCA) and 
unsupervised learning algorithm including supported vector machine (SVM), are 
the most popular ones. Despite the type of analysis, the common feature to all these 
approaches is the lack of a-priori definition of subtypes or symptoms clusters: 
patients with similar pattern of symptoms recognized by LCA or SVM are 
gathering together. The clusters are then compared in terms of differences in 
symptoms presentation or outcomes, such as response to treatment. For instance 
Ten Have and colleagues using LCA on 1388 patients found distinct classes based 
on level of anxiety (Ten Have et al., 2016), an interesting result giving the fact that 
anxiety is not a symptom to be evaluated for the diagnosis although now present as 
a DSM-5 diagnostic specification of depressive episode. Other studies were able to 
identify relevant classes related to the classical DSM specifications. For instance 
Veltman and colleagues (Veltman et al., 2017) identified atypical and melancholic 
-like classes in a cohort of 359 ageing depressed patients. 

Another source of clinical heterogeneity is due to the way in which 
symptoms are measured. The great majority of the studies, as well as the routinely 
clinical evaluation are based on clinical interviews and self-administered clinical 
rating scales in which the patients respond retrospectively to questions that regard 
the two weeks before. This recollection may be biased by a well-known memory 
bias present in depressed patients, who tend to rehearse negative memories better. 
This, in turn, brings to an overestimation of the length and severity of their 
symptoms. For instance, in his pioneer study Mokros (Mokros, 1993) highlighted 
how clinicians’ ratings of depressed patients based on recalled symptoms, were 
discrepant with patients’ real-time report of the same symptoms. Therefore, if 
biological correlates in depression are more related to the present experience rather 
than its recollection this may bias the entire neurobiological research.  

Recently, experience sampling and ecological momentary assessment 
(ESM/EMA) were used to provide a longitudinal, ecological and therefore usually 
more accurate evaluation of depression (aan het Rot, Hogenelst, & Schoevers, 
2012). ESM/EMA  consists in sampling one variable (e.g., mood) several times a 
day within an interval of observation (which varies from few days to months in 
different studies). Despite the differences between ESM and EMA the idea of the 
approach is to repeatedly assess symptoms or behaviors of patients in real-time 
(aan het Rot et al., 2012). For this reason, and consistently with the most recent 
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literature we will use ESM and EMA as synonymous and refer to the procedure as 
ESM/EMA. Toward this approach it was possible to demonstrate the discrepancy 
between the typical pattern of recollection of depressed patients (including a 
general lack of positive affection and an increase of negative ones) and their actual 
present experience (in which they typically present a degree of positive affection 
which was higher than controls) (Mokros, 1993; Peeters, Nicolson, Berkhof, 
Delespaul, & deVries, 2003). Moreover, ESM/EMA was used also to link mood 
symptoms to biological correlates. The most used approach is to perform a 
contemporary evaluation of mood and of psychobiological correlate. For instance 
in the framework of the European Project PSYCHE (FP7) (Javelot et al., 2014) we 
measured ECG in bipolar patients by mean of a wearable system and mood toward 
a smartphone app even when patients were not hospitalized. In this way we were 
able to provide a very precise psychological and psychophysiological characteri-
zation of patients’ mood state (Gentili, Valenza, et al., 2017; Valenza et al., 2013). 
However, this is not the only way in which ESM/EMA can be used. Several studies 
have used a single biological measurement at the beginning or at the ending of the 
study and an ESM/EMA survey to collect longitudinal data. For instance, pupil 
dilatation, EEG and fMRI data collected once, significantly correlate with 
parameters registered with ESM/EMA (Peeters et al., 2003). 

Clinical heterogeneity is evident even when psychopathology of depression 
is studied. In experimental psychopathology researchers had tried to confirm in an 
experimental way the role of different mechanisms that were supposed to be 
involved in the genesis of depression. 

Emotional dysregulation, cognitive and attentional biases, dysfunctional 
and negative early beliefs, are among others the most studied and considered.  
Starting form the idea that these mechanisms would be involved in the genesis of 
depression psychological treatments were developed. Emotional dysregulation has 
been studied with several experimental designs which include common used tasks 
such as emotional go/no-go and emotional stroop (Maalouf et al., 2012; Saunders 
& Jentzsch, 2014). Unfortunately, results are not completely consistent and the 
wide range of different experimental designs makes difficult to obtain a congruent 
portrait of emotional regulation deficits in depression and the idea that emotional 
dysregulation may be the causative primary mechanism in depression have been 
recently challenged (Neacsiu, Smith, & Fang, 2017). Cognitive and attentional 
biases were extensively measured and studied in depression and anxiety disorders 
(Everaert, Koster, & Derakshan, 2012). Again here the results across studies are 
mixed and inconsistent, strongly dependent from the type of the stimuli and of 
experimental design (Baert, De Raedt, Schacht, & Koster, 2010; Cheng et al., 
2015). Moreover, the bias modification intervention as a possible treatment for 
anxiety and depression has been recently challenged that again suggests small (and 
often non-significant) effects-size and high heterogeneity of results (Cristea, Kok, 
& Cuijpers, 2015). As regards to dysfunctional thinking and beliefs they were 
considered the core concept of CBT (Beck, 2005). Despite the efficacy of CBT in 
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clinical practice (Cuijpers, Cristea, Karyotaki, Reijnders, & Huibers, 2016) the 
mechanisms of change involved are, again unclear, Moreover, the fact that CBT 
but also other psychological treatments reduce dysfunctional thinking for some 
authors suggests that dysfunctional beliefs are just another symptom of depression 
and thus, an effective treatment reduces them as it reduces depressive mood or 
sleep disorders(Cristea, Huibers, et al., 2015). A similar case is the one related to 
neuropsychological alterations in depression. Again it is hard to find a consistent 
pattern of neuropsychological alterations related to depressive episodes (Bosaipo, 
Foss, Young, & Juruena, 2017; Chamberlain & Sahakian, 2006; McClintock, 
Husain, Greer, & Cullum, 2010).  

To summarize depression has a very heterogeneous clinical presentation 
that makes a unitary description difficult. This partially account for the differences 
in clinical course, outcome and response to treatment as well as it may be 
responsible for the inconsistencies in the experimental psychopathology studies. 
Studies on depression subtypes have partially explained the heterogeneity in 
clinical presentation, course, outcome and response to treatments. Among these 
studies those conducted using a data driven approach seem more informative then 
those based on the traditional DSM subtypes.  

Why does heterogeneity in depression matter? 

A recent commentary pointed out that heterogeneity in depression may be 
a relevant difficult in developing new drugs (Lieblich et al., 2015). Although the 
commentary was specifically concerned about the lack of consistency and 
agreement in diagnosis in depression with the DSM-5 criteria, the problem can be 
reasonably extended to the intrinsic heterogeneity of the disorder in terms of 
symptom presentation and clinical course. The wide heterogeneity may also 
explain the difficulty in understanding why interventions (both drugs and 
psychological) work, why they work in some patients and are ineffective in others 
and, more in general, to shade light on the psychopathology and the 
psychophysiology of the disorder. As pointed out below the research for biological 
counterparts of depression may help toward solving these issues but, in turn, is 
itself strongly affected by this heterogeneity. 

Do we need a change of perspective in clinical neuroscience?   

Results from clinical studies suggest that depression clinical heterogeneity 
may be due to the presence of clinical subtypes. With the use of data driven 
analyses it was possible to identify subsamples which are often different from the 
traditional subtypes (e.g., melancholic, atypical), but that are more informative in 
terms for instance of clinical course. However, few studies have evaluated the 
biological correlates of different depressive subtypes. More importantly as already 
mentioned, only one study has tried a data driven approach to gather biological 
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correlates in meaningful groups (Price et al., 2017).  This study used resting state 
fMRI an expensive technique that cannot be exploited in clinical practice. 

From data heterogeneity to the necessity of a new paradigm to study biological 
correlates of mental disorders and depression 

Here we hypothesize that clinical and biological heterogeneity often 
emerging in depression mainly reflect the fact that depression, as most of psychiatric 
disorders, is not a unique condition, but the sum of different entities with similar 
symptoms. Such entities may rely on different and only partially overlapping 
biological features. However, the great majority of the studies involving the 
biological bases of depression select the patients according to the DSM-5 criteria 
alone. As mentioned, these criteria have a very low reliability and produce over 100 
different observed variants of symptoms presentation. We suggest that this recruiting 
procedure results in groups of patients that are supposed to be homogeneous but that 
are actually highly heterogeneous. As a proof of this issue, a recent meta-analysis 
gathering all the neuroimaging studies conducted on depression found no significant 
results. The authors did not find significant clusters, not only when they pull together 
all the data, but also when specific subgroups of studies are considered (e.g. face 
perception tasks) (Muller et al., 2017). The authors directly suggest that this lack of 
convergence may be due to “differences in the investigated populations”. We think 
that this gap is bridgeable not (or not only) with technological improvements but 
with a shift in research paradigms. 

One or many depressions? One or many biological correlates? 

If the depression is not a unique clinical entity, if different depressions 
exist, is necessary to take in consideration this aspect while studying biological 
correlates of depression. Here we suggest that, instead of searching for a unique 
biological marker of depression, we need to seek for different biomarkers that 
could define different subtypes of depression. In this sense we sustain the idea that 
depression as we know it, is the clinical expression of different endophenotypes 
that may have different biological correlates and bases. 

A previous attempt to investigate depression and other mental disorders in 
a way that goes beyond the rigid categorical taxonomy is related to the Research 
Domains Criteria (RDoC) (Cuthbert & Insel, 2013; Insel et al., 2010; Williams et 
al., 2016). The RDoC approach considers a series of psychological domains that 
could be evaluated in a dimensional way from normality to pathology and in a 
multiscale/multimodal fashion (from cell biology, to cognitive and emotional 
neuroscience, to clinical observations). More than considering a specific disease as 
defined in a categorial way, RDoC exams clinical dimensions which can be shared 
among different psychological disorders. The strength of the RDoC is to try to 
define homogeneous entities with clinical relevance. However, a trans diagnostic 
dimensional approach is limited by the lack of correspondence between dimensions 
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and the common known clinical entities: a translational use of RDoC in clinical 
practice may require a brand new conceptualization of mental disorders. Moreover, 
some of the proposed dimensions suffer from the same problems already discussed 
for clinical entities: when it comes to biological correlates the results are often 
sparse and lacking of the sufficient accuracy (Gentili, Cristea, et al., 2017). 
Therefore, at the best of our knowledge, the claim of a neurobiological measure for 
a psychological dimension is, at best, speculative. 

To overcome these issues we suggest a new way to look at biological 
correlates of depression in a bottom-up fashion instead of the classical top-down 
approach. While almost all the previous studies try to study biological correlates 
assuming the fact that depression is an homogeneous disorder, it would be useful to 
start from homogeneous biological correlates and trace them back to meaningful 
clinical subtypes.   

Moreover, we argue that to be meaningful these subtypes may be clinically 
sustainable. It is hard to conceive how a biological correlate may be related to 
meaningful clinical subtypes if such biological correlate could not be translated 
into routinely clinical practice.  

In this sense the use of psychophysiological features and more precisely of 
ECG may help in this direction. The use of the ECG which is a cheap, easy to use 
and widely disseminated technology makes results immediately exploitable for 
clinical and further research purposes. In our recent work we were able, for 
instance, to predict the degree of depressive symptoms in a sample of patients with 
cardiovascular disorders, as measured with the scale CES-D, only relying on HRV 
metrics (Gentili, Messerotti Benvenuti, et al., 2017). As a result we were able to 
write an equation that can be directly exploited and used in clinical practice and 
estimate depression severity with an accuracy of over 90%. 

Conclusions 

After more than 50 years of research on biological bases of depression (and 
mental disorders in general) the knowledge we gathered is still highly incomplete. 
Despite the progress in understanding the biochemical and functional alterations 
underling depression, its precise correlates and pathophysiology are still ill defined. 
As the number of studies on different biological measures raise is more and more 
evident that the lack of consistency is not only a matter of number of studies, 
sample size or technological development. The high heterogeneity of depression 
starting from its clinical presentation and course suggest that while we gathering 
patients for neurobiological studies we are gathering a highly heterogeneous 
population with very few (if anything) in common. Rather than continue to invest 
on highly inconsistent studies, we here sustained the necessity of a shift in the 
paradigm. In this sense we suggest a bottom-up approach starting from 
homogeneous biological features. Namely, future researches may focus on patients 
with homogeneous biological markers and evaluate whether these markers 
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correspond to clinical features or patterns. To do so we also consider that 
unsupervised supported vector machines or other data-driven approaches may 
represent the best tool for such type of research. Few studies conducted on MRI but 
also on psychometric data encourage this idea (Veltman et al., 2017; Zeng, Shen, 
Liu, & Hu, 2014). 

Finally, we also claim that a new achievement for research in biology of 
mood disorders should be to be rapidly translated into clinical practice. Again, 
supported and unsupported vector machines seem a valuable research tool in this 
concern, giving the fact that they can produce results which are informative at a 
single subject level. In this concern, we also considered how easy-to-use, 
affordable, and widely accessible techniques such as ECG, may help to bridge the 
gap between research and clinical practice. 
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