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Abstract.Diagnosis is a complex cognitive process that takes shape within an
interpersonal relationship. It aims at the evaluation of mental and affective
processes that make the patient suffer, through their classification and identifi-
cation of the mechanisms and psychological factors that originated them. This
process can be made more effective thanks to the introduction in the diagnostic
context of technological tools, non-intrusive and relatively simple to use for the
detection of biomedical parameters. In the first section, this work highlights
some of the critical issues related to psychological diagnosis; subsequently the
methods of detecting physiological parameters, such as the Heart Rate Variabil-
ity and facial expressions related to the patient's emotional fluctuations, are de-
scribed. Finally, the concept of diagnosis will be introduced, assisted by compu-
tational methods, aimed at supporting the work of the clinical psychologist in
the complex procedure of diagnosis.
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1 Introduction: Beyond the limits of diagnosis

In 2003 APA [1] defined psychological diagnosis as the evaluation of abnormal
behavior and mental and affective processes that are maladaptive and / or a source of
suffering through their classification in a recognized diagnostic system and the identi-
fication of the mechanisms and psychological factors that originated them and main-
tain them [2]. Diagnosis is also a cognitive process that takes place within an interper-
sonal relationship, which is its basis and influence it. This process allows the identifi-
cation of a psychopathology, if it is present, and can provide data necessary for the
structuring of an effective therapeutic plan [3, 4, 5]. In this perspective, the relation-
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ship established between the psychologist who performs the psychological evaluation
and the patient is of fundamental importance. In this paper, after discussing the limits
of current diagnostic models, a computational approach to diagnosis in psychopathol-
ogy is presented, which introduces the use of technologies to integrate mental rea-
gents with objective biomedical parameters [6]. Since the results of the Rosenham
experiment in the 1970s [7], psychiatric diagnoses have been extremely influenced by
the subjectivity of the observer. However, the current nosographies (DSM and
ICD10) have solved this problem by tightening the operative definitions of the syn-
dromes and have generated nosographies with poor naturalistic adherence [8]. The
debate is still strong and one of the possibilities presented by scholars for the defini-
tion of naturalistic nosographic criteria that reflect modern knowledge in the biomedi-
cal and neuroscientific fields, emphasize the use of objectivable biomedical parame-
ters [9].

Without claiming to identify biological markers for mental disorders, the detection
of psychophysiological signals can be clinically very useful [10].

The signals generated by the activity of the autonomic nervous system are suitable
for integrating the description of the emotional state of the patients.
One of the most significant physiological parameters is the Heart Rate Variability
which is significantly correlated to individual emotional responses [11].

2 A question of heart: the implication of the Heart Rate
Variability in cognition and emotion

The term "Heart Rate Variability" (HRV) indicates the time difference between
two sequential heart beats. It is also called R-R variability since it is given by the
measurement of the interval of two peaks "R" in the reading of the QSR complex of
an electrocardiographic trace. Physiological, cognitive and affective events of differ-
ent nature can cause HRV fluctuations. HRV is controlled by the autonomic nervous
system. As is known, the latter consists substantially in the parasympathetic system,
active when low levels of arousal are present (eg. rest, digestion) and in the sympa-
thetic nervous system, conversely active when elevations of the arousal state are
present, for example in stress conditions. The parasympathetic system decreases the
heart rate, increasing HRV, the sympathetic system increases the heart rate by de-
creasing the HRV. This type of mechanics necessarily also involves arousal fluctua-
tions related to changes in the emotional state: low activation states, and therefore a
high HRV, seems to be related to a condition of substantial well-being, whereas, in-
stead, it is shown that in different psychopathological conditions such as anxiety[12],
depression [13, 14], bipolar disorder [15, 16], phobic manifestations [17] and panic
disorder [18] there is a fall in HRV. This makes it possible to define this value as an
index of individual self-regulatory abilities [19]. Therefore, the HRV indicates the
health state of the autonomic nervous system, as a high HRV is associated with great-
er flexibility of physiological processes and the production of adaptive responses to
environmental stimuli and changes, inversely to what happens to individuals with low
HRV [20, 21].



2.1 The need to switch from "contact' to "contactless

The HRV can be measured by a high number of sensors of various degrees of
complexity. The golden standard in HRV measurement is the electrocardiogram
(ECG), which, although it is an effective and accurate detection, at the same time
implies the use of a complex device directly connected to the subject's skin, potential-
ly inconvenient and intrusive. In fact, a traditional ECG system requires that at least
three bioelectrodes are positioned in different parts of the body to obtain an effective
detection, significantly limiting the patient's mobility, making it inapplicable in psy-
chopathological assessments [22]. This resulted in the need to implement equipment
that could detect the heart rate in a non-intrusive manner, as an alternative to the
ECQG, such as less intrusive devices such as smartwatch or Heart rate chest strap [23]
which, however, introduce a foreign element in the interaction between the patient
and the psychodiagnostic. In order to eliminate any element of disturbance in data
collection a series of methodologies have been developed; they are based on small
changes in the color of the skin of the face, invisible to the human eye but visible
through digital devices. Methods based on the photoplethysmographic(PPG) approach
[24, 25, 26] are described in the literature, they allow to identify microvascular blood
volume changes in tissues, through the micro variations of the cutaneous absorption
of light [27], which is proportional to the variation of blood flow [28]. PPG technolo-
gy has the advantages of being relatively simple as it is composed of a light source
and a photodetector, comfortable for the patient and economically sustainable [29].
The PPG approach was implemented by other authors [30] through the Eulerian Vid-
eo Magnification (EVM)[31], introduced to amplify the imperceptible variations in
skin color. The EVM amplifies the color in a video sequence and deconstructs it in
different temporal space bands by detecting the color change of the skin over time
[32]. Gambi et al [30] propose using frames of a human face obtained from the input
of a Kinect V2 as a RedGreenBlue(RGB) camera processing the area of the face
through the EVM algorithm. Through a process of extraction of ROI (Region of inter-
est), they limit the detection to the face and neck areas, so the Fast Fourier Transform
algorithm is applied to the video signal, which converts the data collected into a col-
lection of coefficients of a combination linear of sinusoids. The variations of the fre-
quency of the sinusoidal curves allow to obtain as output the HRV [33]. Tools such as
Kinect v2 was chosen because a single contactless device makes available a series of
additional data such as the analysis of the subject's movements or facial expressions,
detectable simultaneously with the images of the RGB camera. The Kinect v2, was
built in 2014 by Microsoft, and is composed of two cameras, RGB and Infra Red (IR),
allowing to obtain different information streams such as: stream of 2D color image
frames, a stream of 3D depth image frames. These features allow it to function as a
valid depth sensor. Through the Software Development Kit (SDK) [34], made availa-
ble by the manufacturer, it provides a skeleton tracker that gives a stable tracking of
the individual, providing 3D information on the position of 25 joints per person al-
lowing the detection and recognition of complex movements [35, 36]. These methods
are not without criticality, as pointed out by Wang et al.[37], which show that subtle
color changes or head movements may not be recorded during detection or due to



camera distortions or changes in light conditions, an avoidable eventuality through a
rigorous control of the setting in which this methodology is applied.

3 Beyond HRYV: towards an integrated diagnosis

In view of the functional integration of data to psychological diagnosis, it is ex-
tremely important not only to detect the physiological change of emotion or the pa-
tience’s experience, but also how this is expressed. Humans use different signals to
express emotions, such as facial expressions, gesticulation and voice.

It is known that non-verbal aspects give the most of the information. It has been es-
timated that the expression of emotions is conveyed through facial expressions for at
least 55% of the communication, while 7% is instead attributed to the expression
through verbal language [38]. Seven basic human emotions are commonly recog-
nized: joy, surprise, anger, sadness, fear, disgust and neutral; the recognition proce-
dure of an emotional experience is extremely complex, above all because different
emotional expressions share some salient expressive characteristics and an observer
could recognize the emotion but not be able to identify the different nuances of that
experience with clarity: for example a sad smile or a fear caused by disgust[39]. The
researchers relied on different theoretical approaches to apply technological metho-
dologies to the recognition of emotions. Therefore, some studies was been inspired by
the detailed work developed by Ekman, the Facial Action Coding System
(FACS)[40], a system based on the change of facial muscles characteristic of the in-
dividual expression of human emotions. This system has coded the movement of spe-
cific facial muscles called "Action Units" (AU), which reflect the continuous changes
in facial expressions. Based on Ekman's studies, over 46 fundamental AUs, producing
the facial expressions of emotions, have been codified [41]. Kinect face tracking is
based on Active Appearance Model (AAM), one of the most popular methods for
pattern recognition applied to deformable objects. It is an algorithm for matching the
statistical model of the shape and appearance of the object to a new image, widely
used in the localization of the features of the faces [42]. Although some authors con-
sider it desirable to use different sensors for an effective expressive-emotional recog-
nition, this method was implemented through the use of depths and RGB data of the
Kinect camera [43]. Several studies have revealed the effectiveness of using Kinect in
facial expression recognition [44, 45, 46].

4 Conclusions

Psychological diagnosis is a complex interactive relational process of fundamental
importance for the preparation and management of the patient's therapeutic plan and
also an important indication of the relational modalities that the therapist can follow
during the treatment.

This complex relationship can be enriched by the introduction in the diagnostic
context of technological tools, non-intrusive, economic and relatively simple to use
for the detection of fundamental biomedical parameters. The detection of both the



HRYV and the expression of emotions through facial expression can be essential to
obtain the most reliable and objectable psychological assessment model possible. For
a near future we mean to conceive differently the psychopathological diagnosis, bas-
ing it on new neuro-psychophysiological discoveries and introducing a diagnostic
standard based on computational methods in order to support the work of the clinical
psychologist in the complex definition of the treatment protocol [47].
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