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A B S T R A C T   

Identifying objective and reliable markers to tailor diagnosis and treatment of psychiatric patients remains a 
challenge, as conditions like major depression, bipolar disorder, or schizophrenia are qualified by complex 
behavior observations or subjective self-reports instead of easily measurable somatic features. Recent progress in 
computer vision, speech processing and machine learning has enabled detailed and objective characterization of 
human behavior in social interactions. However, the application of these technologies to personalized psychiatry 
is limited due to the lack of sufficiently large corpora that combine multi-modal measurements with longitudinal 
assessments of patients covering more than a single disorder. To close this gap, we introduce Mephesto, a multi- 
centre, multi-disorder longitudinal corpus creation effort designed to develop and validate novel multi-modal 
markers for psychiatric conditions. Mephesto will consist of multi-modal audio-, video-, and physiological re
cordings as well as clinical assessments of psychiatric patients covering a six-week main study period as well as 
several follow-up recordings spread across twelve months. We outline the rationale and study protocol and 
introduce four cardinal use cases that will build the foundation of a new state of the art in personalized treatment 
strategies for psychiatric disorders.   

Introduction 

Psychiatric disorders represent a major challenge to global health
care systems and society. Major depressive disorder (MDD) is one of the 
most common disorders with a lifetime prevalence of 16% [1] and 
schizophrenia is estimated to affect 1–2% of the European population, 
with roughly 20 million cases being reported globally in 2017. Ac
cording to a report by the World Health Organization, MDD is the 
leading cause of disability worldwide [2,3]. The current COVID-19 
pandemic is just increasing the prevalence showing a clear rise in 
depressive and anxiety disorders [3]. 

Left undiagnosed or untreated, psychiatric disorders increase the risk 

of hospitalizations, reoccurrences, co-morbidities, and suicide. Condi
tions like major depression, bipolar disorder, and schizophrenia have a 
complex network of overlapping behavioral symptoms which can be 
difficult to distinguish based on classical assessments during clinic 
consultation as clinicians lack objective markers. This makes disease 
management difficult and possibly ineffective with serious side effects 
due to potential misdiagnosis. 

Current challenges of classical psychiatric assessment 

Compared to the progress seen in other branches of medicine, psy
chiatry lacks sensitive indicators to tailor treatments to individuals. 
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Today, clinical states are measured by using question-based scales 
related to specific symptomatic domains which may be subject to biases 
[4]. One challenge is the heterogeneity of symptoms and variability 
between patients which can ultimately lead to missed diagnoses or 
incorrect treatments [5]. Another challenge is the discovery of patho
gnomonic symptoms for these different pathologies. 

In the absence of objective markers of symptoms and their level of 
severity, it is a challenge to create effective and efficient methods for 
defining flexible medication treatment strategies. For instance, a main
stay treatment for long-term relapse prevention are mood stabilizers 
such as lithium, anticonvulsants or antipsychotics, which can cause side 
effects leading to a significant reduction of patient quality of life. Hence, 
methods for early identification of relapse, as well as respective medi
cation and psychotherapy adjustments, and continuous monitoring of 
patient status for assessing impact of treatment are acutely needed. 

The lack of objective markers is entailed by the absence of sufficient 
quantities of longitudinal, observational data. Recently, the National 
Institute of Mental health (NIMH) established a new diagnostic 
approach for researchers that states to combine biological, behavioural, 
and social factors to create precision medicine for psychiatry, highlighting 
the need for diverse data for better diagnosis of mental disorders [6]. 
Thus, identifying objective markers of psychiatric disease states, 
including trans-diagnostic, behavioural-based phenotypes, is necessary 
for improved disease classification and treatment [7]. With the current 
rise of the use of Artificial Intelligence (AI) in healthcare, personalized 
management of mental disorders is moving forward. Hence, technology- 
based behavioral sensing may prove to be effective in measuring sub
jective communicative functioning, making inferences about symptoms, 
and guiding treatment management [8]. 

Thus, two main challenges persist in modern psychiatry; the absence 
of clear quantitative markers of disease progress and lack of sufficiently 
large corpora that combine multi-modal measurements with longitudi
nal assessments [9]. 

Social interaction as a new study target 

Many valuable diagnostic relevant information is extracted from the 
interaction between clinician and patient. This clinical interaction (e.g. 
conversation between patient and clinician including verbal as non- 
verbal behavior) is traditionally a clinician’s most important source of 
information about patients’ social skills, mood and motivation levels. 
However, a comprehensive clinical interview requires sufficient 
consultation time as well as strong clinical competencies and expertise 
to be able to detect early subtle signs of changes in communication. 
Moreover, for detecting these changes during a clinical conversation no 
standardized objective measures exist leaving a lot of room for specu
lations and subjective biases. Introducing ways to assess in a quantita
tive manner behavioral dynamics during real-life social interaction 
could help indicate for instance level of reciprocity and therapeutic 
alliance, which until now is merely left to clinical intuition. 

Need for precise and sensitive digital markers 

To develop and test new measures of mental illness, a movement 
from traditional markers and phenotyping to digital markers and digital 
phenotyping is needed. ‘Digital phenotyping’ refers to the moment-to- 
moment quantification of human behaviour in everyday life using 
data from digital devices [6]. Digital phenotyping suggests to collect 
patient data allowing for non-intrusive and continuous monitoring of 
behavioural and mental states, ultimately revealing clinically relevant 
information. Similarly, ‘digital markers’ are digitally-obtained disease 
indicators that can be used to define a digital phenotype [9]. 

Interaction-based phenotyping could provide various additional data 
to generate an observer-independent assessment of behaviour during a 
social interaction which reflects as a mirror the current symptomology 
of a patient. Additionally, interaction-based measures such as social 

synchrony may have predictive value for treatment outcome. 
Recent progress in computer vision, speech processing and machine 

learning has enabled detailed and objective characterization of human 
interaction behavior [10–12]. Applying these advanced methods of 
artificial intelligence (AI) provides new opportunities to identify digital 
markers of patient behaviour. Such markers have the potential to pro
vide objective and continuous assessments of symptomatology in the 
context of patients’ daily lives [13], thereby allowing to precisely tailor 
treatment to the concrete patient trajectory. 

Many so far developed techniques are based solely on verbal infor
mation during interviews; however interpersonal communication often 
occurs nonverbally. Thus, merging computer vision-based measurement 
in a multi-modal approach would enhance the quality of analysis by 
allowing to detect changes in the quality of communication as alter
ations in the dyadic interaction patterns. 

Digital markers and methods 

In recent years, behavior recognition methods based on artificial 
intelligence (i.e., machine or deep leaning) have become increasingly 
effective in a variety of tasks, including action classification [14], body 
language and gestures [15]; gaze estimation [16], eye contact detection 
[10]; facial action units [17]; as well as affect extracted from single- or 
multiple modalities [18,19]. 

A growing number of approaches make use of this progress in human 
behaviour sensing to analyze clinical interaction data (e.g. therapy 
sessions); linguistic and paralinguistic characteristics from speech 
[20,21]. As psychiatric disorders (MDD, bipolar, schizophrenia) impact 
the quality of social interactions there is emphasis on studying these 
quantifiable behavioral dynamics in real-life social interaction at the 
dyadic level rather than solely individual behavior [22,23]. 

Automatic speech analysis shows promising results for the detection 
of affective states in patients with depression [24], bipolar disorder 
[25], schizophrenia [26] or dementia [27]. Certain mobile technologies 
have demonstrated feasibility for tracking depression that could inform 
models for predicting relapse [28]. In schizophrenia, passive smart
phone data has been used to examine user behavior and predict clinical 
relapse events [29]. The CrossCheck Study found strong associations and 
predictive power between self-reported symptoms and both active and 
passive data [30]. 

While these initial results are promising, this research needs to be 
accelerated by further development of digital phenotyping technology 
focusing on scalability and equity, by establishing shared longitudinal 
data repositories and by fostering multidisciplinary collaborations be
tween clinical stakeholders, including patients, computer scientists, and 
researchers [31]. 

Study Overview 

Design 

The overall study design is presented in Fig. 1. and consists of two 
phases. During the main study phase, interactions between the patients 
and clinician will be recorded multimodally, i.e. with video, audio, and 
physiological sensors. In the succeeding follow-up phase 
videoconference-based recordings and ecological momentary assess
ments will be audio and video recorded with a videoconferencing system 
during a period of 12 months. 

At the beginning of the main study phase (week 1), each included 
patient will undergo a set of clinical assessments that serve as baseline 
measures. Interactions between patient and clinician during these as
sessments will be recorded and represent a baseline observation of 
interaction behaviour. Subsequently, each patient will be recorded in 
four planned interview sessions spread over four weeks (weeks 2–5). In 
addition, we will record as many additional interactions between cli
nicians and patients as feasible during this time period. At the end of the 
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main study phase (week 6) a second set of clinical assessments and 
multimodal interaction recordings will be captured. 

During the follow-up phase, three telemedicine interviews including 
clinical assessments of the patients will be recorded via videoconfer
encing system. These interviews will take place three months, six 
months and 12 months after the end of the main study phase. Between 
the first and second, as well as between the second and third follow-up, a 
one-week long block of ecological momentary assessments (EMA) will 
be recorded. 

A detailed description of the planned assessments as well as the 
technical sensor setups is provided in chapters 2.5 and 2.6. In the 
following we will introduce the four cardinal use cases in MePheSTO 
and discuss how they will be addressed using the general study design. 

Use cases 

MePheSTO has a solid foundation of clinically motivated scenarios 
and use-cases synthesized jointly by the clinical partners of the project. 
Each use-case has been introduced to support clinicians at several points 
during the patient’s journey, from the initial diagnosis and treatment 
planning to long-term psychiatric care (e.g. relapse prevention). 

Each use case encompasses different research questions all centred 
around the scientifically sound validation of digital phenotypes for 
psychiatric disorders. In order to address these research questions, the 
MePheSTO project aims to provide objective marker of these phenotypes 
based on multimodal input, including speech, discourse and dialogical 
coherence, video, and bio-signals from clinical social interactions. 
Complementary, ecological momentary assessments (EMA) are collected 
to extend the data acquisition on a daily life basis. In the following, the 
four cardinal use cases of the MePheSTO projected are presented in 
detail: 

Use case A 
Supporting differential diagnosis for major depressive episode. 
Major depressive episode (MDE) as defined by the current criteria 

(American Psychiatric Association (APA)) describes a large heteroge
neous clinical syndrome comprising more than 1490 combinations of 
symptoms [32]. The various possibilities of fulfilling MDE criteria, 
including opposite symptoms such as insomnia and hypersomnia, 
decrease and increase in appetite or agitation and psychomotor retar
dation, highlight this heterogeneity. 

According to international classifications (APA), MDE symptoms are 
the same whether in Major Depressive Disorder (MDD) or in Bipolar 
Disorder (BD). The differential diagnostics of MDD and BD during a MDE 
constitutes a major challenge in clinical practice. Indeed, about 20% of 
people suffering from MDE would be a misdiagnosed with BD [33]. And, 
the delay for a correct BD diagnosis can vary from almost seven to ten 
years after first mood symptoms. 

In the same way, international classifications do not distinguish 

whether MDE occurred in a context of traumatic exposure [34]. In fact, 
posttraumatic stress disorder (PTSD) is not the only psychiatric condi
tion that may develop in the aftermath of trauma as evidenced by high 
comorbidity between MDE and PTSD [35]. MDE can also be the 
expression of a former traumatic exposure or chronic in this case [36]. 
Hence, the early exploration of the pre- or absence of psychological 
trauma in patients with MDE constitutes an important diagnostic step 
entailing a major impact on further therapeutic care. 

Research questions:  

• Are these different pathogenetic profiles of MDE characterized by 
different digital phenotypes?  

• Can interaction-based, digital markers provide valid indicators for a 
better differentiation between the different clinical profiles of MDE? 

Scientific approach: 
Measures distinguishing between these clinical profiles of MDE will 

be determined based on observations of patient behaviour and physi
ology during patient-clinician interactions as well as on measures 
extracted during the patient’s daily life: 

• Differential diagnosis of MDD and trauma triggered MDD co
morbidity: To extract markers indicative of trauma, the reaction to 
potentially trauma-associated topics will be analysed while patient- 
clinician interactions. Changes in verbal (e.g. speech), nonverbal 
(e.g. eye-contact) and physiological measures (e.g. skin conduc
tance) are considered to be promising candidates [37].  

• Differential diagnosis of MDD and BD: To assist the diagnosis of 
BD, both, data recorded during clinical interactions will be used. 
During interactions, speech represents an interesting modality for 
extracting digital markers indicating BD [38]. Furthermore, physi
ological measures extracted from wearable sensors can potentially 
indicate a manic phase in the course of the disease. 

Use case B 
Quantifying therapeutic alliance by means of social synchrony. 
Therapeutic alliance, i.e. how a patient and a therapist connect, 

behave, and engage with each other, was shown to be connected to 
therapy outcome measures robustly across different disorders and 
therapeutic approaches [39]. However, the psychotherapeutic process is 
both dynamic and complex. It constitutes a most complex bio-psycho- 
social system in which language, cognition, and emotions are inter
twined and influenced through the interactional dynamics between 
therapist and patient [40,41]. The therapeutic alliance can be associated 
with interpersonal coordination during human interaction in behaviour, 
physiology, emotional and cognitive states. Numerous studies have 
made connections to therapeutic processes and outcomes: vocal coor
dination [42], body movements [43], and physiology [44]. 

These markers for therapeutic alliance have the potential to support 

Fig. 1. The overall study design.  
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clinicians during treatment and to assist in increasing the fit between 
patient and clinician. An important goal of MePheSTO is to develop such 
digital markers for therapeutic alliance and validate these markers in a 
multi-lingual, multi-disorder setting. 

Research questions:  

• How can the different aspects of social synchrony in therapeutic 
interactions be measured automatically by interaction-based, digital 
markers?  

• Can digital markers for therapeutic alliance, extracted from clinical 
interactions, predict the subjectively perceived therapeutic alliance 
and clinical outcomes?  

• Do digital markers for therapeutic alliance have the potential to 
support clinicians during treatment and to assist in increasing the fit 
between patient and clinician? 

Scientific Approach: 
In MePheSTO we will develop digital markers based on the in-Sync 

mode by Koole and Tschacher [39]. To measure different aspects of 
social synchrony, video, audio and physiological recordings taken from 
clinician and patient will be analysed. To validate the measures, clini
cian- and patient ratings of therapeutic alliance will be utilized along
side therapy outcome measures.  

• Movement synchrony: To quantify movement synchrony we will 
integrate different modalities automatically extracted from video 
recordings (e.g. head pose, gesticulation, and eye gaze), e.g. via 
motion energy analysis.  

• Common language: We will develop automatic measurements of 
linguistic behaviour matching based on audio recordings during 
therapy interactions, e.g. via Language Style Matching [45].  

• I-sharing: We will detect sharing of subjective experiences between 
patient and therapist by language analysis on the recorded audio.  

• Affective co-regulation: Detect via synchronization of breathing 
patterns extracted from video, as well as synchronized skin 
conductance levels measured by wearable sensors. Furthermore, we 
will detect complementary therapist behaviour with the goal to re
turn to a homeostatic balance, e.g. in response to an upset patient. 

Use case C: Treatment outcome and relapse prediction from negative 
symptoms in schizophrenia 

Despite the progress in psychotherapeutic and pharmacological 
treatment in recent decades, remission rates in patients with schizo
phrenia stagnate around 20% [46]. One of the main goals when treating 
Schizophrenia is remission via relapse prevention. To achieve this, early 
detection of a relapse is crucial [47]. Relapse in schizophrenia is defined 
as a return of disease symptoms after a partial recovery, resulting in a 
negative impact on an afflicted person’s life, their daily activities, and 
often leading to hospitalization [48]. However, the earliest indicators 
(negative symptoms) of relapse can be difficult to detect. Furthermore, 
patients quite often show difficulties in several domains of social func
tioning, namely deficits in social skills [49,50], social cognition disor
ders [51], loneliness [52], reduced social network size [53], impaired 
social motivation [54], and elevated social anhedonia [55]. These cir
cumstances may additionally impact their medication maintenance or 
the development of clinical signs of relapse. Due to the life-long nature 
of this disease, current research focuses on a longitudinal understanding 
of schizophrenia symptoms and how to first predict and then prevent 
relapses. Assessing digital, interaction-based markers for the negative 
symptomatology along with changes in the daily life of people with 
schizophrenia would make it possible to identify the appearance of signs 
predictive of relapse [56]. 

Research questions:  

• Can negative symptoms be assessed by digital, interaction-based 
markers?  

• Can digital markers provide a reliable prediction of disease 
progression?  

• Can a relapsing episode in schizophrenia be predicted via multi- 
modal digital markers prior to full onset? 

Scientific Approach: 

Digital phenotypes of negative symptoms will be determined based 
on observations of patient behaviour during patient-clinician in
teractions as well as on measures extracted during the patient’s daily 
life:  

• Alogia and thought poverty (via speech data): Defined via the 
amount of speech, average pause length, lack of articulation, average 
length of response, and conversational implicatures [57].  

• Anhedonia and affective flattening (via speech and video data): 
Detected by facial and body movements, gaze fixation and through 
emotions and expressions from facial recognition.  

• Avolition and Social withdrawal (via EMA): Assessed by the use of 
short prompted questionnaires assessing the participants’ daily life 
[58]. 

Use case D: Uncovering formal thought disorders in schizophrenia 

“Psychiatrists rely on language and speech behaviour as one of the 
main clues in psychiatric diagnosis” [59]. As language ‘impairment’ is 
one of the factors of psychosis and a major symptom for a schizophrenia 
diagnosis, understanding formal thought disorder in schizophrenia is 
crucial. The connection between language and Schizophrenia is well 
documented; phonetics, morphology, syntax, semantics, pragmatics and 
discourse structure have been studied [59,60]. Patients show difficulties 
in coordinating thoughts and actions according to their goals. This 
thinking is partly reflected in the subject’s language at the lexical- 
semantic and syntactic levels, with either a productive side (e.g. 
vague, tangential, abstract, uninformative speech), or a deficient side 
(impoverished speech, lack of words, stereotypy). Furthermore, the 
pragmatic and dialogical approach has made it possible to highlight 
other elements that would be pathognomonic of schizophrenia, partic
ularly discursive discontinuities [61]. Discursive discontinuities 
describe conversational breaks during verbal interactions between a 
schizophrenic patient and a clinician. Via modelling these conversa
tional breaks [61], we aim to identify neurocognitive impairments (e.g. 
associated with deficits in attention, memory, language and executive 
function) and to improve the understanding of the mechanisms of social 
cognition, and specifically the processes underlying deficiencies in 
interpersonal relationships. 

Research Questions:  

• To what extent is a multimodal-type discourse analysis methodology 
(e.g. assessed via head movements, gaze movements, and facial ex
pressions) likely to facilitate the identification of verbal interaction 
structures underpinning formal thought disorders?  

• What congruent relationships can be established between “evolving 
formal thought disorders” and evolving intensity of schizophrenic 
disorders in general? 

Scientific Approach: 
From Speech and video recordings of clinical sessions between the 

clinician and patient, phonetics, morphology, syntax, semantics and 
pragmatics can be evaluated. Many measures have been reported for the 
understanding of formal thought disorder. We have listed a few:  

• Syntactic complexity and grammaticality in schizophrenia have 
been reported as being “more grammatically deviant” and “less 
syntactically complex” compared to controls. However, this specific 
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finding was felt to be linked with earlier onset of illness, longer 
duration of illness, and negative symptoms [62,63].  

• Using both the clinician and patient’s speech discourse cohesion 
and the communication disturbance index can be used to evaluate 
the overall discourse level including disorganization of thoughts and 
speech [22,23,64–66].  

• Measuring ability of the patient to encode or infer communicative 
intentions to build common ground with the interlocutor during the 
course of dialogue.  

• Specific eye-movement patterns, i.e. lack of fixation in eye area or 
increased percentage of number of switches from one area to another 
one will be analyzed as well [67–69]. 

Methods 

Sample population 

Sample size 
The target sample size of 450 participants, 150 per site ideally 

equally split among MDE (75) and schizophrenia patients (75) is justi
fied by considering similar data sets with psychiatric patients. For each 
participant, the goal is to record a minimum of four clinical interactions 
which would result in a total of 1800 audio-visual recordings (600 per 
site) combined with physiological measures. This is a significant in
crease beyond existing corpora. For example, the DAIC-WO (Distress 
Analysis Interview Corpus - Wizard-of-Oz) database consists of audio 
and video recordings of 189 sessions of clinical interviews designed to 
support diagnosis of psychological distress conditions such as depression 
or post-traumatic stress [70]. Gavrilescu [71] analyzed facial expres
sions of 128 patients using the and the Facial Action Coding System 
(FACS) for predicting depression and anxiety scores. Cohn [72] collected 
sensor data of 23 unipolar & bipolar depressed and 32 healthy controls. 
For schizophrenia, studies show often similar or even smaller sample 
sizes. Bishay [73], automatically analysed the facial behaviour of 91 out- 
patients during clinician-patient interviews showing that certain ex
pressions significantly correlated to symptoms of schizophrenia. Elvevåg 
[74] presents automated methods to perform discourse analysis for 
predicting psychosis with N = 83; 53 patients and 30 controls. Based on 
our review on the use of these digital markers and namely speech and 
video features in psychiatric patients we assume that chosen sample 
number is adequate to investigate the objectives of the study. 

Inclusion and exclusion criteria 
Participants will be recruited through the three clinics involved in 

the study. The following inclusion and exclusion criteria are presented in 
Table 1. and will be adhered to: 

Co-enrolment in all study types will be allowed. 

Setting 

The MePheSTO study is built on a joint work program between 
INRIA, the French national research institute for the digital sciences, and 
DFKI, the German Research Centre for Artificial Intelligence, two of the 
world’s largest non-profit research institutes active in the field of AI. The 
two institutes have decided to team up to address the challenges relating 
to the foundations and the applications of modern AI, including machine 
learning, speech and language processing, computer vision and health
care. The presented study will be performed within this framework. 

We aim to perform a prospective longitudinal multi-center obser
vational study across three clinical sites, two psychiatric clinics in Ger
many (Homburg, Oldenburg) one in France (Nice). Each clinical site will 
apply separately for ethical approval at their local Ethics Committee. In 
France approval has been granted by the Ethics Committee (‘Comité de 
protection des personnes’, CPP Ouest II in Angers, France. In Germany, 
the protocol has been submitted for review at the Ethics Committee at 
the Saarland University Medical Center, Homburg, and at the University 
Clinic Karl Jaspers, Bad Zwischenahn. The study will be conducted ac
cording to the Declaration of Helsinki. Written informed consent will be 
gathered from all subjects prior to the study. Trained clinicians, psy
chiatrists and psychologists will be mainly involved in the recruitment 
and data collection of patients. 

Protocol 

Participants will be recruited in the participating clinics (inpatient 
and outpatient clinics) via their treating psychiatrists or a member of the 
research team. The participant will receive a detailed information sheet 
about the study, its process, potential risks and benefits. Prior to starting 
recording any missing demographic data, medical history or medication 
information will be collected from all participants. Sex, age, education 
(years), living status and current medications will be collected. This is to 
be able to control for any medications that may interfere with the social 
behavior to be analyzed during recordings. In regards to the current 
COVID-19 pandemic, all clinical interactions may be performed and 
recorded remotely via a videoconference system. 

The different steps of the study are presented in Fig. 1. & Table 2. and 
should be completed in the following order:  

1. Baseline assessment: research team member will start with a general 
screening interview (to last approximately 1 h30 to 2 h) with the 
participant using the SCID-CV tool. The screening interview will be 
video and audio recorded. 

In order to determinate a subsample of prodromal patients, we will 
use the “Comprehensive Assessment of At-Risk Mental States” tool 
(CAARMS).  

2. The participant will be debriefed in the usage of the online survey as 
well as the wearable sensors  

3. After responding sufficiently to the diagnosis criteria of depression 
or/and schizophrenia/ patients UHR or HR, further psychiatric as
sessments will be performed using classical standard questionnaires 
or scales (clinician administered and self-report):  

• For all participants with Major Depressive Episode:  
• Beck Depression Inventory/ BDI (self-report)  
• Montgomery Asberg Depression Rating Scale/ MADRS (clinician 

administered)  
• Young Mania Rating Scale (YMRS) (clinician administered)  
• Childhood Trauma Questionnaire (CTQ)  

• For all participants with Schizophrenia: 

Table 1 
Inclusion and Exclusion criteria.  

Inclusion criteria Exclusion criteria  

• According to the Structured Clinical 
Interview for the DSM-V (SCID-5-CV) 
[75] OR the Mini International 
Neuropsychiatric Interview (MINI) 
[76] diagnosed with either 

Major Depressive Episode OR 
Schizophrenia 
According to the Comprehensive 

Assessment of At-Risk Mental States 
(CAARMS) [77]: High Risk (HR) and 
Ultra High Risk (UHR) individuals 
likely to develop one or the other of 
these pathologies  

• Aged between 16 and 55  
• Have capacity to consent or if 

participants are under 18, the consent 
form will also be signed by at least one 
of the parents  

o Do not have capacity to consent  
o Acute suicidal tendencies  
o Not native speakers or had any major 

hearing or language problems  
o Disabling or non-stabilized somatic 

pathology.  
o Patients with language, cognitive or 

neurological deficiencies 
(neurological lesions, dysphasia, 
aphasia, mutism...) evaluated in 
particular during the neurocognitive 
testing phase.  

o History likely to modify the cerebral 
anatomy.  

o Patients requiring a drug or 
therapeutic solution that is 
incompatible with the quality of 
evaluation in the research.  

o Current diagnosis of substance abuse 
or dependency  
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• Brief Negative Symptoms Scale/BNSS or Self-report Negative 
Symptoms/SNS (self-report)  

• Positive and Negative Syndrome Scale/PANSS (clinician 
administered) 

Every included participant will reply to a questionnaire on sub
jective quality of life, the “World Health Organization Quality-of-Life 
Scale” (WHOQOL). 

4. Every participant will undergo a short cognitive test battery con
sisting of:  

• Semantic Verbal fluency, Phonetic Verbal fluency (1 min)  
• Digit Span forward + backward  
• Trail Making Test A & B  

5. Afterwards the participants will undergo their standard clinical 
pathway with its regular consultations. This includes medical and 
therapeutic consultations which will be each time recorded for the 
length of the study (which is four weeks for inpatient clinics and 6 
months for outpatient clinics). During the consultation clinician and 
participant will be equipped with a wearable sensor to collect 
physiological measures (heartrate variability, electrodermal activity, 
accelerometer, temperature). 

Before each recording session the patient will be asked on his or her 
current medication status (if there were any modifications since the last 
recording). 

6. Short ratings will be completed after each recorded session by pa
tient and clinician (via smartphone) on their perceived quality of the 
clinical interaction. 

We will use specific items of the Working Alliance Inventory-short 
revised (WAI-SR).  

• Item 1: After this session, I feel better 
• Item 2: I feel the things we discussed today will help me to accom

plish the changes that I want.  
• Item 3: I feel ___ cared about me during this session.  
• Items 4: I felt that my interaction partner understood what I want to 

change in this session  
• Item 5: Item 5: In this interaction, I felt the clinician and I were on the 

same page  

• Item 6 (only for patient): In this interaction, I felt it easy to share 
personal experiences with the clinician  

• Option to annotate particular observations  
7. End of study participation at discharge (or after 4 free interview 

sessions) 
A minimum psychometric assessment will be performed (for symp
tom improvement, therapy success) at all clinical sites; see C) con
sisting of  

1. Semi-structured Interview and a self-report  
1. MDE: BDI, MADRS, YMRS  
2. Schizophrenia: BNSS, SNS, PANSS  
3. All: WHOQOL  

2. Assessment of the overall perceived quality of care: Working Alliance 
Inventory-short revised /full version (WAI-SR)  

8. After discharge, daily life measures will be collected in form of short 
regular surveys and EMA. A wearable device will be provided to a 
subsample of participants to record additional information on sleep 
quality, physical activity, etc.  

9. Follow up / re-evaluation at M3, M6, M12 after the end of the study 
participation (via phone, videoconference or face to face 
consultation):  

1. Minimum psychometric assessments (for symptom improvement, 
therapy success) at all clinical sites; see C)  

2. Screening for medication adherence, any clinical care in between 
(hospitalisation, outpatient counselling, relapse, etc.) 

Technical setup 

The recording setup will be as minimal as possible to be not invasive 
and ensure natural behaviour during the interactions. The room in 
which the recordings take place will be a regular consultation room in 
the clinics. They require to be relatively quiet and bright in light in order 
to capture audio and video of sufficient quality for further analyses. 

The patient will sit in front of the clinician at least 2 m apart, 
eventually with a table in between them. On the table small discrete 
cameras will be placed in between. 

In accordance with current COVID-19 protection ordinances, 
required protective measures (e.g. safety distance, plexiglass, masks) 
will be respected throughout the entire duration of the study. 

We will use the following methods and technology for data re
cordings and data acquisition: 

Audio recording 

Table 2 
Overview over the patient journey in MePheSTO.  

* = audio and video recording with a dictaphone and Kinect. 
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The speech of the participants and their interactions with the clini
cian will be recorded as audio files via a microphone. We will directly 
record the speech of the patient and the clinician with the device placed 
in between them. From the audio files, we will use automatic speech 
recognition (ASR) and manual transcriptions to obtain textual tran
scripts of the recordings. A subset or all of the data will be manually 
transcribed for comparison between automated and manual transcrip
tions. We will use either the internal microphone of the device (PC or 
tablet) or an external microphone for better recording quality. The 
recorded data are automatically stored on the secured server. 

Video recording 
We intend to support the proposed speech analysis by a comple

mentary computer-vision based analysis. Such analysis exploits 
advanced methods related to automated face analysis, tracking, detec
tion and recognition, as well as human behavior analysis. 

Firstly, we plan to record 3D & 2D video-data and depth data (RGBD 
& RGB) from all participants for the computer vision-based analysis. 
Then we intend to study this data with focus to find facial/gestural be
haviors that are representative for psychiatric symptoms during a social 
interaction. 

We intend to acquire the video data using an external camera. The 
recorded data are automatically stored on the secured server. For a 
subsample of patients, follow up evaluations will be made via a video- 
conference system which will allow to gather additional audio and 
video data. The video data collected will allow us on a subsample to 
perform eye tracking analysis. 

Physiological measures 
We would like to explore the use of additional objective markers of 

stress levels within this study. For this we will extract physiological data 
during the recorded clinical interactions via a bracelet device worn 
around wrist. The following measurements will be collected: 

• Electro-Dermal Activity (EDA): measures sympathetic nervous sys
tem activity manifested through the skin, by measuring the 
constantly fluctuating changes in certain electrical properties of the 
skin;  

• Heart Rate Variability (HRV): derived from measuring Blood Volume 
Pulse (BVP); 

Online questionnaires 
Participants will receive text messages on their mobile phone or 

email address with a link to go on a specific website to complete 
remotely clinical questionnaires on their current symptoms as well as 
questions on daily life activities, so called Ecological Momentary As
sessments (EMA). The information will be stored on a secured server. 

Videoconference system 
The system is a web-based platform fully dedicated to diagnosing, 

screening and monitoring mental disorders. This tool is developed by 
INRIA using the latest advances in information and communication 
technologies to provide remote care through a web platform using any 
internet browser. This web platform allows an easy and direct connec
tion between a clinician and his patient. Both connect to the web plat
form using their respective identifiers and passwords. 

Study outcomes and hypotheses 

The overall project goal is to acquire a multimodal dataset of patient- 
clinician interactions, which will be annotated and clinically labelled for 
the scientifically sound validation of digital phenotypes for psychiatric 
disorders. To this end, we aim to identify and formalize a set of novel 
multimodal digital biomarkers derived from the interaction data and to 
develop predictive models within the scope of depression and schizo
phrenia. On this basis, we aim to develop models aiding in differential 
diagnosis, forecasting the patient’s status (e.g., relapse prediction), and 
predicting therapeutic alliance. Based on the previously outlined 
research, we hypothesise the following:  

1. The clinical profiles of major depressive disorder, bipolar disorder, 
and posttraumatic stress disorder show significantly different digital 
phenotypes in patient-clinician interactions. 

2. Different level of therapeutic alliance can be distinguished by auto
matically extracted, interaction-based digital markers.  

3. Furthermore, digital markers of therapeutic alliance constitute a 
significant predictor for disease progression in clinical outcomes of 
schizophrenia and depression.  

4. Negative symptoms in schizophrenia (alogia, thought poverty, 
anhedonia, affective flattening, avolition and social withdrawal) can 
be assessed by digital, interaction-based markers.  

5. Furthermore, negative symptomatology assessed by digital markers 
provides a significant predictor of disease progression and relapse 
occurrence in schizophrenia.  

6. Formal thought disorder in schizophrenia can be captured via 
automatically extracted digital markers of verbal, e.g. “discourse 
discontinuities” and non-verbal interaction structures, e.g. “gaze 
fixations”. 

Data management and analysis 

Data management 

Collection of data will be made via the different recording devices. 
Digital data (audio -or speech, video, physiological measures, recorded 
scores, answers to questionnaires) as well as paper data (written re
cords) will be collected. 

Concerning the paper data, they will be stored at a designated place 
with limited access to clinicians participating in the study (a key is 
needed for access). Each involved clinical partner will store these papers 
in his clinic. The data will be digitized through a web-platform in order 
to conduct the research work. Concerning the digital data, demographic 
and all clinical data will be stored in the secured and certified Health 
Data Hosting infrastructures of each clinical partner. 

All Investigators involved with this study must comply with the re
quirements of the appropriate data protection legislation (including the 
General Data Protection Regulation and Data Protection Act) with re
gard to the collection, storage, processing and disclosure of personal 
information. Computers used to store the data will have limited access 
measures via user names and passwords. Published results will not 
contain any personal data and be of a form where individuals are not 
identified and re-identification is not likely to take place. 

An end-to-end encryption methodology will be employed for transfer 
of data, using asymmetric encryption, as detailed in the guidelines of the 
German Federal Office for Information Security (BSI - Bundesamt für 
Sicherheit in der Informationstechnik). Data will be encrypted at the 
clinical sites on the recording computer that is not connected to the 
internet. After copying this encrypted data to a computer that is con
nected to the internet, the data will be transferred via the internet to the 
technical partners. The data will be kept encrypted at the technical sites 
and only be de-crypted right before de-crypted data is needed (e.g. to re- 
structure, annotate, extract features, or train machine learning models 
with the data). 

Data analyses 

In this study, we will mainly work on the analysis of the following 
types of data: clinical scores (questionnaires and scales either obtained 
during face-to-face visits or remotely), speech, video and physiological 
measures. 

To achieve the primary objective of the study comparison analysis 
will be performed between the new digital markers and the standard 
clinical measures. We will perform a multi-modal analysis using com
bined data modalities as well. 
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Speech analysis 
From the collected synchronised data, the audio will be extracted 

and pre-processed. For recordings from dyadic interactions, speaker 
diarization and speaker labelling will be performed. In addition, the 
speech will be either manually annotated or automatically transcribed 
depending on the use case. Both paralinguistic and linguistic features 
will be extracted on the utterance level. Paralinguistic, sometimes 
referred to as acoustic features, will include those have been shown to be 
correlated with psychiatric conditions (); Harmonic-to-noise ratio, jitter, 
shimmer and pitch. Linguistic analysis will include gauging complexity 
of speech through syntactic complexity measures [78], semantic pro
cessing [79], and topic coherence [80]. To gauge levels of synchrony 
between clinician and patient methods for backchannel identification 
and quantification will be employed (TODO) as well as language stye 
matching [45] and reciprocal language style matching [45]. The 
mentioned methods will be used on multiple scales; multiple measures 
over a single conversation as well as longitudinally to monitor between 
consultations. 

Video analysis 
From the synchronized video streams, we will extract a compre

hensive set of visual behaviour descriptors from both patient and clini
cian. These include gaze, head pose, facial expressions, posture, and 
body movements. We will make use of recent state-of-the-art approaches 
in computer vision that enable automatic extraction of such behaviours. 
For facial landmark detection, head pose-, and facial action unit esti
mation we will employ OpenFace 2.0 [14]. Furthermore, we will extract 
body posture using the OpenPose framework [8]. To achieve the 
maximal possible accuracy in gaze estimation, we will combine a recent 
state-of-the-art approach to gaze estimation [13] with additional cali
bration information recorded during the interactions. To quantify 
movement energy, we will employ the well-established motion energy 
analysis framework of Ramseyer [81]. Based on these raw features, we 
will compute higher-level representations that encode clinically relevant 
behaviours [82]. In cases where automatic extraction of behaviours 
achieves only insufficient accuracy, we will employ human annotators, 
potentially in a human-in-the-loop annotation scheme [83]. 

Physiological measures 
Physiological measurements will be synchronized with audio and 

video recordings to allow for unimodal as well as multimodal analysis. 
The raw physiological measurements of skin conductance will be fed 
through standard pre-processing pipeline [84]. First of all, the skin 
conductance signal will be visually inspected for periods with poor 
contact or sharp square wave spiking. If artifacts are found, the data will 
be down-sampled [85]. After that a moving-average procedure or a 
notch-filter (50 Hz) depending on the quality of data will be applied 
[86]. For further analysis we will decompose the data into its phasic and 
tonic components. The heart rate will be automatically calculated with a 
proprietary algorithm based on the blood volume pulse recorded from a 
wristband [87]. 

Discussion 

Significance of the collected corpus 

As just stated recently in Lancet Psychiatry, clinicians desperately 
need new science and technology to deal with rising public mental 
health problems [88]. However, even though methods to analyse digital 
measures of mental health are growing exponentially, only small-scale 
data sets are available of monitoring patients for a short amount of 
time [89] (and current research efforts to collect more data seem rather 
exploratory [31]. For robust identification of markers regarding mental 
illness onset, treatment response or relapse, larger and longitudinal 
corpora are needed for effective analysis. Most studies only investigated 
the use of one digital measure, not necessarily combining multiples 

sensor outputs. In addition, apart from a few ethological analyses, most 
studies analyzed the patient alone, without being in interaction. How
ever, social interaction especially during clinical interviews seem to be 
today the most important source of information for clinical assessment. 

To address this problem, a multi-center, multi-disorder longitudinal 
corpus creation effort was designed to develop and validate novel multi- 
modal markers for psychiatric conditions. Additionally, we will collect 
objective information of social dynamics between patient and clinician 
rather than focusing on the patients’ behaviour alone. This will allow to 
enrich the understanding of behavioral mechanisms of transdiagnostic 
social impairments in psychiatric disorders. 

The major scientific achievements that will directly result from the 
corpus will be the development of novel approaches to automated 
behaviour analysis in unconstrained interactions. Our results fostered by 
multidisciplinary collaborations between clinical stakeholders 
(including patients), computer scientists, and researchers, will fill the 
gap of insufficient available multi-modal corpora and support the future 
use of digital markers for precision psychiatry. Several applications with 
high clinical relevance have been proposed. For instance, identifying a 
distinct digital phenotype for MDD can contribute to earlier etiological 
diagnosis and improved tailored therapeutic care. Objective measures of 
social synchrony could help clinicians with timely behavioral adaptation 
in order to increase therapeutic alliance. Predicting treatment response 
and detecting potential signs of relapse can lead to prevention strategies 
among risk patients before potential re-hospitalisation. Discourse anal
ysis may facilitate the identification of verbal interaction structures 
underpinning formal thought disorders and other cognitive deficits in 
psychiatric patients. 

Nevertheless, psychiatric disorders are complex and trajectories are 
heterogeneous; it will remain challenging to capture the nuances of 
using these specific technologies and even more challenging to attribute 
a clinical meaningfulness to the data acquired. Therefore, it is reason
able to foresee digital and interactional phenotyping as support tools to 
be used additionally to classical methods and professional assessments 
to better detect the nuances of intra-individual variabilities over time 
[5]. 

Limitations 

While the MePheSTO corpus is an important improvement over the 
state of the art in multi-modal psychiatric corpora, several limitations 
remain that need to be addressed in the future. Due to the complex in
terdependencies of psychiatric phenotypes with e.g. the presence of 
somatic pathologies, major cognitive or neurological deficiencies, or 
substance abuse, we exclude such patients from our study. While this is 
in line with common practice in psychiatric phenotyping research [90], 
it also limits the applicability of findings to the excluded population. 
Future research needs to find ways to incorporate- and model all patient 
groups to realise inclusive digital phenotyping. 

Another important influence on behaviour in interactions can be a 
patients’ cultural background [91]. While our study covers cultural 
differences between German and French patients, dedicated corpus 
creation efforts are needed to understand the influence of culture on the 
expression of psychiatric phenotypes on a global scale. Lastly, the study 
is taking place during the COVID19 pandemic which may will compli
cate recruitment as well as the data acquisition process, but a video- 
conferencing modality was therefore implemented in the protocol. 

Future work 

Even though there is a wide range of available technologies and 
methods presented in the literature, only a few have been adopted by 
clinicians and none have been approved by governmental agencies for 
clinical psychiatric use [92]. It has been suggested that one of the rea
sons for the challenges in implementing these technologies might be a 
lack of psychometrics to effectively evaluate and understand the 
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extracted measurements. Insufficient validity and reliability have been 
of major concern and barrier to adoption. However, psychiatric phe
notypes are not static across time and space and when measuring pro
foundly certain constructs such as affect and cognition values can vary 
considerably. An interesting approach may be to take temporal and 
spatial features underlying psychiatric phenotypes into account as sort 
of dynamic data which can potentially by scaled over time providing 
opportunities for understanding the progress of disorders and for 
personalizing pharmacological und non pharmacological treatments. In 
future work, we aim to build upon this validation approach of dynamic 
‘resolution’ data with the MePheSTO corpus which includes various 
multiple continuous data streams. The next step towards fully realizing 
the vision of precision psychiatry will be to incorporate- and evaluate 
our novel digital markers into clinical care pathways and design well- 
adapted interfaces. In addition to the enormous potential digital phe
notyping holds to improve treatment in the clinic, digital markers could 
also be highly valuable to prevent admission to a clinic by allowing to 
take immediate action once a clinical phenomena is detected. This can 
be in form of triggered alarms, personalized treatments or even digital 
tailored interventions that give advice and guidance how to handle 
symptoms and experiences [93,94]. This offers potential avenues to 
reduce important treatment costs [95]. 

Conclusion 

This paper presented the MePheSTO (Digital Phenotyping for Psy
chiatric Disorders from Social Interaction) study, a joint initiative of two 
large European research institutes in the field of Artificial Intelligence: 
INRIA and DFKI. We described the rationale and methodology consisting 
of a prospective longitudinal multi-center observational study with the 
major aim of creating a multimodal corpus of patient-clinician in
teractions within the context of major depressive episodes and schizo
phrenia. The study is built around four distinct use cases form which 
research hypotheses are developed: A: Supporting differential diagnosis 
for major depressive disorder etiology; B: Quantifying therapeutic alli
ance by means of social synchrony; C: Relapse prediction from negative 
symptoms in schizophrenia; D: Uncovering formal thought disorders in 
schizophrenia. The collected corpus will serve the creation of novel 
multi-modal digital markers designed to improve diagnosis and treat
ment of psychiatric disorders and. As such, it represents a significant 
contribution towards the vision of precision psychiatry realized by in- 
depth AI-supported analysis of patient behavior. 

Data availability 

A minimal dataset generated by this study will be made available 
upon reasonable request. 
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parole transcrite de patients schizophrènes,” (in French). Revue TAL 2015;55(3): 
91–115. 

[63] Hoffman RE, Sledge W. An analysis of grammatical deviance occurring in 
spontaneous schizophrenic speech. J Neurolinguistics 1988;3(1):89–101. https:// 
doi.org/10.1016/0911-6044(88)90008-5. 

[64] M. Constant and A. Dister, “Automatic detection of disfluencies in speech 
transcriptions,” in Spoken Communication, vol. 1, M. Pettorino, A. Giannini, I. 
Chiari, and F. Dovetto Eds., no. 1): Cambridge Scholars Publishing, 2010, pp. 259- 
272. 

[65] Maher BA, Manschreck TC, Linnet J, Candela S. Quantitative assessment of the 
frequency of normal associations in the utterances of schizophrenia patients and 
healthy controls. Schizophr Res 2005;78(2–3):219–24. https://doi.org/10.1016/j. 
schres.2005.05.017. 

[66] Docherty NM, DeRosa M, Andreasen NC. Communication disturbances in 
schizophrenia and mania. Arch Gen Psychiatry 1996;53(4):358–64. https://doi. 
org/10.1001/archpsyc.1996.01830040094014. 

[67] Langdon R, Corner T, McLaren J, Coltheart M, Ward PB. Attentional orienting 
triggered by gaze in schizophrenia. Neuropsychologia 2006;44(3):417–29. https:// 
doi.org/10.1016/j.neuropsychologia.2005.05.020. 

[68] D. Sun, R. Shao, Z. Wang, and T. M. C. Lee, “Perceived Gaze Direction Modulates 
Neural Processing of Prosocial Decision Making,” Front Hum Neurosci, Original 
Research vol. 12, no. 52, 2018, doi: 10.3389/fnhum.2018.00052. 

[69] Padroni S, Demily C, Franck N, Bocerean C, Hoffmann C, Musiol M. “Behavioral 
adjustment and saccadic eye movements in schizophrenia Ajustement 
comportemental et mouvements de saccades oculaires dans la schizophrénie,” (in 
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