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ABSTRACT
Automatic analysis of human affective and social signals brought
computer science closer to social sciences and, in particular, en-
abled collaborations between computer scientists and behavioral
scientists. In this talk, I highlight the main research areas in this
burgeoning interdisciplinary area, and provide an overview of the
opportunities and challenges. Drawing on examples from our re-
cent research, such as automatic analysis of interactive play therapy
sessions with children, and diagnosis of bipolar disorder from mul-
timodal cues, as well as relying on examples from the growing
literature, I explore the potential of human-AI collaboration, where
AI systems do not replace, but support monitoring and human
decision making in behavioral and clinical sciences.

CCS CONCEPTS
• Applied computing → Health informatics; Psychology; •
Computingmethodologies→Machine learning; •Human-centered
computing → Empirical studies in HCI .
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1 INTRODUCTION
AI based systems offer new possibilities in behavioural and clini-
cal sciences. New and improved sensors, combined with advanced
digital signal processing technologies make newmeasurements pos-
sible. Pattern recognition and machine learning approaches allow
the construction of classifiers of ever increasing complexity, where
multimodal sensory signals are connected to informative indica-
tors. Some of the qualitative observation methods with well-known
shortcomings can be supplemented with quantitative approaches.
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For example, subtle indicators can be observed over long periods
to accumulate evidence, and unreliable and repeated self-report
measures can be with validated with quantitative data.

Obviously, there are also challenges that need to be overcome.
Computational approaches are often data-driven, and statistical
in nature. Apart from requiring large amounts of data for proper
training, they also have serious problems dealing with outliers and
rare cases. It is not so difficult to design a computational experiment
poorly, so that the results are overly optimistic. Peeking at the test
set accuracy during model selection is all it takes. The richness
of the model space is both a blessing and a curse; with so many
modeling choices, and ever more complex models, out of sample
generalization becomes an issue.

In almost all interdisciplinary endeavors, experienced researchers
warn us that language gap between disciplines needs to be bridged
first. In clinical sciences, choosing a representative sample is very
important, a lot of factors and demographics are observed and con-
trolled. In computational sciences, controlling model complexity
and generalization are very important. These concerns do not clash,
but they are prioritized to a different extent in these disciplines.
Furthermore, computational sciences are more result-driven, we
often see accuracy and precision of the models being more im-
portant than, say, the explainability and transparency. Even with
newer tools of visualization, deep neural network based modeling
approaches remain opaque to their end-user; the network visu-
alizations are primarily for providing insights to the developers.
Subsequently, there is a need for explainable models that facilitate
clinician’s use of such computational tools. If one considers a scale
of observations, from low-level and clearly defined quantities (e.g.
the temperature of a child) to more elaborate and hard to quantify
indicators (e.g. the stress level of a child), it would be safe to say the
need for explainability rises with the complexity of the indicator.

This brief contribution presents an overview of concerns and
directions for this area, drawing heavily on my past research for
illustrative examples. I define a taxonomy in the next section that
bridges affective and social computing, and discuss application
areas of computational tools for behavioral and clinical sciences.
Section 3 and Section 4 are two case studies, on affect analysis in
children’s play therapy and multimodal analysis of bipolar disorder,
respectively. Section 5 concludes the paper.
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Figure 1: Applications of social and affective computing, de-
pending on the number of people involved in the analysis.

2 APPROACHES IN AFFECTIVE AND SOCIAL
COMPUTING

Computer analysis of human behavior starts with sensing behaviors.
This can be performed with physical sensors, such as cameras,
microphones, wearable sensors, or sensors on mobile phones. It is
also possible to sense the virtual behaviors, for example behaviors
on social media, on Internet based games, and mobile phone usage.
Both physical and virtual sensors deliver large amounts of data
over human behavior, and over longer periods.

Once the sensing is accomplished, the data will be analyzed.
Theory-driven analysis approaches of human behavior can be found
in cognitive science, psychology, and sociology, depending on the
resolution of the analysis. These approaches start from an hypoth-
esis, and examine data to support or reject the hypothesis. Data-
driven approaches are typically based on pattern recognition, ma-
chine learning, and to some extent, statistics. In many cases, the
analysis is performed in a black-box fashion, and supervised clas-
sification tasks or unsupervised clustering tasks are defined. The
main drawback of the latter approach is that spurious patterns can
be detected easily in this manner, and over-analysis is a common
issue.

There are many domains for human behavior analysis, such
as multimedia analysis, surveillance, ambient intelligence, urban
computing, and healthcare [28]. An important taxonomy is the
temporal resolution of the observed behavior, which can be as fast
as an eye-blink in a driver fatigue estimation application, or as slow
as the sleep cycles observed over months [29]. Another taxonomy
involves the number of observed people. Figure 1 provides examples
that span the spectrum from this perspective. Looking at a single
individual, possible tasks are speech recognition, action recognition,
facial expression analysis, etc. When two individuals (i.e. a dyad)
or a small group of individuals are involved, social signals such as
turn taking, mimicry, and interactions can be analysed [22, 25, 34].
When behavior of hundreds or thousands of people are analyzed
at the same time, we talk of social physics, social computing, or
computational social science [18].

In a sense, what brings together these wide range of applications
is the complexity of human behavior, which nonetheless harbors
some order that can be leveraged to classify or predict it [27], or
to design applications and systems to steer and change it [20]. For
behavioral and clinical sciences, the application of such technology

is very direct, but surprisingly varied. They don’t only focus on the
analysis of the individual behavior or an interaction from multi-
ple modalities [14, 33], but also include analysis of the context of
behavior, which can be culturally-conditioned, or highly domain-
specific [27]. For example, designing applications for monitoring
elderly subjects brings specific usability challenges, and the cultural
context plays a very important role in how a specific technology is
perceived [10, 23, 30].

We have summarized the main application areas of social and
affective computing for behavioral and clinical sciences in [27] as
follows:

• Automated coding: Finding a suitable abstraction of behav-
iors, and providing transcripts or descriptions.

• Indexing, search, and retrieval: This is the primary usage
of analysis technology for multimedia applications, but also
useful for archival analyses.

• Quality assessment: Data acquisition quality, as well as data
biases can be assessed automatically.

• Diagnosis and prediction: Automatic estimation of indicators,
and classification of behaviors.

• Longitudinal analysis: Manual analysis of longitudinal data
is costly, tedious, and error-prone. This is one of the most
promising areas of automatic analysis.

• Training and simulation: Training the human experts bene-
fits from automatic tools, including newer technologies such
as augmented and virtual reality.

As can be seen from the list, analysis tools are varied and can
be serve the domain experts at different points. The risks involved
in the usage of such technologies are similarly varied. Proper per-
formance assessment for clinical applications is the most basic
concern, which is exacerbated by ethnic and demographic biases
that come from training sets with limited variance. In clinical sce-
narios, rare cases and outliers, as well as severe class imbalance
is an issue for classifiers. For applications that directly interact
with patients, interface issues and handling trust become important
points. For systems that are supposed to help diagnosis, computer
based approaches are not robust enough for almost all but the most
basic tasks. Medical experts rely on cues at different semantic levels
and can interpret unexpected, rarely seen, distantly related indica-
tors. Nonetheless, over-reliance on technology has been shown to
become an issue in other domains where AI is incorporated into de-
cision making processes, and hard lessons are learned. Explainable
AI and more advanced reasoning systems are now being pursued
to provide more insight to the decisions reached by AI systems [9].

In the next two sections, I will give specific examples from two
different case studies to illustrate some of the challenges and the
potential of computational tools.

3 CASE STUDY: AFFECT ANALYSIS IN PLAY
THERAPY

The first case study is a collaboration with Prof. Sibel Halfon from
the Istanbul Bilgi University Psychological Center, where we have
sought to build analysis tools for longitudinally assessing affective
states of children, playing games in a room with a psychothera-
pist [8, 12, 13]. These childrenwere 4-10 years old, andwere referred
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to the clinic due to internalizing and externalizing emotion reg-
ulation problems such as rule-breaking, aggression, anxiety, and
social problems [11]. They were recorded with two cameras during
psychodynamic play therapy with an expert, and weekly sessions
of about 50 minutes continued for 40 sessions over a ten-month
period, on average, for each child.

The clinical assessment approach uses clinically validated tools,
such as the Child Behavior Checklist (CBCL) [2] to identify problem-
atic behaviors, and Children’s Play Therapy Instrument (CPTI) [17],
which rates children’s play activity from multiple dimensions. The
speech of the child and the therapist during the sessions are meticu-
lously transcribed, affective and behavioral cues are manually coded
by watching hundreds of hours of video. Multiple expert annotators
work on the material, and annotator agreement is assessed.

Automatic analysis of this kind of data can have several aims.
One of the questions we ask is whether our systems can predict
some of the indicators derived from the clinical tools automatically.
It is highly desirable to process the data to visualize indicators,
such as overall affect over the sessions, as an overview to the thera-
pist. Furthermore, near real-time feedback to the therapist about
the interaction quality would be very useful. Automatic speech
recognition can be used for replacing the manual transcriptions
with computer-transcribed text, saving hundreds of hours. Affective
behaviors (e.g. smiles, bursts of anger, etc.) can be automatically
detected to enrich the transcripts.

Each of the data channels we deal in this problem faces some non-
ideal conditions. Affect analysis can be performed multimodally,
using facial expressions [31], text transcriptions [3], as well as par-
alinguistic cues from the child’s speech [16]. The face images are
difficult to obtain from the two static cameras, they are often oc-
cluded, and there is motion blur [8]. Affect analysis from text faces
a completely different challenge; text analysis tools are not very
advanced for the Turkish language, which is the native language of
the children. Finally, paralinguistic analysis is difficult, because the
recording conditions are not ideal, and there is significant noise.
While the number of subjects is small for training large compu-
tational models, which is typical for many clinical applications,
transfer learning is effectively used [14].

The analysis of the results illustrates that different modalities
complement each other for different aspects of the task. To predict
the pleasure dimension, face and text based affect analysis is used.
For other affect classes (i.e. anger, anxiety and sadness), text based
affect analysis outperforms face based analysis. This is not surpris-
ing, because facial cues are more subtle, and there is far more data
loss for this modality.

While the current state of the analysis provides good insights
and additional verification for the clinician, automatic analysis can
also be employed to quantify the effects of the interventions of the
therapist on the children’s affective states. Additionally, synchrony,
mimicry and rapport can be assessed. Games and play provide
excellent opportunities to capture affective displays in ecologically
valid conditions [7], and further research can also help improve the
technology in these areas.

4 CASE STUDY: MULTIMODAL ANALYSIS OF
BIPOLAR DISORDER

Mood disorders are linked to affective states, and have high preva-
lence. Bipolar disorder (BD) is a major challenge, with low remis-
sion rates and treatment compliance. My second case study is a
collaboration with doctors Elvan Çiftçi and Hüseyin Güleç, who
collected a multimodal bipolar disorder database to investigate
whether automatic analysis tools can be used to predict mania lev-
els and remission in BD. The Turkish audio-visual BD corpus is
the first of its kind [4], and its aim is to find biological markers of
treatment response that can be automatically detected to reduce
treatment resistance. In 2018, we have opened this database to the
larger research community in form of a multimedia challenge [26],
and many teams have had the opportunity to work on the data
since then.

The corpuswas collected from 51 patientswho hadmanic episodes,
and were admitted to the hospital. According to the protocol we
have devised, videos of the patients were recorded during several
tasks, including explaining the reason the patient came to the hos-
pital, describing a happy and a sad memory, a neutral counting
task and its faster version, and describing two emotion-eliciting
pictures, respectively. These tasks were performed on the 0th- 3rd-
7th- 14th- 28th day, and after discharge on the 3rd month. In parallel,
depressive and manic features were evaluated using Young Mania
Rating Scale (YMRS) [36] and Montgomery-Åsberg Depression Rat-
ing Scale (MADRS) [21]. Just like the previous case study, ethical
committee approvals were obtained and patients gave informed
consent for recording and subsequent analyses.

Computer analysis of bipolar patients was not common, because
of the difficulty of accessing audio-visual data of such patients.
The first challenge was obtaining data and consent for research.
Surprisingly, the patients were extremely cooperative. They were
suffering greatly under their condition, and they wanted to help
with research. Furthermore, there was already prior work on de-
pression when we started this project, and techniques developed in
such a similar pathology were highly relevant in the BD context as
well [5, 6, 15, 24].

In terms of analysis, similar to the previous case study, we have
seen that multimodality was beneficial in terms of estimation accu-
racy. An important caveat in designing classification (or regression)
experiments with a specific pathology is that the negative class
cannot be composed of healthy subjects. This is an error frequently
made in the computing literature. The negative class should be
composed of a variety of pathologies that can act as confounding
conditions in the analysis for a realistic experimental setting. How-
ever, it is very difficult to collect such a dataset, especially because
the tasks are specific to the pathology. Subsequently, in the AVEC
challenge [26], we opted for the analysis of mania levels, and did
not include healthy controls in the dataset. The accuracies obtained
with complex, multi-level and multimodal systems for this task did
not reach levels that could warrant clinical applications. What is
more important, the better models were using deep neural network
estimators, and had millions of parameters. It was difficult to let
the clinician know what kind of cues were leveraged to produce a
particular estimation.
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5 CONCLUSIONS
Classification and analysis of mental disorders is difficult, but com-
puter analysis of multimodal features is a promising direction for
assisting with diagnosis, or with adapting interventions to groups
of patients [19]. Yarkoni andWestfall have proposed that "increased
focus on prediction, rather than explanation, can ultimately lead us
to greater understanding of behavior" [35], suggesting that compu-
tational tools based on machine learning and pattern recognition
approaches can bring new perspectives to behavioral and clinical
research.

In the last years, several scoping reviews have been published
to investigate the role of machine learning in mental healthcare.
Shatte et al. identified three hundred papers in 2019, on detection
and diagnosis; prognosis, treatment and support; public health, and
research and clinical administration [32]. Only eight of these papers
were on psychotherapy, and most works focused on depression,
schizophrenia, and Alzheimer’s disease. In 2021, Aafjes-van Doorn
et al. published a scoping review focusing on psychoanalysis, and
found over fifty papers in just this subfield using machine learn-
ing [1]. Clearly, the interest in the computational tools is growing,
as the capabilities of the tools are growing rapidly.
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