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Abstract

Psychotherapy is known to be beneficial to people struggling with mental health disorders. It
can assist them in regaining their normal life and recovery. Psychotherapy is considered one
of the most common therapies that are emerging nowadays. According to the National Health
Service (NHS), 1.46 million people were referred to psychotherapy in 2020-21. Therapists
diagnose and treat the patients’ mental illness through a defined number of conversational
sessions to discuss and negotiate the patients’ feelings. Premature therapy termination
or patient’s drop-out of treatment is one of the most critical problems in therapy, leading
to poor treatment outcomes. It has been found that patients with a weaker therapeutic
relationship therapeutic alliance with their therapists have more drop-out cases. This could
relate to the therapist’s judged competence. This project aims to investigate the feasibility of
automatically analysing psychotherapy sessions to improve the therapist’s work by detecting
and tracking positive signs of therapeutic alliance and thereby helping to minimise the number
of patient drop-out cases. Several patient and therapist behaviours, expressed during sessions,
could reveal a positive therapeutic alliance and competence such as the emotional state,
mood, synchrony, and empathy. Those behaviours have been investigated according to their
impact on acoustic and linguistic cues in the speakers’ speech. The main contributions of
this project are developing an automatic system for analysing psychotherapy sessions using
actual patient-therapist conversations. This has encompassed successfully implementing
an automatic speech recognition system, developing an automatic system for detecting a
patient’s mood (depression and anxiety), developing an automatic system for predicting a
therapist’s competence score, and developing an automatic time-continuous recognition for
a patient’s emotional speech. The results indicate that it is feasible to build a successful
automatic system for analysing psychotherapy sessions, considering different patient’s and
therapist’s behaviours detected or tracked within a single treatment session.
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Chapter 1

Introduction

Mental health involves many disorders, such as anxiety and depression. These disorders
may lead to problems with health and daily activities (World Health Organization, 2017).
Psychotherapy has been demonstrated to be useful for many people with a variety of mental
disorders, assisting them in regaining their everyday lives and improving their mental health.
According to the Improving Access to Psychological Therapies (IAPT) programme of the
National Health Service (NHS) in the UK, 1.46 million people were referred to psychotherapy

in 2020-21. Of those, 51.4% of the people who completed the treatment, recovered in 2020-
21 which is up 0.3% from 2019-20 (NHS, 2021). Wolberg (1988) de ned psychotherapy
as:

The treatment, by psychological means, of problems of an emotional nature in
which a trained person deliberately establishes a professional relationship with
the patient with the object of (1) removing, modifying, or retarding existing
symptoms, (2) mediating disturbed patterns of behavior and (3) promoting
positive personality growth and development.

Psychotherapy is commonly referred to as talk therapy because it depends on conversa-
tional sessions between the therapist and the patient as a psychological treatment for mental
disorders. According to Lambert and Bergin (1994), half of the patients needed ve to 20
sessions to return to normal life, while 25% of the other patients required 30 to 50 sessions
to achieve the same improvements. The person who receives treatment in the therapeutic
session is referred to as a patient or a client. The professional relationship, referred to in the
psychotherapy de nition, is at the heart of the treatment and it is organised and promoted
by the therapist (Wolberg, 1988). Maintaining a positive and reliable relationship between
the patient and the therapist is one of the fundamental points de ning the quality of therapy.
However, it is not always easy for the therapist to judge the quality of the relationship across
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sessions and therefore they are not always able to effectively repair a negative relationship.
For this reason, there is a need for an automated system that can observe and help the therapist
promote a positive relationship in the therapeutic treatment.

1.1 Motivation

Patient engagement is an important factor that can support the achievement of optimal
results in psychotherapy. Unfortunately, if patiedtsp-outwithout nishing a complete
sequence of sessions, they do not effectively receive the psychological treatment needed.
In an analytical study conducted by Wierzbicki and Pekarik (1993) on 125 studies on
psychotherapy drop-out, the average patient drop-out rate was 46.86%. This drop-out may
relate to different factors such as, the patient's attitude toward the treatment, transportation
dif culties preventing the patient from attending the sessions, the therapeutic relationship
between the therapist and the patiefti¢rapeutic Allianceand the patient's social class
(Beckham, 1992). Although patient drop-out may affect the patient's successful outcomes,
other parties can also be negatively affected by this. Mental health agencies can be affected
economically in that a single patient drop-out can burden the agency with nancial charges
due to revenue loss, staff salary and overhead costs. Furthermore, this may lead to the
staff experiencing low morale and high turnover (Barrett et al., 2008). Additionally, early
termination of therapy can lead the therapists to feel negative emotions that could con ict
with their work ef ciency. Others might feel disappointed from their failure to complete the
sessions (Piselli et al., 2011). In cases of patient drop-out, the therapist will usually ask the
patient for feedback or try to understand the underlying reasons.

Several technigues can be used to minimise patient drop-out scenarios, such as educating
patients about the bene ts of therapy, keeping track of the patients' progress, focusing on
the therapeutic alliance and informing the patients about their progress (Barrett et al., 2008).
Although these techniques are easy to implement, it can be dif cult for the therapists to keep
track of all these signs throughout the entire therapy journey, which can span several weeks
or months. For this reason, to avoid patient drop-out cases, there is a need for an automatic
tool that can assist the therapist in improving their work by keeping track of the therapeutic
alliance signs.

Therapeutic sessions are mainly conversations between the therapist and the patient. They
are usually recorded and analysed to assess different traits. The recorded speech can give
information about what the speakersying(verbally using language) @xpressingnon-
verbally using speech acoustics). Some studies have investigated the speech or transcript of a
series of sessions to discover signs that can enhance the psychotherapy journey, especially
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acoustic and language-based cues (features) of the speech (Hoffman et al., 2013; Imel et al.,
2014). Although people usually communicate verbally with others, their internal states
cannot be fully discovered using only their verbal expressions. Non-verbal communication in

a conversation conveys important information, such as the emotions of the speaker. It would
be useful to use an automatic method to analyse speaker's verbal and non-verbal information.
The automatic analysis of the speaker's acoustic and language-based properties could reveal
their mental and emotional states during treatment.

As mentioned earlier, one of the factors related to patient drop-out is the therapeutic
alliance. In other words, developing a good relationship between the therapist and the
patient can prevent patients from dropping out of sessions. This can also produce a better
environment for the therapist to address the patient's concerns and achieve more optimal
treatment results. The quality of the therapeutic alliance is positively correlated with the
results obtained from different psychotherapy treatments (Horvath et al., 2011). It is known
that there are various patients' and therapists' behaviours that can indicate a positive or
disrupted therapeutic alliance, such as the synchrony between the patient and the therapist,
the therapist's level of competence, the patient's emotions, the therapist's empathy and the
patient's emotional state. The automatic detection of those signs (behaviours) could help
maintain a positive therapeutic alliance in the session. These behaviours are discussed from
a clinical viewpoint in Chapter 2.

There are several dyadic dynamics that can occur between the therapist and the patient in
the session. Those dynamics could include several changeable patient or therapist behaviours
over time, such as patient's and therapist's emotions. Many therapist's and patient's dynamics
have been shown to be positively correlated with patient's treatment outcomes (Li and
Kivlighan, 2020). Thus, automatic tracking of the important behaviours in patient's and
therapist's speech over time would be bene cial for therapy. The tracking process could even
help therapists regulate their emotions and enhance the patient's treatment outcomes.

Taking into consideration that direct automatic assessment of the therapeutic alliance
might require high order cognitive and affective models for the individuals (Martinez et al.,
2019), in this thesis, an automatic system for analysing recordings of psychotherapy sessions
is proposed. This system will be able to detect and track several patients' and therapists' be-
haviours using acoustic and language-based features, which have been found to be positively
correlated with the therapeutic alliance.
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1.2 Thesis aim

Psychotherapy sessions are the core of mental health treatments. However, there are a high
number of patients dropping out of sessions. Analysing psychotherapy sessions could help
determine the common signs of a positive therapeutic alliance to avoid patient drop-out cases,
which can negatively affect the economic and therapeutic factors of treatment. This project
aims to build an automatic system for analysing real (genuine) psychotherapy sessions and
to investigate approaches to automatically analyse psychotherapy sessions through detecting
and tracking several signs relating to the positive therapeutic alliance.

In order to achieve the aims of the study, the following research questions should be
addressed:

RQ1: To which degree is it possible to automaticalgtectany of the signs (behaviours)
that may align with the positive therapeutic alliance, including any behaviours caused
by the patient's emotional state, the therapist's competence, the therapist's empathy,
the synchrony between the patient and the therapist and the patient's mood?

RQ2: To which degree is it possible to automaticaligck any of the signs (patient's
emotions, the synchrony between the patient and the therapist and the patient's mood)
in a single session?

This will include investigating several acoustic and language-based features to detect any
of the therapist or patient behaviours mentioned in the research questions. Furthermore, an
Automatic Speech Recognition (ASR) system will be established in order to achieve the full
automation process.

1.3 Contributions

This section presents the contributions achieved in this thesis along with the papers published
or prepared to publish under each contribution.

Contribution 1: Automatic System for Analysing Psychotherapy Sessions

From the literature, several patients' and therapists' behaviours were found to be positively
correlated with the occurrence of the therapeutic alliance in the session. It would be ben-
e cial to investigate the automatic detection of these behaviours to determine a positive
therapeutic alliance. These behaviours could be one of the following but not limited to:
the patient's emotional state, the therapist's competence, the therapist's empathy, the syn-
chrony between the patient and the therapist and the patient's mood. These behaviours
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can change quickly across time within a session. For this reason, the ability to track some
of these behaviours automatically could be bene cial for time-continues prediction of the
aforementioned behaviours.

As noticed in the literature, there is a lack of systems that address several patients’
and therapists' behaviours related to the therapeutic alliance in a single automatic system.
Chapter 3 addressed the ability to construct such a system by analysing psychotherapy
session recordings with an overall aim to detect whether a positive therapeutic alliance is
present in the session. This project investigated several important speaker behaviours that, as
mentioned earlier, correlate with the therapeutic alliance positively. Chapter 9 highlighted
the ndings gained after applying the sub-modules in the proposed system. Furthermore, an
important nding is introduced after constructing the automatic system, which is the ability
to distinguish different speakers' behaviours.

This is novel because as far as we know, this is the rst automatic system that aims to
detect a positive therapeutic alliance by detecting patients' and therapists' behaviours in
the session. The proposed system for investigating the automatic analysis of psychotherapy
sessions, will be introduced in Chapter 3. This contribution address the research questions
RQ1 and RQ2.

Contribution 2: Real Conversational Psychotherapy Sessions

Real recordings of conversational psychotherapy sessions would enable the capture of true
and more authentic signs of the therapeutic alliance and achieve a high degree of transparency.
Furthermore, it would expose the true technical challenges in real psychotherapy sessions,
such as background noise and microphone echo. The microphone echo is the sound impulse
that arises from a re ection after the direct sound with a strength and time delay, which is
sensed as a repetition, , that is also called reverberation. The dataset used for this thesis
came from a study by Kellett et al. (2020) that compared the ef ciency and clinical durability

of treatments for anxiety disorders. This study included recordings of psychotherapy or
guided self sessions for multiple patient-therapist conversations, where each recording is
for distinct patients. Those pre-existing recordings were utilised in this thesis and named as
the psychotherapy session's recordings dataset (THEPS). The dataset was accompanied by
depression and anxiety outcome measures, competency ratings and patients' demographics.
The most interesting aspect about the data is that it included ratings of a novel measure
(competencyto assess the therapist's competence required in the delivery of anxiety and
depression treatments (Kellett et al., 2021a). The data was recorded for two types of anxiety
and depression treatments: Cognitive Analytical Therapy (CAT) and Cognitive Behavioural
Therapy (CBT), which are considered a novelty in the dataset. In addition, as the data were
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recorded between 2019 and 2020, some of the data were recorded during the Coronavirus
Disease 2019 (Covid-19) pandemic and lockdown periods in the United Kingdom and some
patients mentioned therapeutic struggles related to the pandemic. Furthermore, the study
related to the recordings was conducted under the IAPT services, an NHS initiative that
provides additional psychotherapy to the general England population. This thesis is the rst
to apply automatic methods to analyse this dataset. As such, all the experimental chapters
(5, 6, 7, and 8) investigated this dataset for the rst time either to analyse or evaluate the
automatic detection systems which are part of the proposed system in Chapter 3.

This type of real data is considered novel because it is hard to collect such data due to the
con dentiality and the moral principles related to psychotherapy patients' session recordings.
Most of the existing speech databases concerning counselling or therapeutic recordings are
not available for public use. Some legal and ethical issues may prevent researchers from
sharing such databases, such as privacy and copyright while using natural speech databases.
Thus, there are very few benchmark databases that can be shared between researchers to
study the automatic detection of mood or emotional state (Kaya et al., 2019; Ringeval et al.,
2018). These databases include acted or induced recordings under a controlled experimental
setting despite the fact that those recordings may re ect exaggeration in the perceived human
behaviours (El Ayadi et al., 2011). Recordings with acted emotions might not accurately
match the speaker's true feelings, which could minimise natural emotions' recognition rates.
Acted datasets do not reveal the speakers' true emotions, which is opposite to the case in
psychotherapy sessions dataset that captures real-life emotions.

Contribution 3: Automatic Detection of Depression and Anxiety

This contribution is focused on investigating automatic methods for detecting depression
and anxiety by predicting mood outcome measures in psychotherapy sessions in particular.
Predicting these measures could help therapists differentiate between several mental disorders
and ensure a more reliable prediction of the patient's diagnosis. Due to the relationship
between depression and Dementia (Muliyala and Varghese, 2010), the work was evaluated
on recordings of consultations related to Dementia as described in Chapter 6. This is novel
because this is the rst study to detect depression and anxiety using Dementia consultations'
recordings by predicting depression and anxiety outcome measures. The results gained
presented the applicability of the automatic system to detect dementia-related diagnostics
with the support of acoustic features. Further evaluation was established to detect depression
and anxiety for the patients in the psychotherapy session recordings dataset described in
Contribution 2 as presented in Chapter 6. This evaluation showed that detecting depression
and anxiety automatically in real-life psychotherapy session recordings using mood outcome
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measures is a promising area, which currently relay on mostly manual diagnostics measures.
This contribution addresses the research question RQ1. The details of this contribution will
be presented in Chapter 6. The work on the Dementia dataset was published as:

? Attas, D., Mirheidari, B., Blackburn, D., Venneri, A., Walker, T., Harkness, K., Reuber,
M., Blackmore, C., and Christensen, H. (2021). Predicting levels of depression
and anxiety in people with neurodegenerative memory complaints presenting with
confounding symptoms. Imtelligent Computingpages 58—-69. Springer.

Contribution 4: Automatic Prediction of Competency Measures

Investigating the automatic prediction of therapist's competency ratings could con rm the
occurrence of the therapeutic alliance in the session and validate therapist's knowledge and
skill needed to deliver the therapy treatment. Therapists that were assigned a high level
of competence, could be regarded as better able to ensure a more successful progress of
patient's treatment. This is considered the rst study to automatically predict the Low-
Intensity CBT (LI-CBT) treatment competency ratings described in Chapter 2 using the
THEPS dataset. This type of rating is novel in that it was not used before for any automatic
detection or prediction system. The nal implemented system described in Chapter 8 revealed
the advantage of using both acoustic and language-based features in predicting the therapist's
competency measures along with the promising features in the prediction system. This work
in under preparation for publication in a journal as:

? Attas, D., Kellett, S., Blackmore, C., and Christensen, H. (2022a). Automated detec-
tion of competency in psychotherapy sessions via speech and language processing.
Applied Sciences, Applications of Speech and Language Technologies in Healthcare
(in preparation)

Contribution 5: Automatic Speech Recognition for Conversational Psychotherapy
Sessions

Psychotherapy sessions are considered a challenging environment in which to achieve a high
performance ASR. Through the literature, it was clear that using a conventional automatic
speech recogniser in such a sparse data domain could not ensure high accuracy rates (Xiao
et al., 2015a; Chen et al., 2021). Conducting ASR systems for psychotherapy sessions
is considered challenging and would require a large effort to achieve decent results. As
mentioned earlier, psychotherapy sessions are considered highly con dential and many
patients would not agree easily to share this type of data. Therefore, collecting this type
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of recording for many sessions could be challenging. In addition, ASR systems require
a large amount of data to achieve reliable recognition results. For that reason, transfer
learning, which is a state-of-art technique, was investigated to ensure more reliable results
were obtained with a small amount of data. This is novel because this study is the rstto
perform ASR on the THEPS dataset presented in Contribution 2. Like many healthcare
domain datasets, the THEPS dataset is a relatively small dataset recorded in a challenging
but realistic environment. The details will be presented in Chapter 5. The ndings in Chapter

5 showed the applicability of deploying an ASR system with the use of a small amount of
data which is mostly the case in the medical domain, and it can act as a baseline for the
other ASR systems that are based on the larger dataset. This contribution addresses research
question RQ1. This work is under preparation for publication in a journal as:

? Attas, D., Kellett, S., Blackmore, C., and Christensen, H. (2022a). Automated detec-
tion of competency in psychotherapy sessions via speech and language processing.
Applied Sciences, Applications of Speech and Language Technologies in Healthcare
(in preparation)

Contribution 6: Automatic Time-Continuous Recognition of Emotional Dimensions

Patient's and therapist's emotions are considered one of the behaviours that are highly
changeable in the session. Automatically tracking those emotions in the session could help
therapist's identify moments of a positive or disrupted therapeutic alliance. Systems aimed
to extract detailed representations of emotion in a continuous domain and the temporal
dynamics of emotion are referred to as emotion tracking or continuous-time representation
of the affective content (Malandrakis et al., 2011). Patient's and therapist's emotions are
considered a dynamic behaviour and predicting those emotions using dimensions could help
capture the small variations in the emotion. Those small variations could help therapists
to regulate their emotions in the session, determine the appropriate treatment plan for the
patient and guide the patient toward the treatment. Also, this could assist in achieving
the study's overall aim. Due to the unavailability of the emotional labels for this thesis's
main dataset, an available dimensional emotional dataset was used as benchmark data for
training. The ndings showed that utilising a benchmark database labelled with dimensional
emotions is an advantage when predicting the patient's and therapist's emotions in real-life
psychotherapy session recordings. This is the rst study to track the emotions using the
dimensional model based on real recordings of guided self help sessions used to assess
therapist's competence. This contribution addresses the research question RQ2. The results
gained from achieving this contribution revealed other behaviours intended to be detected in
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RQ1 such as the therapist's empathy and the synchrony between therapists and patients. The
work will be introduced in Chapter 7. It was published as:

? Attas, D., Kellett, S., Blackmore, C., and Christensen, H. (2022b). Automatic time-
continuous prediction of emotional dimensions during guided self help for anxiety
disorders. FRIAS Junior Researcher Conference: Human Perspectives on Spoken
Human-Machine Interaction (SpoHuMaz21)

Contribution 7: Using Referential Activity Measures as Language-based Features

The Referential Activity (RA) model estimates the degree to which a person's language
is associated with emotions. It was mainly created to analyse the language of therapeutic
sessions and its association with clinical evaluation (Bucci and Maskit, 2005). The model
consists of several dictionaries mainly related to the person's use of emotional language. It
has been demonstrated that the use of those dictionaries as linguistic measures indicates the
correlation between the emotional elaboration and the therapeutic alliance (Atta et al., 2019).
This is the rst study that investigated the RA measures as language-based features
extracted from the therapist's and patient's speech to predict the therapist's competency
ratings, including a preliminary measure introduced by Tocatly et al. (2019). The project
rst introduced a mapping for the manual competency rating items to the related automatic
language-based dictionary based on the RA model. The research to date has investigated this
preliminary measure only for the patient's language and it has not before been applied to the
therapist's language in psychotherapy sessions, as con rmed by the atitfdis contribu-
tion addresses the research question RQ1. The results gained from this work revealed other
behaviours intended to be detected in RQ1, such as the therapist's empathy. Furthermore,
the ndings demonstrated that selecting the RA as a language-based feature for predicting
the therapist's competence is a reliable candidate for deploying the automatic system. The
details will be presented in Chapter 8.

1.4 Thesis Structure

The thesis consists of 10 chapters, Figure 1.1 presents the organisation of the chapters in the
thesis. The content of the remaining chapters is summarised as follows:

Chapter 2: Overview of Current Psychotherapy Practise. This chapter reviews
the background on the current psychotherapy practise involving the common keywords

1(W. Bucci and K. Tocatly, personal communication, November 24, 2021)
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Fig. 1.1 Organisation of the thesis chapters highlighting the research questions addressed.

mentioned in the study. An overview of the nature of psychotherapy sessions is introduced
alongside the common treatment types in therapy.

Chapter 3: Proposed System for Automatic Analysis of Psychotherapy Sessions.
This chapter includes a description of the proposed system for automatic analysis of psy-
chotherapy sessions and a full description of the main dataset used in this thesis.

Chapter 4. Recent Research Supporting the Proposed SystemThis chapter reviews
the literature underpinning the structure and processing of the proposed system. This
includes previous research on psychotherapy sessions, automatic detection of behavioural
and emotional cues and automatic tracking of behavioural and emotional cues.

Chapter 5. Automatic Speech Recognition System for Conversational Psychotherapy
Sessions. The work in this chapter demonstrates the system for ASR of psychotherapy
sessions, including a section on related work, the data explored, the system architecture and
the system experiments and results.

Chapter 6: Automatic Detection of Depression and Anxiety. The work in this
chapter describes and validates a system used for detecting depression and anxiety using
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mood outcome measures. Furthermore, it illustrates the exploration and evaluation process
of the system on several datasets and the evaluation results.

Chapter 7: Automatic Time-Continuous Recognition of Emotional Dimensions.
This chapter describes the experiment for predicting the dimensional emotions in a continuous
manner for the patient and the therapist. It illustrates the related work, the system validation
and the system analysis results.

Chapter 8: Automatic Prediction of Competency Measures. This chapter describes
the experiments conducted for automatic prediction of competency measures. It facilities
a literature review on the related systems, an analysis of the data used in the experiment
and the experimental work for classifying and predicting the therapist's competency ratings.
Finally, the results gained from the experiment are described in the chapter.

Chapter 9: Toward Automatic Analysis of Psychotherapy Sessions. In this chapter,
a qualitative study of the experimental chapters mentioned earlier is presented. It includes an
overall discussion of the current automatic experiments and results. Also, the connections
between the results gained from the automatic systems and the literature studies' ndings are
discussed.

Chapter 10: Conclusion and Future Work. This chapter concludes the thesis work
by including a summary of the PhD conclusions and suggestions for future work.






Chapter 2

Overview of Current Psychotherapy
Practice

In order to reach the aims of this thesis presented in previous chapter, it is important rst
to understand the clinical practice of psychotherapy and the main attributes that determine
the quality of therapy. This chapter will illustrate the common practice of psychotherapy,
the common use of treatment sessions, several therapeutic interventions for mental and
emotional problems and one of the most important attributes de ning the quality of therapy,
namely thetherapeutic alliancaletermined by the relationship between the therapist and the
patient. Ensuring a positive therapeutic alliance can enhance therapy treatment outcomes and
minimise patient drop-out rates. On the other hand, having dif culties within this relationship
could lead to contradictory therapeutic gains.

This chapter provides an overview of the current psychotherapy practice. Section 2.1
presents a brief introduction to psychiatry and Section 2.2 describes psychotherapy, which
is one of the psychiatric specialities. Section 2.3 illustrates two related cognitive therapy
interventions, namely Cognitive Analytical Therapy (CAT) and Cognitive Behaviour Therapy
(CBT), highlighting the concept of therapeutic alliance. Finally, section 2.4 presents a
summary of the chapter.

2.1 Psychiatry

Psychiatry is a medical eld related to diagnosing, treating and preventing mental health
disorders. Psychiatrists are medically quali ed doctors who can prescribe medicines and
recommend any form of treatment. They can also cooperate with a variety of other healthcare
experts, such as mental health nurses, social workers and psychotherapists. There are
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numerous psychiatric specialities, such as adult psychiatry, child and adolescent psychiatry,
psychiatry of learning disability and psychotherapy (NHS, 2018b).

As reported by the National Health Service (NHS), the diagnosis of a mental disorder is
usually obtained by a psychiatrist investigating both the mental and the physical health of the
patient during the rst session. The psychiatrist may initially conduct a clinical interview
to ask the patient about their reasons for seeking help, their life and their thoughts. These
guestions are based on descriptive diagnosis manuals. Furthermore, other information about
the patient may be obtained from a physical examination, relatives and social workers to
eventually determine the proper treatment. Likewise, there are several clinical questionnaires
(mood outcome measujethat assist in diagnosing and evaluating disorders. Examples
include the Patient Health Questionnaire (PHQ-9) for depression, the Generalised Anxiety
Disorder (GAD-7) for anxiety and the Positive and Negative Syndrome Scale (PANSS) for
schizophrenia (to name but a few). The patients usually Il out those clinical questionnaires
prior to each treatment session. The resulting mood outcome measures such as PHQ-9 and
GAD-7 are changeable depending on the patient's mood and whether they are feeling either
depressed or anxious while lling out those questionnaires. Predicting the mood outcome
measures (PHQ-9 and GAD-7) can automatically assist the therapist by providing estimations
of the patient's mood before the session (NHS, 2021; Newson, 2018; NHS, 2018b).

The PHQ-9 consists of nine depression modules, each scored from zero to three, summing
up to 27 points. The scores range from zero ('not at all') to three ("'nearly every day'). A
total score is given at the end of the questionnaire to assess the implications of the problems
mentioned in the questions on the patient's daily life routine. The PHQ-9 has proved its
validity for use as a reliable tool to identify the severity of depression based on data from two
studies with 6000 participants (Kroenke et al., 2001). A sample of the PHQ-9 is provided
in Appendix A. In addition, GAD-7 is an assessment measure that can be used to detect
generalised anxiety disorder. It contains seven questions, each scored from zero to three,
with a total score of 21. It was validated in a large study and found to be a reliable tool for
identifying anxiety severity scores (Spitzer et al., 2006). A sample of GAD-7 is provided in
Appendix B. After the psychiatrist has assessed the patient's condition, a treatment plan may
be prescribed for the patient to include medications or other clinical treatment sessions led
by a psychiatrist or psychotherapist (therapist for short) specialised in the patient's condition
(NHS, 2018b).
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2.2 Psychotherapy

Psychotherapy is one of the psychiatry components that enables a patient to understand
their dif culties, worries, abilities and motivations. Furthermore, it can assist the patient by
investigating dif cult and painful emotions and experiences or highlighting the behaviours

or habits that could disturb them in life. It is the process whereby psychological dif culties
are improved by a professional relationship between the patient and the therapist based on
therapeutic regulations and techniques (Herkov, 2018; NHS, 2018a).

Patients with various mental disorders may bene t from psychotherapy as a treatment plan
for conditions such as depression, anxiety, personality disorders, psychotic disorders, eating
disorders and complex trauma disorders. Therapists can assess the patient's applicability for
psychotherapy as a treatment and agree with the patient on the appropriate therapy plan for the
following step. The therapist might consult other healthcare experts for advice on managing
more complex situations. A number of interventions are used in psychotherapy, including
psychodynamic psychotherapy, CBT, CAT, systemic therapy and trauma-focused therapy
(NHS, 2018a). CAT and CBT are discussed later in this chapter, since both interventions are
related to the main dataset used in this thesis.

2.2.1 Psychotherapy Sessions

Psychotherapy comprises conversations with a therapist to assist the patient with being
comfortable with and able to change any suffering that makes life dif cult. Treatment usually
requires the therapist to work competently towards achieving the patient's treatment goals
in a scheduled meeting or session, instead of providing a medical prescription. The patient
expresses previous and recent experiences, emotions, reactions, relationships, reasoning and
attitude in these sessions. The therapist's role is to recommend the best solution and plan the
appropriate course to go beyond the patient's barriers or at least to help them live peacefully
in life. The whole treatment procedure requires time and it would not be achieved in only
one session (Milton, 2004).

The psychotherapy session begins when the patient arrives at the therapist's clinic, usually
at a pre-arranged appointment and the sessions typically take 50 minutes which is a xed
duration for each session. Therapist tries to concentrate on the patient's inner feelings during
the sessions without interruption from the outside world. Therapist's aim to remain in the
background during the sessions to give patients the freedom to express themselves, even
though sometimes the therapist's personality may come across in session. For that reason,
therapists try not to talk about themselves and avoid normal social chat. The patient may
consequently nd it dif cult to be friendly with the therapist. However, the therapist's
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essential mission is to help the patient release feelings and not become friendly with them
(Milton et al., 2011). Eventually, a large number of different emotions emerge from the
patient during the session, either to express inner feelings or due to awkward engagement
with the therapist.

2.3 Cognitive Therapy Interventions

CAT and CBT are psychological interventions for mental and emotional problems such
as depression and anxiety. CAT provides a brief, structured and collaborative therapy that
truly speaks to later life in the context of the patient's whole life story and the recognised
importance of the conversation under a relieving and remedying therapeutic relationship. CAT
can offer a coherent way of linking past and present and may be convenient for adulthood
due to its attention to the interpersonal and need to nd shared meaning and understanding in
therapy through generational and cultural boundaries (Hepple, 2004).

According to the Department of Health and Social Care in the UK, CBT is considered
one of the psychotherapies most commonly practised in the NHS (British Psychological
Society, 2001). The Improving Access to Psychological Therapies (IAPT) program, which is
the NHS's primary care mental health program, collects every session outcome, including a
varied range of psychological practices. Furthermore, the National Institute for Health and
Clinical Excellence (NICE) has strongly supported the use of CBT since a systematic review
con rmed its effectiveness for depression and anxiety disorders (Clark, 2011). Additionally,
CBT is considered a short-term therapy compared with other traditional psychoanalytic
therapies and open-ended supportive psychotherapy (O'Donohue and Fisher, 2012).

In the IAPT program, high-intensity therapy denotes the standard CBT interventions
delivered by a quali ed mental health practitioner, usually weekly for 12-20 sessions. Due to
the need for more ef cient and effective interventions to meet the emergent need for mental
health treatment, low-intensity psychological therapies have become more common over
the past decade and this is especially the case for low-intensity CBT. Low-intensity CBT
involves six hours or less of contact time, with each session typically lasting 30 minutes
or less. Furthermore, the treatment utilises self-help materials and is delivered by trained
practitioners or supporters. If the patient does not recover after low-intensity therapy, they
are referred for high-intensity therapy (Shafran et al., 2021).

CBT empowers in patients awareness of their thoughts and emotions by identifying how
situations, thoughts and behaviours in uence emotions and improving feelings by altering
dysfunctional thoughts and behaviours (Cully and Teten, 2008). As such, emotions are
considered an important factor in CBT. The essential goal of treatment is symptom relief and
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exemption of the patient's disorder. This can be achieved by acknowledging the patient's
emotions and abstaining from challenging or disturbing them. Furthermore, the therapist
tries to increase the patient's positive emotions through talk therapy, such as by examining
positive events and memories (Beck, 2011).

CBT tries to conceptualise the patient's problem continually through sessions to under-
stand their experiences and point of view. This is especially the case for speci ¢ situations
when the patient's underlying beliefs evolve into particular thoughts that will affect their emo-
tions and behaviours. There should be a realistic connection between the patient's thoughts,
emotions and behaviours. Most patients can easily and correctly identify their emotions,
although some may express emotions with less vocabulary or have dif culty labelling them.
For that reason, it is helpful to encourage patients to link their emotional reactions in explicit
situations to their labels. The emotion chart shown in Table 2.1 can assist patients in learning
an ef cient method for connecting their emotional reactions to their matching labels (Beck,
2011).

Table 2.1 Sample Emotion Chart from (Beck, 2011)

Angry Sad Anxious

1. Brother cancels plans 1. Mom doesn't return 1. Seeing how low my
with me. phone call. bank account is.

2. Friend doesn't return 2. Not enough money to 2. Hearing that we might
my gym bag. go away on vacation. have a tornado.

3. Carpool driver plays 3. Nothing to do on Sat- 3. Finding a bump on my
music too loudly. urday. neck.

Another aspect for the therapist to consider is the degree of each patient's emotion, as
patients may have awed beliefs about experiencing emotions. Rating the intensity of an
emotion can help patients to test their inner beliefs. This will also assist the therapist in
determining if cognition requires further intervention (Beck, 2011). Eventually, the therapist
should obtain a clear view of the patient's distressful situations and help them to distinguish
their thoughts from their emotions. The therapist should be empathetic towards the patient's
emotions throughout the therapy and assist them in evaluating the awed thinking that has
affected their mood (Beck, 2011). For that reason, the automatic detection and tracking of
emotions in psychotherapy sessions would be an interesting task to investigate due to the
large and changeable amount of different emotions.
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The structure of the therapy within a session of CBT usually follows a speci ¢ guideline
arranged by the therapist to improve a patient's mood and functionality during the week. This
structure is based on the overarching goal of treatment, therapy notes and previous homework
assignments. This arrangement may allow the patient to be more familiar with what to expect
from therapy and to understand how the therapy will proceed. In the rst part of a single
session, the therapist aims to establish a positive relationship with the patient and prioritise
the session agenda in a collaborative manner. The second part of the session is mainly about
discussing the problems on the agenda and trying to solve them. The therapist seeks to teach
the patient relevant cognitive, problem-solving, behavioural and other skills. This teaching
phase is repeated during the session until the patient can summarise their new understandable
thoughts. A homework assignment may be given in the session to remind the patient of new,
more realistic ways of thinking about their problem and to apply solutions during the week.

In the nal part of the session, the therapist extracts the patient's views on the most important
points of the session and writes them down, reviews the assignment and modi es it if needed
and recalls the patient's feedback for the session and responds to it (Beck, 2011). From rst
contact between the therapist and the patient, it is important that trust and rapport are built.
Research shows that positive relationships between the therapist and the patient, therapeutic
alliance, are associated with positive outcomes (Horvath and Greenberg, 1994).

Therapeutic Alliance

The concept of the therapeutic alliance was introduced by Freud (1958) to consider the
possibility of gaining bene ts from the attachment between the patient and the therapist.
Several authors have since addressed the concept of therapeutic alliance and its in uence
on therapy. Bordin (1979) introduced a de nition of the therapeutic alliance to state that the
patient and the therapist should consider the agreement on the following: tasks, treatment
goals and establishing a genuine human relationship between them. They proposed that
the therapeutic alliance should in uence the results of the treatment positively because the
patient should collaborate with the therapist in achieving their therapy goals. An analytical
study conducted by Martin et al. (2000) was performed on 79 studies, indicating that there is
a moderate positive correlation between the therapeutic alliance and the treatment outcome.
Based on Bordin's theory, several measures were constructed to estimate the level of alliance
and their relationship with the treatment outcome, including the Working Alliance Inventory
(WAI) and Rupture Resolution Rating System (3RS). The WAI is a form containing 36 items
that is lled in by the patient; each item is scaled on a seven-point range. The 3RS is a
system designed to observe any disturbance in the alliance (rupture) and how to resolve it
(resolution).
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Some studies have investigated the relationship between the therapeutic alliance and
patients who drop out of sessions, such as a comparative study done on 11 studies by Sharf
et al. (2010) which found a high correlation between the therapeutic alliance and drop-out
cases. A higher number of drop-out cases was seen among patients with a weaker therapeutic
alliance with their therapist. A study by Cournoyer et al. (2007) used the therapeutic alliance
measure as a process variable to estimate positive outcomes from treatment. The less involved
patients in the sessions, which have lower therapeutic alliance measures, are less consistent
in attending the sessions. The study showed that the therapeutic alliance could be used to
predict patient drop-out.

Positive Therapeutic Alliance

There are different characteristics in therapy that assist in gaining a positive therapeutic
alliance. In study by Fiedler (1950), therapists from different schools described the ideal
therapeutic relationship to include an empathetic relationship. Real therapist's empathy
was described by Greenberg et al. (2001) as not imitating or repeating the content of the
patient's words, but the therapist should also understand the patient's goals and experiences.
Furthermore, the therapist should capture the subtle variations and inductions behind the
patient's words and re ect them. Eventually, if the therapist can introduce empathetic attitudes
toward the patient, this would ensure a smoother relationship between them. Automatic
detection of empathy can be used as an assisting tool for indicating a positive therapeutic
alliance.

Other terms are used to refer to the relationship between the patient and the therapist,
such as patient rapport. Such rapport is de ned as "the relative harmony and smoothness
of relations between people” (Spencer-Oatey, 2005). Tickle-Degnen and Rosenthal (1990)
described three essential components that represent rapport. The rst refers to mutual
attentiveness, or the mutual interest that one may experience while interacting with others
in any relationship. Positivity is the second element, which refers to a sense of friendship
and caring for others. Finally, the most important component is coordination, which is often
also termed as being 'in sync'. Synchronisation is one of the signals that regularly occurs
in sessions. Sche en (1963) noticed that synchrony can exist in a session if its participants
act perfectly in rhythm, as if they had previously introduced to each other. For that reason,
automatic synchrony detection can be used to detect if there is a positive therapeutic alliance
or rapport in the sessions.

As mentioned earlier, therapeutic sessions, most of the time, convey many patient emo-
tions that are either positive or negative. Detecting a patient's emotions automatically can
assist the therapist in determining an appropriate diagnosis. Furthermore, it can aid in cap-



20 Overview of Current Psychotherapy Practice

turing any signs during sessions that indicate a positive or negative alignment between the
therapist and the patient. Sexton et al. (1996) conducted a study to investigate the relationship
between the therapist and the patient on a moment-to-moment basis that would lead to
the construction of the therapeutic alliance. They found that the patients who were more
emotionally involved in the sessions maintained a high alliance (positive) and responded less
depressingly when interacting with the therapist. Additionally, the verbal content of the low
alliance patients showed more negative emotions than those of high alliance patients.

The therapist's ability to introduce trust and con dence within the therapeutic frame is
considered essential for therapeutic success. Their ability to connect with the patient and
have a suf cient level of competence can help patients achieve more reliable therapeutic
gains. Additionally, the therapist's attributes similar to benevolence, responsiveness and
dependability are predicted to be connected to the development and maintenance of a
positive therapeutic alliance (Ackerman and Hilsenroth, 2003). The therapist should have the
necessary competence to guide the patient, provide adequate help and ensure positive results
(Bachelor, 1995)Therapist's competenaan be de ned as the level of skill shown by the
therapist in delivering treatment and comprises the therapist's response and consideration
towards the relevant contextual variables (Waltz et al., 1993). In a study by Weck et al.
(2015) to evaluate the therapists' adherence, therapist's competence and therapeutic alliance,
they found that the therapist's competence and therapeutic alliance to be important for the
therapy outcome in the treatment of health anxiety. The process of assessing the therapist's
competence involves analysing their capacity to provide treatment to acceptable standards,
which requires evaluation of the therapist's knowledge, usability and implementation of
the treatment. There are several measures to assess the therapist's competence that require
treatment sessions (recordings of them) to be evaluated by a rater for the presence and
quality of certain therapist-determined features referenced in the content of relevant treatment
manuals. A score is generated based on the total ratings and if it is above a speci ed
threshold, the session is judged to have been delivered adequately (Fairburn and Cooper,
2011). One of those measures is the Low-Intensity CBT (LI-CBT) treatment competency
scale provided in Appendix C (Kellett et al., 2021a). The LI-CBT treatment competency scale
is a scaled measure used for rating therapists during treatment for patients with mild-moderate
depression and anxiety disorders. The measure depends on the COM-B model (Michie et al.,
2014), which is a model of behaviour and behaviour change to conceptualise the patient's
problem behaviour as resulting from the interaction of three factors: (a) capability to perform
behaviour change, (b) the motivation for behaviour change, (c) the opportunity to carry out
necessary behaviour change. This model is used to inform, guide and in uence therapists
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(practitioners) on treatment delivery. The LI-CBT competency scale consists of six items that
enable treatment session raters to examine a range of competencies (Kellett et al., 2021b):

* Focusing the session
» Continued engagement competencies
* Interpersonal competencies

* Information gathering: speci c to change

Within session self-help change method

* Planning and shared decision making competencies

Each item in the scaled measure is described in a documented manual for the raters or
clinical supervisors to ensure an adequate rating based on each speci ed competency. The
competencies are rated on a scale from zero to six based on a competence level, as described
in Figure 2.1 for each competency item. The total score may range from zero to 36.

Fig. 2.1 Levels of competence as scored in the LI-CBT treatment competency scale

Thefocusing the sessiatem concentrates on rating the therapist's ability to develop
and subsequently adhere to an agenda for the treatment session in a competent manner. The
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continued engagement competendes assesses the therapist's competence in continuous
engagement of the patient in the process of change in a collaborative way. The therapist
should guarantee that the patient's progress is acknowledged by re ection and summaries.
Theinterpersonal competencigem depends on rating the therapist's ability to develop in-
terpersonal skills for maintaining therapeutic relationships with patients and for providing an
empathetic and containing space for patients to proceed with their treatmenfdimeation
gathering: speci ¢ to changéem estimates the therapist's competence in gathering informa-
tion from the patient concerning the transformation made and improvement achieved over the
course of treatment in a positive and considerate mannemwithi session self-help change
methoditem evaluates the therapist's ability to select the appropriate treatment method for
the patient based on their problem and following the treatment principles. The scale item
planning and shared decision making competendetermines the therapist's competence in
planning actions related to the patient's needs, session content and stage of treatment, taking
into consideration the appropriate evidence base. Additionally, therapists should ensure that
planning and associated decisions are made collaboratively in a patient-centred environment
(Kellett et al., 2021b). The LI-CBT competency scale has been used for rating the main
dataset used in this thesis.

Rupture in Therapeutic Alliance

According to the empirical importance of the therapeutic alliance in gaining better treatment
outcomes, a study by Safran (1990a,b) tried to understand what can disturb this relationship.
One of the frequent disturbances that may accrue in any therapeutic relationship is the
Alliance Rupture The alliance rupture is de ned as any deterioration or alteration in the
alliance quality among therapists and patients. Usually, the rupture can be observed in
the session as a patient behaviour indicating crucial points to be explored more in therapy.
Depending on the relationship between the therapist and the patient, ruptures can be different
in duration, intensity and frequency. Sometimes, the therapist cannot detect if a rupture has
occurred in the alliance or the patient is unaware of its existence. Usually, this would not
interrupt therapy development. However, in severe cases, when the therapist does not detect
the rupture, it might lead the patient dropping out of sessions or to treatment failure. On the
other hand, if the rupture were discovered and resolved by the therapist, this would establish
a signi cant opportunity for enhancing the treatment (Safran, 1993).

The 3RS system was built by Eubanks et al. (2015) to be used by human raters to
observe and detect any rupture signs that might occur in the sessions and any attempts by
the therapist to resolve the existing rupture. The method of attempting to resolve the rupture
is calledRupture ResolutianThe rupture signs might include pressure and an absence of
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participation between the therapist and the patient. The 3RS is an observational manual
system, meaning that it requires a third person (judge) to observe the existence of rupture
during the therapy, while other systems that detect rupture usually include self-reported
guestionnaires. It has been proven that the observational systems that detect rupture can
be used to enhance clinical practice and guide new therapists in the eld. Coutinho et al.
(2014) compared observational and self-reported systems when detecting rupture and noticed
that self-reported methods do not precisely detect rupture because it was the patients who
assessed the quality of the therapeutic alliance and not an independent judge, as was used in
the observational methods. Furthermore, more rupture was identi ed using observational
methods. Observational methods can detect rupture moment by moment in a session, but
self-reported methods detect rupture once in a single session. A study by Eubanks et al.
(2019) examined and validated the 3RS by comparing it with other rupture detection systems.
The study proved that 3RS can be a reliable manual tool for exploring the therapy process
and predicting drop-out cases. The study showed that the system can be a supportive tool for
understanding how rupture can be established, recognised and resolved in therapy. Detecting
rupture signs in therapy can assist the therapist to determine weak points in the therapeutic
alliance that they might not be aware of and this could eventually prevent the patient from
dropping out of the subsequent sessions.

2.4 Summary

In conclusion, psychiatry is an essential medical eld for improving patients' mental health.

It includes a variety of specialities, of which psychotherapy is one. Psychotherapy is more
related to assisting patients to overcome their stress, emotions and disturbing habits. Among
the common psychotherapy practises in the NHS is CBT, which depends mainly on exploring
and linking thoughts, emotions and behaviours. Emotions can be an essential factor in CBT,
in that the therapist should during sessions assist the patient to distinguish between emotions
and thoughts, label emotions correctly and rate the severity of an emaotion.

Furthermore, the therapist should build a stable and consistent relationship with the
patient to reach optimal therapy results in an empathetic and understandable manner. Itis
vital to automatically detect the signs that can indicate a positive relationship between the
therapist and the patient. For that reason, a proposed system that will address all the important
signs previously mentioned will be presented in the next chapter, including the automatic
detection of the patient's mood outcome scores, the therapist's empathy, the therapist's
competence, the patient's emotions and the synchrony between the patient and the therapist.






Chapter 3

Proposed System for Automatic Analysis
of Psychotherapy Sessions

The previous chapter discussed the various signs that might be observed in a session to
indicate if a therapeutic relationship is positive or at risk of rupture. There was suggestive
evidence that synchrony between the patient and the therapist plays an important role in
establishing a positive therapeutic alliance. Another cue found to be related to the positive
therapeutic alliance is the patients' emotions, as because of the nature of the psychotherapy
sessions, several dynamic emotions could be observed during them. As discussed in Chapter
2, the scores gained from the mood outcome measures can indicate levels of the patient's
mood, for example, whether the patient is depressed or anxious. A positive therapeutic
alliance was also found to correlate with high levels of the therapist's competence. Taking
these indications into consideration, it is clear that the therapists' and patients' behaviours
during the therapy treatment could indicate a positive therapeutic alliance in term of the
patient's mood, the patient's emotions, the therapist's competence, the therapist's empathy
and the synchrony between the patient and the therapist. Developing an automatic system
for detecting and tracking any of the mentioned behaviours can help indicate positivity in
the therapeutic alliance and eventually lead to a successful treatment therapy. Such a system
should take into consideration that direct automatic assessment of therapeutic alliance may
require high order cognitive and affective models for the individuals, as cited by Martinez

et al. (2019).

Studying rupture as a sign of deterioration in the quality of the relationship between the
therapist and the patient could give insights into the opposite directions of a positive therapeu-
tic alliance. Section 3.1 of this chapter examines the automatic methods for detecting rupture
markers. Section 3.2 presents proposed system for automatically analysing psychotherapy
sessions by detecting and tracking speakers' signs (behaviours), as discussed earlier. Section
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3.3 explains the psychotherapy session's recordings dataset (THEPS dataset), which is the
main dataset used in this thesis for developing the proposed system. Finally, Section 3.4
presents a summary of this chapter.

3.1 Automatic Rupture Marker Detection

The therapeutic alliance is considered to be among the essential elements that could indicate
if the patient is going to drop out of therapy sessions. One of the signs that are important to
detect is the possibility of a disturbance occurring in the relationship between the therapist
and the patient, indicating a possible alliance rupture. Several automatic methods could
be applied to automate the procedure of detecting rupture using observational methods.
Observational methods usually require a human to observe a number of behaviours that could
exist in a session and lead to a rupture. Several manual systems have been established to
identify rupture in the therapeutic alliance, such as the Rupture Resolution Rating System
(3RS) described in Section 2.3. The 3RS system has been adopted to automatically detect
rupture moments in the therapeutic alliance.

3.1.1 Rupture Markers

Rupture can be accrued several times in a session, but not every minute throughout the
session. If there is no rupture accrued in the session, the following characteristics should
exist in the session, as reported in Eubanks et al. (2015) :

» Agreement between patient and therapist on the tasks of treatment.
» Agreement on the goals of treatment.

» A personal, affective bond between the patient and the therapist.

If a rupture occurred during a session, it could indicate deterioration in the alliance,
demonstrating a reduction in tasks or goals collaboration or tension in the emotional bond
between the therapist and the patient (Eubanks et al., 2015). For example, the patient and
the therapist are not working together collaboratively and productively, or they seem distant
from each other. There are two types of rupture, the rst iswitedrawal rupture In that
type, the patient moveswayfrom the therapist or the therapy work, or the patient could
movetowardthe therapist if they deny their own experiences and therefore withdrawn from
the work of therapy. The other type of rupture is caltehfrontation which means the
patient movesgainstthe therapist either by expressing dissatisfaction or anger through a
non-collaborative attitude or attempting to control or pressure the therapist.
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Every type of rupture contain numerous markers de ned in the manual of the 3RS system
(Eubanks et al., 2015). Withdrawal rupture markers are: "Denial, Minimal response, Abstract
communication, Avoidant storytelling and/or shifting topic, Deferential and appeasing, Con-
tent/affect split and Self-criticism and/or hopelessness”. The Confrontation rupture markers
are: "Complaints/concerns about the therapist, Patient rejects therapist intervention, Com-
plaints/concerns about the activities of therapy, Complaints /concerns about the parameters of
therapy, Complaints/concerns about progress in therapy, Patient defends self against therapist
and Efforts to control/pressure therapist".

The manual rating is done every ve minutes in the session by human judges and again
after the session ends. The evaluation is based on each type of rupture marker using a scale
from one (no rupture) to ve (high rupture). The rating scale depends on the signi cance of
the rupture and not the duration or frequency. Finally, a group rating should be performed for
the overall existence of rupture depending on the type itself (Eubanks et al., 2015).

3.1.2 Mapping the Manual Rupture Markers to Automatic Character-

Istics
To detect rupture markers automatically, there is a need to translate or map each rupture
maker's attributes to an automated one. Each rupture marker is described in a manual that
provides human raters with a clear view of each marker based on a speci ¢ description
(Eubanks et al., 2015). After reviewing the rupture marker descriptions in the related manual,
the patient's and therapist's language in the session would be a good candidate for discovering
the rupture type. For this reason, the automatic extraction of characteristics related to the
manual rupture markers may require dictionary-based models for automatic descriptions
such as Affective Dictionary Ulm (ADU) and Referential Activity (RA), which will be
presented in next chapter. The RA estimates the degree to which a person's language is
associated with emotions. It contains several dictionaries that re ect certain behaviours
in the spoken language, including the Weighted Referential Activity Dictionary (WRAD),
Dis uency Dictionary (DF), Affect Dictionary (AFF), Negation Dictionary (Neg), Sensory
Somatic Dictionary (SenS) and Re ection Dictionary (REF). The ADU relies on quantitative
measures of words related to their emotional implications, such as contentment, anxiety,
depression, anger and fear.
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Table 3.1 Mapping of rupture markers' manual descriptors to automatic characteristics

Type Rupture Marker Manual Rating Descriptors Proposed Automatic Mapping Characteristics
Denial The patient denies a feeling state. Detect WRAD measure in the RA model.
Minimal Response * The patient exits the session before the end. 1. Count the number of words in patient's response.
* The patient answers a phone call without explanation.| 2. Count the number of words in therapist's response.
withdrawal * The therapist talks more than the patient and the patiehtldentify the topic of conversation.
does not engage.
* The patient pauses followed by minimal response or by a
change in topic.
Abstract Communication * The patient repeats words or makes global statements.Count the repetitive words in the patient's speech.
* The patient feels con icted.
Avoidant storytelling and/or * The patient talks about others (they, other people, all pdo- Count the number of anxiety words from ADU in the
shifting topic ple, others). patient's speech.
* The patient would change the topic of the conversati¢h Identify the topic of conversation.
unless it was a useful topic. 3. Count the number of dis uency words in the patient's
* The patient feels stressed. speech from DF.
Deferential and appeasing | The patient's language is appeasing the therapist. Count the contentment words in the patient's speech from
ADU.
Content/affect split The patient's affect language does not match the contentidentify the DF words in the patient's speech from the RA
model and match it with the patient's emotions.
Self-criticism and/or hopeless-The patient feels depressed and hopeless. Count the depression words in the patient's speech from
ness ADU.
Complaints or concerns aboufThe patient feels anger and hate toward the therapist. | 1. Count the anger words in the patient's speech from ADU.
the therapist
patient rejects therapist's inter-The patient rejects the therapist's views or interpretation2. Identify the Neg words in the patient's speech from the
confrontation| vention RA model.

Complaints or concerns abo
the activities of therapy

homework, or activity unless they faced obstacles.

ufThe patient's language con rms that they did not do the task, Measure the SenS language in the patient's speech from

the RA model.

Complaints or concerns abo
the parameters of therapy

rameters of treatment.

ufThe patient conveys concerns or complaints about the #a€ount the fear words in the patient's speech from ADU.

Complaints or concerns abo
progress in therapy

the therapy progress.

ufThe patient conveys complaints, concerns, or doubts apbubetect WRAD measure in the RA model.

patient defends self again
therapist

against the judgments.

siThe patient uses defensive language to protect themselfdentify dis uency language in the patient's speech from

the DF.

Efforts to control/pressur
therapist

e The patient interacts in a hostile manner trying to control
therapist.

tie Identify REF words in the patient's speech from the RA
model.
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Table 3.1 illustrates the proposed methods for the latter dictionary models to automatically
map the rupture markers' rating descriptions to automatic characteristics. After reviewing
the manual of the rupture markers, the main human rating descriptions that could indicate
each type of rupture marker have been selected, as indicated in Table 3.1. Afterwards, an
investigation was conducted to nd a suitable dictionary model for each rupture marker type,
each representing the most important characteristics of that dictionary model.

Due to the unavailability of the rupture marker labels in the THEPS dataset, the process
of automating the detection of the rupture markers has been suggested for future work. With
the existence of the therapist's competence ratings in the acquired dataset, the Low-Intensity
CBT (LI-CBT) treatment competency scale mentioned in Section 2.3 has been mapped to
automatic characteristics.

3.1.3 Mapping the Manual LI-CBT Treatment Competency Scale to
Automatic Characteristics

The LI-CBT treatment competency scale consists of several items that raters should take into
consideration as they assess a therapist's competence. Each item is described in a documented
manual with a detailed description of the key attributes that the therapist should demonstrate
in the session. Each of these manual rating item descriptions has been mapped to automatic
characteristics as a rst step towards setting up an automated system. The ADU and RA have
been adopted to provide the appropriate alignment between the manual rating descriptors and
the automatic characteristics. The automatic system for detecting the therapist's competence
using the LI-CBT treatment competency scale is described in Chapter 8. Table 3.2 presents
the mapping of the competency scale items presented by the human description of each
item as discussed in the related manual to automatic characteristics based on the RA and
ADU models. An investigation was implemented to map those human descriptors to the
best matching dictionary model and the corresponding measure of each dictionary model, as
clari ed in Table 3.2.

3.2 Proposed System

To achieve the system goals, there is a heed to detect different signs that may improve the
experience of both the patient and the therapist during therapy. For that, it is essential to
assess the relationship between the therapist and the patient throughout the entire therapy
journey and determine if there is a rupture in this relationship. Additionally, the automatic
detection of some mental disorders that affect the patient's mood or thinking can help the
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Table 3.2 Mapping of the manual competency scale descriptors to automatic characteristics

Rating item

Manual Rating Descriptors

Proposed Automatic Mapping Characteristics

Focusing the session

The treatment session's introduction provides an opportynideasure the REF words in the therapist's speech and SenS

for the therapist to re-engage with the patient and highl
the planned and agreed content of the treatment.

danhguage in the patient's speech from the RA model.

Continued engagement competencies

The patient should feel positive and con dent about
changes they have made/ are making or that their prob
are being approached in a collaborative way. The therg
should con rm that progress is acknowledged by re ecti
and summaries.

tHeount the contentment words in the patient's speech from
ehidU.

apist

on

Interpersonal competencies

The therapist should be able to sustain a trusting and cont&ietect the WRAD measure in the RA model.

ing therapeutic relationship with the patient. The thera

pist

should ensure the patient has time to talk through any issues.

Information gathering: speci c to change

The therapist should inspire the patient to feel that they areldentify REF words in the therapist's speech and WRAD in
active participant in the treatment process and to feel positixe patient's from the RA model.

through the changes they have made between sessions

D.

Within session self-help change method

Cognitive restructuring is a way of in uencing mood |
targeting unhelpful thoughts via a process of identi cat
and challenge.

oydentify REF words in the therapist's and patient's speech
oftom the RA model.

Planning and shared decision-making cg
petencies

rMmhe therapist should present a patient-centered, exible
proach when delivering self-help and show a good un
standing of the delivery of the treatment methods themse

> Byetect the WRAD measure in the RA model.
der-
ves.
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therapist build an overview of the patient's mental health state, such as depression and
anxiety. Furthermore, detecting and tracking patients' emotions automatically in a session
can help estimate accurate patient diagnosis and optimal treatment. Detecting some of the
therapist's characteristics automatically, including competence and empathy, can deliver
an objective assessment of the therapist's skills and professional behaviour. Finally, the
automatic detection of the synchrony between the patient and the therapist could determine
the level of the therapeutic alliance conducted between the two parties. Figure 3.1 shows
block diagram of the proposed system for the automatic analysis of psychotherapy sessions.

Fig. 3.1 Block diagram of the proposed system for automatic analysis of psychotherapy
sessions

The proposed system starts by collecting recordings of several patients' sessions to be pre-
processed. Initially, the audio les of the session recordings should be pre-processed using
Automatic Speech Recognition (ASR) to attain transcriptions (what is said) and timestamp
annotations (when it is said) for each speaking turn in the dataset. ASR provides an automated
process for recognising spoken utterances, requiring the dataset recordings to be transcribed
and annotated for training the ASR systems. The transcription is carried out by a team of
expert transcribers trained explicitly for the task. Another option would be to use manual
transcriptions and annotations in the pre-processing phase (Sell et al., 2018; Young and
Mihailidis, 2010). The ASR system implemented, trained and evaluated on THEPS dataset
is presented in Chapter 5.
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After applying ASR on the audio recordings, each speaking turn is segmented to form a
separate recording based on the timestamp annotations gained from the ASR. This results in
separate speech segments that include each speaker in the session separately. For clari cation,
the speaker turns are referred to as spesegmentsThese speech segments are then passed
to the next level of processing modules in the model. These each help extract various signs
that have been identi ed in the literature (Chapter 2) to align with therapeutic alliance. The
patient's speech segments are then used to implement the mood outcome measure detection
module, as presented in Chapter 6. Furthermore, the patient's speech segments are employed
for the time-continuous emotion detection module, as discussed in Chapter 7. The therapist's
segments are adopted for the competence prediction module, as presented in Chapter 8. In
addition, the therapist's segments can be explored for the empathy detection module. Both
the therapist's and the patient's segments can be used to detect synchrony between the two
parties.

Due to the interrelations between the several modules mentioned in the proposed system,
some speakers' behaviours can be attained as a result of other modules, as described in
Chapters 7 and 8. Tracking the patient's and the therapist's behaviours across the modules
can assist in determining the moments in therapy that help establish a positive therapeutic
alliance. Finally, the results gained from the detection and tracking modules can be integrated
to form a stable system that aligns with the thesis aims and research questions. The discussion
of the nal proposed system is presented in Chapter 9.

3.3 Psychotherapy Sessions Dataset (THEPS Dataset)

This thesis focuses on predicting speci ¢ signs or cues to help therapists achieve a positive
therapeutic alliance and eventually minimise patients' drop-out rates. To achieve those aims,
it is essential to acquire psychotherapy session recordings to investigate the study aims
and predict the important signs mentioned in the research questions. The recordings of the
psychotherapy sessions used in this thesis are from research by Kellett et al. (2020) aimed
at comparing the ef ciency and clinical durability of two treatments for anxiety disorders.

A total of 93 pre-existing session recordings were collected for the study, each including a
conversation between a therapist and a patient during therapy treatment. Those recordings
will be used to develop and evaluate the key modules of the proposed system, as described in
Chapters 5, 6, 7 and 8. This section presents a brief introduction about the study purpose
relating to the THEPS dataset, the clinical setting and selected outcome measures speci ed
in the obtained dataset study, and the data collection and pre-processing.
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In terms of using these recordings for automatic processing of the speech, several chal-
lenges should be noted. Those challenges are highlighted in the following points:

» The therapist and the patient may experience several inner states or behaviours during
the session that would be re ected in their speech acoustics, such as the therapist's
empathetic state or the patient's sad feelings.

» During episodes of extreme emotional states, the ability to hear some words would be
challenging, such as if the patient were crying.

» Some parts of the session may include overlapping speech between the therapist and
the patient. This would be dif cult for most humans to hear and is extremely dif cult
to process with a speech recogniser.

« Differing from the acted databases (using human actors to record pre-de ned be-
haviours in an ideal environmental settings), the sessions' recorded in a real world
environment could include background noises such as doors slamming, chairs moving,
clocks ticking, therapists typing, patients coughing and room echoes. Such background
noises make it challenging to recognise words.

* Due to the Coronavirus Disease 2019 (Covid-19) pandemic, some sessions were
recorded over a mobile phone. In some sessions, recognising speech in mobile phone
sessions would be challenging, since the line might sometimes drop during the call
and various background noises are captured from both the patient's and the therapist's
side, such as a baby crying or a dog barking.

3.3.1 Background and motivation of the Clinical Study

As mentioned earlier, the audio recordings dataset used in this thesis is from research by
Kellett et al. (2020) conducted to compare the ef ciency and clinical durability of two anxiety
disorders' treatments. The following section will describe the organisation responsible for
conducting the study and the purpose of this study for the clinical community.

The Improving Access to Psychological Therapies (IAPT) programme is the National
Health Service's (NHS) primary care mental health programme. It provides a systematic
approach to organising and enhancing the NHS's psychological therapies delivery and access.
The IAPT offers treatment for a variety of mental health problems, including depression,
anxiety, panic and speci ¢ phobias. The treatments adopted by IAPT are developed by the
National Institute for Health and Care Excellence (NICE). They are offered as a course of
multiple sessions by a Psychological Wellbeing Practitioner (PWP). In this thesis, the name
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therapistwill be used instead of PWP for consistency. The IAPT services provide several
NICE recommended therapies, such as Guided Self Help (GSH) (NHS, 2021), GSH is a
type of psychological therapy combined with a self-help workbook to help solve a patient's
mental problems with guidance from a therapist in a exible time environment. It can be used
along with Cognitive Analytical Therapy as (CAT-GSH) or Cognitive Behavioural Therapy
as (CBT-GSH) (NHS, 2018c). As discussed in Chapter 2, CAT focuses on the reasons for the
problem, challenges, how it started in the past and mainly how patients relate to themselves
and others. CBT is concerned with links between actions, feelings and thoughts. It targets
thoughts and actions in the now and here and especially how a change of thoughts and actions
can change the patient's feelings (Jacobson, 2015). Although CAT and CBT are different
types of therapy treatments, they use the same limited amount of sessions and goals.

The IAPT programme mentioned earlier adopted the treatment stepped-care principles
for depression and anxiety. The stepped-care principals provide the least intensive and the
least restrictive treatments based on evidence for the patient. In case a patient requires
ongoing care, they are offered more intensive and costly interventions (Bower and Gilbody,
2005). Based on the stepped-care principles, the rst step in therapy consists of an initial
assessment by a general therapist, the second step includes low-intensity GSH treatment
sessions and the third step comprises more in-depth psychological therapies. According
to the clinical guidelines, there is a need for more patient treatment choices, mostly that
each patient may prefer different interventions. The third step in IAPT services already
includes a range of therapies (Perfect et al., 2016). However, the second step lacks this variety
of therapies, especially as the currently available therapies in step two are based on CBT
principles and conducted within the structure of group-based CBT, individual low-intensity
CBT or computerised CBT. To acknowledge this issue, a study by Meadows and Kellett
(2017) created a version of CAT-GSH to deliver treatment sessions for anxiety disorders.
Implementing CAT-GSH has shown a reliable degree of GSH principles, low drop-out rates,
suitable to be delivered in step two and effective implementation in the clinic with lasting
short term results. Due to the minimal evidence that CAT therapy can be a treatment option
for common mental disorders especially anxiety disorder, a study by Kellett et al. (2020)
was conducted to compare the ef ciency and durability of CAT-GSH and CBT-GSH for
anxiety disorders performed at step two of IAPT service. The pre-existing session recordings
collected from the latter research will be used as the thesis experiments' main dataset.
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3.3.2 Setting and Selected Outcome Measures for Clinical Study

This section describes the study setting and selected outcome measures related to the afore-
mentioned study by Kellett et al. (2020), which is the clinical source for the main thesis
dataset.

When patients were referred to the IAPT service by the General Practitioners (GP), they
were offered the choice to participate in the study trial. If they were interested, they would be
given artrial eligibility interview to identify their suitability for GSH. The possible participants
were screened using a short version of the Mini International Neuropsychiatric Interview
(MINI) to perform a veri cation of an anxiety disorder (Sheehan et al., 1998). The patients
selected a type of GSH therapy based on a detailed information sheet describing each type
of GSH. A random selection would be considered if a patient did not select a speci c GSH
therapy. The therapy followed the IAPT structured six to eight session treatment protocols
and was linked with patient workbooks for anxiety disorder. After the treatment sessions'
termination, the patient were offered eight weeks and 24 weeks of follow up interviews.
The Beck Anxiety Inventory (BAI), a well-known mood outcome measure for anxiety, was
measured during the eligibility screening interview and the follow-up interviews. Several
mood outcome measures were collected at the service screening, treatment sessions and
follow up interviews, such as Patient Health Questionnaire(PHQ-9), Generalised Anxiety
Disorder(GAD-7) and Work and Social Adjustment Scale (WSAS) (Kellett et al., 2020).
PHQ-9 and GAD-7 are described in detail in Section 2.1. Those scales are useful for
conducting automatic detection of depression and anxiety outcome measures. Also, the
sessions were rated using the LI-CBT treatment competency scale described in Section 2.3
to assess the therapist's competence (Kellett et al., 2021a). The therapist's competence is
de ned as the degree of the therapist's knowledge and skill needed to deliver treatment
ef ciently to achieve its expected effects (Fairburn and Cooper, 2011). The competency
rating scale empowers the raters to inspect a range of competencies consisting of six items:
"(1) introducing the assessment session; (2) establishing engagement; (3) interpersonal skills;
(4) information gathering relevant to the problem; (5) information giving relevant to the
problem; and (6) shared planning and decision making." (Kellett et al., 2021a). This score
is useful for conducting the automatic detection of the therapist's competence. Figure 3.2
shows the ow diagram of the study enrollment process, including referral, screening and
allocation of patients.
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Fig. 3.2 Flow diagram showing the study enrollment process (Kellett et al., 2020)

3.3.3 Data Collection and Pre-Processing

The total pre-existing session recordings from Kellett et al. (2020) study are 93 recordings,
each including a conversation between a therapist and a patient as part of their therapy
treatment. The therapists deliver low-intensity interventions for mild to moderate anxiety.
Theyguidethe patients through treatment in contrast to traditional therapists (Firth et al.,
2015). The sessions could vary from 30 minutes to 40 minutes. The sessions were recorded
using telephone recorders, audio recorders, or laptop recorders. The sampling rate for the
recordings is 44100 Hz.

Some recordings was found to be corrupted and therefore eliminated from the study due
to several reasons, such as being a duplicate, containing a high microphone echo or being
very short or completely empty. The total number of recordings after eliminations is 84.
The recordings included unnecessary parts in the conversation, such as scheduling the next
session date and time. Those parts were trimmed from the recordings, which decreased the
length of sessions to around 20 to 35 minutes. After implementing this, the total number
of hours in the dataset is approximately 45 hours and 36 minutes. As mentioned earlier,
some sessions were conducted over a mobile phone due to the Covid-19 pandemic. The total
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Table 3.3 Patient demographics and therapy session information for the full dataset (Tran-
scribed + Un-transcribed)

Patient demographics  Total (all sessions) Average Min Max

Number of patients 84 - - -
Female 64 % - - -
Age - 37 16 74
In-person sessions 41 % - - -

number of mobile phone sessions is 43 sessions, while the number of face-to-face sessions is
41. Table 3.3 describes the demographics of the dataset and therapy session information. The
sessions were sent for transcription using a third-party agency. The number of transcribed
sessions is 54 sessions with approximately 27 hours, 9271 total segments and 264,069 total
number of words. This part of the dataset will be used to develop the ASR system described
in detail in Chapter 5. The following gures are for the transcribed part of the dataset. Each
speaker turn in the conversation was labelled in the transcription with the speaker name (PAT
for patient and INT for therapist). Furthermore, the dataset has been annotated and adjusted
based on the common ller words from several transcribers, with the nalised ller words
being, umm, oh, aa, um, ah, hmm and mm. The transcriptions were also annotated with
the start and end time for each speaker turn in minutes. The time alignment annotations
for each segment's start and end times have been reviewed and adjusted manually by the
thesis's author to produce more accurate timestamps for each segment in the dataset using
the 'Transcriber' software (Barras et al., 2001). It is important to distinguish the therapist's
from the patient's speaking turn due to differences in the acoustics and language-based
characteristics expressed by each speaker in the sessions. Furthermore, other modules in the
main proposed system design may require either the patient's or the therapist's segments
separately to extract their speci ¢ characteristics. Some patients suffer from high depression
or anxiety and that could affect on their use of words. Figure 3.3 shows a histogram of the
total words and seconds in the transcribed part of the dataset. The gure shows that most of
the time the speakers used few words around 20 words during less than 10 seconds per each
segment. Figure 3.3 is only showing a sample window of the highest frequencies, due to the
existence of a considerable number of low frequencies in comparison to the highest ones.
Figure 3.4 shows the total seconds and number of words per session for each speaker. It is
clear from the gure that most of the time the therapist would mostly speak more than the
patient in terms of the number of words and time.
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(a) Number of words (b) Total seconds

Fig. 3.3 Dataset histograms for the transcribed part of the dataset (A sample of the highest
frequencies)

(a) Number of words (b) Total seconds

Fig. 3.4 Dataset details per session for each speaker (PAT: patient, INT: therapist)
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Fig. 3.5 Histogram of depression outcome scores (PHQ-9) presenting the depression severity
cut-point in a dashed line, the higher the score means, the more severe state of depression.

As mentioned earlier, the dataset is labelled with the PHQ-9, GAD-7 and the competency
ratings. The sessions that are labelled with PHQ-9 and GAD-7 are 51 out of 54 transcribed
sessions. The 51 transcribed sessions labelled with the competency ratings intersected with
the group labelled with PHQ-9 and GAD-7 scores. Figures 3.5 and 3.6 present the histograms
of the PHQ-9 and GAD-7 values in the dataset. Figure 3.7 shows the histogram of the
competency measure. The latter gures include the severity cut-off score in a dashed line to
highlight the distribution of the low and high ends of the scores in the dataset which means
that the line represents the dividing line between the low scores and high scores of each
measure; this will be discussed further in Chapter 7. The gures show that most of the PHQ-9
and GAD-7 score ranges exist in the dataset, but that the available scores are not equally
distributed in the dataset. Figure 3.7 shows the competency ratings presented in the dataset,
which range from 13 to 27, in that it does not limit the distribution of the scores based on the
several levels of competence.

3.3.4 Data Samples

This section introduces samples of the THEPS dataset and their corresponding transcription,
highlighting some of the challenges recognised in the session recordingspdken noise
transcription label denotes any noise related to the speaker's articulations, such as laughing
and crying. Thenoisetranscription label denotes any noise that exists in the recording
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Fig. 3.6 Histogram of anxiety outcome scores (GAD-7) presenting the anxiety severity
cut-point as a dashed line, the higher the score means, the more severe state of anxiety.

Fig. 3.7 Histogram of competency measures presenting the competency ratings cut-point as a
dashed line, the higher the score means, the more the therapist's state of competence.
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