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Abstract

In line with a national push towards integrating artificial intelligence and technology-based
approaches in mental health, and new legislation requiring schools to have monitoring systems in
place on all computers, many UK schools have begun to invest in new, relatively low cost, mental
health monitoring software. This software uses natural language processing to scan through
hundreds of gigabytes of naturally occurring digital data, which are then used as a source of

information about students’ mental health, for instance, monitoring suicide risk.

It is critical to understand how this new technology may impact the responsibility of different
parties (e.g. psychologist, teacher, developer, child) in responding to a student who is considered
‘at-risk’ of suicide. For example, teachers already have a formalised duty of care and custodianship
towards their students’ wellbeing. Do these new monitoring programs change the nature of
responsibility? This line of enquiry led to the development of my core (primary and secondary)
research questions:

1. What responsibilities do teachers and schools have when using technology for suicide
prediction, and how do these compare to what their responsibilities should be?

2. Given that teachers do not work in isolation (and that children are embedded within
multiple overlapping support systems), how might a model of shared responsibility
(involving teachers, clinicians, parents, technology developers, and/or the students
themselves) function? How should responsibility be shared (as indicated by legal, policy,

and ethical frameworks), and is it being done so in practice?

To answer these questions, I first explore the ethical foundations on which school-based suicide-
prediction tools are both challenged and defended (Chapter 2). I then outline a novel bioethics
methodology (Chapter 3), focusing on the theme of responsibility and consisting of three key
components: a mapping review (Chapter 4); systems analysis (Chapter 5); and qualitative

interviews (Chapter 6).

Within Chapter 4 I map the field of ‘EdTech for suicide prediction,” analysing nine companies

providing these tools in UK schools, and collecting data on the following: technical features of the
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tools offered; number of schools subscribed to these tools; available efficacy data; and how

responsibility is embedded in the software’s functionality and promotional materials.

In Chapter 5, I explore the concepts of individual and shared responsibility in greater depth by
using Systems Analysis methodology. This approach enables me to identify the key actors in the
field and examine the regulatory, ethical, and best practice documents that inform how teaching
and policy communities define individual and shared responsibilities for young people’s mental
health and the use of EdTech for suicide prediction. These documents include (but are not limited
to), Keeping Children Safe in Education, PREVENT, and the English Standard Framework of
Teaching.

In Chapter 6, I introduce a qualitative study exploring teachers’ values and preferences regarding
EdTech for suicide prediction. This chapter examines how teachers understand their legal and
statutory responsibilities for identifying and referring students at risk, while also highlighting
variations in teachers’ interpretations of responsibility. For example, while some teachers view
their role as strictly limited to referrals, others adopt an ‘enhanced’ approach, engaging in
prevention efforts such as Personal, Social, Health and Economic (PSHE) curriculum development
or school awareness campaigns. This division is shaped by factors such as workload, emotional
availability, job expectations, and school ethos, with implications for both student wellbeing and

teacher burnout.

I conclude this DPhil with two chapters dedicated to understanding shared responsibility within
the context of EdTech for suicide prediction. Chapter 7 synthesises insights from the mapping
review, policy analysis, and empirical research through an empirical bioethics framework. It
explores gaps between current multi-agency approaches to suicide prediction and normative
ethical ideals of ‘shared responsibility,” including the exclusion of key stakeholders, the absence
of a shared commitment, unclear role definitions, and the blurring of geographic boundaries.
Considering these gaps, Chapter 8 concludes the thesis by offering concrete recommendations for
policymakers and other stakeholders on how responsibility ‘should’ be held (and shared) by
teachers, critically reviewing the DPhil as a whole, and suggesting future research directions to

support ethical and effective implementation.
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Notes on Terms

Doing interdisciplinary work often means working across fields that lack a shared vocabulary. For
instance, while my DPhil is based in Psychiatry, I also draw upon other literature, including

Bioethics and Social Data Sciences.

In this short section I define some of my most used terms and create a shared vocabulary for
evaluating mental health technology, as well as suicide more generally. Establishing a ‘note on
terms’ section at the beginning of the DPhil helps clarify points of consensus and highlight the

limitations within and across these fields.

Suicide Ideation and Behaviour
It is important to distinguish between suicidal ideation, planning, and behaviour early in the DPhil,
as traditional screening tools, such as the Columbia Suicide Screen (CSS) and Beck’s Scale for

Suicide Ideation, explicitly assess differences among these three categories (Harmer et al., 2024).

To measure suicidal ideation, scales typically include the frequency, intensity, and quality of
suicidal thoughts (Beck et al., 1979; Harmer et al., 2024), ‘plan,’ refers to whether the adolescent
who reports suicidal ideation has formulated a specific/detailed plan (Harmer et al., 2024). A plan
would include a method and anticipated outcome (Harmer et al., 2024). The third category,

behaviour, includes whether the adolescent acts on their suicidal thoughts.

While clinicians and traditional tools (e.g., the CSS and Beck’s Scale) clearly distinguish between
ideation, planning, and behaviour, some predictive technologies conflate these categories and
provide adolescents with a generic risk score without differentiating between suicidal ideation and
behaviour. This DPhil therefore explicitly acknowledges the distinctions among these three
categories, while also engaging critically with technological literature that addresses suicidal

ideation and behaviour collectively.
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Suicidal Self-Injurious Behaviour and Non-Suicidal Self-Injurious Behaviour
Likewise, the Psychiatry literature also distinguishes between suicidal self-injurious behaviour
(SSI) and non-suicidal self-injurious behaviour (NSSI), while the Education Technology (EdTech)
itself tends to conflate the two categories (authors who explain the difference between SSI and

NSSI include: Grandclerc et al., 2016; Kapur et al., 2013; Orlando et al., 2015).

Explicitly distinguishing between the two behaviours, Orlando et al. (2015) explain that NSSI
includes actions such as cutting, burning, or hitting oneself, carried out without suicidal ideation,
intent, or planning, while SSI may (or may not) include the above actions, but with added, explicit
suicidal ideation, planning, and behaviour (defined more in the previous section). It is critical to
note that a large risk of NSSI is that it evolves into suicidal behaviour (Grandclerc et al., 2016). In
addition, these behaviours are often comorbid (Grandclerc et al., 2016), and some psychiatrists,
such as Kapur et al. (2013) argue that distinguishing between the two behaviours has limited

clinical utility.

Risk

It is important to define the term ‘risk’ at the outset of this DPhil. Psychologists, technology experts,
statisticians, and philosophers all use the term ‘risk,” though often in distinct and context-specific
ways. For instance, prior to the 1960s, individuals were often categorised in binary terms
(according to Rose (2010), either ‘dangerous’ or not), which led to straightforward, often punitive
interventions for those deemed inherently ‘high-risk’ (Castel, 1991; Rose, 2010). This binary
framework began to change in the 1970s and 1980s, influenced by mental health advocates who
emphasised that individuals’ likelihood to display mental health symptoms was shaped by a range
of situational and contextual factors (Rose, 2010). As a result, risk began to be viewed less as an

inherent trait and more as a probabilistic estimate (Rose, 2010).

For the purposes of this DPhil, risk will be defined as a likelihood score, typically expressed as a
numerical odds ratio or probability (Calman & Royston, 1997). In the context of suicide prediction,

risk will refer to a probabilistic estimate of how likely suicide is to occur, based on characteristics
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known or believed to be associated with an increased risk of SSI in adolescents!. This assessment
will also take into account the protective factors which may reduce the likelihood of suicide.
Ultimately, a risk estimation involves balancing these risk and protective elements, while

acknowledging the inherent uncertainty and unpredictability involved.?

Note: It is important to note that, while psychological assessments typically specify the outcome a
risk score is intended to measure (e.g., suicide), this DPhil shows that EdTech-generated risk
scores often conflate distinct behaviours (e.g. SSI and NSSI). This can result in overly broad
classifications, with students being labelled generically as either ‘high risk’ or ‘low risk.’
Furthermore, this DPhil demonstrates that EdTech-generated risk scores often overlook
background and protective factors, relying instead on a narrow range of digital data focused on

immediate risk.

Prediction

Clinicians use patient-specific information to hypothesise various future health outcomes: from
prognosis, diagnosis, and treatment (Efthimiou et al., 2024). Typically, the results of these models
are presented as risk scores, which are the scores that quantify the likelihood of specific future
outcomes (defined in more detail above). The clinical goal of prediction is early prevention or

treatment, i.e. the mitigation of negative outcomes (Efthimiou et al., 2024).

Screening

According to the UK’s National Health Service (NHS) website on screening (NHS, 2024, para. 1),
“[s]creening is a way of finding out if people have a higher chance of having a health problem, so
that early treatment can be offered or information given to help them make informed decisions.”

Screenings often include a prediction of risk (mentioned above) and occur on a discrete basis (e.g.

!'For example, a systematic review by Nordin et al. (2022) identified several categories of inputs for suicide prediction
models, including: demographic information, military characteristics, family history of psychopathology, physical
health or illness, treatment history, internalizing and externalizing psychopathology, social factors, prior suicidal
behaviors, and cognitive abilities. Other studies have also incorporated social data inputs, such as online behaviour
(e.g. on Facebook; Marks (2019)).

2 To acknowledge the inherent uncertainty and unpredictability involved, statisticians will often include other metrics

with a suicide risk prediction, e.g., a sensitivity discrimination score, discrimination metrics, and positive prediction
value (Large, 2018).
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once a year at the GP or in a school classroom), unlike monitoring, which happens continuously.

An example of a screening program is the CSS.

Monitoring

In this DPhil, monitoring is defined in contrast to screening. While screening typically involves a
single, discrete assessment of risk (defined above), monitoring refers to ongoing evaluations
conducted over time. These ongoing evaluations/risk assessments can happen either continuously
(e.g., 24/7) or at regular intervals. In addition, monitoring can be targeted towards specific, at-risk
groups (e.g., patients recently discharged from hospital or military veterans; Nelson et al. (2017));

or else more universally (e.g. large groups of the public; Moura et al. (2020)).

Ultimately, screening and monitoring represent two distinct approaches to generating predictions

or risk scores.

Machine Learning

While earlier prediction models often relied on limited indicators such as a single high-risk trait or
behaviour, contemporary approaches are built from larger, more diverse datasets and often employ
complex methodologies. This includes Supervised Machine Learning (SML) or Unsupervised

Machine Learning (UML).

In SML, data comes with pre-attached labels, selected by the algorithm designers, that are
categorical or continuous. For example, one can either have a diagnosis of major depressive
disorder or not (categorical data; Graham et al. (2019)). The same person could also be along the
spectrum of depressive symptoms, therefore be located on a continuum (examples also found in
Graham et al. (2019)). In SML, data is taken from a variety of sources, including demographic and
clinical measures, and this is used to predict someone’s best suited category/label (Graham et al.,
2019). The algorithm is supervised first as the labels ‘teach’ the algorithm how to associate specific
data points with one of the prescribed labels (Graham et al., 2019). This is done initially with a
training dataset (to make sure the model is correct in its classifications) before being used with

unlabelled and independent data (Graham et al., 2019).
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While in SML, data comes with pre-attached labels and cut-off points (e.g. certain threshold scores
which mean a patient has depression), in UML, there are no labels, and therefore the algorithm
does not have cut off points already coded into it (Graham et al., 2019). Instead, the algorithm
works to associate input features and consider the underlying similarities between data points. An
example of UML is when, “neuroimaging biomarkers provide large feature datasets that may hold
information regarding unknown subtypes of psychiatric illnesses like schizophrenia” (Graham et

al., 2019, p.4).

Most EdTech tools use a combination of Natural Language Processing (NLP) and/or Digital
Phenotyping as a specific SML/UML method. NLP focuses on how computers process and analyse
unstructured text and human languages (Khurana et al., 2023). It uses the above SML and UML
methods and relies on semantic understanding as well as information extraction (Khurana et al.,
2023). Digital Phenotyping, on the other hand, is a more complicated process, first coined by Tom
Insel and colleagues (Insel, 2017). This includes continuous, passive data collection from sensors
(tracking activity/location), voice and speech (exploring prosody/sentiment), and human computer
interactions (e.g. typing, scrolling) (Insel, 2017). These data sources are then used as proxies for
cognition, mood, and behaviour. For example, changes in activity/location can be an early sign of
depression (Insel, 2017; Jacobson et al., 2019) and changes in pronoun use can be an early sign of

depression (moving to using first person singular) (Insel, 2017; Jacobson et al., 2019).

EdTech

According to Williamson (2021), Education Technology (otherwise known as EdTech),
“has become an increasingly capacious category. It designates a huge variety of actors
(human and nonhuman), organizations (public, private or multisector), material and
technical forms (hardware, software, supporting documents), modes of practice (of
teachers, designers, promoters), and framing discourses, as well as being a highly varied
field of research, development and critical inquiry.” (p.1)

Williamson’s (2021) work shows that EdTech is used as umbrella term within the literature,

encompassing various tools, practices within educational settings. This includes technologies used
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for a broad spectrum of purposes, including (but not limited to): attendance monitoring, assignment
submission, communication with parents, and safeguarding and mental health support. Even
within these broad categories, the range of technologies remains extensive. For instance, EdTech
for mental health can refer to tools used for risk monitoring (across a range of different mental
health conditions), as well as those designed for therapeutic intervention, such as chatbot therapists
(Chan et al., 2025). In this DPhil, EdTech for suicide prediction specifically refers to software
employed to identify or monitor suicide risk, thereby excluding intervention-oriented tools such
as chatbot therapists. Chapter 4 will provide a more detailed explanation of the features of these
tools. However, in general, they operate by keyword searching students’ computer activity to

identify terms associated with risk.

Prevention

In the context of suicide and schools, prevention refers to the strategies, programs, and practices
aimed at reducing the risk of suicidal thoughts and behaviours among students (Large, 2018).
According to the World Health Organization (WHO)’s LIVE LIFE implementation guide for
suicide prevention (WHO, 2021), prevention efforts can be grouped into four main categories:
“Limiting access to the means of suicide; Interacting with the media to promote responsible
reporting of suicide; Fostering socio-emotional life skills in adolescents; Early identification,

assessment, management, and follow-up of individuals affected by suicidal behaviours” (p. xi).

From this definition, it is clear that prevention serves as an umbrella term encompassing a wide
range of interventions. For example, in the UK, the Department for Education (DfE) published
new guidance in 2025 that requires suicide prevention to be taught as part of the school curriculum
(DfE, 2025). Other preventive approaches may include behaviour management, anti-bullying
initiatives, access to counselling, and referral pathways to Child and Adolescent Mental Health

Services (CAMHS).

Within this thesis, I focus on a specific aspect of prevention, namely the early identification and
prediction of individuals at risk, rather than prevention as a whole. However, while my focus is on

the use of EdTech to detect early warning signs, risk indicators, and behavioural patterns that may
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suggest a student is in distress, I acknowledge that, within schools, prediction is typically

undertaken as part of broader suicide prevention initiatives rather than as a standalone effort.
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COVID Statement

This DPhil began in 2019, just before the COVID-19 pandemic. The legacy of COVID-19 on
teachers, schools, and student mental health has been profound, and has impacted this thesis in
several ways. It changed how technology is used in education, with digital tools being adopted
more quickly. It also affected how the research was carried out. For example, interviews had to
move online, teachers were under increased pressure due to rapidly changing expectations and
workloads, and it became harder to recruit teaching staff for the study. Finally, people’s views on
mental health and technology shifted, with greater awareness of both the benefits and limitations
of digital tools used within the classroom. These changes (contextual, practical, and ethical) are

explicitly woven throughout this thesis and form a critical backdrop to the research presented.
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Chapter 1. Introduction

Suicide is a leading cause of death among British adolescents. According to the Office for National
Statistics (ONS, 2024) and the Royal College of Paediatrics and Child Health (RCPCH, 2021), the
three top causes of death in the 10-19 age group are: (1) accidents, (2) cancer, and (3) intentional
self-harm. Adolescent suicide rates have also increased over the past decade (although there have
been some anomalies, e.g. during the COVID-19 pandemic; Pathirathna et al. (2022)). In 2021,
suicide rates reached a 20-year high amongst UK adolescents ages 15-19 (6.3 deaths per 100,000),
and recent data from the ONS shows that this number is still high, at 5.4 deaths per 100,000 (ONS,
2024).

Because of the severity of these statistics, implementing effective prevention strategies is a top
priority for public health professionals (Hughes et al., 2023; Mann et al., 2021). As outlined in the
World Health Organization’s LIVE LIFE guidance (WHO, 2021), prevention encompasses a range
of activities, including “limiting access to the means of suicide; interacting with the media to
promote responsible reporting of suicide; fostering socio-emotional life skills in adolescents; and
the early identification, assessment, management, and follow-up of individuals affected by suicidal
behaviours” (WHO, 2021, p. xi). Although the early identification of suicide risk represents only
one aspect of prevention, it is widely regarded as a critical component to be embedded within

broader suicide prevention measures (e.g., Large, 2018) and thus is the basis of this thesis.

A range of tools are currently in use to identify early signs of suicide, particularly in emergency
room, primary care, and school settings (Horowitz et al., 2009). According to Horowitz et al.
(2009), schools are one of the most promising settings for early identification and risk screening,

as the school is the place where adolescents spend the majority of their time.

Schools use a variety of tools to predict students’ suicide risk. These range from established clinical
instruments like the Columbia Suicide Screen (CSS) and the Columbia-Suicide Severity Rating
Scale (C-SSRS), to newer online tools that leverage digital data for more dynamic and continuous
monitoring of students’ mental health. Smoothwall is one example of a digital programme

implemented in schools to help identify students at risk of suicide.
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According to the UK Government’s Directory of UK Safety Tech Providers (Department for
Business & Trade & Department for Science, 2024), Smoothwall is used by approximately 40%
of all schools. Self-titled as a ‘Digital Safeguarding Solution,” Smoothwall uses Machine Learning
(ML) and inductive methods to analyse individual students’ online activity and generate a risk

score indicating their likelihood of self-harm or suicide (Smoothwall, 2025).

1.1. Aim

The aim of this DPhil is to investigate the field of new, school-based digital monitoring tools for
suicide prediction (such as Smoothwall), using an interdisciplinary methodology grounded in
Empirical Bioethics. This project will explore the social, ethical, and political implications of using

EdTech to predict suicide within UK schools, with a focus on the theme of ‘responsibility.’

This DPhil approaches the theme of responsibility through the lens of role responsibility, i.e. the
duties that teachers and other stakeholders hold by virtue of the roles or offices they occupy (Hart,
1968). This includes individual role responsibility, such as the responsibility a teacher, school
counsellor, or safeguarding lead has to identify and act on signs of suicide risk, as well as shared
role responsibility, which refers to the collective and distributed duties of schools, technology
providers, policymakers, and other stakeholders involved in suicide prediction through EdTech
tools (these definitions of responsibility are informed by Hart’s (1968) work. I provide a full

explanation of both individual and shared role responsibility in Chapter 3.2).

1.2. Structure

Chapter 1 sets the stage by tracing the history of suicide prediction and mental health monitoring
in two parts. First, the chapter analyses the ‘push’ and ‘pull’ factors behind the recent emergence
of big data and ML-based interventions for suicide prevention, particularly within UK secondary
schools. Second, the chapter examines the basis for the growing public criticism of these tools.
The aim of this chapter is to provide the reader with a broad overview of the emerging field of

'EdTech for Suicide Prediction.'
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Chapter 2 sharpens the focus of my DPhil, establishing my core research question(s) regarding the
use of these software programmes. I draw on Chapter 1’s real-world cases to highlight key ethical
challenges that have emerged in the field of ‘EdTech for Suicide Prediction,’ including concerns
related to privacy, autonomy, justice?, and responsibility. Of these, responsibility emerges as the
most relevant ethical framing for understanding the use of such technologies. My core (primary
and secondary) research questions are as follows:

e What responsibilities do teachers and schools have when using technology for
suicide prediction, and how do these compare to what their responsibilities should
be?

® Given that teachers do not work in isolation (and that adolescents are embedded
within multiple overlapping support systems), how might a model of shared
responsibility (involving teachers, clinicians, parents, technology developers,
and/or the students themselves) function? How should responsibility be shared (as
indicated by legal, policy, and ethical frameworks), and is it being done so in

practice?

Chapter 3 describes the specific methodological approach I designed to address my key research
questions, an approach which includes an analysis of the technology itself (Chapter 4), of the
school system and legal policies that govern schools (Chapter 5), and interviews with teachers
(Chapter 6). Within Chapter 3 I explain how each of these empirical methodologies functions
independently, as well as the bioethics strategies I use to integrate their findings in order to address
the normative dimension of my research. I draw on a broad range of data sources, in conjunction
with philosophical theory, to develop a well-grounded analysis of responsibility in my final two
concluding chapters using operational methods described by Ives et al. (2017) and McMillan &
Hope (2008) (methodology outlined extensively in Chapter 3).

1.3. History of Suicide Prediction Technology

As outlined above, my introductory chapter presents the history of suicide prediction and

monitoring for mental health and suggests reasons why there has been an emergence of big data

3 Mapping onto fundamental bioethics principles (Beauchamp & Childress, 2013; Varkey, 2021).
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and ML-based interventions for suicide, particularly within school settings. This section answers
the sub-question: how has the field of suicide prediction developed over the past decade within the
UK, and what factors have led to an increasing reliance on school-based big data/ML screening

tools?

Beck, Kovacs, and Weissman developed the first Scale for Suicide Ideation in 1979. This tool
quantified the intensity of suicide ideation in order to proactively identify people who were at risk
of suicide. Since Beck et al. (1979) developed their scale, other clinical tools have been created,
including: the Suicide Behavioural Questionnaire (Osman et al., 2001), Life Orientation Inventory
(Range & Lewis, 1992), Reason for Living Inventory (Pirani et al., 2021), and the Columbia
Suicide Screening Severity Scale (C-SSRS) (Posner et al., 2008)

According to the NHS Screening Website, “[s]creening is a way of finding out if people are at
higher risk of a health problem, so that early treatment can be offered or information given to help
them make informed decisions” (NHS, 2024, para. 1). In general, screenings tend to include a
prediction of risk and occur on a discrete basis (e.g. once a year). Suicide risk screening
programmes, like the C-SSRS, are often used in combination with preventative interventions and

evidence-based responses, as part of a more comprehensive suicide strategy (Ayer et al., 2022).

While screening for suicide is common practice in schools, primary care, and emergency
departments (Horowitz et al., 2009), recent studies have questioned the effectiveness of traditional
screening tools for suicide (Chan et al., 2016; Large et al., 2016; Runeson et al., 2017; Velupillai
Sumithra et al., 2019). For example, Large and colleagues (2016) have shown that the C-SSRS has
a low Positive Predictive Value (PPV). Across 53 different samples, Large and colleagues (2016)
calculated the PPV of suicide risk assessment tools to be 5.5%. This means that only 5.5% of those
predicted ‘at high risk’ will then die by suicide (*within Large and colleagues’ 2016 sample).
Because of the above cited limitations around the PPV, and clinical efficacy of these tools,
organisations such as the National Institute for Health and Care Excellence (NICE) have warned

clinicians not to use traditional assessment tools and scales to predict suicide (NICE, 2022).
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Academic researchers and clinicians are therefore seeking better ways to prevent suicide. Some
argue for moving away from risk assessment altogether and instead focusing on other aspects of
suicide prevention. For example, Hawton and colleagues (2022) advocate shifting from risk
prediction to a focus on therapeutic assessment, formulation, and risk management. Within schools,
Hawton and colleagues’ approach would involve teachers investing time in building a therapeutic
alliance with students, using that relationship to identify unmet needs, and collaboratively
developing care plans. However, this approach is time-intensive, and schools often lack access to
trained therapists who can help “establish a therapeutic and empathetic rapport” with students and

co-produce safety plans (Hawton et al., 2022, p. 924).

Hawton and colleagues (2022) are still in a minority of researchers in suggesting that the way
forward lies in moving away from prediction toward more holistic (yet time-intensive) approaches.
Instead, many others take a more positive view of risk prediction and are looking to develop ‘better’
screening tools (e.g. risk screening tools with higher PPVs). One popular avenue for improvement

is with the use of big data and ML.

A hospital emergency department in Spain was one of the first institutions to experiment with data
mining and ML techniques for suicide screening in the 1990s (Baca-Garcia et al., 2006). In their
study, Baca-Garcia and colleagues (2006) explored whether clinical and demographic data could
be analysed using automated methods to detect suicide risk patterns. Their findings suggested that
data-driven models could complement traditional clinical judgment by highlighting patients at
elevated risk. More specifically, within their results, Baca-Garcia and colleagues (2006) show how
traditional statistical techniques classified 72% to 88% of patients correctly, while their ‘data-

mined’ model classified 99% of patients correctly (n = 509 patients).

By 2017, hospitals across the world had created automated suicide risk assessment tools from
statistical models. For example, in 2019 Velupillai Sumithra et al. (2019) surveyed six different
tools which used ML-techniques (also see: Ilgen et al., 2009; Poulin et al., 2014). These
programmes use data-driven approaches, free-text and natural language processing, primarily with
patient information and electronic health records, to determine patient health and suicide-related

outcomes (Barak-Corren et al., 2017).
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The private sector has also been using big data and ML techniques for suicide screening, using
social data in a process which Marks (2019, p.98) refers to as ‘“social suicide prediction.” This
includes data taken from social media, smartphones, and other sources on the Internet of Things
(Marks, 2019). For example, in 2018 Facebook announced (and then quickly retracted) a suicide
prediction and screening service using data collected on its platform (Kaste, 2018). Another
example of non-medical data being used in suicide prediction is the data collected in schools and
on student laptops and/or smartphones. Within this thesis I explore nine products available on the
UK market which use non-clinical or non-traditional health data to monitor for suicide risk

(Chapter 4).

1.3.1. ‘Push’ and ‘Pull’ Factors

By 2016, EdTech programs impacted more than "half a million students and staff in the UK"
(Donkersley, 2016, para. 6), and this is continuing to rise. For instance, the Department for
Education (DfE)’s 2022-23 Technology in Schools Survey said that 90% of teachers had used
technology within their classrooms in the last year (IFF Research, 2023). Smoothwall alone was
reported to be in over 40% of UK classrooms, according to the UK Government’s ‘Directory of
UK Safety Tech Sector Providers’ (Department for Business & Trade & Department for Science,
2024). While EdTech tools do not all have suicide prediction capabilities, many (like Smoothwall)

do, and the number of these tools used in schools is likely to increase over the next decade.

The following section offers multiple hypotheses to explain the growing adoption of EdTech
programs for suicide prediction in schools, and suggests that this trend is likely to continue.
Contributing factors include: economic demand, increased government funding, the impact of
COVID-19, and evolving regulatory frameworks— particularly with the PREVENT duty, as well
as Keeping Children Safe in Education (KCSIE).

1.3.1.1. Repurposed Tools and PREVENT

First, it is important to note that the EdTech tools currently used in schools for suicide prediction
were not explicitly designed for suicide prediction, nor were they originally introduced for that

purpose. Instead, many appear to have been repurposed from other applications, such as classroom
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monitoring and administrative functions. Notably, one of the primary origins of these tools lies in
technologies initially developed to support counter-terrorism efforts under the PREVENT duty*,
and primary evidence suggests that, even today, these tools continue to serve both functions

(Figure 1).

To illustrate how closely suicide prediction and PREVENT are intertwined within the tools
currently used in schools, I have included selections from the Impero website below (Figure 1),
which highlights the multi-functional nature of EdTech programs (e.g. explicitly advertising for
safeguarding and suicide, support for the PREVENT duty, and compliance with KCSIE

regulations).

4 Since July 2015, all UK schools have been required to comply with the PREVENT duty under Section 26 of the
Counter-Terrorism and Security Act. The PREVENT duty, updated in 2023, mandates that schools must pay "due
regard to the need to prevent people from being drawn into terrorism" (Home Office, 2024b, Section 26).
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Figure 1
Selections from the Impero Website (Impero, 2017b)

Identify vulnerable students

Impero Wellbeing keyword library index contains
tens of thousands of keywords to identify students
accessing harmful online content such as suicide,
mental health, eating disorders, (cyber) bullying, or
any other sensitive topic on their device.

® ¢

Helen Earp Aidan Edwards Maureen Gladwin
7 Age: 8

Age: 8 Age

@ & 1)

Our internet safety software detects these keywords in real-time, capturing them for review by the student's
teacher or counsellor. With "who, what, when and why" information provided, staff members can build a full

picture of the capture and intervene early if necessary.

Viewing unsuitable content, giving out personal
information, accessing indecent images, cyberbullying,
grooming — the risks go on. Impero Education Pro is
designed to keep students safe in the online environment,
with real-time alerts and close monitoring to deter
inappropriate behaviour and highlight safeguarding
incidents as they occur.

Beeches Primary School, UK

Impero Education Pro supports the Prevent Duty guidance,
which came into force in 2015, recommending education
establishments have proper risk assessment processes in
place, to ensure extremist views do not go unchallenged.
With Impero Education Pro the ‘appropriate IT policies’
element is covered with a specially developed ‘counter-
radicalisation’ keyword detection policy.

Toftwood Junior School, UK

® comply with inspectorates

Promoting a ‘whole school’ managed approach to online
safety, Ofsted is just one of the Government approved
school inspectorates Impero Education Pro is compliant
with; others include ISI, Education Scotland and Estyn.

“It’s great knowing that we have that safety net in place
and it’s helped us to fulfil Ofsted requirements when it
comes to online safety.”

Bishop Rawstorne Church of England Academy, UK

() establish ‘appropriate monitoring’

Impero Education Pro’s online safety features are compliant
with the UK Safer Internet Centre’s provider checklist,
which reviews monitoring solutions in line with the
Department for Education’s statutory guidance Keeping
Children Safe in Education.

“Since Moyles Court admits boarders, we have a greater
position of trust and pastoral care. We needed to look
for a solution that would help us comply with our
Prevent strategy and Impero Education Pro helps us
meet and exceed this.”

Moyles Court School, UK

Under the PREVENT duty, the Home Office mandates that UK schools conduct online monitoring
and recommends the implementation of comprehensive online risk assessment processes (Home

Office, 2024b). It is therefore possible that seemingly unrelated initiatives (e.g. PREVENT), are
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inadvertently driving the development and deployment of suicide prediction tools, simply because
both functions are integrated within the same technological systems used in schools. This is a
theory sometimes referred to as ‘Function Creep,’ discussed later in this thesis (Hope, 2019; Koops,

2021; Persson, 2022).

Because EdTech programs often link suicide prediction with anti-terrorism monitoring (as
illustrated in the example above), it is important to ask whether an increase in school-based anti-
terrorism efforts is behind the rise in suicide prediction initiatives. Although it is unclear whether
PREVENT referrals are specifically coming from the use of EdTech programmes, available data
suggest that overall, there is a significant and growing number of PREVENT referrals coming
from the education sector. According to UK government data, “the Education sector made the
highest number of referrals (2,788), accounting for 40% of all referrals this year; this is similar to
last year and this is the highest proportion for any source of referral since data was first published

in 2015 to 2016” (Home Office, 2024, para. 6).

Whether or not PREVENT is an incidental driver of suicide prediction tools, the rise in school
referrals is worth highlighting, because many ‘high risk’ referrals of students from EdTech tools
may be originating from systems designed to flag both suicide risk and PREVENT-related

concerns.

While this thesis does not aim to conclusively prove a direct link between suicide prediction tools
and PREVENT, this section shows that it is unlikely that the rise of EdTech tools is driven solely
by educational or clinical needs. Instead, broader policy pressures (like PREVENT) also contribute
to their expansion, and must be considered in developing my methodology (Chapter 3) and

subsequent ethical analysis (Chapters 4-8).

1.3.1.2. Additional Funding and Regulation ‘Pulls’

Beyond the need for improved and more accurate suicide prediction tools (outlined in Section 1.2)
and PREVENT duty guidance (outlined in Section 1.3.1.1), another policy pressure contributing
to the increased use of EdTech tools in schools is the growing governmental emphasis on data

sharing within the broader contexts of safeguarding and healthcare. For example, by 2018, the
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Working Together to Safeguard Children Act specifically mentioned data collection and sharing
across public sectors (e.g. schools, police, hospitals) for the purposes of general safeguarding (HM
Government, 2023). The growing emphasis on data collection and sharing is likely to drive the
introduction of more digital monitoring programmes (such as Impero; Figure 1), and lead to

EdTech tools becoming increasingly complex and integrated with broader data-sharing platforms.

In addition to data sharing, the government has also funded initiatives (and promoted regulation)
for the purposes of safeguarding and healthcare, further encouraging the development of digital
tools for suicide prediction. For instance, in 2021 the UK government pledged £140 million
towards Artificial Intelligence (Al) innovation in healthcare (in 2023 this number was lowered to
£123 million (NIHR, 2021, 2023)). More recently, in September 2024, KCSIE includes mention
of internet and filtering technologies embedded on school devices for the purpose of keeping
students safe. KCSIE also includes reference to the DfE’s Filtering and Monitoring Standards
(Department for Education, 2020), which links internet usage and online data to the safeguarding
needs of the school. Finally, in 2023, the UK Government's Suicide Prevention Strategy
acknowledged the significance of Al and called for further exploration of its potential benefits and

risks in suicide prediction (Department of Health and Social Care, 2023).

It is likely that both regulation and funding directed toward data-sharing and ML programmes are
directly contributing to the rise of EdTech tools in UK schools, and in subsequent chapters of this
thesis, the implications of additional funding and regulatory ‘pulls’ will be explored in greater
depth, particularly in terms of how they shape the socio-political environments in which these tools

are promoted or critiqued (e.g., in Chapter 5).

1.3.1.3. COVID-19

Beyond clinical need and government policies (discussed above), a novel coronavirus (COVID-
19) has had a direct impact on the use of student data for suicide monitoring. In 2019/2020 COVID-
19 unexpectedly caused a fundamental shift in schooling, making the uptake of, and need for,
EdTech programs spike dramatically. By mid-April 2020, schools were closed in 190 countries,
and schools resorted to developing remote learning strategies, predominantly taking place online

(UNESCO, 2021). COVID-19 necessitated additional online programmes, not only for teaching,
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but to also promote other school-related activities, including safeguarding, mental health services,
and monitoring (West, 2023). This includes the UK Government providing funding for the DfE’s
EdTech Demonstrator Programme, which was a group of 48 schools committed to providing long-
term peer-to-peer instruction on using EdTech in practice (the programme was developed in 2020,

but withdrawn in July 2022) (Department for Education, 2022).

While the EdTech demonstrator programme has ended, the impact of this period of remote learning
is likely to be long-lasting, due to schools purchasing new technology on subscription, and the
significant financial and infrastructural investments made by the government. Many believe that
these emergency relief solutions may lead to long-term reform and ‘digitally transform’ the
education sector (Williamson et al., 2020). For example, the UK government proposed a COVID-
19 relief act in June 2020, consisting of a £1 billion education ‘catch-up plan.” With this in mind,
it is clear that COVID-19 and the subsequent increase in funding for digital tools in schools have
directly contributed to the rise of EdTech in the UK. While the funding may not have been
specifically earmarked for suicide prediction, as previously discussed, many tools serve dual
functions. Therefore, it is reasonable to hypothesise that this influx of funding also supported the

development (and/or adoption) of tools with the capacity for suicide prediction.

1.3.1.4. CAMHS Funding Constraints

A fourth socio-political factor that may have inadvertently contributed to the rise of EdTech tools
in the UK market is the reduction in funding for traditional mental health services and more general
governmental policies of austerity. According to the Local Government Association (2023, box 3,
para. 4), “Councils have seen a £770m real terms reduction in [public health] funding between

2014/15 and 2020/21 — a fall of almost a quarter (22.3 per cent) per person.”

This lack of funds means that schools often rely more heavily on alternative forms of mental health
support to make up for the lack of traditional mental health services. Indeed, 80% of primary heads
and 72% of secondary heads say their schools changed the way they meet students’ social and

emotional needs due to financial constraints (Ofsted, 2020).
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Digital tools have emerged as key alternatives to traditional mental health services and are often
used to address gaps in provision. These include a wide range of prevention-oriented interventions
under the umbrella of digital mental health, such as early risk prediction, therapeutic support, and
crisis intervention. Their growing appeal lies partly in their potential to reduce costs. For example,
Coote et al. (2024)’s economic modelling and evaluation report provides growing evidence that
(some) digital mental health tools can deliver cost savings for the NHS. This includes preliminary
evidence of cost savings coming from online mental health platforms such as Kooth and Healios,
which have been adopted by NHS trusts to deliver web-based counselling and video consultations
with therapists (Cootes et al., 2024). As Coote et al. (2024, p.5) note, "the early economic model
demonstrates a potential cost saving to the UK NHS of £236.15 per person with an EMHN
[Emerging Mental Health Need] over a 1-year time horizon. This increases to £246.54 when the
NHS + crime sector perspective is taken.” (p. 5). While this example focuses on prevention in the
context of virtual therapy, a range of cost-reducing preventive tools could also include those

designed for prediction, such as the EdTech approaches explored in this thesis.

While the clinical efficacy of digital mental health tools will be examined later in this thesis (e.g.
in Chapter 2), it is evident that such tools are increasingly being considered in UK schools, largely

because they are viewed as financially viable alternatives to traditional mental health services.

Overall, Section 1.3 traced the history of suicide prediction tools, showing how technologies
initially developed for clinical use gradually became available in classrooms and commercial
contexts. It also began to connect social, political, and historical factors (Table 1) to explain the
motivation behind the tools’ development and subsequent implementation in schools. Specifically,
Section 1.3 has shown that a combination of (a) historically ineffective suicide prediction tools,
combined with (b) new financial and legislative incentives for digital innovation (particularly
within the school context), (¢) a socio-economic climate of austerity, and (d) the COVID-19
pandemic, has led to the rise of digital suicide prediction tools, both within the UK and
internationally (Table 1).



Table 1
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Push and Pull Factors for ML-Based Suicide Prediction

Push

Pull

Traditional tools less effective and not
recommended by NICE guidelines

New financial incentives from government

Lack of funding for traditional mental health
services (e.g. funding cuts to CAMHS and
local councils)

New legislation promoting growth and
technological innovation

Lack of funding in schools more generally

New legislation  promoting  increased
securitisation and monitoring of school-aged
students (e.g. PREVENT).

COVID-19 and a need for more robust digital
services during the pandemic

1.4. State of Play

While Section 1.3 focused on the socio-political environment that contributed to the adoption and

development of EdTech tools, Section 1.4. shifts to focus on what happened after EdTech tools

were introduced in schools, examining how the past decade has shaped their current use and public

perception. This section will introduce several key political and social flashpoints from the past

five years that highlight the challenges of using EdTech for suicide prediction and help to explain

both the public backlash and the decision by many schools to cancel their contracts with EdTech

providers.

Like Section 1.3, Section 1.4 aims to connect social, political, and historical factors to the

emergence, adoption, and criticism, of EdTech tools in UK classrooms. The goal of Section 1.4.

is to introduce the current 'state of play,’ which will inform and help refine my overall research

questions (grounded in empirical bioethics, and presented in Chapter 2 and 3).
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1.4.1. Timeline

Over the past five years, there has been significant backlash against the use of EdTech tools for
suicide prediction, with education communities in both the USA and the UK raising concerns and,
in some cases, cancelling their contracts with EdTech providers (Figure 2). Specifically, schools
have ended their use of these tools in response to pressure from policymakers and advocacy groups

operating at local, national, and international levels.

While not conclusive, Figure 2 below presents a visual timeline of key dates and cases illustrating
this backlash, helping to introduce, contextualise, and in many ways, complicate, the current ‘state

of play’ for EdTech in the UK.

It is important to note that, although this DPhil focuses on evaluating the use of EdTech tools in
the UK, Section 1.4 also covers international examples, including letters written by US Democratic
senators critiquing the use of EdTech in US schools (e.g., point 1 in Figure 2). Including
international examples in this introductory chapter is essential for two key reasons: (1) most of the
EdTech tools used in the UK are developed and used globally, and (2) the socio-political debate
emerging from the US context offers valuable insight for the bioethical analysis I conduct later in

this thesis (including the development of my research questions in Chapter 2).



Figure 2
5 Years of Backlash Against EdTech Tools: Flashpoint Events from the USA and UK

FLASHPOINT EVENTS

United States - In
September 2021,
Democratic senators
sent letters to
technology CEOs,
critiquing the use of
multiple monitoring

tools in both secondary il

and university education
(including CEOs of the
following companies:
Gaggle, Bark,
GoGuardian, and
Securly; Warren,
Markey & Blumenthal,
2021).

United States - The
Trevor Project ended a
$25,000 partnership with
Gaggle (Keierleber,
2022b; Chin, 2022).

OCTOBER
2023

The Electronic Frontier
Foundation (EFF) also
released the Red Flag
Machine in the same
month, an interactive tool
highlighting the flaws of ———
suicide monitoring
software.

e United States - The
Minneapolis School

District severed ties with

Gaggle, citing privacy

issues (Keierleber, 2022a).

)

20)?

United States - The
ACLU released a report
condemning digital
surveillance technologies,
including those used to
predict suicide.

UK - Advocacy groups
like Maslaha
campaigned against
monitoring software,
such as Impero, after
students involved in
pro-Palestine protests
were referred to UK
police through
PREVENT legislation
(Maslaha, 2023).
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Figure 2 shows that, over the past five years, a growing backlash against EdTech tools has taken
shape. In September 2021, US Democratic senators sent letters to major tech CEOs questioning
the use of monitoring tools in schools and universities (Warren & Markey, 2022). In June 2022,
the Minneapolis Public School District (US) ended its contract with Gaggle (Keierleber, 2022). A
few months later, in September 2022, charity organization The Trevor Project severed ties with

Gaggle after pushback from advocates over potential harm to LGBTQ+ youth (Chin, 2022).

Next, in October 2023, the American Civil Liberties Union (ACLU) released a report condemning
school surveillance technologies (ACLU, 2023), and during the same month, the Education
Frontier Foundation (EFF) issued warnings about the ethical risks of predictive EdTech tools
(Maass et al., 2023). Finally, in November 2023, UK advocacy group Maslaha launched a
campaign against Impero, a classroom monitoring tool, prompting some schools to reconsider or

cancel their contracts (Maslaha, 2023).

While Figure 2 presents only a small selection of exemplar cases, it highlights a striking disparity.
On one hand, as discussed in Section 1.3, there is a growing demand for suicide prediction tools,
driven in part by increased funding, demand from the UK government, and need from
organisations such as CAMHS. On the other hand, Figure 2 illustrates how, over the past five years,
EdTech tools designed for suicide prediction have come under mounting public criticism and, in
some cases, have been removed from schools altogether. This raises a critical question: on what
grounds are these tools being challenged? What are the underlying concerns expressed by groups

such as the EFF and ACLU, as well as by school districts and national policymakers?

Chapter 2 will develop an analysis to address these questions by examining the socio-political
history of EdTech programmes through an ethical framework. It will critically engage with the
academic literature around clinical utility, and the benefits of these technologies for mental health
prediction, while also exploring ethical concerns such as privacy, autonomy, discrimination, and,

most critically, the theme of responsibility.
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Chapter 2. Developing the Research Scope

I ended Chapter 1 by describing ‘EdTech for suicide prediction’ as a field full of tension, shaped
by growing technological and government demand, as well as by mounting criticism, with schools

both adopting and discarding these tools at rapid rates.

Chapter 1 was primarily descriptive and did not explore the underlying cause(s) of this tension.
Chapter 2 explores the ethical foundations on which these tools are both challenged and defended
by drawing on Beauchamp & Childress (2013)’s four principles approach.

In Section 2.1, I study the ethical arguments in favour of using digital suicide prediction tools,
focusing particularly on the principle of beneficence. I begin by defining beneficence and its two
main dimensions: clinical utility and positive beneficence (Beauchamp & Childress, 2001). I use
examples from both peer-reviewed studies and grey literature, including online materials, an
earlier PhD project (Shelton, 2022), and a scoping report by the think-tank RAND Corporation
(Ayers et al., 2024), to examine how EdTech tools for suicide prediction demonstrate, or fail to
demonstrate, clinical utility and positive beneficence. This includes data on clinical utility, analytic
validity, and clinical validity. I conclude Section 2.1 by noting that current data on the use of
EdTech in this context is inconclusive. Therefore, substantially more research is needed before a

clear argument for beneficence can be convincingly made.

In Section 2.2, I explore the broader ethical critiques and trade-offs highlighted in the ethics
literature. These are often contrasted with the principle of beneficence discussed in Section 2.1.
To do this, I use materials from both peer-reviewed research and grey literature, including civil
society reports and news articles, and focus on two key ethical critiques: autonomy and justice.
This section provides a brief overview of the ethical dilemmas arising from both the tools

themselves, as well as the socio-political climate in which they are used.

In Section 2.3, I explain that, rather than conducting an in-depth analysis of each ethical principle
to study EdTech for suicide prediction (Beauchamp & Childress, 2001), this DPhil instead adopts

responsibility as the central ethical framework. I offer a brief rationale for my approach, noting
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that by framing my project around responsibility (both individual and shared), I align myself with
both government policy (e.g. ‘Keeping Children Safe in Education’; KSCIE) and a sub-set of
ethical literature that uses frameworks of responsibility to navigate competing ethical concerns
(Turoldo, 2009). Ultimately, responsibility underpins both my research question and methodology

and represents my unique contribution to the field.

2.1. Beneficence

This section considers the ethical implications of digital suicide prediction tools deployed in UK
classrooms and addresses the following question(s): Does the use of these tools by schools and
teachers aligns with the principle of beneficence? This question is answered before moving to
Section 2.2, which asks whether any potential benefits justify the associated risks (such as privacy
violations). This two-step approach aligns with comparable analyses of beneficence in the context

of Al ethics and suicide prediction more broadly (Floridi et al., 2018; Halsband & Heinrichs, 2022).

According to Beauchamp and Childress (2002, p.165), the principle of beneficence means that
“agents must take positive steps to help others, not merely refrain from harmful acts.” Furthermore,
Beauchamp and Childress (2002, p.165) state that there are “two principles of beneficence:
positive beneficence and utility. Positive beneficence requires agents to provide benefits. Utility
requires that agents balance benefits and drawbacks to produce best overall results.” In this section
(2.1), I evaluate whether the actions of agents (specifically schools and teacher) align with their

duty of beneficence when using EdTech for suicide prediction.

2.1.1. EdTech Aligned with the Principle of Beneficence

This DPhil began by highlighting the severity of suicide statistics among young people (ONS,
2024; RCPCH, 2021), along with the current lack of cohesive support systems for at-risk students,
as evidenced by the low positive predictive value (PPV) of existing tools (Large et al., 2016) and
the impact of CAMHS budget cuts on available provisions (Local Government Association, 2023;
Ofsted, 2020). In my introduction, I explored how factors such as high suicide rates and limited
funding for CAMHS help drive the political and social momentum behind the development and

deployment of new digital mental health tools.
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If beneficence involves schools and teachers actively taking steps to help others rather than merely
avoiding harm (Beauchamp & Childress, 2002, p. 165), then the implementation of suicide
prediction tools in schools initially appears consistent with this principle. Schools can introduce
digital tools in environments where young people are regularly present, which allows them to
detect heightened suicide risk even when individuals have not directly expressed suicidal thoughts
(Roy et al., 2020). More effective prediction may in turn allow teachers to provide better mental
health care (either themselves, or referring students more effectively to external resources), thus
aligning with their duty of beneficence. Additionally, as noted by Roy and colleagues (2020),
Sueki (2015), and D’Hotman & Loh (2020), online platforms present uniquely beneficial
opportunities for reaching young people due to the availability of highly personal data on students’

personal devices.

Considering the limitations of conventional suicide prediction tools, and the severity of youth
suicide, there is a compelling case for saying that schools and teachers are acting in-line with their
duty of beneficence to the case of EdTech for Suicide Prediction, provided the effectiveness of
these tools can be demonstrated (D’Hotman et al., 2020), and provided that the use of the tool is
accompanied by appropriate follow-up intervention (the latter key to ‘proving’ beneficence).
However, a closer examination of the literature raises ongoing questions about the clinical utility

of these tools.

2.1.2. EdTech In Tension with the Principle of Beneficence

As mentioned previously, Beauchamp and Childress (2002) describe beneficence as encompassing
both (a) teachers’ duty to help others and (b) their duty to refrain from harmful acts. From a virtue-
ethics perspective, Pellegrino and Thomasma (1981) also emphasize the importance of the moral
character of the individual. They define beneficence as the moral obligation and virtue (typically
of the clinician, but in this context of the teacher) to act for the good of the individual and promote

their well-being.

Applied to teachers’ use of EdTech for suicide prediction, the perspectives of Beauchamp and
Childress (2002) and Pellegrino and Thomasma (1981) converge on a common concern: teachers

will fail to uphold the principle of beneficence if they use tools that cause harm or do not support
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students’ well-being. Accordingly, in this section I explore two main claims: (1) the EdTech tools
in question are inaccurate (and I explain how such inaccuracy may lead to harm), and (2) the tools
do not automatically translate into successful interventions or effective links to services (which

again, may lead to harm).

2.1.2.1. Inaccuracy

With regards to inaccuracy, importantly, the harm does not arise merely from the fact that
technologies are imperfect; rather, when suicide-prediction tools are insufficiently accurate, the
recommendations or interventions they produce may fail to support students effectively. Such
failures, whether through false positives or false negatives, can lead to a lack of utility,

inappropriate responses, misallocated resources, and ultimately ineffective or even harmful care.

2.1.2.1.1. Data on Accuracy

A 2023 report from the think-tank RAND Corporation titled, ‘Artificial intelligence-based student
activity monitoring for suicide risk’ (Ayers et al., 2023), found that although several US-based
EdTech companies have issued statements claiming their Al algorithms are useful for identifying
students at risk of suicide (Bason, 2021; Madhusudan, 2021; Patterson, 2021; Shinde, 2021), there
is a lack of transparency regarding the accuracy of these tools. In particular, Ayer and colleagues
(2023) write that there are no studies reporting on the types of data being monitored, the accuracy
of suicide-prediction EdTech tools, their positive predictive values, or any other related

performance metrics. This is true both in the US and UK.

In addition, even when expanding beyond classroom-used tools to broader ML models for suicide
prediction, the lack of transparency in reporting persists, and many models in fact perform poorly.
Specifically, research indicates that ML models, much like traditional approaches, continue to have
a low predictive performance (e.g. as discussed in Chapter 1, section 1.3). Kessler et al. (2020)
explored a recent meta-analysis which explored 17 studies of ML-suicide prediction and concluded

that the PPV averaged to be 0.004.

As mentioned earlier, what ultimately matters are the tools’ utility in preventing suicide (rather

than accuracy in itself), particularly in relation to the school’s and teachers’ duty of beneficence.
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However, as outlined below, several safety concerns have emerged in the ethics literature,

stemming directly from accuracy.

2.1.2.1.2. Safety Concerns based on Inaccuracy

There are significant safety risks which stem from the inaccuracy of Al-based suicide predictions
(D’Hotman et al., 2020; Marks, 2019). The risks associated with false negatives are the most
obvious with regard to safety (failing to identify someone at immediate risk of suicide); however,
there are also safety risks in false positives. For example, a patient labelled as ‘high risk’ may
receive more restrictive treatment and may be subject to social and/or self-stigma (Marks, 2019).
In addition, patients deemed at ‘high risk’ could be subject to police interventions. Police
interventions may have unexpected safety consequences, for example, police presence could
escalate what was already a tense situation and lead to unintended or dangerous outcomes,

including an increase in violence (Marks, 2019)°.

As mentioned previously, there is insufficient information regarding the PPV of EdTech tools used
for suicide prediction. Therefore, any hypotheses made by researchers, clinicians, or developers,
about safety risks are based on broader ML literature. A thorough evaluation would require not
only more robust data on PPV, but also comparative analyses across specific populations, as well
as an appreciation that it is the tool’s utility in predicting and preventing suicide (rather than its
accuracy alone) that determines whether teachers and schools are acting with beneficence when

using these tools.

2.1.2.1. Concerns around Effective Triage / Linking with Services
Another challenge to the principle of beneficence arises from broader questions: even if a test
yields a true positive result, does the use of EdTech for suicide prediction truly lead to improved

mental health outcomes for students? What happens after a student is flagged as at-risk (i.e., what

SFor example, in October 2019, BuzzFeed reported on the use of Social Sentinel, an EdTech tool implemented by
schools to detect suicide risk and potential school shootings (Thuy Vo & Aldhous, 2019). The article’s authors raised
concerns about the validity of the tool’s findings, particularly highlighting the prevalence of false positives.
Specifically, Thuy Vo and Aldhous (2019) demonstrated how students’ social media posts ‘demonstrating suicide
risk’, including tweets, were often saved and sent to schools without proper assessment and were frequently inaccurate,
leading to unnecessary alarm or misidentification of risks.
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are the intervention pathways, and whether or not they are successful)? Do these tools provide

meaningful and actionable guidance for treatment?

The issue of effective triage remains under-researched, largely due to the limited data shared by
the companies developing these technologies. However, a US-based doctoral thesis presents some
findings in this area (Shelton, 2022). This study reviewed 533 cases flagged by Gaggle and
assessed whether school teams took subsequent action. 93% of cases were deemed low risk, nearly
half (48%) were not followed up by school teams, and formal suicide or risk assessments were

conducted in only about 2.5-2.6% of cases (Shelton, 2022).

The low levels of follow-up reported by Shelton (2022) are not necessarily problematic, nor do
they imply that EdTech tools lack the ability to support student mental health. Gaggle was designed
to flag cases where further assessment should be considered, not only those where it is definitively
required. Therefore, these statistics may be consistent with the tools functioning as intended.
However, without comparative case studies (e.g. comparing support and triage processes in
schools with and without EdTech) and/or more detailed, long-term monitoring of intervention data,
including rates of false negatives and false positives, and more detailed rates for specific groups
of students, it is not possible to make a definitive claim about beneficence or utility (either for or

against).

2.2. Introducing Tradeoffs

Beyond beneficence, what other ethical principles are at play in the context of EdTech for suicide
prediction? How are these principles defined, and what kinds of ethical trade-offs, if any, do
teachers (and other agents) face when using these tools to address student suicide in their

classrooms?

In the following section, I examine additional ethical principles outlined by Beauchamp and
Childress by highlighting some of the ethical trade-offs emerging in the use of EdTech for suicide
prediction. Specifically, Section 2.2 will explore two key tensions: between beneficence and
autonomy (with a particular focus on privacy), and between beneficence and justice (with a focus

on non-discrimination).
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2.2.1. Beneficence, Autonomy, and Privacy

According to Beauchamp & Childress (2001) autonomy is defined as follows:

Personal autonomy is, at minimum, self-rule that is free from both controlling interference
by others and from limitations, such as inadequate understanding, that prevent meaningful
choice. The autonomous individual acts freely in accordance with a self-chosen plan,
analogous to the way an independent government manages its territories and sets its
policies. A person of diminished autonomy, by contrast, is in some respect controlled by

others or incapable of deliberating or acting on the basis of his or her desires and plans.

(p-58)

There are various ways in which respect for autonomy and beneficence may be traded off in the
context of using EdTech to predict students’ suicide risk in UK classrooms. Importantly, because
these are minors, the ethical landscape is more complex: children and young people possess
developing autonomy, and the balance between respecting that autonomy and acting beneficently
often differs from that applied to adults (Alderson, 2007). In addition, whether child or adult,
McKernan et al. (2018) argue that the ethical principles of beneficence and respect for individual
autonomy are in conflict when someone is deemed at ‘immediate’ risk for suicide. According to
McKernan and colleagues (2018), someone who is deemed ‘high’ or ‘immediate’ risk by an
EdTech tool may receive a wellness check, which may later bring about involuntary hospitalisation.

This may save a student’s life, but impede autonomy (McKernan et al., 2018).

Typically, in the context of involuntary hospitalization, ethicists argue for the importance of
balancing an individual's lack autonomy with the principle of beneficence (e.g. in McKernan et al.
(2018). However, the fact that minors have only partial or developing autonomy makes this
balance especially delicate (especially in the case of a young person who is not able to be
autonomous due to their age and presence of mental illness). And if EdTech companies can offer
no, or only limited, demonstrated clinical benefits (as illustrated in Section 2.1), the justification
for overriding or constraining a student’s developing autonomy is significantly weakened. In such

cases, concerns about autonomy become more pronounced and ethically troubling.
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Beyond involuntary hospitalization, privacy is a key ethical issue rooted in autonomy. What
follows is a brief introduction to the definition of privacy (Section 2.2.1.1), then descriptions of

two privacy violations observed within the context of EdTech for suicide prediction (Section

2.2.1.2).

2.2.1.1. Definition of Privacy

Providing a single, clear definition of privacy is challenging, as scholars from various disciplines,
including law, bioethics, and philosophy, continue to debate its precise meaning®. However, within
bioethics, and the literature around suicide prediction tools, privacy has often been framed as a
bioethical principle centred on individual autonomy. As Milton (2019) notes, “Privacy has been
understood as a bioethical concept whose focus is on personal choosing or the right to control

access to self” (p.106).

In the context of EdTech for suicide prediction, “access to self” (Milton, 2019, p. 106) can be
understood as a young person’s right to control how their digital data in particular, is collected and
used. For example, according to Gomes de Andrade et al. (2018), privacy within the context of
Al-based suicide prediction may involve control over the data collected to train the algorithm, data
used during the actual risk assessment process, and access to information such as the risk score
itself, rates of false positives and false negatives, and any post-intervention monitoring. Regan and
Jesse (2019), who also emphasise the prioritisation of privacy within ethical analyses, note that
within the use of EdTech overall, there are additional nested concerns, including "information
privacy; anonymity; surveillance; autonomy; non-discrimination; and ownership of information"

(p. 167).

Peterson (2016, p.962) argues that privacy represents a “central tension” in the current

implementation of EdTech in schools, and many of the critiques of EdTech introduced in Chapter

6 According to Nass et al. (2009) the reason why there are so many ways of interpreting privacy in the literature is
because privacy is highly context specific. Nass (2001, p. 18) explains, privacy “acquires a different meaning
depending on the stated reasons for the information being gathered, the intentions of the parties involved, as well as
the politics, convention and cultural expectations.”
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1 (e.g., Figure 2) are rooted in privacy concerns.” What follows are two examples of ethical trade-
offs between privacy and beneficence within the context of EdTech used for suicide prediction:

surveillance and un-authorized data sharing.

2.2.1.2. Example 1: (Covert) Surveillance

According to the UK’s Code for Crown Prosecutors (Crown Prosecution Service, 2021),
Surveillance is defined by section 48(2) of RIPA as including monitoring, observing, or
listening to persons, their movements, conversations or other activities and
communications.

Surveillance is covert if, and only if, it is carried out in a manner calculated to ensure that
any persons who are subject to the surveillance are unaware that it is or may be taking place
(section 26(9)(a)).

(Crown Prosecution Service, 2021, Chapter 6, para. 1-2)

Surveillance, particularly covert surveillance, has become a major privacy concern with the rise of
EdTech in classrooms. Public attention to the rise of covert surveillance within the classroom grew
significantly in 2009 when the Lower Merion School District in the US “remotely activated its
school-issued laptop webcams to capture 56,000 pictures of students outside of school, including
in their bedrooms” (Marlow, 2025, para. 1). Although this case did not involve suicide monitoring
specifically, it sparked lasting concerns about the misuse of surveillance technology in educational
settings, and these concerns have persisted in recent years. For example, a US study of 502 students
ages 14-18 showed that young people are concerned about unauthorized and/or covert surveillance

in their schools (ACLU, 2023, Table 2).

7 For example, in the US context, Senators Warren, Markey, and Blumenthal (2021) have argued that the ethical trade-
off between beneficence and privacy is not justifiable, as the associated privacy risks (including eroded trust, increased
harm, exacerbated racial inequalities) are too great. According to Warren, Markey and Blumenthal (2021, p.6), “It is
crucial that the tools school districts select will keep students safe while also protecting their privacy, and that they do
not exacerbate racial inequities and other unintended harms.” Academics and policy professionals are not the only
ones connecting the lack of privacy safeguards in EdTech to eroded trust, increasing harm, or racial inequality. In
2023, the ACLU published a research report titled ‘Digital Dystopia: The Danger in Buying What the EdTech
Surveillance Industry is Selling,” which similarly linked inadequate privacy protections to these broader issues. The
think tank, RAND Corporation also reported the same, in their 2023 report titled ‘Artificial Intelligence-Based Student
Activity Monitoring for Suicide Risk’ (Ayer et al., 2023).
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Table 2
Students” Concerns About School Surveillance (ACLU, 2023, p. 21)

Students’ Concerns About School Surveillance

| always feel like I'm being watched 32%

How it could be used to discipline me or my friends  27%

What your school and companies they contract with

do with the data (such as sell it, analyze it, etc) 26%

How it limits what resources | feel | can access online 24%

Could be shared with law enforcement 22%

Could be used against me in the future by a college

21%
or an employer

Could be used to identify students seeking
reproductive health care (such as contraceptionor  21%
abortion care)

Could be used to identify students seeking gender-
affirming care (such as transgender students 18%
seeking hormones)

Could be used against immigrant students,

especially those who are undocumented 18%
How it limits what | say online 17%
Could be used to "out" LGBTQIA+ students 13%

| have no concerns regarding surveillance in my school  27%

As shown in Table 2, US students express concerns not only about privacy and surveillance but
also about potential disproportionate surveillance of vulnerable groups, including those seeking

reproductive or gender-affirming care, as well as immigrant and LGBTQ+ students (ACLU, 2023).
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In addition to privacy being a concern in its own right, the use of monitoring technologies in
educational settings has been found to raise significant mental-health risks. Research by Semour,
McNicoll, and Koeing (2024), suggests that the awareness of being monitored can increase
vigilance, elevate anxiety, and influence neural responses associated with stress and diminished
well-being. In the context of school-based suicide-prediction tools, this means that the very
experience of data-monitoring can itself be triggering for some students, particularly those already
experiencing mental-health difficulties. When tools intended to protect students simultaneously
generate heightened anxiety, feelings of constant scrutiny, or disproportionate impacts on already

marginalised groups, the ethical justification for their use becomes more tenuous.

While the research discussed in this section has predominiately focused on the US context,
disproportionate surveillance is also emerging as a concern in the UK. Criticism has arisen over
concerns that Impero Education Pro software (which is used to predict suicide risk) is
disproportionately surveilling students from Muslim communities, raising serious concerns about

privacy and the potential for racially biased profiling (Hooper, 2015).

Increasingly, critics argue that the surveillance of students using EdTech tools is often
disproportionate to its intended (beneficial) purpose and frequently occurs without meaningful
oversight (Peterson, 2016; Regan & Jesse, 2019). Furthermore, even when these technologies are
promoted as tools for suicide prevention, they often result in surveillance that extends far beyond
the scope of that purpose. And, while such practices may not constitute a legal privacy violation,
especially if students or parents technically consent through school-based ‘Internet Use’ consent
agreement, scholars increasingly agree that this may represent a situation where the principles of

beneficence and autonomy (through privacy) are in significant tension.

2.2.1.3. Example 2: Data Sharing

Returning to Milton’s original definition of privacy, Milton (2019) notes that “Privacy has been
understood as a bioethical concept whose focus is on personal choosing or the right to control
access to self” (p. 106). In the context of EdTech for suicide prediction, the right to choose whether

to share one’s data (and with whom) is a fundamental aspect of privacy.



48
On the one hand, sharing data can sometimes benefit the student. Sharing information between
schools and Child and Adolescent Mental Health Services (CAMHS) could reduce siloing and
potentially save lives (Department of Health & Social Care et al., 2021). However, concerns arise
because data is often shared beyond these intended purposes, frequently ending up in the hands of

third parties such as parents®, advertisers, or journalists.

Bryan & Lurye (2025) from the Seattle Times and Associated Press, while writing a piece on Al
tools, accidentally gained access to nearly 3,500 student records during a public records request
related to Vancouver Public School District's use of Gaggle (a prominent EdTech tool used to
predict suicide risk in North America). According to Bryan & Lurye (2025, para. 8), “Vancouver
school staff and anyone else with links to the files could read everything. Firewalls or passwords
didn’t protect the documents, and student names were not redacted, which cybersecurity experts

warned was a massive security risk.”

The case at the Vancouver Public School District highlights two key issues: (1) privacy was
compromised due to a lack of consistent data anonymisation, and (2) privacy was further infringed

through unintended data sharing.

Ultimately, Section 2.2.1. demonstrates that while monitoring tools may help predict suicide risk
and support students who might otherwise be overlooked, the current use of these tools in schools
also raises serious privacy concerns (particularly regarding surveillance and data sharing), which

can lead to unintended and significant consequences for both schools and students.

2.2.2. Beneficence vs Justice (and Discrimination)
According to Hosseinabadi-Farahani et al. (2021, p.1), “justice in health means the lack of
systematic and potentially resolvable differences in one or more aspects of health in a population

and economic, social and geographical subgroup.” Cookson (2015, p.99), in reference to how

8 Academic researchers have questioned whether legal guardians should have the right to access their child’s
algorithm-captured clinical profile, an ethical issue shared in the debate on privacy and electronic health records
(Meredith, McCarthy, & Hemsley, 2018).
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NICE conceptualises justice, identifies three substantive principles: “(1) cost-effectiveness, (2)

non-discrimination, and (3) priority to the worse off.”

In both definitions listed above, the ethical principle of justice is closely linked to (and often
contrasted with) discrimination. In the context of health care, discrimination is defined as “a lack
of provision, incomplete provision, or different provision of health care to an individual or group
of individuals because of their individual and social characteristics” (Hosseinabadi-Farahani et al.,

2021, p.1).

Justice, and by association, non-discrimination, are key ethical principles to consider with the use
of EdTech for suicide prediction. For example, while it may be established that certain
demographic groups are at higher risk of suicide (e.g. LGBTQ+ groups; Haas et al., 2010), should
these groups be labelled (and monitored) more explicitly? Doing so may help target interventions

(beneficence), but it also risks reinforcing stigma, discrimination, or over-surveillance (harm).

In 2022 Keierleber raised concerns about the keyword libraries on which EdTech programmes are
based. Keierleber (2022) criticised these libraries of labelling words related to sexual orientation,
including ‘gay’ and ‘lesbian,” as harmful and risky content and outing LGBTQ+ students. In her
work, Keierleber (2022) found more than three dozen incident reports in which Gaggle, a
programme used predominantly in the United States, flagged sexuality-related terms such as ‘gay’

and ‘lesbian’ as indicators for a student being at ‘high risk.’

Keierlber’s example not only constitutes discrimination, as defined by Hosseinabadi-Farahani et
al. (2021) as “different provision of health care to an individual or group of individuals because of
their individual and social characteristics” (p. 1), but also has the potential to cause unintended
harm. For instance, Desai-Hunt (2021) describes a case in Minneapolis where a student was outed
after school technology flagged LGBTQ+ keywords in their writing, prompting staff to contact the
student’s parents. Researchers and lawyers have reflected on the harm of ‘outing” young people to
their parents without consent (Schafer, 2015), and therefore incidents like the one in Minnesota
outlined above (Desai-Hunt, 2021) raise serious ethical concerns involving autonomy (privacy,

data and sharing), beneficence, and justice.



50

While this section focused on LGBTQ+ students as an example, other groups have also faced
discrimination. For instance, Muslim students in the UK have experienced over-surveillance as a
legacy of the PREVENT duty (as discussed in the introduction and Section 2.2.1; Zempi & Tripli
(2023)), and Hooper (2015), Persson (2022), and Maslaha (2023) highlight that this could
potentially stigmatize students or result in punitive or disciplinary actions. Black and Hispanic
students in the US have similarly been subjected to disproportionate scrutiny, as well as those

coming from lower-income areas (Ayers et al., 2023)°.

2.3. Responsibility Framework

Section 2.2 examined Beauchamp and Childress’s ethical principles in relation to the use of
EdTech for suicide prediction in secondary schools. In particular, Section 2.2 introduced tensions
surrounding autonomy (including issues of privacy and data sharing), beneficence, and justice. It
is important to note, however, that critics within the bioethics community, including Turoldo
(2009) and Kass (2001), have pointed out significant limitations of Beauchamp and Childress’s
original four principles approach in the context of public health research. Turoldo (2009) and Kass
(2001) argue that the four principles framework is overly focused on the individual (particularly,
individual autonomy)'?, and tends to frame ethical issues in rigid oppositional terms or ‘trade-offs’,

such as autonomy versus beneficence, and/or the values of the patient vs doctor.

Therefore, while the four-principles approach remains influential and is frequently used in the
literature, particularly as a heuristic for structuring ethical analysis, its individualistic orientation
renders it insufficient for the present topic. In contexts such as school-based suicide prediction
(which involve institutional responsibilities and multi-actor decision-making), the framework

struggles to capture the ethically salient features of practice.

9 According to interviews conducted by Ayers et al. (2023, p. 32), “Black and Hispanic students, students who come
from, you know, live in low, low-income areas . . . they are more likely to be dependent on a school-issued device and
therefore not have like the means to essentially opt out of this tracking.”

10 Kass (2001, p-1776) notes that “codes of medical and research ethics generally give high priority to individual
autonomy, a priority that cannot be assumed to be appropriate for public health practice.”
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More specifically, rooted in individual patient vs doctor dynamics, researchers such as Turoldo
(2009) argue that the principle of individual autonomy is particularly ill-suited for addressing
broader, community-level concerns typical of public health, e.g. preventative measures such as the
use of EdTech for suicide prediction (Turoldo, 2009). In response, several alternatives have been
proposed. First, relational autonomy theories emphasise that individuals are socially embedded,
and that autonomy is not exercised through isolated self-sufficiency but is developed and sustained
through relationships (Gomez-Virseda, de Maeseneer, & Gastmans, 2019). Second, although not
used within this thesis, virtue ethics could add a complementary lens that focuses on the character
traits and dispositions expected of teachers, school leaders, and EdTech developers, such as
practical wisdom, trustworthiness, attentiveness, and compassion, which are not easily captured
within a principles-based framework but are central to understanding ethical practice in
educational settings (e.g. Radden (2006)’s work on Virtue Ethics and Professional Ethics). And
third, extending beyond the meso-level focus of relational autonomy to the macro-level, scholars
such as Schicktanz and Schweda (2012) and Turoldo (2009) advocate for a responsibility-oriented
bioethics that moves “beyond the early boundaries of this discipline [bioethics]” (Turoldo, 2009,
p. 1197).

According to Schicktanz, Schweda, Turoldo and others, responsibility-oriented bioethics provides
a broad and flexible framework, helping researchers navigate more complex and macro-level
ethical tensions seen in public health. Turoldo (2009) argues that responsibility is a useful concept
because it encompasses complex systems thinking and includes social responsibility (Ahola-
Launonen, 2015) and corporate responsibility, such as the ethical obligations of technology
developers involved in suicide prediction (Broer, 2022). This is critical because EdTech companies
themselves are emerging as new parties within the safeguarding process, and with this emergence
come questions about who within the company might hold responsibility (e.g., CEOs, developers),
how these actors should behave, the extent to which they should (and realistically can) be held

responsible, and how they ought to operate within a wider network of professionals and institutions.

In addition, these examples also show that, while theory shows there should be a clear distinction
between teachers, EdTech companies, and those who are mental health trained or designated

safeguarding leads, in practice, these boundaries often become blurred. This lack of clarity
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introduces further ambiguity regarding responsibility, making it difficult for schools to understand

where accountability lies when an automated system becomes involved in a safeguarding process.

A framework that accounts for both social and corporate responsibility is also highly relevant in
the broader context of school mental health, where the notion that ‘everyone is responsible’ is
embedded in UK statutory and non-statutory guidance - most notably KCSIE, which had been
discussed in greater detail in Chapter 1 (and will be expanded upon in Chapter 5).

Aligning with these arguments, this DPhil proposes a responsibility-oriented framework for
systematically investigating how ethical tensions unfold in real-world educational settings. It shifts
away from a rigid autonomy-versus-beneficence paradigm toward a more collective and flexible
ethical approach that recognises shared and corporate responsibilities among individuals,
professional groups, and society (Turoldo, 2009). Chapter 3 moves to outline my methodological
approach and clarify the specific definition of responsibility adopted - namely, antecedent
responsibility, as opposed to responsibility framed as blame or accountability'!, or responsibility

as a virtue.

' Turoldo (2009, p.1197), I stress the difference between retrospective and prospective responsibility,
showing that only the latter is a good candidate for public health ethics.”
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Chapter 3. Methodology

The key goal of my proposed research is to create a rigorous evidence base that helps to broaden
the academic literature on the ethics of EdTech for Suicide Prediction, with a specific focus on the
concept of responsibility. Following the method of empirical bioethics, this DPhil examines the
theme of responsibility within the context of EdTech for suicide prediction by integrating empirical
data with ethical analysis. This approach allows me to draw normative conclusions regarding the

responsibility of teachers within this context.

To describe this methodology, Chapter 3 includes four key sections:

e 3.1: Outlining my Primary and Secondary Research Questions: This first section outlines
my primary and secondary research questions, focused on the theme of responsibility.

e 3.2: Defining Responsibility: This section begins to outline definitions for both individual
and shared responsibility, drawing on role-responsibility as a conceptual foundation.

e 3.3: Introducing Empirical Bioethics: Within this section I define empirical bioethics and
explain how this methodology can be used to bridge the gap between teachers’ real-life
experiences and normative theory, thereby answering my primary research question. I
introduce Empirical Bioethics by using definitions provided by Ives et al. (2017). I also
review several existing operational approaches that have been used to integrate empirical
and normative work in the literature (e.g. McMillan & Hope, 2008).

e 3.4: Mapping My Approach: In the final section, I outline how I will apply empirical
bioethics throughout the remainder of the thesis to address my core research questions.
Within this section I describe my process in-depth, evaluating each of my methodologies
individually, as well as my approach to integration.

Ultimately, I hope that by documenting this process, other researchers may be prompted to

consider similarly interdisciplinary approaches to mental health and ethics research.

3.1. Aims, Objectives and Research Questions
While it is well established that student mental health is supported by a broad ‘ecological system’
of individuals in society beyond just teachers (including doctors, parents, social services, peers,

and other stakeholders; Jackman et al., 2022), this thesis begins by focusing specifically on
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teachers, and teachers’ responsibilities. This decision is informed by both practical and conceptual
considerations. Practically, the scope of a DPhil project requires limiting the number of interviews
and groups that can be studied in depth. Conceptually, teachers offer a particularly compelling
starting point, as they occupy a unique position in students’ daily lives, often acting as first
responders to emerging mental health concerns (Gunawardena et al., 2024). It is important to
recognise, however, that teachers are not a monolithic group: different types of teachers hold
different responsibilities, and roles such as safeguarding leads or pastoral staff carry distinct
expectations in relation to student wellbeing. Accordingly, this thesis also explores how
responsibility may vary within the teacher population (for example, depending on role, training,
or designated pastoral duties). In addition, while the empirical sections of this thesis focus on
teachers, and teacher responsibility, other stages of the DPhil project, including the conceptual
analysis completed in Chapter 7, expand to include a model of shared responsibility between

teachers and other stakeholders.

Table 3 presents my primary and secondary research questions in greater detail.
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Primary and Secondary Research Questions

Primary Research
Question

e What responsibilities do teachers and schools have when using
technology for suicide prediction, and how do these compare to what
their responsibilities should be?

Secondary e Given that teachers do not work in isolation (and that adolescents are

Research embedded within multiple overlapping support systems), how might

Question a model of shared responsibility (involving teachers, clinicians,
parents, technology developers, and/or the students themselves)
function? How should responsibility be shared (as indicated by legal,
policy, and ethical frameworks), and is it being done so in practice?

Additional Chapter 1:

Research e How has the field of suicide prediction developed over the past

Questions decade within the UK, and what factors have led to an increasing
reliance on school-based big data/ML screening tools?

(by chapter) e What ethical cases have emerged in the public sphere, regarding

EdTech for suicide prediction?
Chapter 2:

e What ethical dilemmas are currently identified in the academic
literature (regarding the use of EdTech for suicide prediction in
schools)? What are the research gaps?

Chapter 4:

e How is EdTech currently being used for suicide prediction?

e How do EdTech companies describe the role of the teacher and the
school in their products’ use?

Chapter 5:

e What is the context of using these tools within the larger school
system, and how does teacher responsibility work within real world,
complex environments?

e What responsibilities do teachers and the school have for suicide
prediction within the context of UK legal and statutory systems?

Chapter 6:

e What are the values and preferences of teachers regarding the use of
new educational technologies to monitor young peoples’ immediate
risk of suicide online?

Chapter 7:

e How should responsibility be shared (as indicated by legal, policy,
and ethical frameworks), and is it being done so in practice?
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3.2. Defining Responsibility
Before outlining the operational methodology of this DPhil, and explaining how I answer the
research questions listed in the previous section, it is important to first provide a framework for
the key concepts of responsibility (3.3.1) and shared responsibility (3.3.2), as these are the

foundational lens through which this entire research project is built.

3.2.1. Responsibility

Defining responsibility is challenging, because, despite the popularity of the term ‘responsibility,’
it is used differently across and within disciplines. As such, its definition is at times unclear and
subject to disagreement (Schalock, 1998). For instance, researchers in psychology often define
responsibility to be an individual, fixed personality trait (e.g. Bierhoff, 2002), while philosophers
see responsibility differently (Hart, 1968).

In his quest to find “the welter of distinguishable senses of the word ‘responsibility’ and its
grammatical cognates” (Hart, 1968, p.211), Hart found there to be four basic types of responsibility
within the field of philosophy. These are role-responsibility, causal-responsibility, liability-
responsibility, and capacity-responsibility. In this thesis I use a framework of responsibility-as-
role, which is often used interchangeably with prospective responsibility or ‘duty,” and examine a
framework of role responsibility developed specifically within the context of a school/education

system.

I chose to use the responsibility-as-role model for three reasons. First, because it is established
within educational philosophy, with those such as Lunenberg et al. (2014) arguing that, by taking
on the role of a teacher a person is attributed with a specific role-related task, in the same way
someone would in any other job. Second, understanding role-responsibility and the duties assigned
to a specific group is essential for determining potential liability or accountability (Meier et al.,
2025a, 2025b). Finally, role-responsibility is the most directly action-guiding form of
responsibility, making it especially relevant for offering practical guidance to schools and other

stakeholders (Ryan et al., 2023).
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Role-responsibility is often used synonymously with prospective

responsibility, or duty.
According to Hart, the most notable feature of role responsibility is holding an office. Hart (1968)
argues that role responsibility is derived from a person’s place in a social organisation or institution,
and the duties attached to said role. These duties could include providing for others or fulfilling
the organisation’s purpose/goals. With this in mind, the overarching, explicit framework of

responsibility used in this thesis is:

Responsibility: The duties teachers (and other parties) have by virtue of the offices they hold.

What does it mean to hold an office, and do the roles come pre-specified? Hart argued that not
only does public institutional responsibility focus on jobs explicitly assigned with the role, but also
tasks assigned by agreement or otherwise. Hart goes on to say that this office may be private (for
example, based in the institution of the family) or public (for example, government or teaching).
Hardimon (1994) also suggests a third sub-category — “non-institutional” role responsibilities

which are attached by the reason of being human.

It is also important to distinguish between two types of roles teachers occupy: their professional
role (e.g. practice-based obligations such as safeguarding, pastoral care, and pedagogical
judgment), and their legal role (e.g. statutory duties, mandated reporting requirements, and
compliance with regulatory frameworks). There may be overlap between the two (discussed
further in Chapter 5). Responsibility also varies within the profession itself, as teachers holding
specific positions such as designated safeguarding leads, carry additional role-specific duties that
shape what is required of them in practice. In this thesis, I attend to both dimensions, recognising
that the responsibilities attached to the professional practice of teaching may not always align

neatly with the duties imposed by law, and that role-specific responsibilities may further

12 This can be seen in comparison to retrospective, casual responsibility, which refers to the theory that if a person is
responsible for something, they were the cause of it or can rightly be held accountable for it.
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complicate this picture. Yet all of these are crucial for assessing how teachers ought to act when

engaging with EdTech.

As this thesis begins by focusing specifically on teachers, using the definition above it is clear that,
to understand the role-responsibility of teachers, I must look at their authority and duties within
the student’s environment. The office of a teacher comes with a number of legal and professional
standards, as well as unwritten cultural expectations. For instance, using this definition, being
responsible as a teacher in the UK would include holding Qualified Teaching Status (QTS), and
being employed by a school (Department for Education, 2011). Throughout this thesis, and using
the framework of role responsibility, I will more closely examine normative work, i.e. what ethics
research suggest the roles and responsibilities of teachers ought to be (e.g., by exploring both legal
and de facto authority through a scoping review of the literature, Chapter 5). I will then invite
teachers to respond to these perspectives, allowing for a refinement of how responsibility actually
manifests in their lived experience (this methodology is discussed further later in this

Chapter/Chapter 3).

3.2.2. Shared Responsibility

If the overarching definition of responsibility within this thesis aligns with Hart (1968) and is “the
duties teachers (and other parties) have by virtue of the offices they hold,” then within this thesis,
shared responsibility will refer to collective and distributed roles of diverse stakeholders in

achieving a common goal.

Shared Responsibility: 7he collective and distributed duties stakeholders have to achieve a

common goal, by virtue of the offices they hold.

It is important to clarify that, by using the term “collective and distributed,” I assume that collective

responsibilities are not only held by the group of relevant stakeholders as a whole, but are also
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distributed among individuals within the group. Each person, therefore, ultimately bears individual
responsibility. This distinction is crucial, as this understanding of shared responsibility requires
active engagement from all stakeholders to prevent the dilution (or even complete abandonment)
of the sense that they have a duty to act. This phenomenon is commonly referred to as the ‘problem

of many hands’ (van de Poel et al., 2012).

Multiple researchers have conceptualized what collective, or shared, responsibility looks like
across relevant parties (Lee & Loeb, 2000; Schalock, 1998). The definition listed above implies
that responsibility is shared across all participants, each of whom has clearly defined roles and an
active, collaborative role in decision-making processes. This definition is shared by Kon et al.
(2016), who, in their study on shared decision making in Intensive Care Units, define shared
responsibility as: “a collaborative process that allows patients, or their surrogates, and clinicians
to make health care decisions together, taking into account the best scientific evidence available,

as well as the patient’s values, goals, and preferences” (p.2).

The two definitions of individual and shared responsibility (both based on Hart’s framework of
role-responsibility) will serve as the starting point for my analysis of teacher responsibility in
relation to EdTech. However, these definitions may change as new methods and data are
introduced in this thesis. Although these frameworks may evolve with new information, by
clarifying the definitions of responsibility and shared responsibility early in this Chapter, | am now
able to outline the methodology I will use to collect and integrate both normative and empirical
work. I begin this process by introducing the academic discipline through which I approach this

problem: empirical bioethics.

3.3. Empirical Bioethics

Within this DPhil project, I aim to explore the ethics of using EdTech for suicide prediction,
focusing specifically on responsibility (through both individual and shared responsibility lenses),
with the goal of making concrete recommendations about how responsibility ought to be shared
within the current education system. I also will suggest ways in which the current process of

sharing responsibility may not live up to these normative standards (if applicable).
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To do this meaningfully, I cannot simply ask teachers whether they feel responsible for their
students’ mental health without grounding the inquiry in a normative philosophical account of
what responsibility is. Such findings alone would fail to engage with the ideal forms of
responsibility, namely, what ought to be done (Solomon, 2005). At the same time, a purely
theoretical approach would be inadequate, as it may overlook the ethical issues teachers experience
organically within school settings (Solomon, 2005). For this DPhil project, my aim is to develop
normative standards that can guide the appropriate distribution of responsibility within the current
education system, and to examine whether these standards align with existing policies, practices,
and expectations in schools. Put differently, the goal is to make recommendations about how
responsibility should be shared and to identify any gaps between these recommendations and the
processes currently in place. To achieve this, I propose using an empirical bioethics approach to
bridge the empirical-normative gap. This methodology allows me to combine normative analysis
with empirical research to explore how philosophical theories of responsibility are understood,

enacted, and distributed in practice.

Empirical bioethics (Hunt & Carnevale, 2011; McMillan & Hope, 2008; Solomon, 2005),
integrates the moral experiences of stakeholders with philosophical theory to inform normative
conclusions and recommendations for future practice. McMillan and Hope (2008), in particular,
emphasise that empirical research can uncover the ethical issues that arise organically within real-
world settings, particularly within the context of healthcare and medicine. For these reasons, I

chose to use empirical bioethics as my methodological tradition.

There are a number of operational ways to perform empirical bioethics research. Within this
chapter, I first outline the types of methodologies available (3.2.2.), before identifying the
methodologies I will use within the DPhil thesis. This includes (1) testing ethical theories and
arguments by examining their implications in specific cases and looking for congruence, and (2)

exploring (and comparing) how responsibility is distributed in comparable domains (Figure 3).
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Ultimately, by using empirical bioethics methodologies to answer the primary and secondary

research questions found in Table 3, this DPhil can start uncovering the lived ethical tensions

within educational environments. These empirical findings can then be compared with normative

accounts of responsibility to explore where practice aligns with, or diverges from, theoretical ideals

(e.g. Chapter 7). A detailed example of how this will be carried out is provided in the following

sections.



62
3.3.1. Choosing A Methodology within Empirical Bioethics
Most researchers agree that the process of empirical bioethics should be that of empirical work
occurring alongside normative investigation (rather than a linear process with empirical work
coming first). For example, Ives (2014) argues that normative analysis can be conducted alongside

and embedded within the process of data collection.

However, researchers differ in their approach to conducting empirical bioethics, as there are
several operational ways to conduct normative analysis alongside data collection. There are
differences in data gathering strategies and methods of integration (McMillan & Hope, 2008). In
their work, McMillan and Hope (2008, pp.17-18) identify six ways in which empirical and ethical
approaches can be combined. Some of these approaches align with the methodology used in my

thesis, while others do not.

More specifically, my thesis follows what McMillan and Hope (2008, p.19) refer to as cases where
“empirical studies directly engage with ethical concepts.” McMillan and Hope (2008) note that
qualitative research studies often fall under this category, particularly qualitative studies which are
used to challenge or refine existing ethical analyses. This may involve identifying key issues or
beliefs that warrant empirical investigation (e.g. legal or ethical frameworks surrounding who
ought to be held responsible for suicide prediction), and then conducting empirical studies that
then cast doubt on (or affirm) the adequacy of current conceptual frameworks (such as qualitative,
semi-structured interviews), and feeding those findings back into further ethical reflection. This is

an iterative process, and maps onto the process illustrated in Figure 3.

This research project’s approach also aligns with another model McMillan and Hope (2008)
describe in which “ethical analysis identifies key empirical questions” (p.18). For instance,
McMillan and Hope (2008) reference a study exploring what justifies a doctor to breach
confidentiality: an initial ethical analysis was used to determine which empirical facts might matter,
followed by empirical work to investigate those facts, and finally a return to ethical analysis
informed by the data. This type of approach, where “ethical analysis identifies key empirical

questions” specifically mirrors the structure of the initial stages (e.g. Chapter 4) of this project.
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Ultimately, following McMillan and Hope’s two models listed above, my goal is to develop an
empirical study that directly engages with the ethical concept of responsibility, including (but not
limited to) having the ethical analysis identify key empirical questions, which are later explored
and integrated. To do this, I begin by exploring the different conceptions of responsibility found
in legal and policy frameworks, therefore expanding on the initial definitions offered in this chapter,
and then use this analysis to inform the design of empirical interviews. Combining the ethical and
empirical within this way, I am able to investigate how teachers' values and conceptions of
responsibility are interpreted and negotiated. A full description of this methodology is found in the

next section (3.3.2).

3.3.2. Operationalizing My Methodology
Taking into account the above, the following section outlines my methodological approach (first
as a whole before describing and justifying each individual piece of work).

1. First, I conduct a comprehensive mapping review to assess the ‘state of affairs’ regarding
technology adoption in the United Kingdom (Chapter 4) and explore how (and whether)
the normative concepts of responsibility and shared responsibility are expressed within
technology manuals, advertisements, and/or any other promotional material. Is
responsibility understood in a way that aligns with the definitions outlined earlier in this
chapter? If not, how does the reported understanding of teacher responsibility differ from
these normative definitions, and what do these differences suggest about how teachers
ultimately bear responsibility for using EdTech in UK secondary schools?

2. Second, I undertake an analysis of policy and law to gain insights into the integration of
suicide-prediction technology within schools from a macro-level perspective (Chapter 5).
This includes searches within the fields of legal studies, government, and education, and a
subsequent thematic analysis. By analysing ethical and legal reports of responsibility (both
individual and shared), I can identify the key issues that my subsequent empirical study
will address (e.g. a type of empirical bioethics methodology described in McMillan and
Hope (2008) above).

3. In the third stage of research, I complete in-depth teacher interviews to understand how
responsibility was conceived by educators, and what (if any) were the gaps between theory

and practice (Chapters 6 and 7).
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4. Ultimately, within the final chapters of this thesis, I integrate theoretical work with policy
analysis and empirical bioethics, answering my main research question through the lens of
shared responsibility (Chapter 7), and allowing me to make normative recommendations

for policy makers, educators, and other researchers (Chapters 8).

The following table explains, in additional detail, the purpose, strengths, and weakness of the core

methodologies: mapping review, systems review, and empirical research.
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Table 4
Methods Overview
Type Purpose/Rationale Strengths and Weaknesses
Mapping To outline the technology One key strength of a mapping review is that it is usually more rapid than a traditional systematic review
Review available for suicide prediction in | (Gough et al., 2012). In addition, according to Campbell et al. (2023), the mapping review is also useful
UK schools and have a clear for fields where no review has been made (i.e., for an initial review, to pave the way for future work;
understanding of how Grant & Booth, 2009).
responsibility is described within
the tools themselves. However, according to Campbell and colleagues (2023), the primary limitation of a mapping review is
that it is less rigorous compared to a systematic review. This leads to potential bias.
Systems To outline how EdTech is used According to Kalafat (Institute of Medicine (US) Committee on Pathophysiology and Prevention of
Analysis within the school and have a clear | Adolescent and Adult Suicide, 2001) the strengths of Systems Theory / Systems Analysis, particularly
understanding of which actors within suicide research, is that the methodology can help consider the interactions among multiple
might play a role within a young | stakeholders. This may lead to a deeper understanding of shared responsibility. In addition, according to
person’s school system, and how | Kalafat (Institute of Medicine (US) Committee on Pathophysiology and Prevention of Adolescent and
responsibility is defined and Adult Suicide, 2001), by examining the system as a whole, using Systems Analysis, researchers may be
theorized for these actors, both in | able to identify underlying, systemic issues causing suicide.
ethics and in statutory and non-
statutory guidance. However, schools are inherently complex, and each school system may have different boundaries,
interactions, and dynamics. As such, one of the limitations of this methodology is that a full systems
analysis would be difficult to implement (Miser & Quade, 1985).This may inadvertently lead to this
DPhil project missing some stakeholders (or links between stakeholders). Thus, this thesis relies on
simplifying the system and focusing on a macro-level analysis, in order to ensure the analysis is
manageable.
Qualitative | To gain a clear overview of how | According to McMillan and Hope (2008), qualitative interviews are among the most widely used
Interviews | teachers interpret responsibility, empirical methods in empirical bioethics. A key strength of this approach is that it is grounded in real-
working in practice, within their world data and enables deep exploration of ethical dilemmas, including participants’ motivations,
own school contexts. To assess if | reasoning, and values (McMillan & Hope, 2008). This depth allows for a richer understanding of
there are any gaps between theory | complex moral issues (McMillan & Hope, 2008). However, a noted limitation is the potential for
and practice. subjective interpretation and the relatively small sample sizes, which may reduce generalisability and
introduce bias (Lim, 2024).
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3.3.3. Veridical, Realist, and Pragmatic Conditions
While I have attempted in the table above to justify my use of each methodology, not all empirical
work relating to ethics can be classified as empirical bioethics. Instead, there are particular methods
of distinguishing empirical bioethics from research grounded primarily in psychology or other
cognate disciplines. Ives et al. (2017) propose a useful framework for determining whether a
project qualifies as empirical bioethics. According to their framework, a study must meet at least

one of the following three conditions to be classified as empirical bioethics:

(1) the veridical condition, which according to Ives and colleagues (2017) is:
The research process attempts to ensure that the ethical issue being researched is
genuine and authentic; framed in terms of the way it is experienced and negotiated
in practice by moral actors, rather than constructed in abstract by a moral theorist.
(p-3)
(2) the realist condition, which according to Ives and colleagues (2017) is:
The research process attempts to ensure that the analysis is attendant to the
circumstances in which moral actors find themselves, and pays due consideration
to factors that may constrain or limit the actions or choices available to actors. (p.3)
(3) the pragmatic condition, which according to Ives and colleagues (2017) is:
The research process attempts to generate conclusions/solutions to normative problems

that are sufficiently respectful to, and engage sufficiently seriously with, the concerns.
(P.3)

The next section will describe each section of my DPhil methodology in detail - both in its own
right, and in relation to the broader Empirical Bioethics framework. This includes examining how
each component of the methodology satisfies the criteria outlined by Ives and colleagues (2017)

above, and how the process of integrating empirical with normative will take place.

3.4. My Methodology
3.4.1. Mapping Review
A mapping review was the necessary first step of my doctoral project. While a subsequent

systematic review may be required, the field of EdTech for Suicide Prediction is still in its infancy
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and experiencing a surge of rapid growth. Because of this growth, a mapping review is essential —
it allows for the rapid survey, catalogue, and evaluation of new EdTech companies. In addition,
this methodology is flexible and has strong theoretical and practical precedence. A mapping review
also helps meet the first of Ives and colleagues’ (2017) conditions for empirical bioethics: the
veridical condition. This is because it helps provide a genuine insight into what technology is being

used in practice in UK schools.

3.4.1.1. What is a mapping review?

A mapping review is a methodology developed by the Evidence for Policy and Practice
Information and Coordinating Centre (Grant & Booth, 2009). According to Campbell et al. (2023)
a mapping review is sometimes called a mapping study, scoping review, or scoping study.
Mapping reviews are often confused with systematic reviews, meta-analyses, and/or literature
reviews. However, unlike systematic reviews, mapping reviews very rarely require rigorous
quantitative analysis. Instead, mapping reviews are unique in their ability to help researchers to
rapidly contextualise a field for subsequent literature reviews (Grant & Booth, 2009). Rather than
finding all articles on a topic (what would happen within a systematic review), the goal of a

mapping review is to find a good sample for eventual contextualization (Petersen et al., 2015).

Mapping reviews are commonly used to outline new trends in the use of technology for healthcare
(Asan & Choudhury, 2021), as well as to summarise current ethical debates within healthcare and
Al (Morley & Floridi, 2024). Dai & Ke (2022) constructed a systematic mapping review of the
educational applications of Al, while Lorenz et al. (2019) mapped technology on the dementia care

pathway. The latter included a literature review, as well as user and expert reports.

Beyond its use in healthcare research, this methodology is also used to map trends in technology
and outline the availability of tools ‘in the real world.” This can occur in industry, government,
and the third-sector. For example, a recent attempt to map Humanitarian Technology, conducted
by the third-sector organisation Access Now (Access Now, 2023). The Department for Education

has also mapped the broader Education Technology market, using glass.ai and commercial trackers
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such as Crunchbase to identify companies working in this space (Aston et al., 2022). This included

a quantitative analysis of technology available based on products, services, and applications. '3

While there are definite benefits to using mapping reviews (such as their flexibility to outline
rapidly growing fields), there are some limitations. Petersen and colleagues (2015) criticise
mapping reviews because the search requirements are less rigorous compared to systematic
reviews. As the purpose of a mapping review is to illustrate research trends (rather than evaluate),

researchers are not required to consider all evidence, or all papers, published for it to be successful.

While a subsequent systematic review may be required, an initial mapping review was preferable
for the sake of this DPhil project as it could be done rapidly, is flexible, and has strong theoretical
and practical precedence. Furthermore, the mapping review also provides genuine insight into
what technology is used in UK schools, which is integral to evaluating how the tools are used, by
whom, and the ethical issues that arise in the wake of their use. This includes a focused review of
how responsibility is described within the technology itself, as compared to the normative
accounts listed earlier in this chapter. As Ives et al. (2017) argue, it is essential to ensure that the
ethical issue under investigation (in this case, teacher responsibility) is genuine, rather than abstract
or artificially constructed (meeting the Veridical Condition). Examining the technology directly is

therefore a key starting point for establishing the authenticity of any future normative claims.

3.4.2. Systems Analysis

The next methodology I use is Systems Analysis. Within this thesis, I describe Systems
Approaches broadly while placing particular focus on how the education macro-system (especially
the policy environment) shapes teachers’ use of EdTech for suicide prediction. The Systems
Analysis approach has been used in education research (Vanderstraeten, 2023), as well as
psychology (Bronfenbrenner, 1979). The following section explores: (1) the definition of the
systems approach; (2) how I plan to integrate this approach into the development of normative

findings; and (3) the potential limitations I anticipate in adopting this strategy.

13 The Department for Education’s report (Aston et al., 2022), included products for digital learning, class aids, school
management, and hardware). The report did not include a specific analysis of “technology for mental health,”
“technology for wellbeing,” or “technology for safety.”
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3.4.2.1. What is the Systems Approach?
Originally developed by Von Bertalanffy (a biologist working in the mid-20th century), the
Systems Approach emphasises the importance of studying the system as a whole rather than in its
isolated parts (Von Bertalanffy, 1968). Otherwise known as General Systems Theory (GST), or
Systems Thinking, the Systems Approach is interdisciplinary (and transdisciplinary) in nature,
looking holistically at how a system’s constituent parts relate to one another and work together

(Meadows & Wright, 2015).

A system is more than just the sum of its parts, so in addition to exploring all of a system’s
constituent parts, the Systems Approach also looks at how context, structure, and function, further

relate to and create what we see as ‘the School (/School Mental Health) System’.

Systems Theory underpins much of current psychology, and is used in development, evaluation,
and implementation sciences. For instance, Bronfenbrenner (1979) looks at child development
within the context of five different interrelated systems: a microsystem, mesosystem, exosystem,
macrosystem, and chronosystem. For example, how parents might be interacting with their child
(micro-system); how teachers and parents may interact with one another (meso-system); or how
an intervention may relate to a school’s mental health policy, specific laws, and national policies
(macro-systems). On the other hand, coming from implementation sciences, Systems Theory also
provides suggestions on how a singular intervention could be more efficient by considering (and
utilising) the child’s full ecological context, including mapping the relationships between
technology developers, teachers, parents, and other responsible actors, and exploring the policy

landscapes in which the school is situated.

In 2001, Kalafat put forward a rationale for using the Systems Approach for suicide prevention in
schools (Institute of Medicine (US) Committee on Pathophysiology and Prevention of Adolescent
and Adult Suicide, 2001). Systems Theory is now a popular approach to both evaluating and

integrating mental health interventions within the school, even beyond suicide'*.

14 Bradshaw et al. (2009) considered the importance of school context for school bullying campaigns; Schuelka &
Engsig (2022) used the Systems Approach to study inclusive education and practices; Jennings (2021) used the
approach to explore pupils’ experiences of mental health in primary schools.
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Kalafat 1> (Institute of Medicine (US) Committee on Pathophysiology and Prevention of

Adolescent and Adult Suicide, 2001) argues that a Systems Approach has utility within the context

of suicide and suicide prevention because:

1.

2.

A Systems Approach allows us to consider what contributes to suicide. The premise of this
argument is that suicide is a complex behavioural issue, and more importantly, rooted in
community (Institute of Medicine (US) Committee on Pathophysiology and Prevention of
Adolescent and Adult Suicide, 2001). According to this perspective, community factors
contributing to suicide include breakdowns in communication, antagonistic intergroup
relationships, time constraints in care provision, and unclear divisions of responsibility
between teachers, parents, students, and other staff. By using a Systems Approach, Kalafat
(Institute of Medicine (US) Committee on Pathophysiology and Prevention of Adolescent
and Adult Suicide, 2001) argues that schools may address these factors, which ultimately
may reduce suicidality.

A Systems Approach allows us to consider the system’s needs. Kalafat (Institute of
Medicine (US) Committee on Pathophysiology and Prevention of Adolescent and Adult
Suicide, 2001) argues that, not only can a Systems Approach explain what causes increased
suicide rates in schools, it may also help suggest efficient solutions. For instance, there may
be scenarios where an intervention has been introduced, and yet clinicians with training in
suicide and youth suicide prevention are scarce. Such a situation highlights the need for
comprehensive training among other staff members including teachers and auxiliary

personnel (e.g. school bus drivers, cleaning staff), and even among students.

3.4.2.2. The Systems Approach and Empirical Bioethics

The Systems Approach, most typically applied within empirical research to evaluate the utility and

efficacy of specific interventions, is not only effective in psychology (Bronfenbrenner, 1979),

education (Vanderstraeten, 2023), and suicide research (Institute of Medicine (US) Committee on

15 Within this paper Kalafat defined the Systems Approach, its rationale, and two case studies which used the Systems
Approach as part of Suicide Prevention interventions. (Institute of Medicine (US) Committee on Pathophysiology and
Prevention of Adolescent and Adult Suicide, 2001)
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Pathophysiology and Prevention of Adolescent and Adult Suicide, 2001), but is also a critical and,
indeed, necessary tool in empirical bioethics. Specifically, it offers a valuable framework for
examining the broader paradigm of responsibility, and particularly shared responsibility, which
relies on an understanding of which actors are playing a role within the context of using EdTech

for suicide prediction.

I am not alone in arguing that systems analysis and systems thinking are essential for addressing
normative, philosophical questions and for shedding light on ethical concepts such as
responsibility. Cognate disciplines (particularly Al ethics) have already embraced systems
thinking as a foundational approach. For instance, in Al ethics, this perspective is often described
as a “socio-technological approach to technological ethics” (Green, 2021, p.209) or as a form of
“relational ethics” (Birhane, 2021). Relational ethicists, including those listed above, highlight
how ethical responsibility emerges through complexity, context, and interdependence - principles
that are equally relevant in empirical bioethics, and in this specific context, relevant to exploring

how teachers use EdTech for suicide prediction.

1. First, complexity: drawing on Birhane’s (2021) model, a relational ethics framework
enables attention to the diverse experiences within a school and to how students may be
differently affected depending on their situatedness. This supports the development of
responsive, child-centred interventions.

2. Second, context: consistent with longstanding arguments in Psychology and Education,
this framework acknowledges that individuals are embedded within broader social,
institutional, and power structures, all of which shape how technologies are experienced
(Birhane, 2021).

3. Finally, interdependence: the framework recognises the mutual dependence of individuals
and communities, including how technologies are both shaped by and integrated into these
networks. This perspective also highlights that deploying such technologies has ethical

implications that extend across the communities in which they operate (Birhane, 2021).

Therefore, in my Systems chapter (Chapter 5), I will not only use policy and law to map the various

actors and institutions within the student’s broader ecosystem (following traditional social science
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models, e.g. Bronfenbrenner’s macro-system), but I also will iteratively compare how
responsibility is distributed in practice to how philosophers, such as Hart, argue it ought to be
shared (Chapter 5, 7). By evaluating the differences between multi-agency approaches as
prescribed in statutory law and non-statutory guidance, with normative ideals of responsibility, I
am able to go beyond analysing the EdTech programmes themselves and also consider how
responsibility is (and ought to be) distributed (or shared) between responsible actors (including

teachers, parents, and social services).

Ultimately, Systems Theory (and by extension, relational ethics) stipulates that, in order to
consider the ethics of new technology such as EdTech for Suicide Prediction, or make a final
determination on how responsibility ought to be distributed, researchers must first understand the
context within which this technology is developed, and then address relational dynamics and
power structures inherent in the technological systems. Conducting an iterative comparison of how
responsibility is distributed in practice and how philosophers, such as Hart, argue it ought to be
shared, offers a valuable lens for ethical analysis, and meets the standard of empirical bioethics I

seek to achieve within this DPhil (Chapter 7).

3.4.2.3. Limitations of the Systems Approach

Despite its strengths, the methodology has limitations. In particular, it omits individual factors
such as genetic predisposition, which may influence suicide risk. Researchers such as Brent and
Mann (2005) suggest that genetic factors (including heritable traits like impulsivity and psychiatric
vulnerability) contribute to suicidal behaviour. Although an investigation of genetics lies outside
the scope of this paper, it is important to note that a systems approach carries the risk of de-centring
or overlooking individual-level influences such as genetic factors. In addition, while the theoretical
benefit to the methodology is that I am able to map a system, it is undeniable that the school is an
inherently complex place. Therefore, a full systems analysis is difficult to implement, both in
general (Miser & Quade, 1985), but particularly within the context of the DPhil. To account for
this second limitation, I will limit my analysis to a few specific features of the system, specifically
exploring the macro-system, and the statutory and non-statutory guidance which is in place to steer

teaching communities. While this approach has the potential to overlook relevant stakeholders and
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micro- and meso-level details, it does ensure the analysis is manageable, which is important for

this DPhil, which is time-limited.

A full operational explanation of this methodology can be found in Chapter 5, which explores how
the Systems Approach can be used to look at how EdTech programmes are integrated into schools,
looking at various systems approach models proposed by psychology and education scholars, and

illustrating how the models have been used in practice.

3.4.3. Qualitative Interviews

The third methodology I employ in this thesis (following a mapping review and systems analysis)
is qualitative, semi-structured interviews. During the course of this DPhil I interviewed teachers
to gain a deeper understanding of their perspectives on the roles and responsibilities of various
stakeholders in the use of EdTech for suicide prediction (Chapter 6). This approach was used in
conjunction with normative accounts of responsibility, adopting a reflexive methodology
approach: a well-established approach within empirical bioethics, and one which I explore further

in this section.

3.4.3.1. The Value of Qualitative Interviews

There are two main benefits of including qualitative interviews in this piece of empirical bioethics
work. First, as McMillan and Hope (2008) note, qualitative interviews are an important method
within empirical bioethics, as they can be used to (a) identify key issues or beliefs that warrant
further empirical investigation, and (b) challenge the adequacy of existing conceptual frameworks.
In this DPhil research project, interviews are used to provide insight into teachers’ values and how
these relate to broader ethics concepts, including responsibility (individual and shared).
Specifically, the interviews will help identify how responsibility is created, allocated, and enacted

in practice.

Second, interviews can also help meet the pragmatic condition outlined in Ives and colleagues’
(2007) framework. Specifically, by grounding this understanding in the lived experiences of
teachers and exploring the nuances of how responsibility is conceived and developed, I am able to

generate a potential solution to the normative question of who should be responsible and how
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responsibility ought to be shared which is rooted in real-life experiences, therefore pragmatic and

more likely to be adopted by schools and policy professionals.

3.4.3.2. Interview Development

Within this project, interviews are used to provide thicker descriptions of normative issues,
including responsibility. Developing ‘thick’ descriptions, by concentrating study on a very specific
topic, is an advantage of qualitative interviews that is widely acknowledged across various

methodological traditions (Geertz, 1973).

Developing interviews can be approached in a variety of ways, and interview methodologies can
draw from various disciplinary traditions. For example, interviewing in empirical bioethics
research has been conducted in collaboration with sociologists (Kingori, 2013) and anthropologists

using approaches such as 'ethno-immersion' (Parsons et al., 2024).

In this project, interviews are conducted using psychological and psychiatry methodologies and
include Grounded Theory as a way of rooting the analysis (Noble & Mitchell, 2016). Specifically,
while interviewing teachers, I conduct my analysis by comparing what teachers think and
experience in real school contexts (gathered empirically through interviews) with normative
understandings and definitions of responsibility. I will outline the full interview methodology in

Chapter 5, however, broadly speaking, this comparison is carried out through a reflexive process.

What is reflexive bioethics? Ives (2014) suggests reflexive bioethics as a method for pragmatic
and interdisciplinary bioethics. According to Ives (2014), reflective bioethics works by a
researcher (1) identifying a moral problem, (2) inquiring into the problem from a ‘disciplinary
naive’ standpoint, and then, (3) using a process of reflexive balancing to integrate the findings.
Ives (2014, p.311) continues to say that the process of reflexive balancing can be considered
similar to the method of deviant case analysis, where “the theorist forms a hypothesis and then
actively searches for disconfirming data, which either results in the hypothesis being changed, or
the apparently disconfirming data being explained and shown not to be inconsistent with the

hypothesis after all.” According to Ives (2008) this system works:
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By challenging them [the participants], by pointing out inconsistencies, by bringing up
counterfactual cases and thought experiments, we hone in on what is really important to
them and the fundamental values on which their arguments and opinions are based - and

the picture is very often different to how it was at the start (p. 4)

Within my qualitative interviewing section (Chapter 6), I will ensure that normative theory informs
the way the interview is carried out. One way I will do this is by prompting teachers to respond to
specific normative claims and reflect on different models of responsibility, assessing whether they
agree or disagree with the ways in which teacher responsibility has been laid out previously by
philosophers (as well as policymakers and lawyers). Teachers’ responses, gathered through these
semi-structured interviews, will then help refine my normative analysis by providing context on
how teachers think and act in real-life situations, as well as their values and preferences for future
practice (e.g. in future scenarios where the types of suicide prediction technology used in schools
changes or adapts, explored in Chapter 7). This may include the teachers’ values and preferences
that are overlooked in existing normative frameworks, and as such can then be tested through
additional work (e.g. policy analysis, further interviews, or additional normative inquiry).
Ultimately, the methodology described in this section reflects an iterative process, where empirical
data and ethical theory continually inform one another. A full description of my qualitative
interviewing methodology (including approach to data analysis and normative reflexivity) is

provided in Chapter 6.

3.5. Conclusion
In this chapter, I have described a methodological approach that is consistent with answering my

key (primary and secondary) research questions.

With Hart’s definition of responsibility in mind (outlined earlier in this chapter), it is clear that, to
understand the role-responsibility of teachers, I must look at their authority and duties within the
student’s environment. Within this thesis, I choose to use an empirical bioethics approach to do so,
and in subsequent chapters it will be clear how I conducted research about teacher’s responsibilities
for their students from philosophical, educational, legal, and technological points of view, using a

collection of methodologies (mapping review, systems analysis, and qualitative interviews).
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The subsequent chapters, Chapters 4, 5, and 6, enact my research methodology (mapping review,
systems approach, and qualitative interviews). Each chapter will further explain and operationalise
the method employed, including an exploration of the procedures, data collection techniques, and
analytical frameworks. Then, in Chapter 7, I will synthesise the key findings and insights, drawing
together the central themes that have emerged throughout the analysis, specifically focusing this
analysis through the lens of shared responsibility. Chapter 7 will integrate the results, reflect on
their broader implications, and consider how they align with or challenge existing literature, using
reflexive techniques introduced above. I will conclude this DPhil by highlighting the contributions
of this research project to the field and suggest directions for future inquiry (Chapter 8).
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Chapter 4. Mapping EdTech Companies

In line with UK statutory guidance?® all UK schools are required to use some form of monitoring
or filtering software on their students’ digital devices. These tools are typically developed by
proprietary companies which deliver monitoring software for school management and

administration.

As demonstrated in Chapter 1, these tools were originally put into schools to prevent students from
accessing inappropriate and extremist material (Department for Education, 2020). However, due
to a national push towards integrating artificial intelligence and technology-based approaches in
mental health (Department of Health & Social Care et al., 2021; Department of Health and Social

Care, 2023), many of these tools now also include ‘wellbeing’ or ‘mental health’ packages.

One example of this is Imepro’s “well:being” program, introduced in Chapter 1, which, according
to their website, uses ML to generate student risk scores, including factors such as suicide,
attendance, bereavement, bullying, anxiety, friendship, communication, attitude to learning, and
sexualized behaviour (Impero, 2017b, 2017a, 2018a, 2018b, 2024). Impero was re-named as
Ativion in late 2024, and therefore names are used interchangeably throughout this thesis.
Impero/Ativion was a prime candidate for suicide prediction as it is already integrated into schools
for classroom and network management (and therefore the health and wellbeing ‘add-on’ was easy
to purchase). A case study of a secondary school using Impero/Ativion for suicide prediction is
described below. This case study is based on available material, as well as the experiences of a
private secondary school in the Greater London area, reported by a safeguarding lead at the 2019
ACAMH Judy Dunn National Conference.

16 Specifically, KCSIE and PREVENT. According to KCSIE, schools are required to: “ensure appropriate filtering
and monitoring systems are in place” (Department for Education, 2024, p.39). According to PREVENT, schools are
required to: “ensure children are safe from terrorist and extremist material when accessing the internet in school,
including by establishing appropriate levels of filtering” (Home Office, 2024b, p.16).
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Figure 4: Case Study One, Schools Using Ativion

Case Study One: School Using Ativion

School X has already been using the proprietary software Ativion for network administration. A
representative from Ativion then informed school administrators that they have a new add-on: one
which safeguards students and can provide suicide risk prediction. Its use will be covered by the
general IT privacy agreement which parents signed earlier in the school year. School X signs up
for this software. Later in the week, on a Thursday evening at 8pm, the school’s IT Administrator
and principal receive a message to say Student X is deemed high risk of suicide. When they click
the link, they discover that Student X has googled “why does someone commit suicide” on their
personal home computer. The principal calls the student’s mother.

Schools have been using tools such as Ativion for the past decade, both for their original purposes
(classroom management and preventing access to inappropriate material), and for wellbeing and
mental-health monitoring (as illustrated in the case above). It is important to note that, because of
this dual purpose, students and parents are often unaware of the extent to which such tools are used,
as their operation is typically described only in general terms through students’ signing of an
“Internet Use Agreement.” This raises questions about the validity of consent. The use of these
tools also introduces further ethical concerns (addressed later in this thesis), including how their
deployment may be shaped by a school’s resources. For example, many private schools issue
students with school-owned laptops that continue to be monitored at home, creating disparities in

how surveillance is experienced across school types.

Despite the growing number of tools available, and the emerging discussion of their ethical
implications, as of March 2025, there has been no mapping review or outline of these technologies
— in academia or in the public domain!’. Therefore, in this chapter I review the digital tools used
for monitoring suicide risk in schools, answering the question: how is EdTech currently being used

for suicide prediction?

In line with my primary research question, I then focus my analysis through the lens of

responsibility. This includes examining how responsibility is enacted within the development,

17 There has, however, been a review of available EdTech more generally, conducted by the Department for Education
(Aston et al., 2022)
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access, and use of the technology, e.g. by collecting data on the roles and responsibilities discussed
in relation to teachers, parents, students, and the EdTech company themselves, as well as any other
party listed. Ultimately, I believe that, by mapping available technologies, and analysing their
associated informational materials, | am generating new insights about responsibility that can be
explored through future normative work (a key way in which empirical and normative are linked,

e.g. as per McMillan & Hope, 2008).

4.1 Methodology - Operational

According to Arksey & O’Malley (2005), there are five stages to a mapping review:
1. Identifying the research question

Identifying relevant studies

Study selection

Charting the data

A

Collating, summarising, and reporting results

Within this DPhil project, these steps were carried out in the following way.

4.1.1. Identifying the Research Question

A core research question for this chapter is: How is EdTech currently being used for suicide
prediction? A related sub-question is: How is responsibility conceptualized within these tools,
either in the software itself or in any promotional materials I can find? This includes examining
who each programme identifies as a responsible party, and whether the role of each party is

explained in any depth (both individually, and/or in any shared capacity).

4.1.2. Identifying Relevant Technology
I developed a list of known EdTech tools used for predicting and monitoring suicide risk.

Throughout the DPhil I periodically updated this table upon searching academic databases
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(PsycInfo, Medline), industry trackers (Crunchbase)'®, and grey literature. The following is a non-

exhaustive list of keywords used for searching (Table 5).

Table S
Keywords for Searching
Keyword School Technology Suicide
Synonyms | School* Techn* Suicid*
College App Self-harm
Student Ed-Tech SSI
Class* Software Mental Health
Monitoring Device Wellbeing
Management

To enhance the search strategy listed above, I also met with an EdTech specialist, attended EdTech
Conferences to meet with company representatives, e.g. the Bett conference in 2020), and invoked
public consultation through social media (e.g. Twitter). Finally, I cross-referenced this list with the
UK Government’s Directory of Safety Tech Providers (Department for Business & Trade &
Department for Science, 2024).

4.1.3. Selecting Relevant Technology

While I chose to only include tools that were used in the UK, many of these tools are used in
multiple countries - including the USA. There are several other tools that are used only in the USA,
including Gaggle and Social Sentinel. I chose to exclude these tools from the current analysis
because a primary aim of this thesis is to link the technology with the political and social climate
of the UK (e.g. within the context of the PREVENT duty, updated KCSIE, and the newly
introduced Online Safety Bill). Inclusion of US-centric tools would skew this data. However, US-

centric case studies may be used as a method of later analysis or comparison.

Searching was focused on tools that are being used in the UK, for universal monitoring programs,

and with literature in English. Searching also focused on tools which used ML to monitor ‘naturally’

18 Crunchbase has previously been used by the Department for Education to track EdTech companies more generally,
and consider new or emerging technology (e.g. those that are still raising capital) (Aston et al., 2022)
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occurring student digital behaviour. This may include a students’ search history, emails, and/or
other elements of their digital footprint. Exclusion criteria are those that are only used by parents
(e.g. Bosco), non-education staff (e.g. those solely used by hospitals and/or Children and Young
People’s Mental Health Services - CAMHS), those only used with small-subsets of students (e.g.
those in a specific after-school club, or Varsity Monitor which is used by sports teams), or those
only used with a clinical population (aka targeted screening system). In addition, programs were
excluded if they only consisted of self-report data (e.g. AS Tracking by STEER, which consists of
online psychological tests taken twice a year, or Tootoot, which allows for confidential student
reporting on issues such as mental health). Tools were excluded if they did not include ML
elements based on real-time digital behaviour (e.g. iSAMS, iINEQE, CPOMS or SCR Tracker were
all based on school and social services records). Finally, tools were also excluded if they are no
longer in use (e.g. GEOCOP). A full inclusion and exclusion table can be found in Table 6 below.
Further, while this is not a formal systematic review, an adapted PRISMA diagram is included on
the next page to illustrate the process of reviewing (and including / excluding) EdTech companies

(Page et al., 2021; Figure 5).

Table 6
Inclusion and Exclusion Criteria
Inclusion Criteria Exclusion Criteria
e Tools used in the UK e Tools only used by parents or non-educational
e Tools wused by secondary staff
schools e Tools only used by primary schools
e Universal monitoring e Tools used with small subsets of pupils
programmes e Tools only used clinically
e Tools that integrated Machine e Tools that only consist of self-reported data
Learning and monitoring of e Tools that do not include ML elements
student digital behaviour e Tools that are no longer in use
e Literature in English

Using the search strategy and the inclusion and exclusion criteria outlined above (and process
outlined in Figure 5, below), a total of nine software programmes were identified. These are:
Ativon/Impero; Smoothwall; LightSpeed Systems; Securly; NetSupport DNA; NetSweeper;

Senso.cloud; Securus; and Schools Broadband.
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Adapted PRISMA Diagram for Identification of EdTech Providers (template sourced by Page et al., 2021)
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4.1.4. Collating/Summarising and Reporting Results
After identifying my final list of nine software programmes, in order to answer this chapter’s
secondary research question, “how is EdTech currently being used for suicide prediction?” it was
imperative to gather data on two main topics: how these programs work with regard to their
technology/ML; and how these programs work in regards to school practice (e.g. who interacts
with them, how are they integrated into a school mental-health strategy, and how many schools
use them/what types of schools). Any information that was deemed relevant to answering those
questions was extracted and included. In addition, I collected any information that could help me
address my primary research question on responsibility. Specifically, if any of the materials
provided details on who was using the tools (e.g. teachers, students, parents, and others) and how
the software defined the roles of each of these groups (if it was mentioned at all), then this was

extracted.

Data extraction was completed using white papers, websites, promotional material, and
information from informal interviews with company representatives, and added into a standardised
data extraction table. In addition, I collected data from the software manual and decision tree of
the relevant educational technology, if available. Finally, while I attempted to gather information
from school safeguarding policies to understand how schools explicitly used these technologies,
this proved extremely difficult. As discussed further in the limitations section, the absence of this
information restricted my ability to determine key aspects such as how schools used the technology

in practice, procurement processes, costs, add-ons, and the timing of schools’ responses to alerts.

I developed categories for my data collection and analysis using an interactive process.
Specifically, after collecting data on an initial three EdTech companies, I then proceeded to
determine my categories for data summarising and reporting. After a process of categorization and
re-categorization based on need and data available, I held a series of informal consultations with a
school IT administrator and a representative of an EdTech company to finalise my twelve main
categories, which can be seen in Appendix 1. This consultation process also allowed me to verify
findings, as well as draw insight into why some data was difficult to capture (e.g. number of

schools using each software program).
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The final data sits in Appendix 1, and includes the following categories: 1. name of programme,
(2) use, (3) materials screened (4) scanning risk of what?, (5) scanning technique, (6) presence of
a human moderator, (7) interventions suggested, (8) compliance, (9) parental role, (10) teacher

role, (11) student role, and (12) whether the tool was approved by professional bodies.
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4.2. Results
In total, nine software packages were evaluated in this review. These are: Ativion (/Impero),
Securly, NetSupportDNA, LightSpeed Systems, NetSweeper, Senso.cloud, Securus Software,
Smoothwall, and Schools Broadband. All tools were developed by private companies, and the
majority of the software programs were developed by companies which were already working

within schools (e.g. in administration or governance).

Organisations typically combined filtering and monitoring capacities, for example excluding
access to specific websites and keyword searches, as well as capturing data on students’ real-time
computer use. This included activity online (e.g. search history) and offline (e.g. written on
Microsoft Word). All of the software programs included a form of screen-capture (e.g. saved
screenshots and screen-recordings when a risk-alert was triggered), and three of the programs also
allowed teachers to constantly monitor students’ activity (Smoothwall, Lightspeed, and

Ativion/Impero).

Some of the technology was based on connection to the school intranet or school device, whereas
others could be downloaded on a “Bring Your Own Device” policy. The latter could be
programmed with different options. For example, NetSupport DNA allowed parents to either keep
restrictions on or turn them off when the device was used at home and in the evenings. If parents
opted to keep restrictions on, then the programme continued to collect student data within the

student’s home.

With regard to classification: most organisations used the Internet Watch Foundation (IWF)’s
Keyword Library to categorise ‘risk’ (n = 6). It is important to note that the IWF is a UK-based
charity dedicated to identifying and removing child sexual abuse imagery online. As a result, no
software only looked at suicide risk. Instead, these programmes monitored ‘risk’ as a broad
spectrum and included: cyberbullying, grooming, radicalization, violence, child pornography, self-

harm, suicide, and racism.

Despite this wide spread of behaviours monitored, there was a high conflation of what constitutes

‘risk’ between various subtypes (e.g. bullying and suicide were both simply labelled as ‘high risk
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behaviours’ by all nine companies), and I found no promotional materials (for any of the
programmes) that discussed how (and whether) risk would be subcategorized. For example, there
was no mention of how violence-to-self and violence-to-others would be distinguished by their
programmes, or how the software would respond to, and classify, a student searching for a gun or
knife. Would searching for a knife be classified (by the ML tool) as general risk, risk-to-self, or

risk-to-others?

In terms of triaging results, programmes filter content using either company-employed human
moderators or an Al program before sending an alert to teachers or the school’s Designated
Safeguarding Lead (DSL). For example, as advertised by partner schools (IBS, 2025, para. 3),
Smoothwall is able to auto-moderate content “in real time,” and NetSweeper (2025, para 2)
explains how, by “Using Al technology, it [Netsweeper] detects problematic user activity, then
alerts administrators to verify and evaluate potential risks.” In contrast, Securly uses live
moderators, who work as a triage system - flagging activity, determining what type of action it
needs, and then subsequently contacting the school (Securly, 2019). A map of how data typically

flows within the identified EdTech programmes can be found below (Figure 6).

Figure 6
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As seen in Figure 6, the tool collects digital data, and this data goes through either (a) a company-
employed human moderator, (b) an algorithmic risk assessment, or (c¢) both, and then it is typically
the school’s DSL who is responsible for acting on a high-risk assessment. It is important to note
that, little information is publicly available about the company-employed human moderators (how
they operate, and what training they may have). This process is in alignment with KCSIE guidance
(Department for Education, 2020). For example, according to Smoothwall (2023, para. 1) and the
Department for Education (2020, p.28),
DSLs now have a responsibility for “understanding the filtering and monitoring systems

and processes in place” as part of their remit.

However, the DSL is not the only one with access to the software systems. For example, according
to Smoothwall (2023, para. 1) and the Department for Education (2020, p.32),
Governing bodies should ensure that all staff undergo safeguarding and child protection
training. It should give them “an understanding of the expectations, applicable roles and

responsibilities in relation to filtering and monitoring”

While KCSIE makes it clear that a DSL’s role is to understand which filtering and monitoring
systems are in place, software companies differ on how they operationalise ‘teacher responsibility’
or a ‘teacher’s duties,” and it was clear that teachers had varying degrees of control and engagement
with the software. For example, five programmes allowed teachers to constantly monitor their
students’ screens in the classroom, and four programmes explicitly allowed teachers to add

personalised reports if they were concerned about individual students.

In addition to discussing teachers, six programmes (Lightspeed, Smoothwall, Securly, NetSupport,
Netsweeper, and Ativion) also referred to parents, and parental input. However, they differ in the
extent to which parents are able to monitor their children. For example, Ativion lets parents track
and monitor devices including browsing history and location, Securly has a ‘parents’ portal” which
schools can either activate or not, to either let parents have access to all activity, home activity or
just educational activity. Lightspeed sends parents concentrated, weekly reports on how their

children use the internet (including time spent and access to blocked sites).
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Beyond teachers and parents, no students were able to directly see their internet use; however, five
allowed for students to input data directly into the platform, although in a much more limited
capacity. For example, Securly’s TipLine. Smoothwall also had a spot for regular input, called the
‘60 second pulse’ which was a student wellness survey conducted weekly (see Appendix One for

more details).

Finally, in terms of shared responsibility with other services, only one company (Smoothwall)
reported that if a situation is urgent and the company was unable to get a hold of a teacher, they

will directly call emergency services.

4.3. Discussion

The following section discusses key findings from this mapping review and examines how the
technological features and results relate to the definitions of individual and shared responsibility

outlined in Chapter 3.

4.3.1. Shared Responsibility

According to Kon et al. (2016)’s original definition of shared responsibility, included in Chapter
4, an ‘ideal’ framework of responsibility (and shared responsibility) includes the active
engagement of all relevant stakeholders in decision-making processes. However, this mapping
review shows that, while multiple parties may have given some level of access to these EdTech
monitoring systems, many of these avenues for input exist in name only (e.g. parents receiving
updates but not being able to access real-time data; or students not being able to access their own
data at all). Therefore, according to the materials examined in this chapter, it is evident that shared

responsibility in its ‘ideal’ form is rarely embedded meaningfully into the software design.

In addition, the review is critical in identifying additional individuals within these companies who
hold a level of responsibility for predicting suicide risk: the company in-house human moderators.
Discussed later in this chapter (section 4.3.3.), the introduction of a human moderator brings about
questions on how these actors should behave, the extent to which they should (and realistically
can) be held responsible for student suicide prediction, and how they ought to operate within a

wider network of professionals and institutions (including the school, teachers, and parents).
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Finally, it is also important to recognise that the software functions can vary significantly
depending on the school context (and this was explained in multiple documents surveyed). This
means that the same monitoring tool may be implemented very differently across different schools.
As such, to get a full understanding of how these programmes navigate responsibility and shared
responsibility, I must explore how they are integrated into specific school ecosystems (addressed

in following chapters).

Ultimately, this mapping review explored how teacher responsibility (and, by extension, shared
responsibility) is explicitly addressed in EdTech materials, and how these representations may
diverge from the normative framework of responsibility originally outlined in Chapter 3. However,
it is important to also address that responsibility is also coded more implicitly into the technology
itself. The next section shows how certain technological features (e.g. the use of singular risk
scores, particularly focusing on the conflation of risk related to harm-to-self and harm-to-others)

could impact teachers, and diverge from the ‘ideal’ definition of teacher responsibility.

4.3.2. Dual Harm, Singular Risk Scores, and Responsibility

One of the key findings from this mapping review was that the reviewed tools often predict risk
for multiple issues simultaneously (e.g., cyberbullying and radicalization and self-harm and
suicide) but do not separate these categories, instead provide only a broad determination of whether
a student is ‘at risk’ or not. What are the implications of constructing a singular risk score? Is the
lack of specificity a cause for concern, and if so, why? And, more specifically, what are the clinical
and ethical implications of collapsing risk into one score, particularly when harm-to-self with
harm-to-others is conflated, and how does this conflation impact our evaluation of teacher

responsibility?

First, it is important to note that there is a clinical precedent for this conflation, with significant
literature surrounding the concept of ‘dual-harms.” Dual-harm refers to the theory that self-harm
and aggression towards others are significantly associated and share some of the same risk factors
(Shafti et al., 2023). Shafti and colleagues (2023) recently conducted a critical appraisal of the

dual-harms literature to explore and evaluate this claim.
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In their review, Shafti and colleagues (2023, p.1) found that dual harm does exist, and that it results
from “the interaction of psychological risk factors that are associated with self-harm and
aggression.” Their findings are aligned with Plutchik et al. (1989)’s model of countervailing forces,
and Boxer (2010) theory of ‘high loading’; of risk across a person’s life, which leads to the
prevalence of both self-harm and others-directed-aggression. It is also aligned with the findings of
Steinhoff et al. (2023) who explored dual harm in children and young adults more specifically by
conducting a longitudinal study, and found that “Between 13 and 17, 7.2% of adolescents reported
dual-harm (self-harm only: 16.2%; other-harm only: 13.3%)” (p.3995).

Despite these findings, within the same meta-analysis, Shafti et al. (2023), acknowledged
limitations in current studies around dual harm, including concerns with limited sample sizes.
Furthermore, there may be ethical and legal concerns of linking self-harm and harm-to-others
within risk assessments, despite initial evidence suggesting a relationship (Boxer, 2010; Plutchik
et al., 1989; Shafti et al., 2023; Steinhoff et al., 2023). These ethical and legal concerns map onto
the ethical principles outlined in Chapter 2.

For example, the concept of ‘dual harms’, where behaviours like violence, bullying, and self-harm
are conflated, has significant implications not only for teachers’ sense of responsibility but also
for how they collaborate with external agencies such as the NHS and the police. As these different
forms of harm are often intertwined, teachers must navigate complex decisions (and legal
frameworks) about when and how to intervene, requiring more nuanced approaches to student
welfare. This can blur the boundaries of their role, compelling teachers to share the burden of

responsibility with healthcare providers, law enforcement, and social services.

This becomes most evident when considering which types of interventions are suggested on the
basis of a high risk score. Since the responses for individuals who pose a risk to themselves differ
from those who pose a risk to others, conflating the two can lead to inappropriate interventions.
For instance, individuals assessed as being at ‘high risk’ could face police involvement, although
this can often intensify an already tense situation, leading to unintended safety risks for those at

risk of suicide and self-harm (Marks, 2019).
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This is particularly relevant in the present context because the introduction of this technology into
schools is closely tied to the UK’s PREVENT agenda, which is explicitly concerned with
identifying early signs of radicalisation or harm to others. As a result, even when the technology
is deployed with a primary focus on suicide prevention, its design, underlying risk prediction logic,
and institutional governance remain shaped by a dual-use orientation. This history makes it
especially important to remain attentive to how interpretations of risk may slide between concerns
about self-directed harm and concerns about violence or extremism, reproducing the very

conflation evidenced in the dual-harms literature.

These examples highlight the need for clearer communication, stronger partnerships, and more
defined roles among all parties involved in safeguarding students, so that each can contribute
effectively without overstepping or underestimating their respective duties. This shift also
underscores the need for a deeper examination of whether singular risk scores genuinely influence
teachers’ responsibility (and/or how they share responsibility with other parties, including parents,

social services, and the EdTech companies themselves).

Ultimately, the possibility of singular risk scores impacting teacher responsibility is an emerging
idea that is not directly addressed in the existing normative literature. As McMillan and Hope
(2008) note, one of the key purposes of empirical bioethics is to generate new ideas or hypotheses
that can inform future research. Therefore, in this context, the notion that dual harms may influence

conceptions of responsibility is a theme that will be explored further in the following chapter.

4.3.3. Moderating, Utility, and Responsibility

Beyond singular risk scores, a second technological feature that may impact teachers (and further
distance these cases from the ‘ideal’ definition of teacher responsibility discussed in Chapter 3) is
the distinction between risk moderation conducted by ML or Al versus that done by a human

moderator.

More specifically, some of the tools listed used human moderators to triage cases, while other tools
rely on ML. Beyond introducing a new individual that may be responsible for predicting suicide

(a moderator), this next section will explore whether there are any clinical differences between the
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two forms of moderators, and if so, the ethical implications of this difference, particularly when it

comes to teachers and teacher responsibility.

All of the tools listed rely on moderation to determine which cases are severe enough to pass
forward to school officials or emergency services, and which may be considered ‘low risk’ or false
positives (for example, a student googling a music video or typing “why do people kill themselves”

for an academic assignment).

To Gorwa et al. (2020), the quantity of data screened is too high for human moderation to be
feasible. As such, they automated triage systems, particularly within ‘wellness technology’ or
digital tools for mental health. For instance, Milne et al. (2019) put forward an argument for an
automated triage system, largely based on timeliness and efficacy. In their example, an automated

triage system significantly reduced the time taken to respond to peer-support messages.

However, while a ML/AI moderator may be faster, Milne and colleagues (2019) also found some
limitations to its use. First, programmes using ML/AI did not reduce the time taken to respond to
high crisis messages (although this might be because human moderators were already more likely
to respond quickly to high priority content), and second, there was no evaluation of the impact of

AIl/ML-based mistakes.

The question of ‘mistakes made’ is critical when determining how schools moderate online spaces,
particularly when those spaces focus on mental health and child safety. Therefore, to other
researchers (e.g. Marks, 2019), the speed at which ML moderation can be completed is not worth

the safety trade-off.

According to Marks (2019), ‘mistakes made’ are safety risks, and safety risks stem from the
inaccuracy of Al-based suicide predictions. Within his work, Marks (2019) illustrates that there
are two types of risks associated with the inaccuracy of Al-based suicide prediction: risks
associated with false negatives, which relate to safety (failing to identify someone at immediate
risk of suicide), while the risks associated with false positives relate to stigma, and the provision

of incorrect interventions. A patient being labelled as ‘high risk’ may receive more restrictive
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treatment and stigma (Marks, 2019). Additionally, patients deemed at ‘high risk’ could be subject
to police interventions, which may have unexpected safety consequences (included added risk of

violence), as responses may escalate already tense situations (Marks, 2019).

In addition to the trade-off between safety and speed, there are other ethical concerns about using
Al and ML for triaging. For example, large-scale data collection and current practices of suicide
prediction may leave those deemed at-risk vulnerable to invasions of privacy. Ultimately, from
training the ML algorithm, to its use in production, interventions, and post-intervention monitoring,

there are concerns at all stages of ML-based suicide prediction (Gomes de Andrade et al., 2018).

Based on the above, it seems critical for a human to be responsible for moderating EdTech for
suicide prediction. And yet, human moderators are also fallible, and prone to similar mistakes and
biases. For example, as discussed by Milne and colleagues (2019), human moderation is often

slower!? .

The fact that different types of moderators (human and Al) are used for different EdTech
programmes is a key insight of this chapter, with significant implications for responsibility. This
is true both in a descriptive/practical sense (e.g., determining whether a teacher is engaging in

moderation) and in an ethical sense (e.g., whether they should be responsible for moderating).

This section hypothesises that a critical component of responsibility may lie in the moderator’s
actual ability to be clinically effective (e.g. most arguments around moderating with Al vs human
are based on this principle). This is a key insight emerging from this chapter and raises an important
research question for future analysis: When examining responsibility through the lens of law and
ethics (particularly UK statutory law on regarding shared responsibility and ‘working together’,
e.g. outlined in KSCIE), is each party’s ability to contribute meaningfully taken into account when

responsibility is distributed? Should it be? These questions will be explored further in the next

19 While not addressed in this chapter, a third, alternative to moderation may be an “integrated moderation approach.”
an integrated approach. For example, McCosker et al. (2023) reviewed three different digital mental health services,
and models of integrated approaches. They suggest that, even within human moderated programmes, there are reactive
and adaptive processes. They suggest that an integrated “adaptive logic of care” may be most effective when it comes
to monitoring digital mental health services.
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chapter(s), particularly within my analysis of teacher interviews (Chapter 6). It also raises
important questions about who within the company can be (and should be) considered a
responsible actor. In cases involving human moderation, responsibility might plausibly fall to the
in-house moderator. But in systems that rely on Al moderation, should responsibility instead (or

additionally), rest with the software developers who built the system?

4.4. Conclusion

This chapter maps the field of EdTech for Suicide Prediction, and suggests how trends in this field
(e.g. what data is collected, how risk scores are constructed, and the process of moderation), may
start to shape my definition of responsibility: what teachers’ responsibilities are, what they look
like in the context of the types of technology available, and how this might connect to what we

consider teachers’ responsibilities ought to be.

However, in terms of the limitations of this project: while this is the first mapping review to be
completed in this field, it is by no means complete, and there remains significant work to be done
in this field before a full evaluation of EdTech companies can be completed. First, a lack of
transparency exists regarding how many schools use this technology, as no company has publicly
disclosed such information. Second, there is a limited amount of data assessing the efficacy of
these technologies. Not only do we, as an academic community, not know which schools are using
these programmes, we also do not know if they work, and what interventions are used as a result
of a positive score. Therefore, all discussion about the efficacy of these models, and of human

versus Al moderators, is hypothetical.

Third, this review relied solely on publicly available data. A subsequent school-level survey would
provide a far clearer understanding of how these technologies are actually used in practice. Such
a survey could help clarify, for example, how schools respond to monitoring alerts and the timing
of those responses (e.g., whether schools respond only during school hours or also after hours).
An analysis of school safeguarding policies would also contribute to this understanding, but this

was beyond the scope of the present thesis.
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In addition, more information about cost and procurement practices would be beneficial. This
includes understanding how much schools pay for this software, what is covered, and which
schools use particular add-on features. This information is not readily publicly available, and from
an online search, I found only limited examples. For example: Impero Classroom Management
was reported on an IT user forum to cost approximately £3.30 per user for a school with around
700 devices, whereas NetSupport Pro reportedly has a starting price of around £10.00 per licence
with no subscription model (EduGeekNet, 2019). Pricing is difficult to calculate because costs
vary depending on specific requirements, add-ons, and the scale of the organisation. Pricing
models also differ, with both subscription-based and one-off purchase options (e.g. Impero vs
NetSupport, above). Much more research (ideally at the individual school level) is needed to
understand the financial implications of using EdTech for suicide prediction, including how much

of a school’s budget is dedicated to these systems.

Building on the need for greater clarity around cost and procurement from the school perspective,
it is also important to consider the financial structures and commercial practices of the companies
providing these data-monitoring systems. Beyond simply understanding what schools pay,
Freedom of Information (FOI) requests could reveal how these companies generate profit,
particularly in relation to the buying and selling of data. Assuming the information collected is
treated not as medical data but as social data, this raises crucial questions about where the data
may be sold, how it circulates within wider data markets, and what responsibilities these EdTech
companies have regarding the protection and ethical use of such information. These questions
connect directly to broader ethical debates in the literature (originally outlined in Chapter 2),
particularly around privacy, consent, commercialisation, and the governance of data-driven

technologies in education.

Finally, a limitation of this study is that the field is rapidly evolving, as evidenced by the rebranding
of Impero to Ativion within the course of writing this chapter. Any data collected became outdated
quickly, thus this document required continuous review throughout the DPhil (and will require

regular updates beyond the scope of this project).
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Despite the above limitations, this Chapter provided an important foundation for my doctoral
project by developing my research questions further, suggesting hypotheses to be tested in later
chapters, and demonstrating how normative and empirical approaches might initially be integrated.
The next chapter continues my exploration of teacher responsibility, integrating my technological

analysis with a systems analysis, diving deeper into how these tools work in practice.
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Chapter 5. Systems Approach: Macro-System
Analysis

In the previous chapter I mapped the software landscape of UK schools, asking “what programmes
are being used by UK schools to monitor for student suicide risk?”” Within that chapter I listed the
software programmes available and then explored the core features/elements of each. This
included how each programme navigated moderation, risk assessment, and triaging, as well as how
each programme both explicitly discussed responsibility, and implicitly codified responsibility
into their software (e.g. through processes of moderation and risk assessment via singular risk

scores).

In this next chapter I contextualise the use of these tools within the larger school system, and
explore how they work (and by extension, how responsibilities are assigned), within real world,
complex environments. To do so, I use a Systems framework (introduced previously in Chapter
3), and focus on a macro-system analysis (including policy, law, statutory, and non-statutory
guidance). This chapter ultimately enables me to return to Hart’s original definitions of
responsibility and shared responsibility, introduced in Chapter 3, and to refine or expand these
definitions in ways that are grounded in the macro-systems in which both students and technology

are embedded.

5.1. Application of Systems Theory
While, in his 2001 work, Kalafat urges suicide researchers to use Systems Theory within their
work, he provides no clear method of application (Institute of Medicine (US) Committee on
Pathophysiology and Prevention of Adolescent and Adult Suicide, 2001). School mental health
researchers also differ tremendously when applying Systems Theory. This is, in part, due to the
difficulty of the task, as it is incredibly difficult to map a system as unpredictable as a school.
According to Schuelka & Engsig (2022) it is difficult to map the school system because,

An educational system is a dynamic space where elements interdependently interact in

unpredictable ways; in which new patterns and new phenomenon may emerge; and in
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which elements may adapt based on changes to the system; and where elements themselves

may be shaped by their own actions or the shifting dynamics of the system itself. (p.5).

Therefore, the first section of this chapter is dedicated to describing the differences in how the
academic literature applies Systems Theory to the school and determining a preferred approach
(one most suited to this doctoral project). In order to justify this choice, I analyse the features of
each Systems approach and how they may help (or hinder) the analysis of EdTech technologies. I
will use this approach to further unpack the nuances of teacher responsibility and examine both
how responsibility (individual and collective) is enacted in schools and how it is framed by policy
and regulatory environments (key components of a child’s macro-systems), with the aim of

expanding the ethical analyses introduced in the previous chapter.

5.2. Models
The next section explores various Systems Approach models proposed by Psychology and
Education scholars, illustrating how the models have been used in practice to map dynamic (and

unpredictable) spaces such as schools.

Following Bertalanffy’s original definition (1968), a system is defined as a collection of
interconnected elements operating within a network. Within Public Policy and Education research,
the term Systems Approach is used very pragmatically to map the school in its entirety. However,

researchers differ in which features of a school they include in their maps/models.

For instance, in the 1950s, the think tank, RAND Corporation, suggested that a school system
includes actors, tools, and outputs (Digby, 1989). Applying the RAND corporation’s model to the
case of ‘School Suicide Prediction’ may look (very briefly) like the following:
1. Actors may include teachers, learning support workers, nurses, parents, software
companies, students;
2. Tools may include digital tools and “traditional” mental health programmes;

3. Outputs may include monitoring results, and intervention(s) suggested.
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By using the RAND Corporation’s model, implementation scientists would use these features
(actors, tools, and outputs), to determine how a singular intervention (such as a suicide prediction
programme) should be incorporated within a school, as well as to evaluate whether or not said
intervention was successful (and why). In many ways, a model built on the actor-tools-output
framework could be built directly using the data presented in the previous chapter. Chapter 4
already provided an initial mapping of actors explicitly named by Tech companies. To extend this,
I would simply need to identify additional relevant actors (perhaps by consulting school staff
directories or relevant legislation) and attempt to trace the programmes’ outputs. As discussed
previously, however, it is difficult to get efficacy measurements from EdTech companies
(including rates of false positives and false negatives), as these proprietary EdTech programmes

do not often share this data with the public.

While the actor-tool-output formula was used extensively to map out school systems in Public
Policy research during the 1960s and 1970s, its use is now largely discouraged for being simplistic.
Namely, the model above is argued to oversimplify complex phenomena by breaking down the
system into isolated components (Vembye & Jensen, 2018), and fails to consider additional
influences (such as the school environment and the broader ‘meso-system,’ e.g., school ethos),

which undoubtedly shape how technology is used.

To many scholars, reductionist critiques apply predominantly to the simplistic models being used
at the time, rather than the Systems Approach as a whole. Therefore, to these critics, the limitation
of reductionism could (and should) be addressed through an ongoing refinement of models, and
furthering researchers’ understanding of how educational actors are situationally embedded within

broader social institutions (Honig, 2006; Opfer & Pedder, 2011)

Moving away from the actor-tool-output model, education researchers now utilise an ‘embodied
approach’ and Bronfenbrenner’s Ecological Theory (1979) to map schools and schooling systems.
Bronfenbrenner’s Ecological Theory (1979) is foundational in both education and psychology, and
looks at child development within the context of five different interrelated systems: a microsystem,

mesosystem, exosystem, macrosystem, and chronosystem.
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Using Bronfenbrenner’s Ecological Theory as a conceptual basis, Moore et al. (2021) argue that a
schooling system map should not only include actors, tools, and output, but also consider the
interconnectedness of private industries other than the school, and their place within broader
education policies (e.g. state and federal level), thereby situating individual interventions within
broader School Systems. According to this perspective, no singular intervention can be considered
without understanding the school context in which it works, and no school can be considered
without considering the larger policy or economic context. In this way, the concept of ‘shared

responsibility” becomes integral to my analysis.

Applying Bronfenbrenner’s Ecological Theory and Moore and colleagues’ (2021) model to the
case of School Suicide Prediction may, therefore, also include the presence of private EdTech
companies, as well as public policies and safeguarding initiatives such as KCSIE or PREVENT.
In addition, by highlighting the mesosystem, Bronfenbrenner’s Ecological Theory may also
account for individual schools’ ethos around mental health - for example, its approach to wellbeing
education, promotion of positive mental health, behavioural standards, and anti-bullying practices,

which all play a role in preventing suicide (WHO, 2021).

Acknowledging individual school-based factors, as well as the socio-cultural-historical complexity
in suicide prediction, as well as EdTech, can further deepen this thesis and analysis, as it helps

draw upon literatures around surveillance, race, disability, and law.
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Figure 7
Adapted Version of Bronfenbrenner's Ecological Theory (Bronfenbrenner, 1979)

Events such as CHRONOSYSTEM
Children's CovID-19 e —s Evolution of
Developmental " MACROSYSTEM 5 > EdTech tools
Changes - ata p .
Education Policy Lawg Ctection
EXOSYSTEM
Stigmg
aro
Local ung
é(\?; Government School District I Health
Nt gdTech S
oo companie® MESOSYSTEM —— Health ang
w? o\«\ = - ial Service
o - Home Parent-Teacher R
onte MICROSYSTEM “er. b
W&@;«\g 4 s 00'736//0
9\5(‘ W Teachers . r

INDIVIDUAL

Individual students within a \ /
{ classroom. Includes students ) £
R \ both at risk and not at risk of

. ), suicide.

.

Figure 7 above represents an initial application of Bronfenbrenner’s ecological model, illustrating
how micro-, meso-, exo-, macro-, and chrono-level systems may influence suicide prediction for
individual students within a classroom context. For instance, within this model I identify the role
of frontline figures in children's lives, including: teachers who often observe behavioural cues and
either input data into the predictive system or respond to alerts, and school counsellors and

psychologists who are central to initiating interventions and providing direct psychological support.

Beyond school influences (e.g. this could include the school or school districts’ ethos around
mental health), this model also highlights the student’s exosystem, including the role of EdTech
companies and media or online platforms as critical actors. For instance, as illustrated in Chapter
Four, EdTech developers shape the design of their tools, and as discussed in Chapters 1, 2, and 4,
these design choices are influenced by financial and economic factors. These include shifts in
funding (such as those resulting from COVID-19 stimulus packages (a chronosystem factor) and

the broader influx of investment that has driven the evolution of EdTech.
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While Figure 7 offers a valuable foundation for understanding the multifaceted and systems-based
nature of student mental health within educational settings, within this thesis it is important to go
deeper into the broader ecological complexity that underpins the use and impact of suicide
prediction technologies in schools. In particular, the macro-system warrants deeper attention. The
macro-system encompasses the cultural, political, and institutional structures within which all
other systems are embedded (Bronfenbrenner, 1979). National education standards, mental health
policy, and legal frameworks governing safeguarding, all play critical role in shaping how EdTech
programmes are developed, deployed, and interpreted, as well as how responsibility is determined

(and shared).

Therefore, Chapter 5 investigates the macro-system of EdTech for Suicide Prediction, specifically
the UK educational and legal systems and how each engages with the use of EdTech for suicide
prediction, focusing on the theme of responsibility. This includes exploring, by law and
professional teaching standards (e.g. indicators of macro-level ‘community-based’ expectations of
care), who is expected to use these technologies and what responsibilities are assigned to different

actors.

Importantly, other levels of the model (e.g. micro-and meso-level teacher—student relationships,
as well as the school’s ethos) can only be understood through empirical research. Therefore, these
systems will continue to be addressed in a separate chapter (Chapter 6), which draws on qualitative
interviews to explore shared dynamics (e.g. teacher-teacher; teacher-parent; teacher-EdTech

provider), and shared responsibility in more depth.

5.3. Search Strategy

To analyse the school system at the macro-level, with a focus on answering my key research
questions around teachers’ roles and responsibilities for using suicide prediction tools, I use
consistent keywords across multiple databases to gather available policies within education and
policy/law. A combination of search terms combining truncated and non-truncated terms was used
to create this search protocol, as shown in Table 7. The search protocol also included a broader
search, whereby only three of the categories needed to be met. In this instance, both the school and

responsibility categories had to be met, while either technology or suicide was optional. For
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example, relevant literature around the ethics of suicide risk prediction (but not EdTech) or EdTech

ethics (without suicide risk prediction) were both included.

Table 7
Keywords and Search Strategy
Keyword | School Technology Suicide Risk Ethics and
Responsibility
Synonyms | School* | Techn* Suicid* Predict* Responsibl*
College | App Self-harm | Risk Duty
Student | Ed-Tech SSI Universal Role
Software Screening
Monitoring Device (also broadened
out to ethics
more generally)

I used different resources for each academic field, inspired by the Libguides made available by the
Bodleian Library?°. This included, but was not limited to, the following databases?®:
1. Westlaw and LexisNexis for law
2. PsychINFO, Proquest, Web of Science, and SCOPUS for information within the fields of
Psychology and Policy
3. The Department for Education website for specific policy documents, professional

standards documents, and teacher training manuals

Documents were only included if they referred to secondary school teachers in the United
Kingdom, with relevance to either mental health or monitoring technology. Documents also had
to be either non-statutory advice, given by the government, professional standards, given by
teaching associations, or law. Documents were excluded if they focused exclusively on primary or
tertiary students, made no reference to mental health or monitoring technology, or were unrelated
to the roles and responsibilities of teachers, such as those addressing only the perspectives of

governors or parents. In addition, documents were excluded if they were not governing the UK

20 https://libguides.bodleian.ox.ac.uk/

21 These are only briefly discussed in the ToS, with a more detailed explanation of the specific searching strategies
used with each resource available in the thesis.
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education system on a macro-level (for example, blog posts by individuals were excluded, or

documents focusing on non-UK countries).

This search strategy led to the identification and analysis of documents across three categories:

non-statutory advice, professional standards, and law/regulation, described in Figure 8 below.

Figure 8
Policy Environment and Macro-System Dictating Teachers’ Roles and Responsibilities for Suicide
Prediction and Mental Health Monitoring in UK Schools
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5.4. Findings
As illustrated in Figure 8 above, within this review six core documents were identified, where the
responsibilities of a teacher for suicide prediction and mental health monitoring are outlined by

non-statutory advice, professional standards, and law. These are discussed in greater detail below.

5.4.1. Non-Statutory Advice

In 2018 the Department for Education (DfE) published non-statutory advice about mental health

in schools that is relevant to this thesis (Department for Education, 2018). This document, titled

% ¢¢

‘Mental health and behaviour in schools,” “sets out schools’ roles and responsibilities in relation
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to mental health and behaviour, within their existing duties” (p. 3), and is linked to another
document published by DfE in 2016, titled ‘Behaviour and Discipline in Schools’ (Department for
Education, 2016). Key points in the former document affirm that the school plays a key role in
supporting good mental health, that any strategy should be part of a whole-school approach, and
that school staff should not act as mental health experts or work to diagnose any students (although
the school should still have systems and processes for referral). This non-statutory advice is
consistently backed up by statutory guidance, including KCSIE. It is important to note that schools
are not required to hold any official mental health policy. Instead, on the basis of the documents

analysed, holding an official mental health policy is only recommended.

While these documents are not statutory, they are very comprehensive and put an increasing
emphasis on early intervention. This emphasis can be (and often is) used to support the introduction
of EdTech monitoring tools. Key elements to early intervention, according to the 2018 report
‘Mental Health and Behaviour in Schools’ (Department for Education, 2018), include: prevention,
identification, early support, and access to specialist support (p.6). In addition, this document
outlines some tools that the Department believes could support identification and measurement,
including: (1) effective use of data (suggesting the Strengths and Difficulties Questionnaire), and
(2) an effective pastoral system (Department for Education, 2018, p.16).

Finally, the DfE’s ‘Mental Health and Behaviour in Schools’ (Department for Education, 2018)
also promotes collaborations with other agencies (e.g., other schools or specialist Children and
Young People’s Mental Health Services - CYPMHS), through developing a Local Transformation
Plan (LTP) and going through the Director of Children’s Services (DCS). The document promotes
collective responsibility further by discussing working with parents and carers, as well as local
authority Alternative Provision (AP). This is an important feature of this document, as it insists
that teachers and school staff members do not take over medical roles, but rather enhance the work

of professionals and take on a linking or referral role.

5.4.2. Professional Standards
The English framework of standards for teachers outlines a teacher’s role in relation to their

students’ health and wellbeing (Department for Education, 2011). According to the DfE (2011),



106
the English framework of standards for teachers outlines the minimum requirements of what it
means to be a teacher in the UK, and these are the standards used to assess trainees and all teachers
who are working towards, or have achieved, qualified teacher status (QTS). The national guidance,
as used today, was first introduced in July 2011, before undergoing slight updates in 2013 and
2021. Going through the full professional standards framework, I have identified (and directly
quoted) the following sections to reference students’ mental health or safeguarding needs (Figure

9).

Figure 9
Relevant Sections of the English Framework of Standards (direct quote, Department for Education,
2011, pp.10-14)

Part One: Teaching

(1.a): establish a safe and stimulating environment for pupils, rooted in mutual
respect

(5.b): have a secure understanding of how a range of factors can inhibit pupils’ ability to learn, and how to
best overcome them

(5.c): demonstrate an awareness of the physical, social and intellectual development of children, and know
how to adapt teaching to support pupils’ education at different stages of development

(5.d): have a clear understanding of the needs of all pupils, including those with special education needs;
those of high ability; those with English as an additional language; those with disabilities; and be able to use
and evaluate distinctive teaching approaches to engage and support them.

(7.a): have clear rules and routines for behaviour in classrooms, and take responsibility for promoting good
and courteous behaviour both in classrooms and around the school, in accordance with the school’s
behaviour policy

(7.b): have high expectations of behaviour, and establish a framework for discipline with a range of
strategies, using praise, sanctions and rewards consistently and fairly

(7.c): manage classes effectively, using approaches which are appropriate to pupils’ needs in order to involve
and motivate them

(7.d): maintain good relationships with pupils, exercise appropriate authority, and act decisively when
necessary.

(8.e): communicate effectively with parents with regard to pupils’ achievements and well-being.

Part Two: Personal and Professional Conduct
(1): Teachers uphold public trust in the profession and maintain high standards of ethics and behaviour, within

and outside school, by:

(1.a): treating pupils with dignity, building relationships rooted in mutual respect, and at all times observing

proper boundaries appropriate to a teacher’s professional position
(1.b): having regard for the need to safeguard pupils’ well-being, in accordance with statutory provisions
(1.c): showing tolerance of and respect for the rights of others

(1.d): not undermining fundamental British values, including democracy, the rule of law, individual liberty and
mutual respect, and tolerance of those with different faiths and beliefs (1.e.) ensuring that personal beliefs are

not expressed in ways which exploit pupils’ vulnerability or might lead them to break the law
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Children’s mental health, wellbeing, and safeguarding needs are well integrated throughout the
professional standards document (in both the teaching and personal/professional conduct sections).
These standards are easily adaptable to each school and therefore can look very different in terms
of practice. However, it is very clear that teachers have been given significant responsibility for

students’ mental health and wellbeing beyond basic teaching standards.

5.4.3. Statutory Regulation

Teachers have long had the right and responsibility to act in loco parentis while students are on
school grounds. According to Besley & Peters (2019) this means that teachers and educational
institutions have been given responsibility for “specific functions as a parent to act in the best
interests of students without infringing on the civil rights of students” (p.181). According to many
pieces of legislation, this is the responsibility of not just particular teachers, but rather all school
staff. For example, KSCIE (Department for Education, 2024) says that: “Safeguarding and
promoting the welfare of children is everyone’s responsibility. Everyone who comes into contact
with children and their families has a role to play” (p.7; words highlighted in original text). In
addition, according to this regulation, “all staff should be prepared to identify children who may
benefit from early help [...] all staff should be aware of their local early help process and understand
their role in it [... and] all staff should be made aware of the process for making referrals to
children’s social care and for statutory assessments under the Children Act 1989 (Department for

Education, 2024, pp. 8-9).

Within KSCIE, teachers are asked to be aware of students requiring ‘early help.’ It reiterates
comments made in the non-statutory ‘Mental Health and Behaviour in Schools,” where the
Department for Education (2018) writes that:

Only appropriately trained professionals should attempt to make a diagnosis of a

mental health problem. Staff however, are well placed to observe children day-to-day and

identify those whose behaviour suggests that they may be experiencing a mental health

problem or be at risk of developing one. (p.11)

As illustrated by the above quote, while government guidance emphasises that teachers should not

replace mental health specialists, it also recognises teachers as well placed to observe children and
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monitor their mental health. Beyond traditional classroom observations, KSCIE (Department for
Education, 2024) also recommends for use online systems and monitoring in Annex C, outlining
four areas of risk: content (being exposed to harmful material), contact (being exposed to harmful
interactions with others), conduct (poor personal behaviour, e.g., online bullying), and commerce
(risks including online gambling and financial scams). However, while KSCIE argues that it is up
to schools to “ensure appropriate filters and appropriate monitoring systems are in place”
(Department for Education, 2024, p.38), it also says that “the appropriateness of any filters and
monitoring systems are a matter for individual schools and colleges and will be informed in part,
by the risk assessment required by the PREVENT Duty” (Department for Education, 2024, p.40),
which focuses on counter-terrorism. Therefore, nowhere in this document does the DfE mandate,
or even recommend, monitoring for suicide risk (this is instead an additional capacity of some

EdTech systems).

While not intended for suicide prediction, as discussed in Chapter 1, under the PREVENT duty,
the Home Office mandates that UK schools conduct online monitoring and recommends the
implementation of comprehensive online risk assessment processes (Home Office, 2024b). The
purpose of this is “to help prevent the risk of people becoming terrorists or supporting terrorism”
(Department for Education, 2023, para. 1). While the primary aim is countering terrorism and
radicalisation, as mentioned in Chapter 1, the requirement for such technology often means it is
additionally used for suicide prediction. This is also reflected in Chapter 4, where most EdTech
companies used for suicide prediction highlight their compliance with the PREVENT duty
(Appendix 1).

Under PREVENT duty guidance, teachers are required to monitor students and refer them to the
PREVENT program if the students display signs of risk or vulnerability to terrorism or
radicalisation (Bryan, 2017). Referral processes place a strong emphasis on shared responsibility,
involving schools to collaborate with other institutions such as the police and local authorities.
Specifically, according to the Department for Education (2023),

To comply with the Prevent duty, schools, colleges and further education independent

training providers must show evidence of: productive co-operation, in particular with local
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Prevent staff, the police and local authorities; co-ordination through existing multi-agency

forum (para. 4)

Across the Home Office and DfE websites, there is a clear emphasis on the need for schools to
build partnerships with local authorities, safeguarding partnerships, and policing teams
(Department for Education, 2023; Home Office, 2024b). Although the Home Office does not
explicitly state this, it follows that technology used for both anti-terrorism and suicide prediction

would also be subject to the same collaborative requirements with police and other agencies.

Finally, it is important to note that, while teachers are currently bound by statutory guidance such
as KCSIE, there is currently no standalone legal duty specifically requiring teachers to report
safeguarding concerns such as suicide (Foster, 2025). Therefore, teachers’ current duties are
enforced through institutional policies and professional standards rather than via direct legal
obligation. However, the UK government plans to introduce a formal statutory duty of care for

professionals working with children in the near future, including teachers (Foster, 2025).

According to a 2023 House of Commons Library briefing, and reported by Foster (2025), the
proposed legislative changes aim to place a legal obligation on individuals to take appropriate steps
to prevent or report harm, particularly in cases of child sexual abuse. If introduced, this duty is
expected not only to formalise existing safeguarding responsibilities but also to provide a
framework for other areas of mandated reporting, such as suicide risk or signs of serious mental

ill-health.

5.5. Analysis

The above professional standards, statutory advice, laws and regulation, offer valuable insights
into how responsibility is conceptualized by policy and professional communities within the UK.
The following section analyses how these documents enhance, refine, or complicate the original

definitions of role responsibility and shared responsibility outlined in Chapter 3.

Specifically, the first section of the analysis explores what responsibility looks like according to

the documents listed above, and whether (/how) definitions of shared responsibility diverge from
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both Hart’s original framework (as well as how responsibility is codified into the technology itself).
The second section identifies potential mediators that may explain why there are gaps between
ideal notions of responsibility (as seen in ethics and law) and how responsibility is operationalized
in practice (including in the design of these technologies). This includes divergent underlying

theories of education and a mis-interpretation of responsibility as accountability.

5.5.1. Shared Responsibility

As schools become increasingly complex environments, schools have embraced a whole-school
approach to mental health and wellbeing, which is supported by current legislation and outlined in
the ‘Working Together to Safeguard Children’ statutory guidance (HM Government, 2023). A
whole-school approach ensures that, rather than the responsibility for safeguarding falling on only
one teacher/counsellor, it is the responsibility of all school staff to work together with other
organisations (e.g., health services, police), to safeguard students - thus engaging in a multi-agency
approach (Public Health England, 2021). Multi-agency approaches could be particularly important
for students with multiple or severe mental health needs who require multidisciplinary or specialist

services.

Teachers are not the only ones involved in the process of mental health monitoring (which suicide
monitoring falls under). Instead, there are multiple spheres of influence, including industry, police,
families, the NHS, and government. For example, in industry, there is a commercial ecosystem
that already exerts considerable influence on schools and the process of monitoring suicide. This
includes UK based companies such as Impero (Ativion), as well as US based companies Social

Sentinel and Gaggle.

Regarding the police, there has been a substantial increase in the number of school officers put
into schools, both in the USA?? and the UK, in part in response to the PREVENT duty. Not only
has there been an increase in the number of school police/safety officers, there also has been an

increase in their role and remit. There are many written data-sharing agreements between law

22 According to the National Association of School Resource Officers, school-based policing is the “fastest growing
area of law enforcement” within the USA (Canady et al., 2012, p.1).
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enforcement agencies and school districts, as well as with families and parents (Collins et al., 2021).
As more groups become involved in monitoring mental health, models of responsibility should

become equally more complex.

Therefore, while Chapter 4 outlined an initial map of shared responsibility with key actors limited
to teachers, parents, students, EdTech companies, and occasionally the police, Chapter 5 reveals
that the network of responsibility is broader than initially mapped. For instance, UK law and
regulations suggest that additional parties such as specialist Children and Young People’s Mental
Health Services (CYPMHS), and local authorities, are also involved in developing children’s care,
and one way to do this is with different types of multi-agency approaches (explored in greater

length in Chapter 7).

On paper and in regulation there are some clear divisions of responsibility and labour. For example,
teachers are responsible for referral if they believe a student is at risk of poor mental health or
suicide, however they are not legally responsible for assessment, diagnosis, or social and emotional
care. Indeed, guidance is clear that only appropriately trained professionals should attempt to
diagnose students’ mental health conditions. However, these seemingly separate responsibilities
in practice are often blurred (Fischman et al., 2006), e.g. as illustrated by the gap between
responsibility as reported by tech companies (Chapter 4) and responsibility as per codified into

UK regulation (Chapter 5).

The implications of this ‘responsibility gap’ are explored further in Chapter 7, which examines the
concept of shared responsibility in greater depth. While that chapter offers a more detailed
discussion of the gap between normative ideals of shared responsibility and the current reality of

how responsibility is distributed, two preliminary hypotheses are introduced here.

The first hypothesis suggests that there may be two conflicting roles assigned to teachers: feacher-
as-academic-educator and teacher-as-one-who-surveilles. This tension may fundamentally
reshape how teachers perceive and enact responsibility in the context of suicide prediction. This

theory is introduced below and will be further examined through empirical research in Chapter 6.
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5.5.2. Hypothesis One: Divergent Roles / Theories of Education
An emergent theme that may shape the kinds of responsibilities teachers hold in relation to EdTech
for suicide prediction and help explain why these responsibilities diverge from normative ideals,
is the role conflict between feacher-as-academic-educator and teacher-as-one-who-surveilles. In
schools, surveillance can take several forms. Teachers may monitor students’ activity on school
devices during lessons, a task that can conflict with their instructional role. By contrast, observing
students’ behaviour and presentation in the classroom is a long-established aspect of teaching,

integral to maintaining safety, wellbeing, and a learning-conducive environment.

In this chapter, however, I focus specifically on the surveillance of students’ online behaviour
conducted by digital monitoring software, particularly systems that flag concerning keyword

searches, as discussed in Chapter 5.

Although maintaining a safe classroom has long been part of teachers’ professional responsibilities,
under PREVENT duty guidance, teachers are required to explicitly monitor students and refer
them if they express a risk or vulnerability of terrorism/radicalisation (Bryan, 2017). As such, it is
up to the teacher to decide who is at risk. This duty, and the success of teachers in performing it,
is monitored by the Office for Standards in Education, Children’s Services, and Skills (Ofsted).
Stanley et al. (2018) have argued that the PREVENT Duty has increased the ‘securitization’ of the
previously non-juridical school, and Arthur (2015) shows that this means teachers have become

increasingly responsible for security, thus creating conflict with their other, educational duties.

It 1s important to consider the impact of PREVENT within this thesis, as much of the EdTech
brought about for mental health and suicide monitoring has its origin in PREVENT and supporting
anti-terrorism initiatives in schools. Specifically, the PREVENT Duty has had unintended
consequences regarding the monitoring of many behaviours beyond extremist activity. This is,
according to Hope (2019), a form of ‘concept creep,” where “categories such as bullying and
violence have expanded their meanings so that they now include a much broader range of activities

than before” (p.59).
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Those against the use of these technologies often invoke Foucault’s conceptualisation of school as
a form of surveillance. Researchers including Taylor (2013) have argued that, while surveillance
tools have been marketed as ‘tech for safety’ or ‘tech for mental health,” instead we should see
them through the lens of ‘tech for surveillance’ or ‘tech for social control.” Rule (1974) therefore
defines the role of the teacher not as academic-educator nor as one who safeguards children, but
instead one who uses different tools to “discourage or forestall disobedience ... [to] either punish
such behaviour once it has occurred or prevent those with inclinations to disobedience from acting

on those inclinations” (Rule, 1974, p.19).

A second example of ‘concept creep’ is where teachers may be gaining additional responsibilities
from the medical field. Although above, I illustrated that statutory (and non-statutory) regulations
are clear that teachers should not take up any official diagnostic or intervention role, in prior
qualitative research teachers have argued that they are taking up increasing safeguarding and
mental health responsibilities. For example, a teacher is quoted in Fischman et al. (2006) saying:
“we are expected to be parent, psychologist, and then teacher, and that’s very difficult ...” (p.387).
In this instance, teachers take on additional social duties beyond their legal or statutory
responsibilities (and beyond the normative ideal) because their unique skills and knowledge allow
them to recognise preventable risks that other professionals (e.g., a GP) or lay-people (e.g.,
parents) might not identify. However, as shown in this Chapter, there remains no consensus on the
methods or thresholds for determining when this supplementary role is inadvisable, advisable, or

mandatory (Levinson et al., 2020).

All these examples demonstrate how the role of a teacher sometimes shifts towards being
responsible for medical care (including mental health care), surveillance, and/or ‘crime
punishment’ rather than education, and that teachers’ roles may be regularly changing and adapting
based on function or concept creep. My hypothesis (that the divergence between normative and
real-world views of shared responsibility stems from differing definitions of the teacher’s role),

will be explored in greater detail through the empirical interviews presented in the next chapter.
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5.5.3. Hypothesis Two: Neoliberalism and the Move to Accountability

The previous section hypothesised that intended-actual divergences in teacher’s responsibility
(specifically: the difference between policy, which is clear that teachers are not required to provide
any official diagnostic or intervention role, and practice, in which teachers are often at the forefront
of both of those tasks, and also being held accountable if errors occur), stem from long-standing
differences in how teachers’ roles are perceived (for example, is their role to surveil or to educate).
My second hypothesis, outlined in Section 5.5.3., suggests that these divergences are also rooted
in the economic and political realities that continue to shape both educational technologies and the

teaching profession today.

Besley and Peters (2019) have written that the shift from liberalism (autonomy/moral agency) to
neoliberalism (market accountability) has triggered a further shift in responsibility to
accountability. In their work, they argue that this shift has resulted in both conceptual and
operational ambiguity within the responsibility field, ambiguity which has changed our
understanding of responsibility away from the moral/legal, and towards regulation/accountability.
Besley and Peters (2019) go on to describe four forms of accountability, including state-mandated
agency (regulated from a state/federal level), professional accountability (through professional
associations), consumer accountability (through the market), and democratic accountability (to the

electorate).

While not the primary research question of this thesis, a question that may arise from this shift is:
if teachers, students, clinicians, tech companies etc., are all invested with responsibility, who
should be held accountable in the case of system failure (e.g., if a student dies by suicide, or if the
algorithms deprive students of their privacy)? Not only who should be held accountable, but by

what process (e.g., democratic agreement, through professional associations, through the market)?

5.6. Conclusion

Overall, this chapter introduced Systems Theory and began to identify the macro-level policies
that regulate how teacher and policy communities engage with suicide prediction technologies.
The analysis then drew on normative theory to help explain differences between teachers’

responsibility as defined by the technology companies themselves, versus law and policy. This
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chapter then suggested hypotheses as to why there were tensions between normative definitions of
responsibility and how responsibility is embedded within the technology itself. This included two
hypothesised mediators: (1) how a teacher’s role is conceptualised from a philosophical standpoint,
as well as (2) the political and economic environments in which school-based suicide prediction

takes place.

This chapter only considered the macro-level of Bronfenbrenner (1979)’s systems theory, which
is a significant limitation due to time constraints with the DPhil. For instance, it fails to consider
the mesosystem, i.e. the interactions between different microsystems, such as the relationships
among peers, parents, and teachers, which may influence or shape the school ethos (and the
school’s culture around mental health). Another limitation of the analysis above is that it relies on
a relatively simplified model of systems thinking - primarily listing relational elements such as
policies, laws, and actors. While this level of analysis was appropriate for the purposes of this
thesis, future studies may benefit from employing more complex and nuanced forms of systems
analysis. For example, another model that could be used is Schuelka and Engsig (2022) ‘Complex
Educational Systems Analysis’ (CESA). According to the authors, this is a way to map
interventions not only by their elements, but also by considering the evolving nature of resources,
infrastructure, and contextual changes (also discussed in Berry et al. (2018). This may also include

dynamic behaviour and feedback loops among these elements (Figure 10).
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Figure 10

Complex Educational Systems Analysis (Schuelka & Engsig, 2022, p.6)

Figure 1
The Complex Educational Systems Analysis Cube (CESA?)

Within this model, and under the guidance set out in Schuelka and Engsig’s (2022) paper, EdTech

for suicide prediction could be analysed in the following way:

1.

The multilevel dimension (micro, meso, macro): This is influenced by Bronfenbrenner's
Ecological Theory (1979) and encourages researchers to consider the embeddedness of an
individual child into multiple systems and consider the relationships between the two. For
example, how parents might be interacting with their child, and inputting into a EdTech
programme (micro-level); how teachers and parents may interact with one another in order
to read the results of the EdTech prediction or create a school culture around mental health
(meso-system), or how an EdTech programme may relate to a school’s official mental
health policy, specific laws, and national policies such as KCSIE (macro-systems).

The community dimension: According to Schuelka and Engsig (2022), it is important to
consider not only an individual classroom or school as a learning community, but also
consider the existence of less formal communities. The authors argue that a successful

Complex Educational Systems Analysis should be able to map out the following
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dimensions of community: policy communities, formal and professional-led teaching and
learning communities, adult-child communities, informal and adult-organised
communities, self-organised communities, and child-child communities. With regard to the
example of EdTech for suicide prediction, adult-to-child community may include
interpersonal interactions between students and teachers during recess and how/if these are
being monitored by technology. Child-to-child community could include how peers might
be able to individually report each other within the application, or how the technology
monitors interactions on social media.

3. The educational attribution dimension (access, quality, utility): While originally
conceptualised within the field of Disability and Inclusive Education, this dimension may
include enrolment and attendance rates, as well as an insight into which students the
technology best supports (and which students may be underserved). In addition, it may

bring into question whether or not the EdTech programme is effective.

Ultimately, Systems Analysis, as operationalised within Schuelka and Engsig’s (2022) CESA
approach, could help future researchers expand my initial analysis, and explore how Suicide Risk
Prediction technology is being used in situ within UK schools. Furthermore, the CESA approach
can also be used as a framework to explore responsibility. For example, by examining each of
these levels (e.g. educational attribution dimension; community dimension; and the multi-level
dimension), I may have been able to develop a deeper ethical understanding on how responsibility
is held (and ought to be held) within UK schools. However, while I acknowledge the simplicity of
my initial model and suggest that future studies could adopt a more complex approach (e.g. the
one proposed by Schuelka and Engsig (2022) discussed above), I maintain that the original model
was sufficient for the aims of this analysis. In fact, increasing complexity may not have necessarily
strengthened the analysis in a directly or positively correlated way. In addition, within this thesis,
I do not have access to the data needed to conduct a full analysis. This is primarily because of time
limitations, as well because the educational attribution dimension (point 3) involves data to which
I currently do not have access. As mentioned in the previous chapter, a key limitation of these
software programmes is that they are proprietary, and therefore there is limited public data on their

efficacy. As such, this aspect of the analysis is currently on hold.
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Chapter 6. Interviews

In Chapter 3, I outlined the methodological rationale for empirical work, situating qualitative
interviewing methodology within my larger empirical bioethics approach, in order to achieve a
deeper understanding of teachers’ views on suicide-prediction technologies. I explained how semi-
structured interviews might inform and refine normative analysis by providing context on how
teachers think and act in real-life situations. I also explored how interviews can be used to provide
‘thicker’ descriptions of normative topics; for example, interviews may help researchers
understand teachers’ values, and how these values interact with larger ethical concepts such as
responsibility (for which I provided philosophical definitions developed in earlier sections of this
thesis). Finally, I argued that these interviews may also help both generate new hypotheses, which
could be tested and explored further through other methods (e.g. policy analysis, additional
interviews, and/or normative work), as well as resolve hypotheses generated in earlier chapters

(e.g. the mapping review (Chapter 4) and the analysis of law and policy documents (Chapter 5)).

Therefore, this chapter presents findings from an empirical project that investigated the values and
preferences of teachers regarding the use of EdTech to monitor young people’s risk of suicide
online, answering the question: what responsibilities do teachers and schools have when using
technology for suicide prediction, and how do these compare to what teachers think their
responsibilities should be? The empirical project presented in the current chapter is key to
answering the above research question, as it enables me to identify gaps between theory and
practice, to develop more practical ethical guidelines, and to test the hypotheses generated in earlier

chapters.

While the primary goal of this chapter is to contribute empirical findings toward answering the
research question outlined above, there are also important political and social rationales for this
project’s empirical work (both for the inclusion of empirical work overall, and also for the specific
methods chosen). As Stromquist (2006, p.14) notes, the methodologies we choose “change the
distribution of power both in interpersonal relationships and in institutions throughout society.”
The question, then, that 1 grappled with within this thesis, was how to choose and enact

methodologies which challenge existing power structures.
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Using qualitative methodologies does not inherently shift power, but there are two ways in which
I tried to do so in my research. First, while I did not interview students, I worked to include the
voices of students in this project. The study design was informed by a co-production approach,
particularly through consultation with the NeurOx Young People’s Advisory Group (YPAG) in
2021 and 2022 (Pavarini et al., 2019). The NeurOx YPAG is a group of young people (ages 14-
22), based at the Department of Psychiatry, University of Oxford, who worked with me to develop
research questions and methodologies. They were involved throughout the early stages of the
project, shaping the overall direction of the research, contributing to the development of the
research question, and helping to design the interview guide. Their participation went beyond
providing feedback on study materials. For example, they engaged in substantive discussions about
how digital technologies operate within their own schools and shared key concerns and
recommendations for how teachers should navigate these systems. Ultimately, even though
students were not directly interviewed in this project, involving young people in the research
design gave them a degree of influence over how the issues that affect their lives are studied and

discussed.

The second approach involved incorporating a knowledge-building element into the interview
process, and recruiting a range of teachers, including those who hold less formalised power within
their schools. Specifically, I aimed to not only include teachers who actively have a say in whether
or not these EdTech programmes are used in schools (e.g. head teachers), but also teachers who
are less involved in decision making, in order to raise awareness about the existence of EdTech

tools, and ethical implications of their use.

Both of the methods listed above were important to include within my research, and in my attempts
to use this thesis to “change the distribution of power,” as per Stromquist (2006, p.14). Foucault
(1980) has argued that knowledge and power are intimately linked: those who control knowledge
also shape what is considered legitimate authority. Therefore, building knowledge within both the
YPAG and teacher populations was one of my key goals. Ultimately, within the UK education
system, where top-down policy decisions can have significant real-world consequences, and where
awareness of these tools is generally lower than in the US (as evidenced by fewer news reports),

increasing understanding among teachers and students, and bringing their voices into dialogue
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with policy through empirical bioethics methodologies, enhances both the ethical integrity and
practical relevance of the research. And while this is by no means a fully participatory research

project, the elements of power-shifting it incorporates (as listed above) are valuable.

In what follows, I present the methodology and results of the analysis of the qualitative data, to
present teacher’s attitudes on responsibility within the context of new EdTech for suicide
prediction. In Chapter 7 I conduct a philosophical and conceptual analysis of the data and draw
normative conclusions about how ideas of responsibility underpin schools’ use of new

technologies for suicide prediction.

6.1. Methodology

6.1.1. Recruitment

Ethics approval was granted by the University of Oxford's CUREC Ethics Committee on February
2nd, 2022 (approval number R78840/RE001; both my formal CUREC approval and consent form
template are included in the Appendix (Appendix 1 & 2)). Recruitment began shortly after
February 2022, with the interviewing period lasting 18 months. Teacher participants were recruited
through word of mouth and by directly emailing teachers on a school recruitment list developed
by the Department of Psychiatry team for previous studies. As per my CUREC application, the

inclusion and exclusion criteria for recruitment were as follows (Table 8).

Table 8

Inclusion and Exclusion Criteria

Inclusion Criteria Exclusion Criteria

Hold a contract in a secondary school in the
UK

Does not work in a secondary school in the UK

Holding any safeguarding role or capacity
within their school

Is unable to complete the interview in English

Has access to a digital device and WiFi
connection to complete the interview online

Does not have access to a digital device or
WiFi connection to complete the interview
online
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It is important to note that recruitment took place during periods of COVID-19 restrictions and
was also impacted by a period of personal leave, both of which significantly affected the pace of

recruitment (and the former required interviews to be held online).

Recruitment ended based on four key factors: (1) achieving a clear mix of school types, (2)
including both classroom teachers and senior leadership, (3) including a wide range of teaching
experience, and (4) reaching a stage where interview responses consistently addressed all core
research questions in full, and no new themes were emerging (Faulkner & Trotter, 2017; Francis
etal., 2010; Morse, 2015). To achieve the first three components, I identified participants’ roles in
advance through preliminary informal emails in which I asked prospective participants to outline
their current position (e.g., classroom teacher, head of department, assistant principal). This
enabled me to monitor the emerging composition of the sample and ensure a balanced cohort

across role types before concluding recruitment.

With these recruitment goals in mind, I included a total of ten participants in the study. An
abbreviated table summarising the first three recruitment criteria is provided below (Table 9),

followed by additional detail, with the full participant table available in the Appendix 5.

Table 9
Abbreviated Participant Summary
Participant | School Type Job Title Years
ID Teaching
10 Community / local | Assistant Head Teacher 7
authority maintained
11 Community / local | English Teacher 5
authority maintained
12 Academy Head of History 7
13 Private Teacher 5
14 Private Biology and PSHE tutor and SENCO 27
15 Grammar Teacher of Religious Studies, EDI Student | 8
Coordinator
16 Private Deputy Principal, Teaching + Learning 14
17 Private Head of Religious Studies
18 Academy Head of Sixth Form
19 Free School Deputy Head of Sixth Form and Teacher of | 11
English
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As per the first goal: participants were employed in various types of schools: community or local
authority-maintained schools (n = 2), academies (n = 2), private schools (n = 4), a grammar school
(n=1), and a free school (n = 1). All participants worked at the secondary education level, with

two participants involved in a mix of primary and secondary education.

As per the second recruitment goal: the job titles of the participants varied widely, including (1)
an Assistant Headteacher, (2) an English Teacher, (3) a Head of History, (4) a general Teacher, (5)
a Biology and PSHE Tutor and SENCo, (6) a Teacher of Religious Studies and EDI Student
Coordinator, (7) a Deputy Principal for Teaching & Learning, (8) a Head of Religious Studies, (9)
a Head of Sixth Form, and (10) a Deputy Head of Sixth Form and Teacher of English.

As per the third recruitment goal: teaching experience among the participants ranged from five to
twenty-seven years, with two participants each having five, seven, or eight years of experience,
and others having nine, eleven, fourteen, or twenty-seven years of experience. The majority held
a PGCE certification (n = 8), with additional certifications including a School-Centred Initial

Teacher Training (SCITT), Teach First PGCE, and a MSc (Learning and Teaching).

While the first three recruitment goals aimed to ensure a diverse range of perspectives in the
qualitative interviews, achieving a fully representative sample was never the objective. Instead,
the primary reason recruitment concluded was that I achieved thematic saturation. Importantly,
this study focused on achieving thematic rather than data saturation, meaning that recruitment

ceased once no new themes (rather than no new details) were emerging from the interviews.

While there is no universally agreed-upon method for determining when saturation is reached,
several researchers have provided useful guidance. For instance, Glaser & Strauss (2017) define
theoretical saturation as the point at which “the researcher becomes empirically confident that a
category is saturated” because they have “seen similar instances over and over again” (p. 61).
Building on this, Morse (2015, pp.587-588) writes that “we do not saturate particular details of
individual events and random incidents. Rather, we saturate characteristics within categories.”

Making this distinction is critical: while participants may express themselves differently, and
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therefore numerous codes may arise when conducting qualitative analysis, what matters for

saturation are the recurring themes, not individual codes.

Furthermore, it is critical to note there are limitations to achieving true saturation. First, time-
limitations, which are particularly relevant to a DPhil project. This is what Green & Thorogood
(2010) and Guest et al. (2006) refer to as the limitation of coding during ‘funded work.” Time is a
particularly relevant limitation, as Green & Thorogood (2009) argue that the point of saturation

may be “potentially limitless” (p.120).

With this limitation in mind, I followed the guidance of Francis et al. (2010) who recommended
an initial sample of ten interviews (which I achieved). When interviewing these first ten
participants, qualitative analysis was conducted iteratively after every two interviews, and

recruitment was concluded once no new shared beliefs or themes emerged.

A full explanation of my analysis methodology is provided later in this chapter, but with regard to
concluding recruitment, it is important to note that by the fourth interview, I had identified 10
preliminary themes, and by the sixth, this had increased to 13 - the final number of themes I
ultimately identified. After the sixth interview, no new themes emerged, and this remained
consistent throughout the remaining interviews. Therefore, while I cannot claim this is a fully
representative sample of all UK teachers, I met the requirements outlined by Francis et al. (2010)

and ended my study after ten interviews.

6.1.2. Additional Demographic Information

A full demographic breakdown is available in Appendix Five. However, particularly following up
on the first three saturation goals, it is also worth noting that, in an effort to ensure diversity, I
aimed to balance the sample by including schools with varying proportions of students eligible for
Free School Meals (FSM), as well as those with and without a specific focus on Special
Educational Needs (SEN). Concerning the provision of FSMs, three participants indicated that
their schools provided FSMs, six participants reported that their schools did not, and one
participant did not specify. Four participants were involved with students who had SEN, while six

were not.
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Of course, these efforts do not guarantee that I have captured all types of teachers, or all types of
schools. Two teachers with the same job title may have very different responsibilities depending
on their school and its policies. However, given the limitations of this study, the recruiting
approach offered a reasonable attempt at diversity, and reaching saturation suggests that this was
at least partially successful. Future research could build on these recruitment numbers by

expanding recruitment strategies or increasing the sample size.

Finally, there were some limitations in recruitment that, while not critical for the purposes of this
DPhil project, should be acknowledged and may warrant further consideration in future research.
These include factors such as age, race, geographic location, and parental status. Specifically, the
sample skewed younger, with most participants falling within the 25-34 age range (n = 6), which
may reflect participants’ greater ease with or exposure to digital technologies (in comparison to
their older counterparts). The gender distribution included seven women and three men, and in
terms of ethnicity, nine participants identified as White British or White English, and one as
Chinese. Geographically, the sample was concentrated in the South East of England (n = 6), with
the remainder from London (n = 2), the South West (n = 1), and the West Midlands (n = 1). These
variables were not systematically accounted for but could meaningfully shape teachers’
perspectives and experiences. Regarding parental status, only one participant reported having
children, eight did not, and one was unknown. This final point is particularly noteworthy: parental
status may shape how teachers perceive their responsibilities toward young people, potentially

giving them a ‘dual role’ (of teacher/parent) that could influence their responses.

6.1.3. Interview Sessions

Interviews were conducted via Microsoft Teams, led by myself, and lasted approximately one hour.
Each interview consisted of six core questions and a brief case study. Case studies are an
established tool in empirical bioethics research and in qualitative study designs (Ulrich & Ratcliffe,

2007). A full version of the interview guide is available in the Appendix (Appendix Four).

Some questions were adapted from a prior focus group guide developed by Nadeem et al. (2011),

but as this is an empirical bioethics project, the primary focus was on the concept of responsibility,
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drawing on both the normative and empirical insights from the previous chapters. Questions
explored teachers’ roles broadly, while paying particular attention to the two themes identified in
the preceding chapter: (1) the expanding expectation for teachers to assume non-academic and
pastoral responsibilities, and (2) the prioritisation of shared responsibility between schools and
wider social and mental health services. In addition, although the interviews were not designed to
evaluate teachers’ technological expertise, I did briefly ask participants at the beginning about their
knowledge of educational technologies used in their schools. Only two teachers were explicitly
aware of the automated system that formed the focus of this thesis, while all others mentioned
familiarity with alternative programmes such as CPOMS (Child Protection Online Monitoring
System), but not with automated analytics or predictive tools. Including this question aimed to
contextualise their perspectives on responsibility, without shifting the overall analytical focus of

the DPhil away from its central conceptual lens.

Finally, in addition to asking teachers to reflect on the frameworks of responsibility outlined in
earlier chapters of the thesis, I also investigated mediating factors that might explain the gap
between normative ideals and practical realities. For example, Chapter 5 began to identify
structural and contextual influences (e.g. such as role ambiguity and political-economic
constraints) which may act as mediators. Ultimately, the interview format allowed for further
exploration of these mediating factors. This helped in developing a richer, more nuanced
conceptual framework around responsibility in school settings. With this in mind, the following
section outlines the main interview themes, each accompanied by a sample question. The complete

interview guide is included in Appendix Four.
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Condensed Interview Guide

Theme

Sample Question

Mental Health experience

What experience do you have with student mental health in your school?

Definition of

Responsibility

In my readings, there is a lot of discussion about being ‘responsible’ for students’
mental health. I’ve been trying to understand this in practice. What does “being
responsible” for your students’ mental health mean to you?

Source of Definition

How do you decide what you are responsible for, and where did you get this
information from? Has this been covered in any of your training? For example, inset
days, teacher training, university course(s).

Technology Does your school monitor students’ digital activities? If so, which part of the “pipeline”
is this technology used for? Detection of student risk? Support during a crisis? Post-
crisis support?

Data Handling What kind of information is gathered by this software? (e.g. social media data, google

searches)

Introduction of Case Study:

sure students don’t access inappropriate websites in school). You receive an email update from your IT manager,
saying that CommonX has a new add-on: one which safeguards students and can provide suicide risk predictions.
Its use will be covered by the general IT privacy agreement which parents signed earlier in the school year. Later
in the week, on a Thursday evening at 8pm, you receive a message to say that one of your students is deemed high
risk of suicide. When you click the link attached to the email, you discover that this student has googled “why does
someone commit suicide” on their personal home computer.

Your school has been using the software CommonX to filter online content (e.g. making

Immediate Intuitions

What are your initial thoughts on this case study?

Risk and Risk Thresholds

The case study talks about a students’ “risk of suicide.” What does the phrase “risk of
suicide” mean to you?

Protocol

How would you respond to a notification telling you that one of your students is at high
risk?

Shared Responsibility

When you are dealing with student mental health, how often do you work with the
NHS/police/other social services? Which group do you work with the most/least?
(Rank: parents, NHS, the students themselves, tech companies, police/other social
services)

Accountability

Who do you think should be held accountable if something goes wrong? (Includes
examples of models of accountability to respond to)

It is important to clarify that although I drew upon the case vignette to highlight key issues for

teachers, I am not analysing their individual responses to this vignette. Rather, the vignette served

as a technique to ensure that teachers without direct experience of this technology could engage
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with a concrete example, and that all participants were considering responsibility in relation to the

actual technological capacities of EdTech for suicide prediction.

6.1.4. Data Analysis

The interviews were transcribed by a professional transcription company. I then reviewed all
transcriptions by listening to the recordings. This allowed me to both make necessary edits (e.g. if
the original transcript was unclear or incorrect) and help familiarise myself with the data. After
this step, the Word documents of the transcripts were then imported into the qualitative research
software NVivo 11 for data analysis. Using Braun & Clarke (2022) approach to thematic analysis,
and drawing upon support from previous NEUROSEC team members (e.g. Manzini, 2020), I
employed both top-down and bottom-up coding strategies: the top-down approach was guided by
the frameworks of responsibility (both individual and shared) developed in earlier chapters of this

DPhil, while the bottom-up approach drew on principles from Grounded Theory methodology.

Grounded Theory methodology (Charmaz, 2017), includes a step-by-step coding process which I
used to gather and explore teachers’ insights on the ethical issues related to the implementation of
monitoring systems for suicide risk. Specifically, as per the process outlined in Charmaz (2006)
during the qualitative data analysis, I repeatedly reviewed my transcripts to become thoroughly
familiar with the material. I also took memos to record reflections (both during the interview
process, and after all interviews were complete; using operational approach by (Corbin & Strauss,
2008; Chametzky, 2023)), highlighted unclear arguments, identify emerging categories, and
considered connections between categories, as well as between the empirical work and relevant
literature on responsibility (including philosophical literature, and policy documents outlined in

Chapter 5).

To further analyse the transcripts, I employed ‘open coding,” and used brainstorming to develop
codes that allowed for multiple interpretations of the data (Corbin & Strauss, 2008). After open
coding, I then used ‘conceptual coding,” which is the process of grouping the open codes into

broader categories (Corbin & Strauss, 2008).
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Due to the structured nature of my interview guide (Table 10), I started this process by dividing
my open coding into two sections. In Section One, I created a coding scheme to describe the
participants' roles in schools (both individual and shared), and in Section Two I explored their
arguments for or against the level of responsibility which they hold for students’ mental health

within the school.

Then, during the conceptual coding phase, my coding scheme for Section One was split into two
further sub-sections. The first included type of responsibility (e.g. prediction, prevention, and
referral), and the second explored the framework of responsibility which was used by the teacher-
interviewees (e.g. no framework, legal framework, beyond legal framework). Section One’s focus
was on what participants described as their roles in schools. In contrast, Part Two focused on why
participants perceived responsibility as they did, and the coding for this involved more abstract
names (taken from earlier chapters and top-down data from philosophy and education, particularly

as it relates to barriers already identified within the thesis).

While engaging in both open and conceptual coding (particularly open coding), I used ‘analytic
induction,” to validate findings (Silverman, 2017). Specifically, analytic induction includes
constant comparison, as well as deviant-case analysis, which allows me to compare data within

and between transcripts to test my research questions and emerging hypotheses.

Constant Comparison: Within qualitative methods, constant comparison is used to analyse data
continuously throughout the research process (Glaser & Strauss, 2017). It is a central feature of
grounded theory but is also applied in other qualitative methodologies. The idea is to continuously
compare pieces of data with one another to identify patterns, similarities, and differences. Pieces
of data can include incidents, quotes, and/or coding concepts, either between or within interviews.
It is important to note that this is not a linear method, but rather an iterative process, where when
new data are collected, they are immediately compared with previous data to identify evolving

patterns (or contrasting pieces of evidence) (Silverman, 2017; Glaser & Strauss, 2017).

Deviant-case analysis: This is sometimes referred to as negative-case analysis (Hanson, 2017).

Deviant case analysis is a methodology which enables me to explore interviews (or specific data
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points) that deviate from the norm or contradict the initial patterns or hypotheses that are being
developed in my earlier analysis (Hanson, 2017). The goal for this is to constantly challenge (and

thus improve) my overall hypothesis.

In addition to using constant comparison and deviant-case analysis within my interviews, the final
step of my methodology was in line with Dunn et al. (2012) who suggest that participant arguments
(in this case, teacher arguments) must be subject to regular philosophical scrutiny. This simply
meant checking whether participants’ claims aligned with the core philosophical definitions
developed earlier in the thesis; where a view clearly conflicted with these conceptual foundations,
it was (a) recognized, but (b) not used to shape the normative argument. This ensured that the

empirical data informed, but did not determine, the ethical conclusions.

Ultimately, the above methodological process allows for the integration between empirical and
philosophical data, and ensures that, at the end of analysis, I have a coherent understanding of
teachers’ attitudes on how EdTech should be used for suicide prediction (an understanding that is
in line with both universal bioethics standards and empirical data on the teachers’ views). This, in
turn, hopes to answer the thesis’s primary research question: What responsibilities do teachers and
schools have when using technology for suicide prediction, and how do these compare to what

their responsibilities should be?
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Figure 11

Coding Scheme, What are Teachers’ Roles and Responsibilities?

Teacher Responsibility

A
i N

Type of responsibility Responsibility Framework

Beyond legal
framework

Prediction Prevention

(enhanced)

Figure 12

Coding Scheme, What are Teachers’ Reasons for Responsibility?

Source of Responsibility

Workload and Emotional
Prioritization Availability

6.2. Results

As outlined in Figures 11, to answer the question, “what are teachers’ roles and responsibilities,”
the results are organized to show how two analytic dimensions relate to one another. The first
dimension concerns the types of suicide-related responsibilities teachers take on in schools:
prediction, referral, and prevention. The second-dimension concerns whether (and how) teachers

draw on any clear framework of responsibility in carrying out these responsibilities. These
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frameworks fall into three categories: (1) the absence of a clear framework, (2) alignment with
existing legal or ethical frameworks discussed earlier in the thesis, or (3) the adoption of an

‘enhanced’ framework that goes beyond formal requirements.

While summarizing the first section of my results (6.2.1), I map these two dimensions onto each
other. In other words, for each of the three responsibility types (prediction, identification, and
referral), [ examine whether teachers describe acting simply ‘because it’s what they do,’ or whether
they understand their practice as tied (explicitly or implicitly) to one of the responsibility

frameworks (‘legal’ or ‘enhanced’).

Third, the results section explores whether teachers identify any casual, or mediating factors in
their definitions of responsibility. This includes contributing and mediating factors that influence
the extent to which teachers feel responsible, such as workload, prioritisation (which links to the
previous chapter’s discussion of political and economic constraints), emotional availability, job
title, and school ethos. Figure 13 and Table 11 below provide an overview of these themes, and

the subsequent sections analyse each dimension in greater depth.

Figure 13
Flowchart lllustrating What Contextual Factors Shape Teachers’ Responsibility Practices
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Types of Responsibility and Factors Shaping Teachers’ Role Perceptions, with Illustrative Quotes

while academically focused schools
reinforce narrower boundaries.

Category Theme Description Ilustrative Quote
Teachers universally see themselves
Type of Identification as responsible for noticing early signs | “We’re the first point where we
Responsibility of poor mental health or emerging might flag or notice signs.” (P10)
risk, consistent with DfE guidance.
Teachers emphasise that « , . .
. . L We can’t contain these issues on
Referral / identification is only the first step: . -
Type of . e our own... making sure it’s
o e Working responsibility is shared through
Responsibility . passed on to somebody else very
Together referral to other professionals or . »
quickly.” (P14)
teams.
A smaller subset extend their role “I step in at moments where
Type of Prevention into active prevention, either through | things are too much... You are
Responsibility curriculum work or emotional another trusted adult who can
support in high-risk moments. support them.” (P17)
Teachers’ willingness to take on “We do have so much that we
Factor enhanced responsibility is shaped by | need to deal with... there does
Explainin Workload and | curriculum demands and time need to be a really clear line
Vagia tiong Prioritisation constraints, which limit their capacity | drawn between I am here to teach
to engage deeply with student English and they are there to look
wellbeing. after wellbeing.” (P11)
Teachers vary in their emot19nal “I steer clear of the pastoral stuff
Factor . capacity to manage pastoral issues; .
. . Emotional . . because I find it extremely
Explaining - some find such work fulfilling, while . L ”
. . Availability A . emotionally draining and loaded.
Variation others avoid it due to emotional load (P11)
and risk of burnout.
Role anq q§s1gnat10n shape . “Any teacher has a responsibility
responsibility: pastoral or leadership .
Factor . for safeguarding, then as part of
. . . staff see themselves as holding .
Explaining Job Title . . the leadership team... that
o enhanced safeguarding roles, while o .
Variation responsibility is enhanced a little
classroom teachers tend to adopt a S
. bit.” (P10)
narrower remit.
School culture influences teachers’
Factor sense of responsibility: wellbeing- “It probably comes into the ethos
- oriented schools encourage broader of the school... you tend to soak
Explaining School Ethos . . .
Variation engagement with mental health, up what the school is expecting of

you.” (P15)

6.2.1. Responsible for Identification, Referral, and/or Prevention

The first set of interview questions explored teachers’ perceptions of their roles in monitoring

student mental health. The findings are summarised in the table above, which outlines three

primary types of responsibility: prediction, referral, and prevention of suicide. In this section, I

further examine which aspects of responsibility teachers perceive as solely theirs, and which they

view as shared.
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In addition, as this is an empirical bioethics project, the qualitative data are also used to reflect
back on earlier normative and policy findings. For example, in the document ‘Mental health and
behaviour in schools: Departmental advice for school staff’, the Department for Education (2018)
argues that teachers are key adults in adolescents’ lives that may see the first signs of emergent

mental health difficulties, including suicide and self-harm.

6.2.1.1. Identification

All teachers within my sample agreed with the DfE, in that they all argued that teachers play an
integral role in identifying poor mental health, or risk factors for poor mental health, and then
referring that student to another organisation/team (usually the school or council safeguarding
team or an external agency). For instance:

We’re the first point where we might flag or notice signs that would then be passed on to

the safeguarding team. (P10)

1 think responsibility just means an awareness and being able to identify what is, if you like,
typical neurotypical from the neurodiverse from the not quite adding up from the something
is happening that's ... Or spotting, even just maybe kind of an acute incident that's happened
or... I think everybody does have an awareness, it's part of teaching, you wouldn’t go into
teaching unless you were prepared to take on that. And it's just a vigilance, I think, of just
noticing when something is different. Not necessarily different bad, could be different good
or just different. And just not necessarily raising the alert to everybody, but just being
mindful of the fact of what the next step should be. (P14)

Teachers’ responses regarding their roles in identifying ‘at-risk’ pupils were closely aligned with
existing legislation and policy, with participants frequently referencing official documents to
support their views (including documents which came up in Chapter Five’s literature review, e.g.
KCSIE; Department for Education, 2020). For instance,
We're legally being held responsible as well. If something perhaps was revealed to me or
if I saw something and then didn’t go the proper route about reporting it, I would then be

held legally responsible as well. (P15)
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6.2.1.2. Working Together (Through Referrals)

Teachers, by and large, do not see their ‘identification’ role as siloed. Instead, interviewed teachers
regularly bring up the need to work with other groups on high-risk cases. This method of sharing
responsibility is consistent with the philosophical and legal literature (e.g. statutory guidance,
discussed in Chapter 5).
And also, not keeping it to yourself. I'm very big on making sure it's passed on to somebody
else to share it very quickly. I don’t think we can keep... We can't contain these issues on
our own, we're not... You know there are so many people looking after our students that

one person alone really is unlikely to be able to solve their problems. (P14)

Most teachers consistently maintained that there is a clear division of responsibility: teachers are
expected to identify and refer students at risk, while other professionals are responsible for
intervention. This perspective aligns with education policy documents, as discussed in Chapter 5.
For instance, according to the 2018 DfE report titled ‘Mental Health and Behaviour in Schools,’
while teachers are required to make referrals if they suspect a student is at risk of poor mental
health, they are not legally obligated to assess, diagnose, or provide ongoing social or emotional
support.

So, my solution would be employing more people to do like school counsellors and people

trained in this software whose role it is to deal with that and leave teachers to teach, whilst

also having good relationships with the students. It's a delicate balance. (P11)

However, despite this clear guidance from the DfE, some literature (e.g. O’Reilly et al., 2018),
shows that, in practice, these seemingly separate responsibilities are often blurred, and teachers
often go beyond making referrals, into prevention. This trend also emerged in the interviews, with
some interviewed teachers appearing to blur the boundaries of responsibility, viewing their role as

extending beyond only making referrals.

6.2.1.3. Working Together (Beyond Referrals, Into Prevention)
More specifically, while there was a consensus that, in practice and by law, teachers are responsible

for the identification and referral of risk, some teachers who were interviewed believed that
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teachers are also responsible for additional tasks, including the prevention of suicide in cases of
high risk students. This often took the form of actively supporting student mental health, such as
developing PSHE curricula or leading school-wide awareness initiatives (as in the first quote), or
working directly with student groups to manage emerging concerns (as in the second quote):

Being responsible would mean for me, before it ever becomes an issue, education for the
students around their mental health and trigger possible issues with mental health. So, that

might be increasing links with mobile phone use, positive friendships and relationships in

schools. (P10)

If some of these issues are arising out of friendship disputes and things like that, offering
a different perspective which is almost therapeutic because it takes them out of their own

experiences and you then give them a different inflexion. (P17)

This also includes teachers who see their role as extending into prevention only at certain moments.

As the participant below illustrates, some teachers straddle the line (e.g. primarily referring

students, but stepping into prevention during what they perceive as ‘big’ or critical moments).
And then intervening at moments where [ feel like maybe things are too much or if there
are difficult things going on... So recently there was an incident at school which meant that
a number of my tutees were very unhappy and upset about it. You are then also another
trusted adult who can kind of look after them and look out for them and support them too.
So, I do a bit of both. (P17)

6.2.2. Why are there differences?

Overall, the previous section (6.2.1.) identified three main perspectives among teachers regarding
their role for suicide prediction: identification (endorsed by all teachers), referral (endorsed by
most), and prevention (endorsed by very few). However, not all teachers interviewed hold an
“enhanced” view of responsibility that goes beyond the legal requirements set out by KCSIE.
Therefore, this explores the reasons teachers gave for adopting (or rejecting) these different

conceptions of responsibility.
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First, to fully outline the differences in role perceptions emerging from these interviews, a specific

tension arose between two categories of teachers, as illustrated on the next page:

A lot of people tend to think that vs  Obviously we all care very deeply about the

teaching is the most important thing children that we deal with, but I think there

that you do, but actually it’s the child, does need to be a really clear line drawn

it’s wellbeing and the safeguarding of between I am here to teach English and they

the child (P15) [safeguarding team] are there to look after
your wellbeing (P11)

More broadly, the first quote advocates for an integrated approach to education and care, where
safeguarding may take precedence over a teachers’ academic role. Contrarily, the second stresses
the importance of delineating responsibilities between teaching and wellbeing, arguing that the

teacher's responsibility is teaching, while safeguarding and wellbeing are designated to specialised

staff?3,

Why are teachers divided in the ways illustrated above, and have a fundamental difference in what
they think the role of a teacher should be? In addition, what problems may arise from these
different views about enhanced monitoring roles, e.g. what may happen to students and teachers if

a teacher takes on a minimalist vs enhanced view on responsibility?

In a previous study on stakeholder responsibility for adolescent mental health, O’Reilly et al.
(2018) identified the following key themes to explain why many teachers rejected this ‘enhanced’
responsibility that went beyond identification: lack of capacity (including funding and time),
teacher skills (such as limited training and knowledge), and secondary stress or burnout. In

addition, the previous chapters of this DPhil, particularly the Systems Analysis in Chapter 5,

Btis important to note that teachers so far are only divided on whether they should be responsible for any ‘enhanced’
mental health monitoring roles beyond their statutory requirements (e.g. prevention or active monitoring). All teachers
are clear they have the basic responsibility of reporting.
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suggested that factors such as the UK’s current economic and political landscape may play a

significant role.

Similar themes emerge from my data. More specifically, four themes emerged from the data, and
these themes provided the ‘reasoning’ behind how and why there were two sets of teachers: those
who held this ‘enhanced’ idea of responsibility, and those who did not. These themes are workload

and prioritisation, emotional availability, job title, and school ethos.

6.2.2.1. Workload and Prioritization
A teacher's responsibility for monitoring students' suicide risk is significantly impacted by their
workload and prioritization challenges, as many educators struggle to balance various demands,
including curriculum demands, external reporting, and standardized testing. With these competing
priorities, teachers may find it difficult to allocate sufficient time and attention to monitoring
students' mental health effectively. Consequently, the pressure to manage a heavy workload can
limit their capacity to engage deeply with students' emotional needs. This is illustrated by the quote
below:
without sounding dispassionate or unsympathetic, we do have just so much that we need to
deal on a day-by-day basis and to have that taken out of our hands, just allows us to get
on with our jobs. Obviously we all care very deeply about the children that we deal with,
but I think there does need to be a really clear line drawn between I am here to teach

English and they are there to look after your wellbeing. (P11)

The quote reflects a teacher's perspective on the balance between their workload and the
responsibilities of caring for students' well-being. The teacher acknowledges that, while they
deeply care about the students, the demands of their daily tasks are already significant. By
suggesting that certain responsibilities, such as student well-being, be handled by others (for
instance a DSL), it highlights the need for boundaries to manage workload effectively while

ensuring that students' well-being is appropriately addressed by the right professionals.

The current study is by no means the first to highlight the immense workload that teachers face.

Across various studies, teachers consistently report that their ability to engage with adolescent
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mental health issues is largely determined by their workload, and that many are over-capacity
(Dabrowski et al., 2025). Teachers argue that they lack resources including time or funding and
are often constrained by broader school-conditions and country-wide economic conditions. For
instance, schools have been significantly affected by the UK government’s policies of austerity
(Sims-Schouten, 2017) and struggle to provide adequate resources (e.g. enough teachers or
specialised support staff). As a result, teachers find themselves ill-equipped to manage complex

mental health issues, such as adolescent suicide, which require specialised attention and care.

6.2.2.2. Emotional Availability
Next, the interview data shows that a teacher's responsibility for monitoring students' suicide risk
is closely tied to their capacity for an emotional load, as those who are more emotionally available
are often better positioned to provide the support needed. However, engaging deeply with students'
mental health can lead to emotional burnout, especially if the teacher is already managing a high
workload or feels overwhelmed by the emotional demands. The interviews (as illustrated by the
quote below), make it clear that this responsibility requires careful consideration to prevent
burnout while ensuring that students receive the necessary care and support.
1 tend to steer clear of the pastoral stuff because I find it extremely emotionally draining
and loaded. So that's a personal choice that I've made. So, steer more towards the
curriculum, academia side of it, but massive respect for everyone who does deal with the

pastoral side of things. And thank god they're there. (P11)

According to the academic literature, engaging with others' traumatic experiences can heighten
stress and anxiety (Devilly et al., 2009). Unlike mental health practitioners, who often receive
supervision or therapy to manage the risk of burnout, the teachers interviewed typically lack access
to these forms of support. As a result, when students disclose serious mental health issues, such as
self-harm or suicidal thoughts, teachers may experience a significant emotional burden, which

many feel ill-equipped to manage effectively.

Ultimately, the data (particularly the quote above), underscores the emotional toll that pastoral
care can have on teachers and reflects an understanding that different teachers may have varying

levels of comfort (or capacity) when it comes to managing students' emotional well-being.
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6.2.2.3. Job Title
A teacher's responsibility for monitoring students' suicide risk can vary based on their job title and
designation, with those in leadership or pastoral roles typically holding greater accountability for
safeguarding and mental health support. While all teachers share a general duty to ensure student
well-being, according to the interviews, it is clear that those in senior positions or with specific
pastoral duties are often more involved in the direct oversight and intervention regarding students'
mental health risks. For instance:
any teacher in the school obviously has a responsibility for safeguarding, then it’s part of
the leadership team obviously. But that responsibility is enhanced a little bit. As part of my

role, I line-manage the person who looks after one of the year groups in the school. (P10)

The above quote shows that, for those in leadership roles, there may be a stronger inclination to
engage with EdTech for suicide prediction because their roles already involve more responsibility
for student welfare (e.g. being directly responsible for a specific year group’s wellbeing). This
quote also illustrates the speaker's acknowledgement of a shared responsibility among all teachers

for safeguarding students, with an added layer of responsibility for those in leadership roles.

However, it is important to note that even these teachers might experience concern about the
emotional and professional burden of constantly monitoring students' mental health through
technology, as well as the risk of overstepping their professional boundaries, into the role of a
parent.
Parents play the main role, because they stay with their children 24 hours, you can say.
And a teacher, we may just stay with them maybe one hour or maximum two hour every
week. Because we don’t have lesson with them every day, maybe just twice a week. So
we 're with them maybe twice a week for one hour every time.. I feel the parents need to

play the main role. Parents need to have some training about it, I think, definitely. (P13).

Therefore, some may resist involving themselves too deeply in the use of such technology to
preserve their focus on educational responsibilities and have a clearer role between teacher and

parent.
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6.2.2.4. School Ethos
The way a school uses EdTech to predict suicide risk is closely tied to its ethos, or the values and
priorities that define its approach to education and student care. The interviews show that schools
with a strong focus on mental health, pastoral care, or those striving to become ‘wellbeing
champions’ (where student well-being and emotional health are central to the school’s ethos) may
be more likely to embrace technologies aimed at predicting and managing suicide risk. These
schools see mental health as a core responsibility and would naturally integrate tools that support
that mission.

it probably comes into the ethos of the school as well, because you do tend to soak up

that ethos and soak up what the school are expecting of you as well. (P15)

The quote above highlights how a school's ethos influences teachers' attitudes and practices.
Teachers absorb and adapt to the expectations set by the school's culture, meaning that in a school
where student mental health is a priority, staff may feel more inclined (or even obligated to) engage

with EdTech programmes which are used for suicide prediction.

Conversely, in schools where the focus is more academic or where mental health is not as
emphasised, there may be less support for using EdTech in this way. Teachers in these schools
may feel that their primary role is educational, and the introduction of suicide prediction
technology could feel like an additional burden that stretches their responsibilities beyond what

they believe is appropriate.

The importance of a school’s ethos in promoting positive behaviour and mental health has been
highlighted by authors such as Spratt et al. (2006a; 2006b). For example, Spratt et al. (2006b) have
seen clear differences between schools in which pastoral and mental health care were an integral
feature of discipline, versus schools who see these as two separate, unrelated systems, within a
school (e.g. within schools that see mental healthcare as a feature of discipline, interventions often

“inflamed the situation and led to escalation” (Spratt et al., 2006b, p.17).
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Yet, it is clear that a school's ethos does not play the only role in a teacher’s actions, and decision
on which intervention to engage. Spratt et al. (2006b) and Spratt et al. (2006a) found that,
regardless of whole-school ethos, the decision to respond to pupils’ behaviour, and decide which
intervention to enact, is held by the individual classroom teachers in which the ‘risky’ behaviour

is found.

6.3. Conclusion

In this chapter I investigated teachers’ role within the school, exploring teachers' perspectives on
their role in monitoring student mental health, specifically suicide. The first section examined how
this responsibility is currently implemented in practice. This included teachers’ roles in identifying
signs of poor mental health and referring students to appropriate support teams. Within the
interviews, it was clear that teachers consistently recognized their role in spotting potential issues
and reporting them, and followed government guidelines like KCSIE. However, the data found a
distinction between teachers’ basic responsibilities of identifying and referring issues and a more
extended view of a teacher’s role, which included suicide prevention and broader mental health
education. While there was general agreement on teachers’ statutory duty to report, opinions
diverged on whether teachers should undertake additional tasks related to mental health beyond

these requirements.

The second section of my results explored why teachers’ opinions diverged. The reasons behind
varying perspectives on teachers' responsibilities for mental health monitoring can be categorised
into four main themes:

1. Workload and Prioritisation: Teachers faced challenges balancing their heavy workloads
with mental health responsibilities. Competing demands like curriculum, reporting, and
standardised tests can limit their capacity to focus on students' emotional needs.

2. Emotional Availability: Teachers’ ability to manage students' mental health risks were
influenced by their emotional availability. Those who find pastoral care emotionally
draining, in general, had a preference to focus on academic duties.

3. Job Title: Responsibilities for mental health monitoring often aligned with the teacher’s

title. For instance, teachers in leadership or pastoral roles typically had a greater focus on
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safeguarding and mental health, whereas teachers in other roles, on average, felt less
inclined to engage deeply with these issues.

4. School Ethos: A school's ethos significantly impacts how EdTech programmes were (or
would be) adopted. Based on the interview results, schools that prioritise mental health and
well-being would be more likely to use such technology, whereas schools focused more on
academics may resist additional responsibilities that come with new monitoring

technologies.

6.3.1. Limitations

A limitation of this project is that I was not able to complete full inter-rater reliability, primarily
due to time constraints associated with the DPhil. Ideally, I would have conducted independent
double-coding of a subset of transcripts followed by a more systematic comparison and
reconciliation process. Nevertheless, I took several steps to mitigate this limitation. In the early
stages of analysis, I arranged a meeting with three other bioethics DPhil colleagues, during which
we all read the same transcript and then engaged in a facilitated group discussion. This session
involved an in-depth review of the themes each person identified, including both the consistent
patterns and the deviant or outlier cases. We specifically focused on developing hypotheses about
why the identified participant embraced a large degree of individual responsibility for their
student’s mental health. Through discussion, we ultimately realised that their unusually positive
stance was linked to the fact that they did not work full-time, which reduced factors such as
emotional burnout. This reflective process aligns with the approach taken in other DPhil studies

within the research group (e.g., Manzini, 2020).

In addition, samples of the interview data were presented and discussed at three academic meetings,
including the Australasian Association of Bioethics and Health Law (2023) and the Neuroscience,
Ethics, and Society meeting at the Department of Psychiatry (2024). These opportunities provided
further external input on my developing interpretations, reduced the risk of individual bias, and
strengthened confidence in several emerging hypotheses (e.g., reasons underlying discrepancies in

teachers’ sense of “enhanced” responsibility).
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Overall, this chapter presented the results of my empirical research. While it has some limitations
(e.g. sampling constraints and the absence of interrater reliability, listed above), it nevertheless
offers valuable insights into teachers’ views and values towards being responsible for suicide

prediction with new technology.

In the next chapter (Chapter 7), I will analyse the interview data in greater depth through the lens
of shared responsibility. This includes comparing and contrasting the qualitative interview findings
with earlier chapters, such as Chapter 5 (my analysis of education systems in which these software
programmes are deployed). By bringing these data sources (the mapping review, systems analysis,
and interviewing work) into dialogue and applying philosophical scrutiny, I aim to strengthen the
normative argument at the heart of this thesis (Dunn et al., 2012). Specifically, this asks, through
a shared responsibility lens, what responsibilities do teachers and schools have when using

technology for suicide prediction, and how do these compare to what their responsibilities should

be?
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Chapter 7. Shared Responsibility

The first six chapters of this thesis outlined the current ethical landscape around the use of EdTech
for suicide prediction (Chapter Two), the technological capacities of EdTech programmes used
within the UK (Chapter Four), the embedded use of these tools within the school and larger
educational structures (Chapter Five), and insights from teacher interviews, specifically focused
on what interviewees believe a teacher’s responsibility is when it comes to student mental health

and suicide prediction (Chapter Six).

Chapter Seven works to summarise and integrate the key ideas from the first six chapters, and uses
the framework of shared responsibility to answer the core (primary and secondary) research
question(s), specifically:

e What responsibilities do teachers and schools have when using technology for
suicide prediction, and how do these compare to what their responsibilities should
be?

e Given that teachers do not work in isolation (and that children are embedded within
multiple overlapping support systems), how might a model of shared responsibility
(involving teachers, clinicians, parents, technology developers, and/or the students
themselves) function? How should responsibility be shared (as indicated by legal,

policy, and ethical frameworks), and is it being done so in practice?

Using a framework of shared responsibility, Chapter Seven argues that while responsibility should
be shared (as indicated by statutory, policy, and ethical frameworks) it is not being effectively

implemented in practice.

This chapter draws on both theoretical and empirical evidence to explore the differences between
the philosophical concept of shared responsibility among parents, social services, and students and
its practical enactment within secondary schools. The chapter includes data from the teacher
interviews, systems analysis, and mapping review. Core themes that emerge from each of these
perspectives are presented across two subheadings. These two subheadings (and their associated

sub-headings) are:
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e 7.1 An Exploration of Shared Responsibility in Schools and the Use of EdTech
o 7.1.1 Discussing the Multi-Agency Approach
o 7.1.2 Examining Differences and Alignment Between Theoretical Shared
Responsibility and Its Enactment in Practice

e 7.2 Ethical Challenges Stemming from These Differences

By using EdTech as a case study (both in its current capacity and by exploring potential future
applications in school mental health), this chapter examines not only the limitations of shared
responsibility, as enacted in its current form, but also how these limitations may affect students
and society (Chapter 7.2). This includes effects related to broader issues introduced in earlier
chapters, surrounding student privacy, beneficence, autonomy, the clinical utility of such tools,
and their potential to discriminate against and/or to disproportionately harm certain groups of

students (originally outlined in Chapter Two).

For example: if teachers are responsible for using monitoring tools while collaborating with
parents, then the distribution of responsibility might look one way, and ethical concerns (e.g.
consent or privacy) might take on certain characteristics. Conversely, if teachers are the sole users
of the system, and interventions are confined within the school (e.g., excluding input from parents
or other stakeholders), then the distribution of responsibility and connected ethical issues could

look entirely different.

Throughout the chapter, I strongly advocate for a shared responsibility approach to suicide
prediction in schools, though not in its current, enacted form. I conclude this chapter by exploring
future scenarios of the use of EdTech for suicide prediction, specifically examining how the
introduction of virtual therapists may impact shared responsibility. By integrating different
scenarios of shared responsibility into the existing ethical literature on the impact of EdTech
programs for mental health more broadly, I demonstrate the scholarly significance and broader
implications of my research. Chapter 8 will build on this work by exploring the implications of my
research for schools, policymakers, and new legislation, while also reflecting on research gaps, the

latter of which informs future research directions.
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7.1. Whole School and Multi-Agency Approaches
The definition and distribution of shared responsibility in safeguarding student mental health is
growing in complexity as students and schools navigate increasingly intricate ecological
environments and education policies (Schuelka & Engsig, 2022). To account for these increasingly
complex ecological systems, schools are moving away from a model of individual responsibility
that is typically placed on an individual teacher or counsellor and embracing a model of shared
responsibility. Within school policy, this is usually classified in one of two different ways: a whole-

school approach or a multi-agency approach.

The whole-school approach to a school’s responsibility for mental health and wellbeing is
emphasised in current government guidance (Chapter 5) and includes mental health strategies
where the entire school community (teachers, staff, students, and families) collaborate to address
the needs of all students (Cefai et al., 2021). Although there is currently no legal requirement for
mandated reporting within schools, there is an expectation that school staff adhere to safeguarding
and reporting guidance (and growing political momentum toward making this a legal obligation in

the near future (Foster, 2025)%%)).

Meanwhile, a multi-agency approach, also outlined in ‘Working Together to Safeguard Children’
statutory guidance (HM Government, 2023), emphasizes that safeguarding is not only the
responsibility of a single teacher or of all school staff, but also that of external agencies, and
community organizations such as health services and police (Public Health England, 2021). This
move, to include a broad range of external agencies, also becomes especially critical for students
with severe or complex mental health needs, such as seen in cases of suicide, as they often require

a multidisciplinary support system that reaches beyond the school walls.

24 This movement towards mandated reporting being codified into UK law, and the impact of this research on the
(potential) change in legislation, is discussed in more detail in Chapter 8.
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Whole School v Multi-Agency Approach to Responsibility

students, and families) share
responsibility for their
students’ mental health.

Definition Example
Whole School | A form of responsibility Everyone in a school has clear safeguarding
Approach to where the entire school responsibility and there are clear guidelines in place
Responsibility community (teachers, staff, | so each party knows their responsibility in:

monitoring, intervention, data-sharing (and so forth).

Multi-Agency
Approach to
Responsibility

A collaborative approach
where different professional
organizations (e.g.,
education, health, social
services) work together to
support a child or family,
and have clear guidelines on
responsibility.

A child who is at risk of suicide is supported by a
team consisting of teachers, a school counsellor, a
social worker, and a healthcare provider, each
contributing their expertise and working together to
develop an individualized support plan. Sometimes
called ‘Team Around the Child’ meeting (Liverpool
Safeguarding Children Partnership, 2024). Within the
multi-agency approach there are clear guidelines in

place so each party knows their responsibility in:
monitoring, intervention, data-sharing (and so forth).

As seen in the definitions above, a multi-agency approach not only considers the roles of individual
agencies but also emphasises how these agencies interact with children and families to provide
coordinated support. An example of the multi-agency approach ‘in-action’ are multi-agency
planning meetings, for example a Team Around the Child (TAC) meeting, where professionals
from different sectors (including education and social care) are brought together with the student
and their family to create a coordinated care plan (outlined on council websites, including
Liverpool Safeguarding Children Partnership, 2024; Sutton Council, 2025). Other approaches to
multi-agency care could include integrated, online care platforms, allowing different stakeholders
to contribute data or input within the same software for more seamless collaboration, or data-

sharing agreements between organisations, such as the NHS, schools, and local authorities.

It is important to note, that typically multi-agency approaches focus on well-established

community organizations, e.g. the NHS and social care teams, which may fail to account for
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broader, less-established communities and new private partners, such as EdTech companies?,
which have been seen as critical actors within recent cases of EdTech for suicide prediction.
Therefore, the data collected in this thesis examined real-life examples of multi-agency approaches
to EdTech for suicide prediction, e.g. through data sharing across and within specific technological

platforms, highlighting these ‘less traditional’ actors, such as private technology companies.

While the first six chapters of this DPhil examine how a whole school/multi-agency approach
functions in practice (particularly in the context of mental health monitoring apps), this chapter
aims to collate these data points to answer two critical questions:
1. Do these real-life examples of multi-agency approaches to EdTech for suicide prediction
reflect the normative ideal of shared responsibility, particularly from a philosophical
perspective? (7.1.1.)

2. What are the limitations of the current multi-agency approach? (7.1.2.)

7.1.1. Differences / Alignment

Responsibility in schools is clearly being shared, to a certain degree, among multiple stakeholders.
For example, one interview participant noted: You know there are so many people looking after
our students that one person alone really is unlikely to be able to solve their problems. (Participant
14) But how is this responsibility being shared? And do ‘real-life’ examples align with the
philosophical ideal of shared responsibility?

This section examines whether real-life examples of multi-agency approaches to EdTech for
suicide prediction embody the normative ideal of shared responsibility. To address this, I first
describe the concept of shared responsibility, both as it comes about in the data and based on

bioethical theory, before analysing the extent to which these align.

2 Chapter Five discussed this changing policy landscape, and further argued that the development of a commercial
‘ecosystem’ of EdTech for suicide prediction has made this model increasingly complex. For instance, while
collecting more data may be helpful to predict risk more accurately, and sharing data between multiple parties (e.g.
schools, parents, law enforcement, etc) can lead to more integrated interventions, it also results in more stringent
(and complicated) scenarios.
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As outlined in Chapter Three (3.2), shared responsibility refers to the collective and distributed
roles of diverse stakeholders in achieving a common goal (as framed in the context of role
responsibility; Hart, 1968). It implies that responsibility is equitably shared across all participants,
each of whom has clearly defined roles and an active, collaborative role in decision-making
processes (Kon et al., 2016)%°. Crucially, this definition of shared responsibility requires active

engagement by all stakeholders to prevent the dilution or abandonment of accountability.

By contrast, the multi-agency approaches examined in this thesis focus on coordination between
multiple organizations or entities. While using a multi-agency framework can facilitate
information sharing and resource allocation, it does not necessarily ensure that responsibilities are
equitably distributed or that all stakeholders are meaningfully engaged (similar issues arise in other
forms of collaborative governance structures, explored in Ansell & Gash (2008)). Thus, while
these two concepts are often conflated (shared responsibility and multi-agency approaches to
safeguarding), they are distinct both in theory and practice, which can be demonstrated by the data
collected in this thesis. Specifically, the findings from the first six chapters of this thesis highlight
several critical discrepancies between the normative ideal of shared responsibility and the
implementation of multi-agency approaches in EdTech for suicide prediction, including: the
exclusion of key stakeholders (7.1.1.1.); lack of shared commitment (7.1.1.2.), the lack of clear
roles (7.1.1.3.), and the blurring of geographic boundaries (7.1.1.4.).

7.1.1.1. Exclusion of Key Stakeholders

According to the definition of shared responsibility laid out in Chapter Two, a fundamental
component of shared responsibility is the active inclusion, or engagement, of all affected parties
(Kon et al., 2016). However, the data from Chapter Four reveal that key stakeholders; most notably
students and their families, are often excluded from these EdTech programmes. For instance, while
some EdTech programs (e.g., Lightspeed, Smoothwall, Securly, and Impero) reference parental

involvement, this feature is inconsistently implemented and often limited in scope (described

26 A study by Kon and colleagues (2016), which discusses shared decision making in Intensive Care Unit, defines
shared responsibility as: “a collaborative process that allows patients, or their surrogates, and clinicians to make
health care decisions together, taking into account the best scientific evidence available, as well as the patient’s
values, goals, and preferences” (p.2).
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earlier in Chapter Four). Furthermore, none of the programs analysed allowed students to view or
contribute to their own data, despite the growing emphasis in the literature on incorporating
personal care networks (e.g., family, peers) into mental health interventions (Panaite et al., 2024).
Therefore, while EdTech systems are advertised to support collaborative mental healthcare,
Chapter Four findings indicate that these programmes often centralize control within specific
actors, such as school administrators or even the EdTech companies themselves. The exclusion of
students, in particular, marks a departure from the normative ideal, which prioritizes equitable and

inclusive participation by all stakeholders.

7.1.1.2. Lack of Commitment towards Shared Responsibility

In Chapter Two, when outlining an ‘ideal’ framework of shared responsibility, it became clear that
one of its core requirements was a shared commitment from each group to work collaboratively.
However, the data presented in Chapters Four and Six reveal significant ambiguities in how
different parties understand and value shared responsibility, and indicate that some stakeholders
lack a consistent commitment to working with others. The data does not suggest an absolute
absence of commitment from any particular group, but rather highlights specific practices that can
undermine the possibility of #uly shared responsibility and risk the dilution or abandonment of
accountability, if they were to continue. Specific examples of this from the thesis include EdTech
companies whose policies limit data sharing (Chapter 4), and some parents who, according to

teachers, resist engaging as collaborative partners (empirical data, Chapter 6).

With regards to the first example, Chapter Four shows that although the platforms analysed (such
as Impero and Lightspeed), collect substantial data on student behaviour, they rarely integrate this
information with broader health or education datasets. This fragmentation hinders collaboration
between stakeholders, making it difficult to establish who should act, when intervention is
necessary, and how responsibilities ought to be coordinated. According to the Digital Futures
Commission (2023), this limited data sharing is often driven by efforts to protect intellectual

property or comply with data protection regulations.
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In terms of my second example, as discussed in Chapter Five, teachers identify other parties (such

as parents) as crucial actors, yet often encounter resistance from them. For example, one teacher
described experiencing parental pushback in the following way:

1 think part of the broad pushback we've had from the parents is encroachment of the

school into the private family life. Even if it’s well intentioned, even if our motivations for

the policy and things like that is around supporting students with their social interactions,

with their mental health, and things like that, some parents’ pushback is around, you

shouldn’t be parenting my child. It’s my child and I'll do that as I see fit. (P10)

Both of these examples suggest that the issue may not be any specific group’s opposition to the
principle of shared responsibility, but rather to the practicalities of how shared responsibility is
currently enacted, and barriers that may limit each party’s commitment. These include the demands
of corporate profit, and debates over data sharing, which become particularly relevant in the

context of using EdTech software for suicide prediction.

7.1.1.3. Lack of Clear Roles

According to the Commission for Social Care Inspection (CSCI, 2005):
All the evidence indicates that children are safeguarded best where there is clarity and
understanding between different agencies about roles and responsibilities, underpinned by

good working relationships at all levels. (p.33)

As seen in the description above, a key component of effective shared responsibility is that all
parties clearly understand their own roles and responsibilities, as well as those of any other
agencies, in safeguarding. This includes not only each group’s individual duties and how those
intersect, but also the shared responsibility of working collaboratively. However, the data collected
in this thesis shows a lack of transparency and unclear role definitions regarding how teachers
collaborate with other groups. Unclear role definitions are seen throughout the data collected in
this thesis - in law, teacher interviews, and within the technology itself. For instance, in terms of
individual responsibility, to some teachers, it is unclear that teachers are expected to identify
students at risk for mental health concerns but are not legally obligated to conduct mental health
assessments or provide social and emotional care (Foster, 2025). These uncertainties extend

beyond teachers, as parents also play a crucial role in safeguarding but are not always clear about
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the responsibilities expected of them or how they should coordinate with schools. In addition to
these ambiguities, there is also limited clarity about how data generated through digital monitoring
should be interpreted and acted upon, including who is responsible for responding to flagged
concerns and what processes should follow. This further complicates attempts to establish coherent

and coordinated shared responsibility.

The interview section of my thesis showed that teachers think that the lack of clear roles may be
exacerbated by the use of technology, specifically. For example, Participant 10, in the quote below,
highlights the issue of unclear responsibility and the distribution of responsibility in safeguarding
within schools, particularly in the context of digital technology for suicide prediction.
If you're an everyday classroom teacher, you notice a concern, you pass it on to someone
else and then....you then take a step back away from it and you don’t necessarily see the
process that then follows. You’ve done your responsibility as a classroom teacher to pass
it on....Would having this digital technology, if it’s flagging up things more regularly, does
that have an impact on a teacher’s day-to-day responsibilities? Are they seeing more of

these things? And if so, what is the impact on that individual teacher? (P10)

According to this teacher, traditional safeguarding is a well-defined process: a teacher may identify
a concern, report it to the appropriate safeguarding lead, and then step back. This would indicate a
clear division of responsibility between teachers (who teach) and safeguarding leads (who are
responsible for interventions). However, according to the teacher interviewed, the introduction of
digital technology may disrupt this structure. For example, if teachers receive more alerts or are

expected to engage more in the follow-up process, their role may become less clearly defined.

The potential for EdTech to further complicate how responsibility should be shared is evident not
only in teacher interviews but also within the technology itself. Chapter Four, which analysed the
technology, revealed that while companies claimed their systems enabled multi-party
collaboration (e.g., between schools and external services), the specifics were often vague and
varied between providers. For instance, only one company, Smoothwall, explicitly outlined its
protocol for engaging emergency services: stating that emergency services would only be

contacted if a teacher could not be reached. In contrast, other programs were less transparent about
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when and how they would involve external services such as the NHS or police (see: Appendix

One).

Smoothwall’s protocol is also a clear example of a new party emerging within the safeguarding
process — the EdTech company itself. Because Smoothwall’s system actively scans, interprets, and
elevates risk (rather than passively storing data), and works with both teachers and emergency
services, the company itself (and those within it, including human moderators (if available),
engineers, and leadership personnel), inevitably becomes an actor within that process. Having an
EdTech company positioned as an actor in safeguarding raises significant ethical and legal
questions about the responsibilities Smoothwall (and other providers) hold, both as designers and

operators of safeguarding technologies, within the context of the larger safeguarding network.

For example, ethically, Smoothwall must ensure that its risk-detection algorithms are accurate,
that alerts are escalated appropriately, and that teachers are not placed in situations where system
errors could cause harm. Legally, Smoothwall and other companies operate within a complex
regulatory landscape shaped by data-protection law (e.g., GDPR), safeguarding statutory guidance
(such as KCSIE), and product-safety expectations, and will increasingly need to learn how to work

effectively with these regulatory bodies, and alongside other groups (such as teachers).

These examples show that, while theory shows there should be a clear distinction between teachers,
EdTech companies, and those who are mental health trained or designated safeguarding leads, in
practice, these boundaries often become blurred. This lack of clarity introduces further ambiguity
regarding responsibility, making it difficult for schools to understand where accountability lies

when an automated system becomes involved in a safeguarding process.

It is important to note, however, that blurred boundaries are not inherently unique to the context
of EdTech for suicide prediction, nor are they necessarily always a negative. Instead, the academic

literature acknowledges that role fluidity is common, particularly within multi-agency teams.

According to Frost & Robinson (2007),
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as professionals move between communities in the workplace, professional identity is
renegotiated, integrating forms of individuality and competence through participation in

work activities (p.186).

According to Frost and Robinson (2007), as well as other theorists they drew on for their
conclusions about multi-agency responsibility (e.g. Wenger, 1998), roles within multi-agency
safeguarding teams are frequently re-negotiated over time. These changes are influenced by
professionals' practice, participation (including shared experiences), and procedures for mental
health identification (Frost & Robinson, 2007). These revised roles are often necessary for the full

team to adapt to the child's changing conditions and provide adequate care.

Therefore, while the data in this thesis suggests that teachers face uncertainty about their roles and
responsibilities in predicting suicide risk (potentially raising concerns and negatively impacting
the care of students) it also highlights the regular re-negotiation and adjustment of roles over time,
particularly among those teachers who hold dual positions (e.g., as both a maths teacher and a
SENCO). Whether this reflects a routine process of role re-negotiation, necessary for providing
adequate care, or a more troubling trend of increasing complexity in school mental health,
especially with the introduction of technology, these shifts have ethical implications for both

teachers and students.

Helping teachers adapt to changing roles around mental health and responsibility, particularly in
relation to new technology, might be supported through improvements to teacher training.
Although a detailed examination of teacher training lies beyond the scope of this thesis, it is
important to note that several teachers raised concerns about the adequacy of the training they
receive. While safeguarding training should be delivered on a recurring basis, often annually,
teachers reported that such sessions do not always provide sufficiently clear guidance about role
boundaries, shared responsibilities, or how emerging tools such as digital monitoring should be
managed. Instead, teachers are often required to make independent judgements or learn through
their own trial and error.

And so the training leaves a lot on the shoulders of individual teachers to make the

Jjudgements which also yes, you can say comes with experience and comes with time but
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then is also very difficult to inculcate new teachers particularly or indeed in teachers who
are very fixed in their ways because they've been working in a certain environment or a

certain ways for a long, long time. (P17)

Teachers suggested that these gaps in training are frequently the result of financial and time

limitations.

The financial requirements shall we say, get tighter and tighter and tighter and funding
gets less and less and less and they're expected to do more with it. And actually, in order

to be able to get effective training a lot of the time you need that money to do it. (P15)

7.1.1.4. Blurring of Geographic Boundaries

The role of the teacher is often confined within the physical boundaries of the school, with
responsibilities traditionally defined by that geographic context. However, the introduction of new
mental health EdTech tools blurs these boundaries: between school and home, and thus also
between teachers and parents. In many ways, the introduction of new technology shifts
responsibility away from being strictly context-dependent (e.g., teachers at school, parents at home,
clinicians in hospitals) and instead assigns teachers a more context-independent role in monitoring

students’ mental health.

According to a report by the Centre for Data and Technology (CDT, 2022, p.24): “nearly half of
students and teachers in schools that use student activity monitoring report that this monitoring
takes place outside of school hours. Only 45 percent of teachers report that student activity
monitoring is limited to when school is in session.” In addition, in the United States, Laird et al.
(2022) showed that 65% of teachers reported monitoring student activity beyond the classroom,
for example that the school continued to monitor student internet usage at home, and that the

majority of reports were occurring outside of school hours.

Does constant monitoring equate to teachers being held constantly responsible? Within interviews,
teachers expressed that they view their teaching responsibilities as being limited by time and space.

Specifically, they believe they should not be held accountable for scenarios involving EdTech
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platforms like CommonX (the fictional example of an EdTech company discussed within
interviews to avoid bias) when reports or incidents occur outside of work hours or outside the
physical school environment. Their responses reflect a concern that tools like CommonX are
increasingly blurring the lines between teachers’ school duties and personal life, creating an
encroachment on their time and responsibilities beyond the classroom, and they would find this
difficult to navigate. For example, within the interviews, one teacher referred to navigating the use
of home-based internet usage as “tricky,” especially when it comes to understanding where their
responsibilities lay in comparison to parents:

I guess there’s a crossing a boundary between the school and the parent, and I think we

would find tricky, particularly if it’s on a personal computer (P14)

7.2. Ethical Challenges

The instances outlined above (where the ‘ideal’ model of shared responsibility is not fully realised
in the current landscape of teachers using EdTech for suicide prediction), raise a number of clinical
concerns. For example, in the context of mental health monitoring, where immediate action is often
required, role ambiguity, lack of shared commitment, and the exclusion of key stakeholders can
result in delayed responses or, in the worst cases, serious consequences such as a student’s death.
Beyond concerns over the clinical utility of monitoring tools, these instances raise ethical issues
introduced in Chapter Two and the literature review, such as student privacy, beneficence,
autonomy, and their potential to disproportionately harm or discriminate against certain groups of
students (described in more detail in Chapter Two, and by activists and scholars including (ACLU,
2023; Gomes de Andrade et al., 2018; Meredith et al., 2018; Reilly, 2017; Warren & Markey,
2022).

In the following section, I demonstrate how the instances highlighted above (where the multi-
agency care model falls short of a ‘gold standard’ of shared responsibility) are directly linked to
specific ethical concerns. This includes: (1) the impact of unclear roles on the medicalisation of
the classroom, (2) conflicts of interest among stakeholders, and (3) the exclusion of key

stakeholders, which raises fundamental concerns of justice.
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7.2.1. Medicalisation of the Classroom
A key difference between the current case and the ideal definition of shared responsibility is the
lack of clear boundaries between each party’s roles (explained further in section 7.1.1.3). While
both the law, and teachers themselves, emphasised the need for role clarity, teachers often found
themselves uncertain about their responsibilities, with roles becoming blurred. As a result, the
teachers interviewed frequently took on additional duties, such as that of a counsellor/therapist.
The ethical implications of this are discussed extensively in education and sociology literature as
part of ‘the medicalisation of the classroom’ / ‘the medicalised classroom’ (e.g. discussed by
Cohen et al. (1983) and expanded upon by Petrina (2006)). These scholars critique how education
is increasingly framed as a psychotherapeutic practice, shifting responsibility for mental health

interventions from clinicians to educators.

In addition, beyond teachers, when monitoring extends into students' homes (e.g. by tracking
search queries on personal devices), parents are inadvertently recruited into this medicalised
framework, becoming de facto mental health gatekeepers. For example, the software Impero /
Ativion (discussed in Chapter 4), which allows parents to track and monitor their children’s
devices. This added responsibility can place undue stress on families, particularly those with
limited resources (time, economic or otherwise). According to Participant 14,
There are some parents that are incredibly invested and have lots of time. And there are
other parents that either because they're incredibly busy or because they're very remote. 1
mean I don’t mean just geographically remote, but perhaps their working hours are such
that they can't get involved in the day-to-day life of their son or daughter. And that’s why

they 've sent them to us, the responsibility lies on us. (P14)

Technology companies also often end up playing a medical role in the example of EdTech for
suicide prediction. By embedding predictive risk models within their platforms, they position
themselves as stakeholders in student mental health, even while remaining classified as a ‘non-
medical device’ (defined by Nehme et al. (2024, p.1) as “informational tools that do not handle
patient data or provide recommendations for treatment or diagnosis™) to most regulators (similar

statements have also been made about Chatbots, e.g. by Nehme et al. (2024)).
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Results from this DPhil show that in UK schools using EdTech for suicide prediction, teachers,
parents, and technology companies play key roles in interpreting algorithmic risk assessments and
making intervention decisions. However, they are not trained mental health professionals and may
lack the expertise to assess or diagnose suicidality accurately (Ball & Anderson-Butcher, 2014).
This reliance on non-clinical staff raises concerns about the validity of risk predictions, leading to
the possibility of false positives (leading to unwarranted distress and unnecessary interventions),

or false negatives, which could result in missed warning signs.?’

7.2.2. Contflicts of Interest

Two factors may contribute to conflicts of interest in the use of EdTech for suicide prediction.
First, the multi-agency approach (where multiple parties are involved in a child's care) introduces
the potential of tensions between the roles of different groups. Second, the multi-functional nature
of the technology (whereby one software is used to assess multiple risks and track metrics like
attendance) adds a further level of complexity and conflict. Addressing both the multi-agency
approach and the multi-functional nature of the technology is essential to understanding, and

mitigating, ethical challenges related to conflict of interest.

For instance, Chapter Four highlights the role of private companies like Impero/Ativion in shaping
school mental health practices. While these organisations play a central role in monitoring student
behaviour, their prioritisation of business objectives (e.g. the need to profit from student data)
raises concerns about the alignment of their goals with the wellbeing of students and clinical best
practice. In practice, business objectives may involve not only the commercial need to sell their
programmes but also the potential for companies to benefit from the data itself, for instance
through its use in the development of new Al-driven tools, or for advertising. Although companies
operating within the UK are formally bound by data protection and privacy regulations (e.g.

GDPR), questions remain regarding the extent to which such frameworks meaningfully constrain

27 The timing of alerts further complicates the effectiveness of interventions. In some cases, a school counsellor may
receive a high-risk notification at 8 PM, raising questions about the feasibility of providing immediate support
outside school hours. Without a coordinated crisis response plan, students flagged as high risk may remain
vulnerable overnight, highlighting the need for clearer protocols and external mental health partnerships.
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how student data can be repurposed, especially when platforms operate across medical (/mental

health) and commercial boundaries.

The tension between data as a commodity and data as a common good is explored in multiple
research papers, including Galetsi et al. (2023), who examines this ethical tension within medical
apps, and Kaplan (2016) who considers ethical concerns about the commodification of wellbeing
(and student mental health information which comes from ‘big data’ sources becoming a resource
for technological development). These concerns also raise broader questions about transparency
and accountability, particularly given that public money is used to procure such systems. In
Chapter 8, I provide recommendations to address this issue, including the suggestion of greater
regulatory oversight and clearer requirements for companies to disclose how data is being used,

shared, or integrated into product development.

The risk of conflict of interest is further compounded by the dual use of EdTech for both mental
health support and behavioural management, as well as for functions related to law enforcement.
As explored in Chapters One and Two, schools and other agencies often use the same programs
for suicide prevention while simultaneously deploying them for protest surveillance. For example,
take the scenario below, where School Z relies on law enforcement as a key resource for
intervention, illustrating how these overlapping roles can blur the boundaries between education,
healthcare, and policing. (Please note, this scenario is different to that shown to interview subjects

in Chapter 6).

Current Scenario

School Z has been using the software CommonX to filter online content and predict risk
of suicide, behavioural issues, and bullying. On a Thursday evening at 8pm, the school
counsellor receives a message to say that one of their students has been deemed high
risk of suicide, and has been googling firearms, alongside the phrase “I want to die.”
The school has a data-sharing agreement with the local police force, and therefore this
technology sends an alert to the police to go visit the student at their home. The police

arrive within an hour.
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This example shows how a system that flags multiple types of risk (for example self-harm or
aggression) and is sometimes used for other purposes (such as protest surveillance or anti-
terrorism) can unintentionally trigger responses from different agencies. This can increase the
chance that a student who needs mental health support is directed toward a behavioural or even

criminal intervention instead of appropriate clinical care (Collins et al., 2021).

In addition, this example shows how issues arising from conflicts of interest may also extend to
broader ethical questions about justice. For instance, there is a potential risk of criminalising
mental health issues for students of colour. Research, such as that by Auguste et al. (2023)
highlights that psychiatric illness and violence are often conflated in ways that unfairly impact

young people of colour, resulting in both stigmatisation and uneven rates of criminalisation.

Ultimately, this section highlights two key tensions: (1) between the differing agencies within
multi-agency safeguarding teams, and (2) between the dual purposes of the technology itself. It
illustrates these tensions through two examples: the conflict between profit and care (i.e.,
commercial vs. safeguarding actors) and the conflict between criminalisation and care (i.e.,

teachers vs. law enforcement).

7.2.3. Single Data Controller

In some examples of EdTech for suicide prediction, responsibility may be technically shared, but
unevenly distributed. This means multiple stakeholders are involved in a child’s care, but control
ultimately rests with a single data controller or decision-maker. For example, a suicide prediction
tool might centralize responsibility by designating a single data controller, such as a school
administrator, who determines when and with whom to share data that is collected on the EdTech
programme, or the technology company itself, who collects data and then, using an automated
system, decides (a) whether data should be shared, and (b) which parties it should be shared with
(See Figure 14).
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Figure 14

Software Companies as Gatekeepers of Student Data
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The exclusion of parties in favour of a singular data controller is already occurring within the use
of EdTech for suicide prediction, as discussed in Section 7.1.1.1. Livingstone et al. (2024) argue
that, in instances where companies have this power of data control (or, what they refer to as a
'stranglehold’ on data), ethical issues such as privacy and safety arise. Although it may seem
intuitive that fewer groups accessing data could enhance privacy, the reality is more complex.
When companies hold the majority power to control data, the risk to privacy can increase,
especially if their data regulation policies are poorly written or weakly enforced. As Livingstone
et al. (2024) note, data regulation policies are being increasingly weakened in the UK; “in post-
Brexit UK, a revised data protection regime is proposed that weakens the provisions of the UK
GDPR, purportedly to reduce the regulatory burden for business, arguably at the expense of
children's rights” (p.5). Furthermore, excluding actors further from decision-making processes not
only limits their agency but may also violate the principle of justice, as it denies young people the
opportunity to contribute to interventions that directly impact on their lives (Livingstone et al.,

2024).
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By centralising control within a limited group of actors such as EdTech companies, current
frameworks may also fail to respect the autonomy of students’ families, diminishing their agency
in addressing mental health concerns. Interview data from Chapter Six indicates that teachers
observe a shift in parents seeking greater agency, expressing frustration when they feel excluded
from decisions about their child’s wellbeing. As one teacher recounted, “God forbid the worst
happens and the parents hadn’t been informed, you can just imagine, can't you? Like how dare
you? Why didn’t you disclose this to us at the time?” (P12). Another teacher relayed a similar
sentiment from a parent who insisted, “You shouldn’t be parenting my child. It’s my child, and I'll
do that as I see fit” (P10). Together, these accounts highlight the tension between collective
decision-making and individual agency. This is what Nollkaemper (2018) refers to as the duality

of shared responsibility.

Ultimately, as previously discussed in this thesis, the same software may be used very differently
within different schools. These differences (in how the software is used) may depend on factors
such as the school’s leadership structure, existing mental health policies, and available resources
(discussed further in Chapter Five). With thousands of schools across the UK using these
programmes, differences in school structure can lead to thousands of unique cases, each with their
own unique ethical dilemmas around justice, conflicts of interest, consent (and so forth). It is
crucial to consider these factors now to develop an ethical framework for evaluating future

iterations of this technology, especially as they become increasingly autonomous.

7.3. Increasingly Autonomous Systems

New software updates may further complicate ideas of shared responsibility, and thereby also this
DPhil’s ethical analysis. For example, schools may, in the future, integrate EdTech with virtual
counselling services, as is the case in the United States with the software Gaggle (expanded to
offer virtual therapy in September 2020) (Gaggle, 2025), or fully automated conversational agents
(chatbots; e.g. Woebot, Joy, or Wysa; Kretzschmar et al., 2019)), or other non-human virtual
therapists (e.g. Al).

I therefore conclude Chapter Seven by suggesting a future scenario, in which virtual, autonomous,

therapy is integrated within UK schools, and suggest ways in which the introduction of this new
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actor (the virtual, autonomous, therapist) may impact both my model of shared responsibility and
ethical analysis. The inclusion of this future scenario in my analysis is based on the premise that
UK EdTech may evolve in a similar direction to that of technology within the United States,
making it a relevant example for exploring potential future developments in digital safeguarding
and suicide prediction. It is important to note that, although this scenario is similar to the one used
in Chapter Four (/interview guide), the additional element involving automated referral to a virtual
therapist was not included in the interview guide used with teachers, as it is not currently available
in the UK. As a result, while teachers discussed aspects of automated monitoring and digital
intervention more generally, I do not present data on their views regarding referral to a virtual

therapist specifically.

Future Scenario - The Virtual, Autonomous Therapist

School Y has been using the software CommonX to filter online content and predict risk
of suicide, behavioural issues, and bullying. School Y’s counsellor receives an email
update from the IT manager, saying that CommonX has a new add-on: virtual therapy.
Its use will be covered by the general IT privacy agreement which parents signed
earlier in the school year. Later in the week, on a Thursday evening at 8pm, the school
counsellor receives a message to say that one of their students has been referred to the
online counselling service. When the counsellor clicks the link attached to the email,
they discover that this student has googled “why does someone commit suicide” on
their personal home computer, and has already been scheduled to see a virtual,

autonomous, therapist.

Unlike the hybrid model used currently in UK schools, where teachers and counsellors interpret
algorithmic risk assessments, this model introduces a new layer: virtual mental health services.
While the introduction of a virtual therapist might seem to alleviate some of the burden on school
staff, it also raises questions about the division of responsibilities between educators, counsellors,
and virtual mental health services. Therefore, the following analysis is divided into two sections:

the first outlines how incorporating virtual, autonomous, mental health services (such as a Chatbot),
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may strengthen shared responsibility and mitigate some of the risks previously discussed; the

second explores how introducing additional autonomous agents could widen the responsibility gap.

7.3.1. Benefits

In the previous section, I connected EdTech for suicide prediction to the concept of the
‘medicalisation of the classroom,” where schools are increasingly positioned as spaces for
psychotherapeutic intervention. I also explored how, in addition to schools, technology companies
were also taking on roles traditionally held by mental health professionals. The integration of
virtual therapy into School Y’s safeguarding practices further extends the medicalisation of the
classroom and EdTech companies, specifically shifting from a model that relied on traditional

counsellors for care to one where therapy is embedded directly within the app itself.

It is important to consider the potential benefits of this model, particularly as it relates to the model
of shared responsibility considered throughout this thesis. The Future Scenario described on the
previous page could allow multiple points of entry to clinical care, particularly beneficial for
individuals without access to traditional healthcare, due to geographic, financial, or systemic
barriers (e.g. CAMHS waiting lists), as well as 24/7 access (Haque & Rubya, 2023; Khawaja &
Bélisle-Pipon, 2023). Additionally, the introduction of a virtual therapist might also allow for
greater autonomy of the individual person over their own medical care, particularly if users can
access the app independently and choose (/‘customise’) the type of professional they engage with

(Haque & Rubya, 2023; Khawaja & Bélisle-Pipon, 2023).

Furthermore, earlier sections of this thesis have highlighted teachers' concerns that EdTech could
assign them medical responsibilities for which they are not qualified. Incorporating a virtual
therapist within EdTech might help ensure that teachers are not held accountable for providing
care beyond their professional scope. Instead, responsibility would rest with this virtual therapist,

which could potentially be subject to regulation by healthcare professionals.

The final, and perhaps most important, (potential) benefit of the virtual therapist is that this type
of intervention may prove equally effective (or even more so) than current in-person therapeutic

programmes.
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Specifically, with regard to the clinical utility of virtual therapists, the introduction of a virtual
therapist introduces concerns about the effectiveness of the intervention. While this is a
hypothetical scenario with no effectiveness data, it is important to note that the current evidence
on the effectiveness of virtual therapists as compared to in-person care is inconclusive. Yet, some
individual studies are supportive of virtual therapists. For example, Marcelle et al. (2019) report
initial positive findings with platforms like BetterHelp, while Bulkes et al. (2022) suggest
telehealth is broadly comparable to in-person care. Others suggest that virtual therapists would be
less clinically effective than their traditional counterparts. For example, Prabhakar (2013) argues
that a virtual therapist (e.g. one hosted on a EdTech platform) may be less effective compared to a
traditional school-based approach as the virtual therapist lacks insight into the student’s school

environment, support network, and broader ecological system.

7.3.2. Growing Responsibility Gap

While this thesis focused on the roles and responsibilities of various parties in using EdTech for
suicide prediction, it focused on traditional partners such as teachers, the NHS, social services, and
the parents and families of students. However, the introduction of new technology for suicide

prediction, particularly more autonomous systems, further complicates these dynamics.

Some academics argue that the engineers who develop EdTech should be considered a distinct
party in the safeguarding process, collaborating with teachers, parents, and other stakeholders
while using EdTech as a tool (e.g. similar to urban robots; Nagenborg et al. (2008). Others,
however, argue that because these machines possess a degree of autonomy (e.g. they can modify
their own operational rules), responsibility cannot be assigned to the software engineers (Santoro
et al.,, 2008). Whether technology can be considered an autonomous actor (and thus if the
technology makers themselves should bear responsibility), remains a central debate in Al and tech
ethics. This raises important questions about where responsibility should sit within EdTech
companies, including whether it is the coder, the engineer, senior leadership, or another clearly
identifiable human agent who should be held accountable for the system’s actions. If neither the
technology nor any individuals are responsible, and/or if the roles of each party are not clearly

defined, then a ‘responsibility gap’ arises (Matthias, 2004). While responsibility gaps are more
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commonly discussed in accounts that define responsibility as accountability, and/or to discuss
“control misalignments” (Veluwenkamp, 2025, p.14), analogous responsibility gap may emerge
not only in terms of who is to blame after a failure, but in terms of who holds which duties in the

first place.

Matthias (2004), writes about the responsibility gap by saying:
presently there are machines in development or already in use which are able to decide on
a course of action and to act without human intervention. The rules by which they act are
not fixed during the production process, but can be changed during the operation of the
machine, by the machine itself. ... Now it can be shown that there is an increasing class of
machine actions, where the traditional ways of responsibility ascription are not compatible
with our sense of justice and the moral framework of society because nobody has enough

control over the machine’s actions to be able to assume the responsibility for them. (p.17)

Scholars (e.g., Matthias, 2004) argue that the introduction of artificial intelligence has contributed
to a growing responsibility gap, as roles are not clearly defined and it becomes difficult to
determine each party’s responsibilities or assign them to a specific individual. According to some,
referred to by Tigard (2021) as techno-pessimists, with intelligent artificial programs, there will

eventually be no way to deem a specific person responsible, and as such, the gap cannot be bridged.

However, the ‘techno-optimists,” on the other hand, have a number of different ways they believe
responsibility can still be allocated. Tigard (2021) and Santoro et al. (2008) say that there should
be people (e.g., computer scientists) who evaluate the specific ML programs to determine their
risks and benefits and create clear and explicit rules about both prospective and retrospective
responsibilities. Rahwan (2018) proposes a larger group of people responsible for creating such a
list of rules, beyond just computer scientists/technology specialists. Finally, Hellstrom (2013) says
that “society may decide to collectively share responsibility” (p.105), through the democratic
process (also, Archard, 2013).

The full impact of this will be explored in the next chapter. However, it is already evident that the

uptake of virtual therapists further complicates existing models of care. Not only are decisions
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about risk now being made by virtual agents, but these agents are now also making decisions about
treatment. This introduces a range of new actors such as computer scientists, technology specialists,
and other stakeholders, into frameworks of shared responsibility, complicating the already
complex systems of care around a student (illustrated in Chapter 5). Ultimately, this may lead to
two growing risks. First, there is a risk that too many parties become involved in children’s care,
making it increasingly likely that no single party can ultimately be held responsible. Second, even
when individuals are assigned role-responsibilities, they may not feel a strong sense of
responsibility, especially if their role seems like only a minor part within a wider network of

distributed duties.

7.3.3. Complicated Processes of Data Sharing

Including medical data, and medical decision-making, within a third-party virtual therapy service
in this way complicates data-sharing. For instance, a virtual therapy service (such as CommonX,
in the example above) will likely hold sensitive information about students, including information
about their clinical care and suicide risk. This increases the risk of breaches or misuse (recent
examples of data misuse, including data leaks, by BetterHelp were explored in work by Henson et

al. (2019)).

In addition, the risk around data sharing may be exacerbated due to a lack of clear informed
consent policies. Consider the programme NetSupport DNA, which collects student data within
the student’s home (Chapter Four). While a school may justify the use of this programme under a
general IT privacy agreement signed by parents, it remains unclear whether students and families

fully understand the extent of data collection and its implications.

Finally, questions arise as to whether a virtual therapist, held within a EdTech platform (which is
also used for non-therapeutic purposes, such as school administration), constitutes medical or non-
medical platform 28, which may influence the regulatory frameworks governing EdTech

programmes and data sharing between parties. While the inclusion of a third-party therapy

28 As a reminder, a ‘non-medical device’ is defined by Nehme et al. (2024, p.1) as “informational tools that do not
handle patient data or provide recommendations for treatment or diagnosis.”
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provider is not inherently problematic, these challenges highlight the need for clear and robust

data-sharing policies to mitigate risks and ensure effective support.

Overall, the scenario above highlights how the introduction of virtual therapists may enhance some
of the ethical dilemmas presented in my earlier analysis. Data sharing between virtual therapists,
schools, and EdTech companies, while potentially beneficial for streamlining interventions, may
introduce new risks related to privacy and consent. In addition, the medicalisation of the classroom
becomes even more pronounced, as schools and technology companies expand their roles in
mental health care. Ultimately, these developments underscore the need for clear ethical guidelines
and protocols to ensure that EdTech prioritises student wellbeing. This is relevant not only in its
current forms but also in future applications. For instance, while this chapter focused on virtual
therapists, additional challenges may arise with the introduction of fully automated conversational
agents (chatbots; e.g. Woebot, Joy, or Wysa; Kretzschmar et al., 2019), or other non-human virtual
therapists (e.g. Al).

7.4. Conclusion

Ultimately, this chapter has demonstrated two key points. First, it highlighted how current
practices of shared responsibility diverge from an ‘ideal’ framework, characterised by unclear roles,
limited shared commitment, the exclusion of key stakeholders, and the blurring of geographic
boundaries. It also examined the ethical dilemmas that these discrepancies may give rise to, such

as conflicts of interest, the medicalisation of the classroom, and broader issues of justice.

Second, this chapter explored a potential future scenario in which mental health support becomes
increasingly virtual (e.g. such as through the introduction of virtual therapists) further complicating
questions of role responsibility. This section discusses potential benefits of an increasingly virtual
platform, before exploring areas of concern, which include a growing responsibility gap and

complications related to data sharing.

Mapping how responsibility is shared in the context of EdTech for suicide prediction has been a
central theme throughout this thesis, for two main reasons. First, the rapid pace of technological

development means there are currently no clear guidelines outlining how teachers should engage
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with these tools or what an effective partnership model should entail. Second, there are, as yet, no
legal requirements designating teachers as mandated reporters (both for suicide, but also for other
safeguarding concerns, e.g. child abuse). As a result, although both the DfE and professional
bodies provide statutory guidance on how teachers should act, decisions about whether (and how)
teachers should take on responsibility for safeguarding are often left to individual schools. Chapter
8, which concludes the thesis, will therefore offer policy recommendations that address these
challenges: both acknowledging both the absence of existing guidelines and the possibility of

future legal mandates around reporting. It will also outline key directions for future research.
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Chapter 8. Conclusion

In this final chapter, I begin by outlining the contribution my research makes to the broader field
of EdTech for suicide prediction (8.1), showing how this thesis provides a framework for
understanding teachers’ responsibilities when using said technologies. Within this section I
identify key barriers to effective shared responsibility and show how my methodology centres

teachers’ lived experiences within complex school systems.

This is followed by a clearly delineated section on recommendations (8.2). Within this section I
strongly recommend that teachers’ roles remain as primarily referral-based rather than intervening
on suicide risk or poor mental health. I then outline additional recommendations, grounded in
ethical theory, including the need to integrate digital monitoring tools within the wider ethos and
statutory responsibilities of schools, coordinate with school mental-health teams, and greater
obligations on EdTech companies regarding open data sharing, transparency about their operations,

and accountability for the use of public funds.

In the second half of this chapter, I address the limitations of the study, (8.3), before concluding
with potential directions for future research (8.4), including expanding the project through larger
and more diverse samples, engaging parents and students, examining school ethos and prevention
practices, conducting national surveys of EdTech use, and investigating new conceptual
frameworks such as abolition and trust. The thesis ultimately concludes by questioning whether

EdTech for suicide prediction should be used at all.

8.1. Contribution to Academic Field

I began this DPhil by reviewing the EdTech programmes themselves (Chapter 4), and relevant
policy documents (Chapter 5), before moving on to report on interviews with teachers (Chapter 6).
I found that while theories of teacher responsibility (particularly those drawing on Hart’s 1968
framework of role responsibility), emphasised the significance of clearly defined roles, the actual
role of the teacher in using EdTech for suicide prediction remains largely ambiguous. This
ambiguity is partly due to the rapid development of new technologies (and the inability of

regulatory bodies to keep pace) and reflects broader tensions regarding the role of a teacher: e.g.
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as one-who-surveilles versus one-who-educates. Relatedly, policy documents also position
teachers and schools as key actors in promoting good mental health and well-being, recognising
that learning is undermined when students are stressed, bullied, anxious, or under excessive
pressure. This further complicates teachers’ responsibilities, as expectations around care and
emotional support intersect with those emerging from new predictive technologies. These tensions,
and related role-uncertainties, are embedded both within policy and teaching practice, as well as

the technology itself.

Regarding the latter point, different software programmes differed in the degree to which they
positioned teachers as active decision-makers (for determining intervention pathways) or passive
facilitators (e.g. having view-only access to a student’s account). Different software companies
differed both in how they explicitly referred to teachers' roles, for example, in advertising material,
and implicitly, as explored in Chapter 4’s analysis of how ‘high-risk’ cases were triaged, and by

whom.

In my analysis, I also identified a discrepancy between the normative ideals of shared
responsibility and how shared responsibility was enacted in practice. While my original definition
of shared responsibility emphasised equal contribution, mutual commitment, and clearly defined
roles (Chapter 3, explored in definitions by Hart, 1968; Kon et al., 2017), these principles were
rarely realised in practice. Chapter 7 showed how the gap between normative theory and practice
manifested, including: the exclusion of key stakeholders, a lack of shared commitment, ambiguous
role definitions, blurred geographic boundaries, and unresolved questions about whether
responsibilities should be shared at all. Additionally, there was considerable uncertainty regarding
how access to the software should be allocated, and to which other parties (for example, parents,

social services, and to the students themselves).

8.2. Recommendations

Within this section, I set out four concrete recommendations for researchers, practitioners, and
policymakers: (8.2.1) promoting a model of referral rather than direct intervention and
emphasising shared (not individual) responsibility; (8.2.2) addressing the key barriers that

currently hinder effective shared responsibility in school settings; (8.2.3) strengthening ethical and
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transparent practice in EdTech governance; and (8.2.4) integrating socio-political and historical

contexts into the evaluation and development of mental-health technologies in education.

8.2.1. Recommendation 1: Referral, Not Intervention, and Shared, Not Individual

In response to my primary research question, What responsibilities do teachers and schools have
when using technology for suicide prediction, and how do these compare to what their
responsibilities should be?, this thesis demonstrates that teachers should be positioned primarily
as responsible for referring safeguarding concerns, rather than intervening directly. More broadly,
both schools as institutions (led by governing bodies and Senior Leadership Teams), and individual
teachers (whose responsibilities may vary depending on their specific roles), were found to be
tasked with the general promotion of students’ mental health and well-being, as well as with
monitoring and referring when there is perceived suicide risk. This conclusion is supported by
interview data and by analysis of teacher guidance and policy materials (Chapters 4—7). Although
a small number of teachers felt their role extended into treatment and intervention, these views
were the exception. These wider expectations provide an important backdrop to understanding

how responsibilities are distributed when suicide-prediction technologies are introduced.

In addition, given that teachers increasingly interact with a wide range of actors (including parents,
mental health professionals, social services, and software providers) this thesis argues that
responsibility must be understood as shared rather than individual. Throughout the empirical
chapters, the thesis provides definitions, methodological techniques, and analytical frameworks
(including systems theory) that help conceptualise and evaluate this shift toward shared
responsibility. However, while these conceptual tools establish the foundations for understanding
how responsibility is distributed, there remains a need for policymakers to develop specific,
detailed, and well-thought-out frameworks that can translate these insights into practice. Such
policy frameworks should clearly articulate roles, boundaries, and expectations across the network
of actors involved, ensuring that shared responsibility is not only theorised but operationalised in

ways that support teachers and students, and align with broader systems of care.
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8.2.2. Recommendation 2: Overcoming Key Barriers to Shared Responsibility

This thesis recommends that policymakers, researchers, and practitioners work to overcome the
two key barriers that currently prevent effective implementation of shared responsibility: (1)

unclear frameworks, and (2) limited resources.

Clearer frameworks are needed to define how responsibility should be distributed across teachers,
parents, EdTech companies, and other stakeholders. These frameworks must specify where
responsibility begins and ends (e.g., school grounds versus the home), outline appropriate data-
sharing protocols, and establish accountability mechanisms. They must also account for
moderating factors that shape teachers’ willingness or capacity to assume responsibility, including

workload, available resources, and structural inequalities (see Chapters 6 and 7).

One pathway for clarifying shared responsibility, and developing these clear frameworks, is to
ensure that all relevant stakeholders (e.g., teachers, students, parents, and EdTech developers) are
meaningfully consulted when developing future policies and guidelines for suicide-prediction
EdTech. This recommendation is supported by existing research: Hulme et al. (2009) highlight the
value of collaborative consultation in establishing clear professional boundaries, and Salmon
(2004) found that referrals to specialist services became more effective when school staff were

given opportunities to consult directly with specialists.

A second pathway for clarifying shared pathway is to integrate digital tools within the wider
statutory and ethical responsibilities of schools, rather than treat them as a standalone technical
solution. Their use must align with safeguarding duties, data-protection requirements, and a
school’s pastoral ethos, as well as other, pre-established shared-responsibility pathways.
Specifically, this could include close coordination with Mental Health Support Teams (MHSTs),
which are National Health Service (NHS) teams based in schools and colleges that provide early,
evidence-based mental health support, deliver interventions such as CBT, advise staff, and help
embed a whole-school approach to wellbeing (Ellins et al., 2023). By working alongside MHST
practitioners, and the MHST system of shared responsibility, schools can ensure that risk signals
or alerts produced by digital tools are interpreted by trained professionals and integrated into

established pathways of support, avoiding inappropriate escalation or punitive responses.
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Next, in addition to the need for clearer frameworks, this thesis finds that a lack of resources (both
individual and on a societal level) presents a significant underlying barrier to teachers enacting
their ‘ideal’ model of shared responsibility. The availability and distribution of resources may be

fundamental to how responsibility is understood, allocated, and sustained.

In terms of individual resources, teacher interviews revealed that, although teachers recognise
pastoral and mental health care as part of their professional responsibility, they often feel unable
to fulfil this duty due to limitations in economic resources, time, and emotional energy (Chapter
6). Time and emotional capacity are also closely linked to staffing shortages, which represent
another resource-related challenge faced by schools. At the societal level, CAMHS budgets have
been significantly reduced (Local Government Association, 2023; Ofsted, 2020), and these
services face substantial backlogs. As a result, teachers may feel compelled to intervene rather

than refer, or to engage with CAMHS differently, simply because the system is overstretched.

Policymakers should build on these findings by considering, in specific and practical terms, how
resources should be allocated and managed to strengthen shared responsibility. This includes
developing a detailed resource map or economic cost-benefit model (covering individual,
community, and societal costs) to assess whether hiring additional staff, increasing pastoral
capacity, or implementing other support mechanisms would improve shared responsibility models
or shape how teachers understand their responsibility for student mental health. Resource planning
should also address broader structural issues, such as CAMHS capacity and local authority funding,
to ensure that referral pathways are viable in practice and that teachers are not compelled to

intervene due to systemic shortfalls.

8.2.3. Recommendation 3: Enhancing Ethical and Transparent Practice in EdTech

Governance

My third recommendation is emphasising the need for more robust ethical standards in the
governance of digital technologies used in education. Central to this is a call for stronger
obligations on EdTech companies to operate with transparency, particularly when their products

influence safeguarding decisions or receive public investment.
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To achieve this, EdTech providers should adopt open-data principles that allow independent
researchers, school leaders, and policymakers to examine how their systems work in practice. This
means offering accessible explanations of what data is collected, how algorithms operate, and how
outputs inform educational or safeguarding decisions, reflecting broader calls for explainable and
auditable Al in the public sector (Floridi & Cowls, 2019). According to Raji and colleagues (2020),
independent auditing of algorithmic processes should be end-to-end, and standardised, enabling
scrutiny of accuracy, bias, and unintended consequences (including false negatives and positives).
Companies benefiting from public funds, in particular, must demonstrate the effectiveness of their
tools through evidence rather than marketing claims. Ultimately, these measures would empower
educators, families, and oversight bodies (including government) to determine whether digital

monitoring technologies genuinely enhance student wellbeing.

These recommendations speak directly to the core ethical issues originally raised in Chapter 2 (and
brought up throughout the thesis), including concerns about opacity, fairness, and the potential
misuse of sensitive data. These recommendations on transparency also have implications for
informed consent. Students and their families must be given clear, age-appropriate explanations of
what data is being collected, how it will be used, and who will have access to it, rather than being
asked to agree to opaque or generic ‘internet use’ policies. Ultimately, ethical practice should
therefore include clear commitments to open data sharing, transparent reporting on system

operations, and full accountability for the deployment of tools.

8.2.4. Recommendation 4: Integrating Socio-Political and Historical Contexts into EdTech

Evaluation and Policy

The final recommendation of this thesis is directed toward researchers, practitioners, and
policymakers, and concerns the need to incorporate political, economic, and historical contexts

into the evaluation of key mental-health technologies.

First, 1 argue that applying a Systems Theory approach provides a valuable framework for
understanding how EdTech is embedded within school environments, ensuring that any
assessment of its impact accounts for contextual factors such as a school’s values, ethos,

organisational structures, and its connections to wider systems of community mental-health
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support. In this DPhil, the Systems Approach has been used to ensure such context-sensitivity,
demonstrating that intervention pathways are often school-dependent, and that institutional
characteristics (especially a school’s ethos) shape how teachers understand their own
responsibilities (Chapter 6) and how they conceptualise shared responsibility (Chapter 7).
Recognising the school as an embedded institution with its own practices and constraints is
therefore crucial for developing effective policy. A systems-based perspective, such as the one
outlined in Chapter 5, can generate a more accurate picture of how schools are organised, thereby
informing school-level decisions about technology use, suicide prediction, and suicide prevention
more broadly (Institute of Medicine (US) Committee on Pathophysiology and Prevention of
Adolescent and Adult Suicide, 2001). This approach also underscores the importance of building
flexibility into future decision-making processes and into the design and implementation of

technology programmes themselves.

Building on this, I also recommend that future ethical analyses and policy decisions explicitly
integrate macro-level social, political, economic, and historical dimensions, complementing
traditional bioethical principles (Beauchamp & Childress, 2013) and assessments of clinical or
educational utility. This socio-political-economic-historical approach aligns with Green’s (2021,
p.1) “socio-technological” ethics, Birhane’s (2021) work on relational ethics, and the broader
scholarship reviewed in Chapter 5, collectively offering a richer and more context-sensitive
foundation for evaluating responsibility, risk, and the appropriate use of mental-health

technologies in schools.

By using a systems approach within my own thesis, I have been able to account for the broader
context in which these technologies operate, and this has generated several additional, targeted
recommendations. One such recommendation is the need for equity-focused and anti-racist
policymaking to prevent harm and discrimination, particularly in light of the historical (mis)use of
related technologies described in Chapters 1 and 2. A second recommendation is that the UK
develop its own context-sensitive framework for evaluating and governing EdTech, as much of
the existing research on socio-political dimensions of educational technologies is based on US

schooling systems. Any UK policy should be informed by UK-specific factors, including the
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historical deployment of surveillance technologies within the PREVENT strategy and the chronic
underfunding of CAMHS (as outlined in Chapter 1 and 2).

8.3. Limitations

Despite the richness of the data developed, doctoral research projects are limited by time, resources,
and experience. As such, my model of responsibility within the context of EdTech for suicide
prediction remains incomplete, and more work could be done to develop this project further. The
following explores four fundamental limitations of this research project (the lack of evaluation,
limitations in participation sampling, limitations of online interviewing, and the limited insight

available into the mesosystem).

8.3.1. Limitation 1: The Need for Evaluation
Within this thesis I conducted no statistical or evaluative analysis on program efficacy (e.g., PPV)
or clinical utility. Such an analysis would have enabled a better assessment of these tools; however,

this would require more time and data than currently available.

This study is not unique in this limitation - there is a striking lack of transparency and robust
evaluation surrounding EdTech programmes for suicide prediction within the current literature.
This opacity surrounds the tools’ clinical utility (as explained in Chapter 4). I found only one paper
reporting on outcome measures: a PhD dissertation from the US; Shelton, 2022), as well as
reporting on general algorithmic decision making. There is a lack of transparency regarding what
data is used within these tools, how data is utilised, where data is stored, and how risk decisions
are made (the document ‘A Blueprint for Education Data’ further describes this opacity and
includes suggestions to improve transparency in the broader EdTech context; Digital Futures

Commission, 2023).

Within this DPhil project, Chapter 4 highlighted the lack of transparency within EdTech
companies’ publicly available data, while Chapter 7 clearly discussed why this opacity limits
teachers' ability to successfully implement ideal versions of shared responsibility. However, only

by fully understanding how EdTech companies operate (including their intervention pathways and
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positive predictive value (PPV)) can regulators guide teachers on engaging with these companies

and distributing roles and responsibilities.

8.3.2. Limitation 2: Participant Sampling

As discussed in the conclusion of Chapter 6, this project faced a number of limitations arising from
both the COVID-19 context and the time constraints of a DPhil programme. First among these was
the restricted number of participants who could be recruited. The small sample limited the range
of professional experiences represented (for example, it prevented comparisons between
safeguarding leads and non-safeguarding teachers), and meant that several important stakeholder
groups, such as parents, EdTech developers, and young people themselves, could not be included.
Their absence ultimately constrains the extent to which the findings can speak to the broader,

multi-stakeholder ecosystem surrounding the use of EdTech for suicide prediction.

In addition, the reliance on existing professional networks for recruitment (often the most feasible
option) introduced a further layer of bias. Teachers who were already known to the research team,
already engaged in related initiatives, or geographically close to Oxford were disproportionately
likely to participate. This convenience-based recruitment strategy, while practically necessary,
means that the resulting sample is unlikely to be fully representative of teachers’ experiences
nationally or across different school types. Teachers with prior involvement in similar projects
may also have been more comfortable with research processes or more predisposed to reflect on

technology use.

8.3.3. Limitation 3: Online Interviewing

The need for online interviewing limited what types of teaching practice I was able to see/record.
Because school-based engagement was effectively impossible during much of the research period
(due to COVID-19), the project relied heavily on online interviews. While these interviews
provided valuable insights, they also introduced limitations: they prevented observation of
classroom practice, restricted opportunities for informal follow-up or contextual probing, and
made it difficult to capture the organisational dynamics or material conditions of schools. Online-

only interviews therefore provide a necessarily partial picture of teachers’ work with digital tools.
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8.3.4. Limitation 4: Limited Systems Analysis
A further critical limitation is that my systems approach addressed only a subset of
Bronfenbrenner’s ecological levels, and in particular failed to engage meaningfully with the
mesosystem. As demonstrated throughout the thesis, school ethos plays a vital role in shaping
practices and decisions around suicide prediction, and the absence of direct examination of this
level is therefore a notable constraint. This limitation was largely driven by the fact that T was
unable to enter schools during the research period, due to school closures, as well as by the time

restrictions inherent in a DPhil project.

8.4. Future Research

Within this final section, I offer suggestions for strengthening the research and addressing the
thesis’s limitations, including extending this project through a larger and more diverse sample,
interviewing parents and students, and examining the influence of school ethos and prevention
practices. Additional possibilities include conducting a national survey of EdTech use in schools
to better understand the landscape, and considering emerging developments such as Al or chatbot
therapists. [ also propose two more substantial directions for future research that arise from this
project (trust and abolition) both of which offer important conceptual frameworks for further

exploration in the context of school-based mental-health technologies.

8.4.1. Project Extensions

Throughout this thesis, several opportunities for further inquiry have been identified. This section

brings them together in a coherent set of proposed extensions to the project.

8.4.1.1. Extension 1: More Participants

It is important to ensure that a wider range of teachers is represented in future research, including
those from different subject areas, levels of seniority, and school contexts, as their responsibilities
and experiences with EdTech can vary considerably. A larger and more diverse teacher sample
would also make it possible to explicitly compare different types of teachers. This was something
was not feasible in this thesis due to the small sample size, which limits meaningful within-group

analysis.
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In addition, the interviews conducted for this DPhil capture only teachers’ perspectives, with
parents’ and students’ views presented indirectly. Although teachers’ accounts constitute a
valuable and novel contribution, incorporating perspectives from other stakeholder groups would
significantly enhance understanding of the complex phenomenon of EdTech for suicide prediction
in schools. In particular, parents’ roles, expectations, and responsibilities warrant closer
examination. As many school-based mental-health interventions position parents as key partners
in responding to risk, their insights are crucial for shaping the design and implementation of
responsible and effective predictive systems. For example, Ice et al. (2014) demonstrate that
involving parents (either collaboratively or as primary agents) can reduce dropout rates and
improve intervention outcomes, underscoring the importance of integrating parental perspectives

into future research.

8.4.1.2. Extension 2: Mapping National and School-Level Procedures

A further extension involves developing a deeper understanding of national and school-level
procedures and organisational structures, particularly in relation to two key areas: (1) school
management, including how procurement decisions are made, how budgets and priorities are set,
and how schools select and justify the adoption of mental-health technologies; and (2) school ethos,
examining how values and wellbeing commitments are interpreted and enacted in everyday

practice.

Two methodological approaches could support this work. First, a national survey could investigate
broader procurement trends, levels of adoption, perceived challenges, and regional or institutional
variations. Such data would help situate individual schools’ experiences within wider systemic
patterns, strengthening the basis for policy and ethical guidance around the use of predictive

technologies in education.

Second, conducting school-based observations would offer insight into how communication and
decision-making actually unfold within the students’ mesosystem. For example, how information

flows between teachers, safeguarding teams, senior leadership, EdTech companies, and parents.
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This would provide a richer, practice-based understanding of how EdTech tools are interpreted

and used within the real organisational life of schools.

8.4.1.3. Extension 3: Accounting for Increasingly Autonomous Agents

A third avenue for extending this project, is to continue ‘future-proofing’ analyses of these tools

by explicitly examining the emerging role of increasingly autonomous Al agents.

Building on the insights of Chapter 7, future work should investigate how ongoing software
updates may further complicate shared-responsibility models, for example by modifying data-
sharing pathways or enabling the processing of additional forms of student data such as social
media activity. Schools may also begin integrating EdTech systems with virtual counselling or Al-
supported therapeutic services, which would introduce an additional agent into the ecosystem. As
these systems become more autonomous, the gaps in responsibility identified in this thesis are
likely to widen, exacerbating concerns around diluted accountability or the ‘problem of many

hands’ (van de Poel et al., 2012), as explored in Chapters 3 and 7.

Given the rapid pace of technological development, periods of regulatory and practical lag are
inevitable, meaning there will be times when no clear guidance exists regarding how teachers
should engage with these tools or how effective partnership and responsibility-sharing models
should operate. For this reason, future research should prioritise conducting rapid reviews and
regularly updated mapping exercises, both within academia and in government, to ensure ongoing
oversight and to support the development of robust and adaptive frameworks that can respond to

continual technological change.

8.4.2. Substantial Direction for Future Research 1: Trust

Trust is a key bioethical concept in relation to shared responsibility (Wahlstrom & Louis, 2008).
For shared responsibility to function effectively, each party must not only have the necessary
resources to fulfil their individual role but also trust that others will competently and
conscientiously carry out their responsibilities. For instance, when a teacher refers a student to
external support, they must trust that those receiving the referral (e.g. CAMHS) will act
appropriately and effectively.
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However, researchers including Kenny (2001) have shown that teachers often express a lack of
trust in external organisations to adequately support their students. While Kenny’s findings
predominately pertain to child protection services and abuse, similar concerns may arise in the
context of school mental health and EdTech companies. Future research should explore the role of
trust in shared responsibility models; especially how trust may influence collaboration between

educators, mental health professionals, and the technological systems or EdTech providers.

8.4.3. Substantial Direction for Future Research 2: Abolition

Much of the discussion in this thesis has operated under the assumption that as EdTech is already
integrated in school technology systems, the role of this project (and subsequent academic and
policy work), should be to determine how teachers should use the technology and to create
guidelines on how responsibility should be shared between teachers and other groups (e.g. parents,
social services). However, a growing number of voices argue that we should instead be working
toward the removal of this technology from schools altogether (Hooper, 2015; Thuy Vo & Aldhous,
2019; Warren & Markey, 2022). As discussed in the early chapters, these calls for abolition emerge
in response to serious ethical concerns: limitations on individual liberty and justice, the anti-
Muslim and anti-Black application of surveillance tools, and the use of student data in
collaboration with law enforcement. As a result, the use of EdTech within schools is often met
with protests and backlash; not only from educators, students, and the general public, but also civil

rights organisations such as the ACLU.

In future research projects, abolition should be considered and evaluated. However, even if EdTech
programmes are ultimately removed, suicide prediction and monitoring tools will almost certainly
continue to appear in schools in new forms. This is because, in many ways, the current tools
represent a continuation of earlier instruments, such as the C-SSRS. Suicide prediction
technologies have existed in the past and are likely to evolve and re-emerge. What will remain

constant is that teachers will continue to bear safeguarding responsibilities for their students.

Therefore, many of the insights developed in this thesis regarding responsibility will remain

relevant, even if these EdTech programmes change or are replaced. For instance, the need to clearly
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define a teacher’s role as one of referral rather than direct intervention will persist, as clarifying
this role not only protects teachers from overreach and burnout but also affirms their place within
a broader ecosystem of shared responsibility that includes parents, clinicians, and social services,

and of course, the young people themselves.
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Appendix One: Available EdTech Software to Monitor for Suicide Risk
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to website | this software software library used | moderator software followed can track and staff can “add a Internet Watch
2024, ,in screens searched risk | for within any | allowed schools | FERPA and monitor devices, | concern...by Foundation
Ativion | 2024, materials on the | for (non identifying | of the to “store and COPPA including recording, (IWF), Victvs,
was Impero | network (e.g. exclusively): key words, | promotiona | access over 100 | guidelines. browsing history, | analyzing, and Beat, ABA and
referre | was anything typed attendance, phrases, | materials. | safeguarding- (Impero, 2024) location, and any | storing multiple SafeBAE
dto as usedin | on HTML, web | bereavement, | abbreviatio related contact accessed. | types of student
Impero | 90+ browsers, bullying, ns or documents, According to Parents can also safety information,
Ed- countri | emails, anxiety, acronyms such as key their website, apply screen- including
aware es,and | applications). discriminatio government schools did not time limits and depressive
and Ed- | 1,400 n, friendship, legislation and have to get block/control episodes, risky
Protect | UK This software gender/sexual memos, with consent from access. (Impero, | online behavior.
) high takes screenshot | ity, home life, links to parents or 2017). This enables
schools | captures of home templates and students to use informed
Source | (Imper | flagged material | communicati national this software, counselling
s: o, and 30 second on, hunger, guidance however schools sessions, behavior
Impero | 2025) recordings. inappropriate located in one did need to give management
2017, technology, place. Add and | students clear conversations and
2018; mental health, log your notification that safeguarding
2024; This software personal school’s the school was interventions.”
2025 can be hygiene, documents and using this (Impero, 2018).
downloaded on preparation/at policies” system. (Impero,
school titude to (Impero, 2024, 2025).
computers and learning, p.1)
personal school
devices. refusal,
sexualize
behavior
Securly | Accord | According to According to | According | According | There is no According to According to Securly allows a According There is no
ing to their online their online to their to mention of any | Securly’s Securly’s school to create a to their mention of any
their materials materials, website, Securly’s suggested website website (Securly, | “delegated website, approval by
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+ materials. harm, and based on analyze transfers, and in activity, only parents and
schools violence context and | flagged response to legal | home activity, or teachers.
(Securly, key words. | activity. processes. educational sites (Securly,
2019) Includes These visited. 2024)
“risk specialists According to
confidence | decide their website, Parents do,
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(Securly, immediate aggregate/de- access to a
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NetSup | The exact | Netsupport According to | Netsupport | Thereisno | The website | According to | Parents are able | Teachers and | Students IWF, eCadets,
port number screens their  online | monitors mention of | says that | their online | to download | school can report | the digital
DNA of schools | activity by a | materials, for specific | a human “Online materials, they | NetSupport on | safeguarding staff | their own | institute, £0
that use | specific user | Netsupport keywords moderator safeguarding are  compliant | devices brought | can“add aconcern” | concerns bubble, BESA,
Source | NetSuppo | of a school | screens for | and within any | resources are | with PREVENT | into schools, and | manually if they are | (NetSupport | digital
s rt is not | computer. (non- phrases. of the available” Duty and KCSIE | can programme | verbally notified of | DNA, citizenship
NetSup | reported. | Any websites, | exclusively): The context | promotiona | (NetSupportDN | (Netsupport, these with | a student’s concern | 2025). institute, GDPR
portDN | However, | applications, racism, and history | 1 materials. | A, 2025). | 2017). different options. | (NetSupportDNA, in schools,
A; overall services. homophobia, | of a child’s however 1 am E.g., if parents | 2025). American
2017; they Netsupport self-harm, activity is unable to access want restrictions Association  of
2025 report can also save | eating also anything turned off during Suicidology,
having screenshots, disorders, automatical specifically. the evening Edugeek
“18 and the | bullying, ly (NetSupportDN (NetSupportDN
million students’ grooming, calculated A, 2025). A, 2025).
users” webcam can | FGM, drugs | (NetSuppor
(NetSupp | be activated | addiction t DNA,
ortDNA, (NetSupportD | (NetSupportD | 2025).
2025) NA, 2025) NA, 2025)
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LightS | Accordin | According to LightSpeed This According The website LightSpeed According to According to their Students There is no
peed g to their | their website monitors for software to their includes includes a full Lightspeed’s promotional can report mention of any
System | website (LightSpeed students’ risk | uses an “Al | website, policies webpage to website, parents materials, teachers | their own approval by
S (LightSpe | Systems, of issues such | tool” which | lightspeed specifically for | discuss their get weekly can directly check- | concerns professional
ed 2025), as is includes in- | different age compliance with | reports on how in with students on | about others | bodies in
Source | Systems, LightSpeed cyberbullying | integrated house, groups (e.g. legislation their children this software. using the LightSpeed
s: 2025b) Systems , self-harm, with human KS3 vs KS5) including GDPR | used the internet, | LightSpeed Alert, “Stoplt” Systems’ online
LightS | LightSpe | screens school Google specialists, | LightSpeed and KCSIE including visits 2025) programme, | materials.
peed ed anything on violence, and | Gemini. who work Alert, 2025) (LightSpeed to blocked sites. and
Alert, Systems school owned | suicide. alongside Systems, 2025a) The school is also concerns
2025a; | isusedin | devices. This Teachers the Al alert able to delegate about
2025b 31,000 includes According to | can watch system to risk reports to themselves
schools search their website student moderate/e safety resource using
worldwid | history, online | (LightSpeed activity valuate all officers, “HelpMe.”
e, documents, Alert, 2025): live. alerts and administrators, Students
including | sites visited, “67% of Materials identify counselors or can upload
90 UK and social student sent to high risk teachers. screenshots,
schools media suicides had teachers cases. photos, or
under the | comments. clear warning | include (LightSpee multimedia.
“Cognita” signs that “screenshot | d Alert, LightSpeed
school- could have s, browser 2025) Alert, 2025)
group been history, and
identified by case
Lightspeed notes.”
Alert and (LightSpee
Safety d Alert,
Specialists”. 2025)
Netswe | There is According to Netsweeper According | According There is no Netsweeper According to According to their Students do | There is no
eper. not Netsweeper monitors for to their to their mention of any | includes a full their website, website, teachers not have mention of any
enough (2021), the students risk website, website, suggested webpage to parental access is | receive real-time direct approval by
Source | datato software of issues such | Netsweeper | administrat | interventionsin | discuss their controlled / alerts about access to professional
s conclusiv | scans internet | as (but not uses a “Al- | orsare this company’s | compliance, varied by the potentially harmful | their own bodies in
NetSw | ely say and desktop limited to): driven, available to | online including with specific school, activities and are data, Netsweeper’s
eeper, how content as cyberbullying | dynamic verify and materials. KCSIE through a parent | responsible for however online
2021; many well as user- , self-harm, categorisati | evaluate (Netsweeper, portal. This following up. Web | they are materials.
2023; UK submitted school on engine” | risk and 2025b) allows parents to | materials able to
2025a; | schools data in real violence context of set parental specifically say submit
2025b use time. each report controls (e.g. on | that teachers reports.
Netsweep (Netsweepe content) or should work with
er, r, 2025a) receive insight law enforcement
however, into any agents when using
Netsweep “OnGuard” their software
er writes results (e.g. ifa (although the
that the student is specific details of
software deemed high this partnership are
is being risk). not discussed).
used in at (Netsweeper, 2023)
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least 130
sites
across
Bristol
City
Council
(NetSwee
per,
2021).
Senso.c | There is | This software | According to | Includes Senso.clou | Does not offer | The website says | The platform | Teachers monitor | Students do | Accredited with
loud nodataon | is in  the | their website, | “Al-based d offers an | an intervention. | Senso.cloud is | does not | student activities, | not have | the IWF
how Microsoft senso.cloud visual “Assisted Specific compliant with | explicitly involve | and receive alerts | direct (Sensocloud,
Source | many Azure cloud | detects, threat Monitoring | interventions GDPR, KSCIE, | parents in | about potential | access to | 2025a)
s: schools in | and/or Google | bullying, detection” Service” are determined | and OFsted. | monitoring. risks. (Sensocloud, | their own
Sensocl | the UK | Classroom, suicidal and where by the school’s | (Sensocloud, 2025b) data, or
oud, use and monitors | ideation, self- | keyword trained safeguarding 2025a) ways to
2025a; | senso.clo | text-based harm, monitoring | professiona | policies, not report any
2025b ud, but | content, visual | potential using Is work | senso.cloud. risk.
there are | content, threat to | customizab | alongside
10,000 online others. le libraries, | teachers to
schools activities, and | (Sensocloud, including evaluate
using this | communicatio | 2025a) those results.
software n. developed (Sensoclou
globally (Sensocloud, from the | d, 2025b)
(and it is | 2025b) IWE.
headquart (Sensoclou
ered in d, 2025b)
Nottingha
m)
(Sensoclo
ud,
2025a)
Securu | Different | Monitors According to | Screenshot | Safeguardi | Does not offer According to The platform According to Students do | Works with
S sources students’ their website, | s are used ng experts an intervention. | their website, the | does not Securus (2025), not have IWF and UK
Softwa | report online and Securus to capture evaluate Specific use of Securus is | explicitly teachers and DSL’s | direct Council for
re different offline detects: incidents incidents interventions compliant with involve parents receive alerts for access to Child Internet
numbers activities, cyberbullying | that are from are determined GDPR, KCSIE, in monitoring. high-severity their own Safety.
Source | of typed and , mental triggered Severity 1 by the school’s Ofsted, and ISI. incidents. In data, or
s: schools untyped health issues by (low risk) safeguarding (Securus, 2025) addition, Securus is | ways to
Securu | using content. including keywords. to Severity | policies, not integrated with report any
$2025; | Securus (Securus, suicide and Securus’ 5 (high Securus. other school-based | risk.
WS, Software. | 2025) self-harm, Keyword risk). If programmes, e.g.
2024, For radicalization | Library there is a CPOMs
PSE, example, , substance guidance high-risk
2019 IWF abuse. comes from | incident,
(2014) IWF and the school
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reports (Securus, UK is alerted.

that 2025). Council for | (Securus,

Securus Child 2025)

Software Internet

is used in Safety.
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MEDICAL SCIENCES INTERDIVISIONAL RESEARCH ETHICS COMMITTEE
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CONFIDENTIAL
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Committee (MS IDREC) in accordance with the University’s procedures for ethical approval of all research
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Appendix Three: CUREC Approved Consent Form

CONSENT FORM FOR TEACHERS

Central University Research Ethics Committee (CUREC) Approval Reference: R78840/RE001

Teacher Perspectives on Monitoring Students’ Mental Health in UK Schools

Please initial each

box

1 | confirm that | have read and understand the information sheet for the

above study. | have had the opportunity to consider the information,

ask questions and have had these answered satisfactorily.

2 | understand that my participation is voluntary and that | am free to

withdraw at any time, without giving any reason, and without any

adverse consequences or penalty.




| understand that research data collected during the study may be
looked at by authorised people outside the research team. | give

permission for these individuals to access my data.

| understand that this project has been reviewed by, and received
ethics clearance through, the University of Oxford Central University

Research Ethics Committee.

| understand who will have access to personal data provided, how the
data will be stored and what will happen to the data at the end of the

project.

| understand how this research may be written up and published.
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12

13c

| understand how to raise a concern or make a complaint.

| understand that researchers will observe lessons and other aspects of
my teaching, as detailed on the information sheet, and discussed and

agreed with the researchers.

[I consent to being audio recorded

| understand how audio recordings will be used in research outputs

| give permission to be quoted directly in research outputs but only

fully anonymously
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14 | agree to take part in the study

Name of Participant Date

Signature

Name of person taking consent Date Signature
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Appendix Four: Interview Guide

Introduction: “Thank you for signing up for this _interview, which is part of my PhD in the

Neuroscience, Ethics and Society group at the University of Oxford. We will be talking about mental

health and technology in schools, as I’m interested to hear teachers’ opinions on what they think

their roles and responsibilities are for monitoring students’ mental health. Some of what I’'m asking

about is a bit sensitive, because it relates to student mental health; and it’s important to know that

I’m_really just asking about your views and experiences — no _right or wrong answers! I am

recording the interview, but it will be fully anonymous, and I won’t report anything you say

individually to the school. We can pause or stop the interview at any point. The whole process should

take no longer than one hour. Do you have any questions about this, or any of the forms I sent via

email earlier?”

“Great, let’s begin the interview. In the first section we’re going to speak briefly about student

mental health at your school.”

Theme Questions
Mental Health e Based on the questionnaire you filled out before this interview, I
General understand that your role in school is . Can you describe your

role and how it relates to student mental health?

e As part of my PhD, I have been reading about ways that (YOUR
ROLE, e.g. teachers) can be involved in their students’ mental
health; for example: Detection of student risk, Support during crisis,
and/or Post-crisis support. Are you involved in all of these areas?

e It seems that lots of different people work with student mental health
— teachers, administrators, parents, healthcare professionals. What
is unique about your role asa _ ? How is your role different to

that of a parent or healthcare professional?



Definition

of

Responsibility

In my readings, there is a lot of discussion about being ‘responsible’
for students’ mental health. I’ve been trying to understand this in
practice. What does “being responsible” for your students’ mental
health mean to you?
Can you tell me a time where you have taken responsibility for one
of your student’s mental health?
In the example you just gave, (if no example was given, then “in
general”) do you think there was a difference between legal
requirements, what you “ought” to do, and what you “actually” did?
In the example you just gave, (if no example was given, then “in
general”), did you work with other groups of people? (e.g. parents
or healthcare professionals)?
If you did work with other people, how were your responsibilities
different?
Follow-up Prompts:

e Why did you say that teachers were responsible for

butnot for  ?
e Why do you think is the role of the parent instead
of the teacher?

From what I heard, you are describing responsibility in _ way. Is
that correct? How did you decide that you were responsible in
way and where did you get this information from? For example, did

your school provide training or support?

“Now we’re going to move on to the second section of this interview, where we talk about

technology and the software available at your school.”
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Technology Questions about Type of Software

In the news recently there has been a lot of discussion about different
types of new technology brought into schools to do things like
monitor student’s internet use. Does your school monitor students’
digital activities?

If yes:

o Do you know the name of the software programmes being
used?

o In your own words, how does this technology work and
what is it used for?

o Has this technology been around for a while, or did your
school invest in new technology due to COVID-19?

From what I understand, these programmes are being used for a lot
of things — for instance, making sure students don’t connect to illegal
websites or to monitor for bullying. Has this technology (or other
types) impacted how you handle student mental health specifically?
If yes:

o Which part of the “pipeline” is this technology used for?
Detection of student risk? Support during a crisis? Post-
crisis support?

o Do you know how this technology works? For example:

What kind of information is gathered by this
software? (e.g. social media data, google
searches)
= Is this data anonymous? What non-anonymized
data does this gather about individual pupils?
Who has access to this information? (both
anonymous and non-anonymized)
If this technology is used in your school, how do you specifically use
the technology? Can you tell me of a time you used this technology.
Do you think you use this technology more or less than other staff

members? Why/can you expand on this?
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“I’'m going to now ask you to read a short case study.” (Show on screen).

Your school has been using the software CommonX to filter online content (e.g. making sure

students don’t access inappropriate websites in school). You receive an email update from your IT

manager, saying that CommonX has a new add-on: one which safeguards students and can provide

suicide risk predictions. Its use will be covered by the general IT privacy agreement which parents

signed earlier in the school year. Later in the week, on a Thursday evening at 8pm, you receive a

message to say that one of your students is deemed high risk of suicide. When you click the link

attached to the email, you discover that this student has googled “why does someone commit

Case study

Questions

Risk and Risk
Thresholds

suicide” on their personal home computer.

What are your initial thoughts on this case study?

e What are the benefits of this program?

e Are there any elements of this story that concern you?

e Does something like this happen at your school? If so, how
similar or different is this case study to what is happening in your
school right now?

The case study talks about a students’ “risk of suicide.” What does
the phrase “risk of suicide” mean to you?
In your opinion, what are the warning signs of suicide in a student?
In your opinion, what causes suicide?
Does your school monitor for students’ risks of suicide? This can be
with a program like CommonX or in some completely different way.
If yes:
o Could you expand on how you monitor students for risk of
suicide?
o When a student at your school is considered at risk for
suicide or mental health challenges, what happens next?
Do you think a programme like CommonX can help your school

predict which students are at risk of suicide? Why or why not?
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Protocol

Shared
Responsibility

If your school used a program like CommonX, you may occasionally
receive a notification that one of your students is at “high risk of
suicide.” How would you respond to a notification like this? For
example:

o Does your school have a procedure on student mental
health/safeguarding that would apply in this
situation? If so, what kinds of protocols/procedures
are there? Are there written guidelines?

o Is there a process of documentation? Should you
inform other people (support services), or do you
work alone?

If your school already monitors students for risk of suicide and other
mental health conditions, how regularly do you have to follow this

protocol/report a student as “high-risk?”

When you are dealing with student mental health, how often do you
work with the NHS/police/other social services? Which group do
you work with the most/least? (If the participant needs prompting,
they can rank: parents, NHS, the students themselves, tech
companies, police/other social services)

o When have you involved  in student mental health?

Can you give an example?

o How does your partnership with  differ from  ?
When thinking about technology like CommonX in the case study,
do you think it’s best to work with other groups? If so, who and how?

e E.g. Parents, NHS, the students themselves, tech companies,
police/other social services?

If you listed multiple groups:

e How should responsibility be shared or distributed?

e Does one group have more “oversight”?
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Accountability and

Governance

In my research I am reading about a lot of software programmes like
CommonX. Some of these software programs work better than
others, and there have been some cases where students have been
flagged as “high risk” incorrectly. There have also been some cases
where the software programs have missed students.
Are you worried about programmes like CommonX going wrong,
for example flagging too many students or missing some?
If something does go wrong can anyone be “blamed”/who do you
think should be held accountable?
You said that _ should be held accountable if something went
wrong. What do you think should happen to this person/group?
Should there be legal repercussions?
The government is looking to regulate this technology and are
coming up with ways to evaluate programmes like CommonX. This
is called the “Online Safety Data Initiative.” Some of the ways they
are looking to evaluate these products are listed on the slide on the
screen. These include checking for:

o Performance (e.g. how well the models do in predicting

who is at risk accurately)
o Robustness (e.g. whether or not the models can still hold
up after rigorous testing)

Fairness (e.g. whether these models are impartial and do

@)

not discriminate)

@)

Scalability (e.g. can this technology be used on a large
scale and still be accurate)

Explain-ability (e.g. do these software companies provide

o

rationale why certain people are flagged and not flagged)

Privacy (e.g. do these programmes maintain young

@)

people’s privacy?)
What do you think about these criteria?
Which of the factors discussed are you more or less worried about?
Are there any factors that you think might be missing and the

government should be using to evaluate technology like CommonX?
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“Do you have any other thoughts or comments about technology like CommonX that you would like to

share?”

“Thank you very much. This is now the end of the interview.”



Appendix Five: Demographic Questionnaire
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Type o . Teaching tralning  for|
. ¥ ¥
Participant | Age Gender Ethmicity Parent? Reglon school Age range FSM SEN Job Title Experlence Certiflcation MH Haw?
Community
school/local . .
Assistant Teach Fimst
= ; . r e ; . . 7 ;
10 25-34 M White British |M London au1].1.cn.1} socondary only|Y ¥ Headteacher 7 FGCE Y Inset days
maintained
school
Community
school/local English
11 25-34 F White English | M South East suthority socondary only| N i Tc:chcl 5 PGDE N -
Tt ned
school
Head af] Teacher
- ; dieh I . ; . . 4
12 25-34 F White English | N London Academy sopondary only|Y h History 7 PGCE Y Training
Saf  study,
13 25-34 F Chinese N South East Private School | secondary only|unknown N Teacher 5 PGCE ki teacher
training
Biclogy and
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Studies training
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