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Abstract

The world is experiencing a global learning crisis, exacerbated by the COVID-19
pandemic, which has left over 393 children without basic literacy and numeracy skills.
Educational technologies (EdTech) that promote autonomous learning may ameliorate this
learning poverty. However, little is known about the mechanisms through which out-of-
school children may acquire foundational skills using tablet-based technology and app-based
learning software.

This thesis aimed to identify potential app, child, and community-level predictors of
foundational learning outcomes following a large-scale EdTech intervention - the Global
Learning XPRIZE (GLXP) competition - directly deployed to out-of-school communities in
Tanzania. An exploratory, mixed-methods approach was adopted to inform a theoretical
model of out-of-school app-based learning by identifying predictors at three different levels
of explanation.

First, a comparative judgement experiment (Chapter 3) was undertaken to investigate
app-level predictors, in which 41 non-expert participants compared five learning apps across
15 key pedagogical features. Results indicated that six pedagogical features were found to be
most influential for learning—autonomous learning, motor skills, task structure, engagement,
language demand and personalisation. EdTech has been shown to facilitate learning for girls,
an at-risk population in low-income countries, so further research was needed to determine
what app features may be most influential across genders. A gender and domain app study
(Chapter 4) used machine learning methods and inferential statistics to identify which app
features most predict girls' and boys’ literacy and numeracy learning. Some app features,
such as retrieval-based learning and engagement, were found to be broadly influential for

learning. Five app features - engagement, autonomous learning, language demand,



personalisation, and curriculum links- showed a differential influence across genders and
domains.

A machine learning regression approach was adopted to explore contextual predictors
(Chapter 5) of literacy and numeracy learning. Child and community-level features were
leveraged using competition survey and assessment data, and contextual covariates derived
from open-source geospatial data. Reading habits, small family size, and high social
connectedness were shown to be the most predictive factors for improved learning outcomes.
Community factors were found to be more predictive of learning improvements than child-
level features, highlighting the importance of infrastructure.

Results from the GLXP imply that EdTech deployed to out-of-school children living
in remote villages can support autonomous learning. However, no qualitative data regarding
implementation was gathered during the competition to draw firm conclusions. Therefore, an
expert elicitation (Chapter 6) explored the broader implementational impact and challenges
experienced, whereby 14 key informants were interviewed about the autonomous learning
process. Four key themes were generated: ‘Technology as a novel concept’, ‘Children don't
learn in a vacuum’, ‘Respecting the cultural context’ and ‘Accessibility problems in a mobile
world’. Community support was prominent throughout the competition, emphasising its
importance for learning with EdTech and raising questions about whether out-of-school
children can learn autonomously with this technology.

Key implications and recommendations are outlined for technology developers,
educators, and policymakers to consider when designing and implementing app-based
learning interventions for out-of-school children. If influential mechanisms are carefully
incorporated into the design and implementation of EdTech interventions, they may support

even the most marginalised learners.



Executive summary

Background

Learning foundational literacy and numeracy skills is crucial to living a healthy and
productive life. However, a learning crisis is being experienced worldwide, creating
significant inequalities in access to good-quality schooling, with girls among those most at
risk. Across Sub-Saharan Africa alone, over 98 million children are illiterate, innumerate, and
do not attend school. Educational technologies (EdTech) that promote autonomous learning
are an alternative solution to traditional schooling methods that may help to address this
learning poverty.
Purpose

Little is known about if and how these technologies can be effectively implemented
within communities to support out-of-school children in learning foundational literacy and
numeracy skills. To address this knowledge gap, this thesis used a unique large-scale EdTech
intervention, the Global Learning XPRIZE competition, as a case study. The purpose of this
thesis was to explore the mechanisms through which out-of-school children learn when using
interactive EdTech. The primary aim was to establish which app-level, child-level, and
community-level features are most predictive of improvements in foundational learning with
an EdTech intervention.
Methods

This thesis adopted a mixed-methods approach to explore predictors at three different
levels of learning: app, child, and community. The XPRIZE Foundation provided pre-and
post-intervention datasets, which reported on Early Grade Reading Assessment (EGRA) and
Early Grade Maths Assessment (EGMA) to assess learning over time. Data from a contextual

survey was also provided, which provided information about the home environment, family



life, and previous experiences with technology and schooling of the children and caregivers
participating in the study.

Four studies were conducted that report findings of predictive factors at the app level
(studies 1 and 2), child level (study 3), and community level (studies 3 and 4). Gender and
domain differences were also explored at the app level to identify which app features most
predict girls' and boys’ literacy and numeracy learning and determine whether there are
significant gender differences in app-based learning for out-of-school children (study 2). To
explore these predictors at each level, an experimental comparative judgement task,
secondary data analyses using machine learning methods, open-source geospatial data and
inferential statistics, and a qualitative expert elicitation were conducted. The results were
used to inform a holistic multi-level model of EdTech learning for out-of-school children.
Key findings
App-level predictors

o Six pedagogical features were shown to predict foundational learning: autonomous
learning, motor skills, task structure, engagement, language demand, and
personalisation.

o Of the six app features, motor skills and task structure were found to be broadly
influential for learning. The other four app features - engagement, personalisation,
language demand and autonomous learning - showed significant differences across
genders and domains. An additional feature, curriculum links, also showed significant
differences, although this app feature was less influential overall.

o All three accessibility-based app features (autonomous learning, language demand
and motor skills) were found to be highly influential in learning improvements. This
could be because the demographic is likely to have high proportions of children with

undiagnosed SEND, identified by a large number of ‘low-achievers’ in the sample.



o Gamification and free play were not found to significantly influence foundational

learning.
Child-level predictors

o At the child level, reading habits, prior school attendance, and coming from a small

family were the most predictive factors for improved learning outcomes.
Contextual predictors

e Community-level factors were found to be substantially more important than child-
level factors for predicting learning improvements. This highlights the importance of
infrastructure and implementation in an EdTech intervention.

e The most influential community-level factors were those centred around social
connectedness and physical isolation, such as proximity to health centres and police
stations.

o Considerable community support was provided to children when using EdTech.

o Respecting the cultural context in which the intervention is implemented was found to
be pivotal. As the technology was novel, there were also initial barriers faced due to
wariness among community members.

Policy Implications and Recommendations

1. App design—Broadly influential app features, such as engagement and retrieval-
based learning, should be incorporated in all app designs for out-of-school children.
App designers should prioritise these features for their broad applicability, while also
considering cultural adaptability. Rather than using non-generic features narrowly
targeted at specific groups, developers should ensure that apps are inclusive by
design, offering accessibility features to prevent barriers for children with SEND and

diverse learners.



2. Infrastructure—While some communities may be too remote to benefit fully from
EdTech interventions due to a lack of infrastructure, the types of infrastructure that
influence learning vary widely and merit further exploration. Interventions should
focus on leveraging existing infrastructure where possible to optimise cost-efficiency.

3. Implementation—EdTech solutions should leverage community engagement to
facilitate out-of-school children’s learning with EdTech, recognising that community
support may play a critical role. Sensitisation processes that involve local educators
and community leaders can help ensure the intervention is contextually relevant and
culturally accepted. Flexible implementation strategies that adapt to each
community’s needs and resources are recommended to foster sustainable support and

reduce wariness towards new technology.

Further research is needed to determine if these influential predictors of foundational
learning with out-of-school children using interactive EdTech can be generalised to different
contexts. Evaluating whether learning gains can be sustained over time is pivotal, as this will
help decision-makers assess whether investment in EdTech is a cost-effective and efficient

method to facilitate foundational learning acquisition for out-of-school children.
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Chapter 1: Introduction and Literature Review

Background

Acquiring foundational literacy and numeracy is a fundamental human right, yet in
2021, it was estimated that over 393 million children of primary school age failed to gain
basic literacy skills and perform simple mathematics (Save The Children, 2021; UNESCO,
2019). This learning crisis was exacerbated further by the global COVID-19 pandemic, as
100 million more children are now thought to be under the minimum proficiency level for
reading, with an estimated 70% of 10-year-olds unable to understand a simple written text
(UNESCO, 2021; UNICEF, 2022a). Even before the pandemic, learning poverty was high at
57%, with global progress stagnant since 2015 (World Bank et al., 2022). This indicates that
many children do not possess the basic foundational skills required to live a healthy and
productive life. This crisis urgently needs addressing as it perpetuates significant inequalities
in access to and provision of quality education, costing governments upwards of $129 billion
a year globally. Around 10% of global spending is currently thought to be wasted on ‘poor
education’ which fails to produce the desired learning outcomes for children (UNESCO,
2019; World Bank, 2019).

While this learning crisis impacts countries across the globe, low-to-middle-income
countries (LMICs) are disproportionately impacted, with a one-third increase in learning
poverty. Sub-Saharan Africa is particularly affected, where poverty levels are high,
traditional methods of education have been insufficient to address the problem, and 98
million children do not attend school (UNESCO, 2022c). Children living in remote villages,
girls, and children with learning difficulties are among the most affected by the education
crisis in low-income countries (Adukia & Evans, 2023; World Bank, 2022a; UNICEF,

2021a). They have lower school enrolment and completion rates leading to higher out-of-
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school numbers than other populations, highlighting the need to prioritise these intersecting
groups. Educational challenges result in social and financial dependency, limit the extent to
which individuals can actively participate in society, and raise vulnerability to pernicious
social issues such as forced marriage, female genital mutilation (FGM) and child labour
(International Centre for Research on Women, 2016). This consequently negatively impacts
population health and well-being and a country’s economic growth potential.

It has been argued that traditional education methods have failed to solve this crisis
and that innovative, alternative approaches are required (World Bank, 2018). One such
approach is mobile educational technology (EdTech) and interactive apps. There is an
emerging evidence base supporting the potential of EdTech with interactive apps to provide
access to high-quality education globally (Bettinger et al., 2020; Tauson & Stannard, 2018),
with their use potentially guarding against learning loss in future pandemics (OECD et al.,
2022).

Interactive apps can also promote autonomous learning, which is conceptualised as an
individual’s ability to take control of their learning by supporting the management of what
they learn and when, engaging reflectively in the learning process and evaluating their own
progress (Holec, 2001; Lan, 2018). Autonomous learning is a valuable skill when using
EdTech in large classrooms (Jordan et al., 2021) and a perceived necessity when the learner
is out of school and receives no formal support or instruction (Huntington et al., 2023b).
Thus, children in LMICs receiving poor or no formal education might benefit from a learning
app intervention to acquire core foundational skills. However, the effectiveness of learning
technology remains under-researched and under-documented, particularly for out-of-school
children in Sub-Saharan Africa. As a result, it has yet to be determined if and how EdTech
might be deployed successfully directly to communities to promote the learning of

foundational skills in out-of-school children.
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To date, most EdTech research has employed experimental studies to generate an
evidence base measuring the effectiveness of learning apps within different populations,
situations, and learning styles, which has been used to inform practice (Spieth et al., 2016). A
recent meta-analysis demonstrated that technological interventions can produce significant
improvements in attainment and learning outcomes for foundational skills compared to
standard practice in LMICs, along with enhanced attitudes and motivation through app
personalisation (Major et al., 2021; Jones et al., 2013). Improvements in learning outcomes
for foundational skills have been evidenced in different LMICs in the Global South (Lurvink
& Pitchford, 2023) and across different groups of learners, such as low and high achievers
(Bardack et al., 2023), speakers of more than one language (Outhwaite et al., 2020), and
children with special educational needs and disabilities (Pitchford et al., 2018; Lurvink &
Pitchford, 2023). In contrast, some studies report no effect of EdTech on language skills (e.g.
Araya et al., 2019; Carrillo et al., 2011; Lai et al., 2013) and motivation (e.g. Ito et al., 2021),
and suggest that EdTech can increase maths anxiety (Araya et al., 2019), which questions the
efficacy of EdTech in raising learning outcomes. Furthermore, most EdTech research has
been conducted within a school environment where teachers are available to scaffold and
support children’s learning as needed (e.g. Lurvink & Pitchford, 2023). A review of EdTech
research suggests that self-led or autonomous learning interventions are the most effective at
raising learning outcomes, even within a school environment, which indicates that EdTech
using self-led interventions may be highly valuable for out-of-school children with no formal

educational support to learn foundational skills (Rodriguez-Segura, 2022).

Accordingly, research is needed to inform an evidence-based understanding of 1) the
capability of out-of-school children to engage with and learn from tablet-based technology
and app-based learning software and 2) the mechanisms through which out-of-school

children may acquire foundational skills using these methods, identifying key factors that
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may predict successful learning outcomes. These insights are critical to guiding educational
app development for this population and informing educational policies that address this
global learning crisis, which is becoming increasingly significant due to rising out-of-school
numbers and the learning losses experienced through the pandemic. This thesis addresses
these two research gaps by first establishing what is known about out-of-school children and
how they learn (current chapter) before employing mixed methods to further investigate the
mechanisms through which marginalised, out-of-school children may use tablet-based

technology to acquire foundational skills (Chapters 3-6).

1) The capability of out-of-school children to engage with and learn from tablet-based

technology and app-based learning software

To understand the capability of out-of-school children to learn with tablets and app-
based software, it is first pivotal to consider the unique challenges that this population may
face and the potential impacts this may have on learning interventions. Existing initiatives
that have been conducted with learning apps and this population will also be examined. As it
has been established that girls in rural communities are particularly high risk for being out-of-
school and having lower literacy levels, the role of gender will be explored, concentrating on
gender discrepancies experienced in this context, gender differences found when using
educational software as a learning tool and the importance of increasing educational access
for girls. Finally, existing research for children with SEND is explored, as another high-risk

group that is likely to be impacted by inequalities in school access.

Educational challenges for out-of-school children

Out-of-school children living in marginalised communities are likely to face a series
of unique challenges not experienced by those who usually attend formal schooling, some of

which may impact their ability to learn using tablet-based technologies. One of these
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challenges is that many out-of-school children live in rural, low-income areas, so may have
limited or no access to technological devices like smartphones or tablets to support their
education (Kukulska-Hulme, 2023; Rodriguez-Segura, 2022). When they do have access, the
devices may belong to the household unit, limiting their independent use and potential to be
used as an educational tool (Duby et al., 2022; Kronke, 2020; Yardi & Bruckman, 2012).
Such low penetration of technology could limit users’ digital literacy and familiarity with the
hardware on which EdTech interventions are often deployed, which may have a significant
impact on how an intervention is received and, ultimately, its effectiveness (Rodriguez-
Segura, 2022; Garcia, 2019).

Another challenge faced by out-of-school children in some low-income countries is
the lack of access to electricity, with 53% of Sub-Saharan Africa and 600 million people
living without any access to electricity, and millions more anticipated to live with unreliable,
limited electricity access (United Nations, 2023). Without electricity, children would struggle
to follow an EdTech programme due to a lack of charging facilities. However, EdTech
initiatives focused on low-income and out-of-school environments are beginning to address
these two challenges as part of their learning provision, as some prominent learning apps are
fully functional without grid electricity. For example, a custom device named the ‘onetab’
has been created by onebillion, a non-profit organisation that builds scalable educational
software, and this comes with optional solar-powered chargers (onebillion, 2022). While the
organisation advertises the additional charger option as low-cost, funding is already a critical
concern when considering EdTech programmes, particularly in low-income countries where
governments are already lacking the financial resources to meet educational needs
(onebillion, 2022; UNESCO, 2023). As they need to prioritise funding effectiveness, buying
chargers for each individual may be too costly in addition to the tablet-based technology

itself. An alternative option was introduced by the GLXP competition, an initiative testing
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EdTech software solutions with out-of-school children in remote areas of Tanzania. They
installed local charging stations for small groups of villages to access as and when needed
(XPRIZE, 2019). Prominent infrastructural challenges remain, but these examples indicate
that developers are slowly beginning to offer innovative solutions to address key problems as
part of their technological provision.

Another crucial difference between out-of-school children and those in formal
schooling or temporarily learning from home is the level and quality of support they receive
alongside their learning. Children who were out of school because of COVID-19 restrictions
still received regular support from their class teachers, usually through online teaching
sessions (Crompton et al., 2021a; Goudeau et al., 2021; Carroll & Constantinou, 2023). Most
EdTech interventions implemented in low-income countries include at least in-person support
elements, whether from teachers, volunteers, parents or group learning centres and sessions
(Pitchford, 2015; Kaye et al., 2020; Hennessy et al., 2021). While out-of-school children may
receive informal support from their parents and other family members, it is essential to note
that in rural, low-income settings, caregivers are also likely to have low literacy levels and,
therefore, be unable to provide the complex, evaluative feedback needed to support learning
(Fute et al., 2022; Cayton-Hodges et al., 2015). Previous research has suggested that EdTech
may only be successful for children if combined with comprehensive in-person pedagogy and
supported scaffolding, so this lack of educated support may substantially impact learning
outcomes with out-of-school children (Rodriguez-Segura, 2022; Habyarimana & Sabarwal,

2018).

Existing EdTech initiatives for out-of-school children

Several initiatives have already been undertaken in LMICs that use EdTech solutions
to tackle the global learning crisis with out-of-school children, with mixed levels of success

due to the unique and extensive challenges this demographic faces. Low-technology options
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like radio and television have successfully supported foundational learning outcomes for
rural, out-of-school children when carefully designed with the specific context in mind
(Thinley & Rui, 2023). Compared to other technologies, such as smartphones and tablets,
low-technology options are considered a cost-effective option with high initial costs but
lower recurring costs, which are minimised further at scale (Zacharia, 2020).

Established interactive radio instruction (IRI) initiatives are commonly utilised in
schools, providing educators with available, high-quality content where class sizes are large
and under-resourced. An example is the Rising on Air (ROA) programme, which currently
serves 250,000 students across more than 700 schools in Sierra Leone, Liberia, Ghana and
Rwanda (Rising Academies, 2023). This 20-week structured curriculum content delivered by
radio scripts alongside teacher training support has shown success in 25 countries as a
resource to teach content such as foundational literacy, numeracy and language to young
children and adolescents (Afoakwah et al., 2021; Rising Academies, 2020). A 12-week
randomised control trial utilising the ROA programme and focusing on foundational maths
skills was implemented in 15 Rising Academies low-cost private primary schools in Ghana
with 1,359 children aged 8-11 (719 who were in the intervention group; Afoakwah et al.,
2021). No significant differences were found in numeracy skills between those who
participated in the intervention and those who did not, suggesting that the intervention was
not significantly beneficial for improving numeracy skills. Despite the intervention group
having a balanced gender split (352 girls vs 367 boys), gender effects were not explored for
learning improvements. Students reported that they enjoyed the sessions, but engagement was
also a significant challenge for both genders, even when the planned lessons were halved in
length to address the low engagement (Afoakwah et al., 2021). As demonstrated, the ROA
programme has had mixed success in schools in low-income settings, and the RCT in Ghana

provided key insights to suggest that it may be difficult to effectively engage children in
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radio-based learning provision. It has been suggested that to maximise chances of success,
low-tech solutions should encourage more active student interaction throughout (Afoakwah
et al., 2021), which would be even more challenging in an out-of-school setting without
trained teachers and additional resources.

Another prominent example of out-of-school IRI is the USAID-supported Taonga
Market programme created to support Zambia’s rising out-0f-school population with high-
quality education and psychosocial support (Education Development Center, 2020). This
support was based on custom-made radio learning centres staffed by volunteers from the
local communities (which may be a physical structure or convenient location to gather, such
as a tree or local landmark; Williams, 2022). The programme consisted of 150 lessons for
each grade level, each consisting of a 30-minute broadcast and accompanying worksheet
activities (Sitali, 2006). The initiative was highly successful, reaching over 62,000 out-of-
school orphans and vulnerable children aged 5-19 years in the initial pilot (USAID, 2009).
The Zambian Ministry then rolled the programme out to 3000 community learning centres,
leading to 1.2 million students outperforming their peers in formal schools in reading
proficiency (UNESCO, 2024a). Results showed children receiving the IRI intervention to
score 14.3% higher in literacy than those without this provision, and out-of-school children
were found to perform at least slightly better than control groups across all subjects tested
(literacy, mathematics, science, and social studies) after receiving IRI (Education
Development Center, 2020; USAID, 2009). As with the Rising on Air programme, the
learner population was almost equally divided by gender (51.1% girls vs 49.9% boys), yet
gender effects were not explored. This initiative is highly beneficial in demonstrating that
children without formal schooling can improve their foundational learning skills, but the
children involved were based in learning centres with adult support and supervision from a

dedicated mentor (Williams, 2022). Therefore, the learning is not autonomous, and it remains
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unclear whether this IRI initiative would be as successful with children who have to work
completely autonomously within their communities without the informal support offered in
the Taonga Market programme.

While many low-technology options, such as the IRI solutions explored, are a popular
choice for LMICs to address inequalities in out-of-school access to education, it is pivotal to
note that less than 40% of LMIC households have personal access to a radio or television
(Mundy & Hares, 2020), suggesting that it is not a sustainable, long-term solution if the
hardware is not provided. While this has been somewhat addressed by existing programmes
creating informal school settings to broadcast the sessions (as in the Taonga Market
programme; Education Development Center, 2020), large groups of children in one setting
may be too distracting for the children trying to learn, making it extremely difficult for them
to concentrate and hear the material. Furthermore, a disadvantage of radio and television-
based learning is that the content and progression rate are not personalised to the individual
learner, which is an approach shown to positively influence the impact of technology-based
learning (Major et al., 2021).

Furthermore, each session is broadcast at a scheduled time, which the learners need to
be available for and cannot miss to ensure the continuity of learning content (Williams,
2022). Having fixed broadcast times provides a prominent barrier to access for some
children, particularly girls from low-income countries who typically have higher familial
responsibilities and domestic workloads within their households (Njie et al., 2015; Hossain et
al., 2023). Despite the IRI solutions presented having the opportunity to explore gender
effects, they did not evaluate potential differences, which is problematic for trying to
establish whether the radio-based sessions are broadly successful at improving learning
outcomes or more suitable for one gender than another due to barriers for access. Gender-

based equality in access to education is already a prominent concern for low-income

29



countries (Crompton et al., 2021c), and providing scheduled radio provision as an out-of-
school solution to learning could further exacerbate the evidenced inequalities. To ensure that
girls are sufficiently targeted alongside boys, EdTech learning solutions should ensure that
any scheduled activities are at suitable times to enable participation for all genders (Samuels
et al., 2022). Alternatively, utilising a higher technology solution, such as tablet-based
technology, could provide a more comprehensive, inclusive, and high-quality solution due to
the high flexibility and ability to personalise instruction for the recipients.

One popular programme, One Laptop Per Child (OLPC), focused on higher
technology hardware provision. Governments and NGOs aimed to increase access to
education by simply providing children in LMICs with their own laptops, either directly to
the student (as supplementary out-of-school provision) or providing classrooms with enough
hardware that each child had access to one (Rodriguez-Segura, 2022). Autonomous learning
with the technology was heavily promoted throughout the programme. The first large-scale
RCT evaluating OLPC was conducted in 319 schools with 4,100 primary-aged students in
rural Peru over 15 months, in which literacy, numeracy, language, and cognitive skills and
time spent on technology were measured (Cristia et al., 2012). It was found that children in
the experimental condition showed significantly higher improvement than controls for fluid
intelligence and overall cognitive skills. In contrast, no significant improvement was found in
mathematics and language skills, as well as verbal fluency, decoding and overall academic
achievement. Taking part in the programme also led to a notable increase in the use of
technology outside of learning hours (Cristia et al., 2012).

The OLPC initiative has been heavily criticised due to highly mixed results across the
programme - for example, significant improvement was shown for maths and not reading
when the programme was tested in Uruguay (de Melo et al., 2014) - and the lack of evidence

of improvements in the core subjects of maths and literacy (Rodriguez-Segura, 2022;
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Paradowski, 2015). There is evidence of some improvement as a result of OLPC, which has
been highlighted, but this was using a 10% significance level, which is lenient and thus
heightens the risk of Type 1 errors (false positives) and claiming statistical significance for
marginal differences (Park, 2003; Cristia et al., 2012; de Melo et al., 2014). There were also
no effect sizes reported, which are valuable measurements to provide comparative
benchmarks for similar research studies and to establish the practical significance of findings
(Funder & Ozer, 2019), which is crucial when trying to establish whether an EdTech solution
could be implemented across different populations and settings.

While the evaluation of the programme was problematic, the success of the OLPC
initiative in the US, Peru, Rwanda, and Tanzania was also likely constrained by poor
implementation efforts, limited internet access in schools, poor support for repairs, non-child-
directed delivery and lack of teacher training; all of which could have hindered children’s
learning with this technology (Hubber et al., 2016; Camfield et al., 2007). This highlights the
importance of environmental factors in successfully deploying EdTech interventions in low-
income contexts, which is enhanced when the children concerned are out of school and not
receiving regular support from a trained teacher. It would also suggest that providing
hardware and computer access with no suitable software and pedagogical content is unlikely
to improve learning outcomes for out-of-school children (Sampson et al., 2019).

To establish what research already exists that combines high-technology and
pedagogical content, a relevant literature search was conducted in December 2022 to find
studies using mobile technology to improve foundational learning for out-of-school children
in LMICs. Updated searches were conducted in June 2023 and February 2024. The inclusion
criteria for this search were documents in the English language that report on the use of
educational technology interventions to improve foundational literacy and/or numeracy skills

in out-of-school children in LMICs. Inclusion was restricted to English documents for
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pragmatic reasons due to language restrictions. The search was limited to records between
2007 and 2024, chosen due to the rapid increase in the use of educational technology (e.g.
Apple released the first iPhone in 2007; Apple, 2007). The World Bank classification of
LMICs was used as guidance for whether a country should be included or not, last updated in
2022 (World Bank, 2022b). For this research, a child was defined as being between ages 6-17
years due to being school-age, and thus the target population when exploring research with
‘out-of-school children’. This age group is the focus of Sustainable Development Goal 4
when referring to children and young people completing primary and secondary education
(Webb et al., 2017; UNICEF, 2020). Finally, the working definition of mobile technology for
inclusion was taken to be any portable electronic devices such as tablets, smartphones, and
laptops (Fietzer & Chin, 2017). Low-technology options were not considered, and desktop
computers were excluded due to their lack of portability, which is crucial in this context.
Fifteen academic databases were searched using a comprehensive search string, along
with relevant research groups (e.g. EdTech Hub and The World Bank), non-governmental
organisations (NGOs; e.g. UNESCO) and other grey literature (see Appendix A for the full
search string). Studies investigating children receiving EdTech interventions as
supplementary provision or children who were only out of school due to the COVID-19
pandemic school closures were excluded, as these are a different demographic to children
unable to access school on a permanent basis. Five alternative technological initiatives were
found to have already been developed and implemented with out-of-school children. Each of
these initiatives took a slightly different approach to solving the fundamental problems, as

described below, and summarised in Table 1.
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Table 1

Implementation data extracted from the five studies identified in the literature search for EdTech interventions with out-of-school children

Study Participants Intervention Intervention dosage Infrastructure Effect sizes
Number, provided/required (as reported)
Age range,
Country
Brezeal et al., 2016 40 Pilot study of the No direction regarding Smartphone devices, N/A

4-11 years Curious Learning

Ethiopia platform (literacy)

use.

Solar charging equipment,
Training for adults in the

villages.

Only anecdotal evidence
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Study Participants Intervention Intervention dosage Infrastructure Effect sizes
Number, provided/required (as reported)
Age range,
Country
Orozco-Olvera & 9393 Curious Learning Five-day video Video screenings targeting  Not able to calculate
Rascon-Ramirez, (938 platform (literacy)  intervention parental attitudes, Cohen’s d.
2023 households Apps used: Feed Smartphone provided = Smartphone devices, Reported: Literacy: z-
which the Monster and at end of the 5 days Training for parents and score increased with an
received Global Digital for 12 months— no target children, effect size of 0.462
smartphone)  Library restrictions of use. Solar chargers. (p<0.01).
6-9 years Part of a wider Numeracy: z-score
Nigeria intervention to increased with an effect

reshape parental

attitudes

size of 0.628 (p<0.01).
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Study Participants Intervention Intervention dosage Infrastructure Effect sizes
Number, provided/required (as reported)
Age range,
Country
Stubbé et al., 2016 86 E-Learning Sudan  6-week intervention Tablet technology (shared  Not sufficient information
Pilot 1 7-11 years (game-based 5 times per week one per two children), to calculate effect sizes.
Sudan numeracy app) 45 minutes per day Learning centres overseen
by a facilitator running
two sessions a day.
Stubbé et al., 2016, 916 E-Learning Sudan  6-month intervention = As above. Not sufficient information
2017 7-9 years (numeracy) 5 days per week to calculate Cohen’s d.
Pilot 2 Sudan 45 minutes per day Reported: r = 0.85 for pre-

post-test improvement in
numeracy scores across the

sample (p<.001).
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Study Participants Intervention Intervention dosage Infrastructure Effect sizes
Number, provided/required (as reported)
Age range,
Country
XPRIZE, 2019 2041 GLXP competition  15-month intervention Tablet technology King et al. (2019; impact
7-11 years (see Chapter 2 for ~ — no restrictions of (one per child), report) reported effect
Tanzania five apps used; use. Solar charging stations, sizes for the EGRA and

literacy and

numeracy)

Village Mamas for
facilitation/technical

guidance.

EGMA subtests, ranging
between 0.46-0.59 for
literacy and 0.42-0.59 for

numeracy.
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As previously evidenced, programmes utilising handheld hardware, such as phones or
tablets, have improved foundational learning outcomes in schools when used with
appropriate learning software in low- and high-income settings. A novel approach developed
in 2011 was the ‘Curious Learning’ initiative, using smartphones and a cloud-based backend
to develop a platform of existing literacy-based open-source learning apps and distribute the
product to marginalised children in overcrowded and under-resourced schools (both rural and
urban) or out-of-school in remote villages (Gottwald et al., 2017; Brezeal et al., 2016). The
scheme aims to reach 770 million people and currently spans 195 countries, providing
content in 69 languages with over 75 learning apps from a variety of partners that enable
children to develop their literacy and reading skills (Korin, 2021).

A pilot study was conducted in Ethiopia, deploying mobile phones with the Curious
Learning platform to children in two remote villages that had no access to formal schooling
but no real results. There were no appropriate digital activities or software targeted at the
villagers’ native dialect (Oromo), but their local government requested English deployment
as it may improve employment opportunities for the children, so the devices were loaded
with English literacy content, books, and videos, with educational content adjustable to the
needs of the learner (Breazeal et al., 2016; Gottwald et al., 2017). All children between the
ages of 4-11 years were provided with a device, with 40 children participating in total across
the two villages, and solar charging equipment and training were provided to adults in the
villages (Breazeal et al., 2016). The intervention objectives were for the illiterate children to
develop technological familiarity, basic conceptual knowledge and vocabulary, early literacy
skills and maintain sustained engagement.

It is not stated how long the intervention was intended to last, but due to funding
issues, the researchers lost contact with the villages for one year, preventing the formal

evaluation from taking place (Gottwald et al., 2017). Early Grade Reading Assessments
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(EGRA) were conducted with six of the participants several years later to collect anecdotal
evidence, with results demonstrating that the participants could accurately read text written in
Oromo and answer comprehension questions, with two children accurately decoding 70% of
the English words they were presented with (Gottwald et al., 2017). While these results are
promising, the evaluation is limited and only based on six children’s progress, which is
insufficient to draw conclusions about the broad value of the Curious Learning programme in
helping out-of-school children learn foundational skills.

More recently, the World Bank built on this research by conducting a cluster
randomised trial testing two components of a five-day Curious Learning intervention with
out-of-school children aged 6-9 years and their parents in 9393 homes in northern Nigeria
(Orozco-Olvera & Rascon-Ramirez, 2023). Community video screenings were shown to half
of the households to reshape parental attitudes to education, aiming to improve school
attendance rates (with the other half forming a control group). Approximately a third of the
children from the intervention group received a smartphone with the pre-loaded Curious
Learning platform (Orozco-Olvera & Rascon-Ramirez, 2023). Two literacy apps were chosen
for use on the basis that they can run offline, Feed The Monster (game-based learning) and
Global Digital Library (reading resources), and were translated into the local language,
Hausa. No learning instruction or restrictions were placed on the children; the goal was to
provide increased and flexible access to literacy resources (Orozco-Olvera & Rascon-
Ramirez, 2022).

After 12 months, children in the treatment group (video screenings) were 42% less
likely to be out of school, indicating that the videos were successful in boosting attitudes and
school enrolment, but there were no significant improvements to learning outcomes (World
Bank, 2023). The combined intervention (video screenings and mobile provision) increased

literacy skills by 0.46 standard deviations and maths skills by 0.63 standard deviations,
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measured by the Early Grade Reading and Maths Assessments (EGRA and EGMA,; Orozco-
Olvera & Rascon-Ramirez, 2022; World Bank, 2023). These large effects placed the
intervention as the fifth highest scoring out of 74 learning interventions studied by the World
Bank, and 0.5 standard deviation increases were equivalent to five years of instruction in the
World Bank study schools (World Bank, 2023). There were also spillover effects for older
siblings in the household, whose literacy and numeracy skills increased significantly, and a
reduction of 13% in adolescent parenthood and a 14% reduction in early entry into the
workforce, which are overwhelming problems in low-income countries (Orozco-Olvera &
Rascon-Ramirez, 2022; World Health Organisation, 2023; Garcia & Fares, 2008).

While the findings are encouraging, several important questions still need to be
addressed. Research has recommended that educational interventions must be implemented
for a minimum of 12 weeks in order to assess its full potential; the current intervention period
was only five days, which may be insufficient to draw reliable conclusions from (Higgins et
al., 2012). EdTech interventions, in particular, should be implemented over a long test period
to identify whether uptake of the intervention is due to the novelty effect of using tablets for
the first time or sustained interest in the learning process (Huntington et al., 2023a).

Secondly, the Curious Learning platform provides access to a multitude of different
learning apps rather than a specifically developed learning app for the targeted learner.
Providing young children with a large choice of learning apps may overwhelm the children,
leading to less concentrated learning time, and there is a wide range in the quality of available
learning apps for children (Hirsh-Pasek et al., 2015; Kolak et al., 2021; VVaiopoulou et al.,
2023). Furthermore, while the research showed that out-of-school children can learn using
the platform and mobile devices, the evaluation of the programme broadly (as opposed to the
individual apps) provides no information about the software features that do or do not

facilitate learning, and thus would be helpful to use with these out-of-school learners.
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Despite the remaining questions, these broadly positive findings across the two
studies conducted in Ethiopia and Nigeria show promising evidence to suggest that a home-
based smartphone implementation pre-loaded with the Curious Learning platform can
substantially improve foundational literacy and numeracy skills for out-of-school children,
and that these skills are sustained for the following year, making mobile technology with
appropriate software a potential low-cost mitigator for the learning crisis experienced in
LMIC.

Limited research has been conducted on the effectiveness of learning app software
with out-of-school children that specifically uses tablet-based technology, which is the
technology evaluated throughout this thesis. This could be due to many reasons, such as the
anticipated cost of distributing hardware (as existing penetration of tablets is so low within
LMIC out-of-school communities), the difficulty of accessing the population for research,
and the lack of research demonstrating its effectiveness in the specific context (Kukulska-
Hulme, 2023; World Bank, 2018; Tauson & Stannard, 2018). The few studies that have
examined foundational learning with tablet technology in LMIC contexts with out-of-school
children are described below.

The first tablet-based mathematics programme tested with a remote, out-of-school
population without access to learning materials was E-Learning Sudan (2012-2015). Game-
based tablet technology with video instructions was used to autonomously teach early
mathematics skills, such as counting, addition, subtraction, and place-value concepts to
primary-aged children in remote villages (Stubbé et al., 2016). Two quasi-experimental pilot
studies were conducted, with sessions taking place in built-for-purpose learning centres
without teaching support but overseen by a facilitator. All tablets were shared between two

children due to two separate sessions taking place per day, and tablets were not accessible for
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use between sessions. Learning improvements were measured using local school-based tests
to assess Grade level performance.

In the first pilot study, 86 out-of-school children aged 7-11 from four remote
communities in Sudan took part in the experiment (19 in the control group receiving no
education) and played the tablet-based game five times a week, 45 minutes per day, for a
period of six weeks. Results found that the experimental group demonstrated significantly
greater improvement in maths test scores (pre-post test) compared to the control group. There
was also a large effect size between the experimental and control group post-test scores
(Cohen’s d = 1.16), indicating that the experimental condition influenced a greater
acquisition of foundational maths skills.

In the second pilot study, participants were 916 children aged 7-9 years from 29
communities across three states in Sudan (White Nile, North Kordofan and Gedaref; Stubbé
et al., 2016). The experimental group again played the e-learning game for 45 minutes per
day, five days per week, but for a longer experimental period of six months. The control
group (325 children from 10 communities across the three states) were enrolled in informal
education, receiving two 45-minute mathematics lessons a day taught by a teacher in out-of-
school centres. All three experimental groups showed a significant improvement in scores
from pre- to post-test, with a high effect size of r=0.85, demonstrating that the tablet-based
learning intervention is successful at improving basic mathematics skills with out-of-school
children. However, there was no significant difference between the experimental and control
conditions for children in the North Kordofan state (pre-test, post-test, or score increase). The
authors concluded this was a positive finding, as the control group received twice as much
learning instruction (twice a day vs once a day) yet still failed to outperform the experimental
group (Stubbé et al., 2017). Results showed that for the White Nile state, the control group

outperformed the experimental group with a significant difference in score increase from pre-
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to post-test (low-medium effect size of r=0.24), suggesting that the additional instruction the
control group received was modestly effective in enhancing foundational mathematics skills.
These findings highlight the importance of instruction time for improving learning outcomes
but also suggest that contextual factors (such as infrastructure and community) may influence
learning for out-of-school children, as demonstrated by the differences in outcomes between
regions when looking at the relationship between the control and experimental groups.

These two pilots provided an insightful exploration of the effectiveness of tablet-
based technology for out-of-school learning, but there were multiple methodological
problems with the second pilot that threatened the reliability of the study findings. Data
collection issues meant that the pre-and post-tests were not conducted at the planned times;
the Gedaref pre-test was taken two months after the beginning of the intervention, so all 100
control group children were excluded from analyses (Stubbé et al., 2016). The post-tests were
taken 3 (North Kordafen) and 6 months (White Nile) after the intervention instead of the
planned six weeks for the other two states. There were also issues with logged data; two
communities had no data collected and matching logged data to test data was difficult,
leading to loss of data (23 files) and matching data based on name instead of case numbers.
These identified challenges suggest that the results from the intervention should be
interpreted with caution, and further research is needed to establish the effectiveness of the E-
Learning platform. The problems faced during these pilot programmes further highlight the
difficulty of implementing and evaluating EdTech interventions with out-of-school children,
emphasising the need to carefully plan the delivery and data collection processes with this
hard-to-reach population, as they present additional, unique challenges. Furthermore, as with
the radio-based learning programmes, the scheduled sessions could provide a substantial
barrier to educational access for girls and children with higher household commitments. A

key advantage of EdTech for out-of-school children is its flexibility of use, which is
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eliminated during this structured programme, particularly as the tablets are not available
between the learning sessions for the children to use freely (Tauson & Stannard, 2018;
Stubbé et al., 2017).

Another initiative that tested the ability of tablet-based technology to improve
foundational learning skills for out-of-school children is the Global Learning XPRIZE
(GLXP) competition, a unique field trial that took place between 2017 and 2019 (XPRIZE,
2019). Global, multi-disciplinary teams were challenged to develop open-source, scalable
learning software to improve foundational reading, writing and numeracy skills. Five finalist
teams field-tested their app (deployed on tablet technology) with 2041 illiterate out-of-school
children aged 7-11 years from rural villages in Tanzania over a 15-month period. All five
teams demonstrated significant core improvements in literacy, maths and writing skills over
the duration of the trial, with children who received instruction from the two winning apps,
onebillion and KitKit School, achieving the greatest overall proficiency gains (XPRIZE,
2019). As the competition was successful in improving learning outcomes and the field trial
compared five distinct learning apps with the same population, it provided a unique case
study opportunity, which this thesis research is based upon, by providing an in-depth
secondary analysis of the GLXP findings (see Chapter 2 for further details of the trial,
software, and results).

In summary, research conducted with long-term out-of-school children is scarce, and
the research quality is generally poor; hence, there is currently a distinct lack of rigorous,
robust evaluation due to the methodological challenges faced. It has been demonstrated here
that programmes only offering hardware solutions produced mixed results for educational
outcomes, while initiatives that provided hardware with curriculum-driven software installed
offered greater promise in fostering foundational learning skills with this marginalised

demographic.
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Many of the out-of-school initiatives involved setting up learning centres where
children gathered daily to receive the intervention that was supported by adult facilitators (as
in E-Learning Sudan; Stubbé et al., 2016 and the Taonga Market programme; Education
Development Center, 2020). Learning centres may be problematic in more rural contexts, due
to scarce resources and small communities making it difficult to obtain volunteers to facilitate
the learning sessions (Mokoena, 2015; Wright & Plasterer, 2012). Furthermore, as the centres
have to be staffed, there would likely have to be scheduled session times, which presents the
same barrier to accessibility for girls that the fixed radio broadcasts do. Therefore, further
research is needed to investigate whether children can learn autonomously using tablet-based
technology in their home environments, as this could minimise the resources needed for the
learning process.

Little is yet known about the circumstances in which out-of-school children learn
autonomously in the home environment without an organised structure. Research is needed to
identify the child-level and contextual factors that are most important in determining the
effectiveness of EdTech interventions, particularly those with tablet-based technology
implemented in rural, low-income communities, which will be explored in Chapter 5. This
knowledge would then significantly contribute to the optimisation of future programmes with

this population.

Consideration of gender inequalities

As girls were identified as a high-risk group impacted by the education crisis in low-
income countries, it is important to determine what gender differences currently exist, the
importance of supporting girls’ education and the potential role EdTech may have in reducing
existing inequalities.

Out-of-school differences. In 2021, approximately 245 million children and youth

were out of school, comprising 119 million girls and 126 million boys (UNESCO, 2022b).
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This data initially suggests a relatively balanced gender distribution among out-of-school
children. However, there are significant regional discrepancies, particularly in LMIC and
notably in sub-Saharan Africa, where the female out-of-school rate is 4.2% higher than for
boys at the primary level and as high as 20% at the secondary level (UNESCO, 2022a,
UNESCO, 2022c¢). Despite the significant decrease in gender gaps in education enrolment
globally, sub-Saharan Africa worryingly lags behind, exhibiting the widest gap to the
detriment of girls’ education and highlighting the need to address these imbalances
(UNESCO, 2022c). Less than two-thirds of girls enrolled in primary school in low-income
countries completed their schooling (UNESCO, 2020). School retention falls substantially for
girls due to a multitude of socioeconomic factors such as poverty, marriage, pregnancy and
having traditional gender roles to fulfil within their households (UK Aid, 2021; Awinia,
2019). As a result, there are significant gender disparities in learning outcomes at primary
school, which widen further after the transition to secondary school, with girls generally
receiving lower examination results than boys (Awinia, 2019; Al-Samarrai & Tamagnan,
2019). This exacerbates the dropout rates further, with a 1:2 girl-to-boy ratio by the time
students reach upper secondary (Pezzulo et al., 2022). This gender inequality is likely to get
substantially worse for girls in low-income countries, as they were more likely to have
missed out on foundational learning during the pandemic than their male counterparts (Conto
et al., 2020).

Interestingly, while girls generally outperform boys in reading, boys tend to excel in
mathematics during foundational education (UNESCO, 2022a). Girls’ performance in
mathematics improves in more gender-equal societies, as seen in primary education in
LMICs, where opportunities are more equally distributed among genders (Guiso et al., 2008).

Therefore, it is imperative that learning opportunities are developed with both genders in

45



consideration to eliminate barriers that would prevent either gender from learning effectively
across domains.

The discrepancies between male and female school enrolment and educational
outcomes are widely recognised, leading to a consensus among governments and charities on
the urgency to address the global challenges that inequalities create. In response to this crisis,
the UK became the largest global funder of girls’ education in 2012 by launching the Girls’
Education Challenge (GEC) with the Department for International Development (DFID)
pledging a 12-year commitment to researching and providing quality education to
marginalised girls globally (GOV.UK, 2013). This initiative, representing a commitment of
£855 million over 12 years, underscores the serious investment in and acknowledgement of
the importance of educating girls worldwide (DFID, 2016; Reilly, 2023). The GEC’s
approach has used a variety of projects to directly provide high-quality education to over a
million disadvantaged girls. Some of these key projects included EdTech interventions,
highlighting the pivotal role of such initiatives in enhancing girls’ educational experiences
(DFID, 2018).

The importance of prioritising girls’ education is due to its multi-level benefits for the
individual and their family, community, and society. Research has shown that increasing
schooling is likely to positively affect girls at an individual level (Musomi & Swadener,
2017), including increasing the potential for higher earnings, where one year of extra
schooling can equate to a 10-20% increase in the salary they are capable of getting
(Psacharopoulos & Patrinos, 2002; Tikly & Barrett, 2011). However, conflicting research has
suggested that whilst increasing girls’ educational attainment and skills is critical to attracting
income-generating opportunities, these educational gains have not translated into better
financial outcomes for most women (UN Women, 2015, p.69). There could be many reasons

for this, such as the inflexibility of jobs around childcare provision and the disproportionate
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responsibility women have for unpaid care and domestic tasks (UN Women, 2015). Despite
this, governments must provide the education necessary to empower girls and allow them
access to opportunities that arise.

Another benefit is that girls who receive formal schooling throughout the transition to
secondary school are more likely to delay early parenthood and marriage, with differences of
10% found in fertility age when only completing one additional year (Ferre, 2009). Marriage
in some marginalised countries is common in children as young as 14, and one in five girls
get married under the age of 18 worldwide (UNICEF, 2018). Childhood marriage threatens
the quality of life that girls lead, with a heightened likelihood of domestic violence, isolation
from families and their community and school dropout (Lloyd et al., 2007; Erulkar &
Muthengi, 2009). These implications would have a substantial cost to the societal economy
and provide evidence that the lack of education can provide a vicious cycle where, if you
receive inadequate schooling, it may lead to childhood marriage, heightening the likelihood
of school dropout. The potential impacts of early marriage and childbirth on both the
individual and society are clear, and they highlight the significance of addressing gender-
based learning inequalities.

The benefits extend to families and communities, where educated women contribute
to poverty reduction and community development. Their involvement in the workforce and
community roles is critical, especially in areas with a labour scarcity. This contribution
enhances community structures and fosters economic growth and sustainable lifestyles
(Heath & Jayachandran, 2017; Miiller, 2019; Ghuman & Lloyd, 2010; Roseland, 2012).
Moreover, the intergenerational impact of educating girls is evident, with educated mothers
more likely to raise healthier, better-educated children, creating a positive cycle of
empowerment and development (Grépin & Bharadwaj, 2015; Gakidou et al., 2010; Aslam &

Kingdon, 2012; Behrman et al., 2009; Heath & Jayachandran, 2017). Education quality and
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actual attainment were cited as the most critical factors, rather than the length of schooling
experience (Andrabi et al., 2012).

At the societal level, educating girls is a catalyst for economic growth, potentially
fostering up to 20% growth with each additional year of schooling (Hanushek & Woessman,
2011). This prospect is compelling for governments and policymakers to invest in female
education, recognising that the returns extend far beyond mere financial gains (DFID, 2020).
Ultimately, the benefits of educating girls are extensive, reducing violence, child marriage,
and pregnancy rates while boosting employment opportunities and economic growth and
addressing critical social issues like domestic violence and harmful cultural practices like
female genital mutilation (FGM; UNICEF, 2018; Lloyd et al., 2007; Erulkar & Muthengi,
2009).

Understanding gender differences in learning is crucial to help educators and
policymakers address the current inequalities and provide tailored solutions for both genders,
and thus the exploration of gender is a key theme throughout this thesis. EdTech may be a
solution to mitigate gender-based learning differences, as research has suggested that it may
enable access to education due to the ability to deliver foundational learning at scale and
despite distances (Samuels et al., 2022). Educational technologies may be able to promote
gender-equitable outcomes, even without an explicit focus on gender equality (Evans &
Yuan, 2022). Growing evidence suggests that if equity and inclusivity are considered when
designing EdTech software, these tools can promote higher engagement for girls than boys,
reinforcing the potential that EdTech may have to address educational gender disparities
(Webb et al., 2020).

Research by Pitchford et al. (2019) supports the potential use of EdTech to bridge the
educational gap between genders. They showed that in Malawi, the implementation of a 14-

month app-based intervention (designed by onebillion) delivering eighteen 30-minute
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mathematics sessions over the first year of schooling in Malawi prevented the gender
differences emerging in numeracy that typically advantage boys in traditional schooling.
After the EdTech intervention, the girls in the intervention group improved in numeracy
attainment significantly more than the control group, evidenced by a relatively large effect
size (Cohen’s d = 0.619). Furthermore, in the intervention group, no significant differences
were found between numeracy improvement for girls and boys (n2 = 0.001). However, in the
control group, boys achieved significantly higher attainment than girls (n2 = 0.012). This
difference in findings between the intervention and control groups indicates that the EdTech
solution facilitated the girls to catch up to the boys in numeracy, demonstrating that EdTech
may have a clear advantage for girls’ numeracy attainment over traditional schooling
practices. Furthermore, no significant differences were found in literacy and numeracy
learning improvement in the out-of-school initiatives described previously that explored
gender differences (Stubbé et al., 2016; Orozco-Olvera & Rascon-Ramirez, 2023). These
findings suggest that EdTech may be highly valuable for girls if educational access is
provided.

While these results are promising, not much is currently known about the true
potential that EdTech has to close the gender discrepancies found in traditional methods of
foundational learning across domains. It is clear that EdTech may mitigate gender
differences, but research needs to explore what elements of EdTech are responsible for
bridging the educational gap, and if these operate across both literacy and numeracy domains,
allowing educators to adapt educational software accordingly to support girls’ foundational
learning. Popular app features and their impact on both genders and domains (literacy and
numeracy) will be investigated in Chapter 4, as gender discrepancies remain a crucial issue in
LMIC and are relatively underexplored. However, it is essential to recognise that even if

EdTech is successful for both genders, girls may not have the same access to EdTech

49



opportunities and benefits as boys, particularly in LMIC (Crompton et al., 2021c). As
previously mentioned, many barriers to access are specific to girls, such as early marriage,
pregnancy, and household responsibilities, so it is vital to establish if these gender-specific
barriers are still impactful even when a flexible, autonomous learning solution is

implemented.

Children with Special Educational Needs and Difficulties (SEND)

Another group identified as being among those most affected by the global learning
crisis is children with special educational needs and difficulties. This thesis did not
specifically focus on children with SEND, as the case study it is based on - the GLXP
competition - did not establish whether the participants had any additional needs. However,
there are nearly 240 million children with disabilities globally, and this demographic is 49%
more likely to have never attended school (UNICEF, 2021b). There are at least 29 million
children with documented disabilities across Eastern and Southern Africa, with the true
number likely much higher due to difficulties with diagnosis, and fewer than 10% of disabled
children in Africa attend school (Moumen, 2023). Accordingly, there is likely to be a high
proportion of children with SEND amongst the out-of-school population. This may impact
the relative effectiveness of EdTech interventions delivered directly to the out-of-school
community compared to school-based interventions.

Research has suggested that tablet-based technology may facilitate foundational
learning for children with SEND due to their portability, ease of use, accessibility features,
and elimination of tools that need higher dexterity skills (e.g. a computer mouse; Kucirkova,
2014; Ryan, 2016; Coflan & Kaye, 2020). However, existing evidence is predominantly
exploratory or conducted in developed, high-income countries (Pitchford et al., 2018; Shah,
2011; Badilla-Quintana et al., 2022). A recent systematic review evaluated the existing

evidence of the use of EdTech to support learners with disabilities in low-income countries
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and found that only seven studies (out of 51 total) looked at the impact of the EdTech
implementation on academic learning outcomes, such as literacy and numeracy skills (Lynch
et al., 2024). Those studies did not attempt to measure or explain engagement or the changes
in learning outcomes, leaving researchers to wonder if the novelty effect of introducing new
technology was driving engagement.

Five studies focused broadly on SEND rather than on a specific population such as
children with visual impairments or deaf learners (Lynch et al., 2024). Of those five studies,
one focused on accessible technology rather than specialist assistive technologies, which may
provide accessibility to mainstream content for children with SEND but is not specifically
designed for this population (Coflan & Kaye, 2020). The study was observational,
implementing tablet technology with onebillion numeracy software for 33 children attending
a SEND unit in two state primary schools in Malawi (Pitchford et al., 2018). The intervention
was delivered daily as standard maths practice for children with SEND. The rate of progress
through the topics was calculated to assess learning gains and then correlated with the teacher
ratings of disability severity and engagement with the learning app. Results showed that
SEND pupils could interact with the apps and learn basic numeracy skills but at half the
speed of mainstream pupils (approximately four hours per topic vs two hours), and the extent
of the child’s disability significantly predicted their progress rate (Pitchford et al., 2018). This
would suggest that tablet technology with mainstream, curriculum-aligned learning software
could improve foundational learning outcomes for children with SEND, although larger,
rigorous quantitative studies need to be conducted with similar populations for more robust
conclusions to be made. Research also needs to investigate which technologies, learning
features and contexts facilitate learning gains rather than just measuring improvement in

outcomes (Lynch et al., 2024).
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There is seemingly no documented research testing the impact of an app-based
EdTech intervention with out-of-school children with SEND, which is not surprising
considering the general scarcity of EdTech learning interventions with out-of-school
populations. As already established, children with SEND in low-income countries are likely
to be out of school, but without a formal diagnosis, there is no way of knowing which
children have SEND. As children with SEND often struggle to learn at the same rate as their
mainstream peers using EdTech in school, it is likely that the same might be seen with out-of-
school children (Pitchford et al., 2018). Therefore, it would be valuable to investigate
whether relevant child and community-level contextual factors can predict whether an out-of-
school child will respond (or not) to an EdTech solution. This could help educators evaluate
whether a community is likely to benefit from an EdTech intervention. If a community has a
large proportion of predicted non-responders, it may suggest a high SEND population, and
developers could target these children using app design or implementation strategies

identified as being successful in facilitating learning for children with SEND.

2) The mechanisms through which out-of-school children may acquire foundational

skills using tablet-based technology and app-based learning software.

While mobile learning apps are becoming increasingly prominent in education, there
are very few models aimed at understanding how digital learning manifests and what app
features encourage digital learning to translate into successful learning outcomes, especially
in remote out-of-school settings (Qureshi et al., 2020; Kim et al., 2021). Determining which
mobile app features facilitate learning improvements is crucial as the expansive market
includes many educational apps that are poorly designed, with low educational value, and
lack features that are known to support children’s learning (Larkin, 2015; Kanders et al.,

2022; Callaghan & Reich, 2018). When an app has been shown to be effective, the focus
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tends to be on learning outcomes rather than app design, preventing developers from
obtaining sufficient descriptions of successful mechanics and thus replicating the aspects that
have driven positive outcomes (Alam & Dubég, 2022).

One model of digital learning that has been used to evaluate educational apps is the
Four Pillars of Learning framework by Hirsh-Pasek et al. (2015). This focuses on four app
design aspects that evidence has shown may positively affect a child’s learning process:

1. Active learning — Does the app require thought, attention and intellectual
effort?

2. Engagement in the learning process — Is the app interactive? Does it engage
rather than distract?

3. Meaningful learning — Is the app meaningful to everyday experiences? Is the
app contextually appropriate for the children?

4. Social interaction — To what degree can children interact with (i) Caregivers
and (ii) Characters within the app?

This framework has been applied to school-based app interventions (e.g. Outhwaite et
al., 2019b) and used to evaluate the quality of learning apps freely available on digital app
stores (Meyer et al., 2021). The principles have yet to be applied to an out-of-school learning
context, so it is vital to consider how suitable each of the four pillars of learning may be for
this demographic, and what the unique challenges the out-of-school context may provide for
this model.

Designing apps that engage children in learning is widely considered successful in
enhancing learning outcomes. This process should involve creating an interactive
environment for the child, providing a multi-sensory learning experience involving
animation, and personalised user choices (Garcia, 2019; Department for Education, 2019;

Giraldo et al., 2021). A careful balance needs to be created with young learners as a lower
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attentional capacity may mean that anything other than basic sounds and animations is more
distracting than usefully interactive due to the heightened cognitive load (Alam & Dubg,
2022; Willoughby et al., 2015). Furthermore, keeping children engaged with a learning app in
a low-income, unstructured environment may be difficult. A review testing out-of-school
learning provision in low-income countries during the COVID pandemic indicated that
having sufficient resources, such as a stable electricity source, was crucial for sustained
engagement in a learning app (Nicolai et al., 2023). This is likely so that the learning process
is consistent and not disturbed by technological issues. Furthermore, if the children do not
know how to use the technology, they may struggle to engage with the app, so out-of-school
programmes would need to involve training for the children to feel comfortable with the
technology (Islam et al., 2022). These examples suggest that with out-of-school children,
engagement may be less about the quality of the in-app animations and more about the set-up
process and quality of the infrastructure that the EdTech programme provides.

Research also supports the use of social interaction within an app (Berkowitz et al.,
2015). When parents are trying to choose high-quality apps, the UK’s Department for
Education suggests that a learning app should provide both in-app interactions with virtual
characters and external interactions with others, such as a parent and teacher, for guided
support (Department for Education, 2019). This should then facilitate valuable and rich
discussions around learning material (Berkowitz et al., 2015; Department for Education,
2019). Research with out-of-school children has also attributed children’s engagement to
receiving scaffolded support from motivated teachers (when during COVID) and parents or
caregivers who nudge children to engage and persevere with the app-based learning material
(Giraldo et al., 2021; Islam et al., 2022). This suggests that learning apps that prioritise social

interaction within an app may also be successful for out-of-school children, although it does
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contradict the concept that children may be able to learn truly autonomously with tablet-
based technology.

Studies suggest that any interventions and corresponding activities need to be
grounded in the curriculum to be successfully implemented within a school setting (Hennessy
& London, 2013; Pitchford, 2015; Berkowitz et al., 2015), as this is the existing pedagogy
proven by consistent evidence to foster learning in children (Osborne & Hennessy, 2003).
The learning content should also teach topics appropriate for their target age to stay aligned
with their understanding, which should be possible if successfully aligned with the
curriculum (Berkowitz et al., 2015). While a sensible suggestion for best practice, keeping
content aligned with curricula may prove challenging when implementing a specific
intervention over several different countries due to the substantial differences in curriculum
between areas and contexts. Furthermore, in low-income countries where children are poorly
educated and potentially illiterate, targeting content based on age may be problematic, as the
learning stage of the children would be substantially behind that expected of their age (Lewin
& Sabates, 2012). Aligning content to the curriculum could be even more challenging for
out-of-school learning provision. There are likely to be huge variations in children’s level of
prior knowledge and learning pace, particularly when the number of children with
undiagnosed SEND is assumed to be high (p.50-51).

Personalisation of an app has the most substantial evidence base to support its
effectiveness in improving children’s foundational learning outcomes and is widely
recommended for the implementation and choice of high-quality educational learning apps
for developers and parents alike (Porter, 2018; Department for Education, 2019; Outhwaite et
al., 2023). While there are varying definitions of what constitutes ‘personalised learning’ in
an EdTech context, there is a consensus that the software should be learner-centred, flexible,

and tailored to individual strengths to promote mastery of skills (Gro, 2017; Vanbecelaere et
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al., 2020a). The adaptive nature of personalised technology allows users to have a unique
learning experience adjusted to their age, knowledge, context, preferences and learning styles
(Giraldo et al., 2021; Major et al., 2021). This flexibility could be particularly effective for
out-of-school children, as it helps to alleviate potential concerns about children starting from
varied stages of the curriculum and progressing at different paces. Adaptive software also
provides the opportunity to empower children by allowing them to choose how, when and
what they learn, within reason, and it responds to established learning routines accordingly
(Major et al., 2021).

An element of personalisation considered crucial for a high-quality learning app is the
provision of instant feedback based on the input of the learner (Giraldo et al., 2021; Garcia,
2019; Department for Education, 2019). Feedback provides learners with differentiated
performance and progress information, shaping their responses, behaviour and learning
process (Alam & Dubé, 2022). Recent research has shown that explanatory and motivational
feedback is required for learning improvements in literacy and numeracy, as part of a
personalised learning approach with levelling (Vanbecelaere et al., 2020b; Outhwaite et al.,
2023). However, feedback becomes less impactful after the tasks are completed for the first
time (Callaghan & Reich, 2021). In an out-of-school setting, feedback is potentially more
important. This is because the children may receive motivational feedback from a caregiver,
but are unlikely to receive explanatory feedback, due to caregivers having low levels of
education themselves (Islam et al., 2022).

Personalisation, in combination with feedback, can be beneficial for children in low-
income countries, as an educational provision that adapts to the level of the learner can be
cost-effective and help mitigate the negative impact of large class sizes, and limited numbers
of high-quality teaching staff (Jordan et al., 2021; Kishore & Shah, 2019). Personalised,

adaptive software also offers the potential to support autonomous or ‘self-led’ learning,
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increasing accessibility to children who may otherwise have no access to schooling or
learning resources (Major et al., 2021). A recent meta-analysis showed technology-supported
personalised learning to have a significant positive effect on learning in LMIC, with an effect
size of 0.18 (Major et al., 2021). The Education Endowment Foundation considers this effect
size equivalent to two months of additional progress, albeit in a UK school setting (Major et
al., 2021; Education Endowment Foundation (EEF); 2023).

Whilst the features above are among the most prominent, additional research has
compared other app features to traditional learning tools, such as gamification/play-based
learning, direct instruction, task structure, meaningful learning and accessibility (Ku et al.,
2014; Alam & Dubég, 2022; Department of Education, 2019; Outhwaite et al., 2023; Haliler et
al., 2015). However, existing research primarily focuses on Westernised settings, so it is
unclear whether the features would also be beneficial for learning in a low-income setting,
particularly with out-of-school children (e.g. Outhwaite et al., 2023; Kolak et al., 2021;
Papadakis et al., 2017).

Most EdTech intervention research focuses on learning outcomes, but few attempt to
explain or measure the changes in learning outcomes after implementing the intervention
(Jordan et al., 2021). As a result, outcomes could result from a novelty effect, where learners
react positively because the learning method is new and exciting (Hew & Cheung, 2013).
This is especially pertinent for LMICs because the penetration of smartphones and other
handheld devices is extremely low, indicating that children will likely have little to no prior
experience with handheld devices such as tablets (for example, Tanzania’s smartphone
penetration is 32% and tablets less than 1%; Lamtey, 2024). Further robust research has been
called to evaluate app design and its impact in environments, conditions, and contexts other
than Westernised countries and public schools, with different groups of learners across

different domains (Lynch et al., 2024; Outhwaite et al., 2023). In response to this call for
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research, this thesis examined the impact of app features after intervention with out-of-school
children in a rural, low-income country environment (Chapter 4), including an exploration of
gender differences across learning domains (literacy, numeracy) and the effectiveness of

these app features on foundational learning (Chapter 5).

Challenges with implementation and infrastructure

To effectively integrate an EdTech intervention into children’s education, it is
imperative to first understand the infrastructural barriers and challenges involved and then
determine the conditions for successful implementation within school and out-of-school
settings. Gulliford et al. (2021) suggested that while app features are important, successful
implementation also relies on multiple child-level factors, the facilitator, and the learning
environment. If not carefully designed, delivered, and used without considering the specific
context, introducing an EdTech learning programme risks exacerbating existing learning
inequalities rather than improving them (Allison, 2023).

While many effective practices identified are taken from EdTech research conducted
in the high-income Global North, best practices are generally considered universal, based on
the principle that high-quality teaching practices are beneficial across different contexts
(Burns, 2022). When evaluating the implementation of the maths-based onebillion learning
app in eleven UK schools, Outhwaite et al. (2019) identified four key themes from
observations and interviews with participating teachers that were believed to contribute to
effective intervention implementation - teacher support, teacher supervision, implementation
quality and established routine. Established routine significantly impacted children’s learning
outcomes with the apps, predicting 41% of the observed variance. This indicates that having
a clear, well-established routine in the classroom is crucial to EdTech integration in a school
environment. This suggests that, for out-of-school children, when there is no funding for a

centralised learning centre, having an informal set-up within communities may be helpful to
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motivate children’s learning when they are out of school, even if it is just a specific outdoor
spot for groups of children to meet and work together each day. However, for out-of-school
settings, it has been previously mentioned that having a scheduled time and dedicated space
to work on the tablets may be problematic for certain groups of learners, particularly girls,
who have to balance other obligations, such as household responsibilities, and therefore
struggle to access educational opportunities (Nicolai et al., 2023). Thus, the impact of an
established routine for app-based learning with out-of-school children requires further
investigation and careful consideration in relation to different groups of learners.

Another fundamental consideration when implementing EdTech in school
environments is the need for technological support and adequate training provision for all
teachers involved (de Oliveira, 2014; Haliler et al., 2015). Without this training, teachers are
less likely to implement the interventions successfully, are going to hold less positive
opinions about these changes and potentially feel stressed by them, which can lead to slower
uptake of technological advances and poor implementation processes (Tom, 2018; Miglani &
Burch, 2019). Therefore, research suggests that sufficient time, money, and resources should
be allocated to implement any such intervention or change in teaching style to ensure
teachers and staff are trained and supported appropriately. However, a recent study
implemented the Headsprout Reading Programme to 269 learners in 22 Welsh primary
schools over a 23-week implementation period. They found that providing an ongoing
support model (including school visits, feedback, modelling, and practical advice) to staff
delivering the programme did not affect the quality of delivery or learning outcomes for
reading (Roberts-Tyler et al., 2023). This contradicts previous research, as it indicates that
only minimal implementation training and ongoing technical support are necessary for high-
quality EdTech provision (Roberts-Tyler et al., 2023; Naylor & Gorgen, 2020). However,

ongoing implementation support was shown to make a noticeable difference for the teachers
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when they were assisting struggling learners who require additional support (Roberts-Tyler et
al., 2023). This indicates that the specific learners being targeted should be considered when
deciding what level of ongoing support should be provided. In an out-of-school context,
where the majority of children would be classed as struggling learners, adult facilitators
(whether formal or informal) should be appropriately briefed and receive initial training on
how to support learners in engaging with the technology (UNESCO, 2021; UNICEF, 2022b).
Regular contact opportunities could then be provided to monitor whether they need further
support throughout the implementation period.

Whilst many implementation challenges are universal, there are additional
infrastructural challenges in developing countries that must be considered. These include
inefficient use of funds, obsolete technology and connectivity, chronically low staffing levels
and a need for more organisation regarding procedure, policy, and communication (Adam et
al., 2016; Nicolai et al., 2023). Within low-income contexts, even standard education
instruction is highly dependent on weather, child labour requirements (e.g. harvest season),
and teacher availability. These variables can highly impact the level of education a child
receives during a specified period (Pitchford, 2015). These factors may restrict how teacher-
led EdTech can be implemented successfully, particularly when still in the research context
and the stringent conditions required for a randomised control trial (RCT). Higher levels of
flexibility and contingency measures may be required for the successful implementation of an
EdTech intervention within a developing country. The infrastructural obstacles are also likely
contributing to the significant methodological challenges faced in some existing out-of-
school initiatives (e.g. Stubbé et al., 2016). To identify which infrastructural challenges are
most pertinent to the EdTech learning process for out-of-school children, it was important to

evaluate whether contextual factors such as the children’s prior experience with technology,
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support from community members and access to electricity in the household are contributing
predictors for improving learning outcomes.

Another critical issue for implementing all educational programmes, particularly
EdTech interventions, is cost, with governments and educators having to carefully prioritise
where to invest their time and resources (Beeharry, 2021; Nicolai et al., 2023). The cost of
hardware has proven to be a significant barrier in many low-income countries, with
governments generally preferring to spend their budgets on tangible assets, such as building
schools and hiring teachers (Passey et al., 2016; Kaguo, 2011). However, once hardware has
been invested, adaptive learning software is considered a good purchase for low-income
countries (World Bank et al., 2020). Similarly, research has shown that EdTech can be more
cost-effective than textbooks over time, but perceptions about what appropriate learning
materials are provide a barrier towards embracing and implementing innovative,
technological learning methods (Tembey et al., 2021). Providing access to technology-based
learning methods could be a highly cost-effective solution to reach children in the most
remote areas without traditional resources (Allier-Gagneur & Coflan, 2020). However, to
effectively implement EdTech solutions within this population, it may be crucial to first
explore perceptions towards the technology by interviewing individuals that have experience
in implementing EdTech with out-of-school children. Obtaining informed opinions about
how receptive governments, children and surrounding communities are to an EdTech
intervention will help educators to approach the sensitization period carefully. The goal
would be to instil a positive attitude within governments and communities so that they feel

that the programme is worthy of their attention, effort, and financial commitment.

Edtech deployment during the COVID-19 pandemic

The COVID-19 pandemic led to global school closures that affected 1.6 billion

students from 180 countries (Global Humanitarian Overview, 2022), leading to an
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educational crisis where learning provision had to be adapted to continue in the home
environment to avoid maximum disruption to the learning process for young children and
adolescents. There was a significant shift towards remote education, with children
accustomed to traditional schooling learning from home in less-than-optimal circumstances
(Cortés-Albornoz et al., 2023). While unprecedented, this comprehensive movement to
online learning platforms has provided unique insights into how EdTech can enhance and
replace traditional learning methods when needed for children who are usually in school (Ma
et al., 2020). It also inspired researchers to use the opportunity to test EdTech interventions as
substitutions to regular instruction and establish their success. The lessons learnt from the
deployment of EdTech during the global COVID-19 pandemic can inform future policy and
practice in this rapidly developing field (Bettinger et al., 2020; Ma et al., 2020).

Although EdTech substitutions for regular instruction have been shown to positively
impact foundational learning outcomes during the pandemic, the long-term effectiveness of
learning programmes is still being evaluated in many settings (Mufioz-Najar et al., 2021,
Nicolai et al., 2023). At a country level, evidence on the effectiveness of remote learning is
mixed (Mufioz-Najar et al., 2021). Research from the US, Brazil, and the Netherlands
suggested that students only learnt 60-80% of the minimum expected knowledge for maths
and reading following a period of school closures, even if the children had an advanced
technological set-up in the home environment (Mufioz-Najar et al., 2021; Engzell et al.,
2020). On the other hand, evaluations in Australia and Uruguay have shown that test scores
are consistent between past academic years and long periods of remote learning during the
pandemic (Mufoz-Najar et al., 2021).

Furthermore, understanding the true effect of remote learning interventions during the
COVID-19 pandemic and discerning their effectiveness in low-income countries is

challenging due to the substantial bias in the existing literature (Crompton et al., 2021a). A
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review into emergency remote education highlighted that only three percent of studies
focused on low-income countries, despite these populations being most in need of extra
support amidst a learning crisis (Crompton et al., 2021b). However, an Interactive Voice
Response mobile intervention in Bangladesh, delivering 60 audio lessons over 15 weeks to
1700 primary school children, showed significant improvements across literacy and
numeracy learning outcomes, with literacy scores improving by 0.66 standard deviations
(English) and 0.62 standard deviations (Bangla) and 0.56 standard deviations in numeracy,
relative to children in the control group (Hassan et al., 2021). It was also found that the
children from low-income families with the lowest baseline scores had the highest
improvements by endline (with a 1% significance level). This finding is substantiated by
other low-technology distance learning research (Hassan et al., 2021; Islam, 2022).

A recent review evaluated ten low-technology interventions conducted in LMICs
during the pandemic and found that there were mixed results on the effectiveness of the
intervention on foundational learning outcomes (Nicolai et al., 2023). While these were low-
technology solutions, rather than tablet-based, this provides further evidence to suggest that
children from low-income countries could learn from a remote intervention and indicate that
the most marginalised children in society may benefit most from EdTech solutions.

As this thesis research is focused on the use of tablet technology specifically, the
success of any tablet-based interventions in low-income countries throughout the COVID-19
pandemic must also be considered. One tablet-based initiative was the activity-based Sekolah
Enuma Indonesia programme, developed by the EdTech company Enuma. Enuma also
designed the game-based app KitKit School, which was one of the two winning apps in the
GLXP competition (XPRIZE, 2019; Enuma, 2021). Pre-loaded tablets designed to improve
literacy, numeracy, and additional language (English) skills were implemented over a three-

month test period during the pandemic in 2021 with 586 children aged 4-9 years. On average,
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children played with the tablets at community sites for an hour a day, five times per week,
with the sessions supervised by a local facilitator and multiple sessions per day meaning that
the children could not use the technology at home (Enuma, 2021). One community (Medan)
tested the tablets with 130 children who were out of school prior to the pandemic and had
been for an average of nine months. Improvements were measured using localised EGRA and
EGMA assessments, and results found that there were increases in the average percentages of
correct answers across all subjects (6% literacy, 12% numeracy, 4% additional language).
Another community (Lampung) tested the tablets with 456 children who were going to be
tested in schools but were not currently attending school due to the COVID-19 closures.
Again, results showed an increase in the percentages of correct answers across all subjects
(5% literacy, 6% numeracy, 11% additional language), indicating that all children improved
after using the app, but those who usually attended school made marginally less progress for
literacy and numeracy outcomes, yet more progress for an additional language. These early
results further reinforce the promise that tablet-based technology, coupled with learning
software, has in improving foundational learning skills. However, the lack of formal analyses
used to evaluate results makes it hard to assess the statistical significance of the findings (e.g.
are there any significant differences between the improvements made between the out-of-
school learners and the usually school-based learners?). Other factors important to
interpreting the impact of an educational intervention were also missing, such as the
magnitude of the effect and any variability in outcomes across the different learners
(McGough & Faraone, 2009; Kraft, 2020).

Additional research suggests that tablet-based learning apps may be successful in
improving learning outcomes. For example, 4.5 months use of the Mindspark learning app
during the pandemic improved numeracy scores by 38% on average for 126,000 children in

India (Mindspark, 2021; Gor, 2023). However, the implementation of such apps was
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dependent on the individual having access to their own devices, which is a previously
documented concern for low-income children due to the cost and penetration of handheld
technologies (Gor, 2023; Kukulska-Hulme, 2023; Rodriguez-Segura, 2022).

The potential benefits of remote learning for foundational skills during the pandemic
are clearly evidenced but results seem to be inconsistent and dependent on the type of
learners, context, and circumstances. These mixed results emphasise the need for conducting
mixed-methods research to obtain more nuanced data that will help identify exactly which
features of app-based learning are most successful in facilitating learning improvements
(Nicolai et al., 2023). However, evidence gained from the COVID-19 pandemic is somewhat
problematic as an experimental period because many other contextual factors changed at the
same time that would likely contribute to learning effects, for example, the immense
upheaval that the pandemic had on societal health, routines and economies (Bacher-Hicks &
Goodman, 2021). It is also essential to note that emergency remote learning implemented
with little notice differs from education designed to be delivered remotely (Crompton et al.,
2021c). Findings from the remote provision during the pandemic have shown that various
online mediums were used to facilitate lesson delivery, such as Zoom, Skype and Google
Classroom, so that teachers could maintain routine contact and support where possible
(Crompton et al., 2021b). In these circumstances, a balanced approach could be implemented
in which technology and traditional learning methods were combined, as providing non-
digital resources is an essential element of emergency remote education (Crompton et al.,
2021b). Schools that have the necessary resources to provide instructional diversity were
mailing out workbooks, involving parents, creating home-based activities, and incorporating
physical activities to keep students engaged and provide much-needed structure from a
distance, which are factors previously shown to facilitate learning attainment (Fairlie &

Loyalka, 2020; Crompton et al., 2021b). The characteristics and challenges faced by children
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living in rural areas with limited access to quality schooling are distinctly different from
those temporarily out of school due to the pandemic (Adukia & Evans, 2023; Giraldo et al.,
2021). Children who have never attended or are consistently out of school face unique
challenges, as discussed earlier in this chapter. Therefore, while COVID-19 research is
insightful as to how EdTech may support remote learning, it is pertinent to build on these
studies by specifically examining the impact of tablet-based EdTech interventions within a

long-term, low-income, out-of-school population.

Theoretical framework

A multi-level model of interpretation is needed to provide a holistic explanation of
EdTech learning interventions with out-of-school children, identifying which factors may
influence children’s foundational learning gains following an app-based intervention. A
determinant framework could provide a strong foundation for developing an appropriately
holistic model. This would synthesise research results by identifying barriers and facilitators
to describe multi-level factors believed to influence implementation outcomes (Nilson &
Bernhardsson, 2019).

One prominent theory is Bronfenbrenner’s Ecological Systems Theory (1979; see
Figure 1), which states that five interconnected ecological systems influence a child’s
developmental process. This ranges from their immediate surroundings to societal and
cultural structures and is organised by how influential the setting is for the child. These five
systems are the microsystem (e.g. family, school), mesosystem (connection of the
microsystems), exosystem (e.g. local governments), macrosystem (e.g. politics, culture) and

chronosystem (development over time; Bronfenbrenner, 1986; Edwards et al., 2016).
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Figure 1

Bronfenbrenner’s Ecological Systems Theory
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This theory has been an influential framework within developmental health research.
It has also been adopted to help explain children’s educational development, albeit in a
traditional school setting (Eriksson et al., 2018; Lippard et al., 2017). It is commended as a

practical, holistic approach to reflect the dynamic nature of complex, multi-level,
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relationships (Lopez et al., 2021). However, the ecological systems theory has faced some
critique for being reductionist, as it minimises the individual agency of the child in the
developmental process and places the child as a passive recipient with surrounding
environmental and contextual influences that shape learning (Hammond, 2019). This
perspective could limit the extent to which we can understand if, how, and to what extent
children learn using technology in out-of-school settings. Therefore, the theory must be
adapted to emphasise the out-of-school child and their unique characteristics, the cultural
context, and any relevant elements of a digital learning environment for it to be a sound
framework to holistically evaluate the implementation of an app-based intervention.
Outhwaite et al. (2019b) adapted the ecological systems theory in the context of an
app-based maths intervention, adjusting the ‘centre’ of the model to be the learning outcomes
following the intervention and adding individual child-level factors (e.g. SES, working
memory; see Figure 2) to be the surrounding microsystems. This model was more focused on
the context of app-based learning than Bronfenbrenner’s original model, with the macro-level
factors relating to teaching leaders’ beliefs and values rather than examining app-based
learning at the broader policy and cultural level (Outhwaite et al., 2019b; Outhwaite, 2019).
Whilst Outhwaite’s model placed app design and content as influential within the framework,
they used two learning apps to test their model, the onebillion maths apps (Maths 3-5 and
Maths 4-6), which had been previously shown to support children’s learning (e.g. Outhwaite
etal., 2017). Their research scope did not include identifying and evaluating individual app
features that may influence learning outcomes. Additional exploration of different apps
would be highly beneficial in informing app design by testing whether specific app features

are more influential than others in facilitating learning improvements.
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Figure 2

Outhwaite’s multi-level model outlining factors that may influence learning outcomes

following a maths app intervention
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Furthermore, out-of-school children are a distinct group of learners with unique
challenges that are not captured in existing models. Existing models needed to be modified
and built upon to create a new model specifically for this population, as shown in Figure 3.
This thesis utilised a mixed-methodological approach to develop an evidence-informed
model that evaluates learning apps deployed in an out-of-school context at different levels of
explanation. Particular focus was given to app features, child and community-level factors,

and implementation. This framework allowed for a holistic oversight of implementing a
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learning app to help determine which interconnected factors may predict children’s
foundational learning gains when using tablet-based technology and learning apps in a

marginalised community lacking resources and formal learning support.
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Figure 3

A holistic multi-level model depicting the potential predictors of learning improvement for out-of-school children using an EdTech intervention
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Thesis Aims

To address the research gaps identified above, this thesis evaluated the deployment of
five learning apps in an out-of-school context in Tanzania, utilising the data, software, and
insights gained from the GLXP competition (see Chapter 2 for further details). Throughout
the thesis, potential predictors of foundational learning outcomes were examined following a
tablet-based intervention deployed directly to the community.

Tanzania is a low-income country with over 1.4 million children and adolescents
recorded as being out of school, with the true figure likely to be much higher (Jordan et al.,
2021). In 2016, the Tanzanian government introduced a fee-free education policy for both
primary and secondary schools, which decreased the number of out-of-school children. By
2019, primary enrolment was as high as 98.8% across the country (Jordan et al., 2021). The
high uptake is unsurprising, considering that parental inability to pay school fees has been
cited as one of the greatest barriers to educational opportunities in sub-Saharan Africa,
particularly for girls (Ombati & Ombati, 2017; Lyanga & Chen, 2020).

Despite this, in 2021, secondary enrolment was only 32%, suggesting a high level of
dropout between primary and secondary schooling, even with the significant barrier of school
tuition fees removed (Jordan et al, 2021; Global Partnership for Education, 2023).
Furthermore, providing school access and improving learning outcomes is still proving a
challenge in Tanzania, particularly since the global COVID-19 pandemic (Global Partnership
for Education, 2023; Joseph & Irhene, 2021). This level of dropout is worrying and suggests
that children are either not engaging with the education offered in their local schools, or that
contextual factors may be influencing children to drop out from school after an initial period

of learning (e.g. competing household responsibilities).
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However, at the end of the GLXP competition, 276 of the out-of-school children
reported attending school at the time of the endline assessment, suggesting that autonomous
learning with tablet-based technology may encourage children and their families to
reconsider school attendance and be more interested in developing their foundational skills.
As research has previously indicated, EdTech alone may enhance engagement and motivation
to learn with out-of-school children, so even if attending school is not feasible, EdTech
solutions can still provide children with an engaging, flexible method of learning (Stubbé et
al., 2016; Afoakwah et al., 2021). Providing out-of-school children with a tablet-based
learning solution, as the GLXP competition did, could serve as a pivotal first step to
facilitating the children’s entry into formal schooling. Where that is not possible, it could also
offer the alternative of a well-designed learning app to bridge the attainment gap in the
absence of traditional school settings. Therefore, this thesis research investigating the
predictors of out-of-school learning was crucial to help provide evidence-informed
recommendations for the future development of learning apps and successful implementation
with this demographic.

The specific aim of this thesis was to identify potential predictors of foundational
learning outcomes following a tablet-based intervention directly deployed to an out-of-school
community in Tanzania. These predictors will be explored based on different levels of
explanation, focusing on app features, gender, child-level, and community-level features, as
outlined in Figure 3. This aim was addressed in Chapters 3-6. Chapter 2 provides an

overview of the GLXP and the data that was collected and analysed in this thesis.
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Chapter 2: Methodology

This thesis explores and evaluates the potential factors that might influence
foundational learning with handheld tablets and learning apps for young out-of-school
children based in rural Tanzanian villages over 15 months. The focus of this research is based
on the case study of the GLXP competition, in which an educational technology intervention
was implemented to assess the effectiveness of five learning apps to test their success at
improving foundational reading, writing and maths skills (XPRIZE, 2019). This chapter
focuses on the methodological background and case study for this thesis, starting with the
chosen philosophical approach and justification for the methodological approach. This is
followed by a detailed overview of the competition, the five finalist learning apps, and the

resulting dataset collected during the GLXP competition that forms the basis of this research.

Philosophical position of the research

This thesis adopted an inductive mixed-methods approach, with methodological
pragmatism as its guiding philosophical foundation, to investigate the multi-faceted
phenomenon of out-of-school learning in Tanzania using educational apps delivered on
tablet-based technology.

Methodological pragmatism is a pluralist methodological paradigm that offers a
flexible approach to research design due to the overarching principle that no methods are
intrinsically good or bad; instead, some methods are better suited to each specific research
question and the needs of the research (Foster, 2024; Rescher, 1977; Teddlie & Tashakkori,
2009). This flexible, problem-solving approach to research design makes it highly suitable
for complex, real-world applications like those central to educational research, as the

epistemological underpinnings of methodological pragmatism are the value of knowledge for
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its practical implications and use in solving real-world problems (Foster, 2024; Rescher,
2017).

Methodological pragmatism is a uniquely balanced and open-minded position in
which hypotheses developed from both positivist and critical perspectives can be integrated
and processed holistically, with reflexivity, to provide multi-faceted explanations (Houston,
2014; Foster, 2024). This pragmatic epistemological stance does not automatically identify
mixed methods as a superior approach but supports its use to generate a comprehensive
understanding of how educational apps may facilitate learning in a marginalised, out-of-
school setting (Foster, 2024; Clarke, 2021; Johnson & Onwuegbuzie, 2004). Integrating
multiple levels of analysis, including conducting experimental primary research with
inferential statistics, using machine learning methods for secondary data analysis, and
qualitative interview techniques, allows for a nuanced exploration of the key factors
influencing learning outcomes.

This methodological pluralism is a deliberate choice to embrace the complexity of the
research topic and to ensure that the findings are robust, have relevant implications, and are
realistically grounded in the learner experiences (Hesse-Biber, 2015; Teddlie & Tashakkori,
2009; Shannon-Baker, 2016). In the context of this thesis, it is a suitable choice to produce
actionable knowledge that focuses on the practical application of the research findings,
aiming to inform the development of effective EdTech for out-of-school children and guide
policy and practice for digital learning solutions, ultimately contributing to the reduction of

educational disparities.

Justification of methodological approach

Most EdTech intervention research has utilised randomised control trials (RCTS) in

recent years as the central focus of funding and engagement for developing countries to
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address the attainment gap; approximately 50 percent of private sector funding in Syria has,
for example, involved the development of technological education innovation (Menashy &
Zakharia, 2017). Frequently, RCTs have been employed as pilots, a first step in attempts to
secure further funding (Feeley et al., 2009) - and are often considered a ‘gold standard’ for
evidence-based research and practice, given the need for rigorous research design in large-
scale intervention implementations (Kratochwill & Levin, 2014). Furthermore, conducting
RCTs as field experiments allows researchers to investigate the effect of an educational app
in the context of its natural environment and, therefore, make appropriate changes and
adaptations necessary for further real-world application (Allen, 2017).

However, while RCTs are valuable, they also present significant limitations,
particularly when considering low- to middle-income countries. A major challenge is that
these trials often overlook crucial contextual factors, such as local cultural attitudes towards
technology, infrastructural limitations, and varying levels of digital literacy among
participants (Tauson & Stannard, 2018; Buchanan et al., 2007). These factors can
significantly affect the outcomes yet are rarely accounted for in the design of RCTs, leading
to results that may not accurately reflect the conditions under which interventions will be
implemented. As Burns (2022) points out, the effectiveness of EdTech can be highly context-
dependent, and without incorporating these nuances, RCTs may yield findings that are
difficult to generalise across different low-income settings.

Another significant barrier when conducting RCTs in low- to middle-income
countries is not only the expense of logistics for large community-based interventions but the
lack of guarantee that results will be significant (Buchanan et al., 2007) - a particular
challenge to an underfunded area still requiring attention at a global scale. Whilst the
effectiveness of EdTech interventions has been established through RCTs, some results have

shown that positive gains often start to diminish over time, although there are early signs of
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sustained success in some school-based research (Tauson & Stannard, 2018; Outhwaite et al.,
2017). Furthermore, using RCTs in isolation limits the insights gained from an intervention.
While RCTs can establish whether an intervention works, they often fail to explain how and
why it works, especially in educational contexts where various external factors may interact.
For example, RCTs alone may not provide sufficient information on how to replicate an
intervention in diverse contexts or account for factors such as teacher roles or community
dynamics (Williams, 2020; Moore et al., 2015). This is particularly pertinent in low- and
middle-income countries where conditions are variable and often unique, making it
challenging to rely solely on quantitative data from RCTs (Nicolat et al., 2023). Therefore,
additional research is needed to identify predictors of learning, address factors influencing the
sustainability of effects in EdTech interventions, and to employ follow-up or longitudinal
methods for interventions that allow long-term outcomes to be tracked effectively (Walton,
2018).

To gain a more comprehensive understanding of EdTech efficacy, it is essential to
explore the experiences and perspectives of the individuals implementing these interventions.
Qualitative methods, such as interviews and focus groups, are invaluable tools for assessing
the acceptability and adaptability of interventions within specific target settings (Ayala &
Elder, 2011). These methods allow for a deeper exploration of the role of the teacher and
other local stakeholders in EdTech through interviews and focus groups (Clarke & Braun,
2014), isolating implementation challenges on the ground and enhancing teachers’ strengths
and roles within the learning environment. Furthermore, post-intervention research studies
can inform long-term implementation and sustainability and provide insights into the general
acceptability of the RCT within the target audience (Pegrum et al., 2013).

While there is a consensus that EdTech could contribute to foundational learning

outcomes in low- and middle-income countries (Tauson & Stannard, 2018; World Bank,
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2018), less is known about what drives the effectiveness of such technological approaches,
leading to many initiatives being both designed and implemented without taking current
evidence and local contextual factors into consideration (Tauson & Stannard, 2018). This gap
is exacerbated by the lack of qualitative studies in these settings, making it difficult for
investors to see the ‘bigger picture’ when deciding whether to choose and implement an
intervention. Furthermore, a lack of randomised trials to support a given technology does not
mean that a particular technology or software is not practical; there may be observational
evidence or qualitative research demonstrating that the technology seems to be successful in a
particular context, or a hard-to-reach setting may make it challenging to have obtained
sufficient evidence thus far for diverse groups of learners (Burns, 2022; Zubairi et al., 2021).
Robust evaluations are needed to inform and change decision-making around
implementing educational technology to support foundational learning, particularly in low-
income countries (Major et al., 2021; Nicolai et al., 2023). The current most common method
of establishing whether an EdTech initiative is effective is to measure the learning gains
made during the intervention (Rodriguez-Segura, 2022). However, this evaluation method
can be problematic due to the difficulty of measuring learning; only using test scores can be
inadequate due to the lack of ability to determine cause-effect relationships (Spaull & Taylor,
2015; Burns, 2022). It is increasingly difficult for technological initiatives to isolate the
driver of the learning gains, as the convergence of technologies means that when the whole
initiative is novel, it is hard to identify whether the improvements are due to the hardware,
software, or context (Burns, 2022). Furthermore, while measuring learning outcomes is
crucial for evaluating the efficacy, this will not allow insights into the specific pedagogies,
app features and contextual factors that may support the learning gains found, which limits
the implications and conclusions that can be drawn from the findings (Pawson et al., 2005;

Nicolai et al., 2023).
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Ultimately, the research on impact evaluation demonstrates how EdTech initiatives
are currently evaluated with learning outcomes and highlights the need to refine and develop
evaluation methods to provide gold-standard evidence-based research on EdTech
implementation. It has been demonstrated that while RCTs can offer useful information about
the success of learning interventions, there are limits to the knowledge that can be gained,
particularly around the impact that contextual factors and lived experiences may have on the
learning process (Corr et al., 2018). Therefore, a mixed-method design would allow the
selection and combination of the most appropriate qualitative and quantitative research
methods to answer the research questions and provide a holistic evidence-based evaluation of
the intervention (Fabrugues et al., 2023).

As the use of EdTech increases rapidly to help children learn in low-income
countries, there is increased potential for reliable data collection and more robust analysis
using machine learning methodologies, which can then inform data-driven, effective
decision-making and improve educational programmes at local and national levels (Longley,
2022; EdTech Hub, 2022). Previously, the poor availability and use of data have negatively
impacted decision-making and the aim to improve educational outcomes in low-income
countries (Longley, 2022). As a result, the EdTech Hub has made data-based decision-
making an explicit focus in its current work due to the hugely beneficial impact it is
anticipated to have on the quality of educational instruction for countries with limited
resources (Longley, 2022; EdTech Hub, 2022). However, a pivotal criticism of big data
research is that it is somewhat limited to correlational models and predictive analytics, which
makes it difficult to determine causality for educational research and explain the behaviour
behind the predictions (Daniel, 2019; Lavelle-Hill, 2020).

As a result, this thesis employed a multi-methodological approach to address the key

limitations of each research method, utilising a novel approach that combines experimental
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methods, inferential statistics, machine learning methods, and qualitative research. While
RCTs and machine learning techniques can be used to assess learning gains and identify
specific app features and contextual factors that predict outcomes, qualitative research
provides nuanced insights into the lived experience of participants and the contextual
variables that quantitative methods alone cannot capture. Learning gains and accompanying
data will be used to isolate the app features (Chapters 4 and 5), contextual (Chapter 6), and
implementation factors (Chapters 6 and 7) that may drive learning outcomes, using the GLXP
competition as a case study.

This thesis used machine learning methods to determine the app, child and village-
level features that predict learning improvements in out-of-school children. However, the
mixed methods approach aimed to address the identified criticism of machine learning
approaches by introducing qualitative research to explore and determine some of the
explanations behind why and how children learnt within the EdTech intervention and how
implementational barriers can be addressed in future EdTech research with this demographic.
The findings from this mixed-methods approach can guide the design and implementation of
EdTech interventions that are both evidence-based and context-sensitive, facilitating the
development of more sustainable and impactful EdTech (Fabrugues et al., 2023; Corr et al.,

2018).

Global Learning XPRIZE competition: Case Study

To address the global learning crisis described in Chapter 1, the XPRIZE Foundation
- a non-profit organisation that designs incentivised competitions in areas such as space,
education, and healthcare to try and bring people closer to an improved and more sustainable
world - launched a ‘Global Learning’ competition in 2014 in partnership with the World

Food Programme (WFP) and UNESCO. The competition challenged multi-disciplinary teams
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worldwide to develop open-source, scalable learning software to empower children to teach
themselves basic literacy, numeracy and writing skills (XPRIZE, 2019). The challenge was to
develop a tablet-based, scalable, self-guided digital technology solution for marginalised out-
of-school children. XPRIZE placed no requirements or constraints on app structure or

content, allowing the teams to be independent in their design.

The competition launch led to 198 teams from 40 countries registering to solve the
challenge; all of whom were given 18 months to develop software before submitting their
attempts at a learning solution to an expert international judging panel (XPRIZE, 2019).
Eleven semi-finalists were selected to present a live demonstration to the judges and were
evaluated on their creation and implementation of an engaging and autonomous design,
ability to measurably increase the children’s learning skills and creation of open-source,
scalable and replicable software. Five finalist teams were selected to field test their app
software with 2500 illiterate children aged 7-11 years, most of whom had never attended
school, from across 172 remote villages in the region of Tanga, Tanzania, over 15 months
(XPRIZE, 2019). Each village received one of the five finalist learning apps on hand-held
tablets. Villages were allocated as equally as possible across the five finalist teams, so each
team worked with 30 villages. There were also 22 control villages which received no tablet
intervention during the competition. Each of the intervention villages received the software
only from their dedicated team, and allocations were made to assure a statistical balance of
distribution, where possible, amongst age, gender, and proximity to the solar charging
stations that XPRIZE installed to enable the tablets to be charged throughout the field trial

and beyond.

Throughout the competition, there was very little direct involvement from XPRIZE
and the finalist teams to encourage autonomous learning with the software. Within each

village, there was a nominated village ‘Mama’ or ‘Baba’ who were paid a stipend to ensure
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children had the correct equipment to learn, including ensuring the solar station was working
and maintained, children had working tablets, and no one stole the tablets (Huntington et al.,
2023a). They were required not to direct or assist the learning process. The children were not
given a schedule for when or how often they should interact with the technology; instead,
they were left to direct and organise their own learning autonomously. The competition
employed local drivers to collect usage data from the charging points weekly, which was sent
to XPRIZE. They also informed UNESCO and WFP of any technical support needed from

the villages.

An independent evaluation conducted by RTI International assessed the impact of
each app provided by the five finalist teams on foundational learning outcomes (King et al.,
2019). Using standardised instruments (Early Grade Reading Assessment - EGRA and Early
Grade Mathematics Assessment - EGMA), foundational literacy, numeracy, and writing
skills of children participating in the field trial were assessed before implementation and
again directly after the 15-month test period. Results indicated that solutions produced by
KitKit School and onebillion achieved the greatest overall proficiency gains - although all
teams demonstrated significant core improvements. Prior to the field test, 74% of the tested
children never attended school, and 90% could not read any Swabhili; these figures were
halved at the end of the testing phase (XPRIZE, 2019). UNESCO also conducted a social-
emotional assessment pre- and post-competition and found that, compared to controls,
children who interacted with the software solutions showed improvements in many areas,

such as self-esteem, self-expression, confidence, and independence (Shukia et al., 2019).

Whilst the GLXP competition provided evidence that interactive apps delivered
through hand-held tablets could foster improvements in foundational learning for out-of-

school children in remote regions of Tanzania, little is known about how this educational
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technology can be effective in this context. Understanding factors associated with positive
learning outcomes in remote settings with out-of-school children is vital to enhancing
theoretical understanding and promoting effective interventions. Accordingly, this thesis aims
to use the full dataset provided by the XPRIZE Foundation in combination with additionally
sourced new data to comprehensively explore the app-based, child-based, contextual and
implementation factors that influence foundational learning outcomes by out-of-school in

marginalised communities in Tanzania.

The learning apps

A brief description of each of the five finalist learning apps is outlined in Table 2. The
learning apps were delivered on Google Pixel C tablets with a 10.2” screen with a 2560 x
1800 pixels resolution. Some finalist teams were developing learning tools before the
competition (e.g. Enuma, who created KitKit School), and others were established

specifically to address the XPRIZE call for action (e.g. Robotutor; XPRIZE, 2017).
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Table 2

Brief description of the five finalist learning apps from the GLXP as described on the

organisations’ websites (retrieved October 2022)

App/Website

Pedagogical Description

onebillion

www.onebillion.org

The child works through an ordered set of learning units
covering reading, writing and numeracy. Each is a short
interactive activity to teach or provide practice for a
particular concept or skill. The app provides each child
with an individual journey. Regular tests enable the app
to deliver the best course through the content for each
individual child based on their learning level.

Core skills:

Literacy — letter recognition, phonics, word
construction, sentence formation.

Numeracy — counting, number recognition, basic
arithmetic, problem-solving.

Example learning activities:

Tracing letters and numbers

Counting objects with visual aids

Matching letters to sounds

Basic phonics exercises

Adding and subtracting with visual cues

Regular quizzes to adjust learning paths
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App/Website

Pedagogical Description

Kitkit School

www.Kitkitschool.com

A sequenced progression of core literacy skills, from
letter recognition to phonics and print awareness.
Sequential courses introduce new skills and reinforce
previously covered concepts at more difficult levels.
Learning is scaffolded to support cognitive
development and independent learning and accessibility
functions engage and empower the world’s diverse
learners.

Core skills:

Literacy — alphabet recognition, phonics, reading
comprehension, vocabulary building.

Numeracy — humber sense, counting, basic arithmetic,
geometry, spatial reasoning.

Example learning activities:

Tracing letters

Recognising letter sounds

Forming simple words

Reading stories

Reading comprehension questions

Basic counting exercises

Addition and subtraction problems

Visual puzzles/games for shape recognition and pattern

formation
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App/Website

Pedagogical Description

Chimple

www.chimple.org

*?O &

Chimple features a series of educational games in
literacy, maths, and digital skills. The app is easy to use
and understand. It enables children to learn, practice
and improve their reading, writing and math skills in a
fun and interactive way.

Core skills:

Literacy — Letter formation, phonemic awareness, early
reading skills.

Numeracy — counting, patterns, arithmetic, logical
thinking.

Digital literacy — basic navigation, problem-solving
through digital interfaces.

Example learning activities:

Letter tracing

Phonics matching games — sound to letters

Matching words to images

Counting objects

Recognising number sequences

Basic arithmetic problems

Logic-based games/puzzles

Trial-and-error digital tasks
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App/Website

Pedagogical Description

CClI

Www.cciny.net

SchoolHouse (by CCl) includes a series of structured
and sequential instructional lessons, as well as a
platform that enables non-coders to develop engaging
learning content in any language or subject area.
Core skills:

Literacy — Alphabet recognition, phonics, sentence
building, early reading skills.

Numeracy — Counting, arithmetic, problem-solving,
basic geometry.

Example learning activities:

Sound-to-letter phonics games

Counting objects and basic addition/subtraction
Drawing exercises to develop fine motor skills
Shape recognition

Sentence building activities

Gamified challenges

Enhanced profile customisation for engagement

(pictures, drawings etc.)
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App/Website

Pedagogical Description

Robotutor

www.cmu.edu/scs

Robotutor is an open-source Android tablet app that
enables children ages 7-10 with little or no access to
schools to learn basic reading, writing and arithmetic
without adult assistance.

Core skills:

Literacy — Letter recognition, phonics, vocabulary
development, reading comprehension, sentence
construction.

Numeracy — Counting, basic arithmetic, fractions,
geometry, problem-solving.

Learning activities:

Phonics matching exercises — sound to letter
Reading comprehension — short stories and multiple
choice questions

Sentence construction writing activities

Counting games

Arithmetic problems

Working with fractions and geometric shapes
Gamified challenges to motivate learning (e.g. earning

rewards)
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The main dataset

Overview

This section introduces the main dataset that was generated during the GLXP and
made available to the research team by XPRIZE as part of the collaborative agreement for
this studentship.

The data includes detailed demographic and contextual data of individual participants
and the full answers for the main proficiency tests - Early Grade Reading Assessment and
Early Grade Math Assessment - at baseline and endline. Baseline data was collected in
August 2017, and endline data was collected in March 2019. Data for 2041 children for
whom a complete set of baseline and endline tests was available was investigated out of the
~2500 children initially recruited to participate in the GLXP competition (XPRIZE, 2019).

Following the competition, the full dataset was made available online for XPRIZE
teams to peruse, but the data was anonymised so that it was not clear which app the children
received. Teams also had access to a non-anonymised version of the dataset for optional
independent analysis, with only 75% of the data points included. These anonymised datasets
were made available through an online XPRIZE community forum that anyone could access
if they created an account, although this resource has since been taken down from the
XPRIZE community forum website. Only the research team associated with this studentship
had access to the full main dataset, as well as the research team at RTI who conducted the
impact evaluation of the field trial. The data provided for the studentship does not include the
socio-emotional data that UNESCO collected throughout the competition process.

The app software that was used for the GLXP is open-source and available for
download in the XPRIZE GitHub repositories (XPRIZE, 2020). The full tablet usage data for
each team’s villages can also be found in the repositories, but this was not utilised in the

current research.
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Literacy and numeracy data

The Kiswabhili version of the Early Grade Reading Assessment (EGRA; Brombacher
et al., 2014) and Early Grade Math Assessment (EGMA; Brombacher et al., 2014) were the
psychometric instruments administered to measure foundational literacy and numeracy skills
of individual children participating in the GLXP at both baseline and endline of the
competition. These are standardised assessments commonly used in international comparison
research for children between 5 and 15 years. RTI International used these assessments to
measure learning outcomes for participating children to compare the effectiveness of five
finalist apps to controls who did not receive an app-based intervention.

EGRA included subtasks of print awareness (out of 3), syllable sounds (out of 100),
familiar word reading (out of 50), invented word reading (out of 50), oral reading fluency
(out of 42), reading comprehension (out of 5), listening comprehension (out of 5), and a
dictation-based writing task (out of 6). The total possible raw score was 261. EGMA included
subtasks of number identification (out of 20), number discrimination (out of 10), completing
patterns of missing numbers (out of 10), word problems (out of 7), addition (including three
Level 2 questions; out of 23), subtraction (including three Level 2 questions; out of 23),
patterns (out of 4), and identifying shapes (out of 4). The total possible raw score was 101.

Tanzanian versions of EGRA and EGMA tests have been shown to have good internal
consistency (Cronbach’s o = 0.79 for EGMA, 0.94 for EGRA (English), and 0.98 for EGRA
(Kiswahili; Brombacher et al., 2014)).

EGRA and EGMA tests were administered to the children by a trained researcher in
their preferred language (English/Kiswahili), with their caregiver present. Some subtasks

were timed as instructed in the guidelines (e.g. syllable sounds, addition).
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Contextual data

Before administering EGRA and EGMA, researchers conducted a contextual survey
with each participating child and their caregiver at baseline and endline. The survey included
questions about the child’s demographics (e.g. child age, child gender), family (e.g. the
number of siblings, caregiver’s profession), environment (e.g. the number of children in the
village, access to electricity and water, remoteness from a school or city centre) and previous
experience with technology (e.g. caregiver’s phone type, exposure to a tablet before the
GLXP). Data was collected with assent from the participating child and consent from their
family. Questions could be skipped if the child or caregiver did not know the answer or did
not understand the question. The full list of contextual questions asked can be found in
Appendix B. A list of each of the additional variables (the EGRA/EGMA test questions) that

were reported in the main XPRIZE dataset is provided in Appendix C.

Survey data descriptives

This thesis focused on key areas of interest from the contextual survey that the
literature review (Chapter 1) suggested could be important for this population and setting.
Chapters 5 and 6 also draw on this information where further information is required.
Descriptives are provided below for these features, namely gender (number of girls and boys
in the field trial), age (in years), children’s experience with schooling (whether they have
attended before, whether they attend now), technology (experience with smartphones and
tablets), caregiver occupation and highest level of schooling, and the number of siblings (and
whether they are educated).

Out of the 2041 children who completed the proficiency tests and accompanying

survey, 762 were girls (~37%), and 1279 were boys (~63%).
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The competition aimed to implement the learning intervention with children aged 7-
11 years. Figure 4 shows the actual age distribution of the children tested (age given at
baseline). As shown, 1.28% of children were below the target age, and 2% were higher than
the target age. However, these ages are self-reported by the children, so are not necessarily

100% accurate. A large number of participants (441; 21.6%) either did not know their age or

refused to answer.

Figure 4

Histogram showing the age distribution of participants at baseline
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The questionnaire asked about the children’s prior experiences with schools and
technology. Many respondents reported that they had never attended school before (N =

1505; 74.74%), with 536 (25.26%) having previously experienced some form of schooling.
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At the time of the endline experiment (March 2019), the children were asked if they were
currently attending school. Many children responded that they were not (N = 1765; 86.48%),
but 276 (13.52%) responded that they currently attended school. There is no data to suggest
when they started attending school nor an indication of whether it had anything to do with
being part of the GLXP competition.

The majority of children reported that they had never used a smartphone before (N =
1981; 97.06%), 52 (2.55%) had used a smartphone sometimes, and eight (0.39%) reported
using them daily. When asked about handheld tablets, experience was even lower, with most
never having used one (N = 2009; 98.43%), a few participants having used a handheld tablet
sometimes (N = 28; 1.57%), and four respondents having used them every day prior to the
competition.

Children were also asked about their home literacy experiences. Most children did not
read aloud to anyone at home (N = 1806; 88.49%); 190 (9.31%) read aloud sometimes, and
45 (2.2%) read aloud to someone in their household daily. A similar pattern could be seen for
the children being read to by another person, with 1710 children (83.78%) saying that it did
not happen, 269 (13.18%) saying they were read to sometimes, and 62 children (3.04%) on a
daily basis.

Some of the survey questions were directed at the caregiver who had attended the
testing session with the child. The caregivers reported their occupation type as one of the
following: “Unemployed/do not conduct work that generates income” (N = 120; 5.88%)),
“Agriculture, farming, livestock or fishing” (N = 1597; 78.25%), “Informal sales (sell food,
crafts or other goods from home or market” (N = 134; 6.57%), “Construction worker” (N = §;
0.39%), “Formal business owner” (N = 24; 1.18%), “Teacher” (N = 9; 0.44%), “Other

professional job (NGO worker, manager, office assistant etc.; N = 116; 5.68%)”, “Traditional
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doctor or healer” (N = 11; 0.54%)), or “Other” (N = 22; 1.08%). As the counts indicate, the
vast majority of caregivers worked in an agricultural occupation.

The caregivers were also asked about the highest level of schooling they have
reached. A large number of caregiver respondents had not completed any schooling (N = 736;
36.06%), the majority had reached a primary school grade (N = 1202; 58.89%), 78 (3.82%)
had reached secondary school, three (0.15%) reached A Levels, five (0.24%) reached a
tertiary vocational certificate, ten (0.49%) reached college or university, and seven (0.34%)
responded “other”.

Several questions were also asked about the children’s siblings. The number of
siblings a participating child had ranged from 0-20, with a mean of 3.7 (SD = 2.12). When
asked how many of the children’s younger siblings knew how to read and write, the majority
said none (N = 1792; 87.8%), while 160 (7.84%) stated that some of the younger siblings
knew how to read and write, and 89 (4.36%) claimed that all of the younger siblings knew
how. For older siblings, 810 caregivers (39.69%) answered that none of the older siblings
knew how to read and write, 412 (20.19%) answered that some knew how to read and write,
and 819 (40.13%) said that all of the older siblings could read and write. Overall, these
descriptives highlight the lack of access to and prior education that the sample demographic
has experienced so far, emphasising the novelty and opportunity that a tablet-based learning

intervention would have provided to these children.

Summary

This chapter has introduced the foundations for this novel mixed-methods thesis,
including the case study on which the thesis is based. Table 3 summarises the key research
questions addressed throughout this thesis, the chapter in which they are investigated, and the

datasets and methodology chosen to address the question.
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Throughout the following four empirical chapters, each chapter utilises a different
methodology, the specific details of which can be found in the chapters’ method sections.
Further data was collected for Chapters 3, 5 and 6, which were used in combination with the
GLXP dataset to gain a more comprehensive understanding of what factors drive learning
improvements with autonomous app-based learning. The results from each chapter and
different methodology will ultimately be triangulated to address the broader aims of the
thesis, outlined in the introduction, and present a holistic model of the key app-based and
contextual predictors, barriers and implementation strategies for out-of-school app-based

learning in rural areas of Tanzania.
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Table 3

Summary of research questions that are addressed in this thesis

Research questions

Thesis chapters

Areas of focus and

dataset(s) used

Methods

Which features characterise each of the five
finalist learning apps of the Global Learning

XPRIZE competition (GLXP)?

Do the five finalist learning apps of the
GLXP that have been shown to support
positive learning outcomes with out-of-school

children within the same RCT share features?

Chapter 3 -
Comparative
Judgement of
Pedagogical Features

in Interactive Apps

I
App features
Dataset:
Primary dataset collected

from experiment

| Within-participants experimental
design
Inferential statistics:
Binomial tests of probability

Spearman’s rank correlation
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Research questions

Thesis chapters

Areas of focus and

dataset(s) used

Methods

[
Which app features most predict
improvements in literacy and numeracy
outcomes for out-of-school girls and boys in

Tanzania following an EdTech intervention?

Avre there significant differences in the impact
of individual app features on literacy and
numeracy outcomes for out-of-school girls

and boys?

I
Chapter 4 -
Relative Importance of
App Features across

Domains and Genders

| App features
Domain differences
Gender differences
Datasets:
GLXP main dataset
Dataset collected for

Chapter 4

Secondary data analysis of XPRIZE
dataset and Chapter 4

Machine learning analysis
Inferential statistics:

2x2 ANOVAs and post-hoc t-tests
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Research questions

Thesis chapters

Areas of focus and

dataset(s) used

Methods

[
Which factors best predict foundational
learning skills in out-of-school children in

remote areas of Tanzania?

Which factors best predict improvements in
foundational learning outcomes after
implementing an EdTech intervention with
out-of-school children in remote areas of

Tanzania?

Chapter 5 -
Contextual Predictors
of Foundational

Learning Outcomes

| Child-level predictors
Contextual predictors
Datasets:
GLXP main dataset

New contextual dataset

| Secondary data analysis of XPRIZE
dataset (baseline data) integrated with
independently collected geospatial
data from online sources.

Machine learning analysis
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Research questions

Thesis chapters

Areas of focus and Methods

dataset(s) used

How do experts associated with the GLXP
perceive the impact of EdTech in supporting
autonomous learning in remote low-income

settings?

What were the key challenges and
opportunities identified by experts during the

implementation of the GLXP competition?

T
Chapter 6 - Expert
Elicitation of the

GLXP competition

T
Implementation Semi-structured interviews

Context Thematic analysis
Lived experiences

Datasets:

New qualitative data

collected for the chapter
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Chapter 3: Comparative Judgement of Pedagogical Features in Interactive Apps

Background

As outlined in Chapter 1, a growing evidence base suggests that using curriculum-
based apps can provide high-quality education to children globally, supporting positive
outcomes in literacy development, maths, science, problem-solving and self-efficacy
(Bettinger et al., 2020; Herodotou, 2018). Literacy and numeracy interventions in developing
and developed countries, implemented at school and in a home environment, have shown
significant improvements in children's attainment, learning outcomes, and motivation (Major
& Francis, 2020; Stubbé et al., 2016). However, no prior research has evaluated what app
features may facilitate learning for out-of-school children, which makes it difficult to design
effective apps for this population. This study utilises a comparative judgement task
undertaken with 41 naive participants who were asked to directly compare the five finalist
apps of the GLXP on 15 pedagogical app features to determine what app features are most

successful in facilitating foundational learning skills for out-of-school children.

Importance of designing effective learning apps

There was an exponential increase in mobile learning apps across a three-month
period in 2019-2020, with over 900 million learning apps downloaded worldwide (Statista,
2021a). As the COVID-19 pandemic took a grip on educational provision globally, resulting
in school closures that left approximately 1.2 billion children unable to attend school
worldwide (Forbes, 2021), dependence on tablet-based apps increased further, and
emphasised the need for alternative, effective education provision that is feasible when

schools are closed, or children are not able to attend school (Azevedo et al., 2021).
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When successful, interactive apps can offer exciting and effective learning
environments that foster child-centred learning and starkly contrast traditional teacher-
centred learning styles (Papadakis & Kalogiannakis, 2017; Ting, 2015). Learning apps
currently on the market vary vastly in structure, content, and quality, so unless they are
evaluated scientifically, researchers, educators, and parents cannot establish how effective

apps are in supporting learning (Kolak et al., 2021).

Effective pedagogical features

Despite an accelerated uptake of mobile learning apps, relatively little is known about
which app features support positive learning outcomes (Kim et al., 2021). When apps are
used outside of the school setting, without the support of a teacher or caregiver to promote
the acquisition of foundational skills, it is vital to decipher app features that are effective in
assisting children’s learning.

Over the past decade, several app features have been proposed to support learning, as
mentioned in Chapter 1, derived from evaluation tools created to assess the design and potential
of learning apps (e.g., Kolak et al., 2021; Papadakis et al., 2017; Outhwaite et al., 2023). Well-
chosen interactive features embedded into mobile apps can help facilitate child-paced,
inclusive learning environments. Table 4 describes 15 key app features that different
researchers have attributed to support learning and contribute to the educational value of an
app. Whilst not an exhaustive or partially systematic review of each paper, these features reflect
a categorisation of attributes commonly identified in the literature as supporting learning until
saturation for the purpose of this study was reached. Only pedagogical app features are
reported; technical characteristics of tablets that may impact learning, such as screen size, are

not considered.
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Table 4

App features that have been attributed to support children’s learning in the literature

App Feature

Definition

Cited By

Active Learning

Engagement in
the Learning

Process

Meaningful

Learning

Social Interaction

Is the app 'minds on'?
Does it require thinking or intellectual effort
(rather than just cause-and-effect interactions

or guessing)?

Do the features engage you in app activities?
Or do they distract you?
Avre the visual and sound effects excessive?

Avre there any disruptive ads?

Is the content meaningful and relevant to
childrens’ everyday experiences?

Is it taught in a manner that can be
contextualised within existing knowledge?

To what extent can the children interact
meaningfully with:

(a) characters through the app interface, and (b)

caregivers around the app?

Hirsh-Pasek et al.
(2015)
Plump & LaRosa

(2017)

Hirsh-Pasek et al.
(2015)

Plump & LaRosa
(2017)

Lee & Cherner

(2015)

Hirsh-Pasek et al.
(2015)

Kolak et al. (2021)

Hirsh-Pasek et al.
(2015)

Kolak et al. (2021)
Lee & Cherner

(2015)
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App Feature

Definition

Cited By

Accessibility —
Language

Demand

Accessibility —

Motor Skills

Accessibility —
Autonomous

Learning

Is the language used simple enough to be
accessible to children with Special Educational
Needs and Disabilities (SEND) or children with
lower language proficiency?

Would the app be suitable for children with
lower motor skills?

Would it be good for children who usually
struggle with traditional paper and pencil

skills?

Is the app easy to navigate independently and
signposted appropriately for someone with
limited tech experience?

Is the avatar (if there is one) helpful in guiding
the child?

If no external caregiver, do you think a child
could navigate the app with some trial and

error?

Outhwaite et al.
(2022)

Kolak et al. (2021)
Gulliford et al.

(2021)

Allison (2019)
Gulliford et al.
(2021)
Pitchford et al.
(2016)
Pitchford et al.
(2018)
Papadakis et al.
(2017)

Lan (2018)

De Raynal et al.

(2020)
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App Feature Definition Cited By
Task Structure Avre the tasks structured in a way that makes Gulliford et al.
sense? (2021)

Task Processes —

Feedback

Curriculum Links

Is the child directed to which tasks they should
complete next?

Is there opportunity to reinforce previously
learnt skills/lknowledge?

Does the app provide both positive and
negative feedback?

When negative, does the error signal come with
linked instructional feedback (to help them
understand what they're doing wrong)? Is the
feedback encouraging and potentially exciting
for children (e.g., getting a prize for completing
a task)?

Do you think the tasks are close to what would
be taught in schools on the curriculum?

Do you think they're necessary topics/things
children should know?

Do you think the apps could be used to
reinforce things taught in-class?

Do you think the apps could be used as an

assessment tool for curriculum modules?

Outhwaite et al.
(2022)

Callaghan & Reich
(2018)

Kolak et al. (2021)
Gulliford et al.
(2021)

Outhwaite et al.
(2022)

Benton et al. (2021)

Gulliford et al.
(2021)

Richards (2015)
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App Feature

Definition

Cited By

Gamification

Personalisation/
Personalised

Levelling

Retrieval-Based

Learning (RBL)

Direct Instruction

Are there games within the app?

Are these fun and engaging?

Is there a reward for 'winning' the game or
being successful, or different levels to
complete?

Is the app personalised to the child?

Does it provide tasks that are specific to the
child’s level of learning?

Do these tasks adjust accordingly as the child
progresses?

Or is it a 'one task fits all' approach?

Avre there quizzes/tasks to test what children

have previously learnt in the app?

Does a teacher/avatar give explicit instructions

for how to do something?

Do they demonstrate this or is there an example

shown, using a demo, written example, or
video?

Do they use the ‘show, try, test” method?

Putra et al. (2018)
Lee & Loo (2021)
Al-Azawi et al.

(2016)

Outhwaite et al.
(2022)

Lee & Cherner
(2015)

Benton et al. (2021)
Vanbecelaere et al.
(2020b)
Vanbecelaere et al.
(2021)

Pitchford (2015)
Grimaldi & Karpicke
(2014)

Outhwaite et al.
(2019a)

Toub et al. (2016)

Chodura et al. (2015)
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App Feature Definition Cited By

Free Play Is the play unstructured? Toub et al. (2016)
Avre children free to explore as they want to? Hirsh-Pasek et al.
Avre the activities child-centred? (2015)

Do any of the tasks allow children to use their

imagination?

Although educational researchers have championed these app features, it is not
possible to know how important these features are in supporting learning. To explore this,
direct comparisons of different apps that have been deployed in the same context with known
learning outcomes need to be made. This is crucial, as some of the app features directly
contradict each other. For example, direct instruction takes a prescribed, structured approach
to learning, whereas free play is more child-centred and provides children with the autonomy
to explore in an unstructured manner (Hirsh-Pasek et al., 2015; Outhwaite et al., 2019a).
Playful learning that combines direct instruction with free play has been demonstrated in
school environments and with app-based learning and could be highly effective in promoting
socio-emotional and cognitive development in primary-aged children as both are shown to
have unique benefits (Hirsh-Pasek et al., 2015; Toub et al., 2016). Apps that embody both
features afford instruction through gradual release of responsibility, whereby cognitive work
slowly and gradually shifts from tutor-led direction to student-led discovery (Fisher & Frey,
2021; Northrop & Killeen, 2013). Hence, it is important to identify the combinations of
features embedded within mobile apps that have been shown to be effective at promoting
learning outcomes.

To understand how individual or combinations of app features support learning, app

features need to be linked directly to learning outcomes. A first step towards this goal was
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made by Outhwaite et al. (2022) in a systematic review and content analysis of maths apps
targeted at the first three years of compulsory schooling that had been previously evaluated in
the literature, as well as the Top 25 learning apps on the App Stores. They conducted a
qualitative comparative analysis (QCA), which identified specific app design features and
combinations of features that were shown to be sufficient to support children’s learning of
maths with educational apps. Out of 50 studies included in their systematic review, only 8
apps met the criteria required for the QCA of having data reported in sufficient detail to
enable within-subject effect sizes (Cohen’s d) to be calculated. Results of the QCA revealed
that features of the maths apps that promoted programmatic levelling, such as scaffolding and
personalisation, as well as explanatory and motivational feedback, maximised children’s
learning outcomes. Outhwaite et al. (2022) called for learning apps to be evaluated in
different settings, including the home environment, to enhance understanding of how they
might address educational challenges faced in different contexts.

This chapter investigated how educational apps might address the global learning
crisis by capitalising on the uniqgue GLXP competition that directly compared five learning
apps with learners of a similar age and ability who were all out of school. By exploring
features of apps designed to support the acquisition of foundational literacy and numeracy
skills, that were trialled within the context of the same RCT, with out-of-school children aged
7-11 years in a low-income country, this study adds to previous app evaluation frameworks
that have focused on learning in one domain (e.g. maths) with early years or preschool

children (Outhwaite et al., 2023; Kolak et al., 2021, respectively).

Current study

As there were clear winners and objective measures of learning gains from the GLXP,

it is possible to directly compare embedded features of the finalist apps and draw inferences
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about which features are most effective at supporting learning for out-of-school children. To
do this, a comparative judgement task was conducted, in which 41 naive participants were
asked to compare the five finalist apps on the 15 app features listed in Table 4 that have been
proposed to support foundational learning. Comparative judgement was chosen over other
methods to avoid potential inconsistencies that can occur in use of absolute judgement-based
questioning (Kalton & Schuman, 1982), and biases that can occur (e.g., acquiescence bias)
when using corresponding tools such as Likert Scales (e.g., Kim et al., 2021). Use of pairwise
comparison allowed the five finalist apps and 15 pedagogical features to be clearly and
consistently ranked both in a timely fashion and with no potential for ties (Marshall et al.,
2020). Dichotomous ratings assessing if a feature was present within the apps (as in
Outhwaite et al., 2023; Papadakis et al., 2018) were not used given their own potential to
produce ceiling and floor effects (i.e., when a feature is present or absent in all apps). In
contrast, the use of a comparative judgement task involved participants selecting an app that
embodied a certain feature to a greater extent than another app. As such, relative judgements
were able to order the extent to which different learning features were embodied within the

five finalist apps.

This study mirrors previous work that has evaluated apps using a framework of
features, but, for the first time, the learning gains achieved from the GLXP allow us to
identify which features are most successful in facilitating children’s learning of foundational
skills in low-income community settings, by identifying key features of the two winning

apps. To achieve this, the following questions were investigated:

1) Which features characterise each of the five finalist learning apps used in the GLXP?
2) Do the five finalist learning apps of the GLXP, that have been shown to support positive

learning outcomes with out-of-school children within the same RCT, share features?
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Method

Design

A within-participants experimental design was adopted in which all participants
completed 165 trials (150 experimental trials and 15 repeated trials to assess consistency of
response) of a two-alternative forced-choice comparative judgement task (a comparison
method as outlined in Pollitt, 2012). Each trial required participants to judge which of two
apps they were presented with were strongest on a particular feature (as listed in Table 4),
such as direct instruction or availability of autonomous learning. In this manner, each of the
five finalist apps was iteratively compared against each of the others. This gave rise to a
“comparative judgement” score per app, which reflected the number of times the app was
chosen over another in reference to a particular feature, with scores ranging between zero
(never favoured) and four (always favoured) per app for each of the 15 features investigated.
The order of comparative judgement trials was randomised across participants.

Prior to data collection a pilot was conducted with five participants, after which minor
adjustments were made to refine this protocol based on researcher observations and
participant feedback, such as presenting the full names of the apps throughout the task for
clarity (e.g., CCI-School House instead of CCl). Analyses of the pilot data showed the task to
be reliable and valid. All data was collected in a computer laboratory at the University of
Nottingham. Ethical approval was granted by the School of Psychology Ethics Committee.
Consent was obtained from all participants in line with the British Psychological Society

guidelines.

Participants

Forty-one participants took part in the comparative judgement task described above.

Participant ages ranged from 18 to 38 years (M= 24.14, SD = 4.51), with 27 females, 13
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male, and one non-binary participants. All participants were residents of the United Kingdom
and either currently or previously enrolled in Higher Education. Participants were recruited
through the School of Psychology at the University of Nottingham using opportunity
sampling via email invitation, posters, flyers, and word of mouth. Each participant was
provided with an inconvenience allowance of £20 for taking part in the study.

All participants were blind to the study aims and had no a priori knowledge of either
the results of the GLXP competition, or the five apps used, as confirmed by the researcher
before each session. Rather than recruiting educational experts to this study, participants were
non-experts thus mitigating risks associated with participants having different levels of

background knowledge and expertise (Bramley, 2007).

Apparatus and Materials

Five Google Pixel C tablets with a 10.2” screen with a resolution of 2560 x 1800
pixels were used, one for each participant in any one session. Viewing distance was not
controlled. The tablets were the same as those used during the GLXP competition with out-
of-school children in Tanzania, and the five finalist apps were installed onto each tablet (see
Chapter 2 for a brief description of each of the apps). The tablets enabled participants to
access and interact with the five finalist apps before making comparative judgements. The
same version of the apps used in this study were those used in the GLXP competition, where
possible. Participants were made aware of any minor differences in app versions before
completing the comparative judgement trials but were instructed not to base judgements on
these differences. Specifically, the version of onebillion used in this study included a teacher
loading page and the version of Robotutor used in this study did not block access to other
apps, as in the XPRIZE version.

Participants used their own headphones when exploring the apps; these could not be

provided due to COVID-19 precautions that needed to be followed. Pen and paper were
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provided to participants so that they could make notes. Each session started with a
presentation delivered by the researcher that explained the GLXP, the aims of the current
study and any information about deviations of the apps used in the study compared to those
used in the GLXP, as described above. The session structure was outlined with instructions
for each step. The results of the GLXP were not revealed at this time to avoid participant
bias. All participants were provided with a booklet containing definitions for the 15 app
features, framed as questions, as listed in Table 4. Some of the feature definitions were taken
from specific papers or models (e.g., definitions from the Four Pillars of Learning
framework; Hirsh-Pasek et al. 2015), while others were synthesised from multiple papers of
app learning.

Qualtrics software, version February 2022, was used to present the comparative
judgement trials and record participant responses. For each of the 15 features, there were ten
possible app pairings, resulting in 150 distinct trials. Simple syntax was used to randomise
question order and avoid bias. For example, when making judgements on the app feature of
‘Gamification’ participants were asked: ‘Which app has more gamification? onebillion or
Robotutor?’ Participants were required to click on the app they felt had the most of that
feature.

To maintain attention and check for active participation throughout the task, after
every 30 trials, participants were required to answer an unrelated two-alternative forced
choice question, for example ‘What season is it right now? Spring or Autumn?’. Furthermore,
for each of the 15 app features, one additional trial was repeated, but the app choice was
reversed. For example, the question on Gamification given above was changed to ‘Which app
has more gamification? Robotutor or onebillion? This was to determine consistency of

participants’ responses throughout the task.

111



Procedure

Participants contacted the researcher via email if they were interested in taking part.
They were provided with an information sheet and were then invited to take part in a 2-hour
session held at a time and date that was convenient for them. Each session had two to five
participants, with most comprising five participants. At the beginning of each session,
participants were welcomed, and the researcher presented the introductory information and
task instructions, which took approximately 10-15 minutes. Participants were then asked to
spend five minutes reading the feature definitions carefully and were given the opportunity to
ask any questions for clarification.

Participants were shown how to use the tablets to access and interact with the five
finalist apps. They were then asked to spend unstructured time exploring each app to
familiarise themselves with the app features. During this process, it was recommended that
participants make notes of anything positive, negative, or different that could support them in
making the comparative judgements. They were instructed to spend a minimum of 25
minutes on this activity, 5 minutes per app, but assured that they could spend longer
familiarising themselves with the apps if they wanted to. Participants were asked to engage
with a range of literacy and numeracy tasks within each app and to give both correct and
incorrect answers to experience the range of feedback provided. The researcher was on hand
to answer questions and troubleshoot any technical issues.

When participants felt sufficiently familiarised with the apps, the researcher checked
they understood the task, answering any remaining questions they might have. Participants
then performed the comparative judgement task independently, with no group discussion.
Participants were instructed to work at their own pace and reminded they could refer to the
apps at any point when making their judgements, allowing further, targeted exploration if

needed, to enable them to make informed decisions. Participants actively engaged with the
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apps whilst completing the comparative judgement task. Once all participants had completed
the task, the researcher thanked them for taking part and answered any outstanding queries.
Sessions lasted between 1 hour 40 minutes and 2 hours and 10 minutes, with an average
duration of 1 hour and 55 minutes. Consent forms, debriefs, and withdrawal statements were

provided during the session in accordance with ethical guidelines.

Data Analysis

Inclusion criteria for data analysis required participants to answer 100% of the
unrelated attention questions and 80% of the ‘retest’ questions accurately. All participants
achieved this and consequently no participants were excluded from the analysis.

Data was first analysed to assess the reliability of the comparative judgements:
responses to the 15 repeated trials were compared to the corresponding experimental trial
response for each participant. Internal consistency was determined by calculating the number
of times participants gave the same response across repeated and original experimental trials,
from which a group mean consistency was determined. Internal consistency for participant
responses across the 15 repeated trials was high, with a group mean score of 13.83 (SD =
1.16; 92.2% accuracy), demonstrating comparative judgements were reliable. Fleiss’ kappa
was then conducted to determine the agreement between participants for all experimental
comparative judgements. Results revealed moderate agreement between participant
judgements, K = .565 (95% CI, .562 to .568), p<.0001.

Data was then analysed to determine if the comparative judgements were valid:
responses to ‘Direct Instruction’ were used as a measure of face validity as the definition of
this feature requires an app to have an avatar that guides and instructs the user (see Table 4),
and hence can be objectively assessed. If the apps that include an avatar (i.e., onebillion,
KitKit and CCI) were chosen more frequently as demonstrating ‘direct instruction’ than the

apps that did not include an avatar (i.e., Chimple and RoboTutor), face validity will be
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confirmed. Accordingly, a binomial test of probability was conducted using the sum
frequency count for ‘direct instruction’ for the three apps that have a clear avatar compared to
the two apps that do not use an avatar. The sum frequency of responses to the ‘direct
instruction’ feature for the three avatar apps was 333 compared to 77 for the two apps with no
avatar. A binomial test revealed that the apps with an avatar were chosen significantly more
than chance, p<.001, demonstrating the comparative judgements made were valid.

Data analyses were then conducted to address each of the research questions posed.
For each of the 15 app features examined, participants made 10 comparative judgements,
resulting in a maximum frequency count of four per app. As data was not normally
distributed, non-parametric tests were conducted. Results are reported at a 2-tailed level of
probability. Statistical analyses of the results of the experiment were conducted using Jamovi

version 1.6 or Python version 3.10.4.

1) Which features characterise each of the five finalist learning apps used in the GLXP?

To identify features that characterised each of the different learning apps, a series of
Binomial tests of probability was conducted using sum frequency counts for each feature per
app, across the 150 experimental trials. Results indicated app features that were chosen

significantly above or below chance.

2) Do the five finalist learning apps of the GLXP, that have been shown to support positive

learning outcomes with out-of-school children within the same RCT, share features?

To determine if pedagogical features were common across the five finalist apps a
series of ten Spearman’s Rank correlation tests were conducted using sum frequencies per
app across each of the 15 features examined through the 150 experimental trials. Bonferroni
correction was applied to allow for multiple comparisons; adjusted significance level =

0.0125.
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Results

1) Which features characterise each of the five finalist learning apps used in the GLXP?

Table 5 reports sum frequencies of the 15 pedagogical features for each of the five
finalist learning apps. Green cells with bold text indicate results from the Binomial tests of
probability where an app feature was favoured by participants at a level significantly more
than chance; red cells with bold text indicate results for app features that were chosen
significantly less than chance (at a 5% significance level). For each app, rank order of

features is provided in parenthesis.
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Table 5

Binomial test of probability results for each of the five finalist learning apps

App Feature Sum Frequency Count (total across apps = 410; chance = 82)

Significance of Binomial Test

onebillion Kitkit CClI Chimple Robotutor

Direct instruction 144 (1) 84 (13) 105 (3)

<.001** 0.844 0.007**
Autonomous learning 142 (2) 109 (6)
<.001** 0.002**
Curriculum links 140 (3) 68 (15)
<.001** 0.966
Retrieval-based learning | 132 (4) 98 (8)
<.001** 0.059
Motor skills 131 (5) 110 (5)
<.001** 0.001**
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App Feature Sum Frequency Count (total across apps = 410; chance = 82)

Significance of Binomial Test

onebillion Kitkit CClI Chimple Robotutor

Task structure 85 (9)
0.749
Feedback 92 (9) 88 (8)
0.242 0.493
Social interaction 86 (12)
0.658
Active Learning 83 (14)
0.941

Meaningful Learning 91 (10)

0.294

Engagement 79 (10)

0.766
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App Feature

Sum Frequency Count (total across apps = 410; chance = 82)

Significance of Binomial Test

onebillion Kitkit CClI Chimple Robotutor
Language demand 117 (12) 107 (7) 72 (11) 81 (5)
<.001** 0.003** 0.239 0.961
Personalisation 100 (13) 133 (1) 107 (2)
0.034* <.001** 0.003**
Gamification 79 (14.5) 121 (3) 132 (2)
0.766 <.001** <.001**
Free play 79 (14.5) 88 (11) 68 (12) 140 (1)
0.766 0.493 0.091 <.001**

Note. **p<.01, *p<.05. The five finalist apps are ordered according to overall learning gains achieved across the 15-month GLXP field trial, with

onebillion and KitKit being joint winners (XPRIZE, 2019). Binomial tests were conducted where: n = total number of judgements (trials) made

per feature across the study, k = observed sum frequency count for the chosen app per feature, p = 0.2 [the probability that the chosen app will be

selected on any particular trial], and g = 0.8 [the probability that the chosen app will not be selected on any particular trial].
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As shown in Table 5, for the onebillion app (a joint winner of the GLXP), participants
judged 13 out of the 15 app features examined as more present than for competitors at a level
significantly greater than chance, with only Gamification and Free Play being selected at
levels expected by randomness. In contrast, participants judged the features of the Robotutor
app (which produced the lowest overall learning gains in the GLXP field trial) as being
present significantly less than chance across all 15 features examined. This suggests that
compared to other apps, the features of Robotutor were perceived as less present by

participants.

2) Do the five finalist learning apps of the GLXP, that have been shown to support
positive learning outcomes with out-of-school children within the same RCT, share

features?

As shown in Table 6, Spearman’s rho correlation coefficients were calculated to
determine the relationship between apps across the 15 pedagogical features examined. Only
one correlation was found to be significant when Bonferroni correction was applied for
multiple comparisons at an increased significance level of .0125. A strong negative
correlation was found between two of the runners up, Chimple and CCl, rs(39) = -0.688, p =
.005, demonstrating these apps differed significantly to one another in the presence of

pedagogical features.
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Table 6

Spearman’s rho correlation matrix between apps across the 15 features examined

OB KK CHI CClI
onebillion Spearman'’s rho —
p-value —
Kitkit Spearman's rho -0.366 —
p-value 0.180 —
Chimple Spearman's rho -0.420 0.173 —
p-value 0.119 0.537 —
CCl Spearman'’s rho 0.165 -0.418 -0.688 ** —
p-value 0.557 0.123 0.005 —
Robotutor  Spearman’s rho 0.000 -0.520 0.070 -0.244 —
p-value 1.000 0.047 0.804 0.381 —
Note. **p < .0125
Discussion

The aim of this chapter was to identify pedagogical features of interactive apps that

are effective in supporting learning of foundational skills for out-of-school children in low-

income settings. Here, for the first time, findings were reported from a comparative

judgement task of the five finalist apps used in the GLXP that directly links app features to
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learning outcomes established over a 15-month field trial with out-of-school children in
Tanzania. Two key findings were revealed.

First, across the five finalist apps, results showed that only the joint winners of the
GLXP displayed pedagogical features that were significantly present, as judged by
participants, more frequently than chance. In contrast, for the three runners-up, participants
judged some pedagogical features (or all features in the case of Robotutor) as significantly
less present than chance. Accordingly, these results provide evidence that the six pedagogical
features shared by onebillion and KitKit — joint winners of the GLXP — were strongly present
in these apps to support learning and included: Autonomous Learning, Motor Skills, Task
Structure, Engagement, Language Demand, and Personalisation. Three of these features —
Autonomous Learning, Motor Skills, and Language Demands — are centred on app
accessibility which has been highlighted prominently within the literature (e.g., Gulliford et
al., 2021; Lynch et al., 2021; Pitchford, 2023). Crompton et al. (2021c) highlighted
accessibility to be a fundamental barrier to education in low- and middle-income countries
(LMICs). The current results support prior research that emphasises the importance of
pedagogical app features that enhance accessibility in supporting the acquisition of
foundational skills.

Second, results showed no significant positive correlations between the five finalist
apps deployed in the GLXP across the 15 features examined in this study, emphasising the
variation in the presence of features across the applications. Only one correlation was
significant, and that was a strong negative correlation, demonstrating a high degree of
dissimilarity between the apps produced by Chimple and CCI — each targeting distinctly
different sets of features to engage users. This variability is somewhat expected, due to the
lack of direction given to app developers in the GLXP but is beneficial in the comparisons it

allows us to make. The diversity in approaches adopted by the five teams regarding what they
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thought would constitute an effective learning app in this context is notable. For the joint
winners of the GLXP, onebillion and KitKit, whose apps resulted in the highest learning
gains over the 15-month field trial (XPRIZE, 2019), a weak negative correlation was found
across app features, but again this was not significant, reflecting the dissimilarity in the
presence of pedagogical features between the two apps. This variation between the two
winning apps suggests that foundational skills can be supported by interactive apps that
implement a range of pedagogical features. However, a core subset of features— specifically
autonomous learning, motor skills, task structure, engagement, language demand, and
personalisation — was strongly present in both apps.

It is not surprising that autonomous learning was strongly present in apps that
supported foundational skills in this study, as the ability to learn autonomously was almost
necessitated. The children in the GLXP were not provided with formal instruction beyond the
app. This corroborates previous research proposing learner autonomy is critical to improving
children’s motivation, reflective engagement, and educational outcomes (Lan, 2018). Apps
deployed in out-of-school settings should prioritise ease of navigation through the content to
encourage and motivate independent learning by novice users. This is important even when
installing tablets in school settings within LMICs, as there are often low teacher-to-pupil
ratios and large class sizes (Jordan et al., 2021). Hence, apps that encompass pedagogical
features that promote independent learning may be preferable for children to maximise their
learning experience.

The results also highlighted the presence of features related to accessibility, such as
motor skills and language demand, as important factors in fostering positive learning
outcomes. Developers need to consider the level of motor skills required for children to
interact effectively with their apps: too high a level of precision may have a negative impact

on accessibility, especially for children with physical disabilities who may not possess the
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fine motor skills required to interact with the app content (Gulliford et al., 2021; Pitchford et
al., 2018). Similarly, the language used in the app needs to be appropriate for the child’s
developmental age, which could be highly variable in LMIC out-of-school contexts.
Language proficiency has been shown to correlate with children’s learning with interactive
apps (Gulliford et al., 2021; Outhwaite et al., 2020) so developers should keep the language
as simple as possible to enhance the reach of their apps.

The other three app features strongly present in the joint winners of the GLXP were
task structure, engagement, and personalisation. The importance of task structure has been
highlighted in previous research with app use in primary school settings, due to the
complementary relationship it has with the curriculum and use of reinforcement when
learning new topics (Gulliford et al., 2021). Likewise, personalisation (with programmatic
levelling), in combination with feedback, has been suggested to maximise learning outcomes
when considering literacy app design (Vanbecelaere et al., 2020b) and maths app
interventions (Outhwaite et al., 2023). For an app to have high educational quality, it should
also support a child’s engagement in the learning process, as engagement and learning “go
hand in hand” (Raymer, 2013), using contingent interactions, extrinsic and intrinsic
motivation (Hirsh-Pasek et al., 2015).

Interestingly, free play as a feature did not significantly characterise the two winning
apps of the GLXP, despite previous research suggesting it plays an important role in
exploration and autonomy (Hirsh-Pasek et al., 2015). Play-based learning (or guided play)
has recently been shown to be successful in school settings (within a developed context),
suggesting that play can be valuable if guided by a teacher with a learning objective, by
balancing exploration and instruction (Skene et al., 2022). The importance of task structure
highlighted in this study corroborates Skene et al. (2022) and demonstrates that in out-of-

school settings, a certain level of structure is required within an app to direct a child through
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its content, and to promote positive learning outcomes where there is no formal teacher

available to guide the learning process.

Limitations

A potential limitation of this study is that participants were based in the United
Kingdom and had no experience or affiliation with Tanzania, where the GLXP was
undertaken. Thus, participants were unfamiliar with the context in which the apps were
deployed, which might be particularly pertinent when judging features such as ‘meaningful
learning” and ‘curriculum links’ for children in Tanzania. However, the apps investigated in
this study are used in other countries and contexts, such as the UK and Brazil, in which
demonstrable learning gains have been achieved (Outhwaite et al., 2020), suggesting that the

presence of these features is not country specific.

Conclusion

This chapter has identified six pedagogical app features — autonomous learning,
motor skills, task structure, engagement, language demand, and personalisation — that were
judged to be significantly present in apps associated with the effective learning of
foundational skills in low-income community settings. This combination of app features
appears to be key to ensuring the optimal effectiveness of learning apps deployed in LMICs,
where spending budgets for education are extremely limited. Chapter 4 (Domain and Gender
App study) investigates this further by exploring the relative importance of the 15 app
features and examining differences in the impact of individual features based on the domain
(i.e. literacy/numeracy) or gender that they are targeting. Future studies should assess the
reliability of this combination of pedagogical features in other educational apps and settings

to evaluate their adoption in different contexts.

124



The results of this chapter should inform the pedagogical design of educational apps,
particularly for use by children of primary school age in LMICs and should be useful to
governments, educators, and parents when deciding on educational apps to support the
acquisition of foundational skills, especially with out-of-school children. This is crucial
considering that 244 million children worldwide are estimated to be out of school (UNESCO,
2022a), and 10% of global spending is purported to be wasted on ‘poor education’ that
perpetuates significant inequalities in access to and provision of quality education that is
failing to produce the desired learning outcomes for children (UNESCO, 2019). With the
combination of pedagogical features identified in this chapter, well-designed educational

apps could start resolving this global foundational learning crisis.
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Chapter 4: Relative Importance of App Features across Domains and Gender

Background

Building on the results of Chapter 3, this chapter explores the individual impact of the
15 different app features on foundational literacy and numeracy outcomes for out-of-school
girls and boys in Tanzania. As highlighted in Chapter 1, while surprisingly, there is no
significant gender gap in Tanzanian enrolment rates, there is still an attainment gap in
learning outcomes that favours boys (Groeneveld & Taddese, 2020; Al-Samarrai &
Tamagnan, 2019). Therefore, this would suggest that the education provision is not as
impactful for girls, and further research is needed to determine what may facilitate their
learning in low-income, low-resource settings. As research has shown that learning apps
could be helpful in facilitating learning for girls (e.g. Pitchford et al., 2019), this exploration
of app features and their relationship with gender and domain is crucial to understanding and
enhancing technology-driven education in areas where access to conventional education is
scarce, and gender disparities may impact foundational learning. This study utilises a
completely novel research methodology, combining machine learning methods and
inferential statistics, to explore the differential impact of app features on learning outcomes,

dependent on domain and gender, in a low-income, out-of-school context for the first time.

App features and learning outcomes

Attempts to link app features to learning outcomes are scarce. As explored in Chapter
3, Outhwaite et al. (2022) provided a critical step towards capturing this relationship in maths
with a systematic review and content analysis of maths apps. The systematic review had a
global focus, including high- and low-income research. A qualitative comparative analysis of
apps found on the UK Apple and Google Play stores was then utilised to identify specific app

design features, such as scaffolding and personalisation, that maximised children’s learning
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outcomes in maths. This research underscored the importance of linking app features directly
to learning outcomes, an objective that continued in Chapter 3 but with Tanzania as the direct
focus, providing a different lens to the Westernised, high-income focus of the UK.

In Chapter 3, Outhwaite’s work was built upon by comparing the app features of the
five finalist apps from the GLXP, employing a comparative judgement task to assess 15
pedagogical features. Six pedagogical app features were identified as being prominent in both
apps that produced the greatest learning outcomes in the XPRIZE competition (i.e. the two
winning apps, onebillion and KitKit School): autonomous learning, motor skills, task
structure, engagement, language demand and personalisation. While these insights are
valuable, they do not distinguish between the impacts of different app features on literacy
outcomes independent of numeracy outcomes and, therefore, may not fully capture the
complex relationship among app features, complex inter-feature interactions and their
contributions to different domains of foundational learning.

Investigating app features concerning independent literacy and numeracy outcomes
has not yet been studied at the level of individual learners. This could be crucial in
identifying app features that are most successful in predicting whether individual out-of-

school learners will achieve foundational literacy and numeracy skills.

Gender differences

Furthermore, understanding evidenced gender disparities in educational outcomes is
essential, particularly in low-income countries, where distinct differences in how boys and
girls access education may influence their engagement with tools like educational apps. As
highlighted in Chapter 1, it is estimated that there are 6.7 million out-of-school children in
Tanzania, where girls are among those most at risk (UNESCO, 2016). Although initial school
enrolment rates are similar across both genders, retention falls substantially for girls due to a

multitude of reasons such as poverty, marriage, pregnancy and having traditional gender roles
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to fulfil within their households (UK Aid, 2021; Awinia, 2019). As a result, there are also
significant gender disparities in learning outcomes at primary school, which widen further
after the transition to secondary school, with girls generally receiving lower examination
results than boys (Awinia, 2019; Al-Samarrai & Tamagnan, 2019). This exacerbates the
dropout rates further, with a 1:2 girl-to-boy ratio by the time students reach upper secondary
(Pezzulo et al., 2022). Accordingly, governments worldwide, including the UK, have focused
on improving girls' education to equalise opportunities and reduce barriers to girls achieving

their full learning potential.

Can girls learn with apps in low-income countries?

Despite girls from low-income countries typically facing more difficulties accessing
education than boys, research has shown that girls can enjoy and benefit from education just
as much as boys when provided with equal access, both in a traditional school setting and
with a learning app in an out-of-school setting (Miheretu, 2019; XPRIZE, 2019). Unlike
traditional schooling, apps offer flexibility as they can be used at any time, meaning their use
could be accommodated alongside the expected household responsibilities of girls (UK Aid,
2021). Therefore, educational apps may provide a valuable tool to enhance girls’ education
and reduce the attainment gap, especially if the app features are known to promote and not

inhibit engagement and app learning.

Gender differences in app features

Within conventional school settings in low-income countries, there have been notable
gender differences when learning foundational skills, with boys typically outperforming girls
in numeracy but girls having a higher reading level than boys (UNESCO, 2015; OECD,
2016). However, it is essential to note that these differences are domain-specific rather than

specific to app features. How girls and boys engage with these features might vary depending
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on their strengths and engagement in each domain. This variation could offer insights into
tailoring apps to better suit gendered learning preferences, enhancing the effectiveness of
apps in addressing any disparities in literacy and numeracy skills.

Very little previous research has explored gender differences across app features; one
exception is gamification. Research into gamification has explored gender differences across
subject domains, ages, and game styles. Findings suggest that girls are less interested in the
competitive elements of gamified learning than boys are, with boys more likely to compete
with others, while girls tend to focus on completing their assignments during gameplay
(Kickmeier-Rust et al., 2014; Admiraal et al., 2014). Boys were also more interested in
rewards and achievements within the app, although there were still no significant differences
in the level of achievement and amount of learning rewards received (Yang & Quadir, 2018).
While a helpful insight into potential gender differences, this research was based on self-
reported enjoyment and motivation (e.g. Kickmeier-Rust et al., 2014) or just comparing
differences in learning outcomes between genders after using one gamified app (e.g. Yang &
Quadir, 2018). To understand if there are gender differences in the impact of different app
features, direct comparisons of different apps should be made in relation to known learning
outcomes, allowing an exploration of gender differences between apps that embody different
amounts of each app feature (e.g. some apps are more focused on gamification than others, as
demonstrated in Chapter 3).

Research focusing on gender differences for the other key app features remains
sparse. However, within the gamification literature, it was found that boys are more interested
in interactivity than girls, suggesting that an active learning approach within an app may
appeal to boys (Yang & Quadir, 2018). It was also found that while boys appreciate

competitive gameplay, girls tend to place more importance on the discovery and exploration
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enabled by free play (Admiraal et al., 2014) and the feedback that they receive within the
game (Kickmeier-Rust et al., 2014).

While there are insights into gender differences for gamification, similar exploration
is lacking for the other fourteen learning apps studied in Chapter 3. Additionally, while the
gamification research is a helpful start, it is focused on different settings (high-income
schools rather than low-income out-of-school) and demographics (e.g. secondary students).
The gender differences that have been found focus on preferences and opinions rather than
tangible learning outcomes and the research was not based in Tanzania. Given these
limitations, it would be highly beneficial to explore whether there are clear gender differences
in the impact of key app features on foundational learning outcomes for out-of-school
children in Tanzania so that app developers can tailor the technology to mitigate gender

differences.

Current study

This chapter aimed to address the aforementioned significant gaps in the research.
Previous studies have provided valuable insights into app features and their general impact on
learning. However, there needs to be more research at the granular level of individual
learners, particularly in low-income contexts. This could be crucial in identifying app features
that are most successful in predicting whether individual out-of-school learners will achieve
foundational literacy and numeracy skills. Therefore, a primary objective of the current
exploration was to determine the most influential app features in predicting whether children
will improve their foundational literacy and numeracy skills among out-of-school children in
Tanzania.

Furthermore, the app features and their differing impact on girls and boys remain

underexplored, so another aim was to provide a more comprehensive understanding of how
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gender might influence the effectiveness of the 15 educational app features in out-of-school
contexts. In combination, these two objectives will look across and within gender and domain
to identify the vital features for successful educational technology, building on findings from
Chapter 3.

To address these pivotal questions, new data analytic methods are needed to allow
analysis of the data at an individual level and untangle the complex relationship between app
features and learning outcomes. Traditional data analysis methods face challenges that impact
the interpretation and generalisability of the resulting models, such as multicollinearity,
assumptions of linearity and overfitting (Lavelle-Hill et al., 2021). Correlations between
variables lead to potentially important variables being excluded, altering explanations for the
outcome variable being investigated. Further, traditional regression using small datasets leads
to a considerable risk of overfitting, which undermines the resulting model interpretation.

In contrast, machine learning techniques utilise alternative methods to address these
problems, such as cross-validation, model parameterisation and out-of-sample testing, where
the model’s performance is assessed using predictions on a held-out test set. This approach is,
therefore, particularly suited to evaluating the relationship between the 15 independent app
features and learning outcomes, especially when focusing on gender and domain differences.
Out-of-sample prediction can also be preferable for research with real-world applications
such as education, as this method can be used to predict future data points, and past
experiences have been shown to predict future behaviour (Lavelle-Hill, 2020). Big data for
educational research is still in its infancy, so conducting this research using machine learning
techniques may also provide insights about its suitability in this context and how these
methods may be utilised further in future educational applications (Yu, 2020).

This research employed a novel mixed-methodological approach, combining machine

learning with traditional inferential statistics. Machine learning methods were used first to
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construct prediction models that allowed us to see which app features were most predictive of
learning improvement across genders and domains and what direction their influence was in
(i.e. did the app feature positively influence the learning outcomes?) ANOVAs and post-hoc
t-tests then enabled rigorous testing to determine which differences in the impact of app
features across genders and domains were statistically significant. The combination of
methodologies allows for identifying the most influential app features and understanding the
complex interactions within and across genders and domains for all app features. These
research methods allowed us to address the following primary research questions:
1. Which app features most predict improvements in literacy and numeracy outcomes
for out-of-school girls and boys in Tanzania following an Edtech intervention?
2. Are there significant differences in the impact of individual app features on literacy
and numeracy outcomes for out-of-school girls and boys?

The findings from this study could potentially influence the development and
implementation of EdTech in low-income contexts by identifying the app features that
effectively support literacy and numeracy development while taking any gender differences
into account. This could inform the creation of more considered, impactful tools for remote
education and help governments and implementing agencies make informed decisions about
which apps to use in out-of-school contexts, ultimately informing educational policy to help

reduce existing educational inequalities.

Method

This investigation explored the comparative importance of 15 app features examined
in Chapter 3 concerning learning improvements in literacy (gains in EGRA scores over time)

and numeracy (gains in EGMA scores over time) for boys and girls following the EdTech
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intervention. The primary focus was identifying which app features are most important in

predicting whether children will improve.

Dataset

Two datasets taken from earlier chapters were used for this analysis. The first dataset
consists of key demographic data from the 2041 children who took part in the GLXP
competition, namely their age, gender, the app that they received and their raw improvement
scores for both EGRA and EGMA assessments following the competition period (explained
fully in Chapter 2).

The second dataset is the comparative judgement frequency scores taken from
Chapter 3, which will be used to conduct the Bradley-Terry model and generate lambda
scores for each of the 15 app features.

Once the lambda scores were generated (explained further in the Bradley-Terry model
section), each of the scores for the 15 app features was then used to create a scoring column
for each feature, joined to the child-level data in the first dataset based on which app they
received, as the lambda scores were at the app level. All children allocated to the control
group had missing values, as they did not receive any of the five apps used in the
competition, so their data was removed because they had no experience with the app features.
Therefore, the final dataset included 1680 data points, relating to all of the children that

received one of the app interventions.

Generating lambda scores - the Bradley-Terry model

The Bradley-Terry model is a probability model commonly used to evaluate paired
comparison data (Bradley & Terry, 1952). The model highlights which app features are
preferred by comparing pairs of features, allowing them to be ranked based on user

comparisons. This made it appropriate to further evaluate the comparative judgement
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frequency data introduced in Chapter 3, in which binomial tests of probability were utilised to
generate a ranked order for each app’s performance across the 15 app features, determining
which apps scored significantly above chance for how many times their embodiment of the
app feature was favoured by participants across the forced-choice task. onebillion came out as
the strongest overall app across features, scoring significantly above chance for 13 out of 15
features.

In the current chapter, the outcome of these forced-choice comparisons- (e.g. Which
app was better at providing direct instruction? onebillion or Robotutor)- was then used to
calculate lambda () scores for each item, representing the relative strength of each app
feature found in each of the five apps. Lambda scores are calculated using the assumption
that the probability P(i > j) that app i is preferred over app j for a given feature is 1idi + A/,
where Al and Aj are the lambda scores of apps i and j, respectively. Lambda scores were
estimated using maximum likelihood estimation, ensuring the most accurate representation of
the comparative judgement outcomes. The model assumed independent comparisons, and
there were no ties due to the forced choice procedure employed in the initial comparative
judgment task. In interpreting the lambda scores, high values indicate that an app feature is
strong within the app, with low values (close to zero), showing that the app does not embody

much of the app feature.

Data cleaning for modelling

Before analysing the dataset further, preparing the data for a classification analysis
was essential. The primary goal was to determine whether girls and boys achieved or did not
achieve significant improvement using the app. This was assessed using two dependent
variables, the EGRA and EGMA improvement scores. The ‘female’ variable was coded as
‘1’ and ‘0’ for boys to facilitate the independent investigation of both genders. Within the

final dataset, there are 631 girls and 1049 boys. Four classification tasks were conducted, one
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for each gender per dependent variable - these were Model 1 (girls' literacy), Model 2 (boys'
literacy), Model 3 (girls' numeracy) and Model 4 (boys’ numeracy).

The exploratory analyses of the raw improvement scores (across both genders), as
depicted in Figures 6 and 7 for EGRA and EGMA, revealed notable deviations in the data
distributions. Specifically, the EGRA dataset showed a skewness of 1.55 and a kurtosis of
1.41, while the EGMA dataset showed a skewness of 1.06 and a kurtosis of 0.77. These
values indicate a highly positively skewed distribution for both EGRA and EGMA, with most
children showing minimal improvement. Consequently, binary classification tasks were
considered more suitable than regression for this analysis, with a binary outcome variable
categorising children’s performance with the app as ‘high achievement’ or ‘low-
achievement’.

Implementing a binary cut-off point to distinguish between ‘high-achievers’ and ‘low-
achievers’ can reduce noise in the dataset, enhancing prediction accuracy (Ahmad, 2019).
These cut-off points were determined by visually examining the histograms in Figures 5 and
6. Starting with higher bin counts and then gradually reducing them, this process allowed for
a clearer identification of a sensible cut-off point, reflecting the point where a significant drop

in frequency was observed, effectively separating the two groups for each dependent variable.

Figure 5

A histogram showing the raw EGRA improvement scores after the GLXP
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A histogram showing the raw EGMA improvement scores after the GLXP
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The chosen cut-off point for EGRA (indicated by the red line on Figure 5) was a raw
improvement score of 10 or below as low-achievers (coded ‘0°), and any score above that
would be high-achievers (coded ‘1”), who surpassed the improvement threshold. This led to a
reasonably balanced dataset for both girls and boys, with 309 low achievers (49%) and 322
high-achievers (51%) for girls and 551 low-achievers (52.5%) and 498 high-achievers
(47.5%) for boys.

The cut-off point for EGMA (see the red line in Figure 6) was five and below for low
achievers (coded ‘0’), and everything above was classified as high achievers (coded ‘1’). This
led to two imbalanced datasets, a dataset with 186 low-achievers (29.5%) and 445 high-
achievers (70.5%) for girls and 281 low-achievers (26.8%) and 768 high-achievers (73.2%)

for boys.

Modelling

Four classification tasks were formulated, one for each gender per domain, to
investigate the importance of app features that may predict whether girls and boys will
improve their foundational literacy and numeracy skills following an EdTech intervention.

The chosen machine learning model was the Random Forest classifier, an ensemble
tree-based method that learns and combines a series of individual decision trees to create the
‘forest’, significantly improving the model’s overall accuracy. Random Forest is known for
its high efficiency with large databases and is more robust to errors and outliers than other
boosting methods, as well as slight imbalances in the data (Han et al., 2022; More & Rana,
2017). Additionally, Random Forest can handle non-linear data and interaction effects,
making it suitable for capturing complex relationships found in educational data. Random
Forest is also less prone to overfitting than alternative machine learning models, as the
averaging process across multiple trees improves the model (Segal, 2004). Random Forest

can provide valuable insights into feature importance by quantifying the impact of each
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feature on prediction accuracy, offering a clear understanding of which app features are most
influential in predicting literacy and numeracy learning outcomes. This was particularly
important for the aim of this investigation, which was to identify and rank the effectiveness of
the different app features.

A dummy classifier can also be implemented to provide baseline accuracy scores for
comparison against the Random Forest classifier. Dummy classifiers make basic predictions
that ignore the input features and make predictors based on the observed dependent variable
values (the ‘y’ values observed in the ‘fit” argument; Scikit Learn, 2023). For a binary
classifier, the dummy performance can be assumed to be 0.5, so this assumption was used to
compare against the Random Forest performance. In terms of outcomes, a dummy
performance of 0.5 means that the classifier would correctly identify the class of a child (low-
achiever or high-achiever) 50% of the time, equivalent to a coin flip.

The core classification steps were all conducted four times - for Model 1 (girls’
literacy), Model 2 (boys' literacy), Model 3 (girls' numeracy) and Model 4 (boys’ numeracy).
Firstly, the data was split into a training and test set (80/20 split), with the training data used
to train the model, allowing the model to make predictions based on the input data. The test
set is then used to evaluate how well the model can perform on the unseen data, ensuring that
the model can generalise to make new predictions and prevent overfitting the dataset
(Brownlee, 2020). The model performance was assessed using a K-Fold cross-validation
approach, splitting the sample repeatedly into training and validation sets, where K =5, as is
now common in machine learning analysis to balance the bias and variance in the test error
rate (Nica-Avram et al., 2021). Grid searches were performed using the 80% training
subsample to identify optimal hyperparameters.

The predictive performance of the Random Forest model was then measured on the

held-out test set using the optimised parameters, evaluated by accuracy and F1 scores. The
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accuracy metric measures the ratio of correct predictions over total instances. Accuracy is
often used as an evaluation metric in binary classification problems (Hossin & Sulaiman,

2015).

true positive + true negative

Accuracy =

true positive + false positive + true negative + false negative

The combined F1 metric represents the harmonic mean between recall and precision
values and is a good discriminator that can outperform accuracy for binary classification

problems (Hossin & Sulaiman, 2015).

2«precision*recall
Fl =2 where:
precision + recall
.. true positive true positive
precision = — —— and recall = — ,
true positive + false positive true positive + true negative

Testing each model on this unseen data prevents the model from overfitting to the
sample and ensures that the model generalises (Lavelle-Hill, 2020). This process was
repeated 30 times, giving 30 scores for the final model performance (as seen in Engelmann et
al., 2018). Repeating the training process multiple times and averaging the iterations provides
a more reliable estimate of the model’s performance, as it ensures that the results are robust
to randomness; when using a single model run, it may be particularly high or low performing,
making it difficult to generalise a singular result.

While Random Forests can effectively handle class imbalances in data reasonably
well (More & Rana, 2017), the EGMA dataset was highly imbalanced towards the majority
class (1), which in this case was the high-achievers, as there was a much higher percentage of

high-achievers than low achievers. This imbalance could potentially bias the Random Forest
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and lead to decreased performance in distinguishing the minority class (Sun & Shen, 2022).
The minority class (0; the low achievers in this case) was oversampled to match the size of
the majority class to address this imbalance. This was randomised for each iteration of the
model loop to ensure that different data was duplicated from the minority class each time.

The Random Forest model was then fitted to the complete dataset with the optimal
parameters to identify the relative importance of each app feature. The evaluation metrics
were checked to ensure no significant decrease in performance, and then analyses of variable
importance were undertaken using SHAP (SHapley Additive exPlanations; Lundberg & Lee,
2017). SHAP values provide a measure of the average contribution of each feature to every
prediction. They are frequently used to evaluate feature importance, making complex model
outputs, particularly tree-based models, easier to interpret (Hong & Frias-Martinez, 2020).
SHAP was chosen over permutation importance as importance is based on a magnitude of
feature attributions, thus enabling an understanding of how different feature values affect the
predicted outcome and, ultimately, which features are more important than others. SHAP
values represent a measure of the average contribution of each app feature to every model
prediction, allowing evaluation of feature importance.

The entire classification model and SHAP pipeline was looped 30 times for each of
the four models, providing 30 scores for the final model performance and 30 SHAP values
for each app feature. Conducting 30 SHAP analyses for each model significantly enhances
the robustness of findings on feature importance, as each iteration of a machine learning
model may yield a different order of feature importance due to the model variability.
Averaging the SHAP values across the 30 runs allows an assessment of feature importance
across 30 Random Forest models and the identification of consistent patterns in how features
influence the outcome prediction, providing a more reliable and comprehensive assessment of

feature importance. This allowed a ranked list of app features for each gender per domain to
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be generated based on the average SHAP values, allowing the most influential app features in

predicting literacy and numeracy learning for boys and girls, respectively, to be determined.

Inferential analysis

Following the modelling, inferential statistics were used to investigate further the
relationships between app features, domains (literacy and numeracy), and gender. This
involved conducting 2 (Domain: literacy, numeracy) x 2 (Gender: girls, boys) ANOVAs for
each of the 15 app features, using the raw SHAP values taken from each of the 30
classification loops to examine how app features interact with domain and gender. The key
area of interest for this study was the interaction effects, as the aim was to identify if there
was a significant relationship between the impact of domain and gender on learning
outcomes.

Post-hoc t-tests were then used to explore the app features with significant interaction
effects. Four post-hoc comparisons were made for each app feature with a significant
interaction: girls vs boys in literacy, girls vs boys in numeracy, girls in literacy vs numeracy
and boys in literacy vs numeracy. The first two comparisons are a between-group design, so
one-sample t-tests were used, while the other two were a within-group design and used paired
samples t-tests. This analysis enabled the understanding of how the features’ impact varied
across different groups and interactions.

ANOVAs and t-tests were chosen due to their ability to determine differences in
means across groups and their significance, which is critical to understanding the impact of
app features. ANOVASs were particularly suitable to analyse the factorial design (gender x
domain), with t-tests ideal for making nuanced comparisons between and within gender and
domain.

One of the key assumptions for ANOVAs and t-tests is that the data is normally

distributed. The normality of the residuals was checked for each ANOVA using the Shapiro-
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Wilks test, and any results where p<0.05 were considered to have departed significantly from
normality. Despite this assumption, ANOVA is considered a robust test against violations of
normality (Blanca et al., 2017), so the parametric 2x2 ANOVAs were reported regardless.
For the app features that violated the normality assumption, the corresponding post-hoc tests
were checked by conducting the equivalent non-parametric tests - Mann-Whitney for one
sample t-tests and Wilcoxon Signed Ranks for the paired comparisons t-tests. If the
parametric results aligned with the non-parametric results, then the parametric results were
reported. When the results differed, the non-parametric tests were reported.

A key consideration for this study was to decide on an appropriate significance level.
Given the multiple comparisons in this analysis, balancing the risk of Type 1 errors (false
positives) and Type 2 errors (false negatives) was imperative. To address this balance, the
significance level was set at 0.01. This was informed by the need to mitigate the increased
risk of Type 1 errors associated with multiple comparisons while avoiding an overly
conservative threshold that could lead to Type 2 errors, where true effects might be
overlooked. The 0.01 was chosen as a compromise, being more stringent than the standard
0.05 but less conservative than the Bonferroni-adjusted level of 0.0033 (0.05/15). A more
conservative adjustment, such as 0.0033, could potentially obscure significant findings, so
0.01 aims to reduce the likelihood of false positives while still allowing for the detection of
meaningful results. This 0.01 threshold is also recognised in medical research as a stringent
yet practical alternative to the 0.05 significance level (Jafari & Ansari-Pour, 2019).

To complement the inferential tests, effect sizes were calculated for each result.
Partial eta squared values (n2) were used for the 2x2 ANOVAs, which measure the
proportion of variance in the dependent variable - achievement in literacy or numeracy - that
can be attributed to the independent variables (domain and gender; Lakens, 2013). For all

parametric t-tests, Cohen’s d was calculated, which estimates the standardised difference

142



between the two group means (Cohen, 1988). The effect size was calculated using the rank-
biserial correlation coefficient for the non-parametric Mann-Whitney and Wilcoxon Signed
rank tests. This provides clear insights into the strength and direction of the relationship
between the two groups.

All statistical analyses were performed using Python version 3.12.0 and SPSS version

29.

Results

Results from each stage of the analytical process are presented to address the primary
research questions, looking at which features are most predictive of improvement in literacy
and numeracy outcomes for girls and boys and whether there are significant differences in the

impact of app features across genders and domains.

Bradley-Terry analysis

Table 7 displays the lambda scores calculated for each of the 15 app features per app,
indicating their relative preference based on the Bradley-Terry analysis. This allows you to
see which apps are stronger at embodying each chosen feature, with high scores meaning that
the app was considered strong for that feature.

The results are consistent with the binomial findings in Chapter 3, in which the app
produced by onebillion outperforms the other apps across many of the 15 app features. The
lambda scores for 12 of the 15 app features investigated were highest for the onebillion app
compared to the other four apps that were tested in the GLXP, demonstrating that onebillion
is the strongest app when considering the embodiment of the chosen features of importance.
Of particular note is that the lambda score for autonomous learning was by far the highest for
onebillion compared to the other learning apps, which was the pedagogical feature the GLXP

sought to promote with out-of-school children. onebillion also scored highest for direct
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instruction and curriculum links, which in combination with autonomous learning, are the

three highest lambda scores across the entire Bradley Terry analysis and were the top three

ranked features for onebillion in Chapter 3. Kitkit School, the other winner of the GLXP, had

a substantially higher score for personalisation than the other four apps, suggesting

personalisation is a unique strength of this app.

Table 7

Lambda scores for each app feature

App Feature

App Lambda Scores

onebillion Kitkit CClI Chimple  Robotutor
School

Direct instruction 0.593 0.116 0.200 0.066 0.024
Autonomous Learning 0.563 0.219 0.072 0.126 0.020
Curriculum links 0.551 0.095 0.200 0.095 0.060
Retrieval-based 0.475 0.201 0.184 0.095 0.045
learning

Motor skills 0.446 0.261 0.064 0.183 0.046
Task structure 0.416 0.352 0.144 0.064 0.024
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App Feature

App Lambda Scores

onebillion Kitkit CClI Chimple  Robotutor
School
Feedback 0.442 0.187 0.191 0.129 0.050
Social interaction 0.455 0.148 0.263 0.113 0.020
Active learning 0.438 0.150 0.245 0.120 0.047
Meaningful learning 0.426 0.179 0.255 0.090 0.051
Engagement 0.367 0.316 0.150 0.140 0.027
Language demand 0.346 0.277 0.142 0.173 0.062
Personalisation 0.193 0.460 0.248 0.089 0.010
Gamification 0.118 0.327 0.071 0.459 0.024
Free play 0.126 0.151 0.101 0.576 0.045

Note. The highest lambda score for each app feature is highlighted in bold.

The lambda scores primarily inform the classification models, as they reflect the

strength of each app feature across the five different educational apps and are important for

understanding the relative feature influence on learning outcomes for literacy and numeracy.
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Classification models

Four classification models were employed to evaluate how each of the 15 chosen app features
influenced literacy and numeracy achievement for boys and girls following an Edtech
intervention. This was followed by model interpretation using feature importance to

determine the relative importance of each app feature.

Model performance

Table 8 reports the results of these investigations, showing the mean model
performance for both genders for literacy and numeracy over 30 iterations on the held-out test
set. Overall, the model predicted girls' performance with marginally greater accuracy for both
domains than boys, suggesting that the chosen app features may be more influential for girls’

learning improvement than boys.

Table 8

Summary of the mean Random Forest performance for literacy and numeracy improvement

per gender
Performance Literacy Numeracy
(EGRA improvement) (EGMA improvement)
Girls Boys Girls Boys
Accuracy 0.562 0.553 0.607 0.579
F1 Score 0.558 0.534 0.602 0.579

Note. The highest score for each dependent variable is highlighted in bold for each measure

(accuracy, F1).
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As shown in Table 8, accuracy scores (ratio of correct predictions over total instances)
and F1 scores (harmonic mean between recall and precision values) were extremely low for a
binary classification task, with model performance being only slightly better than chance
(which would be approximately 0.5). However, it is important to note that the models still
achieved a performance level above that of a dummy classifier, which would predict
outcomes at a 50% success rate by chance alone. This indicates that while the models’
predictive powers are limited, they do offer some predictive advantage over a purely random
classification, particularly in differentiating ‘low’ from ‘high’ achievers following an EdTech

intervention.

Feature importance

Table 9 reports the averaged SHAP values for the different app features across the 30
classification models, showing each feature’s impact on influencing whether a girl or boy will
achieve literacy and numeracy improvement following the EdTech intervention. Figure 7
displays the distribution and variability of the 30 SHAP values for each app feature using
four box plots, one for each gender per domain. This provides a visual representation of the

dispersion of the SHAP values to complement the averaged values presented in Table 9.
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Table 9
Mean (SD) SHAP values from the 30 Random Forest classification models and their overall
rank in influencing the prediction of whether a child achieves foundational skills following an

EdTech intervention

App Feature Literacy Numeracy
Mean (SD) Mean (SD)
Rank order of magnitude Rank order of magnitude
Girls Boys Girls Boys
Retrieval-based 0.009 (0.003) 0.007 (0.003) 0.015(0.005) 0.011 (0.003)
learning 1st 4th 3rd 3rd
Engagement 0.009 (0.004) 0.008 (0.002) 0.018 (0.005) 0.012 (0.003)
2nd 1st 1st 2nd
Task structure 0.009 (0.003) 0.007 (0.002) 0.016 (0.006) 0.012 (0.004)
3rd 6th 2nd 1st
Language demand 0.007 (0.004) 0.007 (0.003) 0.014 (0.006) 0.009 (0.005)
4th 5th 4th 4th
Motor skills 0.007 (0.004) 0.008 (0.003) 0.012 (0.005) 0.012 (0.004)
5th 2nd 6th 5th
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App Feature

Literacy

Mean (SD)

Rank order of magnitude

Numeracy

Mean (SD)

Rank order of magnitude

Girls Boys Girls Boys
Personalisation 0.007 (0.004) 0.001 (0.001) 0.006 (0.003) 0.006 (0.003)
6th 15th 12th 10th
Autonomous Learning  0.006 (0.003) 0.008 (0.003) 0.012 (0.004) 0.008 (0.004)
7th 3rd 5th 6th
Social interaction 0.005 (0.003) 0.003 (0.002) 0.007 (0.004) 0.006 (0.003)
8th 8th 8th 8th
Feedback 0.004 (0.003) 0.003 (0.001) 0.007 (0.004) 0.006 (0.002)
9th 9th 9th 7th
Active learning 0.004 (0.002) 0.003 (0.001) 0.007 (0.004) 0.007 (0.003)
10th 12th 7th 11th
Meaningful learning 0.004 (0.002) 0.003 (0.001) 0.006 (0.003) 0.006 (0.003)
11th 10th 11th 9th
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App Feature Literacy Numeracy

Mean (SD) Mean (SD)

Rank order of magnitude Rank order of magnitude
Girls Boys Girls Boys

Direct instruction 0.004 (0.002) 0.003 (0.002) 0.007 (0.004) 0.005 (0.003)
12th 11th 10th 12th

Gamification 0.002 (0.001) 0.002 (0.001) 0.003 (0.001) 0.004 (0.003)
13th 14th 14th 14th

Free play 0.002 (0.001) 0.002 (0.001) 0.004 (0.002) 0.005 (0.006)
14th 13th 13th 13th

Curriculum links 0.002 (0.001) 0.003 (0.001) 0.003 (0.001) 0.001 (0.001)
15th 7th 15th 15th

Note. The app features are ordered based on the ranking for girls’ literacy.

Looking across domains, engagement is arguably the most influential feature for both
literacy and numeracy improvement, ranking highest for girls’ numeracy and boys’ literacy
and second for girls’ literacy and boys’ numeracy. This suggests engagement is the most
influential of the 15 app features investigated in predicting learning improvements. However,

as shown in Figure 7, there is a large variability in SHAP values for girls’ literacy, suggesting
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there may be interactions with other factors. Another impactful feature is retrieval-based
learning, which ranked consistently high across all four categories and shows a more uniform
influence for numeracy improvements (see Figure 7). Motor skills notably influenced boys'
literacy and numeracy and were also influential for girls, scoring in the top six for all four
categories, reflecting their broad relevance for learning. Task structure was similarly
important across all four categories, especially in numeracy, where it ranked first for boys
and second for girls. The box plots for motor skills and task structure highlight moderate
variability in the SHAP values across domains and genders, suggesting that other factors may
contribute to their impact on learning outcomes.

Interestingly, personalisation came sixth for girls’ literacy, showing that it was
moderately influential in predicting improvement in this domain. However, it showed little
influence in other areas, ranking between tenth and fifteenth overall. Dispersion in Figure 7
demonstrates that the personalisation SHAP values are highly consistent and low for boys’
literacy, showing little influence on improving boys’ learning in this area. Gamification and
free play showed limited influence across all domains and genders, consistently scoring in the
bottom three app features for each category and scoring average SHAP values of 0.005 or
less. Across all four categories, the SHAP scores for gamification and free play were
consistently low, suggesting that as app features, they are not particularly influential for app-

based foundational learning.

151



Figure 7

Box plots depicting the distribution of the 30 SHAP values for each gender per domain
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Inferential tests

Given the insights provided by the SHAP analysis regarding the influence of each app
feature, subsequent analyses utilising 2x2 ANOVAs and post-hoc t-tests were conducted to
determine if there were any statistically significant differences for each app feature across
domains and gender (see Table 10). The main effects for domain and gender are reported, but
the interaction effects are the primary focus of the current research.

First, Shapiro-Wilks tests were conducted on the residuals from the ANOVA for each
of the 15 app features to test whether they were normally distributed, using an alpha level of
0.05. It was found that 11 features significantly departed from normality (p<0.05). However,
the residuals for four features - retrieval-based learning (W = 0.99, p = 0.514), motor skills
(W =10.981, p = 0.08), meaningful learning (W = 0.982, p = 0.099) and language demand (W
=0.986, p = 0.228) - exhibited normal distributions. Despite 11 tests violating the assumption
of normality, as mentioned, ANOVA is considered a robust test, so the parametric ANOVASs
were reported and are shown in Table 10. For the app features that violated assumptions of
normality, the corresponding post-hoc tests were checked by conducting and reporting the
equivalent non-parametric test where it differed from the parametric results. This was Mann-
Whitney for the one sample t-tests (across gender for each domain) and Wilcoxon Signed
Ranks for the paired comparisons t-tests (within gender across domains). The mean (SD)
values for all app features are shown in Table 9 (above), and the ANOVA and post-hoc test

results are reported in Table 10.
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Table 10

Results of the 2x2 ANOVAs for each app feature: F-values, p-values, effect sizes and the corresponding post-hoc t-test comparisons for

significant interactions

App feature Main effects Domain* Post-hoc tests
_ Gender
Domain  Gender ) )
interaction
F-value  F-value
F-value
p-value  p-value
) 5 p-value
n n 2
Curriculum 6.815 0.427 65.430 Domain
links 0.010 0.515 <.001** Literacy vs. Numeracy (Girls): t(29) = -3.618, p = 0.001**, d = -0.660
0.055 0.004 0.361 Literacy vs. Numeracy (Boys): t(29) = 9.413, p = <.001**,d = 1.719

Gender
Girls vs Boys (Literacy): t(58) =-6.191, p = <.001**, d = -1.599
Girls vs Boys (Numeracy): t(58) = 5.250, p = <.001**, d = 1.355
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App feature Main effects Domain* Post-hoc tests
_ Gender
Domain  Gender _ )
interaction
F-value  F-value
F-value
p-value  p-value
5 5 p-value
n n 2
Personalisation ~ 13.286 28.421 22.020 Domain
<.001**  <.001** <.001** Literacy vs. Numeracy (Boys): t(29) = -7.233, p = <.001**, d = -1.321
0.103 0.197 0.160 Gender
Girls vs Boys (Literacy): t(58) = 7.705, p = <.001**, d = 1.989
Engagement 80.500 24.424 15.106 Domain
<.001** <.001** <.001** Literacy vs. Numeracy (Girls): t(29) = -7.178, p = <.001**, d = -1.310
0.410 0.174 0.115 Literacy vs. Numeracy (Boys): t(29) = -5.759, p = <.001**, d = -1.051

Gender
Girls vs Boys (Numeracy): t(58) = 5.535, p = <.001**, d = 1.429
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App feature Main effects Domain* Post-hoc tests
_ Gender
Domain  Gender _ )
interaction
F-value  F-value
F-value
p-value  p-value
5 5 p-value
n n 2
Autonomous 20.493 2.846 14.325 Domain
learning <.001** 0.094 <.001** Literacy vs. Numeracy (Girls): t(29) = -6.643, p = <.001**, d = -1.213
0.150 0.024 0.110 Gender
Girls vs Boys (Numeracy): t(58) = 3.325, p = 0.002**, d = 0.858
Language 26.800 9.100 9.154 Domain
demand <.001**  0.003** 0.003** Literacy vs. Numeracy (Girls): t(29) = -5.358, p = <.001**, d = -0.978
0.188 0.073 0.073 Gender

Girls vs Boys (Numeracy): t(58) = 3.570, p = 0.001**, d = 0.922
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App feature Main effects Domain* Post-hoc tests
_ Gender
Domain  Gender _ )
interaction
F-value  F-value
F-value
p-value  p-value
5 5 p-value
n n 2
Motor skills 10.778 3.150 5.379 N/A
0.001** 0.079 0.022
0.085 0.026 0.044
Retrieval- 59.902 18.083 2.957 N/A
based learning  <.001**  <.001** 0.088
0.341 0.135 0.025
Task structure 70.617 15.580 2.456 N/A
<.001** <.001** 0.120
0.378 0.118 0.021
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App feature Main effects Domain* Post-hoc tests
_ Gender
Domain  Gender _ )
interaction
F-value  F-value
F-value
p-value  p-value
5 5 p-value
n n 2
Gamification 18.774 0.533 2.444 N/A
<.001** 0.467 0.121
0.139 0.005 0.021
Free play 18.636 0.501 2.153 N/A
<.001** 0.481 0.145
0.138 0.004 0.018
Meaningful 29.987 2.419 1.603 N/A
learning <.001** 0.123 0.208
0.205 0.020 0.014
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App feature Main effects Domain* Post-hoc tests
_ Gender
Domain  Gender _ )
interaction
F-value F-value
F-value
p-value  p-value
5 5 p-value
n Ul 2
Feedback 35.484 3.402 1.285 N/A
<.001** 0.068 0.259
0.234 0.028 0.011
Direct 30.974 5.432 0.346 N/A
instruction <.001** 0.022 0.557
0.211 0.045 0.003
Social 25.772 5.127 0.046 N/A
interaction <.001** 0.025 0.830
0.182 0.042 <.001
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App feature Main effects Domain* Post-hoc tests
_ Gender
Domain  Gender _ )
interaction
F-value  F-value
F-value
p-value  p-value
5 5 p-value
n n 2
Active learning  29.150 7.100 0.013 N/A
<.001**  0.009** 0.909
0.201 0.058 <.001

**p<.01. Note. The app features are ordered according to the magnitude of the effect size for the interaction, as this is the focus of the research.
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ANOVA results

For the domain*gender interaction, curriculum links, personalisation, engagement,
autonomous learning and language demand showed significance at the 0.01 level,
highlighting the complex interplay between domain and gender for these app features. Again,
effect sizes are small, with curriculum links having the highest effect size with d = 0.361.

Post-hoc comparisons were undertaken using t-tests for the five significant app features.

Post-hoc comparisons

Results of the post-hoc tests determine where the significant differences lie within the
significant interactions. See Table 9 for Mean (SD) scores for girls and boys for each literacy
and numeracy improvements, for each of the 15 app features.

Significant differences were found between domains (literacy vs numeracy) for girls
for four out of the five significant app features. There were large negative effect sizes for
engagement (d = -1.310), autonomous learning (d = -1.213) and language demand (d = -
0.978), and a moderate effect size for curriculum links (d = -0.660), indicating that these four
app features positively influenced girls’ numeracy achievement significantly more than
literacy.

For boys’ domains, significant differences were found for three app features:
curriculum links, personalisation and engagement. Large negative effect sizes were found for
personalisation (d = -1.321) and engagement (d = -1.051), implying that these app features
positively influenced boys’ numeracy achievement more than literacy. However, the opposite
was found for curriculum links, which had a large positive effect size (d = 1.719), showing
that curriculum links have a stronger positive influence on boys’ literacy than numeracy

achievement.
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Significant differences were found in only two app features when comparing gender
differences in literacy: curriculum links and personalisation. There was a large negative effect
size for curriculum links (d = -1.599), demonstrating that curriculum links positively
influence boys’ literacy achievement more than girls. In contrast, personalisation had a large
positive effect size (d = 1.989), indicating that personalisation favours girls’ literacy
achievement more than boys'.

When exploring gender differences in numeracy, significant differences were found
for four of the five app features. There were large positive effect sizes for curriculum links (d
= 1.355), engagement (d = 1.429), autonomous learning (d = 0.858) and language demand (d
=0.922), implying that these four features are more positively associated with girls’

achievement in numeracy than boys.

Discussion

This study investigated which app features most effectively predicted literacy and
numeracy improvement in Tanzanian out-of-school children, focusing on girls and boys
independently, following an Edtech intervention. A multi-methodological approach was
employed, combining the Bradley-Terry model, binary classification models, and 2 x 2
ANOVA:S for each app feature with post-hoc t-tests. This allowed for an in-depth exploration
of app feature importance across both genders and domains, including the significance of any
observed differences found.

The Bradley-Terry analysis highlighted the XPRIZE winner onebillion as the most
effective app across many of the 15 features, with personalisation being a unique strength of
the other XPRIZE winner, Kitkit School. Overall, the winning apps had much higher lambda
scores than the three apps that did not win the GLXP, indicating that they embodied the key

app features more than the losing apps. This corroborates the results found in Chapter 3. The

163



classification models showed a modest predictive ability for literacy and numeracy
improvements following an app intervention, with the models predicting girls’ performance
more accurately than boys, albeit only marginally. This indicates that the chosen app features
might be more influential generally for girls than boys, but not substantially so. This suggests
that EdTech interventions targeted at autonomous learning of foundational skills might be
more suited to girls than boys. The SHAP results suggested that over all app features,
engagement was the most influential, ranking first or second for all four categories. Retrieval-
based learning, motor skills, task structure and language demand were also highly influential
app features, scoring in the top six features across all categories, reflecting their broad
relevance for learning improvements. Accordingly, other learning apps that embody these
pedagogical features should be effective at promoting foundational skills.

The ANOVA interaction effects highlighted complex relationships between gender
and domain, with significant interactions found for five app features: curriculum links,
personalisation, engagement, autonomous learning, and language demand. Post-hoc
comparisons highlighted the nuanced differences across the four categories. On the domain
level, app features such as curriculum links, engagement, autonomous learning, and language
demand were better at predicting numeracy improvements than literacy for girls. For boys,
engagement and personalisation were more predictive of numeracy improvement than
literacy, while curriculum links favoured literacy over numeracy. Interestingly, autonomous
learning and language demand did not significantly favour either domain for boys.

For gender comparisons, there were further distinctions; for literacy, personalisation
favoured girls, while curriculum links were more beneficial for boys. No significant gender
differences were found for literacy among engagement, autonomous learning, and language
demand. In numeracy, significant differences were found for four app features: curriculum

links, engagement, autonomous learning, and language demand, all of which were more
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influential for girls than boys. This analysis highlights the different influences that app
features can have across domains and gender, emphasising the importance of tailoring app-
based learning to the targeted domain and demographic to optimise learning improvements.
As the literature looking at gender and domain differences for learning with apps is scarce,
these findings add to the theoretical understanding of app-based learning.

This research suggests that engagement in the learning process (namely, whether in-
app activities were appropriately engaging or disruptive and distracting) was arguably the
most influential app feature for learning. This supports the findings in Chapter 3, which
highlighted engagement as one of the top six app features across the two winning apps. The
influence on numeracy across both genders highlights its broad relevance, indicating that this
app feature would be highly influential for app-based numeracy learning. Previous research
has also attributed engagement in the learning process as one of the key app features to
support young children’s learning (Hirsh-Pasek et al., 2015).

Retrieval-based learning was shown to be another key feature across all categories,
consistently ranking high but particularly influential in improving girls’ literacy. The broad
effectiveness of retrieval-based learning suggests that embedding quizzes or tasks that test
children’s knowledge and understanding within an educational app can improve outcomes by
reinforcing learning. Retrieval-based learning also featured highly in one of the two apps that
were joint winners of the GLXP, onebillion, although it did not feature as one of the top six
features across both winners in Chapter 4. The importance of retrieval-based learning in
supporting literacy and numeracy acquisition aligns with previous research that has
demonstrated the efficacy of retrieval practices in promoting meaningful long-term learning
across multiple populations and contexts (Karpicke, 2017) and within computer-based
learning for multiple domains (e.g. Science, Grimaldi & Karpicke 2014; and Numeracy,

Pitchford, 2015).
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Accessibility was proven to be critical for learning outcomes throughout this research,
with all three accessibility-based app features - motor skills, autonomous learning, and
language demand - found to be highly influential and ranked in the top seven app features
across all four categories. This consolidates findings from Chapter 3 and previous research,
which has emphasised the importance of these accessibility-based adjustments in literacy
(e.g. Byrnes & Wasik, 2019) and numeracy (e.g. Outhwaite et al., 2020; Gulliford et al.,
2021) app-based learning.

Personalisation was fairly influential for girls’ literacy but had a variable impact
across other areas, with a particularly low influence on boys’ literacy. ANOVA results
indicated that personalisation strategies should be tailored specifically to enhance girls’
literacy and boys’ numeracy outcomes, as this is where personalised levelling could have the
most tangible positive impact. These findings add to previous literature that has shown
personalisation with programmatic levelling to maximise learning outcomes in both literacy
and numeracy app interventions (Vanbecelaere et al., 2020b; Outhwaite et al., 2023) by
demonstrating how personalisation levelling is influenced by gender.

Curriculum links showed an interesting pattern of influence on learning outcomes, as
they were moderately influential in predicting boys’ literacy achievement but had a limited
impact elsewhere. ANOVA results emphasised the stronger influence on boys’ literacy over
numeracy and showed a more pronounced effect on numeracy than literacy for girls,
suggesting that a differentiated approach is needed to integrate curriculum links into
educational apps to cater to the differing needs of girls and boys. The relatively limited
influence of curriculum links resonates with findings in Chapter 4, where curriculum links
featured significantly in only one of the two winning apps, suggesting that links to the
curriculum are not essential for learning foundational skills with an educational app.

For gamification, it was anticipated that this would have more of an influence on
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learning for boys than girls, as suggested by previous literature citing a higher level of
competition and desire for rewards within an app (Kickmeier-Rust et al., 2014; Yang &
Quadir, 2018). However, results showed that gamification had very little influence across the
four categories, indicating that its impact on learning outcomes for both genders may be

limited.

Novelty of research methods

A core strength of this research is the novelty of the methodological approach,
combining machine learning methods with inferential statistics. While big data has begun to
be utilised in educational research (Yu, 2020), the standard approach to running a
classification model followed by SHAP analysis would be to run the classification model
multiple times before selecting the best-performing model to run a SHAP analysis and get a
singular set of SHAP values. To enable the exploration of gender and domain effects on app
features, this study ran the SHAP analysis multiple times and averaged the resulting SHAP
values. This innovative approach enabled inferential statistics to determine whether
differences between SHAP values were significant, allowing comparisons across and within
domains and genders. This combination leverages the strengths of both individual analytical
approaches; the machine learning approach handles large, complex datasets well and allows
the identification of the key predictors of learning outcomes. However, prediction alone is not
enough; an explanation is also needed to understand the causal pathways and where
differences lie between domains and gender (Lavelle-Hill, 2020). Using inferential statistics
allowed a further understanding of the significant relationships, which, in combination with
the predictive accuracy, can produce a more informed, nuanced understanding of how app
features influence learning outcomes differently depending on the domain or gender being

targeted.
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Limitations

The primary limitation of this study is the model's performance in these binary
classification tasks, which was shown to be only slightly better than chance for both EGRA
and EGMA improvement scores. This may reflect the use of lambda scores in the models that
were provided by naive participants who were unfamiliar with the context in which the
GLXP took place. It may also be attributable to the complexity of the learning process, which
is likely to be influenced by a range of factors, including individual differences such as
personal experiences, prior knowledge, and diverse learning styles (Jonassen & Grabowski,
2012; Cuthbert, 2005). Factors pertaining to the environment in which the child resides and
factors attributable to the child and government education policy may also influence learning
outcomes with educational apps, as Pitchford (2023) discussed. The effectiveness of app-
based learning in LMIC remote community-based settings is also likely influenced by how
educational apps are implemented, as implementation has been shown to be critical in
determining learning gains with educational apps in school-based settings (e.g., Outhwaite et
al., 2019b). These are critical factors that the models reported here do not consider, yet they
are likely play a significant role in affecting learning outcomes. For a comprehensive
understanding of how children learn foundational skills with educational apps, research is
needed to investigate each of these potential influences and then synthesise findings across
studies. This will be explored in Chapters 5 (Contextual Predictors) and 6 (Expert
Elicitation).

Another potential limitation of this research is setting the significance level at 0.01 in
an attempt to balance the risk of Type 1 and Type 2 errors. Although it is less conservative
than a Bonferroni-adjusted level, the chosen significance level may still carry a risk of Type 2
errors, leading to the possibility of overlooking true effects. While it reduces the likelihood of

false positives, 0.01 may not be optimal for detecting subtler effects, especially in a study
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with multiple comparisons. Choosing a 0.01 threshold may also affect the comparability of
the study’s results with other research in the EdTech field, where significance levels of 0.05
are often adopted (e.g. Walter-Laager et al., 2017; Fadhli et al., 2020).

Finally, this study did not look at how different app features interact and how
effective they are in combination. Certain combinations of app features may be more
effective for girls or boys in enhancing foundational outcomes. For example, personalised
levelling combined with feedback has been found to be influential for learning maths with
educational apps (Outhwaite et al., 2023). Understanding how different app features interact

could contribute towards the design of more gender-responsive educational apps.

Conclusion

This study adopted a novel and innovative analytical approach to identify which app
features are most influential for learning improvements in literacy and numeracy for out-of-
school boys and girls in Tanzania, by exploring differences across domains and genders.
Some app features, such as engagement, were found to be broadly influential regardless of
the domain or gender, while others, such as personalisation, were more successful for a
targeted audience, specifically out-of-school girls using apps to learn literacy skills.

While many app features showed a similar influence across literacy and numeracy for
boys and girls, five app features showed a significant interaction demonstrating these app
features exerted a differential influence across genders and domains. These app features were
curriculum links, personalisation, engagement, autonomous learning and language demand.
These novel results should inform the future pedagogical design of educational apps, as these
findings suggest that app design can be tailored to enhance learning outcomes in particular

domains differentially for boys and girls. This could be particularly effective in the global
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plight to improve access to quality education and reduce the attainment gap for girls (UK

Aid, 2019).
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Chapter 5: Contextual Predictors of Foundational Learning Outcomes

Background

Chapters 3 and 4 have explored the role that different app features play in facilitating
learning outcomes with out-of-school children following an EdTech intervention, identifying
which features were most influential for foundational literacy and numeracy improvements,
and exploring differences based on specific domain and genders. While informative for app
design, most EdTech initiatives do not take the local context into consideration when
designing and implementing learning app software with out-of-school children. Poorly
implemented interventions risk the exacerbation of existing learning inequalities, highlighting
the need for an informed contextual understanding (Tauson & Stannard, 2018; Allison,
2023). Furthermore, app features alone cannot account for the variability in performance
shown by individual children that participated in the GLXP, as some children made greater
improvements with this educational technology than others, even whilst receiving instruction

with the same app.

Contextual factors are suggested to play a vital role in the global learning crisis (e.g.
Huntington et al., 2023a; Zubairi et al., 2021), yet have received little attention to date due to
an insurmountable deficit in traditional census and survey data that can be linked directly to
learning outcomes. To address the limitations highlighted in the previous chapters and begin
to build the evidence base around this low-income context, the current study explored
potential child-level and village-level contextual predictors to identify which features are
most predictive of children’s learning improvements following the GLXP EdTech
intervention. Understanding factors associated with positive learning outcomes in remote
settings with out-of-school children is vital to enhance theoretical understanding and promote

effective interventions.
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Previous research has established several child-level contextual factors that have been
considered strong predictors of academic success, including demographic characteristics such
as gender (UNESCO, 2015; OECD, 2016), and educational characteristics, such as school
attendance (Gulliford & Miller, 2023) or literacy levels of caregivers, siblings and other
family members in the household (e.g. Anders et al., 2012). In addition, contextual factors at
the village level, including community characteristics, such as access to healthcare (Porter,
2014), availability of financial or educational resources (Ayiro & Sang, 2016), and physical
infrastructure, such as transportation and road networks (Huntington et al., 2023a), may also

influence children’s learning outcomes in LMICs.

Existing reviews have explored what works to improve learning outcomes in
developing countries (Evans & Popova, 2016; McEwan, 2015), including Sub-Saharan Africa
(Conn, 2017). Factors attributed to improvements in foundational learning include teacher-
specific variables, such as training and subject knowledge, and organisational variables, such
as students having their own learning space and smaller class sizes that are grouped by
ability. While valuable, this research was conducted with children in formal schooling, so
most of the significant variables refer specifically to a school context. Much less is known
about contextual factors that influence learning outcomes for out-of-school children, yet this
population must be investigated further, as they are among society's most vulnerable and
marginalised members, with the out-of-school population in Sub-Saharan Africa continuing
to grow (UNESCO, 2022c¢). These children need effective interventions to acquire core

foundational skills for future health, wealth, and well-being.

The current study addressed this gap in knowledge by exploring predictors of
foundational learning outcomes for out-of-school children in Tanzania who used interactive

apps delivered on tablet-technology as part of the GLXP competition. Identifying factors that
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predict learning outcomes for out-of-school children with and without access to educational
technology is necessary to enhance understanding of how to design effective interventions to

improve educational outcomes for this hard-to-reach, marginalised population.

Current Study

This study aimed to identify contextual factors that are predictors of, and potentially
facilitators for, successful learning of foundational skills by out-of-school children in LMICs
with and without educational technologies. The following research questions were

investigated:

RQ1. Which factors best predict foundational learning skills in out-of-school children
in remote areas of Tanzania?

RQ2. Which factors best predict improvements in foundational learning outcomes
after implementing an educational technology intervention with out-of-school

children in remote areas of Tanzania?

Given the complexity of potential predictors of learning outcomes, a machine learning
approach is needed to investigate these questions, as demonstrated in Chapter 4, due to the
ability to overcome challenges of traditional data analysis, such as overfitting and
multicollinearity (Lavelle-Hill et al., 2021). Accordingly, the current study evaluated
different data analytical methods to address the two research questions, namely Linear
Regression - a traditional data analysis method, compared to Decision Trees, Support Vector
Regression (SVR), Random Forest (Regressor), and XGBoost - all machine learning data
analytic methods. A series of 12 individual regressor prediction experiments were conducted
to determine (i) child features only, (ii) village features only, and (ii) child and village

features combined that best predicted learning outcomes for (a) literacy (EGRA scores) and
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for (b) numeracy (EGMA scores), before (RQ1) and after (RQ2) intervention with the
educational technologies implemented in the GLXP. The highest-performing model was used

for each experiment to identify the strongest predictors of foundational learning outcomes.

Child features

In the current study, child features were considered any personal, demographic, or
environmental characteristics related to the child that may impact learning outcomes.
Potential predictors were chosen from those suggested by the extant literature to influence
children's learning outcomes. The list of child features used in the current study was not
exhaustive, as data available for the sample population was limited to that collected during

the GLXP competition.

Demographic variables that affect children’s cognitive and social development were
included, such as age and gender. Engagement levels and attainment with learning
programmes may differ between gender, due to the previously mentioned competing

demands with household chores (Miheretu, 2019).

Prior knowledge has also been shown to have a significant and positive impact on
knowledge acquisition of learners in LMICs and has been perceived to support early maths
learning and engagement when using educational technology in the UK (Tavera & Casinillo,
2020; Gulliford & Miller, 2023). This suggests that previous experiences with schooling may
influence continued learning of basic literacy and numeracy skills when children are out of
school. Therefore, school attendance before the GLXP field trial was included as a potential

predictor for learning outcomes.

Other potential predictors were based on characteristics unique to the child’s home

environment. Children’s early experiences with literacy are highly predictive of early reading
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ability and scholastic success, and levels of parental involvement in the home environment
have been shown to correlate with children’s literacy learning (Timmons & Pelletier, 2015;
National Early Literacy Panel, 2008). Parental involvement can take many forms, such as
engaging children with shared reading, writing activities, singing, and vocabulary games.
Shared reading between parent and child has been shown to be an essential home learning
activity for academic achievement (Timmons & Pelletier, 2015; Jeynes, 2012), and shared
reading experiences during early childhood have been attributed to higher reading
achievements, language abilities, and reaching of developmental milestones later in
childhood (Boonk et al., 2018; Turesky et al., 2022). While the quantity of shared reading
experiences has been shown to predict early reading achievement, mathematic achievement
seemingly depends on the quality of discussion after reading a text (Barnes & Puccioni,
2017). Furthermore, caregiver involvement has been shown to facilitate the success of digital
learning solutions in LICs (Islam et al., 2022), indicating that familial involvement could be

pertinent in this context.

However, the link between parental socio-economic status (SES) and level of parental
involvement is inconsistent. Barnes and Puccioni (2017) found that children from higher SES
homes in the US were more likely to experience shared book reading with parents than
children from lower SES homes, but these results could not be replicated in China (Cheung et
al., 2022). The extent of parental involvement can be influenced by maternal education, with
highly educated mothers showing a positive association with high levels of paternal
involvement in both Spain and the UK. Additionally, there is an observed increase in
maternal involvement in Spain when mothers are highly educated (Gimenez-Nadal & Molina,
2012). However, the correlation between a home literacy environment and reading ability
may not arise primarily from shared reading experiences and book access. Instead, it is more

likely attributed to heritability, which accounts for a genetic predisposition for reading
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abilities (van Bergen et al., 2017). Consequently, caregivers’ literacy level, type of work, and
home reading habits were included as potential predictors in the current study to further
investigate the relationship between home literacy, SES, and learning outcomes of out-of-

school children, with and without EdTech interventions.

These features reflect the child’s prior experiences and exposure to learning
opportunities, which may influence their acquisition of foundational skills. During the GLXP,
data was collected for out-of-school children in Tanzania on foundational literacy and
numeracy skills, at baseline, prior to intervention, and at endline, after the intervention, with
educational technologies (as explained in Chapter 2). This data was used to identify the child
features most strongly associated with foundational learning at baseline (RQ1) and improved
literacy and numeracy skills after implementing the digital interventions deployed in the

Global Learning competition (RQ2).

Village features (also referred to as community-level factors)

As the GLXP was conducted in 172 remote villages in Tanzania, village features that
provide data on community and physical characteristics that may influence a child’s ability to
learn were chosen for investigation. Non-income poverty encompasses physical and social
isolation caused by living in remote locations where access to goods and services is limited
(Mbilu, 2019). Non-income poverty can impact children’s learning outcomes significantly
and become a vicious cycle whereby illiteracy and innumeracy further exacerbate social and
physical isolation. While physical isolation is understandably most difficult for out-of-school
children, local schools are also affected by the precarious infrastructure of more rural areas,
as they struggle to recruit high-quality teachers, have difficulty accessing sufficient supplies
and curriculum materials, and are negatively impacted by severe weather conditions (White,

2015).
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Physical isolation via inaccessible environments has been identified as a significant
constraint to participation in formal and non-formal education across different areas of low-
income Africa (Ogbonna, 2015; Ayiro & Sang, 2016), and roads are a vital infrastructure that
influences transportation and access to resources. Hence, in the current study, village
accessibility was included as a potential predictor of learning outcomes, as measured by the

number of roads in and out of the village and the quality of the roads.

High levels of transport poverty across remote areas of Africa further augment the
impact of physical isolation. This results in overwhelming numbers of households not having
regular access to any motorised transport, which undermines their ability to access critical
economic and social activities and puts individuals at a significant disadvantage in accessing
primary education (Lucas, 2011; Lemon & Battersby-Lennard, 2009). Good transport
networks facilitate physical access to education and health services, which promotes
community well-being and secures a healthy workforce that is pivotal for a country’s
economic growth (Porter, 2014). Hence, in the current study, distances to the nearest bus,
train, and airports were used as village features to reflect the extent of isolation from the

closest transport links.

Physical barriers can also negatively contribute to feelings of social isolation that are
associated with poor developmental and educational outcomes (Leigh-Hunt et al., 2017).
Social connectedness positively impacts mental and physical health (Diendorfer et al., 2021),
so lacking a sense of belonging can contribute to feelings of hopelessness around accessing
education, particularly for marginalised girls (Oulo, 2021). In this study, social connectedness
was measured by (i) the number of children and buildings in the village as an indirect

representation of the level of peer networks or community support that a child is likely to
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receive and (ii) the distance to vital local amenities and services, such as financial services,

police stations, health centres, and places of worship.

Technology-based distance learning may mediate physical isolation by facilitating
social connections in rural areas and providing new educational opportunities for
marginalised children, which supports their psychosocial well-being (Ashlee et al., 2020;
Dryden-Peterson et al., 2017). However, remote learning presents its own challenges, as
access to educational technologies is often not equitable for girls, even when technology is
available within the household (Amenya et al., 2021). Poor digital infrastructure, such as
limited access to grid electricity and poor internet connectivity, can undermine the potential

of enhanced education provided by technology (Ashlee et al., 2020; Huntington et al., 2023a).

Collectively, these village features reflect the child's physical and social environment,
which may influence their access to education and accompanying resources that support
learning. This geospatial data was collected online for the villages in Tanzania that took part
in the GLXP and was used to identify the village features that were most strongly associated
with foundational learning at baseline (RQ1) and improved literacy and numeracy skills after

implementation of the digital interventions deployed in the Global Learning competition

(RQ2).

Child and village features combined

To investigate how child and village features interact in predicting children’s learning
outcomes, a set of regressor prediction experiments was conducted that analysed data
collected about the children who participated in the GLXP alongside geospatial data collected
online about the corresponding Tanzanian villages. These experiments were conducted to

identify which combination of child and village features were most strongly associated with
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foundational learning at baseline (RQ1) and which feature combinations were most strongly
associated with improved literacy and numeracy skills after the implementation of the digital

interventions deployed in the Global Learning competition (RQ2).

Method

Design

This study leverages two empirical datasets, one acting at the child-level and one at
the village level, to address the two research questions outlined below by undertaking 12
individual regressor prediction experiments.

As we were interested in ascertaining factors that predict literacy and numeracy
acquisition at baseline, prior to intervention, and at endline after implementation of an
educational technology intervention, both EGRA and EGMA scores are used, respectively, as
independent outcome variables across the analyses (see Chapter 2 for more details on the
dependent variables used in the analyses).

In order to discern the relative importance of both child and village-level features a
three-stage approach was used, first modelling base-level attainment and then improvements
in literacy due to interventions solely through the lens of child-level features. Experiments
were then repeated with village-level contextual features, and finally a combination of all
features (resulting in 6 modelling experiments). This whole process was repeated for
numeracy, resulting in a final methodology that consists of 12 experiments, allowing for
examination of informational gain made available by each variable set. The overall study

design is illustrated in Figure 8.
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Figure 8
Mapping the 12 predictor tasks to literacy and numeracy baseline and improvement scores

for child and village features.

LITERACY NUMERACY

RQ1 Base RQ2 Improve RQ1 Base RQ2 Improve

Expl Exp7 CHILD FEATURES Exp4 Exp7
Exp 2 Exp 8 VILLAGE FEATURES Exp 5 EXP 8

Exp 3 Exp 9 COMBINED CHILD & Exp 6 Exp (8]
VILLAGE FEATURES

The data

Child-level data

The child-level data used for the analysis in this chapter is taken from the primary
XPRIZE dataset detailed in Chapter 2, consisting of the localised literacy and numeracy
(EGRA and EGMA) assessments and a contextual survey about the child’s home life and
environment, conducted with the child and their caregiver and administered both at baseline
and endline. The EGRA and EGMA raw assessment scores were used as the dependent
variables for the machine learning models (see further details below). Relevant questions
from the contextual survey were selected as predictor variables in the child-level models;
these were chosen based on the features that research has suggested may impact learning
outcomes, such as caregiver profession, prior experiences with schooling and technology, and

number of siblings (as explored in the introduction).
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Village-level data

XPRIZE data. The XPRIZE Foundation provided location (latitude / longitude) data
of the 172 Tanga villages that participated in the competition for this research. XPRIZE also
provided categorisation data about the ‘reachability’ of each village, using a 4-point scale
ranging from easy to very hard. This was based on subjective judgments made by the
XPRIZE implementation team working on the ground regarding ease of access to each
participating village and considering both rurality and road quality. For example, a village
near a large town with good quality roads accessible by car would be categorised as ‘easy’. In
contrast, a village in a highly remote location that could be accessed only on foot and with
difficulty would be categorised as ‘very hard’.

Geospatial data. For each participating village, geospatial data was collected for this
research from open-source shapefiles containing information about the geographical locations
of buildings, transport systems, local services, and amenities across Tanzania. Building data
was obtained from the ‘Building Footprints’ initiative in which Bing Maps and Microsoft
Philanthropies partnered with the Humanitarian OpenStreetMap Team (HOT) to use Al-
assisted mapping to identify map features at scale, including a country-wide dataset of all
buildings in Tanzania (Microsoft Bing, 2020). All other sources were open-source shapefiles
found through online repositories and were created by HOT, last updated in April 2020, a
year after completion of the endline data collection in the GLXP (Humanitarian Data
Exchange, 2020). The collected geospatial data allowed mapping of the connectivity and

isolation of the participating villages.

Feature Engineering

Before the datasets could be utilised in the regression analyses, the data was cleaned,

and features engineered as outlined below.
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Dependent variables

The first aim of this work was to determine features that best predict foundational
learning skills for out-of-school children in Tanzania, so raw baseline scores for EGRA
(/261) and EGMA (/101) were used as dependent variables in the literacy and numeracy
analyses, respectively (RQ1).

The second aim of this work was to identify features that best predict improvements
in learning outcomes following the implementation of an EdTech intervention with one of the
five finalised apps compared to the control who did not receive an app-based intervention.
For these analyses, the dependent variables were difference scores for literacy and numeracy
skills over time, calculated by subtracting endline scores from baseline scores for each
participating child for EGRA and EGMA, respectively (RQ2).

As our intended purpose was not to simply predict a child’s learning score but to
determine variables that could predict learning progress, the baseline learning scores were not
used as a predictor for the improvement scores (RQ2). This also explains why a change score

(improvement) was used rather than the raw endline scores.

Independent variables

As potential predictors of children’s learning, 33 candidate features were engineered
across the datasets described above. Table 11 reports a complete list of the features, a
description of each feature, when the feature was used and where the data was collected from.

Relevant child-level features were extracted from baseline and endline survey
datasets. Categorical variables were one-hot encoded during data pre-processing, as it is a
simple and widely used encoding method (Cerda et al., 2018). One-hot encoded variables
were ‘caregiver work’, ‘village reachability’ and ‘type of app’. Median values were used to

impute missing data, as 41 “village children’ values and 441 ages were missing. Child-
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specific input features were engineered to preserve privacy by rigorously anonymising or
removing all identifying information.

The village locations were aggregated with a 1km circle buffer around each to
calculate reliable distances from each village to services. Features about the villages and their
surrounding areas were extracted from open-source data. Building and road location data was
used to engineer features. All buildings and roads within the 1km area were counted to create
two measures, ‘village roads’ and ‘village buildings’, that can reflect the level of social
connectedness a child may experience and the development status of their village. Input
features from the remaining geospatial data (e.g. locations of the nearest transport, health, and
financial services) were engineered to reflect physical isolation and connectedness by
calculating the distance from the nearest transport, amenity, or service to each buffered
village perimeter using SQL commands in PostGIS (e.g. Village 107 may be 5.4km from the
nearest airport). Examples of these features include the distance to the nearest bank, the
distance to the nearest train station and the distance to the nearest pharmacy. The geospatial

data was then matched to each child from the GLXP based on which village they lived in.
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Table 11

A complete list of the child and village-level features generated and their data source

Feature

As named in the analysis

Data source

Used for:
Baseline (B)/
Improvement (I)

models

Description

Child-level features
age

female

often child reads
often_child read to
used tablet before
attended_school
before
amount_siblings

older siblings_literate

younger siblings

literacy

XPRIZE Survey
XPRIZE Survey
XPRIZE Survey
XPRIZE Survey
XPRIZE Survey
XPRIZE Survey

XPRIZE Survey
XPRIZE Survey

XPRIZE Survey

B, 1
B, 1
B, 1
B, 1
B, 1
B, 1

B, 1
B, 1

B, I

The reported age of the child

The reported gender of the child

How often the child reads out loud to someone at home
How often the child is read to at home

Whether the child has ever used a device like a tablet before
Whether the child has ever attended school before

The amount of siblings the child has (as reported by CG)

The number of older siblings that can read and write — measured as
all/some/none (as reported by CG)

The number of older siblings that can read and write — measured as

all/some/none (as reported by CG)
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Feature

As named in the analysis

Data source

Used for:
Baseline (B)/

Improvement (I)

models

Description

caregiver highest
schooling
caregiver work
CG used similar
device before
caregiver phone
type

electricity

home radio

home mobile
home tv

eaten_todayBL

village_mama_help

household adult

help

XPRIZE Survey

XPRIZE Survey
XPRIZE Survey

XPRIZE Survey
XPRIZE Survey
XPRIZE Survey
XPRIZE Survey
XPRIZE Survey
XPRIZE Survey

XPRIZE Survey

XPRIZE Survey

B, 1

B, 1
B, 1

B, I

B, 1
B, 1
B, 1
B,1
B

Highest level of schooling of the primary caregiver (as reported by CG)

Job sector of the primary caregiver (as reported by CG)

Whether the caregiver has used a similar device to the tablet before (as

reported by CG)
What type of phone the caregiver uses (as reported by CG)

Whether the child’s home has electricity (as reported by CG)

Whether the child’s home has radio (as reported by CG)

Whether the child’s home has a mobile phone (as reported by CG)
Whether the child’s home has a TV (as reported by CG)

Whether the child has eaten on the day of assessment (at baseline; this
information was not collected at endline)

Whether the village mama helped the child with the tablet throughout
the intervention (Yes/No)

Whether a household adult helped the child with the tablet throughout

the intervention (Yes/No)
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Feature

As named in the analysis

Data source

Used for:
Baseline (B)/
Improvement (I)

models

Description

sibling_help

Village-level features

village children
village buildings
village roads
waterway _distance
railway distance

health distance

finance distance

XPRIZE Survey

XPRIZE

Geospatial — Bing
BF

Geospatial - HOT
Geospatial - HOT
Geospatial - HOT
Geospatial - HOT

Geospatial - HOT

B, I

B, I

B, 1
B,1
B, 1
B,1

Whether a sibling helped the child with the tablet throughout the

intervention (Yes/No)

Number of children in each village (as reported by XPRIZE facilitators
conducting the survey)

Number of buildings in each village (within 1KM buffer)

Number of roads in each village (within 1KM buffer

Distance from the village (1KM buffer) to the nearest waterway in KM
Distance from the village (1KM bufter) to the nearest railway in KM
Distance from the village (1KM buffer) to the nearest pharmacy,
doctors, health centre or hospital in KM

Distance from the village (1KM buffer) to the nearest ATM or bank in
KM
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Feature

As named in the analysis

Data source

Used for:
Baseline (B)/
Improvement (I)

models

Description

placeofworship
distance
police_distance
busstation_distance

airport_distance

village reachability

Geospatial - HOT

Geospatial - HOT

Geospatial - HOT

Geospatial - HOT

XPRIZE

B, 1

B, 1

Distance from the village (1KM buffer) to the nearest place of worship
in KM

Distance from the village (1KM buffer) to the nearest police station in
KM

Distance from the village (1KM buffer) to the nearest bus station in
KM

Distance from the village (1KM buffer) to the nearest local airport in
KM

Measure of road quality and rurality based on judgements from the

XPRIZE implementation team

Note. CG = caregiver
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Modelling Approach

A core regression task was formulated to investigate the importance of factors that
may predict children’s learning outcomes in rural Tanzania. Machine learning models were
established based on the sample of 2041 children in which each child was described by their
child and village-level factors. Competing regression models were evaluated, including a
‘Dummy Regressor’ (as a baseline comparison for the other models), Linear Regression,
Decision Trees, Support Vector Regression (SVR), Random Forest (regressor) and XGBoost.
These predictive models were chosen as they produced interpretable outputs for variable
importance, which was the primary focus of the analysis.

As in Chapter 4, the data was split into a training set (80%; N = 1633) and a test set
(20%; N= 408). The performance of each model was assessed using a K-fold cross-validation
approach where K=5. For each model, grid searches were performed using the 80% training
subsample to identify optimal hyperparameters. The predictive performance of each model
class was then measured on the held-out test set using the optimised parameters to prevent
overfitting, evaluated by R-squared scores (R2; McFadden, 1973), mean absolute error
(MAE) and mean squared error (MSE) values. This process was repeated 30 times, giving 30
scores for the final model performance.

The best-performing model class (identified using the highest mean R2 score and
lowest error scores) was then chosen, which for all 12 analyses was either Random Forest
(five analyses) or XGBoost (seven analyses). As previously established, Random Forest is an
ensemble tree-based method that is very efficient with large databases and more robust to
errors and outliers than other boosting methods (Han et al., 2022). XGBoost, short for
eXtreme Gradient Boosting, is a highly efficient optimised gradient-boosted decision tree

system that provides parallel tree boosting (Chen & Guestrin, 2016).
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The Random Forest and XGBoost models were fitted to the complete datasets with
the optimal parameters to identify the most important predictive features. The R2 scores were
checked to ensure no significant decrease in performance, and then analyses of variable
importance were undertaken using SHAP to understand how different feature values affected

the literacy and numeracy outcome measures (Lundberg & Lee, 2017).

Results

For each of the 12 experiments, results for the best-performing models are reported
followed by model interpretation using SHAP scores to address each of the two research

questions posed.

RQ1: Which factors best predict foundational learning skills in out-of-school children in

remote areas of Tanzania?

Model performance

Table 12 reports results for the six experiments conducted to answer the first research
question. For each experiment, the best-performing model class is reported along with the
model’s average performance over 30 iterations on the held-out test set. As can be seen, R2
scores were low (between 0.08 and 0.22) for all experiments, but the best-performing model
showed an overall improvement to the dummy model and thus allowed for the most accurate
prediction of children’s learning scores. Comparing model performance scores across the six
experiments, child-level factors were most predictive of children’s baseline learning
outcomes, and model performance improved only marginally when child and village factors

were combined.

189



Table 12
Summary of the performance of the six regressor models conducted to determine factors that
best predict foundational learning skills in out-of-school children in remote areas of

Tanzania (RQ1).

Dependent  Feature Set / Dummy Best Performing  Model Performance
Variable Experiment  Performance Model Class
Literacy Child (Exp1) R2:0.00 Random Forest R2:0.16
(baseline) MAE: 7.05 MAE: 6.31
MSE: 219.43 MSE: 165.86
Village (Exp 2) R2:0.00 XGBoost R2:0.08
MAE: 6.89 MAE: 6.24
MSE: 204.63 MSE: 186.16
Combined R2:0.00 Random Forest ~ R2:0.18
Child + Village MAE: 6.99 MAE: 6.24
(Exp 3) MSE: 210.89 MSE: 180.27
Numeracy Child (Exp4) R2:0.00 XGBoost R2:0.21
(baseline) MAE: 7.36 MAE: 6.22
MSE: 112.47 MSE: 87.88
Village (Exp 5) R2:0.00 XGBoost R2:0.09
MAE: 7.34 MAE: 6.77
MSE: 111.66 MSE: 103.62
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Dependent  Feature Set/ Dummy Best Performing  Model Performance

Variable Experiment  Performance Model Class

Combined R2: 0.00 XGBoost R2:0.22
Child + Village MAE: 7.46 MAE: 6.13
(Exp 6) MSE: 117.65 MSE: 85.96

Variable importance

As the aim of this research was to determine which variables best predict foundational
learning outcomes, the best-performing model class with optimised hyperparameters were
fitted to the entire dataset to investigate variable importance. SHAP values were then
calculated, allowing for interpretation of the direction of the relationship between each
predictor and literacy and numeracy outcomes, along with the degree to which each variable
contributed to the overall model. Figure 9 reports SHAP summary plots for each of the six
experiments conducted to address RQ1.

At the child level, the most influential factors predicting successful learning outcomes
for literacy and numeracy were prior school attendance, how often the child read or are read
to, and age. Age was particularly important for numeracy, as it had the greatest variability
within the model, and revealed that high ages corresponded to a positive impact on the
model. Having few siblings also positively impacted the model, albeit with a less pronounced
clarity, as the more blended distribution of SHAP values indicates a less direct relationship
with the numeracy outcome scores compared to age. Results also showed that high exposure

to technology and high household literacy had a positive but marginal impact on the
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prediction of learning outcomes. Somewhat surprisingly, unemployed caregivers had a higher
positive impact on the model than any given profession.

Relationships were less clear at the village level than at the child level. Results at the
village level showed the most influential predictors of literacy and numeracy outcomes were
proximity to a police station and the number of roads in a village, both of which showed
positive impacts on the prediction model. Distance to health services had a negative
relationship with the outcome variables, demonstrating that lower levels of foundational
learning were found in villages that were furthest away from health services. In addition, the
number of children in a village was shown to have a negative marginal impact on predicting
numeracy learning outcomes, and reachability of a village had the lowest overall impact on

model predictions compared to the other village-level factors investigated.
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Figure 9

SHAP summary plots for the six experiments conducted to determine factors that best predict

basic literacy and basic numeracy skills in out-of-school children in remote areas of

Tanzania (RQ1)
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Child + Village combined (Exp 3 & 6)
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RQ2: Which factors best predict improvements in foundational learning outcomes after

Table 13 reports the results of the six experiments conducted to identify factors that

best predict improvements in foundational learning, at the end of the field trial, after

However, as Table 13 shows, model performances were an improvement on the dummy

implementation of the educational technology interventions. Once again, R2 scores were low
(between 0.09 and 0.28) and the MAE were also higher than baseline predictor models (see

Table 12), indicating that the model is relatively poor at predicting learning improvements.
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model, illustrating they have enhanced predictive capabilities. Performance scores indicate

that once the app intervention has been implemented, village-level factors become more

important and predict children’s learning outcomes relatively more accurately than child-

level factors. When child- and village-level factors are combined, model performance

improves marginally above village factors alone.

Table 13

Summary of the performance of the six regressor models conducted to determine factors that

best predict improvements in foundational learning skills after implementing an Edtech

intervention with out-of-school children in remote areas of Tanzania (RQ2).

Dependent Model Feature Dummy Best Performing Model
Variable Set/ Performance Model Class Performance
Experiment
Literacy Child (Exp 7) R2: 0.00 XGBoost R2:0.09
(improve MAE: 43.94 MAE: 39.93
ment) MSE: 3003.16 MSE: 2752.13
Village (Exp 8) R2:0.00 XGBoost R2:0.20
MAE: 44.09 MAE: 36.15
MSE: 3050.57 MSE: 2426.73
Combined R2:0.00 XGBoost R2:0.21
Child + Village MAE: 44.19 MAE: 36.02
(Exp 9) MSE: 3065.44 MSE: 2444.99
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Dependent Model Feature Dummy Best Performing Model
Variable Set/ Performance Model Class Performance
Experiment
Numeracy Child (Exp 10) R2:0.00 Random Forest R2:0.14
(improve MAE: 14.85 MAE: 13.62
ment) MSE: 346.56 MSE: 299.32
Village (Exp R2:0.00 Random Forest R2:0.27
11) MAE: 14.82 MAE: 12.25
MSE: 343.42 MSE: 253.89
Combined R2:0.00 Random Forest R2:0.28
Child + Village MAE: 14.90 MAE: 12.27
(Exp 12) MSE: 345.24 MSE: 251.92

Variable importance

Figure 10 reports SHAP summary plots for each of the six experiments conducted to
determine the best predictors of improvements in foundational learning outcomes after
implementation of an educational technology intervention in remote villages in Tanzania.

At the child level, the strongest predictor of improvements in foundational learning
was participation in the control group, as children who participated in the control group were
shown to make the least improvements in foundational learning skills over the course of the
field trial compared to children who received one of the app-based interventions. However,
which app children received had a relatively greater influence on the prediction of

improvements in numeracy than literacy skills; not surprisingly the two winning apps were
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highly and positively associated with improvements in learning. Gender was a strong
predictor of literacy but not numeracy learning outcomes, with a positive relationship
demonstrating that girls made relatively greater gains in literacy than boys. Similar to
baseline results, reading and being read to had a clear positive relationship with
improvements in learning outcomes, although this was only marginal for numeracy. Number
of siblings was also associated with improvements in foundational learning, as children that
had fewer siblings made greater improvements in foundational learning than children with
many siblings. Furthermore, results showed that having more younger siblings that were
literate had a marginally negative impact on model performance, whereas having more older
siblings that were literate positively impacted model performance.

At the village level, relationships were again less obvious than at the child level, and
mainly showed similarities to those found at baseline. Villages in close proximity to a police
station or health service were shown to have greater improvements in foundational learning
than those further away. The strongest predictor for numeracy outcomes was distance to an
airport, where villages close to an airport were associated with less improvement in
foundational learning than those further away. Again, reachability had a low impact on model
performance overall, but very hard to reach villages were marginally associated with poor

improvements in numeracy outcomes.
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Figure 10

SHAP summary plots for the six experiments conducted to determine factors that best predict

improvements in foundational learning skills after implementing an Edtech intervention with

out-of-school children in remote areas of Tanzania (RQ2).

Child (Exp 7 & 10)

Village (Exp 8 & 11)

Outcome: Literacy

(EGRA improvement scores)

app_D

female
attended_school_before
amount_siblings
often_child_reads
caregiver_highest_schooling
older siblings _literate
younger_siblings_literacy
often_child_read_to

age

app_E
currently_attending_school
app_F
caregiver_phone_type
sibling_help
cgw_unemployed
home_radio

electricity
used_smartphone_before

home_mobile

police_distance
health_distance
village_roads
finance_distance
village_buildings
waterway_distance
airport_distance
village_children
railway_distance
placeofworship_distance
busstation_distance
reach_easy
reach_very_hard
reach_moderate

reach_hard

=20 -10 0 10
SHAP value (impact on model output)

-

-10 0 10 20 30
SHAP value (impact on model output)

Outcome: Numeracy

(EGMA improvement scores)

High
app_D
app_F
app_E
older_siblings_literate
caregiver_highest_schooling
attended_school_before
age
amount_siblings
younger_siblings_literacy
app_A

app_C

Feature value

sibling_help
caregiver_phone_type
often_child_read_to
home_mabile

home_radio

app_B

often_child_reads

female
currently_attending_school

Low

High
police_distance
airport_distance
health_distance
waterway_distance
railway_distance
finance_distance
village_roads

placeofworship_distance

Feature value

busstation_distance
village_buildings
village_children
reach_very_hard
reach_hard
reach_moderate
reach_easy

Low

-10.0 -75 -5.0 -25 00 25 50 75
SHAP value (impact on model output)

*:--l.--l . .
o pjome n’u-
so e ._.*..

-5 5 10
SHAP value (impact on model output)

High

Feature value

High

Feature value

198



Outcome: Literacy Outcome: Numeracy

(EGRA improvement scores) (EGMA improvement scores)
High High
— police_distance ——+---—-—--— app_D r———— ’-
S‘i app D - police_distance e
@ female ‘ - airport_distance -—ﬂ-—’—
village_roads {4 . o e app_F S —

© health_distance -+ health_distance —+—-
% finance_distance —+— app_E ’ —
ku/ airport_distance —-+ village_roads ’— ceme ==
()] waterway_distance +O- waterway_distance *—-
% village_buildings + - semas s . o finance_distance + o
E often_child_reads {—‘-'- ’_;:i: village_buildings +—-— é
> railway_distance *—- g railway_distance +— é
-8 attended_school_before .—- £ placeofworship_distance *—- £
(G younger_siblings_literacy —' younger_siblings_literacy 0—'
© older_siblings_literate --»- busstation_distance -’—-
E app_E '— village_children *—"'—
o amount_siblings -*— app_A —’-
8 often_child_read_to "—"« age ’-
'E currently_attending_school 'l_' older_siblings_literate ’-
o) placeofworship_distance +—-- caregiver_highest_schooling ‘
g village_children -{—"-' reach_easy +
O -20 0 20 a0 60 Low 75 B0 35 oo 25 so 75 W

SHAP value (impact on model output) SHAP value (impact on model output)

Discussion

This study reports twelve experiments designed to identify contextual factors that best
predict foundational learning in out-of-school children in remote areas of Tanzania, before
and after implementing an educational technology intervention. Rurality has been shown to
be a significant predictor of educational outcomes in LMICs (e.g. Spaull, 2012; UNESCO,
2015), but until now, the mechanisms driving poor educational outcomes in remote contexts
have yet to be elucidated. To address this gap in knowledge, for the first time, machine
learning methods were compared to traditional linear regression to explore which type of
model best captured data comprising child and village level features on foundational learning
outcomes. Machine learning models were explored as they avoid common pitfalls with linear
models when considering large and complex datasets, such as overfitting and

multicollinearity (Lavelle-Hill et al., 2021). Results showed that for each of the experiments
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conducted, a machine learning model produced a better fit of the data than traditional linear
regression.

Overall, a machine learning model produced a better fit of the data than the dummy
model in all instances, demonstrating that the machine learning model produced the most
accurate prediction of children’s learning scores. Of the different machine learning models
tested, the best-fitting model class was either Random Forest or XGBoost for each
experiment. These results are important as they demonstrate that traditional linear regression
is not suitable for large and complex datasets that are typical in different areas of
developmental research, including education. Future research for development that analyses
large and complex datasets need to adopt machine learning methods, as utilised here, to
capture data patterns accurately.

The machine learning methods employed here also enabled variable importance to be
determined. Results showed at baseline, prior to intervention with an educational technology
intervention, child-level factors best predicted learning of foundational skills. In contrast,
after an educational technology intervention had been implemented within the villages that
took part in the GLXP competition, village-level factors that represent physical isolation and
social connectedness were shown to be most predictive of improvements in learning of
foundational skills. This novel finding is important as it highlights for the first time how
geospatial and environmental features contribute towards the success of educational
technology interventions that are implemented directly to the community in low resource
settings.

This has important theoretical and practical implications. Initial results from the child-
level investigations (experiments 1, 4, 7 & 10) corroborate previous research and thus serve
as validation for the application of machine learning models in the analysis of data from the

GLXP competition. Across the four child-level experiments, prior school attendance was
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shown to be one of the most influential predictors of successful learning outcomes for out-of-
school children, both before and after a technology-based learning intervention had been
implemented. This is consistent with previous research indicating that prior knowledge
significantly impacts knowledge acquisition in LMICs, with and without technology use
(Tavera & Casinillo, 2020; Gulliford & Miller, 2023). Furthermore, reading, and being read
to, were significant predictors of learning, particularly at baseline for literacy and numeracy.
Reading remained a strong predictor of improvements in literacy skills, but became less
important for learning numeracy, after an app-based intervention had been introduced. This
finding corroborates previous research that has highlighted the importance of the home
reading environment and shared reading on academic success (Timmons & Pelletier, 2015;
Jeynes, 2012).

Some findings were, however, unexpected and warrant careful interpretation. For
example, at baseline, having an unemployed caregiver was a higher predictor than any other
profession, particularly impacting numeracy outcomes. This result is somewhat surprising as
the caregiver profession was used as a proxy for parental SES and previous research has
shown that high parental SES is typically associated with high academic achievement (Long
& Pang, 2016; Zhang et al., 2020). It is, however, plausible that within the context of this
study, unemployed caregivers might have had more time available than parents of other
professions to dedicate to supporting their child’s learning. Previous research has shown that
motivational support from uneducated caregivers can be beneficial for out-of-school children
when learning foundational skills (Huntington et al., 2023a; see also Chapter 6). It is also
probable that even in remote villages in Tanzania, unemployed caregivers are more likely to
possess some basic numeracy skills compared to basic literacy skills, as basic numeracy is
needed for everyday transactions, such as buying or selling goods at the market, and out-of-

school environments have been shown to primarily contribute to illiterate numeracy
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development (Putrawangsa & Hasanah, 2018; Vandermaas-Peeler, 2008; Njie, 2016). This
might provide an explanation as to why having an unemployed caregiver impacted numeracy
outcomes at baseline more so than literacy outcomes.

In addition, few siblings was a consistent predictor of learning outcomes and this
further consolidates the notion that time available by caregivers to support their child’s
learning may be influential in determining learning outcomes, either due to the employment
status of the caregiver or the number of children in the household. Whilst this hypothesis
requires testing empirically, previous research has suggested that being an only child can
have academic advantages over children with siblings (Wei et al., 2016; Zhao et al., 2022),
and that literacy and numeracy acquisition is negatively associated with the number of
siblings a child has (Gurgand et al., 2023). Moreover, results from the village-level
investigations also corroborate this hypothesis, as in all four experiments, low numbers of
village children was associated with high learning outcomes, and number of children in the
village was a significant predictor for numeracy at baseline. At first glance, this result might
seem unexpected, as number of children in a village was a representation of potential peer
networks, and research has shown that peer interactions can be crucial for children’s
cognitive skills and early development, particularly for out-of-school children lacking formal
instruction (Garris et al., 2018; Tauson & Stannard, 2018). However, this finding could be
indicative of the opportunity to learn from adults; having few peers and/or siblings could be
beneficial as it provides a good opportunity for learning support from adults in the household
and broader community.

Based on the available literature, this appears to be the first study to examine how
village-level geospatial features are associated with foundational learning outcomes, either
before or after intervention with an educational technology intervention. Across all

experiments that explored village-level factors, proximity to a police station or health centre
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were shown to be key predictors of learning outcomes. These findings were anticipated, as
distance to local services represented social connectedness, and feelings of social isolation
are associated with poor educational outcomes (Leigh-Hunt et al., 2017). Physical isolation
also impacted foundational learning outcomes. Results showed that before and after
intervention with an educational technology, the number of roads in a village was positively
related to learning outcomes, especially for literacy. This is consistent with previous research
that has shown accessibility to be a significant barrier to participation in formal and non-
formal education in Africa (Ogbonna, 2015; Ayiro & Sang, 2016). However, rurality and
road quality, as measured by reachability judgments by the XPRIZE team, was found to be
the least predictive village-level factor of learning outcomes, with little to no impact on the
model fit. This is somewhat surprising as previous research with this sample has indicated
that having accessible routes to charging points was crucial for the successful implementation
of the educational technologies trialled in the GLXP competition (Huntington et al., 2023a;
see also Chapter 6). Other research has suggested that being close to transport links may
alleviate the negative impact of transport poverty on access to key services, such as education
and health (e.g. Lucas, 2011; Porter, 2014). However, in the current study, most factors
representative of transport links had minimal impact on learning outcomes, particularly for
literacy. Indeed, living close to an airport negatively influenced learning improvements,
especially for numeracy. This may reflect high levels of noise disturbance from living close
to an airport or a lack of educational support from caregivers or community members if they
worked at a nearby airport. Clearly, further research is needed to examine why these
geospatial relationships with foundational learning outcomes exist.

Results also showed that the type of instruction given over the course of the GLXP
competition was influential in predicting improvements in foundational learning. Children

assigned to the control condition, who did not receive intervention with an educational
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technology, made little or no improvement in foundational learning over the duration of the
field trial. In contrast, the app intervention that children received significantly impacted
learning improvements, particularly if the child was assigned one of the two apps that were
awarded joint winners of the GLXP competition. This validates the competition results, and
further indicates that the combination of six key pedagogical features embodied in the two
winning apps facilitates foundational learning for out-of-school children (see Chapter 3).

Whilst gender was not a strong predictor of baseline learning outcomes, it was a
strong predictor for improving foundational skills, as girls were shown to make greater
improvements than boys in literacy and numeracy after receiving 15-months intervention
with an educational app (although the association was marginal for numeracy). This is
consistent with the findings in Chapter 4 with this demographic. It also supports previous
research that has argued that girls can benefit from learning if they have access to education,
with higher reading levels than boys and EdTech interventions resulting in girls catching up
to boys in numeracy (Miheretu, 2019; OECD, 2016; Pitchford et al., 2019). The current
results demonstrate that with prolonged implementation, girls can achieve greater
improvements than boys in foundational learning, especially literacy, when receiving
instruction with high-quality educational apps. This has important implications for addressing
the gender gap in education that is found globally (Webb et al., 2020; EdTech Hub, 2023)
and demonstrates how educational technologies can enhance opportunities for girls to learn
core foundational skills.

As anticipated, familial literacy, as measured by the highest level of schooling of a
caregiver, and how many of the child’s siblings were literate, was found to be a strong
predictor for improvements in foundational learning. Results revealed a clear and positive
relationship illustrating that the greatest improvements in literacy and numeracy were

associated with caregivers who had high levels of schooling, perhaps reflecting more parental
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involvement in their child’s education than caregivers with lower levels of schooling or
heritability of reading abilities (Gimenez-Nadal & Molina, 2012; Van Bergen et al., 2017).
This result contrasts, to some extent, with the findings at baseline concerning the professional
status of caregivers, as it might be assumed that caregivers with high levels of schooling are
more likely to be employed than caregivers with low schooling levels. Clearly, further
research is needed to unpack these findings, but it is possible that more educated caregivers
were able to scaffold their child’s learning through the support of an educational app to a
greater extent than caregivers with low levels of schooling.

Similarly, a complex pattern of results was revealed in relation to the age of siblings
and sibling’s literacy level and the learning outcomes of children that participated in the
GLXP. Results showed that households where older siblings have literacy skills positively
influenced model performance and was a moderately important predictor of learning
improvements, perhaps indicating that the older siblings helped support the children’s app-
based learning. This supports previous research in low-income countries that argued that high
literacy of older siblings has a positive impact on a child’s literacy development, as there is
the opportunity for shared literacy experiences (Lindskog, 2011; Sokal & Piotrowski, 2011)
and the potential for educational spillover effects (McCarthy & Pearlman, 2022). Moreover,
Sokal & Piotrowski (2011) found that children from large families (three or more children)
were less likely to experience shared reading with their siblings than children from small
families, further demonstrating the benefits of having few siblings or few peers in the village,
as shown at baseline in the current study.

In contrast, results showed that having younger siblings with literacy skills negatively
influenced child improvements in foundational learning. This finding is inconsistent with
previous research that has argued that the presence of siblings of all ages can promote

literacy, working memory, and cognitive development (Workman, 2017; Knoester & Plikuhn,
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2016). Siblings close in age have also been thought to play a crucial role in a child’s literacy
development through scaffolding and collaboration, leading to unique reciprocity between
both children as they complete learning tasks together (Beffel et al., 2021; Knoester &
Plikuhn, 2016). However, the GLXP implemented personalised learning technologies that
were designed specifically to promote autonomous learning through individual child
interactions directly with the software. Hence, there would have been little scope for
collaborative learning with the software, so the introduction of these educational technologies
for out-of-school children might have mitigated potential benefits of collaborative learning
with siblings and peers. In addition, it is possible that parents encouraged younger siblings to
engage with the tablet interventions upon realising its potential, which could have directed
time interacting with the tablet away from the intended child. These suppositions require
verification through future research.

Features related to prior experiences with technology (e.g. child has used a tablet
before, smartphone before, and caregiver has used a similar device before) were the least
important predictors of learning outcomes across all experiments. This is somewhat
unexpected, as it could be assumed that previous exposure to technology may help familiarise
a child and boost their confidence in handling a tablet. However, a floor effect might
underpin this result, as only a few children and caregivers in this study had previous
experience of using a tablet or smartphone. Likewise, help from an adult in the household or
a ‘village Mama’ were also shown to have little impact on a child’s improvement in
foundational skills, after intervention with an educational app. This was surprising, as
previous research from the GLXP identified support from village Mamas and other
community members was plentiful and beneficial to the successful implementation of the
educational technologies within the participating villages (Huntington et al., 2023b; see also

Chapter 6). It also refutes broader research demonstrating the value of familial and
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community support in positively influencing children’s learning outcomes in low-income
countries (Tauson & Stannard, 2018; Byerengo & Onyango, 2021). These apparently
conflicting results may reflect the nature of the educational intervention implemented in the
GLXP that were designed to promote autonomous learning by individual children interacting

directly with the software.

Limitations

A potential limitation of this research is the low performance of the best-fitting
models in all experiments conducted, indicating that the overall model fit did not explain
much of the variance in children’s learning scores. Large MAE values were also found,
particularly when predicting improvements in learning, which limit the extent to which
inferences can be drawn. However, low R2 scores are commonly observed in educational
research (e.g. Allen et al., 2014), which raises the possibility that there are other contributing
factors to foundational learning that were not investigated here, as suggested in Chapter 4.
For example, machine learning research by Smith et al., (in prep) has shown dietary diversity
and soil type to be strong indicators of primary school education outcomes in Malawi and
malnutrition can lead to cognitive deficits and impaired brain development in early childhood
(French et al., 2020). Reliance on pre-existing data precluded exploration of nutritional
factors on learning outcomes in the current study, as existing data on nutrition in Tanzania
was only available at the ward level, rather than the more granular village level. However, the
role of nutrition in predicting foundational learning outcomes, with and without EdTech
interventions, with out-of-school children in remote settings is clearly an avenue worthy of
future research.

Additionally, there are limitations when using community-sourced geospatial data
from resources such as Open Street Maps, as data accuracy and quality cannot be determined,

and urban areas are updated more regularly than rural areas (Vargas-Munoz et al., 2020).
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However, there has been a growing focus on Tanzania in geospatial research over the past
decade, as demonstrated by the Building Footprints project as part of the Al for Humanitarian
Action programme, in which Bing Maps and Microsoft Philanthropies released 11 million
country wide open building footprints datasets (Microsoft Bing, 2020). Any of the ten million
users on OpenStreetMaps can correct obvious errors and the geospatial data utilised in this
study was also last updated shortly after completion of the GLXP competition, so it was as
accurate as possible, considering it is based on community contributions. Using community-
generated data is common in geospatial research as it is the most practical alternative to

manually collecting data at the ground level.

Implications and conclusions

This study has important implications for theories of how educational technologies
can support learning of foundational skills, which should inform the design and
implementation of effective educational technologies to improve educational outcomes for
out-of-school children in low-resource settings. This study has highlighted the importance of
contextual factors at the child and village level that are associated with the learning of
foundational skills by out-of-school children in Tanzania with educational technologies. This
adds to the knowledge base from previous intervention research with educational
technologies which has focused predominantly on individual differences (e.g. Bardack et al.,
2023; Outhwaite et al., 2020; Lurvink & Pitchford, 2023), or contextual factors within a
classroom setting (e.g. Gulliford et al., 2021; Outhwaite et al., 2019b).

For out-of-school children, this study has clearly shown that factors relating to the
child’s home, social, and physical environments are primary indicators of successful learning

outcomes, and highlight the need for technology designers, governments, and implementing
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agencies to consider contextual factors when developing app-based learning interventions

within LMICs, if they are to be used effectively to address the global learning crisis.
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Chapter 6: Expert Elicitation of the GLXP competition

Background

As highlighted in Chapter 1, children in LMICs who are receiving no education or
low-quality education might benefit from a learning app intervention to acquire core
foundational skills. However, the effectiveness of learning technology remains under-
researched and under-documented in out-of-school children, particularly in Sub-Saharan
Africa. As a result, it is unclear how EdTech might be deployed and implemented
successfully directly to communities to promote the learning of foundational skills in out-of-
school children. Chapter 5 investigated the child-level and community-level predictors of
foundational learning skills to identify which contextual factors are most important when
considering an EdTech intervention with out-of-school children. It was also established that
contextual factors were more influential than child-level factors in promoting foundational
learning skills, emphasising the importance of infrastructure and good-quality
implementation practices. This chapter builds on those findings further by using the
experiences of the GLXP competition to explore the potential of technology to support
autonomous learning among out-of-school children in remote villages - a population who are
deemed among those most at risk of experiencing the profound effects of learning poverty
(Pitchford & Outhwaite, 2016b; UNESCO, 2022c). Expert perspectives from the GLXP were
sought using semi-structured interviews to generate insights into the potential of EdTech
interventions to mitigate the effects of the learning crisis in Sub-Saharan Africa, particularly
in remote villages. Furthermore, the challenges and opportunities associated with
implementing these interventions were explored, providing valuable information for

stakeholders involved in educational policy and practice in these contexts.
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Autonomous learning for out-of-school children through EdTech

Educational apps promoting learner autonomy are arguably a pragmatic solution for
facilitating learning for out-of-school children, where there is no access to traditional
schooling, as the learning style is child-centred, and an experienced adult is not required to
scaffold the learning process. Autonomous learning is already a central feature of many
educational apps, enabling the child to take control of their learning, supporting the
management of what they learn and when, and engaging reflectively in the learning process
(Lan, 2018; Chapter 3). Cultivating and encouraging learner autonomy may be critical to
improving children’s intrinsic motivation, sense of hope and agency, and educational
outcomes and providing a different type of scaffolding for children with different or
additional needs (Outhwaite et al., 2019a; World Bank, 2021). As demonstrated in Chapter 1,
promoting autonomous learning using EdTech has garnered successful outcomes in low-
income countries during the COVID-19 pandemic (World Bank, 2021) and with children that
do not typically attend school or have never accessed formal education before (e.g. Stubbé et
al., 2016; Gottwald et al., 2017). The autonomous learning process has improved
foundational learning gains and enhanced motivation to learn, demonstrating that EdTech has
the potential to be effective for out-of-school children (Gottwald et al., 2017).

This emerging evidence highlights the potential for educational apps to address the
global learning crisis. Whilst some studies have shown positive gains start to diminish over
time (Tauson & Stannard, 2018), assessments with a small sample of children in Ethiopia
showed encouraging results for reading comprehension, word decoding and reading texts
after one year (Gottwald et al., 2017). Clearly, further research is needed to identify and
address factors influencing the sustainability of effective EdTech interventions with out-of-
school children (Walton, 2018). It has been argued that while out-of-school children can learn

autonomously, community members are crucial in facilitating and guiding children through
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the learning process, even if they are low-skilled, and predominantly for purposes of
encouragement (Stubbé et al., 2016; World Bank, 2021). Children in these contexts may lack
the necessary experience and cognitive skills to achieve productive independent enquiry, so
would strongly benefit from teaching and assistance in learning independently before being
left to do so (Dean & Kuhn, 2007; Paradowski, 2015). For EdTech interventions to succeed
with out-of-school children living in remote, low-income settings, implementers first need to
establish if autonomous learning is possible; and if not, what solutions can be found to help

scaffold children’s learning with the resources available.

Current study

This study aims to advance understanding of how autonomous learning can be
achieved and sustained with out-of-school children from low-income remote settings when
given a tablet equipped with an educational app. The quantitative results of the GLXP imply
that educational apps deployed directly within remote villages can support autonomous
learning (XPRIZE, 2019). However, qualitative data regarding implementation was not
gathered during the competition, so without knowing what happened on the ground, it is not
possible to draw firm conclusions about interactive apps promoting autonomous learning.
Further insights are needed from key informants of the competition to determine if additional
factors might have influenced the successful implementation of the learning apps within the
participating villages and, ultimately, the learning gains achieved. Post-intervention research
can reliably inform long-term implementation and sustainability and provide insights into the
general acceptability of an impact evaluation within the target audience (Pegrum et al., 2013),
yet very few qualitative studies have been reported in this context for that purpose.

To investigate factors contributing to the implementation process of educational apps

deployed directly within remote villages for out-of-school children, an expert elicitation was

212



conducted using semi-structured interviews with key informants of the GLXP. Expert
elicitations are a “structured approach for obtaining judgements from experts” (p.133),
usually conducted about items or events of interest to inform best practices for policymakers
(Verdolini et al., 2018). In this study, data generated from the semi-structured interviews
were subjected to Thematic Analysis due to its highly flexible, impartial nature (Clarke &
Braun, 2014). The experiences and perspectives of the 14 experts associated with the GLXP
were carefully analysed to generate core common themes. Accordingly, this exploratory
chapter investigated the following research questions:

1. How do experts associated with the GLXP perceive the impact of EdTech in

supporting autonomous learning in remote low-income settings?
2. What were the key challenges and opportunities identified by experts during the

implementation of the GLXP competition?

Method

Research Design

Semi-structured interviews were conducted to gather qualitative data on the
experience and perspectives of 14 experts associated with the GLXP. Semi-structured
interviews with predetermined areas of focus afforded a valuable guiding framework for
information elicitation without restricting the interview scope (Howitt, 2016). This
interviewing technique allowed flexibility for both the researcher who may wish to probe
further on points of interest and participants who may wish to discuss additional topics that
they deem important to the research (Kallio et al., 2016). This adaptability also allowed for an
informal, conversational style, enabling participants to discuss and share their experiences

comfortably and openly (Bryman, 2016).
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The qualitative analysis presented in this chapter (including data collection) was
conducted before the statistical analyses detailed in Chapters 3-5. The qualitative data
remained independent, and the analysis was thus not influenced by any findings from the
guantitative studies, allowing for an unbiased, inductive interpretation of the data in this

chapter.

Ethics approval

Ethical approval was granted by the School of Psychology Ethics Committee at the
University of Nottingham (ethics reference: s1247). Informed consent was obtained from all

interviewees in line with the British Psychological Society guidelines.

Participant Recruitment

Interviewees were recruited using purposive and snowball sampling strategies
(Robson, 2002). Initial interviewees were selected in collaboration with the Executive
Director of the XPRIZE Foundation. Further interviewees were identified through snowball
sampling when conducting interviews. The researcher asked interviewees if there were any
further individuals that they considered to be crucial to the competition. Recruitment ceased
when all avenues had been exhausted, and the interviewees’ suggestions were of previously

interviewed individuals.

Participants

Fourteen individuals with key roles in the GLXP participated in the study.
Interviewees had a mean age of 46.77 years (SD = 10.45, range 33-68); there were nine males
and four females. Eleven participants lived in the United States, one in Tanzania, and one in
the Netherlands. One participant refused to disclose their demographics due to concerns

about anonymity. Participants had different job roles within the GLXP, including senior
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members of staff from the XPRIZE Foundation, members of the finalist app teams, data
analysts, judges of the competition, and individuals who directly oversaw the technological
implementation on the ground. At least four participants spent direct time in the participating
communities during the competition. Any other captured demographics are not reported to
protect anonymity in a specific participant pool. Participation was voluntary; no incentives

were offered for taking part.

Data Collection Procedure

Recruitment emails outlined the study aims and potential time commitments and
provided a detailed information sheet. All interviewees were given access to the semi-
structured interview protocol before the interview. Where possible, a rapport was established
between the researcher and interviewee via email before the interview took place.

Data collection took place over seven consecutive months (May - December 2020) via
online video platforms Zoom (n=13) and Skype (n=1). The average interview duration was
81 minutes, and each interview was audio recorded by the researcher following informed
consent from the interviewee. To address the two research questions posed by this study, the
semi-structured interview focused on the perceived impact of implementing EdTech in low-
income settings to address the global learning crisis (RQ1) and the challenges faced with the
implementation process during the competition (RQ2). Additional information was gathered
on the interviewees’ job roles and other demographics (see Participants) and their future

dissemination plans.

Data Transformation

Audio data from each interview was recorded, encrypted, and stored securely on the
researcher’s computer before transcription by hand. The transcription process is considered

“a key phase of data analysis within interpretative qualitative methodology” (Bird, 2005,
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p227) due to early interpretations and meanings that might be conferred. Any personally
identifying information was removed or de-identified, and participants were numbered for
reference. A file containing the participants’ identifying information was saved and stored

separately.

Data analysis

Reflexive Thematic Analysis was conducted systematically using a six-stage process
specified and revised by Braun and Clarke (2006; 2021). As this study was exploratory, an
inductive approach was used in which no pre-assumptions or hypotheses were placed on the
data based upon a particular theoretical stance. In line with the realist approach adopted in
this analysis, themes were identified only at a semantic level (Braun & Clarke, 2013).

Transcripts were actively read and re-read numerous times by the researcher to
become familiar with each account, and immersion in the data allowed initial analytic
thoughts to develop. The second stage was to identify initial codes which applied across the
data. Codes were used to label semantic or latent content within the data that was organised
into meaningful groups (Maguire & Delahunt, 2017). These codes were then used to generate
initial themes, which were reviewed and iterated upon throughout the analytical process.
Developed themes were then refined, defined, and named appropriately in a manner that best
captured the essence of what the theme conveyed before the final step of writing up the
themes for dissemination.

All data analysis was conducted independently, in discussion with the supervisory
team. Coding reliability was not necessary as in reflexive Thematic Analysis, meaning and
knowledge are understood as contextual, and the subjectivity of the researcher is considered a
resource to develop the production of knowledge rather than a threat to credibility (Braun &

Clarke, 2019).
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Researcher characteristics and reflexivity

The researcher is a doctoral student with a strong interest in educational development
and prior university-based experience in pedagogical research and conducting qualitative
research. The supervision team are academics in educational technology research and data
science for social good; both have published widely about marginalised communities in
Africa. To ensure reflexivity, the researcher kept a journal of field notes throughout the
interviews documenting their initial reactions, thoughts, and judgements (Trainor & Bundon,
2020). This process also included the mood and context of the interview, how the researcher
had influenced the interview, initial interpretations, and anything further that could be
incorporated into the interview schedule. When coding a transcript, the corresponding entries
were examined to provide further context and develop analytical understanding. While
coding, further notes were made to record early interpretations and gradually develop coding

decisions (Levitt, 2018).

Analysis & Preliminary Discussion

Four superordinate themes were generated from the experts’ qualitative data that
addressed how they perceived the impact of the EdTech deployed in the GLXP competition
in supporting autonomous learning (RQ1), and key challenges and opportunities that
implementing EdTech directly to communities might afford (RQ2). These were: ‘Technology
as a novel concept’, ‘Children don’t learn in a vacuum’, ‘Respecting the cultural context’ and

‘Accessibility problems in a mobile world’.

Theme 1: Technology as a novel concept

The first theme had two subthemes, ‘Wariness of the unknown’ and ‘Interest in new
digital tools’, and they encompass the concept that tablet technology was novel to many

children living in remote villages in Tanzania. Relevant extracts are highlighted in Table 14.
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Table 14

Quotes to support Theme 1: Technology as a novel concept

Subtheme Quote Number

Wariness of  “There were some concerns from the villages around them Q1
the unknown  thinking this project was associated with freemasonry and you
know what are these tablets you’re trying to bring into our
village” (P14)
“Knowing the history of colonialism in the area makes total Q2
sense in terms of what are these people and knowing it’s a
foreign country” (P7)
“They were just very suspicious. Like what is this tablet gonna Q3
do again. Will the tablet listen to what’s happening in the house,
yeah, where’s the sound going to you know? Is this a thing that
spies on us? [...] You know if you introduce something new and
this is like a super new area to them, yeah people tend to step
back. You have to be a really into your innovation type of chief
to allow this to be happening in your village when you don’t
know what it involves.” (P2)
“They may have never seen a touch screen before, and you know Q4
all of a sudden they have a piece of glass which is talking to
them in their own language.” (P13)
“There were questions in certain communities about witchcraft ~— Q5
you know was this witchcraft were we trying to do something

there were some rumours about it would steal the soul of your
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Subtheme

Quote Number

Interest in
new digital

tools

child. That one was widespread and like they’ve never seen it

before I mean it is kind of witchcraft I don’t know how a tablet

works I’m like it seems magical that you can have something

like that.” (P7)

“Some of these children had not even seen a smartphone before” Q6
(P14)

“They were using these tablets. And they heard the voices. They Q7
heard voices inside a tablet, so they broke open the tablets ‘cause

they want to know where the voice was coming from.” (P11)

“If a kid is curious and they’re opening up the tablet to find out Q8
what’s in there then that’s your future engineer that kid gets

another tablet [...] we really were like this is just a curious kid

who wants to know and they’re opening it up and maybe they

want to build it, so we encouraged that kind of curiosity.” (P7)

“those problems really melted away in the first few months, Q9
there were very little of [them] by a quarter way through our

field test.” (P7).

“There were some jealousy issues the biggest issue we heard Q10
back was this family have two tablets and we have none and that

kind of thing.” (P7)

“For the children, it was excitement. It was not just, you know as Q11
school, but it was a new gadget. It was fun, it does games or

whatever.” (P3)
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Subtheme Quote Number

“They had things to share, they had things to tell, and their Q12
parents would say now | can talk with my child because they are

so excited about the learning they have been doing and want to

tell me about.” (P3)

“Some kids felt like they had already learned enough. They Q13

wanted something more.” (P3)

Subtheme 1a: Wariness of the unknown

Interviewees emphasized that early in the trial, apprehension was felt and voiced by
villagers approached to take part, and who did not initially know of the XPRIZE Foundation
or the purpose of the field trial (Q1). The misconception of XPRIZE being a freemason
organisation was rationalised as a potential link to colonialism (Q2). Interviewees felt
villagers were initially sceptical about a Western organisation (XPRIZE) coming with an
unfamiliar solution to their problems. There were also general suspicions about the intentions
of the competition and those running it, and the capability of tablets to act as surveillance
devices (Q3). While interviewees highlighted this concern from villagers, they also explained
why this was an understandable challenge within the trial, due to the innovations involved in
modern technology (Q4). They described how the villagers justified the tablets’ abilities with
the explanation of witchcraft and tried to relate to this with their own amazement (Q5).
Interviewees empathised with the villagers’ difficulty acclimating to such a novel concept.
Despite modern technology, such as tablets, being prevalent in Westernised cultures for
approximately 40 years (since the widespread introduction of personal computers in the
1980s; Abbate, 1999), villagers felt wonder that such advanced options were possible and at

their disposal for teaching and learning.
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Interviewees also reported children in the competition had difficulty with the concept
of tablet technology and how it functioned (Q6), which resulted in tablets being broken (Q7).
Whilst the breakages seem like a negative event, interviewees insisted that this was not the
case (Q8). Breakage was explained as natural curiosity in children to be encouraged and
celebrated, as children thrive on such curiosity during learning (Flannagan & Rockenbaugh,
2010). These breakages represent a desire to learn and an inquisitive nature, and interviewees
felt nurturing this was important as it was a great indicator of potential success for children
benefitting from the intervention. Whilst there was clearly a prevalent theme of wariness at
the intervention, presented in varying levels of mistrust and curiosity, interviewees stressed
that these issues were not pervasive and were gradually overcome with time, patience, and
perseverance (Q9), a situation not dissimilar to when technologies are integrated into

classrooms in the US (Couse & Chen, 2010).

Subtheme 1b: Interest in new digital tools

Once children realised what was happening, there was a sense of excitement as they
were empowered to learn with the technology. However, due to the selectiveness of the
competition, with only children of a specific age being targeted to receive the tablets, some
children felt left out (Q10). This jealousy indicates that the tablets may have been considered
a desirable amenity to have within the family, either because they are a source of
entertainment; or because they reflect a high-value possession that might elevate social status
within the community - particularly if the community are coming together to help support
children that have them. Many interviewees indicated that children were extremely excited by
this new method of learning (Q11). This suggests that the excitement was not just because
children were learning (sometimes for the first time) but because the tasks, games, and
technology were new. Children liked getting involved in something so different from their

usual setting and learning whilst having fun. That interviewees emphasised how excited
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children were over the intervention indicates that uptake and interest in mobile learning
would be high in remote settings. The intervention also enhanced children’s communication
skills with their families, even when parents were not personally involved in the learning
tasks (Q12). For the first time perhaps, children had information to relay in which they were
the ‘experts’; they could tell stories about their experiences and bond with their parents by
teaching them things they had learnt. However, one interviewee admitted that for some
children, interest waned over the 15-month trial period (Q13). This suggests that once tablets
become familiar technology to children and the initial novelty has worn off, learning may
become less interesting and engaging for children. However, the interviewees indicated that

children wanted more, suggesting this was driven by a desire to learn.

Theme 2: Children don’t learn in a vacuum

The second theme contained two subthemes, ‘It takes a village to raise a child’ and
‘Simulating the teacher role’, and they encapsulate the idea that children do not, and cannot,
learn in a ‘vacuum’ by themselves. All interviewees emphasised that despite the XPRIZE
competition presenting the notion of ‘fully independent’ learning, this was simply not
feasible or realistic (Q14). This theme is supported by the quotes shown in Table 15.

Table 15

Quotes to support Theme 2: Children don’t learn in a vacuum

Subtheme Quote Number

- “I’ve seen work that says they can just pick up a tablet and start Q14
using it tomorrow you know, and we know that’s not true.” (P1)

It takes a “The village Mama became very important. They will talk to Q15

village to them in a way that is not parental, it is one of an adult, who is an

raise achild  educator, just not in the traditional sense.” (P3)
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Subtheme

Quote Number

“There was obviously a different level of the sort of support that Q16
the village Mamas provided, you could almost say some did

their job and went home essentially and some sort of went the

extra mile to support the children with some of the apps and

stuff.” (P2)

“There was obviously a different level of the sort of support that Q17
the village Mamas provided, you could almost say some did

their job and went home essentially and some sort of went the

extra mile to support the children with some of the apps and

stuff.” (P2)

“I’ve seen it with my own eyes like a lady opened up her shop Q18
and in the shop is nothing more than a table and a tent. And that

is it and she would open it up for the kids so they could sit there

or they would sit on the tree.” (P2)

“People would gather round erm but usually the kid that would Q19
have the tablet in most communities we saw even though we

would maybe share it they wouldn’t let other kids touch it they

would be like I’ll do the, you know, controls.” (P7)

“I did see kids setting up their own school, they would gather Q20
together under a big tree and meet at a certain point. It wasn’t

just siblings, it was a group of kids, and they were like 8 or 9

taking turns with the tablets and erm, yeah, there were several

instances of that, and you know if they had a very active village

Mama then she would you know, like encourage them too.” (P2)
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Subtheme

Quote Number

Simulating
the teacher

role

“We rely on that idea that all children will love to explore freely Q21
too much. And we didn’t know that some children actually had

been trained to follow the instructions very strongly from early

days. Our idea actually gave too much freedom for many

learners who have never previously had a chance to explore
themselves. [...] If we did it again, we may make it more
instructional.” (P5)

“It’s certainly possible that the kids in our app went through the Q22
content just exploring it without really knowing what they were

doing. Or maybe you know, maybe exhausted some of the

content too quickly without fully digesting it.” (P11)

“There is a tendency of children to choose easy problems that Q23
they’re going to get 100% correct and how do you navigate that

in these informal learning environments where there isn’t a

teacher to push them harder and get them on that track.” (P1)

“What is needed is more support and I think motivation to Q24
engage in some of the other types of activities that they might

find more challenging” (P8).

“The [avatar] kind of mimics what the child’s experience would Q25
be in a good school where they would get a lot of attention, so

there’s a teacher character. There’s praise, there is guidance and
structure, you know, there’s repetition, there’s practice, there’s

remedial work.” (P13)
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Subtheme Quote Number

“That feedback and sense of progress are really important. [...] Q26
Do that in a way that encourages persistence, and while building
a sense of self-efficacy and giving people a sense of progress.”

(P6)

Subtheme 2a: “It takes a village to raise a child”

The XPRIZE competition focused on facilitating autonomous learning wherever
possible. However, a common theme within the interviewees’ narrative was that there were
many indications that considerable communal support was offered to children during the
learning process. Despite the Mama or Baba in each village being told not to assist in
learning, they became crucial support to children in the field trial (Q15). Different levels of
support were witnessed (Q16), with most interviewees emphasising that the Mamas were
generally very hands-on, and provided support, guidance, and motivation to children when
they were unsure on what they were doing or just wanted someone to show their progress to.
While not as focused as the support children might receive from a traditional teacher, the
Mamas' support was reported as instrumental in instilling confidence in children and
providing them with a safe non-parental space to bring any problems to. Interviewees
emphasised that educational background was not important (Q17).

Other adults within the wider community were also keen to help children in any way
they were capable, indicating the presence of social interaction and caregiver support, which
can be important for children’s development (Q18; Hirsh-Pasek et al, 2015). Interviewees
explained that communities were willing to support children to have a safe working
environment in which to learn with the tablets, whether this was by helping children create a

specific place to work or by helping them to travel to charging stations. Interviewees
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emphasising that they had seen these forms of support with their “own eyes” promoted the
importance and pride they placed in such activities — and their expression of that support as
an important personal account, that needs to be communicated and believed, was capturing
the essence of what the community experienced during the competition.

Guidance from adults within the community was not the only support that
interviewees reported. Children gathered in groups to play on the tablet together, suggesting
that peer learning was important to them even when not enforced (Q19). The dominance over
being in control of the device demonstrates feelings of possession and attachment to the
tablet, with children considering the tablet theirs to share as they saw fit - rather than a
commonly shared unit. Despite this, groups of children developed informal schools to
facilitate shared learning (Q20). The tendency for a lot of children throughout the competition
to “create a tablet school” (P7) indicates that despite having no formal learning context,
children enjoyed a broader learning environment and orchestrated themselves to facilitate
sharing and group learning. Seemingly, buildings and physical provisions are less important
than the atmosphere and quality of group dynamics that supports and guides children to
develop their abilities. This also allows the “child to teach [other children], which helps a

child learn even better” (P3).

Subtheme 2b: Simulating the teacher role

The XPRIZE competition did not dictate the design or content of the software to
participating teams, nor how to best encourage children to engage. This was a subject of
much discussion, with interviewees emphasising the importance of balancing instruction and
offering free choice “for feelings of autonomy” (P1). Some interviewees stressed that their
teams initially felt they had miscalculated the amount of freedom that should be given to
children - and perhaps had even conferred too much choice throughout the learning process

(Q21). Interviewees suggested that the local culture instilled a sense of obedience in children,
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and while this was something that children were familiar with and comfortable with, it
constrained exploration and self-directed learning. Some interviewees expressed the desire to
improve upon this in the future, and others felt the high level of freedom negatively impacted
the software solution's longevity (Q22). Interviewees also talked about the freedom provided
by giving children more of a ‘browsing opportunity’ and worried that this may have
distracted them from fully investing in the content as they would have hoped, as no one was
telling them they had to do it. Interviewees considered the reasons that adding structure could
benefit learners in out-of-school environments (Q23).

The idea of the teacher as the ‘motivator’ of children, and this element being absent in
the software design, highlights one of the problems that participants felt was potentially
prevalent within EdTech learning interventions in general (Q24). Although the interventions
analysed in this study were heavily focused on autonomous learning, this was often at odds
with what interviewees believed to be key to good practice in education. However,
interviewees were aware of the context the competition was situated in, which lacked the
option of teachers or formal schooling, with some teams actively attempting to address this
by adding a teacher figure to their software — aiming to further motivate children and guide
them appropriately through the content (Q25). Teams that included an avatar figure stressed
the importance of giving children structured guidance that would benefit them most, aiming
to help maintain learners’ interest while they progressed through the software at a pace
suitable for themselves and one reflective of a classroom environment (Q26). Interviewees
reported that to really fill the gap produced by the lack of a classroom, personalised and task-
specific feedback needed to be given to encourage children not to give up, particularly with

challenging tasks.
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Theme 3: Respecting the cultural context

The third theme focused on the importance of respecting the cultural context to
maximise success and avoid causing offence or risking failure based on a lack of contextual
understanding. Table 16 shows supporting evidence for this concept.

Table 16

Quotes to support Theme 3: Respecting the cultural context

Quote Number

“We understood the home environment where children are exposed to a lotof Q27
language, but there’s no culture of reading so we understand where the child

was at. We could have gone with a whizzy design with lots of sounds and

colours and so on, and that has its place, but not in a context where children just

aren’t used to that sort of stuff. It needs to be as simple as possible and focus on

the needs of the marginalised child.”(P13)

“They often don’t have the right cultural references to make them relevant to Q28
the particular learners, and that is an artefact of bringing in a bunch of content

and games and things that have been successful elsewhere, so that’s great, but

erm you know successful for whom and in what context? So uh you know

there’s this race car game for kids who have very rarely even seen a car.” (P1)

“We got some feedback as to like you know, why is this character doing this? Q29
Or you know this character doesn’t seem to be a pleasant one or a fun one,

which we thought they were. | think in one game we had an owl or something

like that and then the feedback we got was that you know that is probably not

appropriate as the owl has more negative connotations in Africa.” (P9)
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All interviewees emphasised the importance of being “confident of what opportunities
there are for these learners in their environment” (P1) before creating the software and
personalising it to the community of focus (Q27). The five finalists had various levels of
previous experience with marginalised children, and children in Africa, so began the
competition with differing levels of understanding and knowledge of the context they were
working in. Some teams decided to keep things simple to avoid overwhelming the child with
a novel environment and focus on making children aware of exactly what was happening
within app flows. This highlighted a clear goal for some; understanding that children were
already facing a novel situation simply engaging with the tablet hardware, there was
increased motivation to keep other elements of the learning experience as basic and
straightforward as possible. Other teams felt more confident about gamifying elements of the
software and making them a challenge; yet others focused on producing tasks with rewards,
hoping to keep children as invested as possible given their limited previous exposure to
gaming technology. However, this came with its own identified challenges in transferring
pre-existing game mechanisms to this new context (Q28). While for cost and time purposes,
it can be helpful to exploit games that already exist (and have been shown to be successful in
other contexts) interviewees stressed that using unfamiliar objects was not conducive to
learning outcomes. One interviewee reported a hurdle their team faced was based on an
character used in the software and the impact it had on children in remote villages in
Tanzania (Q29), again demonstrating the importance of understanding the cultural context in

which educational technology is to be deployed.

Theme 4: Accessibility problems in a mobile world

The fourth theme concerned accessibility problems during the competition that had an

impact on children’s ability to learn, as evidenced in Table 17.
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Table 17

Quotes to support Theme 4: Accessibility problems in a mobile world

Quote

Number

“Some kids were small, and the charging station will be like over 3km and the
kid can’t walk with this gadget by herself to go charge it.” (P3)

“There was one village where the kids had to go through an elephant area to get
to the station. [...] People were killed by the elephants, so those kids didn’t dare
to go to their charging station because they were afraid of the elephants.” (P2)
“I love the thought of having a district bus decorated as a school and where kids
can go with their tablets twice a week so they don’t have to walk 10 miles, but
the bus comes to them — that would be something and a possible solution.” (P2)
“We made it so the tablets couldn’t be used past 10pm. Households probably
didn’t have electricity, or another source of light so will play an app that just
creates light so people can do other tasks, running down the battery and
potentially not achieving much in terms of children learning.” (P13)

“The tablets could break because they got water splashes on them or dust, or
they were shaken or used too roughly” (P10).

“When it has run into problems, then you can’t take advantage of industry to
repair it because no-one’s seen one before, there’s no screen replacement that
can happen on a local basis and so on and so forth um whereas you know, there
are mobile phone dealers and technicians that are er you know more spread out

around the country.” (P1)

Q30

Q31

Q32

Q33

Q34

Q35

Whilst many infrastructural challenges were foreseen by the XPRIZE team and

addressed wherever possible, some difficulties remained, for example, the geographical
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locations of the charging points for the tablets. Some villages were extremely remote so
charging points were not within a convenient proximity (Q30). Charging stations were
planned to be as accessible as possible, but due to the remoteness of some villages this was
not always possible so imposed a significant physical and logistical strain on children and
their families. Children’s families also needed to see the value in learning with the
technology, as families were burdened with organising visits to the charging stations when
they were too hard to be accessed by the children alone. Interviewees, however, emphasised
that villagers still made the effort to charge the tablets even when charging stations were far
away, demonstrating a high level of interest in supporting learning with the technology.

There were not only physical limitations for children but sometimes additional safety
challenges (Q31). This emphasises the importance of carefully planning infrastructure and
demonstrates the benefits of detailed local knowledge, with different villages having different
environments, routines, and surroundings that could impact on the success of using tablets in
the community. Interviewees felt infrastructure was a problem that would be extremely
difficult to overcome in rural locations, but some had started to think of potential solutions
(Q32). However, the extreme lack of accessibility of some villages (with no clear paths or
roads) may limit such solutions. Another interviewee explained that they knew it was
impossible to change the competition's fundamental infrastructure, so they tried to adapt their
software to fit the context (Q33). This would allow battery life to last longer and therefore
reduce the frequency of trips to charging stations, limiting risk to children.

Another challenge raised was the fragility of the hardware itself, especially when not
cared for effectively or kept in harsh conditions (Q34). Children were not familiar with
looking after hardware of this nature, and despite being guided on how to do so, tablets often
broke for practical reasons rather than out of curiosity as explored previously. This defines a

further accessibility problem, not only due to hardware costs but also to long-term technology
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maintenance in areas that are unfamiliar with tablets (Q35). Even if funds were made
available, interviewees stressed that knowledge and equipment was not currently available in
situ to maintain a large-scale, ambitious undertaking of providing out-of-school children with

tablet learning.

Discussion

This chapter explored expert perceptions of how EdTech might support autonomous
learning with out-of-school children in remote settings in LMICs, and the challenges and
opportunities that deploying EdTech within this context might afford. To achieve these aims,
an expert elicitation was conducted with key informants from the GLXP competition to
garner on-the-ground experiences to determine if the learning outcomes achieved throughout
the competition could be attributed purely to autonomous app-based learning.

Four themes were identified that highlight a high level of community engagement in
supporting the implementation and continuity of the EdTech intervention throughout the
XPRIZE competition. Clearly, this challenges any inferences from the quantitative results
from the GLXP competition that might indicate children can learn autonomously purely with

interactive apps.

Technology as a novel concept

The first sub-theme showcased the associated confusion and problems caused by the
novelty of the technology. Villagers were concerned about XPRIZE being a freemasonry,
perhaps due to the documented chequered history of English and American colonialism in
East Africa (Bulhan, 2015). This may explain why villagers were left feeling uncertain and
wary about the involvement of XPRIZE if they were “sinister forces” that could be “plotting
against the country” (The Economist, 2018, para.1). The further emphasis on spying suggests

feelings of an insider/outsider divide and mistrust in newcomers introducing new technology
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that villagers had never experienced before. Belief in witchcraft has been perpetuated in
many modern African cultures, particularly in circumstances where rational knowledge fails
to explain an event or phenomenon, such as the existence of diseases with mysterious causes
(Lewis, 2021). The novelty of something so new, different, and with no apparent rational
explanation to the villagers may be why some initial attributions to witchcraft were made.
This sub-theme highlights the importance of sensitization prior to introducing a technology
intervention in low-income countries. The sensitization process should be gradual, thorough,
and contextually bound for maximum success, with villagers being given the opportunity to
explore any questions with experts.

The second subtheme demonstrated children’s interest and excitement about learning
with the tablet technology. This corroborates previous research on the use of EdTech for
children in displaced settings, in which findings include increased engagement, motivation,
and excitement (Islam & Gronlund, 2016). This study revealed valuable shared parent-child
experiences that would likely consolidate learning for the child and their visible excitement,
demonstrating the value of learning for their parents. EdTech has previously been shown to
strengthen the bond and social interactions between parent and child, both during the
COVID-19 pandemic and in multiple low-income emergency settings, as more opportunities
to share and demonstrate new skills are experienced, allowing parents to further engage with
their learning (Wang et al., 2020; Power et al., 2021).

Despite high levels of interest and excitement driving the use of tablets through the
competition, it remains to be determined if this interest will be sustained long-term. Levels of
interest in learning with the tablet technology decreased over the 15-month test period, and
this has also been reflected in Western settings, where tablet use was initially preferred to
‘traditional’ learning methods but with interest waning following sustained use (Baytak et al.,

2011; Muhammad et al., 2019). Motivation has also been shown to wane in children in
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developing countries over time as familiarity with technology develops and warns that the
novelty of tablets is a temporary motivator that is not sustained (Gulati, 2008; Tamim et al.,
2015). However, in remote environments where there are no other opportunities to learn,
tablet use may continue long-term as this is the only viable option available to children. This

possibility remains to be determined.

Children don’t learn in a vacuum

The first sub-theme emphasised the extent to which families and the wider community
supported children’s learning experiences. Despite no formal instructions to get involved, the
choice that some village Mamas and community members made to go the extra mile shows
they valued children’s learning and would work hard to support this. Emotional support and
scaffolding are crucial for a child to progress and ensure that learning is productive, whilst
reinforcing social interaction is needed for a positive learning experience (Hsin et al., 2014;
Tauson & Stannard, 2018). Partnerships with family and community have previously been
shown to positively influence children’s learning in Tanzanian school settings (Byerengo &
Onyango, 2021), so it is possible that establishing community-level partnerships could have a
similar influence in out-of-school settings.

Children were also shown to receive support from peers. This is significant as peer
learning can be crucial for children’s early learning development, as it fosters collaborative
learning, the development of meaningful social interaction, and enhances core cognitive skills
(Garris et al., 2018). The creation of informal ‘schools’ or learning areas led some children to
take on the teacher role, which is a common phenomenon when learners are given freedom
and facilitates the teaching of new techniques to other children. This can, in turn, consolidate
teaching-child learning and understanding. For out-of-school children lacking formal

tutoring, such peer interaction could be highly beneficial (Tauson & Stannard, 2018).
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Together, these results indicate that a fundamental contributor to the success of the
Global Learning field trial was communities banding together to support children, practically
and emotionally, despite many having never experienced formal education.

The second sub-theme showed that having an in-app avatar is important for out-of-
school children who do not have access to a formal teacher (see also Huntington et al., 2023;
Chapter 3). Some teams chose to provide children with lots of freedom, as previous research
on autonomous learning has shown that children choose the most interesting, easiest, and
most enjoyable tasks in the short term rather than tasks that will challenge them educationally
(Couse & Chen, 2010). It has been argued that choice-based learning should remain integral,
given the evidence children often learn best when selecting their own activity, direction, and
pace (Chad-Friedman et al., 2019). However, Hirsh-Pasek et al. (2015) argued that an
educational app should require thought, attention, and intellectual effort by the child, and
interviewees agreed that the lack of structured guidance could be problematic for children’s
progress. Our study confirmed that in this context, the presence of an in-app avatar was a
motivating influence and guide for children (Kolak et al., 2021). Major et al. (2021)
emphasized the value of personalisation within EdTech to facilitate a learning experience
driven by children’s interests and needs, with support tailored as appropriate. The use of
personalized feedback in EdTech significantly increases children’s self-efficacy in learning,
which is a key component for improving learning outcomes (Mouza & Cavalier, 2013;
Outhwaite et al., 2023). Despite this, it has also been argued that scaffolding within
educational apps is possible using feedback, learning in such remote environments may
require conceptual feedback that engages children in far more complex, evaluative thinking
(Cayton-Hodges et al., 2015). However, in a setting where literacy levels are extremely low
for adults, as with the remote villages in the XPRIZE competition, this level of sophisticated

scaffolding would most likely not be feasible from within the community.
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Whilst autonomous learning was an ideological goal of the XPRIZE competition,
interviewees noted challenges to free learning and emphasised the need to balance autonomy
with directed progression through an educational app for it to be deployed successfully with

out-of-school children.

Respecting the cultural context

The third theme centred around knowing and respecting the cultural context in which
the intervention was to be implemented (Keengwee & Bhargava, 2013). A lack of developer
knowledge of the cultural context was shown by some teams, illustrating practical challenges
due to the negative impact of a game, character, or other elements within the app. Hirsh-
Pasek et al. (2015) highlighted the need for app content to be culturally sensitive and the
potential problems that arise when app content is not fully cognisant culturally. Children may
be more likely to engage in culturally appropriate content than content not aligned with their
context (Hsin et al., 2014). This will constrain scalability and challenges the notion that once
shown to be successful, an app can be deployed as a global learning tool (XPRIZE, 2019).
However, novelty per se might not be problematic, as children demonstrate an interest in
games that include unfamiliar objects or scenarios (such as space explorations and imaginary
play; Fleer, 2015; Suminar & Wardana, 2018). This suggests that app developers should
consider the cultural context carefully when designing content and structure, ideally in
consultation with communities that will receive the intervention, to ensure the longevity of

use.

Accessibility problems in a mobile world

The fourth theme concerned accessibility with the mobile technology used in the
remote villages of Tanzania, despite there being 4.32 billion mobile internet users globally

(Statista, 2021b). Several infrastructural challenges were addressed prior to the competition,
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but issues commonly cited for mobile technology interventions in developing countries
remained, primarily the distance to the charging stations and the safety of the children
walking to them (Camfield et al., 2007; Crompton et al., 2021c). This supports the findings in
Chapter 5, which demonstrated the importance of nearby amenities and services, suggesting
that the location of the remote villages is pivotal for success. Previous technology
interventions have attempted to circumvent accessibility issues by providing tablets with
built-in solar panels. While this raises the cost of interventions, it lowers threats to safety and
helps avoid logistical issues (Moss, 2020). Crompton et al. (2021c) considered digital access
a fundamental barrier to equal education opportunities. This study revealed that the
community was crucial in helping children access EdTech for learning.

Tablets were also shown to be utilised for other purposes, which is common in low-
income contexts (Tauson & Stannard, 2018). For example, tablets were used for lighting in
the evenings, which drained the battery and prevented children from accessing the learning
apps. Another issue was hardware fragility, which is problematic in low-income, remote
areas, as breakages incur high outlay and ongoing replacement costs over time. The cost of
hardware is one of the greatest barriers to EdTech solutions to learning in low-income
countries (Passey et al., 2016; Kaguo, 2011). Governments wanting to take advantage of
digital technologies must consider how maintenance can be handled locally to maximise

sustainability.

Limitations

A potential limitation of this study is the interviewees’ investment in the success of
the competition. There is the risk that some interviewees were more likely to maximise their
successes and hide failures, as is common when reporting results in learning and teaching
research (Dawson & Dawson, 2018). While interviewees’ attitudes may be more positive

than outsiders, results demonstrated that the interviewees identified several challenges. Being
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realistic about successes and barriers is key to developing best practices and making firm
pedagogical advances in the field (McCormack et al., 2013).

It is also important to consider the role of the expert. The experts were chosen based
on their role within the competition, how involved they were, what they could tell us about
the process and their expertise. However, the children and the communities involved in the
competition could also be considered experts. Most interviewees mentioned the desire to
have access to data exploring village attitudes and continued use of the tablets, labelling this
‘valuable’ and ‘critical’. This data would be difficult to collect post-hoc following the
competition due to the geographical remoteness and language barriers involved. Employing a

mixed methods approach within the original research design would have been preferable.

Conclusion and Future Directions

This study has highlighted the importance and extent of community engagement in
supporting different aspects of the implementation of an EdTech intervention with out-of-
school children living in remote regions of Tanzania. This chapter has shown that app-based
instruction can successfully support foundational learning with out-of-school children, but
that EdTech alone seems insufficient to support the learning process as high levels of
community support and engagement were required. This result challenges claims that EdTech
pedagogy can promote autonomous learning without the need for adult support and
demonstrates that for pedagogical practice with EdTech to be effective and sustainable in
LMICs for out-of-school children, engagement with communities is essential.

These results have clear implications for practice as they emphasized the need for a
thorough sensitisation process to ensure that villagers felt comfortable with the technology as
it was being introduced into their community. Furthermore, engaging community members in

the design process of educational apps might be beneficial to ensure content is culturally
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appropriate. Governments, implementers, and app developers should consider community
members as critical partners in designing, deploying, and scaling educational technology
interventions in remote, low-income settings to maximise overall success and sustainability.
Given the global commitment to achieve the Sustainable Development Goal for Education by
2030 and ensure inclusive, equitable, quality education for all (UNDP, 2023), the insights
gleaned from this study should be particularly informative to global educational organisations

when implementing EdTech interventions with the world's most marginalised children.
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Chapter 7 - General Discussion

This thesis had an overarching aim to identify potential predictors of foundational
learning outcomes following a tablet-based EdTech intervention deployed to out-of-school
children from rural communities in Tanzania. These were addressed at three levels of
explanation, broadly answering the following questions to inform a new multi-level
ecological model:

- What app-level features predict learning improvements?
- What child-level factors predict learning improvements?
- What community-level factors predict learning improvements?

As reported in Chapter 1, five initiatives have been identified that used app-based
interventions to facilitate learning for out-of-school children (Gottwald et al., 2017; Orozco-
Olvera & Rascon-Ramirez, 2023; Stubbé et al., 2016; Stubbé et al., 2017; XPRIZE, 2019).
Results demonstrated that out-of-school children, including marginalised learners such as
girls, can learn foundational literacy and numeracy skills using an app. However, significant
methodological challenges were faced, learning was not truly autonomous, and little was
known about the mechanisms that are driving the learning improvements. To address these
research gaps, this thesis conducted a holistic mixed-method evaluation of the deployment of
five learning apps in an out-of-school context, utilising the data, software, and insights from
the GLXP competition to determine the potential predictors of foundational learning
outcomes. The mechanisms through which out-of-school children may acquire foundational
skills were investigated for the first time through four empirical studies (Chapters 2-6), each
focusing on a different level of explanation. App features, gender and domain differences,
child-level features, and community-level factors were evaluated to inform an ecological

model specific to predicting learning attainment for marginalised out-of-school children.
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To effectively understand how app features can support learning, they need to be
evaluated when linked directly to learning outcomes for the first time. Chapter 3
(Comparative Judgement study) reported an experiment in which 41 non-expert participants
compared the five finalist apps across 15 key pedagogical features to identify which
characterises each app. Results indicated that the two apps that produced the greatest learning
outcomes over the trial shared six pedagogical features—autonomous learning, motor skills,
task structure, engagement, language demand and personalisation.

Chapter 4 (Domain and Gender App study) explored the effectiveness of different app
features between genders, as this had never been done before in an out-of-school setting
where numerous apps could be directly linked to learning outcomes and, thus, compared
against one another. Machine learning methods and inferential statistics were used to identify
which app features most predict girls' and boys’ literacy and numeracy learning and whether
there are any significant differences between domains and genders. Some app features, such
as engagement and retrieval-based learning, were found to be broadly influential for learning.
Five app features - curriculum links, personalisation, engagement, autonomous learning, and
language demand- showed a differential influence across genders and domains.

Chapter 5 (Contextual Predictors study) used a machine learning regression approach
to identify the contextual factors that most predict literacy and numeracy learning for the first
time. Child and village-level features were leveraged using the competition's direct
assessment and survey data and contextual covariates derived from open-source geospatial
data. Reading habits, small family sizes, and low physical isolation were shown to be the
most predictive factors for improved learning outcomes.

As the GLXP did not involve collecting qualitative data about the autonomous
learning process throughout the competition, Chapter 6 (Expert Elicitation) aimed to

qualitatively explore the broader implementational impact and challenges experienced. In this
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chapter, 14 key informants were interviewed about their experiences of the competition.
Results demonstrated the importance of the cultural context in which the technology is
deployed and the need for community support throughout the competition, challenging the
extent to which children can learn autonomously with EdTech alone.

In Chapter 1, a new ecological model was introduced that attempted to depict
potential predictors of learning improvement for out-of-school children using an EdTech
intervention (see Figure 3). This provided a foundation upon which this thesis explored the
predictors on three levels of explanation: app, child, and community. The results indicate that
there are influencing mechanisms for app-based learning with out-of-school children at each
of the different levels of explanation investigated in the thesis (e.g., app, child, community).
This suggests that the learning process needs to be assessed at different levels to understand
how out-of-school children learn using tablet technology. Evaluating just one level of
influence is not sufficient to inform interventions with this demographic. This chapter will
discuss the broader findings at each of these levels of explanation, considering the
implications for progressing EdTech research and learning provisions targeting out-of-school

children.

Level of explanation: App features

As discussed in Chapters 3 and 4, some app features were identified as being ‘neutral’
features, whereby they influenced children similarly, regardless of their gender or the domain
being taught. The app features that were highly influential yet neutral for both genders and
domains are retrieval-based learning, motor skills and task structure, demonstrating their
broad relevance for learning improvements in out-of-school children. Therefore, developers
should incorporate app features that have broad relevance and are likely to promote equitable

learning for diverse demographics, focusing on features like retrieval-based learning, motor
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skills, and task structure. These elements emerged as highly influential regardless of gender
or learning domain and should be prioritised to maximise reach and impact.

However, there are other app features that seem particularly important for one gender
or a particular domain, and girls and boys were shown to differentiate in some of the app
features that they found to be influential for learning. For example, in literacy, personalisation
was found to be significantly more effective for girls learning attainment than boys, while the
opposite was found for curriculum links. In numeracy, four features were significantly more
influential for girls than boys: engagement, autonomous learning, language demand, and
curriculum links. These features highlight the importance of tailoring apps to the targeted
population, as there is clearly no ‘one-size-fits-all’ approach to app-based learning. The non-
generic app features could be used strategically to promote equitable learning of marginalised
groups, such as out-of-school girls who have notably struggled with access to education
(Crompton et al., 2021c). However, incorporating app features that only benefit girls (e.g.
personalisation for literacy) may risk promoting girls’ learning at the cost of boys being left
behind and becoming a marginalised group themselves. This may suggest that it would be
most beneficial to prioritise neutral features that promote learning for both genders to provide
educational equality to all out-of-school learners.

For numeracy, it could be advised to prioritise engagement, autonomous learning, and
language demand. These app features are technically features that target girls, as significant
differences indicated that they benefitted girls’ numeracy achievement over boys. However,
the three features all ranked in the top seven features across all four categories, demonstrating
that they also have broad influence across both genders and domains. Therefore, prioritising
these features could provide a pivotal balance between specifically targeting girls without

excluding boys for numeracy app-based learning.
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Clearly, governments and policymakers need to make important decisions using this
evidence when considering app design and technological interventions, particularly
considering how app features might be used to target specific learners. For the first time, this
thesis studied the relative importance of app features in relation to learning outcomes. This
provides the relevant decision-makers with clear statistical evidence about which key app
features are most influential for learning improvements in out-of-school children following

an app-based EdTech intervention.

Level of explanation: Child (context)

Chapter 5 showed that child-level factors are relatively useful in predicting children’s
baseline learning outcomes but are not very accurate in predicting learning improvements
after an EdTech intervention. These findings have pivotal implications for implementation
with out-of-school children, as they suggest that EdTech interventions could provide equal
opportunities, whereby all children, irrespective of their background, have the opportunity to
benefit. Furthermore, it implies that efforts and funds might be more effective if focused on
the app design and intervention delivery rather than trying to pinpoint the child-based
characteristics that make children more receptive to EdTech interventions.

However, as discussed in Chapter 5, many potential child-level features were not
considered, such as nutrition, health, and developmental skills (e.g. cognitive, emotional,
social). This is due to the restrictions of analysing secondary data, as the XPRIZE team did
not collect this child-level information when conducting the contextual surveys with the
children and their caregivers. Therefore, while some child-level factors were considered,
further research is necessitated before concluding that community-level contextual factors are

more important for predicting children’s improvements following an EdTech intervention.
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One key child-level characteristic that was not measured was whether the children had
SEND or not. However, as outlined in Chapter 1, children with SEND are likely to be out of
school and struggle to learn with EdTech at the same rate as their peers (Pitchford et al.,
2018). Therefore, binary cut-off points were implemented using histograms of the EGRA and
EGMA raw improvement scores in Chapter 4 to identify which children were considered
low-achievers (or ‘non-responders’) at the end of an EdTech intervention. Out of 2041
children, 860 were considered low-achievers (‘non-responders’) for literacy improvement,
and 467 were considered low-achievers for numeracy. This indicates that, as anticipated,
there was likely a high proportion of children with SEND within the competition sample.

Novel data analytic methods (using classification models combined with SHAP
analysis) were used in Chapter 4 to determine whether different app features can predict
whether a child will be a low- or high-achiever. The fifteen app features could predict low or
high achievement with an accuracy rate of 55.3-60.7% (across gender and domains), with
marginally better accuracy for girls than boys. Future research could build on the regression
research introduced in Chapter 5, using the binary split for low- and high-achievers and
classification models. This will help determine whether there are child and community-level
factors that can predict whether a child will be a non-responder to an EdTech intervention.
This could facilitate the exploration of differences between non-responders and responders,
helping educators to understand what characteristics may help identify children with SEND

in an out-of-school population.

Level of explanation: Community (context)

Infrastructure

At the community level of explanation, Chapter 5 demonstrated that the village-level

factors predominantly predicted learning improvements after an EdTech intervention. This
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demonstrates the importance of infrastructure and the children’s environmental context when
implementing EdTech solutions in remote communities with out-of-school children.

Proximity to local services and amenities, such as health services and police stations,
was particularly important. Living close to a health centre or pharmacy may be predictive of
learning as higher access to and use of services that prevent and treat disease positively
influences health (WHO, 2017). This is significant in low-income countries like Tanzania,
where diseases are rife among school-aged children, with an average malaria prevalence of
21.6% nationally (Chacky et al., 2018). Research has suggested that improving children’s
health could improve educational outcomes in developing countries, which could indicate
why living close to health services was predictive of learning outcomes in this research
(Glewwe, 2007). However, interventions in low-income countries that have provided children
with preventative deworming medication or treatment for malaria have produced mixed
results for educational outcomes (Ganimian & Murnane, 2016). Therefore, this complex
interplay between health and education needs to be investigated further to establish whether
improving out-of-school children’s health could facilitate learning with EdTech solutions.

It must also be considered why proximity to a police station was predictive of learning
improvements following the EdTech intervention. One reason may be the impact that
proximity to the police has on Female Genital Mutilation (FGM) practices. FGM is a
prominent issue for young girls in low-income countries in Africa, the Middle East and Asia,
affecting more than 200 million women and girls (WHO, 2024). While this potential
relationship has not yet been quantitatively investigated, qualitative research in Kenya
exploring what is likely to motivate people to obey the FGM criminalisation laws cites
distance to police stations or courts as a contributing factor (Meroka-Mutua et al., 2020).
FGM has been shown to be a barrier to traditional education for girls, as it is often a

prerequisite for early marriage, and the procedure itself can lead to pain, distress, and other
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health complications that prevent consistent school attendance (Orchid Project, 2021; The
Commonwealth, 2014). These identified barriers of FGM further highlight the benefits of an
EdTech intervention compared to traditional school attendance. Tablet-based technology can
be flexibly used and does not require travelling to a school when unwell, enabling higher
access for girls in rural, low-income communities. Ultimately, findings from this thesis
suggest that proximity to a police station may reduce FGM practices, which in turn improves
educational attainment for girls, although this interpretation warrants careful further
investigation. This positive influence of proximity to key services indicates that all
educational interventions may benefit from being more socially and physically connected, not
just EdTech.

While community-level infrastructure, like proximity to health and law enforcement,
was shown to be an important contextual factor linked to learning improvements, this should
be interpreted cautiously due to the exploratory nature of the research. Further research is
warranted to investigate how different types of infrastructure may influence learning in
diverse low-income settings. This will help identify which infrastructure investments are
most critical to enhancing learning outcomes within specific rural communities, as the current
results do not offer a straightforward solution. For example, EdTech initiatives are presented
as alternative learning provisions for children who live in remote locations and thus cannot
easily access schools (XPRIZE, 2019). However, the current research suggests that if the
communities are too physically isolated from amenities, the EdTech solution may not be as
effective as for more centrally located children.

As mentioned in Chapter 1, a prominent infrastructural challenge for implementing
EdTech in low-income countries is the cost. Digitally transforming education provision is a
costly, ongoing investment that may be beyond the reach of the lowest-income countries

(Antoninis, 2023). A review of EdTech provision in developing countries explored the cost of
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the hardware in existing initiatives, citing costs ranging from $150-200 per tablet or laptop
unit (Rodriguez-Segura, 2022). However, many programmes did not report the cost, or only
reported the cost per child without providing details about what this cost encompassed. This
highlights a lack of transparency when reporting EdTech initiatives, which may impede
decision-makers when trying to assess whether a learning solution is feasible in their setting.
Furthermore, onebillion can provide their customised Android tablet, ‘onetab’, at a cost of
$50 per unit when delivered at scale (minimum 1000 units), demonstrating that the costs of
tablets can be much lower depending on the hardware chosen (onebillion, 2020). The lifespan
of the tablet should span multiple years, further improving the cost for governments to
provide tablets to children for foundational learning (onebillion, 2022).

Despite hardware costs lowering over recent years, the true cost of an EdTech
initiative is often much higher than simply buying the hardware, even when implemented in
an out-of-school setting. Piloting, software, sensitisation processes, labour, and the initial set-
up of infrastructure all incur additional costs that need to be incorporated into an EdTech
business model, even when the children are learning autonomously (Chuang et al., 2021).
There are also substantial energy usage and connectivity costs if not using tablets and
software like those in the GLXP, which were solar-powered and functioned without the
internet (Chuang et al., 2021; XPRIZE, 2019). Furthermore, when implementing an EdTech
initiative with out-of-school children, a supply chain needs to be costed and planned for the
replacement of broken devices. Broken tablets were a common issue faced in the XPRIZE
competition (Chapter 6), and lack of ongoing distribution may threaten the sustainability of
tablet-based learning.

Another point to consider when costing an EdTech programme is the complementary
investments of extra (optional) infrastructure when trying to maximise the effectiveness for

both cost and learning improvements (Chuang et al., 2021). As this thesis has demonstrated
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the importance of community support or out-of-school learning with EdTech (Chapter 6),
additional infrastructure may include setting up learning centres where volunteers or staff can
provide facilitated learning sessions, as seen in existing initiatives (e.g. Stubbé et al., 2016;
Education Development Center, 2020). However, a sandbox event was held where the
EdTech Hub and onebillion partnered to explore the potential of scaling their Unlocking
Talent ‘onetab’ initiative nationally in Malawi (Longley, 2021). They explored three different
implementation methods for their EdTech programme: in learning centres, in school and at
home. It was found that using learning centres was significantly more expensive at $30 (per
child per year) than the other two options ($7 in school, $6 at home), deeming it too
expensive to scale nationally (Longley, 2021). However, the learning centres in this cost
example were not set up for out-of-school children. They were part of an ‘extraction model’
where facilities were built on the school campus, and students were removed from classrooms
to learn with the tablets. Therefore, it would be beneficial to investigate this comparison for
out-of-school children, assessing the cost difference between learning in the home versus in a
built-for-purpose learning centre. While self-led learning is a promising area for cost-
effectiveness, the importance of community support should not be underestimated
(Rodriguez-Segura, 2022). Important decisions would need to be made by weighing up the
costs and benefits of each option before deciding whether to implement an autonomous or
community-supported intervention.

As previously mentioned, proximity to services such as pharmacies is highly
influential for children’s foundational learning improvements. The importance of this extra
infrastructure means that governments have additional decisions to make when aiming to
maximise the effectiveness of EdTech implementation. Setting up localised facilities, such as
pharmacies or police stations, could be incorporated into the implementation process but

would likely be costly and not within limited educational budgets for low-income countries.
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Furthermore, if governments are unable to fund local schools in the rural areas this thesis is
targeting, it is unlikely that building extra pharmacies and local amenities is a feasible
possibility. However, it could be argued that as EdTech interventions can effectively improve
learning outcomes for out-of-school children (as in the GLXP), governments might consider
prioritising building pharmacies, police stations and other key services over putting schools
in these remote locations. One reason is that school infrastructure and teaching provision are
often poor-quality in developing countries, leading to stagnation in learning improvement for
children (Fomba et al., 2022; UNESCO, 2019). Building pharmacies and police stations is
multi-purpose, as their proximity to remote communities may promote safety and health and
facilitate tablet-based learning. As mentioned in Chapter 1, governments also prefer to invest
in tangible assets, such as buildings, so they might be more amenable to this solution,
particularly as healthcare and safety provision benefits the whole community (Passey et al.,
2016; Kaguo, 2011). To minimise the costs, facilities could be positioned within close
proximity to multiple communities where possible, similar to how the XPRIZE competition
placed their solar-powered charging stations. Ultimately, this research has shown that there
are prominent cost implications for implementing an EdTech programme within remote, low-
income communities. This leaves careful decisions to be made by the local and national
governments about whether the results are worth the infrastructural challenges, with cost
remaining one of the most difficult barriers to overcome.

This thesis offered unique insights into the impact of community-level factors,
including engineered geospatial features, on learning outcomes following an EdTech
intervention. Considering contextual factors is crucial to holistically evaluate interventions
and ensure contextually informed programme design (Nicolai et al., 2023). However, this
relationship between community-level contextual features and learning outcomes has never

been quantitatively explored before in EdTech research, not even in a school setting. At the

250



classroom level, Outhwaite et al. (2019) explored implementation themes that predicted
learning outcomes following a Maths-based EdTech intervention and found that ‘established
routine’ significantly predicted learning outcomes. A recent review exploring COVID-19
research to investigate the effectiveness of implementation contexts highlighted contextual
issues faced for out-of-school EdTech learning, such as stable electricity, connectivity, and
appropriateness of provided resources (Nicolai et al., 2023). However, as previously
identified, emergency COVID-19 learning provision is distinct from longer-term out-of-
school provision. Furthermore, contextual elements were considered important based on
measures of parental confidence, learner preferences and engagement (Nicolai et al., 2023).
The current research builds on this research by quantitatively linking relevant
contextual factors to learning improvements following an EdTech intervention using novel
data analytic methods. As these factors were shown to be highly influential, it would be
valuable to employ the same geospatial and machine learning methods in school-based
settings to determine the key contextual predictors of learning improvements in a traditional
setting. For example, in Tanzania, there is a national exam called the Primary School Leaving
Examination, which children must pass to progress to secondary education (UNESCO,
2024b). The exam results could be used to determine what predicts learning outcomes in a
school environment. Alongside the community-level factors utilised in the current research
(e.g. proximity to local services, number of buildings and roads in the villages), the influence
of school-level factors could also be studied for the first time, such as the size of the
school/classes and the number of teachers. Analysing the community-level factors for school-
based learning will help researchers and local governments understand what contextual
factors are specifically influential for EdTech interventions and which are broadly influential
for learning in these low-income contexts. Building on this research further with the school-

level contextual predictors (and existing classroom-level research) could inform decision-
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making by illuminating the organisational areas that should be prioritised when governments

are aiming to improve the quality of existing schools.

Implementation

At the community level, implementation was explored in Chapter 6 using key
informants from the competition. One of the key themes placed emphasis on the extent to
which children’s families, peers, and wider communities were believed to substantially
support their learning experience with scaffolding, support, and motivation. This suggests
that a responsive, helpful community may be pivotal to children learning with the EdTech in
an out-of-school setting. However, Chapter 5 analysed features based on whether the children
perceived themselves to receive support from their parents, siblings, and the village Mamas,
and did not find them predictive of children’s learning improvements. Although this seems to
undermine the importance of communities, these features were engineered based on questions
from the survey asking if an individual supported their tablet-based learning, with a yes/no
answer. The data was not on a scale, with levels of support assessed (low-high), and thus, it is
somewhat insufficient to establish in what capacity people supported the children’s learning
throughout the competition. Therefore, anecdotal evidence from key informants of the
competition may be a more reliable source of knowledge about the importance of
communities during the implementation process. A more objective measure of community
involvement and caregiver support may be necessary to reliably determine the role of the
community in learning with EdTech in out-of-school settings.

The identified importance of communities has pivotal implications for the success of
EdTech interventions with out-of-school children. The consistent support provided by
communities threatens the notion that children can learn autonomously with tablet-based
technology and a well-designed app. This suggests that to implement a successful EdTech

intervention, the technology and software cannot just be deployed to children without
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organising consistent support from the surrounding communities. As identified in Chapter 1,
most existing out-of-school initiatives in low-income countries already incorporate some
level of community-based support into their implementation programme, whether that is just
technical support, includes motivational feedback, or the facilitation of regular learning
sessions (i.e. informal teaching support; Stubbé et al., 2016; Brezael et al., 2016). The current
research provides evidence that community involvement is important for successful EdTech
interventions but highlights that further research is needed to identify which elements of the
support are most beneficial. While community support has been shown to be important,
EdTech interventions should involve an initial assessment of community receptiveness and
capacity for support. Pragmatically, future research might explore scalable community
support models, where high-touch engagement is initially provided but gradually tapered as
community familiarity and self-efficacy with the technology increase. The importance of
community-based scaffolding also implies that it is vital for local governments to establish
how receptive a community will be to an intervention before implementing it. Community
attitudes could influence a programme’s overall success (explored further under macro-level
factors), so they may inform key decisions around which communities to choose for
implementation. A flexible, phased approach to community support might be necessary,

allowing interventions to adapt to local needs and resources as they develop.

Levels of explanation not explored in this thesis

As highlighted, this thesis explored the app-level, child-level, and community-level
factors within an ecological model that may impact the foundational learning improvements
for out-of-school children using EdTech. However, two levels of the ecological model,
macro- and chrono-level factors, were not explored within the scope of this thesis. This

section highlights areas of priority within these levels of explanation and suggests future

253



research that could address these research gaps to build a fully comprehensive holistic view

of out-of-school EdTech provision.

Level of explanation: Macro

One level of explanation that was not specifically studied in this thesis is the macro-
level factors, such as cultural attitudes and governmental policies. However, Chapter 6
(Expert Elicitation) explored the implementation experiences of the GLXP, and two of the
resulting themes highlighted valuable points around the cultural experience within
communities.

One theme centred around the novelty of the technology, which caused initial
confusion and distrust within the communities. This highlights the importance of a careful
sensitization process for communities. This has implications for the implementation of
EdTech interventions in rural communities in Africa, as it may suggest that Western
implementers (as in the GLXP) should partner up with local researchers and educators to
develop and deliver sensitization processes. This can help ensure the sensitization process is
contextually appropriate and provides communities with a safe space to share their concerns
and questions.

Another theme generated in Chapter 6 was the importance of knowing and respecting
the specific cultural context of the location in which the intervention will be implemented.
This reinforces the need for a well-planned sensitisation process, but also challenges the
scalability potential of apps across different countries and cultures. However, existing apps
using tablet technology have been shown to be successful at improving learning outcomes in
different settings and countries. For example, onebillion have shown success in improving
maths outcomes using their specialised software and tablet-based technology in the UK,
Malawi, Brazil, Sierra Leone, and Tanzania (Outhwaite et al., 2019a; Pitchford & Outhwaite,

2016a; Outhwaite et al., 2020; Lurvink & Pitchford, 2023; XPRIZE, 2019). This suggests that

254



not all elements of the app need to be engineered to be culturally specific to the children’s
setting. As suggested in Chapter 6, the findings underscore the need for EdTech developers to
consider cultural context during implementation (Huntington et al., 2023b). Partnering with
local researchers and educators to design and deliver sensitisation processes can help ensure
that EdTech programmes are culturally appropriate and aligned with local values.
Additionally, developers should explore how collaborative learning features can be adapted
to support collectivist cultures, making them more effective for learners in these settings
(Nicolai et al., 2023).

While the expert elicitation themes touched upon the cultural attitudes and norms
during the competition, this macro-level factor remains underexplored throughout this thesis.
A limitation of the GLXP competition is that no follow-up research was conducted once it
was finished and the winners announced, as that was not within the scope of the
competition’s goals and timeframe. The nature of funded competition-based research means
that the XPRIZE Foundation had its next project to work on following the conclusion of the
trial. A follow-up study to evaluate long-term use and attitudes towards the tablets would
have been beneficial, especially as post-intervention research studies can inform long-term
implementation and sustainability and provide insights into the general acceptability of RCTs
within the target audience (Pegrum et al., 2013). As part of this PhD studentship, it was
originally planned that a follow-up study would be conducted in the Tanzanian villages. The
study would have used a combination of observational, survey, and interview techniques to
assess the prolonged use of the tablets once the competition had finished and the general
acceptability of the software (from children, parents, and the wider community members) as
an alternative solution where traditional schooling is not available. In 2020, a global COVID-
19 pandemic led to a national lockdown in the UK. It restricted travel to Tanzania from 2020-

2022 to reduce the spread of the virus, preventing the follow-up study from being carried out
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as planned. The potential of a follow-up study was reconsidered during the final year of study
in 2023, but XPRIZE would not be able to facilitate the research visit as previously planned
due to staffing changes, so a follow-up visit was not possible within the timeframe of this
studentship. However, future EdTech trials with this population would likely benefit from a
follow-up study to evaluate direct community attitudes and see if interest and use were
sustained over time. This should be planned into the initial research protocol so it can be

implemented in a timely and organised manner.

Level of explanation: Chrono

Another level of explanation not explored in this thesis was the chrono-level factors,
which are factors measured over time. The GLXP competition was focused on immediate
learning gains at the endline of the 15-month EdTech intervention. No sustained learning
gains were tested with longitudinal data, so this could not be analysed in the thesis. A second
result of the technology being novel was that children were interested and excited to learn
with the tablets, which was believed to drive engagement throughout the competition.
However, it remains unclear whether this interest and motivation will be sustained long-term
when the novelty of new technology has worn off. Whilst the effectiveness of EdTech
interventions has been established through RCTs, some results have shown that positive gains
often start to diminish over time, although there are early signs of sustained success in some
school-based research (Tauson & Stannard, 2018; Outhwaite et al., 2017). Additional
research is needed to identify and address factors influencing the sustainability of effects in
EdTech interventions and to employ follow-up or longitudinal methods to implement
interventions that allow long-term outcomes to be tracked effectively (Walton, 2018).
Determining whether interest and learning gains can be sustained is crucial to inform policy-
based recommendations, as governments have limited budgets and thus must invest in

learning solutions with the most long-term promise and impact.
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Another chrono-level factor that was not explored in this thesis is app updates of the
learning software used. In the competition, each finalist team was allowed to update their app
software once at a time of their choosing, changing any elements they wished to (XPRIZE,
2019). These changes were made based on any bugs identified and the weekly usage data
taken from the villages, in which time spent in activities within the apps was visible, but
achievement statistics were not. It would have been useful to conduct midline assessments
after each new version of the app is implemented to evaluate whether the updates had an
impact on learning or motivation, although the nature of the competition means this would
not have been feasible in the current intervention. This could help app developers evaluate
the influence of any big changes made to the software, such as the impact of specific app
features (e.g. increasing feedback within maths games).

Another factor that was not studied is the children’s development over time. This
could include their academic progress and engagement levels; these could be monitored using
midline and longitudinal assessments, as suggested for app updates. This would identify if
children made quicker academic progress as they build up their foundational skills from a
starting point of illiteracy and innumeracy. Building on this, it was shown in Chapter 2 (Case
study) that 276 (13.52%) of the children that participated were attending school by the time
of the endline assessment (March 2019). These were all out-of-school children at the start of
the competition period, as necessary for the aim of the trial. While an increase in children
having access to and attending school is highly positive, it does have important implications
for the data. There is no record of when the children began attending school, and introducing
such changes to the trial could confound the results, as it is impossible to know which
learning outcomes should be attributed to the intervention and which potentially were a result
of their school experiences. Results from Chapter 5 (Contextual Predictors) indicate that prior

school attendance is an influential predictor of learning outcomes at baseline (prior to any
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learning intervention), which may suggest that unplanned school attendance could also have
impacted the positive learning outcomes following the EdTech intervention. The timing may
suggest that the uptake in school attendance directly results from participation in the
competition (i.e.. because of an increase in motivation or change in parental attitudes), but
there is no evidence to confirm whether this is true. Building in the suggested midline
assessment may help combat the threat that changes such as newly attending school have on
the quality of the data collected for an out-of-school EdTech initiative, as it allows these
changes to be carefully tracked and incorporated into analyses.

Another aspect of children’s development not studied is their socio-emotional
development, which is their ability to learn fundamental skills such as self-concept, self-
efficacy, the ability to express themselves, and the ability to form and sustain relationships
with others (Rymanowicz et al., 2020). Socio-emotional data was collected by UNESCO at
both baseline and endline in the competition, assessing the children’s relationships, emotions,
and social skills (XPRIZE, 2019). However, this data was not available for analysis in this
thesis. If it was, social-emotional data could have been used to create pivotal child-level
features for the regression analysis that identified influential contextual predictors of learning
in Chapter 5. Furthermore, as the socio-emotional data was collected at both baseline and
endline, it would have been possible to evaluate developmental changes over time and assess
whether an EdTech learning intervention bolsters socio-emotional skills. Previous research
has shown that EdTech interventions can enhance socio-emotional skills in young children
(Vegas et al., 2019; Tauson & Stannard, 2018). If this could be shown in out-of-school
children in low-income countries, it would further illuminate the benefits of EdTech
solutions, strengthening the argument presented to governments about the advantages of

EdTech implementation.
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Reflections on the chosen outcome measures

While the XPRIZE team chose the outcome measures used for the Global Learning
XPRIZE, it is pivotal to critically review their use and potential limitations within the context
of the current research. The Early Grade Reading Assessment (EGRA) and Early Grade Math
Assessment (EGMA) are standardised methods used to measure foundational skills in literacy
and numeracy, which were the desired outcomes of the GLXP competition (Gochyyev et al.,
2019). The two assessments primarily assess basic skills, such as phonological awareness,
letter and number recognition, and basic arithmetic. They are unable to capture broader
competencies, such as problem-solving or critical thinking, which may limit their ability to
measure the full range of skills that can be developed through interactive EdTech and are also
crucial to children’s early literacy and numeracy development (Ochea & Hernandez, 2023).

Another potential limitation of using the EGRA and EGMA measurements is that
many children scored extremely low scores following the intervention (i.e. a score of between
0-10), indicating that there may have been a floor effect. This could mean that the EGRA and
EGMA were too difficult for the children, and potentially not sensitive enough to capture the
very early stages of skill acquisition and accurately reflect their learning gains (Gochyyev et
al., 2019). This may be a more prominent issue in the current research, as although designed
for early grade learning assessment, the EGRA and EGMA are not designed with the specific
context of out-of-school children in mind, who may be older or at different developmental
stages. If the adaptation process is insufficient, the assessments may not capture children’s
learning in a way that is meaningful to their day-to-day experiences and lives, particularly in
a context like rural Tanzania where multiple dialects are spoken and the cultural environment
can vary hugely (Huntington et al., 2023a; Ochea & Hernandez, 2023).

To better capture learning outcomes, future research could complement EGRA and

EGMA by adding broader assessment tools that measure cognitive, digital, and problem-
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solving skills. For example, digital literacy tools like the Multiple Indicator Cluster Survey
(MICS)’s Foundational Learning Skills could provide a more holistic view of children’s
learning outcomes. This would be particularly useful when testing out-of-school children, as
their learning trajectory may be less linear than for those in traditional schooling, and thus a
more nuanced approach may be necessary to adequately capture learning progress (Gochyyev
etal., 2019; Ochea & Hernandez, 2023).

If an alternative test was needed to avoid the floor effect evidenced in the current
research, the Annual Status of Education Report (ASER) could be a suitable replacement.
The ASER is designed to measure the most basic literacy and numeracy skills, and is widely
used in rural, low-income settings in countries across Sub-Saharan Africa, India and Pakistan,
making it contextually suitable (Banerji et al., 2013; Banerji & Chavan, 2021). Its simplicity
and scalability make it a highly effective tool for assessing learning in low-resource, informal
contexts, and it has proven applicability across various education systems and contexts
(Banerji et al., 2013; Banerji & Chavan, 2021).

In summary, although EGRA and EGMA was a sensible choice for the GLXP,
incorporating more sensitive and culturally relevant assessments alongside EGRA and
EGMA may better capture the full scope of children’s learning progress in low-resource, out-

of-school contexts.

Theoretical model of EdTech learning for out-of-school children

As evidenced throughout this chapter, investigating an EdTech intervention with out-
of-school children through the lens of a new ecological model has illuminated that multiple
mechanisms influence foundational learning improvements at each level of explanation. This
suggests that to understand an EdTech intervention with out-of-school children, you cannot

focus on one singular level of explanation. Figure 11 incorporates the findings from this
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thesis into the initial model introduced in Chapter 1, creating an updated ecological model
depicting the driving mechanisms behind learning with EdTech for out-of-school children.
Influential factors were added to the model, while any features found not to positively impact
learning outcomes for out-of-school children were removed (e.g. feedback as an app feature).
This builds on the work of Outhwaite (2019), who created an ecological model for
Maths app-based learning in school settings and then embedded multiple findings from
studies conducted with the ‘onebillion’ app within the framework. While the school-based
model had primarily different focus areas, comparisons can be made between the findings
embedded within the two models to identify similarities and differences between school-
based and out-of-school learning with EdTech. Outhwaite (2019) found that learning gains
are not associated with SES. While child SES was not directly studied within this thesis,
caregiver profession was used as a proxy for parental SES. It was found that out of all
professions studied, unemployed caregivers were the biggest predictors of learning
improvements (Chapter 5), which consolidates Outhwaite’s findings. This suggests that
across all environments, EdTech interventions may help all children learn regardless of their
socioeconomic backgrounds, highlighting the potential for low-income children. Another
child-level finding from Outhwaite’s model was that progression in the apps is dependent on
the child having sufficient proficiency in the language of instruction (Outhwaite, 2019). This
thesis evaluated the importance of language from an app-level perspective rather than child-
level. Providing accessibility via language demand was found to be highly influential across
domains and genders, supporting Outhwaite’s prior findings by emphasising the importance
of language skills for all children. The research suggests that either apps need to be simple
and clear enough for children with lower language proficiency, or the children need to have
proficient language skills. In a low-income environment where language proficiency is likely

to be low and children are more likely to have SEND (Moumen, 2023), incorporating simple
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language within learning apps is advisable to minimise barriers to access for EdTech-based
learning.

Several key differences were also found between the two models, which may be
because of the differing learning environments. One such difference is the fact that Outhwaite
(2019) found that learning gains were not associated with child engagement. While child
engagement was not directly measured in this thesis, the two winning apps of the GLXP
greatly embodied ‘engagement in the learning process’ as an app feature, and it was arguably
the most influential app feature for improving learning outcomes across both domains and
genders. Therefore, this contrast may suggest that facilitating engagement with the app is
more important for out-of-school children than children in a school environment. This is
unsurprising, as out-of-school children are required to work more autonomously than children
in schools, with less structure and support, so they rely on higher levels of engagement from
the app itself to keep them interested. At the contextual level, in a school environment,
Outhwaite (2019) found that teacher support and supervision was not associated with app-
based learning gains. However, this thesis demonstrated that community support was found
to be critical to the children’s learning success, and that caregivers and wider community
members supported the learning process with motivational encouragement, peer-based
learning opportunities, and providing a safe space to learn (Chapter 6). Comparing the two
models has highlighted key differences in the influence of child and contextual factors on
learning gains following an EdTech intervention in both school and out-of-school
environments. This supports the development of a new model for out-of-school children, as it
demonstrates that the different contexts in which EdTech is implemented makes a crucial
difference to the holistic approach needed to facilitate learning gains with an EdTech

intervention.
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As suggested above, future research would be highly valuable to further build this
model, particularly for the macro- and chrono-levels that were not formally evaluated in this
thesis. This would be beneficial to create a fully holistic model for out-of-school children,
making a critical contribution to educational policy and practice in low-income countries

where additional methods of learning are required.
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Figure 11

Thesis results embedded within the multi-level model for predictors of learning improvement for out-of-school children using an EdTech

intervention
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Note. Within the app level of the model, bold text indicates broadly influential features, and * indicates where an app feature is influential but
interacts significantly differently across domains and genders. The grey parts of this model highlight the levels that were not studied within the

scope of this thesis, so the factors hypothesised to be influential require further examination.
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Value of mixed-methods approach

The use of a mixed-methods approach to examine the app, child, and community-
level predictors throughout this thesis was valuable for several key reasons. Firstly, as
mentioned in Chapter 2, the combination of different analytical methods - namely inferential
statistics, data analytics and thematic analysis - allowed for a more robust exploration of
predictors of out-of-school learning on three differing levels of explanation. Combining
research methods was necessary to comprehensively answer the primary aim of this thesis. It
helped to address the weaknesses of each individual approach and maximise what can be
discovered with the provided data. For example, traditional statistics (e.g. linear regression)
could have been used to identify app features that predict learning improvements, but the use
of the Bradley-Terry model and SHAP analysis (Chapter 4) allowed for a more sophisticated
analysis that identified the ‘relative weights’ or importance of each feature in relation to one
another. It is the first time that the relative importance of educational app features has been
analysed, and this knowledge will be extremely useful for app developers to prioritise
pedagogical features when designing learning app software.

The most significant novelty of the research in this thesis is the use of data analytics
and machine learning methods, as well as the ways these techniques were implemented, to
evaluate EdTech interventions in out-of-school settings. As identified in Chapter 2, big data
research is scarcely utilised in the EdTech field, with researchers yet to discover its true
potential (Longley, 2022; EdTech Hub, 2022). Recent research has used machine learning
methods in school-based research (without EdTech) to determine the key predictors of
educational outcomes in areas such as literacy, maths, and language (e.g. in Vietnamese
primary schools, Musso et al., 2020; and a review of university-based research, Ofori et al.,

2020). These classification models are also used to identify which children are low or high
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achievers (as in Chapter 4), intended to create targeted learning interventions for the lowest
achievers (Musso et al., 2020). However, the previous research does not evaluate what factors
influence learning improvements over a period of time, but just their educational outcomes at
the point of testing to create a prediction model that characterises high or low achievement.
While this thesis created a similar baseline prediction model (Chapter 5), it also built on this
research by evaluating what external factors influence learning improvement, presenting
more comprehensive results that can be carefully studied to inform design for future EdTech
interventions. For the first time, these prediction models were built for out-of-school children.
This is pivotal as out-of-school learners are a distinct population, so school-based prediction
models are unlikely to be generalisable and relevant for this demographic (Giraldo et al.,
2021).

As part of the contextual predictors research in this thesis (Chapter 5), multiple
features were engineered using open-source geospatial data files accessed from online
repositories, such as the number of buildings and roads in the villages. Other geospatial
features were created by using this data and online mapping services (e.g. OpenStreetMaps)
to calculate distances from the villages to local amenities. Using geospatial data in this
manner is a novel technique for educational research that showcases just a few possibilities of
how online data can be manipulated and incorporated into EdTech evaluations. The increased
availability of big data as EdTech distribution increases in low-income countries (e.g. tablet
usage data; Longley, 2022) and the exponential development of Al-assisted mapping services
(e.g. the Building Footprints project; Microsoft Bing, 2020) provide many possibilities and
potential for the quality of educational research in coming years. Incorporating geospatial
data with EdTech research should enhance the informed recommendations made for policy

and practice, as it will mean that they are data-driven, dynamic, and relevant to the specific
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country or context they are targeting. It is crucial that these opportunities are capitalised on

during this period of learning stagnation and crisis.

Conclusion

This thesis utilised existing EdTech interventions - through the GLXP competition -
to explore app, child, and community-level predictors of foundational learning improvements
for out-of-school children in rural villages in Tanzania. A novel multi-methodological
approach was adopted to examine predictors at multiple levels of explanation and determine
how relevant mechanisms influence learning with tablet-based technology.

Six key pedagogical app features were found to be influential for learning, as they
were embodied strongly across the two winning apps of the XPRIZE competition. Three of
the apps were centred around the software's accessibility, demonstrating that this is important
for all children, not just those with SEND. Some app features were influential for all learners
across domains, while others were differently influential depending on gender and domain,
highlighting that there is no one-size-fits-all solution to app design for out-of-school children.

To successfully implement a learning app, this thesis has shown that it is important to
consider child and community-level contextual factors. For the first time, it has been
demonstrated that community-level predictors are more influential than child-level features
for predicting learning improvements, showing the importance of feeling physically and
socially connected to the learning process. Discussion around the implementation of the
GLXP highlighted how important community-based support is to the success of an EdTech
intervention, which questions the feasibility of purely autonomous learning with tablet-based
technology. Careful sensitisation processes could be used to explore a middle ground that
balances community-based support with a level of autonomous learning in remote

communities.
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Ultimately, this thesis explored predictors of learning on three different levels of
explanation before embedding the results into a new ecological model for out-of-school
children. The model helps to enhance the limited theoretical understanding of how out-of-
school children learn with tablet-based technology. It has led to several recommendations for
future research to build on these findings further across different contexts and populations.
The results of this thesis highlight the potential of tablet-based technology as an alternative
learning provision for out-of-school children. If influential mechanisms are carefully
incorporated into the design and implementation of EdTech interventions, they may support
the most marginalised learners, such as girls and children with SEND. This has pivotal
implications for educational policy and practice in low-income countries when leveraging

EdTech solutions to try and address the global learning crisis.
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Appendices

Appendix A: Search strategy used to identify out-of-school learning intervention studies for

Chapter 1 - Introduction & Literature Review.

Search string
((Child* OR adolescen* OR teen* OR youth) AND (Out-of-school OR “out of school” OR
“no* educat®’) AND (Mobile tech* OR smartphone OR laptop OR tablet) AND
(Intervention OR competition OR program* OR trial OR increas* OR decreas* OR address*
OR change* OR impact OR prevent* OR support* OR improv*) AND (Learn* OR educat*))
Countries
LMICs were identified based on the World Bank classification, last updated in 2022 (World
Bank, 2022b). This identifies 136 countries as eligible. Rather than incorporate them into the
search string, studies from high-income countries were excluded during the title/abstract and
full-text screening stages.
Search
Literature searches were conducted in the following:
1. Academic databases, including:

- Scopus

- ProQuest

- ERIC

- Web of Science

- JSTOR

- ScienceDirect

- PsychINFO

- DOAJ
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- Project MUSE

- |EEE

- Child Development and Adolescent Studies
- IBSS

- Literature Online

British Education Index

2. Research groups, including EdTech Hub, M-Education Alliance, The World Bank,
RTI International.

3. NGO'’s, including UNESCO, WFP, UNICEF, Save the Children, Imagine Worldwide
and the International Rescue Committee (IRC).

4. A grey literature search was conducted for difficult-to-locate studies, conference

proceedings, PhD theses, policy documents, and research reports.

Appendix B: Contextual survey questions that the XPRIZE Foundation asked the children

and their caregivers at the pre-test and/or post-test sessions for the GLXP competition

Select questions from the following were chosen to be engineered into features, based
on what the literature base suggested may be important for learning (see Chapters 2 and 5 for
further details).

Questions asked at baseline

Questions for the child:

How old are you?

Were you enrolled in school this past year?

If yes, in what grade?

If yes, how often did you go to school this past year?

If no, why didn’t you go to school?
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Did you eat any food before you arrived here today?

Apart from your school books, are there books, newspapers or other materials for you to read

at home?

How often do you read out loud to someone at home?

How often does someone read to you at home?

Have you ever used a device like this before [tablet]?

Have you ever used a device like this before [smartphone]?
What language do you normally speak with your family at home?
Questions for the caregiver:

What is your relationship with the child?

Are you the head of the household?

If no, what is the relationship of head of household to the child?
How old is the participating child?

Do you know the child’s birth month?

Do you know the child’s birth year?

Has the child ever attended school?

If yes, in what type of school?

In what grade?

If no, what prevented the child from going to school?

What is the highest level of schooling you have reached?

Has anyone in your household completed a higher level of schooling than you?

If yes, specify level.

How many older siblings does the participating child have?

Among the older siblings, how many know how to read and write?

How many younger siblings does the participating child have?
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Among the younger siblings, how many know how to read and write?

What language or languages would you say you read well?

Please describe the primary type of work you do to support your family.

What language do you normally speak in your household?

Does your family have electricity in your home?

Where do you normally get your water from at home?

How is food most often cooked at your home?

What type of toilet does your family use at your home?

Does your household have a:

Radio or cassette/tape recorder?

Mobile phone?

Lantern?

Table?

Television?

Bicycle?

Motorbike?

Cattle?

What is the main building material used for the walls of your home?
What is the main building material used for the roof of your home?
Have you ever used a device like this before [tablet]?

For further communication, can you give us a telephone contact?
Do you own the phone for the number you provided?

What type of phone do you have/use?

Questions asked at endline (all directed to the child):

How old are you?
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Were you enrolled in school this past year?

If yes, in what grade?

Are you attending school now with other children?

If yes, what kind of school?

If yes, how often do you go to school/attend lessons?

If no, why didn’t you go to school?

Does the village Mama help you use or learn from your tablet?

Does any adult in the home help you use or learn from your tablet?
Does any sibling in the home help you use or learn from your tablet?
Does anyone else help you use or learn from your tablet?

Apart from your school books, are there books, newspapers or other materials to use in your
home?

How often do you read out loud to someone at home?

How often does someone read to you at home?

Since you got the tablet, how often do you use it?

Appendix C: List of variables reported in the primary XPRIZE dataset relating to the

EGRA/EGMA tests.

The variables below, shown in Table A1, relate to the data collected at the baseline
test. This has been shortened where there were many questions for the same theme (e.g.
Syllable Sounds 1-100 - the repetition has been explained in brackets to indicate how many

questions this covered).

Table Al
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A table depicting the variables collected from the baseline EGRA/EGMA tests administered

in 2017 during the GLXP competition

Variable Name Variable Label

treat_alpha
village_id

id
child_name_tablet
pg_child_name_Base
district

ward

village

kitongoji
new_child_Base
enumerator_Base
start_time_Base
orf _Base
csspm_Base
cwpm_Base

cnonwpm_Base

printl_Base

print2_Base

Alphabetic Treatment Assignment
VILLAGE_ID

id

cq_child_name

pg_child_name

District

Ward

Village

Kitongoji

Child not at Baseline

Enumerator conducting assessment
Test start time?

Oral Reading Fluency

Correct Syllable Sounds Per Minute
Correct Words Per Minute

Correct Invented Words Per Minute

1. On this page, where would you begin to
read? Please show me with your finger.
2. Now show me in which direction you

would read next.
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Variable Name

Variable Label

print3_Base

syll_soundl_Base

syll_sound_score_Base

syll_sound_time_remain_Base
syll_sound_score_pcnt_Base
syll_sound_score_zero_Base
syll_sound_auto_stop_Base
syll_sound_attempted_Base

syll_sound_attempted_pcnt_Base

fam_wordl Base

fam_word_score_Base

fam_word_time_remain_Base
fam_word_score_pcnt_Base
fam_word_score_zero_Base
fam_word_auto_stop_Base
fam_word_attempted Base

fam_word_attempted_pcnt_Base

3. When you get to the end of the line, where
would you read next?

Syllable Sound; Item 1 (repeated for items 1-
100)

Total correct Syllable Sound questions.
Time remaining when finished answering
Syllable Sound questions?

Percentage of questions correct.

Student scored zero on section.

Could the child not complete any questions?
Number of questions attempted.

Percentage of attempted questions correct.
Familiar Word; Item 1 (repeated for items 1-
50)

Total correct Familiar Word questions.
Time remaining when finished answering
Familiar Word questions?

Percentage of questions correct.

Student scored zero on section.

Could the child not complete any questions?
Number of questions attempted.

Percentage of attempted questions correct.
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Variable Name Variable Label

Invented Word; Item 1 (repeated for items 1-
invent_wordl Base 50)
invent_word_score_Base Total correct Invented Word questions.

Time remaining when finished answering

invent_word_time_remain_Base Invented Word questions?
invent_word_score_pcnt_Base Percentage of questions correct.
invent_word_score_zero_Base Student scored zero on section.
invent_word_auto_stop_Base Could the child not complete any questions?
invent_word_attempted_Base Number of questions attempted.
invent_word_attempted_pcnt_Base Percentage of attempted questions correct.

Oral Reading Word; Item 1 (repeated for
oral readl Base items 1-42)
oral _read_score_Base Total correct Oral Reading Word questions.

Time remaining when finished answering

oral read time remain_Base Oral Reading Word questions?
oral_read_score_pcnt_Base Percentage of questions correct.

oral read score_zero Base Student scored zero on section.

oral read auto_stop Base Could the child not complete any questions?
oral_read_attempted_Base Number of questions attempted.
oral_read_attempted_pcnt_Base Percentage of attempted questions correct.
read_comp_score_pcnt80_ Base Child understood 80% or more of the passage

Child understood 80% or more of what they

read_comp_attempted_pcnt80_Base read in the passage
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Variable Name

Variable Label

read_compl Base
read_comp2_Base
read_comp3_Base
read_comp4_Base

read_comp5_Base

read_comp_score_Base
read_comp_score_pcnt_Base
read_comp_score_zero_Base
read_comp_attempted_Base
read_comp_attempted_pcnt_Base
list_compl Base

list_ comp2_Base

list_ comp3_Base
list_comp4_Base

list_comp5_Base

list_comp_score_Base
list_comp_score_pcnt_Base
list_comp_score_zero_Base
list_comp_attempted_Base

list_ comp_attempted pcnt_Base

Reading Comprehension; Item 1
Reading Comprehension; Item 2
Reading Comprehension; Item 3
Reading Comprehension; Item 4
Reading Comprehension; Item 5
Total correct Reading Comprehension
questions.

Percentage of questions correct.
Student scored zero on section.

Number of questions attempted.

Percentage of attempted questions correct.

Listening Comprehension; Item 1
Listening Comprehension; Item 2
Listening Comprehension; Item 3
Listening Comprehension; Item 4
Listening Comprehension; Item 5
Total correct Listening Comprehension
questions.

Percentage of questions correct.
Student scored zero on section.

Number of questions attempted.

Percentage of attempted questions correct.
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Variable Name

Variable Label

dict_gla Base

dict glb_Base

dict_glc Base

dict g2 Base

dict_g3_Base

dict_g4_Base

write_photo_captured_Base

write_photo_url_Base

caddpm_Base

csubpm_Base

cnumidpm_Base

currl Base

curr2_Base

[d] Please copy the letters on this page onto
the paper that | have given you.

[m] Please copy the letters on this page onto
the paper that I have given you.

[e] Please copy the letters on this page onto
the paper that I have given you.

Please copy the word on this page onto the
paper that | have given you. [kapu]

Please write the sentence: Nyumbani kwenu
ni wapi? (Where do you live?)

Please use your own words to write a short
response to the question that you have.
Writing Subtask Photo Captured?-Baseline
Writing Subtask URL- Baseline

Correct Addition Problems Per Minute
Correct Subtraction Problems Per Minute
Correct Number Identification Problems Per
Minute

1. Here are two piles of coins. Please show

me which pile has more coins in it.

2. Here are some Tanzanian banknotes.

Please tell me how many bank notes there are
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Variable Name

Variable Label

curr3_Base

currd_Base

curr5_Base
curr_score_Base
curr_score_pcnt_Base
curr_score_zero_Base
curr_attempted_Base

curr_attempted_pcnt_Base

num_id1l Base

num_id_score_Base

num_id_time_remain_Base
num_id_score_pcnt_Base
num_id_score_zero_Base
num_id_auto_stop_Base
num_id_attempted Base

num_id_attempted_pcnt_Base

3. Please tell me how many shillings those
banknotes represent altogether.

4. Please tell me how many shillings those
banknotes represent altogether.

5. Here is a picture of something that | want
to buy. This is the price [point t

Currency Score

Currency Percent Score

Did Child Score Zero on Currency Subtask?
Number of Items Attempted

Percent Correct of Attempted

Number Identification; Item 1 (repeated for
items 1-20)

Total correct Number Identification
questions.

Time remaining when finished answering
Number Identification questions?
Percentage of questions correct.

Student scored zero on section.

Could the child not complete any questions?
Number of questions attempted.

Percentage of attempted questions correct.
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Variable Name

Variable Label

quant_compl_Base

guant_comp2_Base

quant_comp3_Base

quant_comp4_Base

quant_comp5_Base

quant_comp6_Base

[7,5] Look at these numbers. Tell me which
number is bigger.

[16, 23] Look at these numbers. Tell me
which number is bigger.

[39, 23] Look at these numbers. Tell me
which number is bigger.

[1/3, 1/4] Look at these numbers. Tell me
which number is bigger.

[65, 67] Look at these numbers. Tell me
which number is bigger.

[77, 67] Look at these numbers. Tell me

which number is bigger.

The endline questions are not included as the exact same tests were administered and

variables collected. The following variables were provided in the data that measure

differences between the baseline and endline tests, as shown in Table A2.
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Table A2

A table depicting the variables engineered from the baseline-endline EGRA/EGMA tests

administered in 2017 and 2019 for the GLXP competition

Variable Name

Variable Label

syll_sound_score_pcnt_gain
fam_word_score_pcnt_gain
invent_word_score_pcnt_gain
oral _read_score_pcnt_gain
read_comp_score_pcnt_gain
list_comp_score_pcnt_gain
num_id_score_pcnt_gain
quant_comp_score_pcnt_gain
mMIiss_num_score_pcnt_gain
word_prob_score_pcnt_gain
addlvl2_score_pcnt_gain
add_score_pcnt_gain
sublvl2_score_pcnt_gain
sub_score_pcnt_gain
syll_sound_score_zero_gain
fam_word_score_zero_gain
invent_word_score_zero_gain
oral _read_score_zero_gain
read_comp_score_zero_gain

list_comp_score_zero_gain

syll_sound_score_pcnt Baseline to Endline Gain
fam_word_score_pcnt Baseline to Endline Gain
invent_word_score_pcnt Baseline to Endline Gain
oral_read_score_pcnt Baseline to Endline Gain
read_comp_score_pcnt Baseline to Endline Gain
list_comp_score_pcnt Baseline to Endline Gain
num_id_score_pcnt Baseline to Endline Gain
quant_comp_score_pcnt Baseline to Endline Gain
miss_num_score_pcnt Baseline to Endline Gain
word_prob_score_pcnt Baseline to Endline Gain
addlvl2_score_pcnt Baseline to Endline Gain
add_score_pcnt Baseline to Endline Gain
sublvl2_score_pcnt Baseline to Endline Gain
sub_score_pcnt Baseline to Endline Gain
syll_sound_score_zero Baseline to Endline Gain
fam_word_score_zero Baseline to Endline Gain
invent_word_score_zero Baseline to Endline Gain
oral_read_score_zero Baseline to Endline Gain
read_comp_score_zero Baseline to Endline Gain

list_comp_score_zero Baseline to Endline Gain
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Variable Name

Variable Label

num_id_score_zero_gain

quant_comp_score_zero_gain
MIsSS_num_score_zero_gain

word_prob_score_zero_gain

addlvl2_score_zero_gain
add_score_zero_gain
sublvl2_score_zero_gain
sub_score_zero_gain
syll_sound_score_gain
fam_word_score_gain
invent_word_score_gain
oral_read_score_gain
read_comp_score_gain
list_comp_score_gain
num_id_score_gain
quant_comp_score_gain
miss_num_score_gain
word_prob_score_gain
addlvl2_score_gain
add_score_gain
sublvl2_score_gain
sub_score_gain

orf_gain

num_id_score_zero Baseline to Endline Gain

quant_comp_score_zero Baseline to Endline Gain

miss_num_score_zero Baseline to Endline Gain

word_prob_score_zero Baseline to Endline Gain

addlvl2_score_zero Baseline to Endline Gain
add_score_zero Baseline to Endline Gain
sublvl2_score_zero Baseline to Endline Gain
sub_score_zero Baseline to Endline Gain
syll_sound_score Baseline to Endline Gain
fam_word_score Baseline to Endline Gain
invent_word_score Baseline to Endline Gain
oral _read_score Baseline to Endline Gain
read_comp_score Baseline to Endline Gain
list_comp_score Baseline to Endline Gain
num_id_score Baseline to Endline Gain
quant_comp_score Baseline to Endline Gain
miss_num_score Baseline to Endline Gain
word_prob_score Baseline to Endline Gain
addlvl2_score Baseline to Endline Gain
add_score Baseline to Endline Gain
sublvl2_score Baseline to Endline Gain
sub_score Baseline to Endline Gain

orf Baseline to Endline Gain

338



Variable Name

Variable Label

csspm_gain
cwpm_gain
cnonwpm_gain
caddpm_gain
csubpm_gain

cnumidpm_gain

csspm Baseline to Endline Gain
cwpm Baseline to Endline Gain
cnonwpm Baseline to Endline Gain
caddpm Baseline to Endline Gain
csubpm Baseline to Endline Gain

cnumidpm Baseline to Endline Gain
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