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Abstract

Research is lacking on developing adaptive learning applications for training health workers in
low-resource settings making student modelling approaches supporting individualised learning
to remain largely unexplored. This study targeted a clinical training intervention using
smartphones in a low-resource context to explore if clinicians’ performance patterns can be
differentiated into distinctive groups based on an inferred proficiency level using cluster analysis.
We also explored the applicability of Knowledge-Component (KC) cognitive learning models -
Additive and Performance Factor Models (AFMs, PFMs) - in describing these patterns and their
accuracy in predicting performance. The intervention provides simulation training on
contextualised management of new-born resuscitation through a series of learning interactions
that elicit responses through multiple-choice answers and interactive tasks. AFMs and PFMs
were used to explore the impact of previous exposure to KCs within the learning intervention on
learner performance. We demonstrate that effectiveness of low-dose-high-frequency training
might be linked to successful attempts in previous learning sessions. Additionally, there exists
intermediate and expert cadres of health workers who would benefit more from cascading-
challenge scenarios. From these results, we propose a preliminary cognitive learning model as a
basis for adaptive instructional support on smartphones for clinical training in low-resource
settings.
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1. Background

Sub-Saharan Africa (SSA) produces over 24% of the global disease burden but only
has 3% of the global health workforce [1, 2]. This severe workforce shortage, coupled
with health workforce skill imbalance and maldistribution, and lack of training
opportunities are major contributors to the poor quality of neonatal care outcomes in
the region [3]. Mobile technologies (smartphones and tablet computers) have shown
potential to address this learning challenge in SSA, given their uptake rate (around 30-



50% of adult populations) and pattern of usage (around 30-35% use it to access internet
for information sourcing) [4, 5]. A typical health worker in this setting works very long
hours, would find it hard to pay personally for face-to-face training, is likely unable to
spend much time or money on learning online, and the institution they work for would
usually also be constrained financially from funding further training [6, 7].
Consequently, their learning must be flexibly integrated into very busy working lives
and mechanisms for reinforcing learning must be strengthened. There is little evidence
from low-resource contexts such as Africa of learning interventions that are cognisant
of this context, that take into account individual health workers’ initial and continuing
clinical training needs, and that deliver tailored learning content, feedback and
resources in light of skill mastery and performance as they continue to develop
knowledge through it (i.e. adaptive learning) [4, 8, 9].

Such learning adaptations are common in the Intelligent Tutoring Systems
(ITSs) literature, where while not necessarily cognisant of contexts like SSA,
learner interactions within the digital learning platform tend to be tracked as a
sequence of student-driven steps [10]. That is, when a student attempts a
learning task (step), the ITS records whether it was successful, whether any
system-initiated assistance was provided, and may provide instructional
support based on the learner’s performance. These kinds of data points are
what are used for student learning needs’ modelling and subsequently adapting
content [11]. The learning tasks that produce these data points represent
unique Knowledge Components (KC) which reflect learning “...concepts,
principle, fact, skill, schema, production rule, misconception..." [12]. The
most common student modelling approaches for KCs are Additive Factor
Models (AFMs) [13], and Performance Factor Models (PFMs) [14], and
detailed explanations of these are provided in the next section. Appreciating
that reinforcement of KCs is useful, interventions in emergency care training
in low resource settings have tended towards face-to-face group training and,
more recently, have used low-dose high-frequency (LDHF) in-person training
in group settings (but did not utilise technology) [15, 16]. Evidence of the
successful implementation of student-modelling approaches on digital
platforms in clinical training in order to facilitate adaptive learning and
improve learning outcomes is scarce [17], and virtually non-existent for
emergency care training in low income settings [18]. In high income settings,
despite the important role of smartphones in facilitating personalised learning,
there is still a lack of research investigating mobile-based ITSs [19]. These are
the gaps that ITS are yet to systematically address. Additionally, differences
between learners' achievement goal orientations (such as skill mastery-
intrinsic, mastery-extrinsic, performance-approach, performance-avoidance
etc.) [20] and how that is reflected in the uptake of smartphones-based learning
approaches in low-income settings is largely unexplored. Inclusion of such
metrics in reporting the rate of progress in gaining experience or new skills
(i.e. learning curves) and learning outcomes in digital-based clinical training
interventions is rather sparse [21]. Such metrics would arguably help inform



the successful implementation of digital training platforms to bridge the skills
gap in clinical care provided in low-income settings where low-cost highly
accessible training opportunities are hard to come by.

1.1. Additive Factor Models (AFMs) And Performance Factor Models (PFMs)
Student-step data are important in breaking down the level of skill mastery in dealing
with any emergency care rapid response and specifically what constitutes skill mastery.
Skill-mastery has commonly been conceptualised as the odds of learners completing a
task correctly as a linear function of the prior opportunities they had for the learning
task, conditioned on skill difficulty (i.e. AFMs). It has also been commonly
conceptualised as the odds of learners completing a task correctly after taking the
correctness of learners’ responses into account based upon previous performance
features such as the number of previous successful and unsuccessful practices (i.e.
PFM). Additive Factor Models (AFM) are used to evaluate conjunctive skills in
learning data. Its additive nature is due to a linear combination of skill parameters
determining p;; described in the equation below:
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Where: i represents student i, j represents step j, k represents knowledge
component/skill k, p;; is the probability that student i would be correct on step j, 0; is
the coefficient for proficiency of student i, B is coefficient for difficulty of the
knowledge component or skill k, Qy; is the Q-matrix cell for step j using skill k, yy is
the coefficient for the learning rate of skill k, Nj; is the number of practice opportunities
student i has had on the skill k. Q-matrices are used to represent the relationship
between individual steps and knowledge components, typically encoded as a binary 2-
dimensional matrix with rows representing knowledge components and columns
representing steps [11]. AFM posits that the probability of a learner getting a step
correct is proportional to the amount of required knowledge they already know,
together with skill difficulty and amount of learning opportunity they have been already
exposed to [13]. On the other hand, Performance Factor Models (PFMs) given by the
equation below, seek to predict performance on the current item using the entire history
of success and failures on previous items addressing the same student step [22]. It
estimates the different effects of practicing learning opportunities.

logit(pije) = 0; + B + a;Syje + pyFije )

Where: i represents student i, j represents step j, 8; is the coefficient for proficiency
of student i, B; is coefficient for difficulty of the step j, X;j; is binary correct/incorrect
outcome for student i at step j on trial ¢, S;j; is the count of previous success up to trial
t, Fyj; is count of previous failures, up to trial ¢, p;j; is Pr(Xijt = 1). Due to PFA’s
linear structure, it may still yield implausible parameters e.g. estimating that practice
on a skill is associated with a decrease in the probability that the learner will correctly



answer a problem on that skill: To address this challenge, parameters are artificially
restricted [23].

1.2 The intervention

The Life-Saving Instruction for Emergencies (LIFE) project [24] -which is the platform
this research uses- is a serious games platform intended for use with low-cost
smartphones to provide training in the care of very sick neonates, particularly in low
resource settings with the hope of expanding it to include other clinical care scenarios.
It evolves scenario-based teaching where the components being assessed emphasise the
tenets of paediatric critical care with early recognition of children who need immediate
care. This is achieved by using game-like training techniques to reinforce the key steps
that need to be performed by a healthcare worker to manage an emergency, an approach
commonly referred to as serious gaming [25, 26]. Consequently, it follows a specific
ordering of clinical care-giving algorithms with each learning task being timed. The
learner starts a scenario which provides some background information to the learning
task, and on each learning task, must provide input either through multiple choice
questions, selection of items necessary for the learning task, or performing on-screen
interactive tasks (e.g. navigating to equipment, switching on machines etc.) (Figure 1).
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Fig 1. Selected screenshots of LIFE application

On each incorrect attempt by the learner, standardised feedback is provided with the
option of more information and the learner must repeat until they successfully respond
to the question before being allowed by the smartphone application to proceed. The end
of the scenario is signalled by a crying baby indicating that the baby is now breathing,
with a breakdown of scores by quiz provided. The scenario model that is used is one
that replicates Emergency Triage, Assessment and Treatment plus admission care i.e.
ETAT+ face-to-face training approach training that is validated [27, 28]. The ETAT+
content it adapts has already been used to train over 5,000 healthcare workers and 2,000



medical students across Eastern and Southern Africa, and now East Asia [27, 28]. LIFE
is meant to be accessible at scale by healthcare providers and able to function off-line
on low-end smartphone devices and provide self-regulated training opportunities akin
to continuous professional development at almost no cost. We don’t know have much
evidence about adaptive learning in this context and using these types of interventions.

The aim of this study was to analyse data from a mixed cohort of LIFE users
to: (1) Explore existence of learning patterns indicative of individual
differences between players; (2) Compare AFM and PFM directly on a
learning dataset derived from clinical training on smartphone devices to
evaluate their predictive accuracy of learners’ performance in a low-income
context; (3) Propose a preliminary cognitive model of learning as a basis for
adaptive student-step instructional support on smartphone devices for a low-
income setting based on the observed behaviours in (1) and (2). This was done
to generate a working model for how adaptive learning might work as a basis
of an ITSs model.

2  Methods

2.1  Study design, setting and participants

This study was a retrospective observational study [29] of healthcare providers from
both public and private hospitals in Kenya, in clinical cadres such as nurses, clinical
officers and medical doctors, with experience levels varying from students to
consultants. Participants were enrolled into the study through a combination of
snowballing and convenience sampling strategy. Recruitment occurred through use of
peer referrals among clinicians, private professional social network accounts, regional
clinical meetings, medical conferences, medical training institutions and local
hospitals. In total, 187 participants were recruited. The eligibility criteria for inclusion
were that the participants had to be either in training for, or active in, clinical care.
Therefore, the participants included those with experience in offering clinical care.

2.2 Study Variables, And Data Management

The LIFE version used in this study provides simulation training on the contextualised
management of new-born resuscitation through a series of sixteen learning interactions
that elicit responses from learners in the form of multiple-choice answers or performing
interactive tasks. At the end of a successful completion of simulation tasks, the platform
provides performance score feedback based on the learner’s first attempt at each
learning interaction. Data collection was through Android-based LIFE smartphone
application, which would securely transmit a copy of anonymised data to a Google
Firebase distributed database. For the purposes of the proposed analysis, the outcome
of interest was specified as getting each answer correct on the first try. The variables of
interest were time spent on learning task, number of previous tries (i.e. opportunities)
per learning task, and whether hints had been provided for each unique try per learning
task.



23 Statistical Methods, Missing Data, And Sensitivity Analyses

Data manipulation and statistical analyses were performed using R software’s glmer
and TraMineR packages [30-32]. Variables of interest are reported using their mean
value and standard deviation. Longest Common Subsequence (LCS) cluster analysis
[31] was used to explore whether there existed differentiable student learning
trajectories from the sequence of their performance on LIFE content on first try. LCS
was used to ensure that the conjunctive nature of LIFE content (steps to resuscitate a
neonate in distress) was factored into how learning trajectories are derived. Time on
task, hint usage and previous opportunities on the learning task were used as illustrative
variables to explore how the derived clusters vary by these features. In the second phase
of analyses, Additive Factor Model (AFM) and Performance Factor Model (PFM) were
used to construct a cognitive model based upon the learning behaviours and
performance data observed from LIFE, and to explore the ability of these models to
make predictions on the patterns of learning by adult students using LIFE platform in
low-income context and for clinical training. Finally, from the analyses we propose a
model for implementation of adaptive personalised learning on smartphone devices for
clinical training in low-resource settings. For the purposes of analysis, users with
missing data (i.e. incomplete learning session on LIFE) were omitted. However, to
evaluate whether excluding observations with missing data would bias the results,
analysis of the difference in means for the features of interest between the complete and
missing data group was conducted. The sensitivity of the prediction accuracy for AFM
and PFM is reported as both the average classification accuracy from 10-fold cross-
validation [33] of the dataset, and the area under curve (AUC) computed from training
the models on 70% of the data and testing their performance on remaining 30% (test
dataset). This was done to assess how well these models can distinguish between unseen
learner performances on the seen ETAT+ content delivered through LIFE and evaluate
if these models were overfitting the learning data.

3 Results

The data reported were observed between 23 April 2018 and 13 October 2018. Of
the 187 users recorded as having downloaded and started playing the LIFE game in this
period, 77 learners (41.17%) completed a full learning session. Table 1 describes all
learners who attempted to use LIFE, divided into those who had a complete learning
session and those who did not complete a learning session. Due to inability to collect
demographic data within the LIFE application at the time of data collection, a detailed
breakdown of participants’ backgrounds is not possible. LIFE training session data
from non-completers of the game was not included in subsequent analyses as we are
confident of minimal bias due to only using the complete dataset in the subsequent
analysis given that we demonstrated non-significant differences in indicators of interest
between completers and non-completers (Table 1). Only data from learners who
completed a session were used in subsequent analyses. The use of the dataset with
complete learning sessions was to ensure that analysis was reflective of the sequentially
conjunctive nature of LIFE content (ordered steps to resuscitate a neonate in distress)
and learner’s actual performance across all quiz items.



Table 1. Summary statistics of pilot data from LIFE game play

Complete* | Incomplete**
Indicator P-Value'
Mean SD Mean | SD

Time spent on each question 12.78 9.19 14.57 | 10.96 0.228
(in seconds)

Number of feedback messages provided 0.26 0.44 0.32 0.46 0.369
for failed attempts per question i.e.
feedback

Cumulative tries on a question across 2.18 2.72 2.62 34 0.328
sessions i.e. Opportunities

Average performance (%) *** 55.66 | 28.08 | 49.02 3142 0.132

Note:

E*Learners who completed at least one session: N=77,

**Learners who did not complete at least on learning session: N=110.

¥¥%yerage performance based on number of quizzes attempted.

*From evaluating if there is a difference in the mean of the values between 'Complete’ and
E’Incomplete’ groups

From the cluster analysis, learner performance could be categorised into three
distinctive groups based on inferred proficiency level to reflect individual differences
(Figure 2). The identification of the three clusters was guided by the Point Biserial
Correlation, Average Silhouette Width, and Calinski-Harabasz indices [34]. From
Figure 2, quiz two -which was about the selection of equipment necessary for
resuscitation- appeared problematic for all learners, with beginners performing poorly
across all quizzes, while learners in the intermediate cluster struggled in quizzes
between five and eight. Learners in expert category had exemplary performance that
improved with subsequent quizzes. This also suggests the need to classify the
‘difficulty’ of the questions as well as the learners. From the variables in Table 1, there
was no substantive difference in the odds of the time taken to complete a learning task
between the ‘beginner’ and ‘expert’ proficiency cluster (Table 2). A possible
explanation for this might be that beginners might be guessing a lot and experts know
so both appear to be quick. However, the relevance of time spent on learning task for
the ‘intermediate’ proficiency cluster was almost twice the odds of the other two. As
expected, provision of feedback on incorrect attempts significantly predicted
membership to the ‘beginner’ group unlike the other proficiency categories, with
learners in this category having almost twice the odds of being provided with this type
of feedback compared to the other groups (Table 2).



£ o o

Probabiltiy Correct

N

.

.

.

g FLELTT]

CEE SR \H |||
Q1 Q2 Q3 Q4 Qs Q6 Q7 Qs Q9 Q

10 Qi1

m Beginner (N=22) = Intermediate (N=19) m Expert (N=36)

Fig 2: Distinctive clusters of learning trajectories as defined by performance. Y axis respresents
proportion of answers that are correct.

The effect of previous opportunities at attempting the quiz was significant across all
proficiency groups, with ‘expert’ proficiency group associated with a better use of these
opportunities than the other proficiency groups. Based upon the observed behaviours
reported in Table 2, we sought to apply common cognitive models (AFM and PFM)
and evaluate their ability to explain student performance in this setting.

Table 2. How learner proficiency clusters vary by learning metrics

Beginner Intermediate Expert

Predictors Odds — gsopcr 0485 gs5opcp  OUS  gsep 0
Ratios Ratios Ratios :

Task Time 0.67***  (0.53-0.85 | 1.94*** | 1.53-2.46 | 0.69** 0.52-0.90
Opportunity 0.90** 0.83-0.97 | 0.90** 0.84-0.97 | 1.17*%%* @ 1.10-1.25
Feedback 1.89% 1.02-3.50 | 0.95 0.50-1.78 | 1.16 0.53-2.51
Learners, N (%) @ 22 (28.6%) 19 (24.7%) 36 (46.8%)
Nagelkerke’s R? | 0.214 0.065 0.226
Note: *** = p-value < 0.001, ** = p-value <0.01, * =p-value < 0.05

The outcome of interest was getting the answer correct on first try. The independent
variables were a combination of the KCs (quizzes), opportunities and cluster
membership. The exploratory hypothesis was that membership in these learner clusters
(beginner, intermediate, and expert) would be associated with progressively better
learning rates and behaviours for utilisation of time on task, feedback and when skill
difficulty and opportunities at knowledge components are considered. From the results



of the AFM and PFM student modelling analyses, in general, as expected, (1) the odds
of a learner completing a learning task correctly increased based on the proficiency
clusters, from ‘beginner’ to ‘expert’ clusters, and (2) the time on learning task had a
significant positive effect on the odds a learner in ‘intermediate’ cluster completing a
learning task correctly given prior opportunities they had had at the learning task and
conditioned on skill difficulty. However, the use of feedback on incorrect attempts had
a significant positive effect for increasing the odds of completing the learning task in
the ‘intermediate’ group when the number of prior opportunities at the learning task
were considered.

Table 3: Results from student modelling based on learning opportunity modes

AFM Prediction PFM Prediction

Predictors . Estimates 95% CI | Estimates 95% CI

Task Time -0.04%** -0.06 —-0.03 -0.05%** -0.07 —-0.03

Feedback (Ref: No Feedback) -0.04** -0.07--0.02 -0.04 -0.07 - 0.00

Ref: Beginner

Intermediate 0.14%** 0.11-0.17 0.16%** 0.12-0.20

Expert 0.35%** 0.32-0.37 0.39%** 0.35-043

Task Time (Ref: Beginner)

Task Time (Intermediate) 0.03 ** 0.01 -0.05 0.04** 0.01 -0.07

Task Time (Expert) -0.01 -0.03 - 0.01 0.01 -0.02 - 0.04

Feedback (Ref: Beginner)

Feedback (Intermediate) 0.05* 0.01 - 0.09 0.04 -0.02-0.10

Feedback (Expert) 0.02 -0.02 - 0.06 0.06* 0.01 -0.11

AIC/BIC 2023.6/2159 1844.3/2044.7

Nagelkerke’s R? 0.467 0.384

Note: *** = p-value < 0.001, ** = p-value <0.01, * =p-value < 0.05, N = 1663

It is also shown to have a positive effect on the odds of learning outcome in the ‘expert’
group, when previous opportunities were broken down into successful and unsuccessful
attempts on learning task (table 3). Overall, across all proficiency groups, previous
successes were associated with a better rate of a progress in gaining experience or new
skills i.e. learning curves. However, there was an unexpected activation of a significant



positive association from previous failures in the intermediate proficiency group, who
continued to attempt learning tasks despite initial decline in learning rate, which in the
long run — was associated with increasingly better learning outcomes (Figure 3).
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Fig 3. LIFE learning curves from performance factor model

The evaluation of how accurate these cognitive models are in constructing and
predicting the learning behaviours and performance data observed from LIFE was
tested on 30% of the data with 70% being used as training set. From a 10-fold cross-
validated model evaluation on the training set, AFM had an accuracy of 68% while
PFM had an accuracy of 71%. When the models were tested on the 30% of the data set
not used in training them, AFM had and AUC score of 77% while PFM had a score
81%. In both instances, PFM outperformed AFM in accurately predicting and
distinguishing the performance from ‘unseen’ students on LIFE knowledge
components. While the R-squared values reported paint AFM to be better than PFM for
modelling LIFE learning data, the accuracy and AUC scores indicate that the AFMs
might be overfitting the data more than PFM, given relatively weaker performance in
prediction of learning data from ‘unseen’ students on ‘seen’ steps. Overall, it would
appear that PFM model has best model performance (Table 3), minimises bias of
overfitting compared to AFM, and explains learner behaviour relatively well.

4 Discussion

4.1 Summary of Findings

The aim of this study was to explore users’ learning patterns from a smartphone based
clinical training intervention in low-income settings and explore which student
modelling approaches are best representative of the learning performance and
intervention use behaviour. This was done to provide a basis for proposing a cognitive
model of adaptive learning on smartphone devices for a low-income setting based on
the observed learning behaviours. From analyses, based on patterns of performance on
LIFE content, three proficiency learner groups were uncovered: beginner, intermediate
and expert. The time spent on learning tasks between the beginner and expert groups
was similar, with intermediate proficiency group spending almost twice as much time



on each knowledge component compared to the other groups (Table 2). Despite initial
failures, learners in the ‘intermediate’ proficiency group demonstrated positive learning
gains in the long run with each subsequent opportunity on learning task (Figure 2). This
might be indicative that the experts know the content, beginners guess and learners in
the intermediate group try to think. In general, previous successes were most influential
in producing higher learning gains with previous failures having the opposite effect on
‘beginner’ and expert groups. While ‘beginner’ group used feedback hints
approximately 50% more than the other groups (Table 2), it was the ‘expert’ group that
was able to capitalise on usage of use of hints for higher learning gains (Table 3). For
LIFE content delivered through smartphone, the predictive accuracy of 80% for
performance factor models was moderately good [35] and is comparatively better than
use of additive factor models. This would make it more appropriate in constructing
cognitive model of learners who use LIFE for clinical training.

4.2  Relation To Other Studies

The emphasis of emergency care training in low resource settings to use low-dose high-
frequency (LDHF) training is not new but has been recently introduced in SSA [36].
Our findings support this approach by demonstrating how learning gains are most
improved where the opportunity to learn is high. This is commonly done to facilitate
gains in knowledge and skills within health workers [16]. However, this study goes
further by demonstrating that in general, gains in the effectiveness of high-frequency
low-dose training might be linked to successful attempts in previous training sessions.
Additionally, we found within health workers, a cluster of learners (intermediate and
experts) who would arguably benefit more from challenging scenarios which require
more time in reflection. How different clinical training intervention use metacognitive
scaffolds to improve knowledge gains is not new[37-39], but hardly present in research
from low resource settings [18]. Moreover, while using adaptive learning demonstrates
significantly better knowledge gains than alternatives [37-39], the current LDHF
training models —which are not adaptive to individual learner needs- are still the most
commonly implemented models of learning, usually face-to-face, and at a very high
cost [15, 16, 36]. This study further explores how the use of smartphone devices to
deliver clinical training using short simulation-based learning activities, can begin to
accommodate self-regulated learning over time, which have been show to optimise
learning in similar settings [40].

4.3  Implications of Findings

From our findings, in low resource settings, LDHF scenario-based clinical training
conditioned on skill difficulty and learner proficiency, might produce higher
cumulative learning gains where previous opportunities at the learning task are
successful. Additionally, such education interventions might need to accommodate
learners who prefer to struggle, who take their time in making attempts, who
purposefully underutilise feedback, preferring repeated unguided attempts. While this
might not be true for all learners, using smartphone devices to offer LDHF clinical
training is yet to adopt ways to pin-point differentiated learning preferences that might
guide better instructional design. Given the limited data used for these analyses,
additional qualitative work will be conducted to validate the findings. For interventions



such as LIFE, where the content (neonatal resuscitation) is implicitly time-sensitive,
time spent on learning task might not necessarily reflect learners’ adoption of that
assumption. Rather, it might be more indicative some of the learners individualised
achievement goals which are arguably not linked to getting high performance in the
shortest time possible but rather, taking time to reflect on the learning concept(s). This
however, might not be true for all learners. From our smartphone intervention, a
cognitive model for clinical training in low-resource settings using smartphone devices
might be better served if it encourages repeated practice, while allowing learners to take
control of how long they prefer to struggle on knowledge components, with feedback
as a way out. From our findings, this would allow for learners who are activated to learn
in presence of both past failures and successes respectively, while offering more
support to those in most need, such as beginners.

4.4  Limitations

While AFMs and PFMs models had reasonably moderate performance on LIFE data,
the relatively low accuracy of cross-validation values on figure is disconcerting. This
might be due to the low numbers of observations analysed in the whole study in general,
making it challenging to provide more accurate estimates. However, given that the data
collected is from a pilot -arguably unique- study looking at the utility of digital learning
metrics in prediction of skill-mastery for clinical training in low-income settings, it
sheds light into a previously underexplored topic. This limitation can be addressed at a
later stage as we continue to generate data to support the evidence base of these kinds
of interventions. Further qualitative studies will be conducted to support interpretation
of findings. While this study’s sample is hardly generalisable, its inclusive constitution
(from students to consultants, in all clinical cadres) makes it highly informative as a
realistic data source on developing cognitive models for adaptive emergency care
training on smartphone platforms delivered to health workers in low income settings.
We are yet to find a comparable student-step data source (and studies) for this subject
in this context.

5 Conclusions

In this study, we analyse the smartphone-based learning patterns for a clinical training
intervention in low-income settings and explore which cognitive approaches are best
representative of the learning performance and intervention use behaviour. Overall, this
research found that in scenario-based learning approaches can extend low-dose high-
frequency training approaches offered through smartphone devices, by targeting
differentiated learner groups whose learning rates significantly vary. While in general,
they all share positive learning gains from previous successes at learning tasks, among
them, are those whose use of time on learning tasks in combination of presence of past
failures, produced positive learning gains. Additionally, hints through feedback are
utilised more by those with ‘low’ proficiency but produce significantly higher learning
gains in those with higher proficiency. Future work will explore the comparative
effectiveness on learning outcomes, of differentiated feedback conditioned on
proficiency level in low-dose high-frequency training approaches delivered through
smartphone devices.
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