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ABSTRACT 
Modelling healthcare providers’ knowledge while they are 

gaining new concepts is an important step towards 

supporting self-regulated personalised learning at scale.  

This is especially important if we are to address health 

workforce skills development and enhance the subsequent 

quality of care patients receive in the Global South, where a 

huge skills gap exists. Rich data about healthcare providers’ 

learning can be captured by their responses to close-ended 

problems within conjunctive solution space -such as clinical 

training scenarios for emergency care delivery- on 

smartphone-based learning interventions which are being 

proposed as a solution for reducing the healthcare skills gap 

in this context. Together with sequential data detailing a 

learner’s progress while they are solving a learning task, this 

provides useful insights into their learning behaviour. 

Predicting learning or forgetting curves from 

representations of healthcare providers knowledge is a 

difficult task, but recent promising machine learning 

advances have produced techniques capable of learning 

knowledge representations and overcoming this challenge. 

In this study, we train a Long Short-Term Memory neural 

network for predicting learners’ future performance and 

forgetting curves by feeding it sequence embeddings of 

learning task attempts from healthcare providers from 

Global South. From this training, the model captures nuanced 

representations of a healthcare provider’s clinical knowledge 

and their patterns of learning behaviours, predicting their 

future performance with high accuracy. More significantly, 

by differentiating reduced performance based on spaced 

learning, the model can help provide timely warning that 

helps support healthcare providers to reinforce their self-

regulated learning while providing a basis for personalised 

instructional support to aid improved clinical outcomes from 

their professional practices. 
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1. Background 
Low- and Middle- Income Countries (LMICs) like those in the 

Global South produce more than 20% of the global disease 

burden but only has 3% of the global health workforce [1-3]. 

This severe trained workforce shortage, coupled with skill 

imbalance, maldistribution, and lack of training 

opportunities are the key contributors to almost half of 

avoidable deaths globally, especially when it comes to critical 

care provided to children under the age of five [3-5]. Sub-

Saharan Africa (SSA) has the highest overall risk of death 

within the first 24 hours of life, reporting 38% of global 

neonatal deaths  [4, 5]. Costs of face-to-face refresher 

training in the SSA region remain prohibitively high and 

significantly constrained by the socio-economic, political and 

institutional landscape [6-8]. This presents a significant 

challenge of how workers can be (re)training and upskilled 

economically in these contexts where the need is most urgent 

and the impact most felt. 

Smartphone-based digital learning solutions have shown 

potential to address this challenge in these contexts, given 

their increasing uptake rate and pattern of usage [9, 10]. This 

provides a platform for interventions that are scalable and 

easily accessible in these regions. Additionally, they provide 

an avenue for the introduction of adaptive instructional 

support, which has been shown to significantly outperform 

teacher-led large-group instruction, non-adaptive computer-

based instruction, and paper-based instruction, in enhancing 

learning [11]. However, these studies tend to be typically in 

high-resource settings and outside clinical care [11]. Such 

learning adaptations are common in the Intelligent Tutoring 

Systems (ITSs) literature, where learner interactions with 

the digital learning platform tend to be tracked as a sequence 

of student-driven steps [12]. When a student attempts a 

learning task (step), the ITS records whether the learner was 

successful, and whether any system-initiated assistance was 

provided, and may provide instructional support by 

restructuring the learning content path, feedback provided, 

or content presentation, based on the learner’s evaluated 

proficiency [13]. The learning tasks represent unique 

Knowledge Components (KC) which tend to be some 

generalisation of learning “…concepts, principles, facts, or 

skills, and cognitive science terms like schema, production 

rule, misconception…" [14].  



Emergency neonatal care training courses for SSA contexts 

are typically scenario-based where the components being 

taught emphasise the steps in critical care needed for early 

recognition and treatment of new-born babies who need 

immediate care and hospitalization. Consequently, a specific 

order of steps of a clinical algorithm is followed, where the 

probability of new-born surviving is dependent on delivering 

the key steps in the correct sequence, with each step being 

timed. We have implemented such a scenario-based training 

intervention on a smartphone.  

1.2 The Intervention  
Life-Saving Instruction for Emergencies (LIFE) [15] is a 

gamified platform for use with low-cost smartphones to 

provide training in the care of very sick new-born babies, 

particularly in low-resource settings, with the aim of 

expanding it to include other clinical care scenarios. It is 

based on face-to-face scenario-based teaching where the 

components being assessed emphasise the tenets of neonatal 

critical care with early recognition of new-borns who need 

immediate care being key. This is achieved by using game-

like training techniques to reinforce the key steps that need to 

be performed, an approach commonly referred to as serious 

gaming [16, 17]. 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). 

 

 

Figure 1: Sample screenshots from LIFE application 

For each incorrect attempt by the learner, feedback is 

provided with the option of more information and the 

learner must 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 the 

score provided. The scenario model that is used is one that 

replicates Emergency Triage, Assessment and Treatment 

plus admission care (ETAT+), a face-to-face training 

approach training that has already been validated [18, 19]. 

ETAT+ content 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 [18, 19]. 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 low marginal cost. 

1.3 Prior Work On Knowledge Tracing 
Given that we are trying to capture aspects of a healthcare 

provider’s knowledge mastery over a sequence of 

conjunctive ordered tasks, the aim is to map and predict the 

learner input sequence (𝒙𝟏, 𝒙𝟐, … , 𝒙𝑻) to an output sequence 

(𝒚𝟏, 𝒚𝟐, … , 𝒚𝑻). That is, when a student attempts a learning 

task (step), a record is kept of whether the attempt was 

successful (𝒚) linked to the learning task (𝒙). Generally, the 

knowledge tracing task can be formalized as follows: given a 

learner’s historical interactions X= 𝒙𝟏, 𝒙𝟐, … , 𝒙𝒕 up to time t 

on a Knowledge Component (KC), it predicts some aspects of 

their next interaction 𝒙𝒕+𝟏 [20]. Previously, Bayesian 

Knowledge Tracing (BKT) models have been used to model 

the knowledge states of KCs using Hidden Markov Models 

(HMM) [21]. The hidden states in the HMMs represent the 

student’s knowledge state which indicates whether they 

have mastered the KCs. However, some of the BKT modelling 

assumptions are impractical: BKT assumes that forgetting 

does not occur; the KCs are treated as being mutually 

independent; its typical implementation does not allow for 

learners to have different learning rates; it  assumes that all 

students have the same probability of knowing a particular 

skill at their first opportunity [22]; and it suffers from the 

problem of multiple global maxima when trying to estimate 

model parameters [23]. 

To address some of the shortcomings of BKTs, Learning 

Factors Analysis (LFA) and their different modalities such as 

Performance Factors Analysis (PFA) [24] have been 

proposed. They model student knowledge states using 

logistic regression models in order to deal with the multiple 

KCs issue while incorporating student ability into the model. 

They exploit the number of successes or failures of a learner’s 

attempt at a KC to predict whether the learner has acquired 

understanding about the KC. Although they can handle a 

learning task that is associated with multiple KCs, they 

cannot deal with the inherent dependency among KCs [25]. 

Recently, Recurrent Neural Network (RNN) models have 

been applied in an approach called Deep Knowledge Tracing 

(DKT) [26]. These RNNs, have been found to robustly predict 

student performance on the next learning task, given prior 

performance [27]. We hypothesis that even in a “vanilla” 

form, they are a suitable neural network architecture for our 

analysis, given that they perform well on sequence modelling 

tasks in other domains [27]. To map the input (𝒙𝟏, 𝒙𝟐, … , 𝒙𝑻) 

to an output sequence (𝒚𝟏, 𝒚𝟐, … , 𝒚𝑻), the input vector 

undergoes a series of transformations via a hidden layer, 

which captures useful latent information in the form of a 

sequence of hidden states (𝒉𝟏, 𝒉𝟐, … , 𝒉𝑻). More concretely, at 

time-step t, the hidden state 𝒉𝑻 is the encoding of the past 

information. Mathematically, this is represented as: 



              ℎ𝑡 = tanh(𝑊ℎ𝑥𝑥𝑡 +  𝑊ℎℎℎ𝑡−1 + 𝑏ℎ)                  (1) 

              𝑦𝑡 = 𝜎(𝑊ℎ𝑦ℎ𝑡 +  𝑏𝑦)                                               (2) 

where both the hyperbolic tangent tanh(…) and the sigmoid 

function 𝜎(…) are applied in an element-wise manner. The 

model is parameterised by a weight matrix W and a bias 

vector b with appropriate dimensions. To control what 

information should be stored and used for predicting some 

aspects of the next interaction 𝒙𝒕+𝟏, a popular variant of RNN 

known as Long Short-Term Memory (LSTM) RNN 

architecture is commonly adopted [28]. LSTM achieves this 

by incorporating three gates to mimic human memory: forget 

gate 𝒇𝒕 , input gate 𝒊𝒕, and output gate 𝒐𝒕 which control a 

memory state 𝒄𝒕. Mathematically, these are calculated based 

on the current input of 𝒙𝒕 and the previous hidden state 

𝒉𝒕−𝟏 as: 

                      𝑓𝑡 = 𝜎(𝑊𝑓[𝑥𝑡, ℎ𝑡−1] + 𝑏𝑓)                               (3) 

                      𝑖𝑡 = 𝜎(𝑊𝑖[𝑥𝑡 , ℎ𝑡−1] + 𝑏𝑖)                                 (4) 

                     𝑜𝑡 = 𝜎(𝑊𝑜[𝑥𝑡, ℎ𝑡−1] + 𝑏𝑜)                                 (5) 

Where […] denotates concatenation. 𝒇𝒕 decides what 

information to forget from the previous memory cell state 

𝒄𝒕−𝟏, while 𝒊𝒕 decides what new information ĉ𝒕 is added to the 

recent cell state 𝒄𝒕. Therefore, 𝒄𝒕 depends on the previous cell 

state after forgetting with new information added from 𝒊𝒕. 

Eventually, the output gate 𝒐𝒕 determines what information 

should be extracted from 𝒄𝒕 to form the hidden state 𝒉𝒕. 

These can be expressed mathematically as follows: 

                           ĉ𝒕 = 𝑡𝑎𝑛ℎ(𝑊𝑐[𝑥𝑡, ℎ𝑡−1] + 𝑏𝑐)                         (6) 

                           𝑐𝑡 = 𝑓𝑡 ⨂ 𝑐𝑡−1 +  𝑖𝑡 ⨂ ĉ𝑡                                  (7) 

                           ℎ𝒕 = 𝑜𝑡 ⨂ tanh (𝑐𝑡)                                           (8) 

Where ⨂ denotes elementwise multiplication. This allows 

LSTMs to store information that occurred in the distant past, 

making it more robust in its capability to trace knowledge 

than a vanilla RNN. The unfolded RNN that we used for LIFE 

to represent a high-level interpretation of a DKT architecture 

is illustrated in Figure 2. In the DKT model used in this study, 

an additional embedding layer was used (Figure 2). This 

allows for the LSTM-based DTK to capture more information 

about a learner’s trajectory and capture the temporal 

relationships within the sequence effectively, as 

demonstrated elsewhere [29]. 

Arguably, LSTMs mimicking of memory better supports 

knowledge tracing by accounting for learning ‘history’, based 

on the recency and outcome of completed learning tasks. 

This can be done to ensure that the conjunctive nature of 

LIFE content (steps to resuscitate a neonate in distress) are 

factored into the prediction of healthcare workers learning 

trajectories. 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[30, 31], and virtually non-

existent for emergency care training in low-income settings 

[32, 33]. 

 

 

 

Figure 2: Illustration of LSTM model used 

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 [34]. 

Thus, we do not have much evidence through empirical 

examples supporting how learning analytics such as DKT can 

be implemented in LMICs context to support self-regulated 

learning at scale for healthcare providers on low-end 

smartphone devices. Additionally, we do not have evidence 

of if and how the healthcare providers’ length of learning 

trajectories used in knowledge tracing affects the ability to 

predict some aspects of their next interaction for this 

conjunctive solution space of clinical training. Finally, we are 

yet to find an empirical basis that explores prediction 

performance while explicitly addressing skill decay over 

time. The emphasis on skill decay over time rests in the risk 

implications for patient outcomes in this context. This study 

represents efforts to start addressing the aforementioned 

research gaps. 

The aim of this study was to determine: (a) given a healthcare 

provider’s sequence thus far in the emergency care tasks 

they have prescribed, whether we can accurately predict the 

healthcare provider will successfully complete the next 

caregiving task, (b) how this prediction is affected by the 

healthcare provider’s spacing of their own learning, and (c) 

how this prediction varies by learner’s performance. This 

research’s intended practical implication for the future is to 

advance evidence on how learning analytics can integrate a 

wholistic approach by undertaking research that aims to 

understand and optimise the learning process on platforms 

that increase both scale and access of the learning 



interventions for all students across all contexts, especially 

those from under-represented contexts in learning analytics 

research e.g. Sub-Saharan Africa [35].  

2 Methods 

2.1 Study Design, Setting And Participants 
This study was a retrospective observational study [36] of 

healthcare providers from both public and private hospitals 

in Low- and Middle-Income Countries (LMICs), 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 snowball and convenience sampling strategy. 

Recruitment occurred through use of peer referrals among 

clinicians, publicised through (a) private professional social 

media and social network accounts, (b) regional clinical 

meetings, (c) clinical conferences, (d) medical training 

institutions, (e) local hospitals and (f) international clinical 

professional forums focused on health systems in LMICs. In 

total, 697 participants were recruited. The eligibility criteria 

for inclusion were that the participants had to be healthcare 

providers from LMICs either in training for, and/or actively 

providing bedside clinical care.  

2.2 Study Variables, And Data Management 
The learning scenario used in this study provides simulation 

training on the contextualised management of newborn 

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 

outcome of the learner’s first attempt at each learning 

interaction. Data collection was through the Android-based 

LIFE smartphone application, which would securely transmit 

a copy of anonymised student-step data to a Google Firebase 

distributed database. For the purposes of the proposed 

analysis, the outcome of interest was specified as getting the 

next try correct given previous attempts at the learning 

scenario. The variables of interest were time spent on 

learning task, number of previous tries (i.e. opportunities) 

per learning task, and whether feedback had been provided 

for each unique try per learning task. Demographic data from 

study participants was optional and collected using an ‘opt-

in’ mechanism since ethical review process required an extra 

informed consent process for any other type of data that was 

not student-step data. It included years of experience, clinical 

cadre (i.e. role) and the age-bracket.  

2.3 Model Training 
A student’s trajectory consists of k learning task submissions, 

which represent how far they got in providing the emergency 

care needed (i.e. the number of attempts they made at 

learning tasks) within the LIFE game. Each task represents a 

question that they had to respond to. Additionally, time taken 

to complete the task, level of feedback provided on incorrect 

try, cumulative count of opportunities at the specific learning 

task, and time since last attempt, were captured with each 

submission. These data points were converted into 

embeddings (meaningful vector representations of feature 

combinations from an individual learner’s submissions) for 

use within the LSTM model, similar to the one described in 

[37] and illustrated in Figure 2. Embeddings consisting of 

user identifier, quiz component identifier, time to complete 

task (recoded as an incremental counter for every 3 seconds 

passed), level of feedback provided, hours passed after last 

attempt and cumulative opportunity at the current task were 

created and concatenated for each submitted attempt at 

learning task. This model utilised previous temporal 

information; e.g. at timestep t, it utilised all embeddings from 

timestep in the last t-1 timesteps. 

We used a two-layer deep LSTM. To make the prediction at 

the end of the sequence i.e. the last timestep, we pass the 

hidden state at the last timestep through a fully connected 

layer and then a sigmoid layer. The output y from the 

prediction layer – which is a sigmoid layer - is an estimated 

probability distribution over two binary classes, indicating 

whether the healthcare provider would successfully solve 

the current task t given their past performance. For 

objectives B and C, predictions from the LSTM model output 

were evaluated after being grouped by the learning spacing 

categories and learner performance respectively.   

From the learning data, 20% was held-out as test dataset. Of 

the remaining 80%, in each of the 1000 forward and 

backward passes over the training dataset (i.e. epochs), the 

model would hold-out 50% of randomly selected samples 

from the training dataset as a validation dataset. The use of 

multiple epochs aids in finding optimal model parameters 

which minimise the training and validation losses. We used 

Adam [38] as the model’s stochastic gradient optimizer 

together with a Tanh activation function [39] for the deep 

layers of the model, with Adam’s learning rate set to 0.0005. 

To minimise overfitting, we used early stopping for the 

number of epochs, and set at 50% the fraction of the hidden 

layer units to drop in the model during the transformation of 

both the hidden layer and the recurrent state [40, 41]. In 

addition, L2 weight regularization was employed to smooth 

oscillations over training loss, in order to avoid overfitting 

and reduce generalisation error [42], with the weight decay 

rate set to 0.001. 

2.4 Model Evaluation 
We employed different evaluation metrics including the 

Accuracy metric for calculating how often predictions 

matches labels in the validation dataset as an optimising 

strategy. The models’ performance was evaluated on the 

held-out test dataset (20% of the samples generated from 

sliding window approach which is explained in the next 

section), with area under a curve (AUCROC), F1 score, and 

accuracy being used as evaluation metrics. The model set to 

evaluate learner prediction performance based on temporal 

sequence of learners’ input responses in LIFE. In efforts to 

train a model that uses the same dense function applied at 

every time (in our case positional) step, a time-distributed 

layer was included, which allowed to make a prediction at 

every timestep t based on the hidden state at t. The 



performance would be evaluated using the already described 

metrics at every temporal slice provided in the data samples. 

2.5 Statistical Methods, Missing Data, And 
Sensitivity Analyses 

Data manipulation and statistical analyses were performed 

using Python 3.7.4 and Tensorflow 1.13.1  [43, 44].  In order 

to expand DKT for understanding learners as they produce 

valuable responses over time within learning scenarios, 

using variables of interest, we created meaningful 

embeddings of the data generated from their interaction with 

the learning tasks. This follows common practice of using 

LSTMs to create embeddings of leaner responses [37, 45].  

Sliding window approach was used to determine the samples 

to use for modelling. In this approach, samples with varying 

history lengths, where history length was in the set [2+1, 5+1, 

8+1, 11+1, 14+1], were generated with each sample 

constrained to belong to a single learner. The +1, indicates 

the step whose outcome was being predicted. This is 

illustrated in Figure 3 where the index notation in the bottom 

left of the boxes illustrate sample counter and the number of 

circles illustrating single x input at timestep t.  

 
Figure 3: Sliding window sample generation based on 
varying timesteps. In this illustration, timestep length 
(i.e. history) is three i.e. using two most recent previous 
steps to predict the current step which is the third step. 

Varying the lengths of the samples was to evaluate whether 

model performance in predicting y at timestep t is affected 

by how far back the history goes. Hence, the sensitivity of the 

predictions was evaluated against the length of the history of 

the performance used to predict next step. As part of post-

hoc analysis, we used a popular method for exploring high-

dimensional data known as t-SNE, to explore how well the 

model embeddings had been captured [46]. The t-SNE 

parameters used were: learning rate=10, iterations = 5000, 

metric = cosine, and perplexity =100. The use of these 

metrics is explained in detail elsewhere [46, 47]. In the 

modelling of the samples generated from learning data using 

the sliding window approach, learners without enough data 

points were omitted from analysis. Table 1 describes the 

numbers omitted for each length of history used in LSTM 

models. 

Table 1: Learners excluded due to insufficient data 

based on timesteps used in LSTM model 

History* (Step being 
predicted) 

Learners 
excluded (N) 

% of learners 
excluded 

2 (3) 54 7.78 
5 (6) 117 16.86 
8 (9) 140 20.17 
11 (12) 165 23.78 
14 (15) 202 29.11 

Note: *Length of previous learning tasks submission used 
in predicting outcome in the current learning step 

No evaluation was conducted of whether excluding 

observations with insufficient data would bias the results, 

and the limitations of this approach will be addressed in a 

later discussion. 

 

3. Results 
Results from the running of the multiple LSTM models 

demonstrated that using a longer history had higher 

accuracy, and more predictive and better discriminatory 

power that using shorter chains (Table 2). Although in 

general, the models showed considerably better prediction 

performance compared to alternative modelling approaches 

[48] where history length was ≥ 5 learning task submissions, 

which were not limited to a single learning session or single 

KC.   

Table 2: Model performance results from using outcome 

from n-1 steps to predict step outcome on step n 

History length* (No. 
analysis samples**) 

AUC 
Score 

Accuracy F1 
Score 

2 (20,419) 0.811
6 

0.7480 0.7450 

5 (18,578) 0.892
1 

0.8172 0.8163 

8 (16,872) 0.930
0 

0.8613 0.8607 

11 (15,228) 0.941
5 

0.8775 0.8771 

14 (13,679) 0.947
4 

0.8832 0.8834 

Note: *Length of previous learning tasks submission used in 
predicting outcome in the current learning step. **Number 
of samples generated from the ‘sliding window’ process.  

When considering how spacing of learning sessions would 

affect model performance given the varying length of 

previous timesteps informing current step’s outcome 

prediction, the models using six timesteps and above showed 

consistently decent predictive performance with an AUC 

above 0.85 except for predicting spacing longer than one 

month, while models with nine timesteps and above were 

better (Figure 4).  



 

Figure 4: Prediction accuracy of the different models by 
time between learning sessions 

Intuitively, this can be attributable to longer chains 

representing providing more latent information for 

knowledge tracing of healthcare providers despite their 

varying learning spacing behaviour. It is noteworthy that the 

learning spacing was not balanced across the categories: 

from 1712 learning sessions among the 697 learners, 694 

(40.54%) were repeated immediately after the learning 

session ended, 577 (33.70%) were repeated within the hour, 

204 (11.92%) were learning sessions repeated within the 

day but not within the hour, 126 (7.36%) were learning 

sessions repeated within the week but not in the same day, 

80 (4.67%) were learning sessions repeated within the 

month but not within the same week, and 31 (1.81%) were 

learning sessions that were repeated after a month. 

This finding from LIFE’s learning data showed tightly spaced 

learning sessions when healthcare providers were given 

autonomy to decide when to (re)use the learning 

intervention. While typical studies in spaced learning focus 

on weeks or months as the temporal unit for analysis, LMICs 

healthcare providers’ learning behaviours using LIFE is 

indicative that when they are allowed to self-regulate on 

digital learning interventions, they prefer to reinforce their 

own learning on more frequent, tightly spaced learning 

cycles.  In general, the wider the learning spacing, the less 

accurate the prediction of learning performance on next 

learning step, but this is mitigated by using longer learning 

sequences for predictions (Figure. 4). For emergency care 

scenarios in typical LMICs hospital settings from which LIFE 

learning content mimics, because of prevalence in 

comorbidities or cyclic nature of clinical care, they tend to 

have longer sequences and would thus produce longer 

learning scenarios. We highlight that the lack of DKT model 

performance degeneration in prediction with longer 

histories can be leveraged for such scenarios. 

Figure 5 illustrates results from exploring whether the best 

performing model’s spacing embedding layer was sensitive 

to the healthcare providers’ pace of learning. The plot 

dimensions of the Figure 5 are un-interpretable because t-

SNE does not preserve distances, rather visualises clustering 

of weights from the DKT model.  

 

 

Figure 5: Example t-SNE results from the learning 
spacing embedding layer. 

From the DKT learning spacing embedding layer 

visualisations illustrated in Figure 5, while both tail end of 

spacing are easily distinguishable by the distinctive 

clustering, where the healthcare providers chose to go 

through LIFE again within a span of one hour, their learning 

behaviour produces relatively more outliers that are difficult 

to distinguish from the alternative spacing options.  

Several competing plausible explanations for this include (1) 

that the learning data was strongly skewed towards those 

who had shorter spaced learning intervals, thereby making it 

challenging for the model(s) to learn distinguishing 

behaviours from longer spaced learning intervals; or (2) 

Given that these data is only for 697 healthcare providers, 

more data would be needed from more healthcare providers 

to be able to generate better embeddings of their spaced 

learning behaviours. 

While the learning spacing was skewed towards less than 24 

hours, it is encouraging to see that in general, the best model 

was typically not associated with substantive degradation of 

its predictive performance when prediction accuracy was 

grouped by learner’s performance, even as the space 

between learning sessions growing wider (Figure. 6).  



 

Figure 6: LSTM predictive performance by learner 
performance grouped by learning spacing 

Learning sessions with less than 50% knowledge retention 

were in the minority and tended to be more spread across 

the learning spacing spectrum (Table 3). The low numbers in 

the wider spacing options might arguably have negatively 

impacted knowledge tracing for healthcare providers in 

those performance groups by reducing ability predictions 

precision (Figure 6). 

Table 3: Spaced Learning by performance 

Learning 
Space 

Score ≥ 50 % 
(N= 876) 

Score < 50 % 
(N = 142) 

<= 1 Hour 506 (57.76%) 71 (50.0%) 

<= 1 Day 177 (20.21%) 27 (19.01%) 

<= 1 Week 110 (12.56%) 16 (11.27%) 

<= 1 Month 63 (7.19%) 17 (11.97%) 

> 1 Month 20 (2.28%) 11 (7.75%) 

Exploration of the impact of the varying sequence lengths of 

LSTM time slices indicated that longer sequence lengths had 

better model prediction performance at the later timepoints 

than the earlier ones (Figure 7), in addition to the evidence 

that models with longer sequence lengths being better in 

prediction performance across different spacing of learning 

sessions (Figure 4). 

 

Figure 7: LSTM model sensitivity to length of history 

From the healthcare providers learning behaviour, forgetting 

curves (Figure 8) would indicate that for LIFE, spacing 

learning to weekly basis had a reasonable effect on 

knowledge retention of about ≥ 70% in terms of learner 

performance. The learning spacing embedding layer of the 

LSTM model had demonstrated it could capture this spacing 

reasonably well (Figure 5). 

 



Figure 8: Healthcare providers’ forgetting curves by 
spaced learning categories. Performance summarised 
using median statistic 

However, with this spaced learning option, the prediction 

accuracy across different scores was moderate to poor 

(Figure 6), which might partly be explained by the very few 

numbers in this spacing spectrum (Table 3). One way to 

overcome this challenge might be using a DKT model with 

shorter lengths of the previous learning steps in predicting 

next step like length 9 (Figure 4), which had a reasonably 

good AUC, accuracy and F1 score (Figure 7, Table 2). 

Only 164 (23.53%) of the study participants consented to 

their demographic data being collected for analysis. 

Admittedly, with such huge missingness, including these 

variables in the DKT model would have likely led to 

misleading findings. Instead, we provide exploratory 

analysis from model predictions linked to demographic data 

where it was available. However, this ought to be interpreted 

cautiously. Learner performance prediction was more varied 

in healthcare providers for healthcare providers with 9-12 

years of experience. In general, there was no easily 

discernible pattern of model prediction performance across 

the clinical cadres with increase in years of experience. This 

is illustrated in Figure 9. 

 
Figure 9: DKT prediction performance by clinical role 
and level of experience 

4. Discussion 

4.1  Summary Of Findings 
From healthcare providers’ learning data captured through 

the LIFE intervention, Deep Knowledge Tracing Models can 

predict learner’s performance with an accuracy of 0.748 – 

0.883. With healthcare providers allowed to self-regulate 

their learning behaviour, a weekly spacing of learning 

sessions demonstrated reasonable impact on knowledge 

retention of about ≥ 70% in terms of learner performance. 

From the learning spacing embedding layer of the LSTM 

model, it demonstrated it could capture this spacing 

reasonably well with few outliers observed for learning 

spaced hourly or daily. However, with the weekly spaced 

learning option, the prediction accuracy across different 

scores was moderate to poor, which might partly be 

explained by the very few numbers of learning sessions in 

this spacing spectrum. Using DKT model with shorter 

trajectory histories in predicting next steps, like length 9, 

helped overcome this challenge and produced reasonably 

good AUC, accuracy and F1 score. 

4.2  Comparison To Other Studies 
There are very limited cases of use of DKTs together with 

forgetting curves (i.e. learning decay) in healthcare provider 

training. An example of learning decay in a clinical care 

setting has been in radiography skills where it was mitigated 

against by exposure to multiple scenarios (irrespective of 

feedback) every two months [49]. This differs from our 

approach where only a single care scenario was used for this 

pilot work, but where we found that a shorter spacing of a 

week might be better in reducing learning decay. In the 

health domain, LSTMs have been used in clinical settings to 

predict the occurrence of clinical events and clinical 

diagnoses [50, 51], but in our use-case, we extend this to 

healthcare providers application of knowledge to simulated 

clinical scenarios. This study’s emphasis on neonatal 

emergency care in LMICs is due to both the need for scalable 

access to training for emergency care training and the 

subsequent impact it promises on better global patient 

outcomes by reducing avoidable deaths [6, 7]. How different 

clinical training interventions use metacognitive scaffolds to 

improve healthcare providers’ knowledge gain is not new 

[52-54], but this evidence has been fairly opaque as to how 

knowledge tracing was achieved, and hardly presents 

research evidence from low resource settings [32] making its 

impact limited to the Global North. Such evidence does not 

improve understanding of situated learning from diverse 

contexts such as LMICs [35]. 

Moreover, while adaptive learning produces significantly 

higher knowledge gains than alternatives [52-54], the 

current training models used in LMICs -which are not 

adaptive to individual learner needs- are typically face-to-

face, and offered at a very high cost [8, 55, 56]. The findings 

from this study help to start exploring how the use of 

smartphone devices to deliver personalised clinical training 

for short simulation-based learning activities can begin to 

accommodate self-regulated learning over time, which 

arguably optimises learning outcomes in the health domain 

[57]. 

 

4.3  Implications Of Findings 
For LMICs-based neonatal emergency care training delivered 

through smartphone-based learning interventions, DKT 

models’ representation of spaced learning -which is useful 

for producing forgetting curves- might be at best, moderately 

accurate. The associated practical implication of this is that, 

where there is a risk associated with applying errant 

knowledge which exacerbates negative outcomes (e.g. for 

patient outcomes), encouraging up-skilling/retraining from 

inferred knowledge gain decay based on personalised 



learning trajectories is not as precise as we would like it to 

be. In a context where the healthcare providers tend to be 

significantly overworked, underpaid, and under-resourced, 

interventions such as LIFE ought to optimise when and the 

way they encourage them to carve out time to refresh their 

clinical training knowledge. Additionally, as a knowledge 

tracing intervention that is linked to skill performance 

mastery, while this approach provides a necessary starting 

point for bridging knowledge gaps in healthcare providers, 

adding a layer of multi-modal learning using in situ high 

fidelity simulation training provided by platforms such as 

Virtual Reality (VR), or Mixed Reality (MR) might arguably 

enhance hands-on experiential learning by transforming the 

learning experience into a more meaningful one aimed at 

building performance skills, confidence and self-efficacy of 

the healthcare provider in providing necessary life-saving 

care [58, 59]. The study reported here sets the stage for 

progression to such type of healthcare training experiences 

research in LMICs. Future work into this type of multimodal 

learning needs to cater for scaling up learning interventions 

geographically (globally), while including design thinking for 

LMICs context, and situated learner behaviours in these 

contexts. 

There is a potential risk of errant knowledge creation within 

a completely self-regulated, gamified platform such as LIFE. 

This undesirable learning effect is further compounded by 

‘dark play’ where healthcare providers may purposefully 

make wrong choices to obtain feedback that elucidates on the 

consequences of their choices as a way of learning [60]. 

Where the status-quo in LMIC is delivery of care by a 

healthcare provider who typically has challenges accessing 

training, the errant knowledge risk becomes as equally 

detrimental to patient outcomes as having no knowledge. To 

minimise this risk in such gamified platforms, using 

formative evaluation linked to immediate feedback to 

constrain learner progression until they achieve a certain 

knowledge threshold can be useful. Learning paths can be 

constrained to follow the clinical algorithms, minimising the 

potential risk of errant knowledge creation from a 

completely self-regulated, “gamified” system. For the type of 

dark play being described here, which is a learning 

disposition, it can be harnessed through accommodating 

various learning modes within the design of gamified 

platforms that account for such anomalous learning 

behaviour. Such gamification learning modes can be linked to 

a human instructor, professional colleagues, or even chatbots 

to help guide this elaborative way of learning. Future 

research should consider exploring the motivations of LMICs 

healthcare providers and how their personalised goals 

informs their learning strategy. This would also make it 

possibility to explore how to integrate such learner 

behaviours into DKT modelling approach for use in adaptive 

learning systems.  

Theoretically, in the same way there exist common 

architectures for deep learning models such as ResNets, 

LeNet, AlexNet etc. for computer vision application areas 

[61], for future growth in the area of Deep Learning 

application in education, there ought to be more concerted 

work on DKT models that seeks to produce curated 

architectures that maximise on educational concepts such as 

guessing, slipping, learning opportunities, spacing and/or 

knowledge components. This would greatly aid in external 

model validation, easier model transfer learning, and a 

better-shared understanding of how such DKT models can be 

more rapidly implemented and scaled up in other/newer 

digital learning interventions. 

From this study findings, in smartphone-based clinical 

training, self-regulated learning will arguably tend to 

produce tighter spacing of learning sessions where risk from 

errant knowledge is costly. Subsequently, any measure of 

learning intervention effectiveness of the ‘pre-post’ form that 

does not account for how learners spaced their learning 

sessions might be, at best, slightly biased, and at worst, 

grossly misleading, when it comes to the interpretation of 

learning performance. Considering healthcare providers 

diverse and agentic spaced use of digital learning 

interventions like LIFE, it raises the question of whether 

decay rate of knowledge gain is arguably more informative 

about intervention effectiveness over ‘immediate’ knowledge 

gain, especially where the bulk of repeated learning sessions 

are within the few hours that follow. The challenge here is in 

designing DKT models for (clinical) digital training 

interventions that not only concur with existing learning 

theories [62] but address the ‘last mile’ challenge: in the real 

world and for a multitude of interdisciplinary global learning 

challenges, if and how the modelling approach is connected 

to achieving the intended learning effectiveness of 

knowledge gain and for how long this effect is sustained. This 

would arguably improve healthcare providers 

conscientisation and agentic action in the adoption of digital 

interventions based on the intervention merits when it 

comes to the balance between initial knowledge gain and 

subsequent decay rate. One way forward on this might be 

including evidence-based metrics for decay rates based on 

learning spacing options as a means of advancing debate on 

how the effectiveness of such interventions should be 

reported.  

4.4  Study Limitations 
While DKT models have demonstrated reasonably moderate 

performance on LIFE data, the relatively average weighted 

average of F1 score -which consistently lagged behind AUC 

scores- 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 knowledge tracing prediction for clinical 

training in low-income settings, it sheds light into a 

previously underexplored topic. This limitation can be 

revisited at a later stage as we continue to generate data to 

support the evidence base of these kinds of interventions for 

atypical application domains such as healthcare. 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 
Our work focuses on multi-step clinical scenario exercises 

with bounded solution spaces. Unlike open-ended exercises 

where flexible problem solving is encouraged, the 

conjunctive nature of the required solution and the inferred 

accumulating risk to patient care with each errant 

submission makes understanding the learner’s progression 

essential, especially when considering their own spacing of 

self-regulated learning.  

Given that digital learning platforms such as gamified 

smartphone-based learning applications more easily capture 

the temporal dimension of learner performance, we 

proposed an approach not commonly used in digital-based 

clinical training for learning representations of healthcare 

providers knowledge by using embeddings of learner 

submissions from LIFE over time from typical student-step 

features. We showed that based on the length of trajectories 

of these representations, they produce varied model 

performance for different student learning spacing 

behaviours after accounting for performance. We also 

showed that these representations can predict future 

healthcare provider’s performance with high accuracy when 

we account for longer accounts i.e. (histories) of their 

previous student-step learning data.   

We envisage this type of work being used in implementing 

automated hint systems for platforms such as LIFE, where 

deep knowledge tracing has the potential to identify learner 

weaknesses and provide personalised feedback – a use-case 

that we are working towards exploring [63]. By being able to 

anticipate particularity of learners struggles on a self-

regulating digital learning platform such as LIFE, we hope to 

provide instructional support at scale to healthcare 

providers with varied knowledge levels in an unsupervised 

fashion in order to minimise learner dropout and encourage 

learner retraining. These applications could help improve 

and personalise the learning experience of healthcare 

providers in supporting access to knowledge that is crucial to 

saving lives at birth especially in settings such as LMICs. 
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