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Background. Machine learning (ML) refers to computational algorithms designed to learn from patterns in data to provide insights or predictions
related to that data.

Objective. Multiple studies report the development of predictive models for triage or identification of critically ill children. In this study, we
validate machine learning models developed in South Africa for the identification of critically ill children presenting to a tertiary hospital.
Results. The validation sample comprised 267 patients. The event rate for the study outcome was 0.12. All models demonstrated good
discrimination but weak calibration. Artificial neural network 1 (ANNT1) had the highest area under the receiver operating characteristic curve
(AUROC) with a value of 0.84. ANN2 had the highest area under the precision-recall curve (AUPRC) with a value of 0.65. Decision curve analysis
demonstrated that all models were superior to standard strategies of treating all patients or treating no patients at a proposed threshold probability
of 10%. Confidence intervals for model performance overlapped considerably. Post hoc model explanations demonstrated that models were
logically coherent with clinical knowledge.

Conclusions. Internal validation of the predictive models correlated with model performance in the development study. The models were able
to discriminate between critically ill children and non-critically ill children; however, the superiority of one model over the others could not be
demonstrated in this study. Therefore, models such as these still require further refinement and external validation before implementation in
clinical practice. Indeed, successful implementation of machine learning in practice within the South African setting will require the development
of regulatory and infrastructural frameworks in conjunction with the adoption of alternative approaches to electronic data capture, such as the
use of mobile devices.
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Contribution of the study
This study presents the first application of machine learning to identify critically children in South Africa. The use of machine learning models in
the critical care environment has the potential to improve decision making and improve patient outcomes.

Measures to improve the care of critically ill children are an important
concern in low- and middle-income countries (LMICs).!! In South
Africa (SA), Hodkinson et al.? have demonstrated that failures in
the identification, resuscitation and referral of critically ill children
contribute to avoidable escalations of severity of illness and mortality
in SA. Promoting early recognition and escalation of life-saving care,
consultation with expert clinicians, and vigilance and referral of these
patients may improve the outcomes of critically ill children in SA.

Machine learning (ML) refers to computational algorithms designed to
learn from patterns in data to provide insights or predictions related to
those data.l’’ Publications reporting the use of ML in triage appear in
the international literature.*® To date, however, no such models have
been described in SA or other LMICs. Statistical models developed
for the prediction of paediatric intensive care unit (PICU) mortality in
developed countries have shown variable performance in LMICs, with
the authors suggesting that variations in patient characteristics and
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case mix contribute to these variations.” These data support a need to
develop such models in LMIC settings and, together with the rapidly
increasing interest in and use of this technology, underpin the rationale
for the research presented here.

In previous work, our group investigated the use of an artificial neural
network (ANN) model for mortality prediction in two South African
PICUs.®® Expanding on this research, we developed nine ML models
in a single SA centre for the identification of critically ill children.”
We made use of ANNs,! extreme gradient boosting (XGB)!"!! and
logistic regression (LR).!"*!"!) The models aim to predict the presence of
paediatric critical illness as a composite outcome of death before hospital
discharge or admission to the PICU. This study presents a prospective,
internal validation of these novel ML models in an LMIC setting, using
previously unseen data from the same centre. The validation provides
an assessment of model discrimination and calibration, decision curve

analysis, and model explanation.

Methodology

Study site

This study was conducted at a regional referral hospital in SA.
Patients were enrolled in the paediatric emergency oom. This is the
primary site of referral to the specialist paediatrics service for children
requiring evaluation for acute illness. Patients requiring admission
to the hospital are transferred to the general paediatric wards or
the tertiary PICU within the same hospital. Patients requiring other
subspecialty care are referred to another facility in the same area from
the general paediatric ward or PICU. Admission to PICU occurs on
a consultation basis where severity of illness, likelihood of clinical
success, provision of specific life-supporting care and availability of
resources are considered.

Study population and sampling

Validation data were collected prospectively from 1 March to 30
June 2022. Patients under 13 completed years of age presenting with
acute illnesses (duration <7 days) were enrolled in the study. Patients
presenting dead on arrival or for scheduled clinic visits or elective
procedures were excluded from the study. While no specific guideline
exists for determining the ideal size of a test or validation dataset,'” a
proposed split of 75:25 between training (756 patients) and test data was
selected, and a minimum validation sample size of 252 participants was
determined from the size of the training data.>'?!

Test data were collected by treating clinicians at the point of care
using the same measurements and observations ordinarily made during
patient assessment. A mobile device data collection platform was used
to collect data directly into a REDCap database. The details of the data
collection procedure are provided in Table 1.

Study outcome

The outcome variable in this study was a composite outcome of death
before hospital discharge or admission to the PICU, which served as a
surrogate for the presence of critical illness in these children.

Statistical analysis

Descriptive analysis was conducted using Python 3 in the Jupyter
Notebooks environment. Categorical data were presented using
frequencies and percentages, while continuous data were presented
using means with standard deviations (SDs), medians with interquartile
ranges (IQRs), and 95% confidence intervals (CIs).['*!%]

Models

We evaluated nine candidate ML models that had been previously
developed. These included three ANNS, three extreme gradient boosting
(XGB) and three logistic regression (LR) models. Three sets of variables
were selected in development and one of each model type was trained
for each set. Training data for these models included 756 participants.
These models are summarised in Table 2. We have reported on model
development and hyperparameter tuning elsewhere.”)

Model performance was analysed in terms of discrimination,
calibration and decision curve analysis (DCAs). Discrimination was
determined by construction of receiver operating characteristic (ROCs)
and precision recall (PRCs) curves with their respective areas under
the curve (AUROCs, AUPRCs). Given the tendency of ROC analysis
to be overoptimistic when imbalance exists between classes,!'” PRC
analysis was employed as the main parameter of discrimination to
ensure a more realistic assessment. The threshold for a random classifier
was considered to be the event rate (0.12) and the minimum possible
AUPRC calculated using the formula from Boyd et al.'”) was 0.06.While
no clear standard for AUPRC exists, we considered higher AUPRC
preferable as this best represents the trade-off between false negative
classifications and false positive classifications in imbalanced data sets.
For the assessment of AUROC, values >0.7 are considered acceptable,
>0.8 excellent and >0.9 exceptional. The threshold for a random
classifier was set at 0.5.1%!

Calibration was determined by the degree to which predicted
probabilities from models agreed with real probabilities of an outcome.
) We considered the lowest level of calibration to be the agreement
between mean predicted probability and the event rate. Flexible
calibration curves were constructed for all models. Models where the
slope of the flexible calibration curve was close to 1 and the intercept
was close to 0 were considered weakly calibrated. Moderately calibrated
models were considered to meet the above criteria and be close to the
ideal calibration line from [0,0] to [1,1]. Strong calibration refers to the
idealistic goal of near-perfect calibration of predictions to event rates
in all categories of prediction.*” This approach provides a more robust
assessment of calibration over a range of probabilities than the widely
reported Hosmer-Lemeshow statistic.?!

We conducted DCA to determine the net benefit of models. This
approach includes aspects of discrimination and calibration and
determines the net benefit of a model compared with baseline strategies
of intervening in all or no patients.

Net benefit = sensitivity x prevalence - (1 - specificity) x (1 — prevalence)

X w

where w is the odds at the threshold probability. We compared models
in terms of net benefit models and the number of interventions
avoided across the range of thresholds compared with an approach
that intervenes in all patients. The reader is directed to the guide by
Vickers et al.” for a more comprehensive description of this method.
We considered models with higher DCA curves above the x-axis
and greater numbers of avoided interventions superior. We did not
consider threshold probabilities >50% in DCA as this would assign
greater importance to false positive classifications. In this analysis, we
suggest a 10% predicted probability as a possible threshold for assigning
an intervention, accepting that this threshold could differ between
providers and institutions.

Where clinicians implement ML or predictive models in practice,
it is necessary that, in addition to the performance metrics above,
they understand how or why models make certain abovementioned
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Table 1. Data collection procedure

Variable Measurement Recorded value
Age Continuous (months)
Level of consciousness  Subjective clinician assessment: Alert — age-appropriate level of awareness and Binary

interaction. Equivalent to AVPU scale of A.
Not alert — any decreased level of consciousness.

Unable to feed Parental report of inability to achieve adequate oral feeding during this illness. Binary
Respiratory distress Subjective clinician assessment: tachypnoea, subcostal or intercostal recessions, ~ Binary
or nasal flaring.
Weak pulses Subjective clinician assessment of radial pulse character. Binary
Respiratory rate Manual clinician count >one minute. Continuous (breaths per minute)
Capillary refill time The time to return of colour after five seconds of finger pressure to the sternum  Continuous (seconds)
in infants or finger pulp in children.
SPO? Mindray VS9 vital signs monitor. Continuous (%)
SBP and DBP Continuous:

Pulse rate (from SPO?)
Capillary blood glucose  StatStrip Xpress 2 glucometer

Mean blood pressure = DBP + 0.333
(SBP - DBP). Then converted to z-score
for age (13) mmHg

Continuous

Continuous

SPO? = saturation of oxygen by pulse oximetry; SBP = systolic blood pressure; AVPU (a scale of consciousness): A = alert, V = response to verbal stimuli, P = response to pain,

U = unresponsive; DBP = diastolic blood pressure.

Table 2. Candidate models

Model Features included in model

ANNI1 Respiratory rate z-score
XGB1 Peripheral oxygen saturation
LR1L Pulse rate
Mean blood pressure z-score
Capillary refill time
Quantitative hypoglycaemia (value <3 mmol/L)
Quantitative hyperglycaemia (value >10 mmol/L)
Respiratory distress (the presence of recessions, nasal
flaring, grunting or head bobbing)
Weak pulses
Level of consciousness (alert or not alert)
Inability to feed (inability to consume adequate fluids or
food by the oral route)
ANN2 Mean blood pressure zscore
XGB2 Quantitative hypoglycaemia
LR2 Quantitative hyperglycaemia
Respiratory distress
Level of consciousness
Inability to feed
ANN3 Respiratory rate
XGB3 Peripheral oxygen saturation
LR3 Quantitative hypoglycaemia
Quantitative hyperglycaemia
Level of consciousness
Age
Inability to feed

ANN = artificial neural network; XGB = extreme gradient boosting;

LR = logistic regression.

*Three groups of features were selected for model development and one of each
algorithm type was trained on each group, leading to a total of 9 models.

recommendations.”?! To achieve this, we made use of SHapely Additive
exPlanations (SHAP) to generate post hoc explanatory representations
of model predictions.” In the bee swarm plots presented, binary values
are represented as pink for 1 and blue for 0 and continuous variables are
represented as pink for higher and blue for lower. Values that increase the
predicted probability from the model appear further to the right on the
x-axis; for example, if lower pulse oximetry values (blue) appear further
to the right on the x-axis. We determined that models where predictions
were logically coherent with clinical knowledge would be preferred.

Ethical clearance

Internal review board approval was obtained from the Health Sciences
Research Ethics Committee (ref. no. UFS-HSD2020/2204/2505-0003)
and the Free State Department of Health (ref. no. FS_202102_019).
Informed consent was obtained in writing from the legal guardians of
children participating in the study. Assent was obtained from children
capable of doing so. All data were stored on a secure server and were
fully anonymised before exporting as a CSV file for analysis.

Results

Descriptive analysis

The validation study included 267 participants. This provided a train:test
split of 74:26 overall. There were three deaths (1.1%) and 32 PICU
admissions (12.0%). The composite outcome was noted in a total of 33
patients (12.4%). One participant died without admission to the PICU.
Table 3 presents the descriptive analysis of the data.

Model performance
The ROC and PR curves of the three best-performing models (highest
AUPRC) are presented in Fig. 1. All models are presented in Table 4 and
Supplementary Fig. 1 (https://www.samedical.org/file/2305).

Most models had an AUROC of at least 0.8, indicating excellent
discrimination.” The highest AUROC score recorded was 0.84,
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A Receiver Operating Characteristic Curve
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Fig. 1. Receiver operating characteristic (A) and precision recall (B) curves.
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achieved by ANNI. All models demonstrated
an AUPRC greater than the event rate (0.12)
with a minimum of 0.5 in ANN3. The highest
AUPRCs were 0.65 in ANN2, 0.62 in LR2
and 0.58 in XGB3. Model-wide metrics are
summarised in Table 4. Flexible calibration
curves could only be constructed with four
bins owing to empty bins, limiting their utility.
Most calibration slopes included 1 in their CIs,
and most intercepts 0, but model calibration is
likely weak at best.

All models demonstrated greater net benefit
compared with treat all or treat none strategies.

Table 3. Descriptive data analysis

RESEARCH

All models were able to reduce the number of
interventions per 100 patients compared with
a treat-all strategy (Fig. 2).

Model interpretation

The aggregated importance of features across
the ML models is presented as a bee swarm
plot in Fig. 3.

In the bee swarm plot, the value for each
variable is represented on a colour scale (blue
being low or negative and pink being high or
positive). The relative impact of each figure on
model prediction is provided as a SHAP value

on the x-axis. Thus, from this figure, models
predicted higher probabilities of the outcome
where, for example, if a patient was found to
not be alert, or have a lower pulse oximetry
reading, the predicted probability of the study
outcome would be higher. The SHAP values
presented above provide an easily interpreted
depiction of how features impact model
predictions. The model-agnostic nature allows
comparisons between different algorithms.
The explanations presented are intuitive and
coherent with clinical domain knowledge.

Discussion

This study aimed to validate the performance

Continuous features Categorical features Frequency (%) of novel ML models designed to identify
Age (months) Median = 10.0  Weak pulse critically ill children presenting to a paediatric
IQR =3,30 No 250 (93.6) emergency unit at a single centre in SA. All
s 17 (6.4) models demonstrated the ability to identify
Respiratory rate (breaths per Mean = 41.8 Level of consciousness patients at risk of the study composite
minute)* SD =143 Alert 225 (84.6) outcome of death before hospital discharge or
. . ) Decreased 420154 admission to the PICU. Model performance
Peripheral oxygen saturation (%)*  Median = 98.0  Unable to feed . .
IQR = 96, 100 No 235 (88.0) correlated well with performance metrics
Yes 32(12) calculated in stratified cross-validation during
Pulse (beats per minute) Median = 144.0 Respiratory distress the development phase.”’ The development
IQR = 125, 163 No 198 (74.2) data set was derived from autumn to summer
Yes 69 (25.8) and is thus trained on data that take into
Mean blood pressure (mmHg) Mean = 73.0 account seasonal variation in the patient
SD = 15.7 case mix. The population was similar to the
Capillary refill time (seconds) Median = 2.0 development data set, in which 3.92% of
IQR=2,3 the study population died, 12.94% of the
Glucose (mmol/L) Mean = 5.6 population required PICU admission, and
Sl = 2 15.16% of the population experienced the
IQR = interquartile range; SD = standard deviation. combined outcome. The development
:ﬁf:::gg: 51 population is described in the development
study.”)
Table 4. Model-wide performance metrics
ANN1 ANN2 ANN3
Metric Score CI Score CI Score CI
AUROC 0.84 (0.77, 0.87) 0.80 (0.75, 0.85) 0.76 0.71, 0.81)
AUPRC 0.53 (0.45, 0.57) 0.63 (0.57, 0.69) 0.52 (0.45, 0.57)
ECE 0.05 (0.02, 0.08) 0.07 (0.04,0.1) 0.06 (0.03, 0.09)
Slope 1.10 (0.8,1.4) 1.15 (0.83, 1.47) 1.23 (0.83, 1.63)
Intercept -0.02 (-0.04, -0.0) -0.03 (-0.05, -0.01) 0.03 (0.01, 0.05)
XGB1 XGB2 XGB3
AUROC 0.80 (0.75, 0.85) 0.79 (0.74, 0.84) 0.80 (0.75, 0.85)
AUPRC 0.54 (0.46, 0.58) 0.56 (0.5, 0.62) 0.58 (0.52, 0.64)
ECE 0.05 (0.02, 0.08) 0.03 (0.01, 0.05) 0.04 (0.02, 0.06)
Slope 0.98 (0.76, 1.2) 1.03 (0.81, 1.25) 1.01 (0.77,1.25)
Intercept -0.04 (-0.06, -0.02) -0.05 (-0.08, -0.02) -0.02 (-0.04, -0.0)
LR1 LR2 LR3
AUROC 0.82 (0.77, 0.87) 0.79 (0.74, 0.84) 0.80 (0.75, 0.85)
AUPRC 0.57 (0.49, 0.61) 0.62 (0.56, 0.67) 0.55 (0.47, 0.59)
ECE 0.04 (0.02, 0.06) 0.04 (0.02, 0.06) 0.02 (0.00, 0.04)
Slope 1.13 (0.87, 1.39) 1.05 (0.81, 1.29) 1.15 (0.87, 1.43)
Intercept -0.01 (-0.02, 0.0) -0.05 (-0.08, -0.02) -0.01 (-0.02, 0.0)

ANN = artificial neural network; CI = 95% confidence interval; AUROC = area under the receiver operating characteristic curve; AUPRC = area under the precision-recall curve;
ECE = expected calibration error; XGB = extreme gradient boosting; LR = logistic regression.
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Fig. 2. Decision curve analysis.

Model performance was reported as comprehensively as possible,
and the reporting of single metrics of performance was avoided.
This provides a transparent account of the strengths and weaknesses
of the models assessed.” The developed models demonstrated good
discrimination and could successfully differentiate between the two
research classes (children who died or were admitted to the PICU, and
children who survived without PICU admission) at a given threshold.
As such, a proof of concept is established for these models from a
modelling perspective. Models demonstrated weak calibration, in terms
of the framework of Van Calster et al.>® That is to say, models did not
systemically overestimate or underestimate risk and were not overly or
underly confident. However, calibration is less relevant to this application,
as the goal in future applications is to discriminate between children
who are critically ill or not, as opposed to providing a highly accurate
probability. Calibrated probabilities would be more relevant in other
applications such as estimating prognosis to communicate to families.
Evaluation of models relevant to their envisioned application is
critical to ensuring that models provide maximal benefit in the clinical
setting. In this study, models are intended to trigger appropriate

92

responses directed towards preventing avoidable escalations of severity
of illness, ultimately with the aim of reducing mortality and morbidity.
While true negative and true positive predictions are unlikely to incur
costs in this study, false negative and false positive predictions may incur
significant costs.””) False negative classifications may expose patients
to a significant risk of harm if they delay activation of appropriate
responses as well as potentially increasing healthcare workload and
expenditure due to increased severity of illness. Similarly, false positive
classifications may incur costs such as increased healthcare worker
workload, avoidable healthcare expenditure and exposure to potentially
harmful and unnecessary interventions and investigations. While the
exact value of these costs could not be determined, we propose that
false negative classifications are more costly in this context. Decision
curve analysis demonstrated that the developed models offered benefit
compared with either a treat all or treat none approach and offered the
ability to reduce interventions compared with a treat all approach.
While these models demonstrated the ability to discriminate between
critically and non-critically ill children, the CIs for model performance
metrics were wide and preference for one model or another could not be
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Fig. 3. SHAP feature importances. (SPO = peripheral pulse oximetry measurement.)

established. As such, they cannot be employed
in clinical practice in their current iterations. It
is worth pointing out that even with refinement
and perfect model performance, these models
will never be intended for autonomous use.
They will remain a clinical tool to be used by
trained professionals to facilitate improved
care of critically ill children by enabling earlier
identification of serious illness.

Post hoc model explanations generated with
SHAP found that model predictions were
intuitive and coherent with clinical reasoning.
This makes the models likely to be acceptable
for use by clinicians in practice, particularly
if they are provided with model explanations
together with predicted probabilities.

The models presented here differ from
those reported by Goto et al.,”! Gaita et al.l”
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and Hwang and Lee.”) These studies had
access to large electronic datasets in their
development. Goto et al™ included 52 037
participants in the United States in their study
while Hwang and Leel included 2 621 710
participants from a large national database
in South Korea. This difference in data
availability is a cardinal difference between
these studies and the research presented. Lack
of access to useable electronic health records
(EHR) has been identified as a challenge in
SAP? and addressing this limitation is a core
recommendation from the findings of this
study. Goto et al. achieved an AUROC of
0.85 for the prediction of PICU admission
or death during hospitalisation, using a
deep neural network, superior to the best
performing model in this study. Hwang and
Lee developed a random forest model for the
prediction of critical illness (in their study
defined as admission to PICU, resuscitation
in the emergency department, or death in
the emergency department). The developed
model achieved a AUROC of 0.99 and AUPRC
of 0.64. Of note, in our study, the AUPRC of
ANN?2 of 0.62 is comparable to that of Hwang
and Lee.

The findings of this internal validation
study are thought to be a favourable proof of
concept and suggest that a larger, multi-centre
refinement and validation study would be
warranted as would retraining and updating
of models, including a larger corpus of multi-
centre data from SA. It may also underpin
progress to studies of implementation or
clinical efficacy.

While a digital healthcare policy exists in
SA, this document does not directly address a
pathway to implementation of applied ML in
clinical practice. As this study demonstrates
the proof of concept that such models can be
developed in the SA setting, it is important
that policy follow such progress. Relevant
domains in this goal would include standards
for reasonable validation, the development of
pipelines and infrastructure for data storage
and use, and the development of robust
ethical, regulatory and legal frameworks
for implementation of ML in research and

practice.

Study strengths

To our knowledge, this is first SA study of its
kind. All models were developed using simple,
readily available clinical features to potentially
maximise future utility across a wide spectrum
of healthcare environments. In contrast to
previous studies undertaken in high-income
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countries, this study utilised mobile devices to capture clinical data,
thereby overcoming the lack of established electronic healthcare records
in local healthcare facilities. Thus, the study has successfully presented a
novel adaptation of ML methods to resource constraints. Furthermore,
this study serves as an important proof of concept and offers an
important methodological reference for further studies in this field.

Study limitations

This study was subject to some limitations, the most significant
arguably being the relatively small sample size, which is reflected in
the wide confidence intervals for model performance metrics. As an
internal validation, the metrics reported only reflect the performance
of models in this single centre, thus limiting generalisability. The need
for informed consent prior to enrolment may have limited the inclusion
of some unstable patients, possibly explaining the relatively low overall
case mortality rate. The developed models were not compared with
current triage practices, preventing comparison of benefit between these

models and conventional approaches.

Clinical implications and relevance

With further refinement and investigation, these models may improve
the identification of critically ill children by integration within SAs
proposed digital health framework.?®! By implementing these models
on a smartphone or tablet, even healthcare providers with limited skill
or experience may trigger appropriate responses such as involvement
of senior personnel, resuscitation or referral to higher levels of care or
critical care environments.

Recommendations

External validation and studies of implementation and clinical utility
are required to further the findings in this study. While model
performance is promising, implementation in practice is not yet feasible.
The evaluated models require considerable further refinement before
implementation. These models should be externally validated and
updated with a significantly larger data set in a multi-centre validation
study in SA. Further research is also required to evaluate the best clinical
use of such models and benchmark them against current practice.

Conclusion

In this study, we present the internal validation of ML models for the
identification of critically ill hospitalised children in South Africa
on a small sample of previously unseen data. To our knowledge, this
is the first report of this kind. Models were evaluated in terms of
discrimination, calibration, decision curve analysis and SHAP analysis.
All models demonstrated satisfactory discriminatory performance
in internal validation, correlating well with the findings in cross-
validation from the development study. The superiority of one model
could not be demonstrated. Nonetheless, overall performance is
promising in terms of potential benefit in clinical practice. Model
explanations demonstrated that model predictions are in keeping with
clinical knowledge, an important finding when considering clinical
implementation. Further refinement and external validation in a range
of settings are required before investigating implementation in clinical
practice. A modern, pragmatic approach to the collection of electronic
health data underpinned by a robust regulatory framework are essential
steps in the pursuit of effective ML applications in future clinical

practice.
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