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Abstract

Background

Uneven vaccination and less resilient health care systems mean hospitals in LMICs are at

risk of being overwhelmed during periods of increased COVID-19 infection. Risk-scores pro-

posed for rapid triage of need for admission from the emergency department (ED) have

been developed in higher-income settings during initial waves of the pandemic.

Methods

Routinely collected data for public hospitals in theWestern Cape, South Africa from the 27th

August 2020 to 11thMarch 2022 were used to derive a cohort of 446,084 ED patients with

suspected COVID-19. The primary outcome was death or ICU admission at 30 days. The

cohort was divided into derivation and Omicron variant validation sets. We developed the

LMIC-PRIEST score based on the coefficients from multivariable analysis in the derivation

cohort and existing triage practices. We externally validated accuracy in the Omicron period

and a UK cohort.

Results

We analysed 305,564 derivation, 140,520 Omicron and 12,610 UK validation cases. Over

100 events per predictor parameter were modelled. Multivariable analyses identified eight

predictor variables retained across models. We used these findings and clinical judgement

to develop a score based on South African Triage Early Warning Scores and also included

age, sex, oxygen saturation, inspired oxygen, diabetes and heart disease. The LMIC-

PRIEST score achieved C-statistics: 0.82 (95% CI: 0.82 to 0.83) development cohort; 0.79

(95% CI: 0.78 to 0.80) Omicron cohort; and 0.79 (95% CI: 0.79 to 0.80) UK cohort. Differ-

ences in prevalence of outcomes led to imperfect calibration in external validation. However,
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use of the score at thresholds of three or less would allow identification of very low-risk

patients (NPV�0.99) who could be rapidly discharged using information collected at initial

assessment.

Conclusion

The LMIC-PRIEST score shows good discrimination and high sensitivity at lower thresholds

and can be used to rapidly identify low-risk patients in LMIC ED settings.

Background

The severity of illness associated with COVID-19 has been reduced by mass vaccination and

emergence of less severe variants. However, emergency health care systems in low- and mid-

dle- income countries (LMIC) may still be at risk of being overwhelmed during periods of

increased infection, due to uneven vaccination and less resilient health care systems [1, 2].

Risk-stratification scores including the UK Royal College of Physicians National Early Warn-

ing Score, version 2 (NEWS2) and the COVID-specific Pandemic Respiratory Infection Emer-

gency System Triage (PRIEST) score have been proposed to aid clinical decision-making

around need for inpatient admission in the Emergency Department (ED) in patients with sus-

pected COVID-19 [3–5]. Such risk-stratification scores were developed in high-income set-

tings during initial waves of the pandemic [3, 4]. Validation of these scores in the middle-

income setting of the Western Cape, South Africa, demonstrated good discrimination [6].

However, the scores did not outperform existing clinical decision-making and used predictors

and physiological cut-offs that are not part of routine clinical practice in this setting.

In LMICs, disposition decision-making is based on clinician experience and gestalt [7]. Use

of risk-stratification scores to allow rapid triage of need for hospitalisation can help prevent

hospitals being overwhelmed and assist less-experienced clinicians during periods of increased

COVID infection. To be applicable and easily useable in LMICs, a risk-stratification score

must be based upon existing clinical triage practice. In South Africa patient acuity on arrival to

the ED is triaged using the South African Triage Scale (SATS) [8]. The Western Cape of South

Africa presented a unique opportunity to use routinely collected linked electronic health-care

data, in a setting with a high degree of COVID case ascertainment compared to similar settings

[9], to develop a risk-stratification score applicable to LMICs.

Our study aimed to:

1. Develop a contextually appropriate clinical severity score for patients with suspected

COVID-19 in an Emergency Department setting in the Western Cape.

2. Externally validate the developed score.

Methods

Study design

This observational cohort study used routinely collected clinical data from EDs across the

Western Cape, from the Hospital Emergency Centre Triage and Information System (HEC-

TIS) [10] data repository, to develop a clinical risk-stratification score for ED patients with sus-

pected COVID.

The performance of the risk-stratification score was externally validated in patients who

presented during the Omicron wave and in a cohort of patients from the UK Pandemic
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Respiratory Infection Emergency System Triage (PRIEST) study (collected during the first

wave) [11].

The study was conducted and reported in accordance with Transparent reporting of a multi-

variable prediction model for individual prognosis or diagnosis (TRIPOD) and Reporting of

studies Conducted using Observational Routinely-collected Data (RECORD) guidelines [12, 13].

Setting

For the development and Omicron period validation cohorts, data were collected from

patients with suspected COVID-19 infection who attended public-sector EDs in the Western

Cape Province. This is one of nine provinces in South Africa, and has almost 7 million inhabi-

tants, of whom three quarters use public sector services [14]. A convenience sample of seven

hospital EDs (based on use of the HECTIS system) was selected, representing predominantly

urban, Cape Town metropole district and, a large peri-rural hospital ED. Clinical decision-

making was largely based on clinician experience, contextualised to the local status: at times

hospitals were overwhelmed and admission thresholds were raised [15, 16]. No specific prog-

nostic score were applied in the ED beyond routine triage with SATS.

The external validation population was derived from the PRIEST mixed prospective and

retrospective cohort study that collected data from 70 EDs across 53 sites in the UK between

26th March and 28th May 2020 [3].

Data sources and linkage

In the Western Cape, data on ED clinical presentation are routinely collected by the HECTIS

system, including presenting complaint, triage variables and outcome of consultation.

Through deterministic matching, based on unique patient hospital numbers (performed by

the Western Cape Provincial Health Data Centre (PHDC)) [14], linked data were obtained

which included COVID test results from the National Health Laboratory Services (NHLS),

comorbidities (based on prior health system encounters), data around admissions and move-

ments within the health care system during the index COVID encounter, and death (if within,

or reported to, the health care system). For patients with multiple ED attendances, data were

extracted for the first ED attendance and outcomes were assessed up to 30 days from index

attendance.

Data collection for the UK PRIEST cohort study has been described in previous publica-

tions [3, 17]. An anonymised version of the study data was used to derive the external valida-

tion cohort [18].

Inclusion criteria

OurWestern Cape study sample consisted of all adults (aged 16 years and over) at the time of

first (index) ED attendance between 27th August 2020 and 11thMarch 2022, where a clinical

impression of suspected, or confirmed, COVID-19 infection had been recorded. For those

with multiple presentations, analysis was limited to the index presentation. Patients who pre-

sented after the emergence of the Omicron variant (November 2021) were included in a vali-

dation cohort [19].

Patients for whom age or sex were not recorded were excluded from analyses.

Outcome

The primary composite outcome, in the Western Cape population, was intubation or non-

invasive ventilation in the ED on index attendance, Intensive Care Unit (ICU) admission or
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inpatient death up to 30 days from index attendance. This was comparable to the PRIEST

study primary outcome of death or organ support (respiratory, cardiovascular, or renal) by

record review at 30 days.

The secondary outcomes were: 1) death and 2) ICU admission (organ support in UK

cohort), up to 30 days.

Patient characteristics and candidate predictor variables

Physiological parameters and presenting complaints at triage at index ED presentation were

extracted from the HECTIS database. Where no comorbidities were recorded, they were

assumed not to be present. Implausible physiological variables were set as missing, including

systolic blood pressure<50 mmHG, temperature>42 or<25 degrees, heart rate< 10/min-

ute, oxygen saturation< 10% and respiratory rate = 0/minute.

Candidate predictor variables were selected on the basis of a previous systematic review of

factors suitable for use in LMICs, previous research and availability at ED triage in theWestern

Cape [1, 3, 20]. Variables included: age, sex, presenting symptoms (cough or fever), co-mor-

bidities (heart disease, diabetes, HIV, chronic lung disease, hypertension or pregnancy), physi-

ological parameters and supplemental oxygen. Asthma/COPD was excluded from analysis due

to an implausible protective relationship identified in preliminary modelling. Oxygen satura-

tions include those measured where supplemental oxygen was already being administered

when patients were initially triaged in the ED.

Prognostic model development

The model development cohort was randomly split into derivation and internal validation

cohorts. Candidate predictors were combined in a multivariable regression with Least Abso-

lute Shrinkage and Selection Operator (LASSO) using ten-sample cross-validation to select

models. The LASSO began with a full model of candidate predictors and simultaneously per-

formed predictor selection and penalisation during model development to avoid overfitting.

The LASSO was performed twice: first, when the number of predictors were unrestricted, and

a second time, with restriction to ten predictors. Estimates of selected model discrimination

and calibration were performed in the split internal validation cohort.

Continuous variables were modelled using fractional polynomials to account for non-linear

forms and using categories based on TEWS (Triage Early Warning Score) (S1 Table in S1 File)

[8]. As TEWS categories are used as part of existing triage, unless alternative modelling meth-

ods demonstrated significant increases in accuracy, these categories were planned a priori to

be used in the clinical severity score. Three multivariable analyses were completed using differ-

ent approaches to missing predictor variable data in the derivation cohort for comparison: (1)

Complete case; (2) Multiple imputation using chained equations (10 imputations); (3) Deter-

ministic imputation with missing variable assumed to be in the normal range using TEWS

categorisation.

Clinical severity score derivation and validation

Clinical members of the research team reviewed the models and selected variables for inclu-

sion in the triage score, based on the prognostic value and consistency of selection across mod-

els, the clinical credibility of their association with the primary outcome, and their availability

in the South African ED setting. Selected variables were categorised and assigned integer val-

ues using TEWS and the PRIEST score, if present in these clinical scoring systems, whilst

checking that categorisation reflected the relationship between the variable and adverse out-

come in the derived models. Additionally, selected variables were assigned integer values to
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each category of predictor variable, based on the coefficient derived from a multivariable logis-

tic regression model using categorised continuous predictors. This generated a composite clin-

ical score in which risk of adverse outcome increased with the total score.

We applied the clinical score to the model development cohort, the Western Cape Omicron

period and UK PRIEST external validation cohorts, calculating diagnostic parameters at each

threshold of the score, constructing a receiver-operating characteristic (ROC) curve, calculat-

ing the area under the ROC curve (C-statistic) and calculating the proportion with an adverse

outcome at each level of the score. Calibration plots for the risk-score were estimated in the

external validation cohorts. We used deterministic imputation to handle missing data in the

validation cohort, assuming missing predictor variable data were within normal physiological

categories but excluding cases with fewer than three predictor variables.

All analyses were completed in STATA version 17 [21].

Sample size

The sample size was fixed based on a census sample of patients in the Western Cape recorded

on the HECTIS during the study period. In the smallest prognostic model development cohort,

there were 102, 503 patients with over 100 outcomes per predictor parameter.

Ethics

Use of routinely collected electronic health care records from the Western Cape for the deriva-

tion of the development and Omicron cohorts for this study was approved by the University of

Cape Town Human Research Ethics Committee (HREC 594/2021), and the Western Cape

Health Research Committee (WC_202111_034). All data were full anonymised at source

before being provided to the research team and need for patient consent was waived.

Data collection for the UK validation cohort was first approved by the North West—Hay-

dock Research Ethics Committee on 25 June 2012 (reference 12/NW/0303) and on the

updated PRIEST study on 23rd March 2020. The Confidentiality Advisory Group of the

Health Research Authority granted approval to collect data without patient consent in line

with Section 251 of the National Health Service Act 2006. An anonymised form of the dataset

was used for analysis (available on reasonable request to the PRIEST research team).

Patient and Public Involvement (PPI)

A community advisory board (CAB) comprising eight community members affected by

COVID (infected themselves or immediate family infected/ hospitalised). PPI members were

recruited by an experienced community liaison officer with links to key community groups.

Members were intentionally sought to be representative of the various population groups and

demographics of the population. Through several meetings, the CAB were kept abreast of the

study, and given the opportunity to input on the outcomes, particularly the acceptability of the

risk-stratification score.

Results

Study populations

Fig 1 and S2 Fig in S1 File summarise population selection for the study cohorts. Table 1 sum-

marises the characteristics of the 305,564 patients used for model development. S3 & S4 Tables

in S1 File present the characteristics of the 140,520 patients in the Omicron, and 20,698

patients in the UK, validation cohorts. In total, 12,610 patients (4.13%, 95% CI:4.06% to 4.2%)

experienced the primary outcome in the development cohort. This compared to, 2,787 patients
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(1.98%, 95% CI: 1.91% to 2.06%) in the Omicron period, and 4,579 patients (22.12%, 95% CI:

21.56% to 22.69%) in the UK, validation cohorts. In total, 74,580 patients used for model devel-

opment (24.41%, 95% CI: 24.26 to 24.56%) had a diagnosis of COVID confirmed by PCR

testing.

Prognostic models

S5-S7 Tables in S1 File show the results of multivariable analysis restricted to inclusion of 10

predictor variables using complete case analysis, multiple imputation and deterministic impu-

tation. S8-S10 Tables in S1 File show the results of the unrestricted multivariable analyses. S11,

S12 Figs in S1 File present the corresponding calibration plots from split internal validation.

Unrestricted LASSO on multiply imputed data with modelling of continuous variables using

multifractional polynomials produced the model with the highest C-statistic (0.87, 95% CI

0.866 to 0.874) and calibration in the large (CITL) of -0.017 (95%CI -0.043 to 0.009). However,

Fig 1. Flow diagram of study population selectionWestern Cape, South Africa.

https://doi.org/10.1371/journal.pone.0287091.g001
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Table 1. Patient characteristics by outcome in the model development cohort.

Characteristic Statistic/level Adverse outcome No adverse outcome Total

N 12,610 (4.1%) 292,954 (95.9%) 305,564

Age (years) Mean (SD) 56.5 (17.5) 43.2 (17.1) 43.7 (17.3)

Median (IQR) 59 (43, 70) 40 (29, 56) 41 (29, 57)

Range 16 to 105 16 to 110 16 to 110

Sex Male 6,670 (52.9%) 151,294 (51.6%) 157,964 (51.7%)

Female 5,940 (47.1%) 141,660 (48.4%) 147,600 (48.3%)

Comorbidities Asthma/COPD 2,220 (17.6%) 42,590 (14.5%) 44,810 (14.7%)

Other Chronic respiratory disease 69 (0.6%) 649 (0.2%) 718 (0.2%)

Diabetes 5,256 (41.7%) 51,622 (17.6%) 56,878 (18.6%)

Hypertension 5,863 (46.5%) 80,099 (27.3%) 85,962 (28.1%)

Immunosuppression (HIV) 1,553 (12.3%) 50,824 (17.4%) 52,377 (17.1%)

Heart Disease 4,560 (36.2%) 53,664 (18.3%) 58,224 (19.1%)

Pregnant 62 (0.5%) 1,915 (0.7%) 1,977 (0.7%)

AVPU Missing 9,229 (3.0%)

Alert 9,159 (72.6%) 264,460 (90.3%) 273,619 (89.6%)

Voice 288 (2.3%) 3,682 (1.3%) 3,970 (1.3%)

Confused 617 (4.9%) 11,661 (4%) 12,278 (4%)

Pain 593 (4.7%) 2,202 (0.8%) 2,795 (0.9%)

Unresponsive 1,355 (10.8%) 2,318 (0.8%) 3,673 (1.2%)

Systolic BP (mmHg) Missing 10,389 (3.4%)

N 11,801 283,374 295,175

Mean (SD) 130.9 (29.4) 131.9 (25.5) 131.8 (25.6)

Median (IQR) 128 (110,146) 129 (115,145) 129 (115,144)

Range 50 to 289 50 to 300 50 to 300

Pulse rate (beats/min) Missing 9,995 (3.3%)

N 11, 858 283,711 295,569

Mean (SD) 98.8 (23.4) 93.5 (21) 93.7 (21.1)

Median (IQR) 98 (83,113) 92 (79, 106) 92 (79,107)

Range 11 to 300 10 to 300 10 to 300

Respiratory rate (breaths/min) Missing 9,969 (3.3%)

N 11,850 283,745 295,595

Mean (SD) 22.2 (6.7) 18.6 (4.1) 18.8 (4.3)

Median (IQR) 20 (18,25) 18 (16,20) 18 (16,20)

Range 2 to 60 1 to 60 1 to 60

Oxygen saturation Missing 27, 781 (6.2%)

N 11,634 274,409 286,043

Mean (SD) 89.7 (12) 96.2 (5.5) 96 (6)

Median (IQR) 94 (86, 98) 98 (96, 99) 97 (95, 99)

Range 10 to 100 10 to 100 10 to 100

Oxygen administration Missing 18,794 (6.2%)

1 (air) 6,254 (49.6%) 254,399 (86.8%) 260,653 (85.3%)

2 (40% O2) 346 (2.7%) 5,360 (1.8%) 5,706 (1.9%)

3 (28% O2) 8 (0.1%) 222 (0.1%) 230 (0.1%)

4 (Nasal prongs) 1,123 (8.9%) 8,389 (2.9%) 9,512 (3.1%)

5 (FM neb) 27 (0.2%) 571 (0.2%) 588 (0.2%)

6 (rebreather mask) 1,538 (12.2%) 5,199 (1.8%) 6,737 (2.2%)

7 (nasal prongs and rebreather mask) 368 (2.9%) 884 (0.3%) 1,252 (0.4%)

8 intubated 1,917 (15.2%) 0 1,917 (0.6%)

9 NIV 165 (1.3%) 0 165 (0.1%)

(Continued)
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restriction of modelling to 10 predictors and categorisation of continuous variables using

TEWS only marginally reduced measures of accuracy in internal validation (worst performing

restricted models; C-statistic 0.85 (95%CI 0.845 to 0.855) and CITL 0.126 (95% CI: 0.098 to

0.155)).

When restricted, there were eight predictors that were retained in all analyses (age, use of

supplemental oxygen, oxygen saturation, diabetes, consciousness level, heart disease, respira-

tory rate, heart rate). Sex was retained in all but one complete case analysis.

Clinical severity score derivation and validation

Clinical review judged that the eight predictors retained in all models and sex (included in all

but one model) were clinically credible and should be included in the clinical severity score. As

TEWS categories for physiological parameters are used clinically in the Western Cape and

categorisation did not materially reduce measures of model accuracy, these were used in the

risk-score. TEWS also routinely includes measurement of systolic blood pressure and tempera-

ture, which were retained in unrestricted models and therefore also included. The co-morbidi-

ties diabetes and heart disease were assigned scores based on the relative size of their

coefficients across models. As age had a similar modelled form and effect size to the original

UK PRIEST study, it was assigned categories and scores based on the PRIEST score. The devel-

oped score is shown in Table 2.

The LMIC-PRIEST score was applied to the model development cohort, Omicron and UK

PRIEST validation cohorts. The estimated ROC curves for the primary outcome of these analy-

ses are presented in Fig 2. S13, S14 Figs in S1 File show the estimated ROC curves when esti-

mating the secondary outcome of 1) death or 2) admission to ICU/organ support. The score

achieved better estimated discrimination when predicting death (C-statistic range: 0.79 UK

cohort to 0.83 development cohort) compared to organ support/ICU admission (C-statistic

range: 0.68 Omicron cohort to 0.74 development cohort). Fig 3 shows the calibration plots for

performance of the score in the external validation cohorts. The score overestimated risk in the

Omicron cohort as risk increased and systematically underestimated risk in the UK cohort.

Existing clinical decision-making to admit patients to hospital from the ED in the South

African setting had a sensitivity of 0.77 (95% CI 0.76 to 0.78) and specificity of 0.88 (95% CI

0.87 to 0.88) for the primary outcome (prevalence primary outcome 3.45%). The positive pre-

dictive value (PPV) was 0.18 (95% CI 0.18 to 0.18) and the negative predictive value was

Table 1. (Continued)

Characteristic Statistic/level Adverse outcome No adverse outcome Total

Temperature (˚C) Missing 9,252 (3%)

N 12, 010 284,302 296,312

Mean (SD) 36.4 (1.3) 36.3 (0.8) 36.4 (0.9)

Median (IQR) 36.4 (35.9, 37) 36.3 (36, 36.7) 36.3 (36, 36.7)

Range 25 to 41 25 to 42 25 to 42

Cough Missing 41,524 (29.6%)

Present 557 (4.4%) 8,538 (2.9%) 9,095 (3%)

Fever Missing 93,962 (30.8%)

Present 178 (1.4%) 2,829 (1%) 3,007 (1%)

COVID PCR Positive 10,908 (86.5%) 63,672 (21.7%) 74,580 (24.4%)

Hospital admission ICU 1,527 (12.1%) 0 1,527 (0.5%)

Death Within 30 days contact 9,711 (77%) 0 9,711 (3.2%)

https://doi.org/10.1371/journal.pone.0287091.t001

PLOS ONE LMIC-PRIEST study

PLOSONE | https://doi.org/10.1371/journal.pone.0287091 June 14, 2023 8 / 16

https://doi.org/10.1371/journal.pone.0287091.t001
https://doi.org/10.1371/journal.pone.0287091


(NPV) 0.99 (95% CI 0.99 to 0.99). Clinicians discharged 85.28% of patients on first presenta-

tion. Table 3 presents the estimated sensitivity, specificity, negative and positive predictive val-

ues for levels of the score for the primary outcome in the three study populations that could be

used clinically to inform admission decisions. S15-S17 Tables in S1 File shows these values for

each level of the score and S18 Chart in S1 File shows the risk of the primary outcome for at

each level in the 3 study cohorts.

Discussion

Summary

The LMIC-PRIEST score has been developed using a large cohort of patients with suspected

COVID and a study period that encompasses Beta, Delta and Omicron waves in the Western

Table 2. LMIC-PRIEST score (Score 0–27).

Variable Range Score

Respiratory rate (per minute) 9–14 0

15–20 1

<9 or 21–29 2

>29 3

Oxygen saturation (%) >95 0

94–95 1

92–93 2

<92 3

Heart rate (per minute) 51–100 0

41–50 or 101–110 1

<41 or 111–129 2

>129 3

Systolic BP (mmHg) 101–199 0

81–100 1

71–80 or>199 2

<71 3

Temperature (˚C) 35–38.4 0

<35 or>38.4 2

Alertness Alert 0

Reacts to voice 1

Confused or reacts to pain 2

Unresponsive 3

Inspired oxygen Air 0

Supplemental oxygen 2

Sex Female 0

Male 1

Age (years) 16–49 0

50–65 2

66–80 3

>80 4

Diabetes No 0

Yes 2

Heart disease No 0

Yes 1

https://doi.org/10.1371/journal.pone.0287091.t002
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Cape. Alongside use of an external validation cohort, we were able to assess accuracy in both

different income settings and variants. The LMIC-PRIEST score has shown consistent dis-

crimination across different settings, C-statistics: 0.82 (95% CI: 0.82 to 0.83) development

cohort, 0.79 (95% CI: 0.78 to 0.80) Omicron cohort and 0.79 (95% CI: 0.79 to 0.80) UK

Fig 2. ROC curves for predicting primary outcome for LMIC-PRIEST score.

https://doi.org/10.1371/journal.pone.0287091.g002
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validation cohort. However, differences in prevalence of adverse outcomes resulted in over-

and underestimation of risk in the Omicron and UK external validation cohorts (Fig 3).

The LMIC-PRIEST score builds on existing clinical triage practices in South Africa, and in

addition to parameters used to calculate SATS, the score includes other routinely collected var-

iables. The score is therefore clinically applicable to the intended setting of use. In existing

practice, clinicians admitted 14.7% of patients, and discharged patients had a 1% risk of the

primary outcome (NPV 0.99, 95% CI 0.99 to 0.99). Use of the score at score thresholds up to

<5 could offer gains in sensitivity, but, in the Western Cape, this would increase the propor-

tion of admitted patients with a very small associated reduced risk of false negative triage.

Lower thresholds could be used to rapidly and transparently identify a proportion of very low-

Fig 3. Calibration curves for LMIC-PRIEST score performance in external validation.

https://doi.org/10.1371/journal.pone.0287091.g003
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risk patients who could be discharged from the ED based on information routinely collected at

initial assessment.

Comparison to previous literature

A systematic review found that no risk-stratification scores for patients with suspected

COVID had been developed and validated in LMICs [20]. The Nutri-CoV score was subse-

quently developed and validated in Mexico using data from the first wave of the pandemic

and has been proposed for use to triage patient acuity in hospital settings [22]. In internal

validation, the score achieved a C-statistic of 0.797 (95% CI 0.765 to 0.829), sensitivity 0.93

(95% CI 0.88 to 0.98), specificity 0.11 (95% CI 0.02 to 0.21) and NPV 0.6 (95% CI 0.34 to

0.87) when estimating death or ICU admission at a recommended threshold. Although not

explicitly requiring inpatient investigations, a key predictor in the Nutri-CoV score is diag-

nosis of pneumonia, which requires either radiological or clinical diagnosis. Consequently,

the Nutri-CoV score may not be suitable for rapid identification of low-risk patients suitable

for discharge using information available at triage. Unlike the LMIC-PRIEST score, the

Nutri-COV score has not undergone external validation in different COVID variants or

income settings.

The variables consistently selected by LASSO modelling and used to inform the LMIC-PR-

IEST score are consistent with other studies [23]. Age, inspired oxygen and oxygen saturations

have been found, as in our models, to be highly predictive of adverse outcomes in the ED set-

ting [3, 24]. Although diabetes and heart disease, amongst other comorbidities, have been

found to be prognostic in COVID infection, they have not been found to be as highly predic-

tive of adverse outcomes in the ED setting as in our study [3]. However, diabetes has previ-

ously been identified as a strong predictor (OR 1.84, 95% CI 1.24 to 2.73) of death in patients

with COVID in studies conducted in South Africa [15].

Table 3. Sensitivity, specificity, PPV, NPV and proportion with a positive score at different score thresholds for predicting the primary outcome.

Proportion with score Sensitivity Specificity NPV PPV

Development Cohort (Alpha and Delta variants prevalence primary outcome 4.1%)

>3 57.9% 0.949 (0.945,0.952) 0.437 (0.435,0.439) 0.995 (0.995,0.995) 0.068 (0.067,0.069)

>4 46.4% 0.904 (0.899,0.91 0.555 (0.553,0.557) 0.993 (0.992,0.993) 0.081 (0.079,0.082)

>5 36.7% 0.846 (0.84,0.853) 0.654 (0.652,0.656) 0.99 (0.99,0.99) 0.095 (0.094,0.097)

>6 28.4% 0.773 (0.765,0.780) 0.737 (0.736,0.739) 0.987 (0.986,0.987) 0.112 (0.11,0.114)

>7 21.4% 0.679 (0.671,0.687) 0.806 (0.804,0.807) 0.983 (0.983,0.984) 0.131 (0.128,0.133)

Validation Cohort (Omicron variant prevalence primary outcome 2%)

>2 70.7% 0.962 (0.954,0.969) 0.298 (0.295,0.3) 0.997 (0.997,0.998) 0.027 (0.026,0.028)

>3 55.3% 0.929 (0.918,0.938) 0.454 (0.452,0.457) 0.997 (0.996,0.997) 0.033 (0.032,0.035)

>4 43.1% 0.841 (0.827,0.854) 0.577 (0.575,0.58) 0.994 (0.994,0.995) 0.039 (0.037,0.04)

>5 32.9% 0.766 (0.75,0.782) 0.68 (0.677,0.682) 0.993 (0.993,0.994) 0.046 (0.044,0.048)

>6 24.6% 0.663 (0.645,0.68) 0.763 (0.761,0.765) 0.991 (0.991,0.992) 0.054 (0.051,0.056)

>7 17.6% 0.555 (0.537,0.574) 0.831 (0.829,0.833) 0.989 (0.989,0.99) 0.063 (0.06,0.066)

UK Validation Cohort (Original variant prevalence primary outcome 22.1%)

>3 81.4% 0.988 (0.984,0.991) 0.235 (0.229,0.242) 0.985 (0.981,0.989) 0.268 (0.262,0.275)

>4 73.7% 0.971 (0.966,0.976) 0.329 (0.322,0.337) 0.976 (0.971,0.98 0.292 (0.284,0.299)

>5 65.2% 0.942 (0.935,0.949) 0.43 (0.422,0.437) 0.963 (0.958,0.967) 0.319 (0.311,0.327)

>6 56.5% 0.891 (0.881,0.90) 0.527 (0.52,0.525) 0.944 (0.94,0.949) 0.349 (0.34,0.357)

>7 47.1% 0.818 (0.806,0.829) 0.628 (0.62,0.635) 0.924 (0.919,0.929) 0.384 (0.375,0.394)

https://doi.org/10.1371/journal.pone.0287091.t003

PLOS ONE LMIC-PRIEST study

PLOSONE | https://doi.org/10.1371/journal.pone.0287091 June 14, 2023 12 / 16

https://doi.org/10.1371/journal.pone.0287091.t003
https://doi.org/10.1371/journal.pone.0287091


Strengths and limitations

We followed robust statistical model development techniques that have been rated as low risk

of bias and have an adequate sample size for model development [3, 23]. Restricted and unre-

stricted models derived using different methods for handling missing data, alongside clinical

judgement, were used for score development. These measures all reduce the risk of over-opti-

mistic prediction and inclusion of variables by chance that are not truly predictive. The use of

cohorts of patients with suspected infection means that the score has been developed and vali-

dated in the population of intended use, the population whom ED staff must clinically triage

[1]. Our available datasets also comprise multiple COVID waves and different income settings

allowing external validation and assessment of generalisability [19].

The cohort used for model development was collected from selected government hospitals

using the recently implemented HECTIS system. Use of the HECTIS system, electronic rec-

ords and linking of data from various sources is in its infancy in this context and is dependent

on many data entry points across facilities and institutions. Data collection is not primarily

intended for research purposes and may be subject error and missingness. However, the HEC-

TIS system is used clinically to collect and record the physiological and other variables used to

calculate SATS in the ED as part of clinical practice [25]. Deaths are recorded if they occurred

in, or were notified to, a health facility and deaths which occurred in the community or at

other health care facilities and were not notified to the public healthcare system will not be

included. Estimated inpatient mortality from COVID during the Omicron wave in the West-

ern Cape was 10.7% [26]. Given only 14.7% of patients in our cohort were admitted for inpa-

tient treatment, we believe our estimated mortality rate of 3.2% is plausible for the Western

Cape cohort.

As the UK PRIEST cohort was collected during the first COVID wave (where vaccines were

not available) and vaccination/previous infection status was not known in the Western Cape

cohort, we could not include vaccination/previous infection status when developing our prog-

nostic model. Our cohort is formed by patients who were tested and diagnosed with COVID

and clinical staff performing the initial assessment in the ED had a strong clinical impression

of likely infection. This was partly determined by prevalence of infection and clinical guidance,

which varied during the study period. Although use of PRIEST study data allowed external val-

idation of our developed score, the intended setting of use is in other LMICs during current

waves of the pandemic.

Implications

During periods of increased COVID prevalence, patients in South Africa with suspected infec-

tion were found to bypass primary care and self-present to hospitals [15]. This was associated

with excess attendances for patients who required no specific treatment. This partly explains

the lower prevalence of the primary outcome in the Western Cape. In the UK, telephone triage

was used effectively to reduce ED attendances of lower-risk patients [27]. Disposition deci-

sion-making in LMICs is based on clinician experience and gestalt [7]. Existing clinical deci-

sion-making was found to perform well with only 14.7% of patients admitted as inpatients and

a risk of false negative triage of around 1%. Although clinical-decision rules have been found

to rarely out-perform clinician gestalt [28], exercising clinical judgement requires time and

experience, which may be limited during periods of increased demand.

Despite, imperfect calibration in external validation, use of the LMIC-PRIEST score at

thresholds of three or less would allow identification of very low-risk patients (NPV�0.99)

across different settings using information routinely collected during initial triage. It also pro-

vided better accuracy to generic risk-assessment scores such as NEWS2 and TEWS for patients
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with suspected COVID in the Western Cape setting (NEWS C-statistic 0.8 and TEWS C-statis-

tic 0.68 for same primary outcome) [6]. During periods of increased COVID prevalence and

corresponding ED attendances, the score could potentially be used by practitioners with basic

training to identify very low-risk patients for discharge without full clinical assessment,

thereby reducing the risk of hospitals being overwhelmed. A conservative, high sensitivity

(0.96) threshold of>2, in the Omicron validation cohort would allow the theoretical identifi-

cation of 30% of patients as very low-risk and suitable for rapid discharge from the ED using

information available following initial triage. Triage score such as LMIC-PREIST are intended

to be used in conjunction with clinical judgement and impact studies comparing the use of the

LMIC-PRIEST score to existing practice are required to assess the impact of use. Use of a

threshold of>5 in the Omicron cohort would achieve a similar sensitivity to clinical decision

making to admit patients (0.77 (95% CI 0.76 to 0.78)), but the lower specificity would lead to

an increase in proportion of admitted patients from 14.7% to 32.9%.

The wide variation in the prevalence of the primary outcome between settings resulted in

miscalibration in external validation. The LMIC-score will need calibration in settings of

intended use and this is likely to be easier where there are existing mechanisms for routine

data collection such as the HECTIS system. This may simply involve selecting the most appro-

priate threshold based on the population risk and clinical context. However, the emergence of

new variants may require different weightings of predictor variables.

A primary outcome of death and ICU admission/organ support was used to encompass

need for hospital admission [3]. However, across all development and validation settings, the

score predicted death better than ICU admission/organ support (S9, S10 Tables in S1 File).

The accuracy of the LMIC-PRIEST score for the composite outcome should not be used to

guide treatment decisions beyond need for admission, such as potential benefit from invasive

treatments, as differences in the prediction of death and interventions are likely to mean that

the estimation of benefit is inaccurate [29].

Conclusion

The LMIC-PRIEST score has been developed using robust methods and the score shows gen-

eralisable discrimination across a range of COVID variants and income settings. It is specifi-

cally designed to be used as part of existing triage practices in South Africa and other LMICs.

The score could be used to identify very low-risk patients with suspected COVID infection

rapidly and transparently during periods in which health care systems experience increased

demand due to a high prevalence of infection. Further external validation may be necessary if

the score is used in different settings or novel COVID variants.
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19. Mendelsohn AS, De Sá A, Morden E, et al. COVID-19 wave 4 in Western Cape Province, South Africa:
Fewer hospitalisations, but new challenges for a depleted workforce.S Afr Med J 2022; 112(2):13496.
[published Online First: 2022/02/11] PMID: 35139985

20. Hirner S, Pigoga JL, Naidoo AV, et al. Potential solutions for screening, triage, and severity scoring of
suspected COVID-19 positive patients in low-resource settings: a scoping review. BMJ open 2021; 11
(9):e046130–e30. https://doi.org/10.1136/bmjopen-2020-046130 PMID: 34526332

21. StataCorp. 2021. Stata Statistical Software: Release 17. College Station, TX: StataCorp LLC.

22. Bello-Chavolla OY, Antonio-Villa NE, Ortiz-Brizuela E, et al. Validation and repurposing of the MSL-
COVID-19 score for prediction of severe COVID-19 using simple clinical predictors in a triage setting:
the Nutri-CoV score. PLoSOne 2020; 15(12):e0244051. https://doi.org/10.1371/journal.pone.0244051
PMID: 33326502

23. Update to living systematic review on prediction models for diagnosis and prognosis of covid-19. BMJ
2021; 372:n236. https://doi.org/10.1136/bmj.n236 PMID: 33536183

24. Haimovich AD, Ravindra NG, Stoytchev S, et al. Development and Validation of the Quick COVID-19
Severity Index: A Prognostic Tool for Early Clinical Decompensation.Ann EmergMed 2020; 76(4):442–53.
[publishedOnline First: 2020/07/21] https://doi.org/10.1016/j.annemergmed.2020.07.022 PMID: 33012378

25. Dixon J, Burkholder T, Pigoga J, et al. Using the South African Triage Scale for prehospital triage: a
qualitative study. BMCEmergency Medicine 2021; 21(1):125. https://doi.org/10.1186/s12873-021-
00522-3 PMID: 34715794

26. Jassat W, Abdool Karim SS, Mudara C, et al. Clinical severity of COVID-19 in patients admitted to hos-
pital during the omicron wave in South Africa: a retrospective observational study. The Lancet Global
Health 2022; 10(7):e961–e69. https://doi.org/10.1016/S2214-109X(22)00114-0 PMID: 35597249

27. Marincowitz C, Stone T, Bath P, et al. Accuracy of telephone triage for predicting adverse outcomes in
suspected COVID-19: an observational cohort study. BMJQual Saf 2022 [published Online First: 2022/
04/01] https://doi.org/10.1136/bmjqs-2021-014382 PMID: 35354665

28. Sanders S, Doust J, Glasziou P. A systematic review of studies comparing diagnostic clinical prediction
rules with clinical judgment. PLoSOne 2015; 10(6):e0128233. [published Online First: 2015/06/04]
https://doi.org/10.1371/journal.pone.0128233 PMID: 26039538

29. Dash K, Goodacre S, Sutton L. Composite Outcomes in Clinical Prediction Modeling: AreWe Trying to
Predict Apples and Oranges? Ann Emerg Med 2022 https://doi.org/10.1016/j.annemergmed.2022.01.
046 PMID: 35339284

PLOS ONE LMIC-PRIEST study

PLOSONE | https://doi.org/10.1371/journal.pone.0287091 June 14, 2023 16 / 16

https://www.gov.za/speeches/western-cape-government-launches-safety-dashboard-providing-real-time-data-provincial
https://www.gov.za/speeches/western-cape-government-launches-safety-dashboard-providing-real-time-data-provincial
https://doi.org/10.1371/journal.pone.0240206
http://www.ncbi.nlm.nih.gov/pubmed/33237907
https://doi.org/10.1371/journal.pmed.1001885
http://www.ncbi.nlm.nih.gov/pubmed/26440803
https://doi.org/10.1097/PAP.0000000000000072
https://doi.org/10.1097/PAP.0000000000000072
http://www.ncbi.nlm.nih.gov/pubmed/26262512
https://doi.org/10.23889/ijpds.v4i2.1143
https://doi.org/10.23889/ijpds.v4i2.1143
http://www.ncbi.nlm.nih.gov/pubmed/32935043
https://doi.org/10.1136/bmjopen-2020-047016
http://www.ncbi.nlm.nih.gov/pubmed/33500292
https://doi.org/10.1136/emermed-2020-210783
http://www.ncbi.nlm.nih.gov/pubmed/34083427
http://www.ncbi.nlm.nih.gov/pubmed/35139985
https://doi.org/10.1136/bmjopen-2020-046130
http://www.ncbi.nlm.nih.gov/pubmed/34526332
https://doi.org/10.1371/journal.pone.0244051
http://www.ncbi.nlm.nih.gov/pubmed/33326502
https://doi.org/10.1136/bmj.n236
http://www.ncbi.nlm.nih.gov/pubmed/33536183
https://doi.org/10.1016/j.annemergmed.2020.07.022
http://www.ncbi.nlm.nih.gov/pubmed/33012378
https://doi.org/10.1186/s12873-021-00522-3
https://doi.org/10.1186/s12873-021-00522-3
http://www.ncbi.nlm.nih.gov/pubmed/34715794
https://doi.org/10.1016/S2214-109X%2822%2900114-0
http://www.ncbi.nlm.nih.gov/pubmed/35597249
https://doi.org/10.1136/bmjqs-2021-014382
http://www.ncbi.nlm.nih.gov/pubmed/35354665
https://doi.org/10.1371/journal.pone.0128233
http://www.ncbi.nlm.nih.gov/pubmed/26039538
https://doi.org/10.1016/j.annemergmed.2022.01.046
https://doi.org/10.1016/j.annemergmed.2022.01.046
http://www.ncbi.nlm.nih.gov/pubmed/35339284
https://doi.org/10.1371/journal.pone.0287091

