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Abstract

Background Critical illness disproportionately affects people in low-income countries (LICs). Efforts to improve

critical care in LICs must account for differences in demographics and infrastructure compared to high-income

settings. Part of this effort includes the development and validation of intensive care unit (ICU) risk stratification

models feasible for use in LICs. The purpose of this study was to validate and compare the performance of ICU

mortality models developed for use in sub-Saharan Africa.

Materials and Methods This was a prospective, observational cohort study of ICU patients in a referral hospital in

Malawi. Models were selected for comparison based on a Medline search for studies which developed ICU mortality

models based on cohorts in sub-Saharan Africa. Model discrimination was evaluated using the area under the curve

with 95% confidence intervals (CI).

Results During the study, 499 patients were admitted to the study ICU, and after exclusions, there were 319 patients.

The cohort was 62% female, with the mean age 31 years (IQR: 23-41), and 74% had surgery preceding ICU

admission. Discrimination for hospital mortality ranged from 0.54 (95% CI 0.48, 0.60) for the Universal Vital

Assessment (UVA) to 0.72 (95% CI 0.66, 0.78) for the Malawi Intensive care Mortality Evaluation (MIME). After

tenfold cross-validation, these results were unchanged.

Conclusions The MIME outperformed other models in this prospective study. Most ICU models developed for LICs

had poor to modest discrimination for hospital mortality. Future research may contribute to a better risk stratification

model for LICs by refining and enhancing the MIME.

Introduction

Critical illness disproportionately affects people in low-

income countries (LICs) of sub-Saharan Africa [1]. Pro-

viding quality intensive care medicine has the potential to

mitigate preventable mortality in these settings, but
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extrapolating intensive care medicine protocols and

strategies to LICs is challenging. Efforts to improve

intensive care medicine in LICs must account for differ-

ences in the patient demographics, clinical case-mix, and

healthcare system infrastructure. A necessary component

of this enterprise is the development and validation of

intensive care unit (ICU) risk stratification models feasible

for use in LICs.

Models developed specifically for LICs are necessary

because existing models developed in high-income settings

(e.g., Acute Physiologic Assessment and Chronic Health

Evaluation [2], Mortality Prediction Models [3], Simplified

Acute Physiology Score [4]) have not shown strong dis-

crimination when applied to LIC populations [5]. Fur-

thermore, these models rely on advanced or multiple

laboratory assessments (e.g. arterial blood gas) which are

not usually available in LICs. Several studies have recently

put forth ICU risk models and early-warning scores feasi-

ble for use to assess critically ill patients in sub-Saharan

Africa [6-10]. None of these models have been externally

validated by an independent study. The purpose of this

study was to validate and compare the discrimination of

these models for hospital and ICU mortality, using a

prospective ICU cohort in Malawi.

Methods

This was a prospective, observational cohort study of

patients admitted to the ICU of Kamuzu Central Hospital

(KCH) in Lilongwe, Malawi, from September 2016 to July

2018. The anticipated sample size and study time period

was based on other similar studies [7]. The study protocol

was registered at researchregistry.com under protocol

4330. It was developed a priori and approved by the

National Health Sciences Research Council of Malawi and

the institutional review boards of both American univer-

sities with which the study was affiliated, and the

requirement for written informed consent was waived by

all.

Malawi is a country in southern Africa with a population

of 18 million people, a life expectancy of 63.8 years, and a

Human Development Index rank of 170 out of 187 coun-

tries [11]. It is the sixth poorest country in sub-Saharan

Africa [12]. KCH is a referral hospital in the central region

of Malawi with a catchment area of approximately 5 mil-

lion. The ICU at KCH is a five-bed unit which offers a 1:1

nurse-to-patient ratio, continuous noninvasive vital sign

monitoring, mechanical ventilation with a titratable frac-

tion of inhaled oxygen, and intravenous medication infu-

sions. Hemodialysis is available within the hospital if

patients can be transferred to the nearby unit where it is

provided. Clinical care in the ICU is directed by clinical

officers in anesthesiology. No staff members have consul-

tant-level expertise in intensive care medicine.

All patients admitted to the study ICU were eligible for

inclusion. Exclusion criteria included age B 15 years,

readmission to ICU, and ICU admission for a reported

severe head injury. Supplemental analyses included

patients with a reported severe head injury, to assess the

validity of the predictive models in the larger cohort. The

primary outcome was hospital mortality. The secondary

outcome was ICU mortality.

The data were collected prospectively by study staff

trained in ICU data abstraction. Study staff began data

collection for each patient at the time of ICU admission by

reviewing the medical files and then following the patient

through his or her hospital course. Variables collected

included date of hospital admission, hospital location

before ICU admission (e.g., emergency room, operating

room, ward), the admitting service (e.g., surgery, obstetrics

and gynecology, medicine, pediatrics), vital signs and

laboratory measurements at the time of admission to ICU,

treatments utilized during the ICU admission (e.g.,

mechanical ventilation), the location to which patients

were discharged, and the hospital discharge date. Labora-

tory measurements at the time of ICU admission included

only those commonly measured by local clinical standards

and readily available in the hospital laboratory, rather than

more expensive tests frequently used in high-income set-

tings. For this study, a complete blood count, electrolytes,

point-of-care malaria status, and point-of-care human

immunodeficiency virus (HIV) status were included. Vital

sign measurement included an assessment of mental status

using the AVPU scale (alert, verbally responsive, painful-

stimulus responsive, and unresponsive), which was simpler

and more acceptable to local clinicians than the Glasgow

Coma Scale scoring system. However, because this vari-

able was frequently confounded by postoperative residual

anesthesia, during data analysis, we simplified it into an

assessment of altered mental status (i.e., alert versus any

value other than alert). We also recorded the clinical sus-

picion of infection at ICU admission and the presence of
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fever ([ 38.4 �C) at any time during the ICU course. All

records were initially kept on paper and then in a de-

identified computer database.

The models chosen for comparison were selected based

on a Medline search for studies published within the past

10 years which developed mortality prediction models for

critically ill hospitalized patients based on cohorts in sub-

Saharan Africa. We focused on a framework of critically ill

hospitalized patients, rather than specifically on ICU

patients, given the understanding that many hospitals in the

region either do not have ICU facilities or have a very small

ICU facility to which all critically ill patients do not have

access. We also included models like the quick Sequential

Organ Failure Assessment (qSOFA) [9] and Modified Early

Warning Score (MEWS) [8], which were not developed for

mortality modeling per se, but which have been evaluated

within sub-Saharan Africa hospital cohorts in recent studies

[13, 14]. In some cases, we were only able to apply simplified

or modified versions of models based on the ability to collect

clinical information at our study site; for example, Glasgow

Coma Scale (GCS) scoring is not easily performed at our

study site and there was a high proportion of missing data in

this variable. As a result, we were able to evaluate the sim-

plified Rwanda Mortality Prediction Model but not the full

Rwanda Mortality Prediction Model. For the same reason,

we modified the Universal Vital Assessment (UVA) by

substituting the AVPU scale for GCS scores (Supplement,

Table 1, 2) The final models selected for comparison are

summarized in Table 1.

We described and assessed the association of the compo-

nent variables for each model with hospital and ICU mortality

using univariable and multivariable logistic regression.

(Supplement, Table 3a-b, 4a-b) Model discrimination was

then evaluated using the area under the receiver operating

characteristic curve (AUC, or c-statistic) with 95%

confidence intervals (CI). The area under the curve (AUC)

summarizes how well a model is able to accurately delineate

survival or non-survival following ICU admission. For the

MEWS, for which cutoff scores have been suggested, we also

evaluated the AUC of different cutoffs [14]. Model perfor-

mance was assessed using Akaike information criterion

(AIC), Bayesian information criterion (BIC), and R-squared.

Internal validation of the models’ accuracy was performed

using tenfold cross-validation. In other words, we partitioned

the study sample randomly into 10 equal subsets, where each

subset is a ‘‘fold.’’ For each fold, we designate it as the testing

set (10% of the data) and train on the remaining 90% of the

data. This process is repeated 10 times for each fold, and the

AUC, accuracy, sensitivity, specificity, and ROC curves are

averaged with the range and standard deviations reported.

This process was repeated across the seven models. Finally,

we performed a comparison of the receiver operating curves

across all the models using the nonparametric approach of

DeLong, DeLong, and Clarke-Pearson [15]. For each of the

scoring methods, the p value is computed from the pair-wise

comparison of AUC against the MIME method; AUC dif-

ferences and 95% confidence interval around that difference

are also reported. In this comparison, a cutoff of 6 was chosen

for the MEWS model based on preceding analyses. Statistical

analyses were conducted using SAS Version 9.4 (SAS

Institute, Inc., Cary, NC). The results are reported in line with

the Strengthening the Reporting of Cohort Studies in Surgery

(STROCSS) criteria [16].

Results

During the study period, 499 patients were admitted to the

study ICU. After excluding for age B 15 years and read-

mission (n = 103), there were 396 patients. After excluding

Table 1 ICU risk models and early-warning scores feasible for use in low-income settings and selected for comparison

Model Geographic location of

development cohort

Component variables

Malawi intensive care mortality risk

evaluation model (MIME) [6]

Malawi Age, sex, admitting service, systolic pressure, mental status, and

fever ([ 38.4C) during the ICU course

Simplified MIME (sMIME) Malawi ICU admitting service, fever during ICU course ([ 38.4C), mental

status

Modified Early Warning Score

(MEWS) [8]

UK Temperature, heart rate, respiratory rate, systolic blood pressure,

and mental status

Simplified Rwanda-mortality

prediction model (sR-MPM) [7]

Rwanda Age, heart rate, infection, shock or hypotension, mental status

Quick Sequential Organ Failure

Assessment (qSOFA) [9]

International task force

recommendation

Respiratory rate, systolic blood pressure, and mental status

Universal Vital Assessment (UVA)

[10]

Gabon, Malawi, Sierra Leone,

Tanzania, Uganda, Zambia

Temperature, heart rate, respiratory rate, systolic blood pressure,

oxygen saturation, Glasgow coma scale, HIV status

Modified Universal Vital Assessment Gabon, Malawi, Sierra Leone,

Tanzania, Uganda, Zambia

Temperature, heart rate, respiratory rate, systolic blood pressure,

oxygen saturation, mental status, and HIV status



In the initial analysis, model discrimination for hospital

mortality ranged from 0.54 (95% CI 0.48, 0.60) for UVA to

0.72 (95% CI 0.66, 0.78) for MIME, and discrimination for

ICU mortality ranged from 0.55 (95% CI 0.49, 0.61) for

UVA to 0.72 (95% CI 0.66, 0.78) for MIME. (Table 3,

Supplement Table 5) After tenfold cross-validation, these

results were unchanged. (Figs. 1 and 2). We have sufficient

evidence that at least one of the scoring models differs

from another scoring method for hospital mortality

(p = 0.002) and ICU mortality (p\ 0.001); pair-wise

comparisons with the MIME scoring method are shown in

Supplement Table 6.

Table 2 Demographics and clinical traits of study population

Baseline variables and clinical characteristics All patients (n = 319)

Survived hospital

(n = 130)

Died in hospital

(n = 174)

Total (n = 319) a

N Median (IQR)

or N (%)

N Median (IQR)

or N (%)

N Median (IQR) or N (%)

Male sex, n (%) 130 43 (33) 174 75 (43) 319 121 (38)

Age, median (IQR) 130 30.5 (23–37) 174 32.5 (23–43) 319 31 (23–41)

ICU admitting service, n (%)

General surgery 130 45 (35) 174 87 (50) 319 139 (44)

Obstetrics and gynecology 130 51 (39) 174 40 (23) 319 98 (31)

Medicine 130 34 (26) 174 47 (27) 319 82 (26)

Location before ICU admission, n (%)

General ward 127 10 (8) 168 7 (4) 310 18 (6)

High-dependency unitb 127 29 (23) 168 41 (24) 310 75 (24)

Emergency room 127 12 (10) 168 17 (10) 310 29 (10)

Operating theater 127 71 (56) 168 97 (58) 310 177 (57)

Transfer from outside hospital 127 5 (4) 168 6 (4) 310 11 (4)

Surgery in 72 h preceding ICU admission, n (%) 130 96 (74) 173 128 (74) 318 234 (74)

Vital signs at admission to ICU

Heart rate (bpm), median (IQR) 128 120 (100–133) 170 119 (102–136) 313 119 (102–135)

Respiratory rate, median (IQR) 125 19 (15–25) 163 20 (14–26) 303 20 (15–26)

Mean arterial pressurec (mmHg), median (IQR) 128 88.4 (72–105) 169 82.2 (61–99) 312 85.8 (68–101)

Temperature (C), median (IQR) 121 36 (35–37) 161 36 (34–37) 297 36 (34–37)

Pulse oximetry value, median (IQR) 124 98 (94–99) 152 97 (91–99) 290 97 (92–99)

Suspected of having infection at admission to ICU, n (%) 130 83 (64) 173 112 (65) 317 201 (63)

HIV positive, n (%) 113 9 (8) 142 28 (20) 266 37 (14)

Malaria status positive, n (%) 100 10 (10) 128 16 (13) 241 29 (12)

Provision of mechanical ventilation, n (%) 130 119 (92) 172 170 (99) 316 302 (96)

Length of mechanical ventilation, days, median (IQR) 116 2 (1–3) 171 2 (1–4) 297 2 (1–4)

Length of stay in ICU, days, median (IQR) 129 3 (2–4) 170 2 (1–5) 312 2.5 (1–5)

ICU Mortality, n (%) 130 0 (0) 174 154 (89) 315 154 (49)

aThere were 15 patients with an unknown status for hospital mortality which are not included in the first two columns

bOne of the four hospital high-dependency units (HDUs), including surgical HDU, obstetric HDU, medical HDU, and pediatric HDU

cMean arterial pressure is calculated by: 0.66(diastolic blood pressure) ? 0.33(systolic BP)

Bpm beats per minute; IQR interquartile range; ICU intensive care unit; mmHg millimeters of Mercury; C Celcius; HIV human immunodefi-

ciency virus

those with severe head injuries, there were 319 patients.

(For analyses including patients with severe head injuries, 
please refer to the Supplement.) Fifteen patients were 
missing hospital outcome data and were excluded from 
analysis of the primary outcome hospital mortality; they 
are included in descriptive statistics and analysis of the 
secondary outcome: ICU mortality. The cohort was 62%

female, and the median age was 31 years (interquartile 
range, IQR, 23–41). The cohort was largely surgical; 74%

of patients had surgery in the 72 h preceding ICU admis-

sion, and 57% were admitted directly from the operating 
theater (Table 2).



In Supplementary Analyses which included patients

with severe head injuries, descriptive analyses of the model

components stratified by hospital and ICU mortality are

summarized in Supplement Table 7a-b, and assessments of

their associations with hospital and ICU mortality are

summarized in Supplemental Table 8a-b. Model discrimi-

nation for hospital mortality ranged from 0.53 (95% CI

0.48, 0.58) for the UVA to 0.70 (95% CI 0.65, 0.75) for the

MIME, and for ICU mortality, it ranged from 0.53 (95% CI

0.48, 0.59) for the UVA to 0.70 (95% CI 0.65, 0.75) for the

MIME. These results were unchanged after tenfold cross-

validation. (Supplement Table 9a-b, Supplement Figures 1

and 2). In these analyses, there was also evidence that at

least one of the models differ from another scoring method

for hospital mortality (p = 0.002) and ICU mortality

(p\ 0.001) (Supplement Table 10).

Discussion

In this prospective cohort study of critically ill patients

admitted consecutively to the ICU of a referral hospital in

Malawi, we found that seven risk stratification models

feasible for use in low-resource ICU settings had poor to

moderate discrimination and calibration. These results are

not as discouraging as they initially appear. First, the rel-

ative simplicity of these models hints at the known trade-

off between data collection burden and prognostic preci-

sion [17]. Modeling outcomes for a heterogeneous ICU

population with complex critical illness using a collection

of vital signs will not have the same precision as models

with more component variables such as the APACHE.

Second, all the models in this analysis are based on rela-

tively small derivation cohorts. Despite the rigor of the

studies on which these models are based, these sample

sizes reflect the inherent difficulties of collecting prospec-

tive clinical data within the LICs of sub-Saharan Africa and

underlines the importance of investing in data collection

systems which may allow for the creation of larger clinical

registries in this region. Finally, these models are remark-

ably similar, relying in large part upon the same basic vital

signs (blood pressure, temperature, mental status), which

contributes to the consistently poor to moderate perfor-

mance for each model within this cohort.

In evaluating the performance of these models, physi-

cians and public health workers must also recognize that

not all ICUs within LICs are the same. For example, the

cohort upon which the MIME was based was 74% surgical,

62% female, and had an HIV prevalence of 15% [6]. In

contrast, the cohort upon which the simplified Rwanda-

MPM was based included 23% surgical patients and 51%

female patients, and 5% had an HIV prevalence [7]. The

UVA model was based on a cohort in which 38% of sub-

jects were HIV positive. While the study which associated

Table 3 Model discrimination, fit, and internal validation for predicting hospital mortality after tenfold cross-validation

Model discrimination and fit MIME sMIME sR-MPM MEWSa qSOFA UVA Modified

UVA

AUC (0–1, higher indicates better prediction)

(95% CI)

0.72

(0.66,

0.78)

0.70

(0.64,

0.76)

0.67

(0.61,

0.73)

0.61

(0.56,

0.66)

0.64

(0.58,

0.71)

0.54

(0.48,

0.60)

0.60

(0.54, 0.65)

AIC (lower indicates better model fit) 374.35 375.27 386.65 375.66 378.88 419.07 408.79

BIC (lower indicates better model fit) 403.79 393.70 408.77 382.97 393.50 430.22 419.94

R2 (0–1, higher indicates better prediction) 0.13 0.12 0.09 0.06 0.07 0.01 0.04

Performance on tenfold cross-validated testing

cohort

Accuracy, %, mean (SD) 62.3

(10.6)

65.1 (9.5) 63.8 (7.8) 63.7 (9.5) 63.6 (7.6) 53.4 (7.3) 61.8 (7.3)

Sensitivity, %, mean (SD) 77.9 (13) 81.3

(10.8)

83.5

(10.3)

82.9

(10.1)

88.3 (8.1) 90.9 (15) 77.9 (14.3)

Specificity, %, mean (SD) 41.5

(11.8)

43.5 (12) 37.9

(12.2)

41.1

(19.1)

30.3

(12.5)

5.5 (10.1) 41 (12.8)

AUC, mean (min, max) 0.72

(0.70,

0.73)

0.70

(0.68,

0.72)

0.67

(0.66,

0.68)

0.61

(0.59,

0.63)

0.64

(0.63,

0.65)

0.54

(0.52,

0.56)

0.60

(0.58, 0.61)

a.MEWS C 6

AIC Akaike information criterion; AUC area under the receiver operating curve; BIC Bayesian information criterion; SD standard deviation;

MEWS Modified Early Warning Score; MIME Malawi Intensive care Mortality risk Evaluation; qSOFA quick Sequential Organ Failure

Assessment; s-MIME simplified Malawi Intensive care Mortality risk Evaluation; sR-MPM simplified Rwanda Mortality Prediction Model; UVA

Universal Vital Assessment



in high-income countries. Risk stratification models based

on vital signs appear to be insufficient to precisely risk-

stratify this heterogeneous population. This is evidenced in

part through revisiting the MIME derivation cohort: In the

initial analysis which excluded head injury patients, the

AUC was 0.70 (95% CI 0.63, 0.76). When severe head

injury patients were included in the supplementary analy-

sis, which increased the size and heterogeneity of the

cohort, the discrimination of the model did not improve

(AUC 0.69, 95% CI 0.63, 0.75). We may develop better

models for LICs by focusing on more specific groups of

Fig. 1 Comparison of AUC across all scoring methods

Fig. 2 Averaged tenfold cross-validated ROC curve compared across all scoring methods

MEWS with critical illness in Uganda included a large 
proportion of surgical patients (55%), it also had a higher 
HIV prevalence (24%) than the MIME or Rwanda-MPM 
cohorts [14]. Attempting to derive and fit the same risk 
stratification models in these different ICU populations 
may explain the poor discrimination found in this study.

Furthermore, ICUs in LICs are most often general units, 
as opposed to the specialized cardiac care or neonatal units 
found in high-income settings. In the context of a health-

care system that lacks specialized units, ICU medicine may 
be even more heterogeneous than the ‘general’ ICUs found



patients. This could be achieved with an Obstetric Critical

Illness Score versus a Head Injury Critical Illness Score,

for example.

This study reiterates the value and importance of clinical

registries in advancing critical care medicine in LICs.

Advocates for elevating critical care medicine on the global

health agenda are constrained by a lack of data from LICs in

general and from the sub-Saharan African region in partic-

ular. Only good data can inform good critical care delivery

and healthcare policy. While the Intensive Care Over

Nations (ICON) study purported to study the global burden

of critical illness, only 141 patients in this 10,069 patient

study (1.4%) were from Africa [18]. While the ongoing

Global Burden of Disease study includes data from all LICs

and from across sub-Saharan Africa, it is broad and not

designed for patient-oriented critical care research. Detailed,

high-quality clinical registries could inform critical care

research and the development of stronger risk stratification

models, but they will require multilevel investment from

government officials and clinicians.

Estimates from the World Bank indicate that by 2030,

more than 90% of the people living in extreme poverty will

be in sub-Saharan Africa [19]. As this shift occurs, demand

for critical care services within this region can be expected

to increase. In order to meet this demand, current research

and care models may have to be reconsidered. For exam-

ple, future ICU risk stratification model development

research in LICs may benefit by incorporating social

determinants of health which may disproportionately

impact critical illness severity and outcomes in low-income

contexts: distance from a hospital facility, nutrition history,

and family or community support structures for example.

These data have been associated with critical illness mor-

tality in high-income settings. For example, Seymour et al.

[20] analyzed over 1.1 million hospitalizations for sepsis in

the USA and found that single and divorced men and single

women have higher hospital mortality than married coun-

terparts. Metersky et al. [21] analyzed over 48,000 elderly

male hospitalizations for pneumonia and also found higher

mortality among unmarried subjects. Several studies have

linked hospitalization rates and outcomes to a patient’s

geography or distance from the hospital [22-24]. Further-

more, anthropometric assessments such as the Subjective

Global Assessment and mid-arm circumference have

recently performed better than biochemical markers or the

APACHE score, respectively, in predicting hospital out-

come among critically ill patients [25, 26]. These data are

relatively easy to collect in low-resourced settings and may

add needed precision to current risk stratification models.

Another potential solution to improving ICU risk strat-

ification models is to focus on data which reflect the

infrastructure of healthcare in LICs of sub-Saharan Africa.

These data may include the nurse-to-patient ratio in the

ICU, intensivist oversight, the ICU census at the time of a

new patient’s admission, the time of day or the day of the

week on which a patient is admitted to ICU, and the

availability of key resources (e.g., blood transfusions,

hemodialysis, radiologic imaging). Many of these factors

have been rigorously evaluated and associated with hos-

pital mortality in high-income settings [27-30] and may

add precision to risk stratification models. Anesi et al. [31]

recently published a two-center study from South Africa

which showed an association between ICU census and ICU

mortality. This is one of the first such reports from sub-

Saharan Africa and future studies should attempt to repli-

cate these results.

There are several limitations to this study. First, it is a

single-center study. Critical care medicine is still devel-

oping as a specialty in many sub-Saharan African countries

and is generally only available at referral hospitals. Future

studies may benefit from aggregating data from several

referral hospitals to increase statistical power and gener-

alizability. Second, some of the data used to validate and

compare these models was also used in the development of

the MIME, and this may have contributed to the superior

performance of the MIME.

Conclusions

In this prospective cohort study, we found that seven

models developed for evaluating critically ill patients in

LICs show poor to moderate discrimination. This may be

attributable to heterogeneous derivation cohorts or overly

simplistic models, but highlights the need for renewed

interest and a novel approach for risk stratification of

critically ill patients in LICs.
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