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ABSTRACT

Objectives: Emergencymedicine in low- andmiddle-income countries (LMICs) is hindered by lack of research into patient
outcomes. Chief complaints (CCs) are fundamental to emergency care but have only recently been uniquely codified for an
LMIC setting inUganda. It is not knownwhether CCs independently predict emergency unit patient outcomes.

Methods: Patient data collected in a Ugandan emergency unit between 2009 and 2018 were randomized into
validation and derivation data sets. A recursive partitioning algorithm stratified CCs by 3-day mortality risk in each
group. The process was repeated in 10,000 bootstrap samples to create an averaged risk ranking. Based on this
ranking, CCs were categorized as “high-risk” (>29 baseline mortality), “medium-risk” (between 2 and 0.59
baseline mortality), and “low-risk” (<0.59 baseline mortality). Risk categories were then included in a logistic
regression model to determine if CCs independently predicted 3-day mortality.

Results: Overall, the derivation data set included 21,953 individuals with 7,313 in the validation data set. In total, 43
complaints were categorized, and 12 CCs were identified as high-risk. When controlled for triage data including age,
sex, HIV status, vital signs, level of consciousness, and number of complaints, high-risk CCs significantly increased
3-day mortality odds ratio (OR = 2.39, 95% confidence interval [CI] = 1.95 to 2.93, p < 0.001) while low-risk CCs
significantly decreased 3-day mortality odds (OR = 0.16, 95% CI = 0.09 to 0.29, p < 0.001).

Conclusions: High-risk CCs were identified and found to predict increased 3-day mortality independent of vital
signs and other data available at triage. This list can be used to expand local triage systems and inform emergency
training programs. The methodology can be reproduced in other LMIC settings to reflect their local disease patterns.

A related article appears on page 1360.
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Emergency medicine continues to be underdevel-
oped and heterogeneous in low- and middle-in-

come countries (LMICs).1 With recent estimates
suggesting that high-quality emergency care could
address more than 50% of annual deaths in LMICs,
the World Health Organization, World Bank, and
African Federation for Emergency Medicine have
called for a renewed focus on research and investment
into emergency care.2-4 However, local needs remain
poorly characterized due to insufficient data in several
areas including prehospital care, emergency unit triage,
and patient outcomes.5,6

The Working Group on Emergency Care Data
Management at the 2013 Academic Emergency Medi-
cine consensus conference generated a list of research
priorities for global emergency medicine and empha-
sized the capture and analysis of chief complaint (CC)
data.7 The CC, or reason for visit, is the first piece of
information collected from a patient and can be reli-
ably captured in nearly all emergency unit environ-
ments.8 Since definitive diagnoses are often
unavailable to LMIC emergency care providers, the
CC also serves as a syndromic label to guide triage,
diagnostic, and therapeutic decisions.7,9 Although few
LMICs have the means to map CC data, a compre-
hensive understanding of CCs is postulated to
enhance provider training and help optimize the allo-
cation of scant financial, diagnostic, and human
resources.7

To date, few studies have examined emergency unit
CCs in LMICs. These studies have expanded the
understanding of acute care presentations, but have
been limited by use of preexisting or nonlocal lexi-
cons, a focus on nonemergent cases, small patient
populations, specific subsets of patients (i.e., trauma),
and a lack of outcomes data.10-12 To the authors’
knowledge, a 2018 project within a Ugandan emer-
gency unit was the first and only study to derive a
unique CC ontology using locally captured data and a
local lexicon.13 This research reflects a larger trend in
medicine, with increasing importance being placed on
the role of ontologies to more precisely classify patients
and support clinical reasoning.14

Training programs in high-income countries (HICs)
often focus on high-risk CCs, but definitions of riski-
ness tend to combine complex notions of patient
safety, medical–legal landscapes, and challenging diag-
noses.15 Only a handful of studies have examined
patient-oriented outcomes, such as mortality, to define
high-risk CCs in HICs.16-18 To date, to our

knowledge, no identification of high-risk CCs using
patient-oriented outcomes has been published from
any LMIC. This study represents the first published
work to attempt to identify high-risk CCs that inde-
pendently predict mortality in any LMIC using a
Ugandan context-specific ontology derived by Rice
et al. in 2018.13 The following analysis seeks to test
the hypothesis that there are high-risk CCs that predict
increased mortality independent of other predic-
tors available at triage. The ultimate goal of this list is
to enrich local triage, rationalize resource utilization,
and improve provider training by focusing on locally
relevant, context-specific patterns of disease and mor-
tality.

METHODS

Global Emergency Care (GEC) is a U.S.- and-
Uganda-based nongovernmental organization dedi-
cated to providing emergency care training in
Uganda. In collaboration with Karoli Lwanga Hospi-
tal, GEC developed a 2-year training program
through which nurses earn an emergency care practi-
tioner (ECP) certification and independently provide
emergency care in a dedicated emergency unit at the
Hospital. The program has since been adopted by
Mbarara University of Science and Technology
(MUST), and MUST and GEC are working collabo-
ratively with multiple Ugandan stakeholders to
expand the training capacity. Karoli Lwanga Hospital
is located in the rural Rukungiri District of south-
west Uganda, has a 6-bed emergency unit that is
staffed by ECPs from 8am until midnight, and cares
for patients with medical and surgical emergencies
(maternal emergencies are triaged to a separate labor
and delivery ward). The annual census of the emer-
gency unit has been relatively stable since 2009, see-
ing approximately 3,000–3,500 adults and 1,500
children less than 18 years old every year. Karoli
Lwanga Hospital is not a referral hospital so very
few patients present with diagnoses from other facili-
ties. Emergency unit care is provided by ECPs
trained in medical management, resuscitation,
trauma, and minor surgical and orthopedic proce-
dures and who have access to a limited number of
blood tests, intravenous and oral medications, and
extremely limited and inconsistent medical imaging.
They admit to a hospital with separate medical and
surgical wards managed by nurses and physicians.
Further details about the setting, resource availability,
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and outcomes of the training program are compre-
hensively described elsewhere.19-21

Global Emergency Care has maintained a prospec-
tively collected quality assurance database of all emer-
gency unit visits since 2009. The database captures
data including demographics, CCs, vital signs, labora-
tory and radiology results, treatments given, proce-
dures, diagnoses, disposition, and patient outcomes.
Data were collected by trained research assistants at
the time patients presented for care. Follow-up data
were collected in person for admitted patients and by
structured telephone interview within 3 days for
patients who were discharged from the emergency
unit. If a patient could not be reached on the initial
attempt, calls were made daily until 10 days had
elapsed since the initial visit. CCs were entered as
unstructured free text with the ability to enter multiple
CCs for each patient visit.
The study population included all adults 18 years

of age and older who presented to the Karoli Lwanga
Hospital emergency unit between November 2009
and December 2018. All patients who were “dead
on arrival” were excluded. This exclusion applied
only to patients who arrived at triage clearly dead;
with no vital signs; who received no treatments; and
who, by definition, were unable to provide any CC.
Patients who arrived at triage with signs of life but
died while in the emergency unit were included in
analysis. All patients with “pregnancy-related” com-
plaints were also excluded. This exclusion applied
only to patients who presented for emergencies asso-
ciated with a known pregnancy. Hospital policy dic-
tated that patients with pregnancy-related emergencies
were supposed to be evaluated and treated in a
maternity ward housed in a separate building from
the main emergency department. Since those patients
were explicitly not intended to be seen at the study
site they were excluded from analysis. Patients for
whom a pregnancy was discovered during evaluation
(e.g., for vaginal bleeding or abdominal pain) were
included in analysis. Patient visit data were abstracted
from the quality assurance database and randomly
split into two data sets: one that included 75% of
cases for derivation and one with 25% of cases for
validation. The derivation data set was subsequently
split into two groups: patients with a single CC and
patients with multiple CCs.
Each shortlist CC from Rice et al.13 was analyzed

independently and ranked by mortality risk using a
recursive partitioning algorithm. This was performed

in both the single and the multiple CC groups. Crude
mortality was calculated for each remaining CC and
the highest mortality CC was recorded. Every patient
record that included that highest-risk complaint was
then removed from the database for the next round of
analysis. This analysis also expressly omitted interac-
tion terms. The above procedure was repeated until all
complaints with associated mortality had been ranked
as a list. The remaining CCs were not associated with
any mortality and were then preserved as a separate
list. Finally, any CC that occurred in fewer than 0.5%
of total patient visits was removed and not included in
subsequent analysis. Both the “associated mortality”
and the “no mortality” lists were subject to this exclu-
sion criteria.
Since some CCs occurred relatively infrequently in

the total data set, their distribution and inclusion for
analysis was susceptible to the randomization process
above. This variability was addressed by using boot-
strap aggregation. The above randomization and risk
ranking algorithm were run in 10,000 bootstrap sam-
ples with results averaged to generate risk lists for sin-
gle and multiple CCs based on average risk categories.
A final list was formed by combining the two lists,
placing each CC into the highest-risk category in
which it appeared during at least 10% of the iterations
of the algorithm. In this way, the final list categorized
CCs as high (greater than twice baseline mortality),
medium (half to twice baseline mortality), low (less
than half baseline mortality), and zero risk (no associ-
ated mortality). Sensitivity analysis was performed
using alternative thresholds for high-risk (both one-
and-a-half and triple baseline mortality) with the aim
of identifying at least 10% of the population as
high-risk.
Univariate analysis was conducted for all variables

available at triage using Student’s t-test for continuous
variables and the chi-square test for categorical vari-
ables. Physiologic variables were defined as follows: for
blood pressure, hypotension was defined as systolic
blood pressure ≤ 90 and hypertension as systolic
blood pressure ≥180; for heart rate, bradycardia was
defined as heart rate < 60 beats/min and tachycardia
as heart rate ≥ 120 beats/min; for temperature,
hypothermia was defined as ≤ 35°C and febrile as ≥
37.5°C; altered mental status was defined as AVPU
score of “verbal,” “pain,” or “unresponsive”; and
hypoxia was defined as oxygen saturation on pulse
oximeter (SpO2) < 92%. Missing values for physio-
logic variables were coded as “normal.” Patients
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missing age were excluded from analysis. Sensitivity
analysis of patients discharged from the emergency
unit showed that those who answered follow-up phone
calls and those who did not (including those who did
not answer the phone, provided a wrong number or
had no phone) were very similar in terms of demo-
graphics, CCs, and indicators of disease severity.
These similarities supported an assumption that miss-
ingness was completely at random. Given the low
mortality rate for patients discharged from the emer-
gency unit, all missing mortality outcomes were coded
as alive for analysis and multiple imputation was not
used. Multivariable logistic regression, controlling for
demographic and clinical factors, was performed to
test the association of an ordered categorical variable
of CC “riskiness” (high, medium, and low) with 3-day
mortality. This multivariable logistic regression model
was applied to two data sets as a sensitivity analysis to
verify the assumptions about the handling of missing
outcome data: one assumed patients with missing out-
comes to be alive and a second excluded all patients
missing confirmed outcomes. All univariate variables
were added in a stepwise manner, with CC riskiness
added as the final variable. A likelihood ratio test was
performed to test the significance for including CC in
the model. The coefficients from the logistic regression
model built in the derivation data set were then
applied to the validation data set. The sensitivity and
specificity obtained from those coefficients were used
for a net benefit calculation. The area under the recei-
ver operating characteristics curve (AUROC), Hosmer-
Lemeshow goodness of fit, Brier score, and mean bias
were all calculated for this data set. All analyses were
performed using Stata Statistical Software version
15.1.

Ethics Approval
Approval for the study was sought by local hospital
administration in conjunction with U.S.-based
researchers and was granted by the institutional review
board at the Makerere School of Public Health (Kam-
pala, Uganda), the Uganda National Council of
Science and Technology (Kampala, Uganda), and the
University of Massachusetts (Amherst, MA).

Patient and Public Involvement
The ECP training program was originally developed in
response to several years of clinical emergency medi-
cine experience in Uganda. The positive response of
patients, staff, and administrators at Karoli Lwanga

Hospital to the training programs and their interest in
improving patient care led to ongoing research and
program evaluation. Patients and the public were not
involved in the design of the study; however, outcome
measures are explicitly patient oriented. Results will be
disseminated through open-access publication.

RESULTS

Using all visits for patients aged > 18 years from
2009 to 2018, a total of 21,953 individuals were
included in the derivation data set and 7,313 in the
validation data set. Overall, more patients presenting
to the emergency unit were admitted (63.1%,
n = 18,451) than discharged (34.5%, n = 10,089).
Patients had an overall 3-day mortality of 2.76% (95%
confidence interval [CI] = 2.54 to 2.98), with admitted
patients having a higher 3-day mortality of 3.51%
(95% CI = 3.24 to 3.77) compared to discharged
patients at 0.06% (95% CI = 0.01–0.1). Of the admit-
ted patients, 35.7% were still admitted at 3 days
(n = 6,587), 55.9% were discharged alive
(n = 10,304), 0.69% were referred (n = 122), and
4.3% were lost to follow-up (n = 791). Examining
patients discharged from the emergency unit, after 7
consecutive days of calling, 45.6% of patients had a
confirmed outcome (n = 4,592 alive and n = 6 dead),
44.3% had no follow-up outcome because they had no
valid phone number (n = 4,476), and 10.1% had no
follow-up attempt recorded (n = 958). Only 17
patients were excluded for being dead on arrival and
11 patients for having pregnancy-related complaints.

Derivation
The derivation data set was split into two groups:
12,371 patients that had a single CC and 9,582 that
had multiple CCs. Table 1 describes the baseline
characteristics of those two groups, with the multiple
CC group having significantly more risk features (e.g.,
HIV positivity, abnormal vital signs) and a significantly
higher 3-day mortality. The combined results of the
bootstrap aggregations of the recursive partitioning
algorithm are presented in Table 2 below. Ultimately,
43 CCs occurred at least 0.5% of the time in either
CC group. Complaints that were excluded from analy-
sis because they occurred less than 0.5% of the time
are presented in Data Supplement S1, Appendix S1
(available as supporting information in the online ver-
sion of this paper, which is available at http://online
library.wiley.com/doi/10.1111/acem.14013/full).
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Using the highest-risk ranking achieved in either single
or multiple CC analysis, 12 were considered high-risk,
20 were medium-risk, and 11 were low-risk. The high-
risk group accounted for 15.0% of patients in the

aggregate dataset. Sensitivity analysis using the alterna-
tive threshold of triple baseline mortality reduced the
high-risk group to only six CCs and only identified
6.5% of the population as high-risk. Using the

Table 1
Demographics

Single Complaint
(n = 12,371)

Multiple Complaints
(n = 9,582) p-value

Age (years) [95% CI] 44.5 [44.0–44.9] 43.7 [43.2–44.2] 0.02*,†

Age group

18–64 years 77.3 (9,556) 79.7 (7,640) <0.001

65 and older 22.8 (2,815) 20.3 (1,942)

Female 37.5 (4,670) 52.5 (5,023) <0.001†

HIV positive 5.27 (652) 8.67 (831) <0.001†

Blood pressure

Hypotensive (sBP ≤ 90) 7.86 (972) 13.4 (1,282) <0.001†

Normal 82.8 (10,248) 79.9 (7,654)

Hypertensive (sBP ≥ 180) 9.30 (1,151) 6.74 (646)

Heart rate

Bradycardic (<60 beats/min) 2.97 (368) 2.18 (209) <0.001†

Normal 88.8 (10,985) 83.7 (8,022)

Tachycardic (≥120 beats/min) 8.23 (1,018) 14.1 (1,351)

Temperature

Hypothermic (≤35°C) 10.4 (1,281) 9.46 (906) <0.001†

Normal 80.4 (9,942) 69.2 (6,631)

Febrile (≥37.5°C) 9.28 (1,148) 21.3 (2,045)

AVPU abnormal 3.02 (373) 1.06 (102) <0.001†

Hypoxic 7.78 (963) 11.6 (1,112) <0.001†

Three-day mortality 2.26 (280) 3.40 (326) <0.001†

Data are reported as % (n) unless otherwise specified.
*Indicates t-test; all others use chi-square.
†Indicates statistically significant.

Table 2
Listing of CCs by Risk Group

High-risk
(>29 baseline mortality)

Medium-risk
(29–0.59 baseline mortality)

Low-risk
(<0.59 baseline mortality)

Zero-risk
(No Associated Mortality)

• Difficulty speaking
• Vomiting blood
• Unresponsive
• Shortness of breath
• Ingestion/poisoning
• Altered mental status
• Abdominal distension/swelling
• Generalized weakness malaise
• Nausea/vomiting: nonbloody
• Bloody stool
• Motor deficit
• Swelling/edema: generalized

• Cough
• Foreign body: ingested
• Diarrhea: nonbloody
• Chest pain
• Animal bite/attack
• Constipation
• Headache
• Abdominal pain
• Fever
• Assault
• Urinary pain/blood/frequency
• Chills/rigors
• Hearing change
• Myalgia/arthralgia
• Decreased oral intake/failure

to thrive
• Road traffic accident
• Cut or wound

• Pain and/or swelling lips face
• Head injury
• Dizziness
• Neck pain/stiffness
• Pain and/or swelling:

lower extremity
• Pain and/or swelling:

upper extremity
• Back pain

• Pain and/or swelling skin
• Foreign body: eye ear nose
• Male genital pain/swelling/

discharge
• Painful swelling: localized
• Ear redness/pain/discharge

CC = chief complaint.
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threshold of one-and-a-half times baseline mortality did
not change the list. Detailed results from the bootstrap
aggregations are presented in Data Supplement S1,
Appendix S2. The risk ranking and average frequency
of the CC in each group are summarized in Figure 1
and the final rankings are displayed as text in Table 2.
Univariate logistic regression analysis was performed

for all data available at triage. The results of this uni-
variate analysis are listed in Table 3. Advanced age;
male sex; HIV positivity; abnormal blood pressure,
heart rate, temperature, and oxygen saturation; and
altered level of consciousness were all associated with
significantly higher mortality. In the final step before
adding the ranked CC list, a binary variable for the
presence of single or multiple CCs was introduced to

the existing model. Having multiple CCs at triage was
found to be significantly associated with increased
mortality (odds ratio [OR] = 1.44, 95% CI = 1.20 to
1.72, p < 0.001). In the final model, the ranked CC
list in Table 2 above was introduced as an ordered cat-
egorical variable, and results are displayed in Table 3.
The adjusted OR for low-risk CCs, controlling for all
of the above variables, was 0.16 (95% CI = 0.09 to
0.29, p < 0.001), and the adjusted OR for high-risk
CCs was 2.39 (95% CI = 1.95 to 2.93, p < 0.001).
When the ranked CC risk category was added to the
model, the presence of multiple CCs lost its signifi-
cant association with mortality (OR = 0.96, 95%
CI = 0.80 to 1.16, p = 0.67). The p-value for the like-
lihood ratio test for inclusion of ranked CC risk
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Figure 1. Ranked CC risk for single and multiple complaints by complaint frequency. CC = chief complaint.
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categories into the model was <0.001. The AUROC
for the multivariable logistic regression model without
CC risk categories was 0.82 (95% CI = 0.80 to 0.84),
while the AUROC for model with CC risk categories
was 0.85 (95% CI = 0.83 to 0.86; Figure 2). This dif-
ference in ROC was significant (p < 0.001). The p-
value for Hosmer-Lemeshow goodness-of-fit test was
0.17, the Brier score was 0.025, and the mean abso-
lute error was 0.049. To test assumptions about the
handling of missingness in these data, the multivari-
able logistic regression model was applied to a subset
of the derivation data set that included only patients
with confirmed follow-up outcomes (n = 15,146 with

10,903 admitted patients). In this subgroup analysis,
the adjusted OR for mortality for the high-risk CC
group was 2.27 (95% CI= 1.85 to 2.79, p < 0.001).
The AUROC for the multivariable logistic regression
model without CC risk categories was 0.82 (95%
CI = 0.80 to 0.83) while the AUROC for model with
CC risk categories was 0.84 (95% CI = 0.82 to 0.85).
This difference in ROC was significant (p < 0.001).

Validation
There were no statistically significant differences in
mortality or baseline characteristics between the valida-
tion and derivation groups. Those characteristics are

Table 3
Multivariate Logistic Regression of the Association Between CC “Riskiness” and Mortality

Crude OR 95% CI p-value Adjusted OR 95% CI p-value

Age group (years)

Adult (18-65) REF REF

Elderly (65+) 1.68 1.41–2.01 <0.001* 1.65 1.35–2.01 <0.001*

Sex

Male REF REF

Female 0.63 0.53–0.75 <0.001* 0.53 0.44–0.64 <0.001*

HIV status

Negative REF REF

Positive 2.85 2.29–3.56 <0.001* 1.98 1.54–2.55 <0.001*

Blood pressure

Hypotensive 4.93 4.08–5.95 <0.001* 2.32 1.88–2.86 <0.001*

Normotensive REF REF

Hypertensive 3.92 3.15–4.88 <0.001* 3.93 3.07–5.02 <0.001*

Heart rate

Bradycardic 3.91 2.84–5.39 <0.001* 2.73 1.91–3.91 <0.001*

Normal REF REF

Tachycardic 3.33 2.76–4.02 <0.001* 2.09 1.68–2.60 <0.001*

Temperature

Hypothermic 4.11 3.39–4.97 <0.001* 2.34 1.89–2.90 <0.001*

Normal REF REF

Febrile 1.68 1.35–2.10 <0.001* 0.86 0.67–1.11 0.24

AVPU

Normal/not recorded REF REF EEE

Abnormal (P/V/U) 5.09 3.80–6.81 <0.001* 1.57 1.11–2.22 0.01*

Oxygen saturation

Normal REF REF

Hypoxic 8.03 6.79–9.50 <0.001* 3.25 2.68–3.94 <0.001*

Multiple CCs

No REF REF

Yes 1.52 1.29–1.79 <0.001* 0.96 0.80–1.16 0.67

CC risk group

Low risk 0.21 0.12–0.36 <0.001* 0.16 0.09–0.29 <0.001*

Medium risk REF REF

High risk 4.21 3.50–5.07 <0.001* 2.39 1.95–2.93 <0.001*

CC = chief complaint.
*Indicates statistically significant.
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presented in Data Supplement S1, Appendix S3. Tak-
ing the coefficients derived from the model in the ini-
tial data set including the high-risk CCs and applying
them to the validation set yielded an AUROC of
0.84. The p-value for Hosmer-Lemeshow goodness-of-
fit test was 0.74, the Brier score was 0.026, and the
mean bias was 0.050. Put into practical terms, given
the prevalence of mortality in the validation data set
(2.75%), the model without CC risk categories had a
sensitivity of 68.2% and a specificity of 80.3%, while
the model with CC risk categories had a sensitivity of
77.4% and a specificity of 78.6%. When those differ-
ences were applied to the validation data set, the inclu-
sion of CC risk categories in the model resulted in a
net benefit of 18 true positives identified (high-risk
patients that died) in exchange for 118 false positives
(high-risk patients that lived). This additional at-risk
population identified had a mortality rate of 13.2%.

DISCUSSION

Taken in total, the above analysis suggests that there
were 12 high-risk CCs that independently and signifi-
cantly predicted increased 3-day mortality even when
controlling for demographic and clinical characteristics.
This finding was then successfully validated in a sepa-
rate data set. The list of high-risk CCs was generated a
posteriori using mortality data, but it was not known
if the excess mortality risk in this group was associated
exclusively with the high-risk features (e.g., advanced
age, hypoxia) that cluster within certain CCs (e.g.,
shortness of breath) or if the CCs themselves were
independently associated with increased mortality after
controlling for those other high-risk features. The final

multivariable logistic regression model as applied to
the validation data set strongly supports the assertion
that high-risk CCs independently and significantly
conferred an increased risk of 3-day mortality above
and beyond what would be predicted from other avail-
able data. Moreover, although excess mortality was ini-
tially associated with a patient having more than one
CC, the significance disappeared when the complaints
themselves were included in the analysis. This strongly
suggests that the nature of CCs outweighed their
quantity. The strong performance of the mortality
model in the validation data set further supports its
strength. The model performed nearly identically in
both the full data set and a subgroup analysis that
excluded any patients with missing outcome data. This
supported both assumptions about missingness made
in the methods and the overall strength of the model.
To the authors’ knowledge, this article represents

not only the first study to evaluate high-risk CCs in
an LMIC, but also the most rigorous assessment of
CC mortality risk in any setting, including HICs. To
date, HIC-based studies have been published that
examined dyspnea only or evaluated four “cardinal”
high-risk CCs that were determined a priori by the
authors.16,17 Neither used multivariable regression. In
LMICs, the only study to examine the interaction
between CC and triage examined only under- and
overtriage as outcomes.22 Other studies of CCs in
LMICs have been exclusively descriptive. The above
data and analysis therefore provide a novel and funda-
mental insight: in this population, the patient’s initial
description of their disease process independently pre-
dicted their 3-day mortality. This is the strongest find-
ing published to date to support the focus that
emergency medicine researchers and development
groups have placed on CCs.
The model was designed not only to evaluate mor-

tality outcomes but also to provide actionable clinical
information for front-line clinicians. Interaction terms
were deliberately omitted so that providers could easily
identify patients at higher risk of 3-day mortality. Like-
wise, by analyzing only those CCs that comprised at
least 0.5% of overall complaints, Type 1 errors were
minimized while generating a comprehensive but not
exhaustive list of CCs. The resultant list of high-risk
complaints can be digested and memorized by clini-
cians or posted in a triage area. If a clinician in rural
Uganda hears any of the high-risk complaints, she or
he knows that the patient is at higher risk for mortal-
ity independent of other triage findings or CCs.
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Figure 2. Difference in AUROC after incorporating CCs into the
model. AUROC = area under the receiver operating characteristics
curve; CC = chief complaint.
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There was minimal novelty for several of these
high-risk CCs, such as unresponsive, altered mental
status, and even shortness of breath, having already
figured as high-risk features in accepted triage systems
such a South African Triage Scale23. However, the
mortality risk associated with toxic ingestions, dysen-
tery, generalized edema, hematemesis, and general
weakness/malaise have not been captured in other
triage systems. Also interesting is the presence of “mo-
tor vehicle accident” and “head injury” as low-risk
CCs. Any patients with one of these “mechanism-
only” complaints lacked any associated higher risk
symptoms (e.g., unresponsive, “vomiting”), which
would have been identified earlier in the algorithm.
Because both of these traumatic injury mechanisms
carry objective risk for mortality, this finding empha-
sizes the need to develop CC data collection systems
that discriminate between mechanism of injury and
associated symptoms. Ideally, both features can be
maintained because both contribute to overall con-
cepts of risk.
The methods were also largely automated and

expressly designed to be portable to other data sets.
However, care must be taken to build systems in
LMICs that address local language and disease pat-
terns. For instance, certain CCs that are often consid-
ered high-risk in developed settings (e.g., chest pain,
abdominal pain) were absent from this high-risk
list.15,24,25 At the same time, certain CCs that are typi-
cally, albeit not universally, considered low-risk in
HICs (e.g., general weakness/malaise) were present in
this high-risk list.18 Moreover, a case-by-case review of
the mortality associated with “abdominal distension”
showed the most common diagnoses to be bowel
obstruction, peritonitis, and liver disease. These dis-
ease patterns and the language used to describe them
may not exist in other settings and thus lead to a dif-
ferent risk ranking for abdominal distension else-
where. This all underlines the impact that language
and medical literacy have on presenting complaints
and accentuates the risk inherent in transporting medi-
cal training from developed settings into LMICs.
Overall, it emphasizes that care must be taken to build
systems in LMICs that are data-driven and locally
appropriate.
In seeking to triage the severity of emergency unit

patient presentations in LMICs, multiple other groups
have developed and/or validated tools based on vital
signs, functional or neurologic status, traumatic injury,
and HIV status. These include scores such as the

South African Triage Scale mentioned as well as the
Kampala Trauma Risk Score, VitalPAC Early Warning
Score, Universal Vital Assessment, and Modified Early
Warning Score.26-29 While these scores have provided
critical insights into admission and mortality risk, all
are predicated on physiologic assessment and none
account for the patient’s subjective assessment of their
disease. One model has combined CC with a basic
assessment of stability to create a two-step triage model
for LMIC settings but does not include any outcome
data.30 If frontline clinicians can combine physiologic
triage tools with a robust understanding of local CC
data, they may become more adept at targeting those
patients who require immediate lifesaving intervention.
Future goals include prospectively enriching existing
triage tools with CC rankings and evaluating how
such approaches could impact patient outcomes. Addi-
tional next steps should also include external valida-
tion of the above methods.

LIMITATIONS

This study database was produced from patient visits
at a single site. The overall volume of patients and
mortality rate were lower than has been reported at
some sites in sub-Saharan Africa; however, neither
was outside the median interquartile range for emer-
gency units in rural sub-Saharan Africa.1 The CCs
recorded as free text were impacted by local dialects
that are culturally and linguistically specific. Further-
more, the recorded CCs were affected by the rural set-
ting (e.g., more agricultural injuries or poisonings) as
well as the presence of ancillary local health care ser-
vices including an adjacent but physically separate
emergency unit dedicated to maternal illness. Hospital
policy dictated that all maternal emergencies in
patients with known pregnancy were to be seen at this
separate facility. Therefore, despite the fact that mater-
nal mortality in LMICs is a critical problem warrant-
ing study, any maternal emergencies that came to the
study site were, by definition, improperly triaged and
thus excluded from analysis. Overall, missing data
were a challenge in this data set—a commonly
encountered problem in LMIC-based research—espe-
cially surrounding outcomes for discharged popula-
tions. Because little data have been published
regarding LMIC emergency unit discharges, there
exists no standard methodology to employ. Therefore,
to address missingness, this study incorporated sensi-
tivity analysis at multiple levels including extensive
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comparison of groups missing data and regression
models run with and without missing outcomes. How-
ever, even a rigorous handling of missingness is clearly
a limitation and one that can hopefully be addressed
in future confirmatory studies by inclusion of in-per-
son village visits to confirm outcomes for patients
without phones.

CONCLUSIONS

This study demonstrates that locally contextualized
chief complaints independently predict 3-day mortality
and are additive to other information available at
triage. This more precise categorization of high- and
low-risk chief complaints can better inform emergency
patient care, system-strengthening efforts, and provider
training programs in Uganda. Overall, further study
into chief complaints, both inside and outside
Uganda, can guide emergency care development to
hopefully mitigate otherwise preventable death and dis-
ability across the globe.
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