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Zusammenfassung 
Sepsis zählt weltweit zu den häufigsten Todesursachen1. Eine zügige Diagnose ist 

entscheidend2–4. Zahlreiche klinische Scores zur Früherkennung wurden in High 

Income-Ländern entwickelt und kaum unter ressourcen-limitierten Bedingungen 

evaluiert5–11. Das Ziel dieser Arbeit ist daher die Evaluierung und Anpassung von 

Scores zur Risikoevaluation bei Sepsis in einem ressourcen-limitierten Umfeld in 

Äthiopien. 

Patienten, die sich mit Anzeichen einer Infektion in den Notaufnahmen zweier 

äthiopischer Krankenhäuser vorstellten, wurden bei Einwilligung in die Studie 

eingeschlossen. Es erfolgte die Erhebung klinischer Parameter und Nachverfolgung 

bis Entlassung. Folgende Scores wurden evaluiert, mittels Decision-Tree-Analysen 

und Regressionsmodellen, nach Methoden von Moore et al.12 an die Gegebenheiten 

vor Ort angepasst, sowie anschließend an einem Testdatensatz reevaluiert: Systemic 

Inflammatory Response Syndrome (SIRS)5, Modified Early Warning Score (MEWS)6, 

modifizierter National Early Warning Score (mNEWS)7, Quick Sequential Organ 

Failure Assessment (qSOFA)8 und Universal Vital Assessment (UVA)12. 

Bei den 851 Studienteilnehmenden lag die Krankenhaussterblichkeit bei 4,5% 

(n = 38). Die Flächen unter der Receiver Operating Characteristic Kurve (AUROC) 

(mit 95%-Konfidenz-Intervall) zur Vorhersage der Krankenhaus Mortalität betrugen: 

SIRS 0,63 (0,54–0,71), MEWS 0.70 (0.61–0.79), mNEWS 0,72 (0,63–0,81), qSOFA 0,67 

(0,59–0,74) und UVA 0,87 (0.82–0.92). Im Testdatensatz zeigten die originalen und 

die adaptierten Scores folgende AUROCs: SIRS 0,64 (0,47–0,80), adaptierter SIRS 0,77 

(0.67–0,86), qSOFA 0,73 (0,64–0,83), adaptierter qSOFA 0,82 (0,72-0,92); mNEWS 

0,76 (0,59–0,92), adaptierter mNEWS 0,82 (0,72–0,92); UVA 0.86 (0,76–0,94) und 

adaptierter UVA 0,86 (0,76–0,94). 

Die Analyse zeigte, dass der UVA Score den anderen getesteten Scores in der 

Mortalitätsvorhersage überlegen war. Dies dürfte darauf zurückzuführen sein, dass er 

an einer Kohorte aus Sub-Sahara Afrika entwickelt wurde12. Die Leistung von Scores 

kann in verschiedenen Populationen variieren und durch Anpassung an lokale 

Gegebenheiten verbessert werden13. Weitere Validierungen in größeren Kohorten 

sind erforderlich, um unsere angepassten Modelle zu validieren und verfeinern.   
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Summary 
Sepsis is one of the most common causes of death worldwide1. Rapid diagnosis is 

crucial, but often a challenge2–4. Numerous clinical scores for early detection have 

been developed in high-income countries (HICs) and have hardly been evaluated 

under resource-limited conditions5–11. The aim of this work is to evaluate and adapt 

scores for sepsis risk evaluation in a resource-limited setting in Ethiopia. 

Patients presenting with signs of infection to the emergency departments (EOPDs) of 

two Ethiopian hospitals were included in the study after providing informed consent. 

Clinical parameters were collected and followed up until discharge. The following 

established scores were evaluated, adapted to local conditions using decision tree 

analyses and regression models, as proposed by Moore et al.12, and subsequently 

validated using a test dataset: Systemic Inflammatory Response Syndrome (SIRS)5, 

Modified Early Warning Score (MEWS)6, a modified National Early Warning Score 

(mNEWS)7, Quick Sequential Organ Failure Assessment (qSOFA)8, and Universal 

Vital Assessment (UVA)12.  

Among the 851 study participants, the hospital mortality rate was 4.5% (n = 38). The 

areas under the receiver operating characteristic curves (AUROC) (with 95% 

confidence intervals) for in-hospital mortality prediction were: SIRS 0.63 (0.54, 0.71), 

MEWS 0.70 (0.61, 0.79), mNEWS 0.72 (0.63, 0.81), qSOFA 0.67 (0.59, 0.74), and UVA 

0.87 (0.82, 0.92). In the test dataset the original and the adapted scores showed the 

following AUROCs: SIRS 0.64 (0.47, 0.80), adapted SIRS 0.77 (0.67, 0.86), qSOFA 0.73 

(0.64, 0.83), adapted qSOFA 0.82 (0.72, 0.92); mNEWS 0.76 (0.59, 0.92), adapted 

mNEWS 0.82 (0.72, 0.92); UVA 0.86 (0.76, 0.94), and adapted UVA 0.86 (0.76, 0.94). 

In this study, UVA outperformed the other evaluated scores in predicting mortality 

among patients presenting at the EOPD with infections in a resource-limited setting. 

This may be due to the development of UVA in a cohort from Sub-Saharan Africa12. 

The performance of scores can vary in different populations13. Adapting scores to local 

conditions can improve the accuracy of mortality prediction. However, further 

validations in larger cohorts are necessary to refine and confirm our adapted models.  
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1 Introduction 

1.1 Global and regional incidence and mortality of sepsis 

Despite many years of sepsis research and implementations of new treatment strategies, 

sepsis remains a global challenge. Incidence estimates vary from 31.5 million to 48.9 

million annual sepsis cases and 19.4 million severe sepsis cases worldwide1,14. These wide 

discrepancies in global incidence estimates emerge from differences in sepsis definitions 

and lack of data from low- and middle-income countries (LMICs), where 87% of the 

world’s population lives and where the burden of sepsis is estimated to be greatest1,14–16. 

In line with this, in Sub-Saharan Africa alone, there are an estimated 16.7 million sepsis 

cases each year, including 1.1 million cases in Ethiopia1. A systematic review conducted 

by Fleischmann-Struzek et al.17 found an increasing trend in number sepsis cases. 

Moreover, not only is the incidence of sepsis high, but also its associated mortality. In-

hospital mortality rate estimates range from 14.7% to 29.9% in the USA to as high as 

49.0% and above in low-income countries18,19. 11 million people were estimated to die 

of sepsis globally per year and in Sub-Saharan Africa, the in-hospital mortality for sepsis 

is estimated to be particularly high, with 3.5 million deaths annually, including 270.000 

deaths in Ethiopia1.  

Despite these high mortality figures, the burden of sepsis may still be underestimated in 

Sub-Saharan Africa due to limited data availability, particularly on sepsis patients' long-

term follow-up data (longer than 28 days)20. Additionally, sepsis is often not diagnosed 

or registered as the reason for a patient’s death21. 

1.2 The financial burden of sepsis 

Although data on the financial burden of sepsis is available almost exclusively from 

HICs, estimates suggest that the financial burden of sepsis is enormous in any context22. 

According to the Agency for Healthcare Research and Quality, the United States spent 

more than 38 billion USD on the care of septic patients in 2017 and is thus ranked the 

most expensive condition treated in the United States23.  
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In addition to these direct costs that sepsis treatment cuts into a country’s health care 

budget, indirect costs arise due to the economic loss of previously healthy working-age 

people22. These indirect costs are particularly grave in LMICs, where sepsis tends to 

affect younger people compared to HICs13,24,25. Despite its great financial and public 

health burden, sepsis has long been and possibly still is an underrated and 

underrecognized condition. 

1.3 Addressing the burden of sepsis in Ethiopia 

Combating the high burden of sepsis in the developing world requires a broad approach, 

which will only be achievable through the collaboration of national and international 

stakeholders. Several key aspects must be addressed to improve sepsis survival. Among 

others, these include training of health care workers, improving early recognition and 

timely treatment strategies, investment in intensive care units (ICUs) as well as 

laboratory resources, improving supply chains for diagnostic and treatment material, 

etc26–29. 

While in some contexts large investments in ICU infrastructure or laboratory equipment 

may not be feasible in the near future, addressing timely treatment and triage-based 

distribution of critical care resources is likely to be more feasible in many contexts and 

may improve sepsis outcomes12. 

Papali et al.30 have developed a model to explain the delay in sepsis treatment in adults 

in resource-limited settings. According to the authors, there are three main issues to 

address when preventing delay in sepsis treatment: 

1. Sepsis recognition and diagnosis at the time of triage 

2. Initial focused resuscitation 

3. Postresuscitation clinical monitoring and reassessment. 

This thesis focuses on Papali’s first reason for delay: sepsis recognition and diagnosis. 

1.4 The benefit of early recognition and treatment 

Mortality associated with sepsis can be reduced when the condition is recognized 

promptly and appropriate measures are taken2–4, most importantly the early 
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administration of appropriate antibiotics31,32. Liu et al.32 found that the absolute mortality 

rate for patients with severe sepsis increased by 0.3% for every hour delay in antibiotic 

treatment. For septic shock there was an increase of 1.8% per hour.  

Furthermore, the identification of patients at risk of a poor outcome enables clinicians 

to allocate limited resources to those who would benefit the most26,33. A fast and precise 

recognition can also be more cost-effective by enabling early treatment, minimizing the 

progression of sepsis to severe cases, preventing complications, and often leading to 

shorter hospital stays34. 

1.5 The challenge of defining sepsis 

Thus, a prompt, sensitive, and specific identification of patients at risk is essential. 

Unfortunately, diagnosing and defining sepsis has been a huge challenge so far. Many 

ways to describe sepsis have been evaluated, but none of them seem to grasp the whole 

concept. But what makes it so difficult to find a definition for sepsis?  

Since no single highly sensitive biomarker to diagnose sepsis has been established, its 

diagnosis relies on a combination of clinical, laboratory, radiological, and physiological 

indicators35. Furthermore, the construct of sepsis describes a heterogenous condition. 

Depending on the causing pathogen, different complex inflammatory pathways are 

activated16,21. This diversity complicates the finding of an accurate definition for sepsis.  

Generally, understanding sepsis has been a challenge due to several challenges in sepsis 

research. Results of sepsis studies are often hard to compare as they use different sepsis 

definitions, endpoints (i.e. ICU admission, in-hospital mortality, 28-day mortality, etc.), 

or are conducted in specific settings (ICU population, patients presenting at EOPD, 

preclinical setting)36,37. Retrospective sepsis studies can also be challenging as there is 

often no specific code for sepsis in hospitals’ coding systems35.  

1.6 Sepsis definitions 

Despite these challenges or maybe because of them, various sepsis definitions have been 

developed. In fact, sepsis has been studied throughout history. The first mention of the 
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word sepsis dates back over 2700 years as it has been found in Homer’s poems. It derives 

from the Greek word “sepo”, which is translated as “I rot”38.  

Stiefel et al.39 describes that older reports of the concept of sepsis, being a result of 

infections, go back to a papyrus, found in Egypt, written in 1600 BC, which is believed 

to be a copy of an even older writing from 3000 BC. The manuscript describes the 

examination, symptoms, treatment, and prognosis of 48 surgical cases and mentions 

septic processes due to wound infections. Since, the term and concept emerged in 

literature and were used by famous authors like Aristotle, Matthaeus Silvaticus, and 

Hippocrates40. 

For a long time in history, there was no need for a precise definition of sepsis because of 

the lack of specific therapeutic options. With greater recognition of high case numbers 

of sepsis, development of more advanced therapy strategies, and a deeper  understanding 

of physiological processes that lead to sepsis, the need for a more accurate definition for 

clinical, as well as research purposes grew9. 

1.6.1 Sepsis-1 

This necessity was recognised in 1991 by members of the American College of Chest 

Physicians/ Society of Critical Care Medicine Consensus Conference. Their aim was to 

define sepsis and its sequelae in a precise way. Therefore, the authors agreed to 

differentiate between sepsis, severe sepsis, and septic shock and introduced the 

definitions that were later referred to as sepsis-1 definitions5. Like in earlier definitions, 

sepsis was defined as the host’s “systemic inflammatory response to infection”5,41. The 

occurrence of sepsis in conjunction with organ dysfunction, hypotension or 

hypoperfusion was called severe sepsis, whereas remaining hypotension despite 

adequate volume management was referred to as septic shock, with hypotension being 

defined as systolic blood pressure <90 mmHg or reduction of baseline systolic blood 

pressure of ≥40 mmHg when no other causes for hypotension are identifiable5.  

To simplify the clinical diagnosis of sepsis the Systematic Inflammatory Response 

Syndrome (SIRS) criteria were introduced (see Table 1)5.  
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SIRS is not limited to infectious diseases but can be associated with various clinical 

conditions, such as, e.g., pancreatitis, burns, or trauma. Only if a patient shows two or 

more SIRS criteria due to an infection, their condition can be termed sepsis according 

to the sepsis-1 definition5,42.  

Table 1: Systemic Inflammatory Response Syndrome (SIRS) Criteria by Bone et al.5 

Parameter Points 

Temperature <36.0°C or >38.0°C 1 

Heart rate ≥90 beats/minute 1 

Respiratory Rate ≥20 breaths/minute 1 

White blood cell count <4,000 or >12,000 or >10% bands 1 

Table 1: Calculation of the Systemic Inflammatory Response Syndrome (SIRS) Criteria by Bone et al.5 to 
identify patients with SIRS. The score is based on temperature, heart rate, respiratory rate, and white blood 
cell count. Score points are assigned to patients with suspected infection whose parameters deviate from 
the normal value range. Higher scores indicate a greater risk of SIRS. 

According to Balk et al.42 the SIRS criteria were easily established in clinical practice, 

because of their simplicity. Especially, in research, the introduction of the SIRS criteria 

was advantageous, as it led to similar inclusion criteria for clinical trials and thus to 

improved comparability of clinical study results. Balk et al.42 further noted, that the 

standardization of language also led to clearer medical communication in daily life, at 

conferences, and in literature. Furthermore, SIRS proved to be practical, as it does not 

require additional information than that obtained regularly during clinical practice.  

Nevertheless, opinions on the SIRS criteria are divided because some problems arise 

with the use of these criteria. First, as mentioned above, the SIRS criteria are not specific 

for sepsis but can occur in patients with various conditions43,44. In a study conducted by 

Sprung et al.45, 93% of patients admitted to the ICU showed two or more SIRS criteria, 

demonstrating the low specificity of the SIRS criteria. If almost every ICU patient fulfils 

the SIRS criteria and sepsis is defined as the presence of at least two SIRS criteria and 

infection, then, due to this definition in the ICU, the terms sepsis and infection can 

almost be used interchangeably44. Furthermore, this definition does not distinguish 

between valuable facets of the host's response to infection and harmful ones, which lead 

to complications44. Even though the SIRS criteria are not a good tool to identify patients 

with sepsis, they remain suitable for infection recognition, as fever, increased white 
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blood cell count, and increased heart rate reflect an appropriate response of the body to 

infection8. 

1.6.2 Sepsis-2 

The concerns mentioned above and an increase in clinical trials led to the need for a 

modification of the existing definitions. Therefore, in 2001, several European and 

American intensive care associations held a “Consensus Conference” to evaluate and 

improve the current definitions, as well as to find new tools for a more accurate diagnosis 

of sepsis as reported by Levy et al.46. Unfortunately, the delegates were not able to 

propose a more accurate definition of sepsis, due to the lack of data to support an 

adjustment. Thus, the 1991 criteria remained in use5,44. 

To the already existing definitions5, the conference delegates added a long list of 

symptoms and laboratory parameters (see Suppl. Table 1) for the diagnosis of sepsis and 

proposed a sepsis staging model46, inspired by the tumour-node-metastasis classification 

used in oncology47. The idea was to document disease extent, to identify patients at risk 

of a poor outcome, and divide patients into subgroups for whom the same therapeutic 

intervention is likely to be beneficial. The model was called the PIRO, as it focuses on 

Predisposing conditions, detectability of Infection, the host Response, and Organ 

dysfunction to stratify a patient’s risk for a poor outcome. The conference participants 

envisioned the new model’s advantage to be the discrimination between morbidity 

caused by infection and morbidity caused by the host’s response to infection46.  

Until now, the PIRO system is not a fully developed staging system, but it is rather a 

template for further investigation48. Different aspects of sepsis can be investigated with 

the help of the model, but rapid recognition of patients likely to have a poor outcome is 

not possible. 

1.6.3 Sepsis-3 

Again, in 2016, a task force was appointed by the European Society of Intensive Care 

Medicine and the Society of Critical Care Medicine to review previous definitions in 

consideration of new pathobiological, immunological, and epidemiological 

understandings, based on the findings of at that time newly available large electronic 
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databases8. Thus, these are the first definitions that are not solely based on expert 

opinion but on the assessment of large electronic patient databases. Unlike other 

diseases, sepsis had so far been mostly defined by its clinical presentation (i.e., the SIRS 

criteria5).  

At this point, the task force emphasised the need to differentiate between a definition 

that explains what the essence of the condition is and the description of clinical criteria 

to identify a patient who suffers from this condition. Furthermore, the view that sepsis 

is a disease that consists of various stages of the disease was abandoned8.  

New definition for sepsis 

According to the Sepsis-3 definitions, sepsis is defined as a “life-threatening organ 

dysfunction caused by a dysregulated host response to infection”, pointing out the 

urgency and possible deadliness of the condition8,49. In contrast to earlier definitions that 

focused on inflammation, this update emphasizes organ dysfunction5,46. If the body 

responds to an infection reasonably, the infection can be warded off. It is the inadequate 

host response that leads to organ dysfunction, which is now defined as sepsis. This 

dysregulated response of the body includes the activation of pro- and anti-inflammatory 

pathways43,46. 

What was earlier defined as sepsis (i.e., infection and presence of more than one SIRS 

criteria) is now defined as infection. And the old term “severe sepsis” that used to refer 

to sepsis with organ dysfunction according to the old definition, becomes obsolete, 

because sepsis is defined likewise8. 

Clinical criteria for the identification of patients with sepsis 

The task force also recognised the need for clinical criteria to identify patients with 

sepsis in the intensive care unit (ICU), in emergency departments, and non-clinical 

settings. They found that in patients, admitted to the ICU, the performance of the Sepsis-

related Organ Failure Assessment (SOFA) in predicting in-hospital mortality was 

significantly greater than SIRS and not inferior to more complicated scores50.  

The SOFA is a score which was developed by Vincent et al.51 in 1996 to describe organ 

dysfunction. It focuses on respiration, circulation, liver function, kidney function, 
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coagulation, and consciousness. Each parameter is scored from 0 to 4 points based on 

severity of dysfunction, resulting in a maximum score of 24. Table 2 shows how the 

SOFA score is calculated.  

An acute increase in the SOFA score of ≥2 points in consequence of an infection 

indicates organ dysfunction and is associated with 10% excess in-hospital mortality8. 

Table 2: Sepsis-related Organ Failure Assessment Score by Vincent et al.51  

Parameter 0 1 2 3 4 

PaO₂/FiO₂, 
mmHg 

≥400 <400 <300 
<200 with 
respiratory 

support 

<100 with 
respiratory 

support 

Platelets 
x10³/mm³ 

≥150 <150 <100 <50 <20 

Bilirubin, 
mg/dl 
(μmol/l) 

<1.2 
(20) 

1.2-1.9 
(20-32) 

2.0-5.9  
(33-101) 

6.0-11.9  
(102-204) 

>12.0  
(<204) 

Hypotension  
MAD 
≥70 

MAP 
<70 

Dopamine ≤5 
or 

dobutamine 
(any dose)* 

Dopamine >5 or 
epinephrine 

≤0.1 or 
norepinephrine 

≤0.1 

Dopamine >15 
or epinephrine 

>0.1 or 
norepinephrine 

>0.1 

Glasgow 
Coma Scale 

15 13-14 10-12 6-9 <6 

Creatinine, 
mg/dl 
(μmol/l) or 
urine output 

<1.2 
(110) 

1.2-1.9 
(110-
170) 

2.0-3.4  
(171-299) 

3.5-4.9  
(300-440)  

or <500ml/day 

>5.0  
(>440)  

or >200 ml/day 

Table 2: Calculation of the Sepsis-related Organ Failure Assessment Score (SOFA) by Vincent et al.51 to assess 
organ dysfunction in critically ill patients. An acute increase of the SOFA score of ≥2 points as a result of an 
infection is a sign for organ dysfunction and is associated with increased mortality. *Adrenergic agents 
administered for at least 1h (doses given are in μg/kg/min). PaO₂= oxygen partial pressure; FiO₂= fraction of 
inspired oxygen. 

According to Singer et al.8, since laboratory parameters are used to calculate the SOFA 

score, it is not suitable as a quick screening tool. Therefore, for the use outside of the 

ICU, the quick Sequential (Sepsis-Related) Organ Failure Assessment (qSOFA) score was 

suggested by the task force as a bedside screening tool. The qSOFA is easy to use and 

only consists of three criteria: respiratory rate ≥22 breaths/minute, altered 

consciousness: Glasgow Coma Scale (GCS) <15, and systolic blood pressure ≤100 mmHg. 
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If a patient shows two or more of these criteria, the patient is more likely to have a poor 

outcome (see Table 3)8. 

Table 3: Quick Sequential (Sepsis-Related) Organ Failure Assessment by Singer et al.8 

Table 3: Calculation of the Quick Sequential (Sepsis-Related) Organ Failure Assessment by Singer et al.8 to 
screen adult patients with suspected infection and identify those who are at risk of a poor outcome. The 
score is based on respiratory rate, systolic blood pressure, and mental status. Score points are assigned to 
patients, whose parameters deviate from the normal value range. A score ≥2 is considered positive and is 
associated with an increased mortality8. 

New definition for septic shock 

Septic shock was defined as “a subset of sepsis in which underlying circulatory and 

cellular metabolism abnormalities are profound enough to substantially increase 

mortality”, adding the relevance of cellular alterations and deformities, as well as a 

clearly higher probability of a poor outcome compared to sepsis according to the old 

definitions8,52. 

Clinical criteria for the identification of patients with septic shock 

To identify criteria used to diagnose septic shock, a meta-analysis and systematic review 

were conducted52. The systematic review revealed the broad spectrum of septic shock 

definitions in use. Moreover, the meta-analysis showed the resulting variability in 

mortality rates, pointing out the need for established definitions for clinical practice, as 

well as research.  

Based on the conducted studies, the task force agreed upon the following clinical criteria 

to identify septic shock among patients with sepsis: the need for vasopressors to maintain 

a mean arterial pressure (MAP) above 65 mmHg and a serum lactate greater than 

2 mmol/L despite adequate resuscitation8,52. The new criteria were evaluated in large 

electronic health records provided by the University of Pittsburgh Medical Centre and 

the organization Kaiser Permanente Northern California52. Patients identified by the 

new septic shock criteria had a mortality rate over 40% higher than patients with sepsis 

alone8.  

Parameter Points 

Respiratory rate ≥22 breaths/minute 1 

Systolic blood pressure ≤100 mmHg 1 

Altered mental status: Glasgow Coma Scale <15 1 
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Advantages and limitations of the newest definition 

An advantage of the sepsis-3 definitions is the clear distinction between a definition of 

sepsis, which explains its pathophysiological nature, and clinical criteria to recognise 

patients with sepsis and septic shock, as well as the proposed screening tool, qSOFA, 

which facilitates the prompt recognition of at-risk patients53.  

On the other hand, the sepsis-3 definitions have been criticized because they are still 

very broad, including patients with various pathogens and comorbidities9. There is no 

division of patients with similar characteristics into subgroups. The division of sepsis 

into sepsis subtypes, which are characterized by cellular changes leading to the 

expression of specific biomarkers, may enable specific treatment for each subgroup, 

which may be beneficial in improving sepsis outcome9,54,55. 

1.7 The potential positive impact of scoring systems 

In addition to the summarized sepsis definitions and clinical criteria, further scores have 

been developed to either identify patients with sepsis or to detect those at risk of a poor 

outcome. Among others, the following scores have been introduced: The National Early 

Warning Score (NEWS)7, the Modified Early Warning Scores (MEWS)6, and the 

Universal Vital Assessment (UVA)12. 

In HIC, the use of scores to identify patients at risk of a poor outcome has led to earlier 

responses, which are often crucial for survival56,57. However, there is little evidence 

regarding the impact of the implementation of these scores in Africa. One study 

conducted in Rwanda reported that after the implementation of a Paediatric Early 

Warning for Resource-Limited Settings score, there were more calls from nurses to 

treating physicians to start early interventions57. In Egypt, Badr et al.58 were able to show 

that the implementation of the NEWS was associated with earlier interventions for 

patients with a critical illness and significant patient outcome improvement. 
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1.8 Limitations of clinical scoring systems in resource-limited 

settings 

A lack of laboratory equipment and therapeutic measures may cause difficulties to use 

certain clinical scoring systems and sepsis definitions, in resource-limited 

environments9,10. For instance, calculating the Logistic Organ Dysfunction Score, a 

weighted score to assess the extent of organ dysfunction, requires laboratory 

measurements such as bilirubin, blood-urea-nitrogen, and prothrombin59. In certain 

settings, attaining these parameters may not be feasible. Similar difficulties may arise 

when using the SOFA score, which requires the availability of blood gas analysis, 

bilirubin concentration, platelet count, and creatinine concentration51. Furthermore, 

the clinical criteria that define septic shock according to the sepsis-3 definition require 

the use of vasopressors and lactate measurements, which also may not be available8–10,52. 

However, for the calculation of the tools mentioned above, SIRS, MEWS, NEWS, 

qSOFA, and UVA, no complex laboratory measures are required. Out of these five 

scores, only SIRS and UVA require laboratory results (i.e., white blood cell count and 

human immunodeficiency virus (HIV) status), which are likely to be assessable in most 

settings. 

Even though the highest sepsis incidence is found in low-income countries, most 

diagnostic tools have been derived solely from cohorts in HICs and have rarely been 

validated in low-resource settings1,9–11,15. This raises concerns about their applicability in 

LMICs, where patient populations, healthcare infrastructure, and treatment options 

may differ substantially9. To ensure the clinical practicability, accuracy, and reliability 

of scores, context-specific validation or the development of context-specific tools is an 

essential step towards improving sepsis recognition on a global level10,60,61. 

In a previous study conducted by Fuchs et al.60, at one of the hospital where the current 

study was conducted at, patients presenting at the hospital with signs of infection and 

positive SIRS criteria were included. In this cohort of 170 patients, the performance of 

qSOFA in identifying patients with sepsis, defined as SOFA score ≥2, was evaluated. 

Sensitivity of qSOFA for the diagnosis of sepsis in this SIRS positive cohort was 0.54, 

which was higher than those reported in literature. Specificity, however, was relatively 
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low at 0.66. The Area Under the Receiver Operating Characteristic Curve (AUROC) was 

0.60. The poor performance of qSOFA to recognise sepsis in this study emphasizes the 

need for further evaluation of existing clinical scores for sepsis recognition and the 

detection of patients at risk of a poor outcome60. 

1.9 Aim of the study 

1.9.1 Main objective 

The aim of this study is to evaluate the ability of risk assessment scores to predict in-

hospital mortality in patients presenting with signs of infection to the Emergency 

Outpatient Department (EOPD) in a resource-limited setting. 

1.9.2 Secondary objectives 

The secondary objectives of this study are to adapt the evaluated scores to enhance their 

performance in a resource-limited setting, to raise awareness of sepsis, and to raise 

awareness of global health care inequities. 

1.9.3 Hypothesis 

I. We hypothesize that risk prediction scores developed in similar contexts 

demonstrate higher performance compared to those derived from different 

settings. 

II. We hypothesize that the adaptation of scores to regional settings is feasible and 

can improve score performance. 
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2 Methods 

2.1 Research sites 

This is a prospective cohort study conducted in a resource-limited setting in Ethiopia. 

Prior to the data collection, ethical approval (Institutional Ethical Review Board of Arsi 

University in Asella, Ethiopia: AU/H/516/120/4445/4/18; Ethics Committee of the 

Faculty of Medicine, Heinrich-Heine-University, in Düsseldorf, Germany: study 

number 5729) was obtained. Study participants were included at Asella Teaching and 

Referral Hospital (ATRH) and Adama Hospital Medical College (AHMC). 

ATRH is a hospital located in Asella, in the Oromia Region of Ethiopia, serving about 

3.5 million people in the area62. In 2016, over 15.000 people presented to the emergency 

department62. The AHMC is also located in Oromia, about 75 km north of Asella. It 

serves a population of around 6 million people63. Patients travel from Oromia, Amhara, 

Afar, Somali, and Dire-Dawa to be treated at AHMC. It has 232 beds and serves on 

average 1000 patients a day63. 

2.2 Inclusion criteria and primary endpoint 

Between December 2018 and September 2020, patients presenting at the Emergency 

Department at ATRH and AHMC during the working hours of our study team were 

screened for prospective study inclusion. 

All patients who were included in this study showed clinical signs of infections, were 

aged 15 years or above, were able and willing to give informed consent, as well as to 

adhere to the procedures of the study (in particular, allow blood samples to be taken if 

required). 

Furthermore, patients who had antibiotics administered in the Emergency Outpatient 

Department (EOPD) of the respective study centre before the clinical assessment for 

study inclusion were not included. Antibiotics administered in a referral institution 

were not an exclusion criterion. A complete list of inclusion and exclusion criteria is 

shown in Table 4. The clinical signs of infection included the following: fever/chills, 

skin alterations (redness, swelling, pain), neurological (headache, stiffness of neck, 
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altered consciousness etc.), respiratory (e.g. shortness of breath, cough), cardiac (chest 

pain, palpitations), abdominal symptoms (e.g. and. pain, nausea/vomiting, diarrhoea). 

Table 4: Inclusion and Exclusion criteria 

Inclusion criteria:  

• Able and willing to give informed consent 

• Age: ≥15 years 

• Clinical signs of infection as determined by health officer, resident, or study 
nurse in charge 

• Able and willing to adhere to the study procedures (in particular, allow two 
complete pairs of blood cultures to be taken if required) 

Exclusion criteria: 

• Not able and willing to give informed consent or to comply to the study 
protocoll 

• Administration of antibiotics during the current admission at the Emergency 
Outpatient Department (EOPD) of the respective study centre, prior study 
participation invitation. Antibiotics administered before the current admission 
were not an exclusion criterion.  

 

The primary endpoint of the study was in-hospital mortality, which was assessed by our 

study team, who regularly monitored the patients, communicated with the treating 

clinicians, and reviewed hospital charts. 

2.3 Data collection 

The data collectors were trained for data retrieval from medical charts, measurement of 

vital signs, blood sampling, as well as the use of the Glasgow Coma Scale (GCS), and the 

Alert Verbal Pain Unresponsive scale (AVPU).  

After informed consent was obtained, baseline data were collected by a trained study 

nurse. All participants' data were pseudonymized by assigning a unique study number 

to each patient. Each patient was interviewed by a data collector concerning her or his 

chief complaints, regular and current medication, previous contacts to the health care 

system, comorbidities, as well as alcohol, cigarettes, and khat usage (i.e. a commonly 

chewed plant for its stimulant effects, mainly due to its cathinone content, a compound 

similar to amphetamine). Moreover, the patient’s sex, age, address, telephone number, 
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date and time of inclusion, as well as time of admission to the EOPD, constitution, and 

the occurrence of open wounds were recorded.  

Also assessed on admission were vital parameters including pulse rate, respiratory rate, 

systolic and diastolic blood pressure, temperature, oxygen saturation, GCS, and AVPU.  

Blood samples were collected from the participants to measure various parameters. 

These included red blood cells (RBC), haemoglobin (Hgb), mean corpuscular volume 

(MCV), platelets (PLT), white blood cells (WBC), and the subtypes of WBC, including 

lymphocytes, granulocytes, and mid-cells. In addition, metabolic and organ function 

were assessed by measuring blood glucose, lactate, and creatinine levels. Finally, a blood 

smear and thick film to test for malaria and spirochetes, as well as an HIV-rapid-test, 

were also performed. If the HIV test was positive, a test for cryptococcal-antigen was 

applied. 

Furthermore, the study team extracted data from the medical charts including the 

clinical diagnosis of admission and the diagnosis of sepsis according to the treating 

clinician. If the medical charts did not provide this information, the clinician was asked 

by the data collector. 

At the end of each patient’s treatment, information about the patient’s treatment and 

hospital discharge were gathered. The discharge information included in case of fatality  

the reason for death and the date of decease. For all other cases, the reason for and date 

of discharge were documented. To assess 28-day mortality, each patient or their contact 

person was called 28 days after hospital discharge. If they could not be reached, the 

study nurse team tried to contact them or their contact person at least two more times. 

The consent forms and worksheets can be found in the appendix (Suppl. Fig. 1-Suppl. 

Fig. 8). All data were entered independently by two different study team members and 

crosschecked to minimise data entry errors.  

2.4 Statistical analysis 

Statistical analyses were performed using SPSS version 29.0 and Python version 3.9.7 

within a Jupyter notebook environment. The following libraries were used: pandas, 

numpy, sklearn, imblearn, statsmodels, scipy, matplotlib, seaborn, math, functools, 
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copy, and re. For all statistical analyses, we considered a p-value of <0.05 as significant, 

except for Bonferroni adjusted analyses. 

First, we summarized the demographic and clinical characteristics of the study 

participants. 

Second, we assessed the performance of previously established scoring systems in 

predicting mortality within the resource-limited environment described above. This 

analysis included the application of the existing scores and the evaluation of their 

predictive accuracy and discriminative power. 

Third, we modified the existing scoring systems by adjusting the cutoff values of each 

parameter within each score to optimize the performance of mortality prediction in this 

specific context. 

2.4.1 Demographic and clinical characteristics of the study population 

To assess the distribution of the data, the Shapiro-Wilk test, as well as visual methods, 

were used. No normally distributed continuous variables were included in the statistical 

evaluation. Categorical data are presented as frequencies (proportions), and continuous 

data as median (interquartile range (IQR)). Differences between survivors and non-

survivors were assessed using Fisher’s exact test, χ2, or Mann-Whitney-U-test as 

appropriate. 

2.4.2 Evaluation of Score Performance 

Five scores were selected for evaluation. These scores are easy to use and need little to 

no laboratory equipment. 

Systemic Inflammatory Response Syndrome (SIRS) Criteria 

As described in the introduction, the SIRS criteria are part of the sepsis-1 definition5. 

Because of their long history of usage and their popularity, we decided to evaluate the 

SIRS criteria in this study. The SIRS criteria are fulfilled when two or more of the 

following criteria are present: temperature <36.0°C or >38.0°C, heart rate ≥90 

beats/minute, respiratory rate ≥20 breaths/minute, or white blood cell count <4,000, 

>12,000, or the presence of more than 10% immature neutrophils (see Table 1)5. 
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Modified Early Warning Score (MEWS) 

The Modified Early Warning Score was developed to identify patients at risk of 

deterioration, who might benefit from a higher level of care, e.g., a transition to an 

intensive care unit6. MEWS is calculated using the following variables: respiratory rate, 

temperature, systolic blood pressure, heart rate, and AVPU as described in Table 56. 

Table 5: Modified Early Warning Score by Subbe et al.6 

Parameter 3 2 1 0 1 2 3 

Respiratory Rate, 
breaths/minute 

 <9  9-14 15-20 21-29 ≥30 

Temperature, °C  <35.0  35.0-
38.4 

 ≥38.5  

Systolic blood 
pressure, mmHg 

<70 71-80 81-100 
101-
199 

 ≥200  

Heart rate, 
beats/minute 

 <40 41-50 51-100 
101-
110 

111-
129 

≥130 

Altered mental 
status: AVPU 

   A V P U 

Table 5: Calculation of the Modified Early Warning Score according to Subbe et al.6 to identify patients at 
risk of deterioration. The score is based on respiratory rate, temperature, systolic blood pressure, heart rate, 
and mental status. Score points are assigned to patients with suspected infection whose parameters deviate 
from the normal value range. Higher scores indicate a greater risk of deterioration. A = Alert; V = Response 
to verbal stimuli, P = Response to painful stimuli, U = Unresponsive. 

National Early Warning Score (NEWS) 

In 2012, the Royal College of Physicians created the National Early Warning Score to 

standardise the detection of people with acute illness within the National Health System 

in the United Kingdom7. The NEWS is calculated using the following parameters: 

respiratory rate, oxygen saturation, supplemental oxygen, temperature, systolic blood 

pressure, heart rate, and altered mental status (see Table 6)7. 

There was a high number of missing values for oxygen supplementation in our dataset. 

Therefore, we decided to compute a modified NEWS (in the following called mNEWS) 

by eliminating oxygen supplementation as a score feature. 
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Table 6: National Early Warning Score by the Royal College of Physicians7 

Parameter 3 2 1 0 1 2 3 

Respiratory Rate, 
breaths/minute 

≤8  9-11 12-20  21-24 ≥25 

Oxygen 
saturation, % 

≤91 92-93 94-95 ≥96    

Any 
Supplemental 
Oxygen*  

 yes  no    

Temperature, °C ≤35.0  35.1-
36.0 

36.1-
38.0 

38.1-
39.0 

≥39.1  

Systolic blood 
pressure, mmHg 

≤90 91-100 
101-
110 

111-
219 

  ≥220 

Heart rate, 
beats/minute 

≤40  41-50 51-90 91-110 
111-
130 

≥131 

Altered mental 
status: AVPU 

   A   V, P, U 

Table 6: Calculation of the National Early Warning Score by the Royal College of Physicians7 to identify 
patients with acute illness. Higher scores indicate a greater risk of acute illness. In this study, a modified 
version of the NEWS (mNEWS) was used, not including the parameter ‘any supplemental oxygen’, due to 
high number of missing data for this variable. *Not included in mNEWS. A = Alert; V = Response to verbal 
stimuli, P = Response to painful stimuli, U = Unresponsive. 

Quick Sequential Organ Failure Assessment (qSOFA) 

As described in the introduction, the qSOFA is calculated using only the following three 

criteria: respiratory rate ≥22 breaths/minute, altered mentation: GCS <15, and systolic 

blood pressure ≤100 mmHg (see Table 3)8. Two or more positive criteria in a patient are 

associated with a poorer outcome8. 

Universal Vital Assessment (UVA) 

The UVA was developed to identify patients with the highest risk of death among 

hospitalized adults in Sub-Saharan Africa12. Additionally, to six clinical parameters, the 

UVA also takes the HIV serostatus into account. The score is calculated as reported in 

Table 712. 
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Table 7: Universal Vital Assessment by Moore et al.12 

Parameter Points 

Respiratory rate ≥30 breaths/minute 1 

Heart rate ≥120 beats/minute 1 

HIV anamnesis positive 2 

Systolic blood pressure <90 mmHg 1 

Oxygen saturation <92% 2 

Termperature <36°C 2 

Altered mental status: Glasgow Coma Scale <15 4 

Table 7: Calculation of the Universal Vital Assessment by Moore et al.12 to identify patients with the highest 
risk of death. The score is based on respiratory rate, heart rate, HIV anamnesis, systolic blood pressure, 
systolic blood pressure, oxygen saturation, temperature, and mental status. Score points are assigned to 
patients with suspected infection whose parameters deviate from the normal value range. Higher scores 
indicate a greater risk of death. 

Missing data and score calculation 

For the evaluation of the score performance, missing values were assumed to be in the 

normal range, and no additional score points were added to calculate the scores. SIRS, 

MEWS, mNEWS, qSOFA, and UVA were calculated at admission for all study 

participants as previously described (see Table 1, Table 3, and Table 5 - Table 7).  

Statistical analysis 

Univariate logistic regression models were used to calculate the odds ratio (OR) with 

95% CIs for in-hospital mortality with each score point increase. 

Model discrimination was assessed by calculating sensitivity, specificity, positive 

predictive value (PPV), negative predictive value (NPV), and AUROC. For this analysis, 

we focused on score cutoff values previously used in the literature5–8,12,64. We calculated 

the confidence intervals (CI) for the AUROCs using bootstrapping (10,000 iterations). 

To evaluate whether the differences between the AUROCs are statistically significant, 

we used DeLong’s test65. 

Additionally, to account for baseline risk, multivariable logistic regression models were 

calculated including age, sex, and laboratory-confirmed HIV serostatus. There were 10 

patients without laboratory HIV test results. For these 10 patients, we used the 

anamnestic HIV status. Each score, SIRS, MEWS, mNEWS, qSOFA, and UVA, was 
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added separately as a continuous variable to the baseline risk model. Adjusted ORs with 

95% CIs were calculated to estimate the association of increase in one score point and 

in-hospital mortality. 

Model discrimination of the adjusted models was assessed using AUROCs with 95% CIs. 

DeLong’s method65 was used to determine significant differences between the AUROCs.  

2.4.3 Score adaptation and evaluation of the adapted scores 

Finally, we adjusted the scores mentioned above to our specific resource-limited 

context, in order to improve mortality prediction and identification of patients who are 

more likely to have a poor outcome.  

Score adaptation 

First, the dataset was split into training and testing datasets, using a testing data set size 

of 30% of the cases in the complete dataset. For the cutoff value analysis, missing 

nominal and ordinal data were imputed using the most frequent value. Missing metric 

values were iteratively imputed, modelling each feature that has missing values based 

on the other features. 

The dataset was balanced using the Synthetic Minority Over-sampling Technique for 

categorical and continuous variables (SMOTENC)66, an upsampling approach that 

generates synthetic samples by interpolation, rather than duplicating existing ones.  

The identification of the ideal feature cutoff for each score and the assignment of the 

optimal score point values were performed as suggested by Moore et al.12. First, decision 

trees for each of the scores’ features on in-hospital mortality were used to determine 

optimal cutoff values. The threshold that resulted in the smallest Gini impurity within 

the node was selected as the cutoff value. 

For each variable, we determined whether each case had a value above or below/equal 

to the optimal split point that we identified in the decision tree analysis. We then 

created a Boolean variable indicating whether each case had a higher probability of in-

hospital mortality based on that specific variable. These Boolean variables were used as 

independent variables in a linear regression model, while in-hospital mortality served 

as the dependent variable. The relative weights determined by the linear regression 
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model were then translated into a point-based scoring system. This was achieved by 

dividing each beta coefficient by the smallest absolute value beta coefficient. The 

normalized beta coefficients were rounded and used as score points assigned to the 

particular feature. For each study participant, we then summed up all assigned points to 

calculate the new adapted scores. 

Evaluation of the adapted scores 

To evaluate the new cutoff values determined using the training dataset, the modified 

scores were calculated for the testing dataset. AUROCs, as well as their associated CIs, 

of all scores (original and adapted) were calculated in both the training and the testing 

datasets. To assess whether the differences between the AUROCs of all evaluated scores 

are statistically significant, we again used DeLong’s method65. Logistic regression models 

were used to calculate the OR and 95% CIs for in-hospital mortality with each score 

point increase for the original and the adapted scores in the two datasets. 

For the original scores, we calculated sensitivity, specificity, PPV, and NPV using the 

standard cutoff values as described above. For the adapted scores, we used various cutoff 

values and determined which ones may be helpful for clinical settings to decide who 

needs an escalation of care. Our goal was to achieve a high sensitivity, to identify as 

many patients at risk of death as possible, while maintaining an acceptable specificity 

and PPV, to avoid unnecessary use of limited resources.  
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3 Results 

876 patients, who presented at the emergency departments during the working hours of 

our staff, fulfilled the inclusion criteria and gave their consent to participate in the study. 

25 patients were retrospectively excluded due to missing data on in-hospital mortality, 

leaving a total of 851 patients for analysis. 

3.1 Missing Data 

The overall percentage of missing data in the whole dataset was 2.73%. Of the values 

needed to calculate the scores, 5.68% were missing. The highest percentage of missing 

values among the score parameters was found for the NEWS parameter ‘Supplementary 

Oxygen administered’. As we only started collecting data on oxygen supplementation 

after the inclusion of the first 271 patients, data for 44.1% (n = 375) was missing. We 

therefore calculated a modified NEWS without data on supplementary oxygen. For the 

other score parameters, the percentage of missing data ranged from 0% (n = 0) to 7.3% 

(n = 62). For more information on missing values, see Suppl. Table 2. 

3.2 Demographic and clinical characteristics 

Of the 851 patients included in the analysis, 569 (66.9%) patients were included in 

Asella, while 282 (33.1%) were included at the study site in Adama. 456 (53.6%) study 

participants were male. The median (IQR) age was 28 (22.0–40.0) years. The in-hospital 

mortality rate was 4.5% (n = 38), while 7.1% (n = 56) participants died within 28 days 

after presentation at the emergency department. 

A detailed summary of the descriptive statistics of the study population can be found in 

Suppl. Table 3. A selection of the most important data is presented in Table 8. 

3.2.1 Symptoms and diagnosis at presentation 

The most common symptoms the participants showed were fever, abdominal symptoms, 

and neurological symptoms, which were present in 67.3% (n = 573), 44.7% (n = 380), 

and 43.0% (n = 366) of the participants, respectively. Similarly, abdominal infection was 

the most frequent main diagnosis at admission, accounting for 30.2% (n = 256) 
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diagnoses, followed by 25.4% (n = 216) respiratory tract infections, 12.4% (n = 105) 

meningitis/encephalitis, 8.1% (n = 69) urinary tract infection, 3.7% (n = 31) skin 

infections/ abscesses, 0.6% (n = 5) surgical site infections, and 0.1% (n = 1) osteomyelitis. 

In 9 (1.1%) cases, the diagnosis was unclear at admission. For 142 (16.7%) participants, 

the treating clinician did not find one of the aforementioned main diagnoses appropriate 

and added an alternative diagnosis. Among these other diagnoses, malaria, infective 

endocarditis, and puerperal sepsis were common. The treating physician diagnosed 

sepsis in 42.0% (n = 342) of the cases.  

3.2.2 Medical history and physical constitution 

Regarding the medical history of the patients, 11.5% (n = 98) of the participants were 

taking medication on a regular basis. 10.7% (n = 91) had a non-infectious chronic 

disease, while 8.1% (n = 69) of the patients had a chronic infectious disease. 46 (5.4%) 

patients or their companions reported during the medical history taking that the 

participant had been diagnosed with HIV. We collected information on HIV treatment 

for 44 patients, of whom 35 (79.5%) were receiving antiretroviral therapy. Among the 

HIV-positive patients, 2 (0.2%) also reported being diagnosed with tuberculosis. An 

additional 18 (2.1%) participants reported to be positive for tuberculosis (open or latent) 

only. 

91.6% (n = 759) of the participants were estimated by the study nurses to have a regular 

body weight, while 7.7% (n = 64) were estimated to be massively underweight, and 0.7% 

(n = 6) to be massively overweight. 

3.2.3 Vital signs 

The median body temperature, pulse rate, respiratory rate, and oxygen saturation levels 

at admission were 37.9°C (IQR: 37–38.6), 102.5 beats per minute (IQR: 88–118), 26 

breaths per minute (IQR:24–31.5), and 95% (IQR: 92–97). The median systolic blood 

pressure was 100 mmHg (90–110), while the median of diastolic blood pressure was 60 

mmHg (60–70). 

The majority of the patients did not have an altered consciousness. The median GCS was 

15 (IQR: 15–15). A total of 93.2% (n = 779) were assessed to be alert, while 3.2% (n = 27) 
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responded to verbal stimuli, 2.5% (n = 21) responded to painful stimuli, and 1.1% (n = 9) 

were non-responsive. 

3.2.4 Lab results 

13 (1.6%) patients were tested positive for malaria in the blood smear test. Of those, 6 

(0.7%) were infected with Plasmodium falciparum, while 4 (0.5%) were tested positive 

for Plasmodium vivax/ovale. We tested 10.2% (n = 86) of the participants positive for 

HIV. 

3.2.5 Differences between survivors and non-survivors 

Survivors and non-survivors were also analysed separately. Differences between the two 

groups were examined. Descriptive statistics of the two groups are reported in detail in 

Suppl. Table 3. 

Significant differences, after Bonferroni adjustment for multiple comparisons, were 

observed in the following variables: sepsis diagnosis according to the treating clinician, 

presence of an open wound, respiratory rate, administration of supplementary oxygen, 

altered consciousness (GCS), as well as laboratory results (platelet count, lactate levels, 

blood glucose, and blood culture results). Further details on the significant variables as 

well as the parameters used in the aforementioned scores can be found in Table 8. 

Table 8: Comparison of Survivors and Non-Survivors 

Parameter Total (n = 851) 
Survivors 
(n = 813) 

Non-Survivors 
(n = 38) 

p-
value 

Sepsis Diagnosis     

Sepsis diagnosis according 
to treating clinician, n (%)  

342 (42) 310 (39.9) 32 (86.5) <0.001 

Medical history     

Known non-infectious 
chronic disease, n (%)  

91 (10.7) 83 (10.2) 8 (21.1) 0.035 

Infectious chronic 
diseases 

   0.022 

No known infectious 
chronic disease, n (%)  

779 (91.9) 747 (92.2) 32 (84.2)  

Known infectious 
chronic disease, n (%)  

69 (8.1) 63 (7.8) 6 (15.8)  

HIV, n (%)  46 (5.4) 41 (5.1) 5 (13.2)  

Tuberculosis, n (%)  18 (2.1) 18 (2.2) 0 (0.0)  
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Tuberculosis and HIV, 
n (%)  

2 (0.2) 2 (0.2) 0 (0.0)  

Viral Hepatitis, n (%)  3 (0.4) 2 (0.2) 1 (2.6)  

Physical examination     

Open wound, n (%)  36 (4.3) 30 (3.8) 6 (15.8) <0.001 

Temperature (°C), median 
(IQR) 

37.9 

(37.0–38.6) 

37.9  

(37.0–38.6) 

38  

(36.12–38.58) 
0.218 

Pulse rate (beats/min), 
median (IQR) 

102.5 (88–118) 102 (88–117.5) 110 (92–125) 0.081 

Respiratory rate 
(breaths/min), median 
(IQR) 

26 (24–31.5) 26 (24–30) 32 (25–36) <0.001 

Systolic blood pressure 
(mmHg), median (IQR) 

100 (90–110) 100 (90–110) 90 (80–110) 0.099 

Oxygen saturation (%), 
median (IQR) 

95 (92–97) 95 (92–97) 92.5 (89–96) 0.009 

Supplementary oxygen 
application, n(%) 

33 (6.9) 25 (5.5%) 8 (42.1) <0.001 

Altered consciousness 
(Glasgow Coma Scale), 
median (IQR) 

15 (15–15) 15 (15–15) 14 (13–15) <0.001 

Altered consciousness 
(AVPU) 

   0.001 

Alert, n (%) 779 (93.2) 757 (94.5) 22 (62.9)  

Responds to verbal 
stimuli, n (%) 

27 (3.2) 24 (3) 6 (17.1)  

Responds to painful 
stimuli, n (%) 

21 (2.5) 15 (1.9) 4 (11.4)  

Unresponsive, n (%) 9 (1.1) 5 (0.6) 3 (8.6)  

Laboratory results     

WBC x10³/μl (IQR) 8.6 (5.55–12.5) 8.5 (5.5–12.4) 11 (7.2–15.4) 0.037 

PLT x10/μl (IQR) 239 (170–318) 240 (174–320) 162 (88–222) <0.001 

Lactate (IQR) 2.3 (1.5–4.07) 2.3 (1.5–3.7) 4.6 (2.8–7) <0.001 

Blood glucose (IQR) 110 (96–128) 110 (96–127) 130 (112–165) 0.001 

Blood culture results    <0.001 

No blood culture 
taken, n (%)  

243 (28.6) 242 (29.8) 1 (2.6)  

Sterile, n (%)  524 (61.6) 497 (61.1) 27 (71.1)  

Positive, n (%)  84 (9.9) 74 (9.1) 10 (26.3)  

HIV, n (%)  86 (10.2) 77 (9.6) 9 (24.3) 0.004 

Table 8: Comparison of Survivors and Non-Survivors. P-values written in bold indicate significance after 
Bonferroni adjustment (p <0.00104). A detailed version of this table including all 48 comparisons, is reported 
in Suppl. Table 3. WBC = white blood count; PLT = platelets; IQR = interquartile range; AVPU = Alert, response 
to verbal stimuli, response to painful stimuli, unresponsive score. 



Results 

26 

 

3.3 The predictive validity of clinical gestalt 

We assessed the clinical diagnosis of sepsis according to the treating clinician. The 

AUROC for clinician’s diagnosis of sepsis as a mortality predictor was 0.73 (95% CI: 0.67, 

0.79), with a sensitivity of 0.86 (95% CI: 0.74, 0.97) and a specificity: 0.60 (95% CI: 0.56, 

0.64). The PPV and the NPV were 0.09 (95% CI: 0.06; 0.12) and 0.99 (95% CI: 0.98; 

1.00), respectively. 

3.4 The predictive validity of clinical scores 

3.4.1 Distribution of clinical scores and mortality 

The scores chosen for evaluation were calculated as described in the section: Evaluation 

of Score Performance. Fig. 1 to Fig. 5 show the distribution of patients across score values 

and the associated in-hospital mortality rates. 

 
Fig. 1: SIRS distribution and mortality rates across score values 
The distribution of patients across SIRS score values and associated in-hospital mortality rates. The blue bars 
represent the proportion of patients in percent at each SIRS score included in the study. The grey bars show 
the in-hospital mortality in percent at each SIRS score. 



Results 

27 

 

 
Fig. 2: MEWS distribution and mortality rates across score values 
The distribution of patients across MEWS values and associated in-hospital mortality rates. The yellow bars 
represent the proportion of patients in percent at each MEWS included in the study. The grey bars show the 
in-hospital mortality in percent at each MEWS. 

 
Fig. 3: mNEWS distribution and mortality rates across score values 
The distribution of patients across mNEWS values and associated in-hospital mortality rates. The green bars 
represent the proportion of patients in percent at each mNEWS included in the study. The grey bars show 
the in-hospital mortality in percent at each mNEWS. 
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Fig. 4: qSOFA distribution and mortality rates across score values 
The distribution of patients across qSOFA score values and associated in-hospital mortality rates. The orange 
bars represent the proportion of patients in percent at each qSOFA score included in the study. The grey 
bars show the in-hospital mortality in percent at each qSOFA score. 

 
Fig. 5: UVA distribution and mortality rates across score values 
The distribution of patients across UVA score values and associated in-hospital mortality rates. The pink bars 
represent the proportion of patients in percent at each UVA score included in the study. The grey bars show 
the in-hospital mortality in percent at each UVA score. 

The scores ranged as follows: SIRS 0–4 (mode: 3), MEWS 1–13 (median 5, IQR 1–6), 

mNEWS 0–16 (median: 7, IQR 5–9), qSOFA 0–3 (mode: 2), and UVA 0–12 (median: 1, 

IQR 0–2). 
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Mortality was higher at higher score values, although not every increase in score points 

value resulted in an increase in mortality. Particularly, patients who had a very high 

score for MEWS or mNEWS survived their hospital stay. 

3.4.2 qSOFA calculation 

Out of the 851 enrolled patients, 511 (60%) and 51 (6%) patients had a qSOFA score of 

2 and 3, respectively. That is a positivity rate of 66% (n = 562). The most common 

positive parameter combination for a qSOFA score of 2 was a respiratory rate ≥22 and a 

systolic blood pressure ≤100 (482 out of 511 patients; 94.3%). Less common were the 

combination of GCS <15 and increased respiratory rate (n = 23; 4.5% of the qSOFA 

positive participants), as well as the combination of decreased systolic blood pressure 

and decreased GCS (n = 6; 1.2% of the qSOFA positive participants). 

3.4.3 Score performance 

As described in section 2.4.2 the scores were evaluated unadjusted (Fig. 6, Fig. 7) and 

adjusted for baseline risk (Fig. 8, Fig. 9). 

Unadjusted score performance 

The univariate logistic regression models showed a significant association between one 

point score increase and in-hospital mortality. The odds of death increased by 70% per 

one point score increase for SIRS (OR 1.70; 95% CI: 1.18, 2.45), 40% for MEWS (OR 

1.40; 95% CI: 1.21, 1.61), 32% for mNEWS (OR 1.32; 95% CI: 1.17, 1.48). The qSOFA 

showed the strongest association (OR 3.49; 95% CI: 1.93, 6.30), while one point score 

increase of the UVA was associated with 77% increase in odds of death (OR 1.77; 95% 

CI: 1.54, 2.04). For more information, see Suppl. Table 4. 

The AUROC for SIRS without taking the baseline risk into account was 0.63 (95% CI: 

0.55, 0.71), for MEWS 0.70 (95% CI: 0.61, 0.79), for mNEWS 0.72 (95% CI: 0.63, 0.81), 

for qSOFA 0.67 (95% CI: 0.59, 0.74), and for UVA 0.87 (95% CI: 0.82, 0.92). 

UVA demonstrated a significantly higher AUROC compared to all evaluated scores 

(p ≤0.001). Additionally, mNEWS showed a significantly higher AUROC than SIRS 

(p = 0.033). No significant differences were observed among the AUROCs of the 

remaining scores (see Suppl. Table 5). 
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Furthermore, the UVA showed a significant higher AUROC than the clinicians’ 

diagnosis of sepsis in predicting mortality. This was not the case for the other scores. 

The AUROC of the clinicians’ diagnosis of sepsis as a predictor for mortality was 

significantly larger than that of the SIRS. 

 
Fig. 6: Receiver operating characteristic curves for mortality discrimination 
AUROC = Area under the receiver operating characteristic curve. 
Receiver operating characteristic curves for original SIRS, MEWS, mNEWS, qSOFA, and UVA for in-hospital 
mortality among patients with suspected infection calculated using the complete dataset (n = 851). The 
curves are not adjusted for baseline risk. The grey line represents a model with no discrimination (random 
classification).  
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Fig. 7: Area under the receiver operating characteristic curves with 95% confidence intervals (CI) 
for mortality discrimination 
Forest plot for better score comparability. Area under the receiver operating characteristic curves with 95% 
confidence intervals for original SIRS, MEWS, mNEWS, qSOFA, and UVA for in-hospital mortality among 
patients with suspected infection calculated using the complete dataset (n = 851). The area under the 
receiver operating characteristic curves are not adjusted for baseline risk. 

Table 9 shows the performance metrics (sensitivity, specificity, positive predictive value 

(PPV), and negative predictive value (NPV)) at various score cutoffs for each score. 

At a SIRS cutoff value of ≥2, the sensitivity was 0.92, while the specificity was 0.18. For 

qSOFA with the same cutoff of ≥2, the sensitivity was 0.87, and the specificity was 0.35. 

For MEWS, the sensitivity at a cutoff value of ≥3 was 0.95, and the specificity was 0.17. 

At a cutoff value of ≥4 and ≥5, the sensitivity decreased to 0.87 and 0.76, respectively, 

while the specificity increased to 0.35 and 0.51, respectively. In the case of mNEWS, 

sensitivity and specificity were 0.79 and 0.54, respectively, for a cutoff of ≥7, and for a 

cutoff of ≥8, sensitivity decreased to 0.79, while specificity increased to 0.54. For UVA 

with a cutoff of ≥2, sensitivity was 0.95 and specificity was 0.62. An increase of the cutoff 

value to ≥4 led to a decreased sensitivity of 0.69 and an increased specificity of 0.86. 

Table 9: Predictive capacity of SIRS, MEWS, mNEWS, qSOFA, and UVA at different cutoff 
values 

Score Sensitivity Specificity PPV NPV 

SIRS 
    

SIRS ≥1 1.00 0.03 0.05 1.00 

SIRS ≥2 0.92 0.18 0.05 0.98 

SIRS ≥3 0.71 0.50 0.06 0.97 

MEWS 
    

MEWS ≥3 0.95 0.17 0.05 0.99 

MEWS ≥4 0.87 0.35 0.06 0.98 

MEWS ≥5 0.76 0.51 0.07 0.98 

MEWS ≥6 0.63 0.64 0.08 0.97 
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MEWS ≥7 0.47 0.78 0.09 0.97 

MEWS ≥8 0.37 0.89 0.13 0.97 

MEWS ≥9 0.26 0.95 0.2 0.97 

MEWS ≥10 0.13 0.99 0.31 0.96 

MEWS ≥11 0.03 0.99 0.17 0.96 

mNEWS 
    

mNEWS ≥4 0.97 0.11 0.05 0.99 

mNEWS ≥5 0.92 0.20 0.05 0.98 

mNEWS ≥6 0.89 0.29 0.06 0.98 

mNEWS ≥7 0.82 0.40 0.06 0.98 

mNEWS ≥8 0.79 0.54 0.07 0.98 

mNEWS ≥9 0.71 0.67 0.09 0.98 

mNEWS ≥10 0.58 0.79 0.12 0.98 

mNEWS ≥11 0.34 0.87 0.11 0.97 

qSOFA 
    

qSOFA ≥1 1.00 0.06 0.05 1.00 

qSOFA ≥2 0.87 0.35 0.06 0.98 

qSOFA ≥3 0.24 0.95 0.18 0.96 

UVA 
    

UVA ≥2 0.95 0.62 0.11 1.00 

UVA ≥3 0.79 0.79 0.15 0.99 

UVA ≥4 0.68 0.86 0.19 0.98 

UVA ≥5 0.63 0.92 0.28 0.98 

UVA ≥6 0.39 0.96 0.30 0.97 

Table 9: Sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) of the 
original SIRS, MEWS, mNEWS, qSOFA, and UVA at different cutoff values. Commonly used cutoff values are 
written in bold. 

Score performance adjusted for baseline risk 

The ORs for each increase in score points were adjusted for age, sex, and laboratory-

confirmed HIV status. The adjusted ORs were as follows: SIRS 1.71 (95% CI: 1.19, 2.47), 

MEWS 1.41 (95% CI: 1.22, 1.63), mNEWS 1.30 (95% CI: 1.15, 1.46), qSOFA 3.24 (95% 

CI: 1.79, 5.85), UVA 1.80 (95% CI: 1.56, 2.09). Full logistic regression model estimates 

are reported in Suppl. Table 6. 

Fig. 8 and Fig. 9 show the AUROC of the baseline risk model, which showed an AUROC 

of 0.64 (0.55-0.72). SIRS, MEWS, mNEWS, qSOFA, and UVA were added as a 

continuous variable to the baseline risk model, changing the AUROCs to 0.68, 0.77, 0.75, 

0.71, and 0.87, respectively. SIRS and qSOFA added to the baseline risk did not show a 

significantly higher AUROC than the baseline model. MEWS, mNEWS, and UVA in 
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combination with the baseline risk showed significantly higher AUROCs (see Suppl. 

Table 7). 

 
Fig. 8: Receiver operating characteristic curves for mortality discrimination adjusted for baseline 
risk 
AUROC = Area under the receiver operating characteristic curve. 
Receiver operating characteristic curves for original SIRS, MEWS, mNEWS, qSOFA, and UVA for in-hospital 
mortality among patients with suspected infection calculated using the complete dataset (n = 851). The 
curves are adjusted for baseline risk. The baseline risk model was calculated using age, sex, and HIV status. 
The grey line represents a model with no discrimination (random classification).  
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Fig. 9: Area under the receiver operating characteristic curves with 95% confidence intervals (CI) 
for mortality discrimination adjusted for baseline risk 
Forest plot for better score comparability. Area under the receiver operating characteristic curves with 95% 
confidence intervals for original SIRS, MEWS, mNEWS, qSOFA, and UVA for in-hospital mortality among 
patients with suspected infection calculated using the complete dataset (n = 851). The curves are adjusted 
for baseline risk. The baseline risk model was calculated using age, sex, and HIV status. 

3.5 Score adaptation to a resource-limited setting 

3.5.1 Optimization of score performance on the training dataset 

The training dataset (n = 595) was used to train the models and adapt the original scores 

to a resource-limited setting. The decision tree analysis revealed the cutoff values that 

led to the smallest gini impurity for each parameter of each score as shown in Table 1. 

The relative weights that were determined by the linear regression model and translated 

into a point-based scoring system are also shown in the table. The cutoff value for the 

clinical parameters for the detection of individuals with higher risk for a poor outcome 

were determined as follows: temperature <36.4°C, pulse rate >92 beats per minute, 

respiratory rate >28 breaths per minute, systolic blood pressure <90 mmHg, oxygen 

saturation <92%, and an altered consciousness, indicated by a GCS <15 or AVPU 

showing anything other than ‘alert’ or ‘responsive to verbal stimuli’. 
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Table 10: Calculation of the adapted scores 

Variable cutoff 

Adapted 
SIRS 

points 

Adapted 
MEWS 
points 

Adapted 
mNEWS 
points 

Adapted 
qSOFA 
points 

Adapted 
UVA 

points 

Temperature (°C) <36.4 1 3 3  2 

Pulse rate 
(beats/min) 

>92 1 2 2  1 

Respiratory rate 
(breaths/min) 

>28 1 2 3 1 3 

Systolic blood 
pressure (mmHg) 

<90  1 1 2 3 

Oxygen 
saturation (%) 

<92   4  1 

Altered 
consciousness 
(Glasgow Coma 
Scale) 

<15    5 8 

Altered 
consciousness 
(AVPU*) 

P or U  3 3   

Leukocyte count 
(per 10³/μL) 

>7.1 1     

HIV anamnesis positive 
    

3 

Maximum Score   4 11 16 8 21 

Table 10: Clinical variables, thresholds, and corresponding points for the calculation of the adapted scores: 
adapted SIRS, adapted MEWS, adapted mNEWS, adapted qSOFA, and adapted UVA. Score points are 
assigned to patients with suspected infection whose parameter values fall below or exceed the parameter’s 
threshold, depending on the variable. Higher scores indicate a greater risk of in-hospital mortality. The AVPU 
scale assesses consciousness as Alert (A), Verbal Response (V), Pain Response (P), or Unresponsive (U). 

Fig. 10 and Fig. 11 display the AUROCs for mortality prediction with 95% CI using the 

adapted scores in the training dataset. In the training dataset, the adapted UVA showed 

the highest AUROC (0.94; 95% CI: 0.93, 0.96) among the adapted scores. It was followed 

by the adapted qSOFA (0.91; 95% CI: 0.89, 0.93), adapted mNEWS (0.84; CI: 95% 0.81, 

0.86), adapted SIRS (0.78; 95% CI: 0.75, 0.80), and adapted MEWS (0.77; 95% CI: 0.74, 

0.79). 
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Fig. 10: Receiver operating characteristic curves for the adapted scores for mortality 
discrimination in the training dataset 
AUROC = Area under the receiver operating characteristic curve. 
Receiver operating characteristic curves for adapted SIRS, adapted MEWS, adapted mNEWS, adapted qSOFA, 
and adapted UVA for in-hospital mortality among patients with suspected infection calculated using the 
upsampled training dataset that was based on 595 cases. The curves are not adjusted for baseline risk. The 
grey line represents a model with no discrimination (random classification).  
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Fig. 11: Area under the receiver operating characteristic curves with 95% confidence intervals 
(CI) for mortality discrimination 
AUROC = Area under the receiver operating characteristic curve. 
Forest plot for better score comparability. AUROCS with 95% confidence intervals for SIRS, MEWS, mNEWS, 
qSOFA, and UVA, alongside their adapted versions, for in-hospital mortality among patients with suspected 
infection, calculated using the upsampled training dataset that was based on 595 cases. The area under the 
receiver operating characteristic curves are not adjusted for baseline risk.  

Suppl. Fig. 9 to Suppl. Fig. 13 show the ROC curves for mortality prediction using the 

adapted scores, alongside the original score versions, using the training dataset. Model 

estimates of the logistic regression models for the calculation of the ORs and CIs for each 

one score point increase for in-hospital mortality are reported in Suppl. Table 8. 

3.5.2 Evaluation of the adapted scores in the testing dataset 

The adapted scores were evaluated in the testing dataset (n = 256). The calculated ORs 

with CIs for each score point increase and mortality are shown in Suppl. Table 9. 

In Fig. 12 and Fig. 13 the AUROCs along with their 95% confidence intervals for 

mortality prediction using the original and adapted scores are reported. In the testing 

dataset, the adapted UVA also showed the highest AUROC (0.86, 95% CI: 0.76, 0.94). 

Similarly, the original UVA showed an AUROC of 0.86 (95% CI: 0.76, 0.94). The 

AUROCs for the other scores were the following: adapted mNEWS 0.85 (95% CI: 0.73, 

0.95), adapted MEWS 0.84 (95% CI: 0.69, 0.96), adapted qSOFA 0.82 (95% CI: 0.72, 

0.92), adapted SIRS 0.77 (95% CI: 0.67, 0.86), mNEWS 0.77 (95% CI: 0.59, 0.92), MEWS 

0.74 (95% CI: 0.57, 0.88), qSOFA 0.73 95% CI: 0.64, 0.83), and SIRS 0.64 (95% CI: 0.47, 

0.80). 
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Fig. 14 to Fig. 18 show the receiver operating characteristic curves for mortality 

prediction using the adapted scores, alongside the original versions of the scores in the 

testing dataset. 

 

Fig. 12: Receiver operating characteristic curves for the adapted scores for mortality 
discrimination in the testing dataset 
AUROC = Area under the receiver operating characteristic curve. 
Receiver operating characteristic curves for adapted SIRS, adapted MEWS, adapted mNEWS, adapted qSOFA, 
and adapted UVA for in-hospital mortality among patients with suspected infection. The area under the 
receiver operating characteristic curves were generated using the testing dataset (n = 256) with score 
adaptations derived from the training dataset (n = 595). The curves are not adjusted for baseline risk. The 
grey line represents a model with no discrimination (random classification). 
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Fig. 13: Area under the receiver operating characteristic curves with 95% confidence intervals 
(CI) for mortality discrimination 
AUROC = Area under the receiver operating characteristic curve. 
Forest plot for better score comparability. Area under the receiver operating characteristic curves with 95% 
confidence intervals for SIRS, MEWS, mNEWS, qSOFA, and UVA, alongside their adapted versions, for in-
hospital mortality among patients with suspected infection. The AUROCs were calculated using the testing 
dataset (n = 256) with score adaptations derived from the training dataset (n = 595). The area under the 
receiver operating characteristic curves are not adjusted for baseline risk. The vertical dotted line model with 
no discrimination (random classification).  
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Fig. 14: Receiver operating characteristic curves for SIRS and adapted SIRS for mortality 
discrimination in the testing dataset 
AUROC = Area under the receiver operating characteristic curve. 
Receiver operating characteristic curves for SIRS and adapted SIRS for in-hospital mortality among patients 
with suspected infection. The AUROCs were calculated using the testing dataset (n = 256) with adapted SIRS 
derived from the training dataset (n = 595). The adapted SIRS did not show a significantly higher AUROC than 
the original SIRS (p = 0.061).  
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Fig. 15: Receiver operating characteristic curves for MEWS and adapted MEWS for mortality 
discrimination in the testing dataset 
AUROC = Area under the receiver operating characteristic curve. 
Receiver operating characteristic curves for MEWS and adapted MEWS for in-hospital mortality among 
patients with suspected infection. The AUROCs were calculated using the testing dataset (n = 256) with 
adapted MEWS derived from the training dataset (n = 595). The adapted MEWS showed significantly higher 
AUROC than the original MEWS (p = 0.017). 
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Fig. 16: Receiver operating characteristic curves for mNEWS and adapted mNEWS for mortality 
discrimination in the testing dataset 
AUROC = Area under the receiver operating characteristic curve. 
Receiver operating characteristic curves for mNEWS and adapted mNEWS for in-hospital mortality among 
patients with suspected infection. The AUROCs were calculated using the testing dataset (n = 256) with 
adapted mNEWS derived from the training dataset (n = 595). The adapted mNEWS showed a marginal 
significantly higher AUROC than the original mNEWS (p = 0.049). 
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Fig. 17: Receiver operating characteristic curves for qSOFA and adapted qSOFA for mortality 
discrimination in the testing dataset 
AUROC = Area under the receiver operating characteristic curve. 
Receiver operating characteristic curves for qSOFA and qSOFA for in-hospital mortality among patients with 
suspected infection. The AUROCs were calculated using the testing dataset (n = 256) with adapted qSOFA 
derived from the training dataset (n = 595). The adapted qSOFA showed a significantly higher AUROC than 
the original qSOFA (p = 0.025). 
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Fig. 18: Receiver operating characteristic curves for UVA and adapted UVA for mortality 
discrimination in the testing dataset 
AUROC = Area under the receiver operating characteristic curve. 
Receiver operating characteristic curves for UVA and UVA for in-hospital mortality among patients with 
suspected infection. The AUROCs were calculated using the testing dataset (n = 256) with adapted qSOFA 
derived from the training dataset (n = 595). The AUROCs of adapted and original UVA were both 0.86. 

The AUROCs for mortality prediction using the adapted MEWS (0.838 vs. 0.735, p = 

0.017) and adapted qSOFA (0.822 vs. 0.729, p = 0.025) were significantly higher than 

those using the original scores. The AUROC of the adapted mNEWS also showed a 

higher AUROC the original mNEWS (0.850 vs. 0.765). This difference was only 

marginally statistically significant (p = 0.049). The adapted SIRS showed a higher 

AUROC for mortality prediction compared to the original (0.767 vs. 0.640). This 

difference was not statistically significant (p = 0.061). There was no meaningful 

difference in the performance of adapted UVA and original UVA (0.860 vs. 0.859, p = 

0.971) (see Table 11). In Suppl. Table 10 additional comparisons between the scores are 

reported. 
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Table 11: Comparison of the AUROCs of the scores and adapted scores. 

Score 1 Score 2 AUROC 1 AUROC 2 |ΔAUROC| p-value 

SIRS adapted SIRS 0.640 0.767 0.127 0.061 

MEWS adapted MEWS 0.735 0.838 0.103 0.017 

mNEWS adapted mNEWS 0.765 0.850 0.085 0.049 

qSOFA adapted qSOFA 0.729 0.822 0.093 0.025 

UVA adapted UVA 0.859 0.860 0.001 0.971 

Table 11: Comparison of the area under the receiver operating characteristic curves (AUROC) of the original 
scores and their adapted versions in the testing dataset using DeLong’s method65. Adapted MEWS, adapted 
mNEWS and adapted qSOFA showed significantly higher AUROCs for predicting mortality than their original 
versions. The adapted SIRS showed a higher, though not significant, AUROC than the original SIRS. The 
AUROCs of adapted and original UVA were similar in size. 

To decide which patient needs an increase of medical care, the thresholds suggested in 

Table 12 can be used. A table presenting the performance metrics of more thresholds for 

the adapted scores is provided in the appendix (see Suppl. Table 11). In the testing 

dataset (n = 256), the original scores showed high sensitivities ranging from 0.91 to 1 at 

their standard thresholds, with low PPVs are ranging from 0.05 to 0.1. The only 

exception was UVA at a cutoff value of ≥4, which showed a sensitivity of 0.55 and a PPV 

of 0.15. 

On the other hand, the adapted scores demonstrated moderate to high sensitivities, 

ranging from 0.82 to 1, and showed a higher specificity, which ranged from 0.43-0.77. 

The PPVs of the adapted scores ranged from 0.07-0.14. 

Table 12: Predictive capacity of original and adapted scores. 

Scores Sensitivity Specificity PPV NPV 

Original Scores 
    

SIRS ≥2 1 0.16 0.05 1 

MEWS ≥3 1 0.17 0.05 1 

MEWS ≥4 0.91 0.33 0.06 0.99 

MEWS ≥5 0.82 0.49 0.07 0.98 

mNEWS ≥5 0.91 0.19 0.05 0.98 

mNEWS ≥7 0.91 0.36 0.06 0.99 

qSOFA ≥2 1 0.33 0.06 1 

UVA ≥2 0.91 0.64 0.1 0.99 

UVA ≥4 0.55 0.86 0.15 0.98 
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Adapted Scores 
    

Adapted SIRS ≥2 1 0.43 0.07 1 

Adapted MEWS ≥4 0.82 0.73 0.12 0.99 

Adapted mNEWS ≥4 0.82 0.62 0.09 0.99 

Adapted qSOFA ≥1 1 0.57 0.09 1 

Adapted UVA ≥5 0.82 0.77 0.14 0.99 

Table 12: Sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) of the 
original, as well as adapted, SIRS, MEWS, mNEWS, qSOFA, and UVA at commonly used cutoff values. 
Predictive capacity at more thresholds is reported in Suppl. Table 11. 
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4 Discussion 

4.1 The need for clinical scoring systems 

At our study sites, neither the evaluated scores nor other decision-making tools to 

identify patients at risk are regularly used in clinical practice. Thus, clinicians usually 

rely on their ‘gut feeling’ to estimate a patient’s risk. Espejo et al.67 found that for an 

experienced clinician, clinical gestalt can be a reliable indicator. In our study, the 

AUROC of a sepsis diagnosis based on the clinician’s clinical gestalt as a predictor for 

mortality was 0.73 (95% CI: 0.67, 0.79). Though this performance is only moderate, it 

raises the question, whether a clinical tool to simplify clinical decision making is even 

needed and would perform better than the clinician’s ‘gut feeling’. However, even if an 

experienced clinician might not need a decision-making tool, for those with limited 

clinical experience, clinical scoring systems can provide helpful support in decision-

making. 

Furthermore, the implementation of a clinical score to estimate a patient’s sepsis or 

mortality risk on a regular basis, may lead to a more thorough review of the vital signs 

taken. This consideration of sepsis and further attention to a patient’s vital signs, may 

already lead to faster treatment and improved outcome. The study team actively asking 

the clinician about their ‘gut feeling’ may also have already introduced a bias, as the 

clinicians were reminded to consider sepsis in every patient with infection. 

4.2 Original Score performance analysis 

Given the considerations above, the question remains which score would be most 

appropriate for regular use in our setting. In this prospective cohort study of 851 patients 

presenting at the emergency units of two Ethiopian hospitals with suspected infection, 

we evaluated the ability of SIRS, MEWS, mNEWS, qSOFA, and UVA to predict in-

hospital mortality. 

The univariate logistic regression models confirmed the significant association of each 

score with in-hospital mortality. Differences in effect sizes reflect differences in the 

strength of association, but need to be interpreted with caution, as the ranges of the 
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scores vary. While qSOFA showed the highest increase in odds of death, it likely reflects 

the narrow scale of qSOFA, only ranging from 0-3. Scores with higher ranges are 

expected to show lower increase in odds of deaths per score point increase. 

We reported the performances of the scores using the AUROCs of the scores, the 

AUROCs of the scores adjusted for baseline risk, and a sensitivity and specificity analysis 

at specific score cutoff values. Depending on the context, each of these methods can be 

useful to evaluate the scores. The AUROCs of the scores are useful single values to assess 

score performance33. Adding baseline risk to the evaluated scores can be useful when 

assessing score performance above baseline risk, especially, when comparing their 

performance across populations with different baseline risks or identifying subgroups 

where the scores perform best33,68. However, adding baseline risk to score evaluation can 

confound the score performance, as the results reflect the combined effect of the score 

and the baseline risk33. To identify patients at risk in a clinical setting, sensitivity and 

specificity analysis are most important for the identification of an optimal cutoff value 

for a decision making process33. 

4.2.1 AUROCs for mortality prediction using the evaluated scores 

When comparing our results to those found in the literature, it is important to bear in 

mind that the mNEWS used in this study is an adapted version of the original NEWS 

and does not include a supplemental oxygen component. Comparisons of the mNEWS 

with performance of the original NEWS need to be interpreted cautiously. 

In our cohort, SIRS and qSOFA predicted mortality poorly, with AUROCs of 0.63 (95% 

CI: 0.55-0.71) and 0.67 (95% CI: 0.59-0.74), respectively. MEWS (AUROC: 0.7; 95% CI: 

0.61-0.79) and mNEWS (AUROC: 0.72; 95% CI: 0.63-0.81) had a higher ability to 

predict mortality compared to SIRS and qSOFA. mNEWS performed significantly better 

than SIRS, while the difference in performance between mNEWS and qSOFA was not 

significant. Differences between MEWS, SIRS, mNEWS, and qSOFA were also not 

significant. UVA (AUROC: 0.87; 95% CI: 0.82-0.92) significantly outperformed all other 

scores in our cohort. 
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This aligns with findings from other low-resource settings33,69–71. A prospective cohort 

study with 2797 participants conducted in Lao People’s Democratic Republic, Malawi, 

Mozambique, and Zimbabwe showed that the UVA score performed better than MEWS 

and qSOFA in predicting mortality among febrile patients69. In this study, the AUROC 

(95% CI) for UVA, MEWS, and qSOFA were 0.82 (0.79–0.85), 0.67 (0.63–0.71), and 0.68 

(0.64–0.72), respectively. 

In a study conducted by Klinger et al.33 in Rwanda, 647 patients were included with 

suspected infection at hospital admission. In this setting, the UVA (AUROC: 0.71; 95% 

CI: 0.66, 0.76) also outperformed adapted MEWS (AUROC: 0.69; 95% CI: 0.64, 0.74) and 

qSOFA (AUROC: 0.65; 95% CI: 0.60, 0.70). 

The superiority of UVA to predict mortality was also found in a study conducted in 

Gabon70. The AUROC of UVA was 0.90 (95% CI: 0.78-1.0), outperforming qSOFA 

(AUROC: 0.77; 95% CI: 0.63,0.91), MEWS (AUROC: 0.72; 95% CI: 0.58, 0.87), and SIRS 

(AUROC: 0.70; 95% CI: 0.52–0.88). 

Bonewell et al. 71 additionally evaluated the performance of the NEWS. They conducted 

their study in Northern Tanzania, including 597 patients at hospital admission with 

febrile infection. In this study UVA also had the highest discriminatory ability, with an 

AUROC of 0.85 (95% CI: 0.80, 0.90) The AUROCS of NEWS, MEWS, and qSOFA were 

0.81 (95% CI: 0.75, 0.87), 0.75 (95% CI: 0.69, 0.82), and 0.63 (95% CI: 0.56, 0.71), 

respectively. 

In all of these studies, UVA demonstrates superiority in predicting mortality in patients 

presenting to an emergency unit with suspected infection. However, the studies also 

show that even among assumably similar cohorts in low-resource emergency unit 

settings in Sub-Saharan Africa, the scores mentioned above perform differently across 

cohorts, e.g., the AUROC of the UVA ranged from 0.71 to 0.9033,69–71. 

In contrast to this, the UVA performed poorly in a Malawian setting72. In this study, 499 

ICU patients were included. The AUROC for in-hospital mortality for the UVA score 

was only 0.54 (95% CI: 0.48, 0.60) while the Malawi Intensive Care Mortality 

Evaluation, a score particularly developed for this setting, showed a stronger 

discriminatory ability, with an AUROC of 0.72 (95% CI: 0.66, 0.78). 
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This shows the importance of contextualizing the use of clinical tools. While UVA seems 

to be a useful tool for identifying patients at risk at hospital admission in Sub-Saharan 

Africa, a different score might perform better in low-resource ICU settings24. It also 

demonstrates the potential advantage of a score developed for a specific population over 

a score derived from a different population. 

Furthermore, we aimed to compare the performances of the evaluated scores in our 

setting to their performances in a high-income setting. There is limited data on the 

performance of the UVA in high-income settings. However, a study by Blair et al.13 

compares the performance of SIRS, MEWS, NEWS, qSOFA, and UVA in Cambodia, 

Ghana, and the United States. In this study, the pooled AUROCs for mortality prediction 

in a low-resource setting for SIRS, MEWS, NEWS, qSOFA, and UVA was 0.61, 0.66, 

0.70, 0.71, and 0.76, respectively. Yet, in the cohort from the United States, NEWS and 

qSOFA performed slightly better than UVA (AUROC NEWS: 0.71 and qSOFA 0.71 vs. 

UVA: 0.70), demonstrating the superior predictive performance of UVA in a low-

income compared to a high-income setting. 

In a large study conducted in the United States, including 445,073 patients, during their 

non-ICU hospital stay NEWS performed best in predicting in-hospital mortality 

(AUROC: 0.77, 95% CI: 0.76, 0.79), followed by MEWS (AUROC: 0.73, 95% CI: 0.71, 

0.74)25. The qSOFA showed an AUROC of 0.69 (95% CI: 0.67, 0.70), and the AUROC of 

SIRS was 0.65 (95% CI: 0.63, 0.66)25. Generally, these results showed modest 

performance for SIRS, MEWS, mNEWS, and qSOFA, similar to those found in our 

cohort. 

4.2.2 AUROCs for mortality prediction using the evaluated scores adjusted 

for baseline risk 

While SIRS and qSOFA added to the baseline risk model did not outperform the baseline 

risk model, MEWS, mNEWS, and UVA showed significantly higher AUROCs for 

mortality prediction when added to the baseline risk model, than the baseline risk model 

itself in our cohort. This suggests that MEWS, mNEWS, and UVA provide independent 

prognostic value above the baseline risk model which included age, sex, and HIV status. 



Discussion 

51 

 

These findings support the consideration of implementing MEWS, NEWS, or UVA into 

clinical practice at our research sites. 

4.2.3 Sensitivity and specificity analysis of the original scores 

To identify patients with a need of a higher level of care, sensitivity and specificity 

analysis are helpful to determine the optimal cutoff value of a score33. The sensitivity 

and specificity of a score at a certain cutoff value are important to assess the suitability 

of the particular score for decision making in that setting33. 

When looking for the optimal cutoff value of a screening tool for mortality, one may 

argue that sensitivity is of greater importance than specificity, because failing to identify 

a true case with a high risk of death may have lethal consequences. However, in settings 

with scarce resources, high specificity becomes equally important. Using a tool with a 

low specificity may lead to the provision of limited critical care resources (e.g., fluids, 

antibiotics, ICU beds) to patients who are not actually at risk and deprive critically ill 

patients of the measures they urgently need26,33,70. Thus, the less resources are available, 

the more important a high specificity and a high PPV of a score becomes. 

The sensitivity and specificity of SIRS and qSOFA have been evaluated widely, but due 

to their poor specificity, they are not an ideal screening tool for sepsis4. Churpek et al.73 

found that almost half of the patients in the wards develop two out of four SIRS criteria 

during their stay. In the context of an ICU, over 90% of the patients showed more than 

two SIRS criteria at some point of their stay45. In our study, the SIRS criteria also only 

had a specificity of 18% at their common cutoff value of ≥2. The other scores were more 

specific than SIRS, confirming existing literature with cohorts from low-resource, as 

well as high-resource settings24,74–76. 

While qSOFA was more specific than SIRS for mortality prediction, it was less sensitive, 

which is also consistent with previous research in both contexts24,73–76. Due to the low 

sensitivity of the qSOFA, the Surviving Sepsis Campaign (SSC) Guidelines for 

Management of Sepsis and Septic Shock 2021, recommend against the use of qSOFA 

alone as a screening tool for sepsis or septic shock4. 
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In a large study conducted in the United States, including 30,677 participants, the 

sensitivity and specificity of SIRS, qSOFA, MEWS, and NEWS at commonly used cutoff 

thresholds were assessed25. It confirmed the results of SIRS and qSOFA mentioned above 

(qSOFA≥2: sensitivity: 0.69, specificity: 0.64 vs. SIRS≥2: sensitivity: 0.94, specificity: 

0.12). MEWS ≥5 demonstrated a slightly higher sensitivity (0.71) and a specificity (0.65) 

than qSOFA, while NEWS ≥7 showed a sensitivity of 0.87 and a specificity of 0.48. When 

compared to our findings the sensitivity and specificity of NEWS were quite similar to 

the results from mNEWS, MEWS showed similar sensitivity but lower specificity in our 

cohort. 

Blair et al.77 also evaluated the sensitivity and specificity of the scores at different cutoff 

values, in both low- and high-income settings (Ghana and Cambodia vs. the United 

States). In the high-income cohort, qSOFA at a cutoff value of ≥2 demonstrated a 

sensitivity of 0.60 and a specificity of 0.72, outperforming UVA at a cutoff value of ≥2, 

which showed a sensitivity of 0.60 but a lower specificity of 0.58. On the other hand, 

Blair et al.13 further showed that, in the low-income cohort, UVA demonstrated a higher 

sensitivity at the cutoff value of ≥2 than the qSOFA (UVA: 0.75 vs. qSOFA: 0.54). 

However, the specificity at the same cutoff value was higher for qSOFA than for UVA 

(qSOFA: 0.84, UVA: 0.74). NEWS ≥5, MEWS ≥4, SIRS ≥2 showed moderately high to 

high sensitivities but low specificities. 

In our analysis, the UVA ≥2 also demonstrated the highest sensitivity in combination 

with an acceptable specificity, consistent with findings from other low-income 

cohorts12,69–71. Reported sensitivities and specificities of the other evaluated scores vary 

across previous studies in low-income settings12,69–71.  

In conclusion, AUROCs, sensitivity, and specificity of a score differ across cohorts, 

pointing out the importance to evaluate a score in different contexts, prior to widespread 

implementation13. Scores derived from cohorts within similar settings may perform 

better13. The decision which scores to be implemented in a specific setting should be 

data-driven. A context-specific weighing of sensitivity and specificity is necessary to 

find optimal score thresholds33. As in our cohorts, the UVA performed best among the 

scores evaluated in this study, and also performed significantly better than the clinicians 
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‘gut feeling’, the implementation of the UVA to evaluate mortality risk in infectious 

patients and decide who needs an increased level of clinical care at our research sites 

should be considered.  

4.2.4 Why does score performance vary in different contexts? 

Scores are developed and validated in a specific setting. Applying them to a different 

context, i.e., from an ICU setting to an ED setting, or from a high-income to a low-

income setting, or even between distinct low-income settings, may reduce the validity 

of the score13,78. But how does our population differ from the one the scores were derived 

from? In the following part, possible key differences that may reduce score validity will 

be discussed. 

Demographics 

Studies from low-resource settings have shown that patients presenting at the 

emergency department with signs of infection tend to be comparatively younger than 

in high-income countries13,24,25. The patients in our cohort were also quite young, with 

a median age of 28 years. This is not surprising, considering the median age of the 

Ethiopian population being approximately 19 years in 202479. This is more than 26 years 

lower than the median age in Germany and 19 years lower than in the United States in 

202480,81. Although sepsis mortality rates are higher in Ethiopia than in HICs, younger 

patients generally have a higher chance to survive sepsis, due to fewer comorbidities 

and faster recovery rates1,82. Aging increases the risk of septic shock, as comorbidities, 

drug use are more common, risk of malnutrition and colonization with gram negative 

bacteria are increased, financial resources and endocrine function decreased in elderly 

patients82. Therefore, differences in age among different populations may have an 

influence on score performance. 

Comorbidities 

Comorbidity patterns differ not only across age groups but also across regions and 

socioeconomic status83–85. In LMICs, several studies indicate that important mortality-

defining comorbidities in septic patients include HIV, tuberculosis, as well as 

malnutrition86–88, while in HICs, cardiovascular diseases, chronic kidney disease, cancer, 
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and various forms of immunodeficiency may be more important risk factors for a poor 

outcome89–91. 

Chronic infectious diseases among sepsis patients are associated with poorer 

outcomes86,87. The UVA score is the only of the evaluated scores that takes the HIV status 

of the patient into account. HIV positive patients have an increased risk for developing 

sepsis and are more likely to have a poor outcome86, making HIV status an important 

parameter for risk stratification, as well as outcome prediction and may partly explain 

the good performance of UVA in a low-resource setting. 

The considerable regional variation in HIV prevalence may contribute to further 

heterogeneity in sepsis presentation and prognosis92. In our cohort, 5.4% of patients self-

reported, or were reported by their companion, as HIV positive. However, we tested 

10.2% of the study participants to be positive for HIV. This difference possibly shows 

an underdiagnosis of HIV in the area. Fear of stigma may prevent patients from 

reporting their known HIV-positive status, especially when family members or friends 

who do not know about the patient’s HIV status are around for the hospital admission. 

Individuals providing collateral history on behalf of the patient may not be informed 

about the patient's HIV status. 4 out of 5 patients disclose their HIV status to family 

members in Ethiopia93. The main reasons of people hiding their HIV status are fear of 

stigma and fear of losing family support94. Addressing this barrier is essential to enable 

earlier HIV diagnosis and treatment, and hence reduce sepsis risk. Increased discloser of 

HIV status, both within family and to healthcare workers, could not only improve 

clinical care, but also enhance accuracy of sepsis screening tools and thus lead to better 

management of HIV positive patients. 

Other infectious comorbidities that are more common in LMICs than in HICs, such as 

tuberculosis, hepatitis B/C, and parasitic diseases, may also impact susceptibility to 

additional infections by altering or weakening the immune response or causing open 

wounds that can serve as entry points for bacterial infections95–98. In our study, 20 (2.3%) 

participants reported to be infected with tuberculosis (open or latent), which is several 

times higher than the prevalence reported by Addis Alene et al.99 in the general 
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population, indicating an increased sepsis risk for patients with chronic infectious 

diseases. 

Malaria prevalence was low in our cohort, and there was no significant difference in 

malaria positivity between survivors and non-survivors. Adults living in malaria regions 

are likely to have developed partial immunity100. In children, however, sepsis  may be 

unrecognized because of the assumption that the child is solely suffering from malaria100. 

Malaria, does not only mimic sepsis, it also increases the susceptibility of a patient to a 

bacterial infection and thus increases the sepsis risk101. Because malaria transmission 

varies with altitude, malaria risk was low for the majority of study participants, who 

were living above malaria-endemic areas102–104. 

Neglected tropical diseases are widespread in Ethiopia, with trachoma, podoconiosis, 

leishmaniasis, onchocerciasis, lymphatic filariasis, schistosomiasis, soil-transmitted 

helminths, and scabies being most prevalent105. Lesions caused by these can also lead to 

secondary bacterial infections96–98. While newer data is lacking, Ethiopia was estimated 

to bear one of the highest total amounts of neglected tropical disease cases in Sub-

Saharan Africa in 2012106. 

Moreover, a medical condition that influences mortality in a low-resource setting is 

undernutrition. Undernutrition weakens the body’s immune system and thus, its ability 

to fight infections, making undernourished individuals more susceptible to poor 

outcomes107,108. In Ethiopia, chronic energy deficiency affects approximately 28.7% of 

adults109. While patterns of malnutrition vary globally, both under- as well as 

overnutrition may occur in all socioeconomic contexts108. In our cohort, 7.7% of the 

patients were estimated by our study nurses to be severely underweight, while 0.7% 

were estimated to be severely overweight. Overnutrition poses many health risks, one 

being its association with higher risk of infections108. The impact of overnutrition on 

sepsis outcomes is complex and literature on this topic somewhat contradictory. There 

is clinical evidence of an association of obesity with improved short-term and long-term 

sepsis survival110. However, other evidence indicates that obesity is associated with 

higher rates of acute respiratory distress syndrome and prolonged hospital stay in obese 

septic patients111. 
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Non-communicable diseases like cardiovascular diseases, cancer, and diabetes mellitus 

may influence sepsis survival and score performance in both, low- and high-resource 

settings, yet likely to differing degrees89–91,112–114. Patients with septic shock and comorbid 

conditions like hypertension, obstructive coronary artery disease, peripheral artery 

disease, and arterial fibrillation have higher in-hospital mortality rates89.  

Cancer patients have a higher risk to develop sepsis or septic shock due to the impact of 

their cancer on their immunity. Although malignancies can also contribute to worse 

sepsis outcomes, immunotherapy may also mitigate the immune response90,91.  

Data on the impact of diabetes on sepsis outcomes is inconclusive. There is evidence 

from HICs supporting comparable survival rates between patients with diabetes mellitus 

and non-diabetic patients, while others report lower survival rates in diabetic patients112–

114. They also found that diabetic sepsis patients have a higher risk of acute renal 

failure113,114. Although there is a lack of data from low-resource settings on the impact of 

diabetes as a comorbidity in sepsis patients, limited access to renal replacement therapy 

is likely to enhance mortality of diabetic septic patients in low-resource settings115. 

Pathogens 

A retrospective cohort study conducted by Ohnuma et al.116, using data from 201 

hospitals across the United States, showed that the most common pathogens identified 

in blood cultures from patients with blood culture-positive sepsis were Escherichia coli, 

Staphylococcus aureus, Streptococcus species, and Klebsiella species. 

While data on the epidemiology and frequency of pathogens causing sepsis in LMIC, 

remain limited, LMICs, particularly those in tropical regions, face broader ranges of 

infectious diseases, as mentioned in the section on comorbidities86,105. In addition to 

pathogens common in non-tropical regions, region-specific and low-resource-associated 

pathogens contribute to sepsis cases. These include infections caused by protozoa, such 

as Plasmodium species, tuberculosis, and viral infections that cause haemorrhagic fever, 

e.g. dengue86,105,117,118. Due to limited vaccination coverage, infection caused by 

Streptococcus pneumoniae, Haemophilus influenzae type b and measles virus are more 

frequent than in regions with high vaccination rates, potentially contributing more to 

the burden of sepsis, particularly in children and the elderly, than in countries with high 
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vaccination coverage119,120. Among HIV positive patients Cryptococcus neoformans 

infections are a common complication120. In our study cohort Cryptococcus neoformans 

was the most common cause of mortality in HIV positive patients121. A systematic review 

conducted in Sub-Saharan Africa showed that the most common pathogenic organisms 

in aerobic blood cultures of patients with bloodstream infections were Mycobacterium 

tuberculosis, non-typhoidal Salmonellae species, and Streptococcus pneumoniae. 

Malaria was less common than bacterial bloodstream infections86. 

The pathogens that are highly prevalent in LMICs, but rare in HICs, may vary markedly 

in their pathophysiological mechanism leading to acute organ dysfunction and 

presentation compared to classical bacterial sepsis24,61,68. Tropical diseases are often 

understudied and are not appropriately reflected as causes of sepsis in the current sepsis-

3 definition. Whereas the current definition focuses mainly on the host response to 

infections, the potential direct damage through pathogens themselves or their products, 

is not included in this definition8,61. Regional variations in the prevalence of infectious 

diseases may partially explain differences in score performance across various low-

resource settings. 

Moreover, heterogeneity in antibiotic resistance patterns may further explain 

differences in sepsis outcomes and score performances. Resistance rates were estimated 

to be highest in Sub-Saharan Africa122. This poses a challenge to sepsis management and 

influences sepsis incidence and survival. Few therapeutic options for sepsis caused by 

resistant pathogens and different resistance patterns may raise mortality rates and 

contribute to performance heterogeneity of mortality predicting scores122,123. 

Health care infrastructure and clinical practice 

For a mortality risk score to be clinically useful across different settings, both the 

required diagnostic equipment as well as comparable treatment options ensuring similar 

patient outcomes need to be available13. For example, when a score is developed in a 

setting where mechanical ventilation is available, a patient with respiratory failure may 

receive a lower score, as effective treatment options leading to enhanced survival 

chances are available. The same patient would have a higher mortality risk if this 
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treatment option were not in place. Thus, using the score developed in a high-resource 

setting may disguise actual risk if certain treatment options are not available. 

A study conducted by Kifle et al.115 in 51 out of 53 ICUs in Ethiopia reported that a total 

of 324 ICU beds was serving a population of 114 million people. That is approximately 

0.3 beds per 100,000 people. In contrast, in Germany and the United States, the ICU 

capacity for 100,000 people was 30 and 31, respectively124–126. 

Kifle et al.115 also reported that only 33% of the ICU beds were equipped with all of the 

following three non-invasive monitoring devices: pulse oximetry, electrocardiography, 

and blood pressure monitor. Ventilation was available for 58% of the beds, and renal 

dialysis for 4.8%. Strategies to prevent infection were often not available115. 

Additionally, a major challenge in critical care medicine in Sub-Saharan Africa is the 

shortage of essential supplies. Especially the lack of disposables and medications (i.e., 

oxygen, vasopressors, sedatives, and antibiotics) are the greatest challenge127. Regional 

differences in available therapeutic options and sepsis prevention strategies may result 

in regional variation of mortality rates13. 

Furthermore, it is important to note that treatment strategies developed in HIC also 

need to be evaluated in low-income settings before wide implementation128. For the first 

hour after recognition of sepsis, the SSC recommends a Hour-1 bundle including core 

interventions (e.g. lactate measurement, obtaining blood cultures, administration of 

antibiotics, fluids, and vasopressors as needed)129. Sasmito et al.130 have assessed what 

difficulties arise when implementing the SSC Hour-1 Bundle in a middle-income 

country setting. They reported that lack of knowledge about the SSC Hour-1 Bundle, 

cost issues, lack of blood culture and lactate testing facilities, as well as lack of 

coordination among health workers, were the main challenges in implementation. 

Even if the implementation of a sepsis management protocol is feasible, the impact must 

be evaluated128. According to the Surviving Sepsis Campaign Guidelines patients with 

sepsis-induced hypoperfusion or septic shock should be given at least 30 mL/kg (ideal 

body weight) intravenous crystalloid fluid within the first three hours of 

rescucitation131. In a retrospective cohort study conducted by Kuttab et al.132, involving 

509 patients in the United States, failure to carry out this intervention was associated 
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with an increased odds of in-hospital mortality, delayed resolution of hypotension, and 

increased length of ICU stay, irrespective of comorbidities. However, in low-resource 

settings, higher mortality rates were reported in adults and children when applying a 

protocol including early resuscitation with administration of intravenous fluid and 

vasopressors, compared to routine care128,133,134. In these cohorts, patients may have been 

particularly vulnerable to fluid overload, which potentially results in pulmonary 

oedema and respiratory failure. If ventilator support is not available, fluid administration 

should therefore be carried out with caution133. This highlights that interventions that 

have been shown to be effective in high-income countries may not be advantageous in 

limited-resource settings, when critical supportive measures may not be available. 

Additionally, the availability of healthcare facilities varies across low- and high-income 

settings, further limiting timely treatment. Hendrix et al.135 found, that in Ethiopia, 

approximately 18% of the population has to walk longer than two hours to reach a public 

health care facility. Regional disparities are huge, with best coverage in Addis Abeba, 

Dire Dawa, and the Harari Region135. In areas with lower health care access, like the 

Somali Region, 86% of the population is not able to reach a public health centre within 

one hour walking, but accessibility improves when motorized transport is available and 

used, leaving 56% of the population unable to reach a public health centre within one 

hour136. Patient referral and delays within the hospital further prolongs time to 

treatment137,138. Hence, treatment delays due to long travel times remain a significant 

challenge in Ethiopia, especially in rural areas. In contrast, a study conducted in the 

United States showed that the average travel time to an emergency department was 17.3 

minutes by car139. Delayed presentation due to long travel times may result in further 

disease progression. Thus, patients may present at the EOPD in a more severe condition, 

leading to lower chances of survival. 

Physiological vital signs 

It is widely known that populations adapt themselves to their living conditions. Moore 

et al.140 explains that this context, the term “adaptation” can have two different 

meanings. On the one hand, it can refer to any trait that improves survival and 

reproduction rates in the specific environment and lead to natural selection, while on 
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the other hand, it can be used to describe acclimatization processes of individuals 

moving from one habitat to another. Both forms of adaptation can occur in inhabitants 

of high altitudes140.  

The lower environmental oxygen levels in those areas are a challenge for adequate organ 

oxygen supply140. Despite this stressor, about 500.3 million people live at ≥1500 m above 

sea level (a.s.l.), 81.6 million ≥2500 m a.s.l., and 14.4 million ≥3500 m a.s.l., mainly in 

the Andes, the Tibetan Plateau, and in highlands in Ethiopia141. The largest population 

residing above 1500m a.s.l. and 2500 m a.s.l. lives in Ethiopia, while the largest 

population residing above 3500m a.s.l. is located in China141. These areas have been 

inhabited for thousands of years, giving the possibility for genetic adaptation to 

emerge142–144. Moore et al.140 found that permanent residents living at high altitudes 

≥2,500 m a.s.l. show O₂-transport characteristics that differ from migrants in those areas 

and populations living at sea-level. Tibetans, Andeans, and Highland Ethiopians were 

found to have higher blood flow and distinct circulatory distribution patterns to ensure 

O₂ supply and increase efficiency of O₂ usage compared to lowlanders140. 

Additionally, deviations in standard values of vital parameters such as heart rate, blood 

pressure level, and oxygen saturation among populations living at different heights have 

been reported145–150. Generally, the evidence mostly supports the presence of lower blood 

pressure, elevated pulse rate, and decreased oxygen saturation in inhabitants residing at 

high altitudes145,147,148. Nevertheless, some papers report higher blood pressure in 

highland compared to lowland populations149,150. 

To evaluate the average values of vital parameters in Ethiopia among populations living 

at different heights, an observational study has been conducted by Früh et al.11. The 

study was conducted at three different sites: in Asella (2400 m a.s.l.), Adama (1620 m 

a.s.l.), and Semara (400 m a.s.l.). Vital signs were assessed, and a questionnaire was used 

to collect data of each of the 612 healthy volunteers included in the statistical analysis. 

Participants with acute or chronic disease were excluded beforehand. In Asella, the 

study site at highest altitude, the mean systolic blood pressure was significantly lower 

compared to the two other study sites (106.5 ± 13 mmHg in Asella, 114.6 ± 15 mmHg in 

Adama, and 111.1 ±1 mmHg in Semara). At the same site, the mean respiratory rate was 



Discussion 

61 

 

observed to be 22.1 (± 3) breaths per minute. This mean respiratory rate value at high 

altitude surpassed the qSOFA threshold of 22 breaths per minute. In Adama and Semara, 

the mean respiratory rate was significantly lower (20.5 ± 3, 21.2 ± 3 breaths/ min in 

Adama, and Semara, respectively). The authors found a high rate of positive qSOFA 

scores among the healthy appearing individuals: 28.1% (55/196) in Asella, in 8.3% 

(19/ 230) in Adama, and 15.1% (28/ 186) in Semara. According to the authors, these 

unexpected high proportions of participants showing a qSOFA score ≥2 indicate its 

limited specificity among healthy individuals. In our study in the EOPD among infected 

patients, the qSOFA positive rate was 66%, with a specificity of only 35%, at the 

commonly used cutoff value of ≥2.  

Früh et al.11 argue that altitude related deviations in vital signs from standard values, 

such as higher respiratory rate and lower systolic blood pressure at high altitudes, may 

contribute to poor performance of the qSOFA score in those settings. In Semara, 

however, their lowest study site, the presence of positive qSOFA scores among healthy 

individuals suggests that other factors beyond altitude also influence vital sign 

distribution. The recalibration of scores within a specific population (e.g., using 

correcting factors for altitude) may enhance score performance11. 

In summary, clinical scores tend to perform better when applied in settings with 

characteristics similar to those of the derivation cohort setting13,78. The superior 

performance of UVA in our setting compared to the other evaluated scores is therefore 

not surprising, considering it was developed using data from Sub-Saharan Africa. 

Although many challenges arise with the transferability of scores designed for one 

population to another, it is of course common practice and contributes to the quality of 

global health care provision. Needless to say, in HICs there are more financial resources 

to carry out research activities. Using the gained knowledge in a low-income setting can 

be beneficial. In fact, the evaluation of data collected in different parts of the world leads 

to scientific progress. However, it is essential to evaluate the acquired insights in 

different settings13,78.  
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4.3 Score adaptation 

Considering the loss in performance when using a score in a new context, the need to 

adapt a score to specific contexts becomes self-explanatory. Given that our data was 

highly imbalanced, with a mortality rate of only 4.5% in the complete dataset, we 

upsampled our data using SMOTENC66 to generate synthetic samples by interpolation, 

instead of duplicating existing ones, improving minority class representation. As 

synthetic samples may not always perfectly reflect real data and can lead to overfitting 

of models, the findings in the score adaptation analysis need to be interpreted with 

caution. The performances of the adapted scores were lower in the testing dataset than 

in the training dataset, indicating potential overfitting and the need for a larger dataset. 

Therefore, the adapted scores that we have developed are not to be used directly in a 

clinical context but need to be further evaluated and possibly refined within bigger 

cohorts. 

Our adapted mortality risk prediction models suggest that the adjustment of scores to a 

specific context can enhance their predictive ability. For four scores, the adjustment led 

to larger AUROCS: SIRS (0.64 → 0.77), MEWS (0.74 → 0.84), mNEWS (0.76 → 0.85), 

qSOFA (0.73 → 0.82), while the adaptation of the UVA did not lead to a larger AUROC 

(0.86 → 0.86). For MEWS, mNEWS, and qSOFA the differences between the AUROCs 

of the adapted and original score versions were significant. For SIRS, in contrast, 

significance was not reached, despite a 0.13 increase in AUROC. This may reflect high 

variability in SIRS performance across subsets of the data, leading to wide confidence 

intervals. The limited sample size of the evaluation dataset (n = 256) and percentage of 

positive cases (4.3%) likely contributed to this statistical uncertainty. 

Notably, the UVA was the only score that did not show a higher AUROC after 

adaptation. As the only score developed in a low-resource context, this suggests that the 

score was already well adapted to our setting. 

Although score adaptation to specific contexts may lead to better score performance, it 

comes at the price of variability of mortality prediction scores. Clinicians may struggle 

to understand score values assigned to patients who are referred from one region to 

another. In research, the comparability of scores used in different contexts may pose a 
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challenge. To address this, standardised risk groupings (e.g., low, medium, high) based 

on local score distributions may possibly improve compatibility of mortality risk across 

different regions and prediction models12.  

4.4 Further research and implementation 

Further studies are needed to evaluate the original scores in a wider range of low-

resource settings. As mentioned above, our adapted scores also need to be further 

evaluated within the setting in which they were developed in. Adjustments of our 

models to optimize score performances may be necessary, due to the small sample size. 

The process of score adaptation to regional contexts should be evaluated in further 

studies.  

In addition to the adaptation of scores from HICs, the development of new context-

specific scores should be considered. Large electronic databases would facilitate the 

development of new scores or the adaptation of existing ones. However, the 

implementation of electronic databases may be limited by resource constraints.  

Given that the UVA score demonstrated the highest performance in a low-resource 

setting among the evaluated scores, and it being the only of the evaluated scores, that 

includes HIV as a mortality risk-modifying comorbidity, one may assume that 

incorporating common mortality-affecting comorbidities would also further enhance 

score performance in high-income settings. This may be a valuable focus for future 

research in HICs. 

A digital decision support may be useful to calculate scores fast and effortlessly, 

especially when score adaptation may lead to more complex models. Its feasibility, 

however, depends on the availability and reliability of digital infrastructure at the given 

location. 

In addition to the development of clinical decision-making tools to identify patients at 

risk to ensure rapid treatment, the implementation of the developed tools is crucial, but 

can be challenging and further research on score implementation success as well as 

challenges, in LMIC, are needed70. For the widespread implementation of a new tool 

into clinical use, clinical scientists, public health leaders, and clinical staff need to work 
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together. Initial as well as regular clinical trainings to successfully implement the tool 

into clinical workflows are crucial.  

4.5 What else needs to be done? 

Even after the implementation of an optimal screening tool, huge challenges will remain 

in sepsis management. Investments in ICU capacity, laboratory equipment, staff 

training, as well as treatment options are needed27,127,151. In addition, reliable supply 

chains must be established to ensure consistent access to diagnostics, medication, and 

supportive care, including oxygen supply28. Furthermore, local sepsis management 

strategies are needed151. 

However, the shortage of health care workers is likely the most critical issue to be 

addressed. A retrospective cohort study from a resource-limited setting in Uganda 

reported the impact of a low staff-to-patient ratio on patient status assessment. The 

median daily monitoring frequency for patients admitted to medical wards was 1.1 for 

blood pressure and 0.5 for respiratory rate29. A better staff-patient ratio would facilitate 

earlier risk recognition and timely treatment26. 

Although infrastructure, resources, and staff may be limited, in the majority of low-

income settings, important interventions known to improve sepsis outcome, such as 

timely administration of antibiotics and oxygen, careful fluid management, as well as 

monitoring of treatment response, are possible to implement152. 

4.6 Public health strategies to improve sepsis outcomes 

Within the last decade, much has already been done to improve sepsis awareness and 

clinical management. In 2017, at the 70th World Health Assembly, the World Health 

Organisation (WHO) committed to action by recognising sepsis as a global health threat. 

The WHA70.7 resolution was adopted, emphasizing several key future priorities in 

order to improve sepsis treatment and infection prevention153: 

• Raising awareness of sepsis and its possible manifestations; 

• Supporting research to understand the burden of sepsis, to improve prevention, 

early diagnosis, and clinical management of sepsis; 
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• Strengthening prevention programs and increase vaccine access; 

• Increasing access to life-saving supplies and management. 

Since, the WHO has, among other measures to improve sepsis outcomes, published the 

Global Report on the Epidemiology and Burden of Sepsis in 2020, published fact sheets, 

started working on Guidelines on the Management of Sepsis in Adults and Children, 

continued the global infection prevention campaign SAVE LIVES: Clean Your Hands, 

and provided resources for healthcare worker training on sepsis prevention151,154. They 

also focused on supporting member states in developing and improving national action 

plans, as well as strengthening collaborations with other organisations and 

stakeholders155,156. 

To improve sepsis outcomes on a continental, national, and local level, the African Sepsis 

Alliance was founded in 2016. Its main objectives are to raise awareness and educate 

about sepsis, as well as to develop and implement a sepsis strategy in Africa157. These 

goals were also recognised in the Kampala Declaration: Commitment to improve care 

for sepsis and severely ill patients in Africa158, which was published by the African Sepsis 

Alliance, Federation of Critical Care Nurses, Global Sepsis Alliance, and World 

Federation of Critical Care Nurses in October 2017 in Kampala, Uganda. It aligns with 

the WHO goals and focuses on the following goals: 

• Improving sepsis prevention and management by expanding access to 

vaccinations, improving sanitation and nutrition, increasing ICU capacities, and 

enhancing the frequencies of vital signs monitoring; 

• Encouraging countries to develop national sepsis management strategies; 

• Promoting sepsis research and development of guidelines for recognition and 

management of severely ill patients; 

• Promoting education on sepsis among health care workers, policy makers, and 

the public; 

• Encouraging cooperation across countries; 

• Strengthening collaborations between health care workers, public, and political 

stakeholders. 
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To reach these goals, the main focus should lie in the improvement of identification, 

monitoring, and timely response to patients with severe illness, as well as enhancement 

of supply and access to oxygen159. National actions plan for sepsis that address specific 

needs of each country are essential and can be realised when national health ministries 

collaborate with international organisations, such as the Global Sepsis Alliance, African 

Sepsis Alliance, Africa Centres for Disease Control and Prevention, African Union, and 

the World Health Organisation159,160. The strengthening of health systems will not only 

save lives in the short term but also benefits the whole population on the long run159,160. 

In 2023/2024, under the leadership of the Global Sepsis Alliance, 70 members and 

partner organisations developed the 2030 Global Agenda for Sepsis161, setting the path 

for future sepsis collaboration, research, and management. It aims to reduce sepsis 

incidence by 25%, reduce cost-per-patient by 20%, and improve sepsis survival rates by 

20% by 2030. 

To enable future progress in sepsis survival, all stakeholders need to work together and 

ensure that public health policies are put into practice. 

4.7 Strengths and limitations of this study 

Our study has several strengths and limitations. First, a strength of this study is the 

prospective study design, which allows for better control over data quality and 

standardization during data collection. 

Second, as this study was conducted at two study sites, there was an increased sample 

diversity, improving robustness of the results. While this is a strength of this study, it 

may also be a limitation, as we did not take into account differences between the 

populations at the two study sites and assumed that one score for both sites is a good 

choice, even though differences between the two cohorts and clinical measures available 

may exist (e.g. socioeconomic factors, comorbidities, adaptation to altitude, differing risk 

factors for developing sepsis etc.). We did, however, control for data collection 

heterogeneity by rotating the study nurse team between the two sites. 

Additionally, several data have been missing and assumed to be in normal range for the 

score evaluation analysis, as well as imputed for the adaptation of the scores. Although 
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missing values are likely to occur in clinical practice, they may have affected score 

performance and score adaptation.  

Moreover, 25 (2.9%) patients were included in the study but discharged without the 

knowledge of our study team. Thus, the end-of-treatment worksheet was not filled. 

Therefore, we were not able to determine the outcome for these 25 patients. They were 

retrospectively excluded, which may have introduced a bias. 

Another limitation of this study is the sample size. A larger sample size would have been 

desirable due to the high imbalance of our dataset. This is particularly important for the 

score adaptation analysis, as a larger dataset would have increased the reliability and 

accuracy of our models.  

We decided to use in-hospital mortality as the primary endpoint, as it is commonly used 

in low-income setting studies, because of limited post-discharge follow-up and 

outcomes after discharge that may be influenced by external factors33,70–72. This approach 

was also suggested by Moore et al.12 for the evaluation of UVA. However, this may have 

led to a bias, as some patients may have been discharged not because they had recovered, 

but due to financial constraints or a preference to die at home. 

Furthermore, we only created scores with a binary cutoff value. In contrast, NEWS and 

MEWS use a graded approach, in which different weights are assigned based on how far 

a measured value deviates from the expected norm. Similarly to SIRS, their approach is 

bidirectional. Values that surpass or fall short of the normal range get score points added. 

Using a bidirectional approach to adapt scores to a specific setting could further increase 

score performance. 

In this study, we tested the validity of the scores in predicting in-hospital mortality and 

adapted those to local circumstances. However, not all of these scores were designed to 

predict mortality. SIRS, for example, was created to identify systemic inflammatory 

response that may indicate infection or sepsis, while MEWS and NEWS were developed 

to identify patients at risk for deterioration. In contrast, qSOFA was created to identify 

patients at risk of poor outcomes, including death outside the ICU and the UVA was 

developed to help clinicians categorise patients according to their risk of dying in the 

hospital. Thus, the varying intentions behind the scores analysed in this study need to 
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be taken into account when using them to predict patient outcomes such as in-hospital 

mortality. 

Lastly, while this study focused on score evaluation and adaptation of the scores, it did 

not examine whether the scores could differentiate between various types of infections 

or types of organ dysfunction.  
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5 Conclusion 

Sepsis and septic shock are life-threatening conditions with particularly high mortality 

rates in LMICs1,15. Early diagnosis and treatment can improve sepsis outcomes and 

therefore, a prompt identification of patients at risk of a poor outcome is crucial2–4,31,32. 

In resource-scarce settings identifying patients who are most at risk could ensure that 

limited resources are allocated to those most in need26,33. 

This study aimed to evaluate the performance of tools for identifying patients at risk of 

in-hospital mortality in a resource-limited setting. Four out of the five evaluated scores 

were derived from cohorts in HICs and had rarely been evaluated in low-resource 

settings5–8. Only one of the evaluated scores, the UVA, had been developed in a cohort 

in Sub-Saharan Africa12. In our cohort, the UVA score showed the highest performance 

in in-hospital mortality prediction for patients presenting at the EOPD with infections. 

This is consistent with previous research from LMIC13,25,33,69. Data on UVA performance 

in high-resource settings is limited, and has not shown superior performance of UVA 

compared to other clinical risk prediction scores71. This shows, that score performance 

can vary across different populations, which highlights the importance of score 

validation when using a score in a new context. Furthermore, our results support our 

hypothesis, that risk prediction scores developed within contextually similar cohorts 

show higher performance compared to those derived from different settings. The 

implementation of the UVA into clinical practice at our research sites should be 

considered. 

Our adapted scores for SIRS, MEWS, mNEWS, and qSOFA outperformed their original 

versions. These improvements were significant for MEWS, mNEWS, and qSOFA, while 

for SIRS the improvement of performance did not reach significance. However, we were 

not able to further improve the mortality prediction performance of the UVA, which 

was designed for a similar cohort and already showed good performance before 

adaptation, suggesting that it was tailored to the most important characteristics of our 

cohort. Thus, our findings support our second hypothesis that regional adaptation is 

feasible and can improve score performance. Nevertheless, the potential score 

improvement may be very limited when scores were developed in settings similar to the 
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adaptation context. To validate our findings and refine our models, further research and 

larger sample sizes are needed. 

After identifying or developing the optimal screening tool, implementation into clinical 

practice is an essential step to improve sepsis outcomes. Health care workers need to be 

trained, and the results of training, as well as score usage, need to be evaluated 

consistently27,153,158. Additionally, investments into health care capacities, strengthening 

of supply chains, and most importantly, an increase of health care workforce are needed 

to improve sepsis outcomes further26–29,153,158. 

Global health policymakers have been recognising the need to improve sepsis outcomes 

by making it a global health priority152,153,157. Only through a united approach and global 

collaboration we will be able to get closer to the global sepsis alliance’s ambitious vision 

of a world free of sepsis162. 
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Suppl. Table 1: Sepsis – 2 Possible signs of systemic inflammation in response to infection 

Suppl. Table 1: List of possible signs of systemic inflammation in response to infection according to the 
Sepsis-2 definitions46. *Infection defined as a pathologic process induced by a microorganism; WBC = white 
blood cell; SD = standard deviation; SvO₂ = Mixed venous oxygen saturation; Cardiac index >3.5 L·min⁻¹·m⁻² 
= Cardiac output adjusted for body surface area, 3.5 liters of blood per minute per square meter of body 
surface area; PaO₂ = Partial pressure of oxygen in arterial blood; FiO₂ = Fraction of inspired oxygen. 

  

Diagnostic criteria for sepsis 
Infection* documented or suspected, and some of the following: 

General variables 

Fever (core temperature >38.3°C) 

Hypothermia (core temperature <36°C) 

Heart rate >90 beats/min or >2 SD above the normal value for age  

Tachypnea 

Altered mental status 

Significant edema or positive fluid balance (>20 mL/kg over 24 hrs) 

Hyperglycemia (plasma glucose >120 mg/dL or 7.7 mmol/L) in the absence of diabetes 

Inflammatory variables 

Leukocytosis (WBC count >12,000 /μL⁻¹) 

Leukopenia (WBC count <4000 /μL⁻¹) 

Normal WBC count with >10% immature forms 

Plasma C-reactive protein >2 SD above the normal value 

Plasma procalcitonin >2 SD above the normal value 

Hemodynamic variables 

Arterial hypotension (SBP <90 mmHg, MAP <70, or an SBP decrease >40 mm Hg in adults or 
<2 SD below normal for age) 

SvO₂ >70% 

Cardiac index >3.5 L·min⁻¹·m⁻² 

Organ dysfunction variables 

Arterial hypoxemia (PaO₂/FiO₂ < 300) 

Acute oliguria (urine output <0.5mL/kg/hour for at least 2 hours despite adequate fluid 
resuscitation) 

Creatinine increase >0.5mg/dL  

Coagulation abnormalities (INR >1.5 or aPTT >60 s) 

Ileus (absent bowel sounds) 

Thrombocytopenia (platelet count <100,000 µL–1) 

Hyperbilirubinemia (plasma total bilirubin >4mg/dL or 70 µmol/L) 

Tissue perfusion variables 

Hyperlactatemia (>1 mmol/L) 

Decreased capillary refill or mottling 
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Suppl. Fig. 1: Participant consent form - English version 
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Suppl. Fig. 2: Participant consent form - Oromo version 
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Suppl. Fig. 3: Worksheet for baseline data 
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Suppl. Fig. 4: Worksheet for medical history 

Baseline 

Study Number:________________             Patient Card Number:_______________ 

1. Do you regularly take any medication?    No           Yes, specify: 

Drug 1_________________________________________________________________ 

Drug 2_________________________________________________________________ 

Drug 3_________________________________________________________________ 

Drug 4_________________________________________________________________ 

Drug 5_________________________________________________________________ 

 

2. Did you see a health professional (doctor/health officer/nurse)? 

1. in the last week?    No          Yes  

2. in the last 3 month?    No          Yes  

 

3. Did you take any drug for your current illness?  No  Yes, specify:___________________ 

                Bought informally                 Prescribed by health professional (including pharmacist) 

 

4. Did you take any antibiotic for your current illness? If yes, what is the duration?    

  No         I don’t know         Yes, specify:         Yes, duration: 

______________________________________________________________________________ 

 

5. Have you been inpatient in a hospital in the past 90 days?  

 No   Yes, specify reason:_____________________________________________ 

_______________________________________________________________________________ 

6. Do you consume alcohol regularly? (to select yes: >14 units (♂) and >7 units (♀) per week) 

       No   Yes 

7. Do you regularly smoke cigarettes?    No   Yes 

8. Do you regularly consume khat?     No   Yes 

9. Do you have any chronic diseases?    No   Yes, specify 

  Diabetes mellitus   Art. Hypertension   Asthma / COPD 

  Heart disease   Psychiatric disorder  Neurologic disorder 

  Other, specify:___________________________________ 

10.  Do or did you have any chronic infections?   No   Yes, specify below 

 Tuberculosis if yes:   Current (treated)  current (untreated)  History of TB 

 Hepatitis 

  HIV,   if yes: on ART   yes   no 
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Suppl. Fig. 5: Worksheet for referral patients at inclusion 
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Suppl. Fig. 6: Worksheet for clinical assessment at inclusion 
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Suppl. Fig. 7: Worksheet for clinical assessment after 24 hours 
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Suppl. Fig. 8: Worksheet end of treatment 
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Suppl. Table 2: Number and percentage of missing values 

Variable 
Number of 

missing values 

Percentage of 
missing values, 

% 

Study site 0 0.0 

Age 0 0.0 

Sex 0 0.0    

Symptoms and Clinical Diagnosis at Admission 
  

Symptoms at admission 
  

Fever, chills 0 0.0 

Abdominal symptoms 0 0.0 

Neurological symptoms 0 0.0 

Respiratory symptoms 0 0.0 

Cardiac symptoms 0 0.0 

Skin alterations 1 0.1 

Other symptoms 0 0.0 

Clinical diagnosis at admission 2 0.2 

Sepsis diagnosis according to treating clinician  37 4.3    

Medical history 
  

On any medication for current illness at 
admission 

5 0.6 

On any antibiotic for current illness at admission 96 11.3 

Saw a health professional within last 3 months  
(excluding last week) 

29 3.4 

Saw a health professional within last week 4 0.5 

Was admitted to a hospital within last 90 days 2 0.2 

Positive HIV anamnesis 3 0.4 

Non-infectious chronic diseases 1 0.1 

Infectious chronic diseases 3 0.4 

Regular Medication 1 0.1    

Substance use 
  

Alcohol consumption 3 0.4 

Khat consumption 2 0.2 

Cigarette consumption 1 0.1    

Physical constitution 
  

Open wound 20 2.4 

Body weight 22 2.6    

Vital signs 
  

Heart rate 3 0.4 

Respiratory rate 0 0.0 
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Variable 
Number of 

missing values 

Percentage of 
missing values, 

% 

Systolic blood pressure 8 0.9 

Diastolic blood pressure 8 0.9 

Temperature 1 0.1 

Oxygen saturation 62 7.3 

Oxygen application 375 44.1 

GCS 4 0.5 

AVPU 15 1.8    

Laboratory results 
  

Blood culture results 0 0.0 

Bloodfilm results 12 1.4 

HIV 10 1.2 

White Blood Cell count per 10³/µL 12 1.4 

Lymphocyte count per 10³/µL 30 3.5 

Mid-sized cells per 10³/µL 30 3.5 

Granulocyte count per 10³/µL 29 3.4 

Hemoglobin concentration per g/dL 10 1.2 

Red Blood Cell count per 10⁶/µL 10 1.2 

Mean Corpuscular Volume per fL 11 1.3 

Platelet count per 10³/µL 10 1.2 

Lactate concentration per mmol/L 245 28.8 

Blood glucose concentration per mg/dL 215 25.3 

Creatinine concentration per mg/dL 13 1.5    

Mortality 
  

In-hospital mortality  0 0.0 

28-days mortality 58 6.8 

Suppl. Table 2: Percentage of missing data for each variable. GCS = Glasgow Coma Scale; AVPU = Alert, 
response to verbal stimuli, response to painful stimuli, unresponsive score; HIV = human immunodeficiency 
virus. 
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Suppl. Table 3: Comparison of survivors and non-survivors 

Variable 
Total 

(n = 875) 
Survivors 
(n = 836) 

Non-
Survivors 
(n = 39) 

p-
value 

Study site    0.575 

Asella, n (%)  569 (66.9) 542 (66.7) 27 (71.1)  

Adama, n (%)  282 (33.1) 271 (33.3) 11 (29)  

Age, median (IQR) 28 (22–40) 28 (21–40) 33.5 (25–41) 0.063 

Male sex, n (%)  456 (53.6) 437 (53.8) 19 (50) 0.65 

      

Symptoms and Clinical 
Diagnosis at Admission 

    

Symptoms at admission     

Fever, chills, n (%)  573 (67.3) 554 (68.1) 19 (50) 0.02 

Abdominal symptoms, n (%)  380 (44.7) 370 (45.5) 10 (26.3) 0.02 

Neurological symptoms, n (%)  366 (43) 344 (42.3) 22 (57.9) 0.058 

Respiratory symptoms, n (%)  309 (36.3) 288 (35.4) 21 (55.3) 0.013 

Cardiac symptoms, n (%)  90 (10.6) 81 (10) 9 (23.7) 0.007 

Skin alterations, n (%)  74 (8.7) 68 (8.4) 6 (15.8) 0.113 

Other symptoms, n (%)  48 (5.6) 46 (5.7) 2 (5.3) >0.999 

Clinical diagnosis at admission, 
n (%)  

   0.011 

Abdominal infection, n (%)  256 (30.2) 251 (31) 5 (13.2)  

Respiratory tract infection, n 
(%)  

216 (25.4) 206 (25.4) 10 (26.3)  

Meningitis/ encephalitis, n 
(%)  

105 (12.4) 94 (11.6) 11 (29)  

Urinary tract infection, n (%)  69 (8.1) 69 (8.5) 0 (0.0)  

Skin infection/ abscess, n (%)  31 (3.7) 30 (3.7) 1 (2.6)  

Infective Endocarditis, n (%)  11 (1.3) 9 (1.1) 2 (5.3)  

Focus unclear, n (%)  9 (1.1) 9 (1.1) 0 (0.0)  

Surgical site infection, n (%)  5 (0.6) 5 (0.6) 0 (0.0)  

Puerperal sepsis, n (%)  4 (0.5) 4 (0.5) 0 (0.0)  

Osteomyelitis, n (%)  1 (0.1) 1 (0.1) 0 (0.0)  

Other, n (%)  142 (16.7) 133 (16.4) 9 (23.7)  

Sepsis diagnosis according to 
treating clinician, n (%)  

342 (42) 310 (39.9) 32 (86.5) <0.001 

      

Medical history     

On any medication for current 
illness at admission, n (%) 

139 (16.4) 132 (16.3) 7 (18.4) 0.735 

On any antibiotic for current 
illness at admission, n (%) 

95 (12.6) 90 (12.5) 5 (14.3) 0.793 
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Variable 
Total 

(n = 875) 
Survivors 
(n = 836) 

Non-
Survivors 
(n = 39) 

p-
value 

Saw a health professional 
within last 3 months  
(excluding last week), n (%) 

152 (18.5) 141 (18) 11 (29) 0.089 

Saw a health professional 
within last week, n (%) 

240 (28.3) 225 (27.8) 15 (39.5) 0.119 

Was admitted to a hospital 
within last 90 days, n (%) 

49 (5.8) 46 (5.7) 3 (7.9) 0.477 

Non-infectious chronic 
diseases 

   0.216 

No known non-infectious 
chronic disease, n (%)  

759 (89.3) 729 (89.8) 30 (79)  

Known non-infectious 
chronic disease, n (%)  

91 (10.7) 83 (10.2) 8 (21.1)  

Heart Disease, n (%)  35 (4.1) 32 (3.9) 3 (7.9)  

Arterial Hypertension, n 
(%)  

17 (2.0) 16 (2) 1 (2.6)  

Diabetes Mellitus, n (%)  17 (2.0) 15 (1.9) 2 (5.3)  

Asthma/COPD, n (%)  15 (1.8) 14 (1.7) 1 (2.6)  

Other, n (%)  4 (0.5) 3 (0.4) 1 (2.6)  

Psychiatric disorder, n (%)  3 (0.4) 3 (0.4) 0 (0.0)  

Infectious chronic diseases    0.022 

No known infectious chronic 
disease, n (%)  

779 (91.9) 747 (92.2) 32 (84.2)  

Known infectious chronic 
disease, n (%)  

69 (8.1) 63 (7.8) 6 (15.8)  

HIV, n (%)  46 (5.4) 41 (5.1) 5 (13.2)  

Tuberculosis, n (%)  18 (2.1) 18 (2.2) 0 (0.0)  

Tuberculosis and HIV, n 
(%)  

2 (0.2) 2 (0.2) 0 (0.0)  

Viral hepatitis, n (%)  3 (0.4) 2 (0.2) 1 (2.6)  

Regular medication, n (%)  98 (11.5) 90 (11.1) 8 (21.1) 0.060 

      

Substance use     

Alcohol consumption, n (%) 28 (3.3) 23 (2.8) 5 (13.2) 0.006 

Khat consumption, n (%) 44 (5.2) 43 (5.3) 1 (2.6) 0.716 

Cigarette consumption, n (%) 23 (2.7) 22 (2.7) 1 (2.6) >0.999 

      

Physical constitution     

Open wound, n (%)  36 (4.3) 30 (3.8) 6 (15.8) <0.001 

Body weight    0.317 

Regular, n (%)  759 (91.6) 730 (92.2) 29 (78.4)  

Massive underweight, n (%)  64 (7.7) 57 (7.2) 7 (18.9)  

Massive overweight, n (%)  6 (0.7) 5 (0.6) 1 (2.7)  
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Variable 
Total 

(n = 875) 
Survivors 
(n = 836) 

Non-
Survivors 
(n = 39) 

p-
value 

      

Vital signs     

Temperature (°C), median 
(IQR) 

37.9  

(37–38.6) 

37.9  

(37–38.6) 

38  

(36.1–38.6) 
0.218 

Pulse rate (beats/min), 
median (IQR) 

102.5  

(88–118) 

102  

(88–117.5) 
110 (92–125) 0.081 

Respiratory rate 
(breaths/min), median (IQR) 

26 (24–31.5) 26 (24–30) 32 (25–36) <0.001 

Systolic blood pressure 
(mmHg), median (IQR) 

100 (90–110) 100 (90–110) 90 (80–110) 0.099 

Diastolic blood pressure 
(mmHg), median (IQR) 

60 (60–70) 60 (60–70) 60 (50–70) 0.351 

Oxygen saturation (%), median 
(IQR) 

95 (92–97) 95 (92–97) 92.5 (89–96) 0.009 

Altered consciousness 
(Glasgow Coma Scale), median 
(IQR) 

15 (15–15) 15 (15–15) 14 (13–15) <0.001 

Altered consciousness (AVPU)    0.001 

Alert, n (%) 779 (93.2) 757 (94.5) 22 (62.9)  

Responds to verbal stumuli, 
n (%) 

27 (3.2) 24 (3) 6 (17.1)  

Responds to painful stumuli, 
n (%) 

21 (2.5) 15 (1.9) 4 (11.4)  

Unresponsive, n (%) 9 (1.1) 5 (0.6) 3 (8.6)  

      

Laboratory results     

WBC x10³/μl (IQR) 
8.6 

(5.55–12.5) 

8.5  

(5.5–12.4) 
11 (7.2–15.4) 0.037 

Lymph x10³/μl (IQR) 1.3 (0.9–1.9) 1.3 (0.9–1.9) 1 (0.7–1.6) 0.012 

Mid x10³/μl (IQR) 0.6 (0.4–0.9) 0.6 (0.4–0.9) 0.7 (0.4–0.8) 0.632 

Gran x10³/μl (IQR) 6.3 (3.8–9.9) 6.2 (3.8–9.8) 9 (6–13) 0.009 

Hgb g/dL (IQR) 
13.6  

(11.4–15.2) 

13.6 

(11.4–15.2) 

12.4  

(11–14.7) 
0.14 

RBC x10⁶/μl (IQR) 
4.59  

(3.97–5.07) 

4.595 

(3.97–5.08) 

4.3  

(3.51–4.94) 
0.079 

MCV fL (IQR) 

91.95 

(88.18–
95.82) 

91.9  

(88.1–95.8) 

92  

(88.9–96.8) 
0.517 

PLT x10/μl (IQR) 
239  

(170–318) 

240 

(174–320) 

162 

(88–222) 
<0.001 

Creatinine, mg/dl (IQR) 0.6 (0.5–0.8) 0.6 (0.5–0.8) 0.7 (0.6–1.4) 0.002 
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Variable 
Total 

(n = 875) 
Survivors 
(n = 836) 

Non-
Survivors 
(n = 39) 

p-
value 

Lactate (IQR) 
2.3 (1.5–

4.07) 
2.3 (1.5–3.7) 4.6 (2.8–7) <0.001 

Blood glucose (IQR) 110 (96–128) 110 (96–127) 
130  

(112–165) 
0.001 

Blood culture results    <0.001 

No blood culture taken, n 
(%)  

243 (28.6) 242 (29.8) 1 (2.6)  

Sterile, n (%)  524 (61.6) 497 (61.1) 27 (71.1)  

Positive, n (%)  84 (9.9) 74 (9.1) 10 (26.3)  

Bloodfilm results    0.894 

Negative, n (%)  826 (98.5) 789 (98.4) 37 (100)  

Positive, n (%)  13 (1.6) 13 (1.6) 0 (0.0)  

P. falciparum, n (%)  6 (0.7) 6 (0.8) 0 (0.0)  

P. vivax/ovale, n (%)  4 (0.5) 4 (0.5) 0 (0.0)  

Spirochetes, n (%)  3 (0.4) 3 (0.4) 0 (0.0)  

HIV, n (%)  86 (10.2) 77 (9.6) 9 (24.3) 0.004 

      

Mortality     

In-hospital mortality, n (%)  38 (4.5) 0 (0.0) 38 (100.0) - 

28-day mortality, n (%)  56 (7.1) 18 (2.4) 38 (100.0) <0.001 

Suppl. Table 3: Comparison of Survivors and Non-Survivors. P-values written in bold indicate significance 
after Bonferroni adjustment for 48 comparisons(p<0.00104). n = number; IQR = interquartile range, AVPU = 
Alert, response to verbal stimuli, response to painful stimuli, unresponsive score; COPD = chronic obstructive 
pulmonary disease; HIV = human immunodeficiency virus; WBC = white blood count; Lymph= lymphocytes; 
Mid = mid-sized white blood cells; Gran = granulocytes; Hgb = Haemoglobin; RBC = red blood cell count; 
MCV = mean corpuscular volume, PLT = platelets. 
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Suppl. Table 4: Logistic regression model estimates 

Suppl. Table 4: Logistic regression model estimates reporting the odds ratios with 95% confidence intervals 
for each score point increase. Separate models were built for SIRS, MEWS, mNEWS, qSOFA, and UVA as 
continuous predictors using the complete dataset (n = 851) to predict in-hospital mortality. P-values written 
in bold indicate significance. *per one point increase in score points. CI = confidence interval.  

  

   
Coefficient 

Standard 
Error 

Odds Ratio  
(95% CI) p-value 

Model 1 - SIRS 
    

Intercept -4.472 0.56 - <0.001 

SIRS* 0.528 0.19 1.70 (1.18, 2.45) 0.005 

Model 2 - MEWS     

Intercept -4.923 0.49 - <0.001 

MEWS* 0.334 0.07 1.40 (1.21, 1.61) <0.001 

Model 3 - mNEWS     

Intercept -5.370 0.58 - <0.001 

mNEWS* 0.277 0.06 1.32 (1.17, 1.48) <0.001 

Model 4 - qSOFA     

Intercept -5.423 0.65 - <0.001 

qSOFA* 1.250 0.30 3.49 (1.93, 6.30) <0.001 

Model 5 - UVA     

Intercept -4.743 0.35 - <0.001 

UVA* 0.572 0.07 1.77 (1.54, 2.04) <0.001 
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Suppl. Table 5: Discrimination comparison of the original scores 

Score 1 Score 2 AUROC 1 AUROC 2 |ΔAUROC| p-value 

SIRS MEWS 0.632 0.701 0.069 0.136 

SIRS mNEWS 0.632 0.724 0.092 0.033 

SIRS qSOFA 0.632 0.667 0.035 0.505 

SIRS UVA 0.632 0.874 0.242 <0.001 

MEWS mNEWS 0.701 0.724 0.023 0.467 

MEWS qSOFA 0.701 0.667 0.034 0.383 

MEWS UVA 0.701 0.874 0.173 <0.001 

mNEWS qSOFA 0.724 0.667 0.057 0.094 

mNEWS UVA 0.724 0.874 0.15 0.001 

qSOFA UVA 0.667 0.874 0.207 <0.001 

Suppl. Table 5: Comparison of the area under the receiver operating characteristic curves of the original 
scores in the complete dataset (n = 851) using DeLong’s method65. P-values written in bold indicate 
significance. AUROC = area under the receiver operating characteristic curve. 
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Suppl. Table 6: Logistic regression model estimates including baseline risk 

 Coefficient 
Standard 

Error 
Odds Ratio  

(95% CI) p-value 

Model 1 - baseline     

Intercept -3.741 0.44 - <0.001 

Age 0.013 0.01 1.01 (1.00, 1.03) 0.167 

Sex (male vs. female) 0.097 0.34 1.10 (0.57, 2.13) 0.775 

HIV (positive vs. negative) 1.066 0.40 2.90 (1.32, 6.40) 0.008 

Model 2 - baseline + SIRS     

Intercept -5.230 0.71 - <0.001 

Age 0.015 0.01 1.01 (1.00, 1.04) 0.107 

Sex (male vs. female) 0.046 0.34 1.05 (0.54, 2.04) 0.893 

HIV (positive vs. negative) 1.054 0.41 2.87 (1.29, 6.37) 0.010 

SIRS* 0.538 0.19 1.71 (1.19, 2.47) 0.004 

Model 3 - baseline + MEWS     

Intercept -5.665 0.65 - <0.001 

Age 0.017 0.01 1.02 (1.00, 1.04) 0.081 

Sex (male vs. female) -0.148 0.35 0.86 (0.44, 1.71) 0.671 

HIV (positive vs. negative) 1.044 0.41 2.84 (1.26, 6.40) 0.012 

MEWS* 3.343 0.07 1.41 (1.22, 1.63) <0.001 

Model 4 - baseline + 
mNEWS 

    

Intercept -5.756 0.68 - <0.001 

Age 0.012 0.01 1.01 (0.99, 1.03) 0.203 

Sex (male vs. female) -0.080 0.35 0.92 (0.47, 1.82) 0.818 

HIV (positive vs. negative) 0.856 0.42 2.35 (1.04, 5.33) 0.040 

mNEWS* 0.260 0.06 1.30 (1.15, 1.46) <0.001 

Model 5 - baseline + qSOFA     

Intercept -5.807 0.74 - <0.001 

Age 0.012 0.01 1.01 (0.99, 1.03) 0.234 

Sex (male vs. female) -0.039 0.34 0.96 (0.49, 1.88) 0.910 

HIV (positive vs. negative) 0.891 0.41 2.44 (1.09, 5.47) 0.031 

qSOFA* 1.174 0.30 3.24 (1.79, 5.85) <0.001 

Model 6 - baseline + UVA     

Intercept -4.690 0.52 - <0.001 

Age 0.001 0.01 1.00 (0.98, 1.02) 0.939 

Sex (male vs. female) -0.189 0.38 0.83 (0.40, 1.73) 0.616 

HIV (positive vs. negative) -0.199 0.49 0.82 (0.31, 2.14) 0.685 

UVA* 0.586 0.08 1.80 (1.56, 2.09) <0.001 

Suppl. Table 6: Logistic regression model estimates reporting the odds ratios with 95% confidence intervals 
for each score point increase. Separate models were built for SIRS, MEWS, mNEWS, qSOFA, and UVA as 
continuous predictors, each added to a baseline risk model, in the complete dataset (n = 851) to predict in-
hospital mortality. The baseline risk model was calculated using age, sex, and HIV status. P-values written in 
bold indicate significance. *per one point increase in score points. CI = confidence interval. HIV = human 
immunodeficiency virus.  
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Suppl. Table 7: Discrimination comparison of the original scores adjusted for baseline 
risk 

Score 1 Score 2 
AUROC 

1 
AUROC 

2 
|ΔAUR

OC| p-value 

Baseline Risk Baseline Risk + SIRS 0.637 0.684 0.047 0.225 

Baseline Risk Baseline Risk + MEWS 0.637 0.767 0.13 0.009 

Baseline Risk Baseline Risk + 
mNEWS 

0.637 0.754 0.117 0.024 

Baseline Risk Baseline Risk + qSOFA 0.637 0.709 0.072 0.134 

Baseline Risk Baseline Risk + UVA 0.637 0.872 0.235 <0.001 

Baseline Risk + SIRS Baseline Risk + MEWS 0.684 0.767 0.083 0.039 

Baseline Risk + SIRS Baseline Risk + 
mNEWS 

0.684 0.754 0.07 0.101 

Baseline Risk + SIRS Baseline Risk + qSOFA 0.684 0.709 0.025 0.612 

Baseline Risk + SIRS Baseline Risk + UVA 0.684 0.872 0.188 <0.001 

Baseline Risk + MEWS Baseline Risk + 
mNEWS 

0.767 0.754 0.013 0.607 

Baseline Risk + MEWS Baseline Risk + qSOFA 0.767 0.709 0.058 0.122 

Baseline Risk + MEWS Baseline Risk + UVA 0.767 0.872 0.105 <0.001 

Baseline Risk + 
mNEWS 

Baseline Risk + qSOFA 
0.754 0.709 0.045 0.152 

Baseline Risk + 
mNEWS 

Baseline Risk + UVA 
0.754 0.872 0.118 <0.001 

Baseline Risk + qSOFA Baseline Risk + UVA 0.709 0.872 0.163 <0.001 

Suppl. Table 7: Comparison of the area under the receiver operating characteristic curves of the original 
scores, each added to a baseline risk model in the complete dataset (n = 851). The baseline risk model 
included age, sex, and HIV status. The p-values were calculated using DeLong’s method65. P-values written 
in bold indicate significance. AUROC = area under the receiver operating characteristic curve. 
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Suppl. Fig. 9: Receiver operating characteristic curves for SIRS and adapted SIRS for mortality 
discrimination in the training dataset 
AUROC = Area under the receiver operating characteristic curve. 
Receiver operating characteristic curves for SIRS and adapted SIRS for in-hospital mortality among patients 
with suspected infection. The AUROCs were calculated using the training dataset (n = 595) with adapted SIRS 
derived from the same dataset. 
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Suppl. Fig. 10: Receiver operating characteristic curves for MEWS and adapted MEWS for 
mortality discrimination in the training dataset 
AUROC = Area under the receiver operating characteristic curve. 
Receiver operating characteristic curves for MEWS and adapted MEWS for in-hospital mortality among 
patients with suspected infection. The AUROCs were calculated using the training dataset (n = 595) with 
adapted MEWS derived from the same dataset. 
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Suppl. Fig. 11: Receiver operating characteristic curves for mNEWS and adapted mNEWS for 
mortality discrimination in the training dataset 
AUROC = Area under the receiver operating characteristic curve. 
Receiver operating characteristic curves for mNEWS and adapted mNEWS for in-hospital mortality among 
patients with suspected infection. The AUROCs were calculated using the training dataset (n = 595) with 
adapted mNEWS derived from the same dataset. 
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Suppl. Fig. 12: Receiver operating characteristic curves for qSOFA and adapted qSOFA for 
mortality discrimination in the training dataset 
AUROC = Area under the receiver operating characteristic curve. 
Receiver operating characteristic curves for qSOFA and adapted qSOFA for in-hospital mortality among 
patients with suspected infection. The AUROCs were calculated using the training dataset (n = 595) with 
adapted qSOFA derived from the same dataset. 
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Suppl. Fig. 13: Receiver operating characteristic curves for UVA and adapted UVA for mortality 
discrimination in the training dataset 
AUROC = Area under the receiver operating characteristic curve. 
Receiver operating characteristic curves for UVA and adapted UVA for in-hospital mortality among patients 
with suspected infection. The AUROCs were calculated using the training dataset (n = 595) with adapted UVA 
derived from the same dataset. 
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Suppl. Table 8: Logistic regression model estimates of original and adapted scores in the 
training dataset 

  
Coefficient 

Standard 
Error 

Odds Ratio  
(95% CI) p-value 

Model 1 - SIRS 
    

Intercept -1.435 0.20 - <0.001 

SIRS* 0.541 0.07 1.71 (1.50, 1.97) <0.001 

Model 2 - MEWS 
    

Intercept -0.401 0.14 - 0.004 

MEWS* 0.083 0.03 1.09 (1.03, 1.14) 0.002 

Model 3 - mNEWS 
    

Intercept -1.057 0.18 - <0.001 

mNEWS* 0.137 0.02 1.15 (1.10, 1.20) <0.001 

Model 4 - qSOFA 
    

Intercept -3.15 0.25 - <0.001 

qSOFA* 1.587 0.12 4.89 (3.88, 6.16) <0.001 

Model 5 - UVA 
    

Intercept -2.684 0.16 - <0.001 

UVA* 0.788 0.04 2.20 (2.03, 2.39) <0.001 

Model 6 - adapted SIRS 
    

Intercept -2.918 0.21 - <0.001 

SIRS* 1.381 0.09 3.98 (3.33, 4.76) <0.001 

Model 7 - adapted MEWS 
    

Intercept -1.913 0.15 - <0.001 

MEWS* 0.589 0.04 1.80 (1.66, 1.96) <0.001 

Model 8 - adapted mNEWS 
    

Intercept -2.468 0.17 - <0.001 

mNEWS* 0.479 0.03 1.62 (1.52, 1.71) <0.001 

Model 9 - adapted qSOFA 
    

Intercept -2.37 0.14 - <0.001 

qSOFA* 0.836 0.04 2.31 (2.12, 2.51) <0.001 

Model 10 - adapted UVA 
    

Intercept -3.739 0.22 - <0.001 

UVA* 0.539 0.03 1.71 (1.62, 1.82) <0.001 

Suppl. Table 8: Logistic regression model estimates reporting the odds ratios with 95% confidence intervals 
for each score point increase. Separate models were built for SIRS, MEWS, mNEWS, qSOFA, and UVA, as well 
as their adapted version, as continuous predictors, using the training dataset (n = 595) to predict in-hospital 
mortality. P-values written in bold indicate significance. *per one point increase in score points. CI = 
confidence interval. 
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Suppl. Table 9: Logistic regression model estimates of original and adapted scores in the 
testing dataset 

  
Coefficient 

Standard 
Error 

Odds Ratio  
(95% CI) p-value 

Model 1 - SIRS 
    

Intercept -4.831 1.12 - <0.001 

SIRS* 0.63 0.36 1.88 (0.93, 3.80) 0.080 

Model 2 - MEWS 
    

Intercept -5.537 0.97 - <0.001 

MEWS* 0.415 0.14 1.52 (1.16, 1.97) 0.002 

Model 3 - mNEWS 
    

Intercept -6.493 1.27 - <0.001 

mNEWS* 0.382 1.12 1.47 (1.55, 1.86) 0.002 

Model 4 - qSOFA 
    

Intercept -6.611 1.34 - <0.001 

qSOFA* 
1.763 0.59 5.83 (1.85, 

18.36) 
0.003 

Model 5 - UVA 
    

Intercept -4.662 0.64 - <0.001 

UVA* 0.536 0.13 1.71 (1.33, 2.20) <0.001 

Model 6 - adapted SIRS 
    

Intercept -5.769 1.06 - <0.001 

SIRS* 1.257 0.41 3.52 (1.58, 7.82) 0.002 

Model 7 - adapted MEWS 
    

Intercept -6.255 0.97 - <0.001 

MEWS* 0.839 0.19 2.31 (1.60, 3.35) <0.001 

Model 8 - adapted mNEWS 
    

Intercept -5.836 0.90 - <0.001 

mNEWS* 0.493 0.11 1,64 (1.31, 2.05) <0.001 

Model 9 - adapted qSOFA 
    

Intercept -4.17 0.52 - <0.001 

qSOFA* 0.492 0.12 1.64 (1.29, 2.08) <0.001 

Model 10 - adapted UVA 
    

Intercept -4.825 0.66 - <0.001 

UVA* 0.304 0.71 1.36 (1.18, 1.56) <0.001 

Suppl. Table 9: Logistic regression model estimates reporting the odds ratios with 95% confidence intervals 
for each score point increase. Separate models were built for SIRS, MEWS, mNEWS, qSOFA, and UVA, as well 
as their adapted version, as continuous predictors, using the testing dataset (n = 256) to predict in-hospital 
mortality. P-values written in bold indicate significance. *per one point increase in score points. CI = 
confidence interval. 
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Suppl. Table 10: Discrimination comparison of the original and the adapted scores 

Score 1 Score 2 
AUROC 

1 
AUROC 

2 
|ΔAUR

OC| p-value 

SIRS MEWS 0.640 0.735 0.095 0.317 

SIRS mNEWS 0.640 0.765 0.125 0.174 

SIRS qSOFA 0.640 0.729 0.089 0.402 

SIRS UVA 0.640 0.859 0.219 0.026 

SIRS adapted SIRS 0.640 0.767 0.127 0.061 

SIRS adapted MEWS 0.640 0.838 0.198 0.024 

SIRS adapted mNEWS 0.640 0.85 0.21 0.01 

SIRS adapted qSOFA 0.640 0.822 0.182 0.104 

SIRS adapted UVA 0.640 0.86 0.22 0.027 

MEWS mNEWS 0.735 0.765 0.03 0.346 

MEWS qSOFA 0.735 0.729 0.006 0.93 

MEWS UVA 0.735 0.859 0.124 0.08 

MEWS adapted SIRS 0.735 0.767 0.032 0.653 

MEWS adapted MEWS 0.735 0.838 0.103 0.017 

MEWS adapted mNEWS 0.735 0.85 0.115 0.032 

MEWS adapted qSOFA 0.735 0.822 0.087 0.289 

MEWS adapted UVA 0.735 0.86 0.125 0.093 

mNEWS qSOFA 0.765 0.729 0.036 0.625 

mNEWS UVA 0.765 0.859 0.094 0.204 

mNEWS adapted SIRS 0.765 0.767 0.002 0.97 

mNEWS adapted MEWS 0.765 0.838 0.073 0.029 

mNEWS adapted mNEWS 0.765 0.85 0.085 0.049 

mNEWS adapted qSOFA 0.765 0.822 0.057 0.534 

mNEWS adapted UVA 0.765 0.86 0.095 0.225 

qSOFA UVA 0.729 0.859 0.13 0.004 

qSOFA adapted SIRS 0.729 0.767 0.038 0.544 

qSOFA adapted MEWS 0.729 0.838 0.109 0.095 

qSOFA adapted mNEWS 0.729 0.85 0.121 0.029 

qSOFA adapted qSOFA 0.729 0.822 0.093 0.025 

qSOFA adapted UVA 0.729 0.86 0.131 0.003 

UVA adapted SIRS 0.859 0.767 0.092 0.076 

UVA adapted MEWS 0.859 0.838 0.021 0.7 

UVA adapted mNEWS 0.859 0.85 0.009 0.836 

UVA adapted qSOFA 0.859 0.822 0.037 0.292 

UVA adapted UVA 0.859 0.86 0.001 0.971 

adapted SIRS adapted MEWS 0.767 0.838 0.071 0.178 

adapted SIRS adapted mNEWS 0.767 0.85 0.083 0.072 

adapted SIRS adapted qSOFA 0.767 0.822 0.055 0.409 

adapted SIRS adapted UVA 0.767 0.86 0.093 0.069 

adapted MEWS adapted mNEWS 0.838 0.85 0.012 0.703 

adapted MEWS adapted qSOFA 0.838 0.822 0.016 0.834 

adapted MEWS adapted UVA 0.838 0.86 0.022 0.712 
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adapted mNEWS adapted qSOFA 0.85 0.822 0.028 0.675 

adapted mNEWS adapted UVA 0.85 0.86 0.01 0.84 

adapted qSOFA adapted UVA 0.822 0.86 0.038 0.21 

Suppl. Table 10: Comparison of the area under the receiver operating characteristic curves of the original 
scores and the adapted in the testing dataset (n = 256) using DeLong’s method65. P-values written in bold 
indicate significance. AUROC = area under the receiver operating characteristic curve. 
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Suppl. Table 11: Predictive capacity of original and adapted scores 

Score Sensitivity Specificity PPV NPV 

Original Scores     

SIRS ≥2 1 0.16 0.05 1 

MEWS ≥3 1 0.17 0.05 1 

MEWS ≥4 0.91 0.33 0.06 0.99 

MEWS ≥5 0.82 0.49 0.07 0.98 

mNEWS ≥5 0.91 0.19 0.05 0.98 

mNEWS ≥7 0.91 0.36 0.06 0.99 

qSOFA ≥2 1 0.33 0.06 1 

UVA ≥2 0.91 0.64 0.1 0.99 

UVA ≥4 0.55 0.86 0.15 0.98 

Adapted Scores     

Adapted SIRS ≥2 1 0.43 0.07 1 

Adapted SIRS ≥3 0.45 0.83 0.11 0.97 

Adapted MEWS ≥3 0.82 0.62 0.09 0.99 

Adapted MEWS ≥4 0.82 0.73 0.12 0.99 

Adapted MEWS ≥5 0.55 0.9 0.2 0.98 

Adapted MEWS ≥6 0.55 0.97 0.46 0.98 

Adapted mNEWS ≥3 1 0.5 0.08 1 

Adapted mNEWS ≥4 0.82 0.62 0.09 0.99 

Adapted mNEWS ≥5 0.73 0.67 0.09 0.98 

Adapted mNEWS ≥6 0.64 0.8 0.13 0.98 

Adapted mNEWS ≥7 0.64 0.89 0.21 0.98 

Adapted mNEWS ≥8 0.64 0.92 0.27 0.98 

Adapted mNEWS ≥9 0.55 0.93 0.27 0.98 

Adapted qSOFA ≥1 1 0.57 0.09 1 

Adapted qSOFA ≥2 0.55 0.76 0.09 0.97 

Adapted qSOFA ≥3 0.45 0.86 0.13 0.97 

Adapted qSOFA ≥4 0.45 0.91 0.19 0.97 

Adapted qSOFA ≥5 0.45 0.91 0.19 0.97 

Adapted UVA ≥3 1 0.52 0.09 1 

Adapted UVA ≥4 0.91 0.58 0.09 0.99 

Adapted UVA ≥5 0.82 0.77 0.14 0.99 

Adapted UVA ≥6 0.64 0.83 0.15 0.98 

Adapted UVA ≥7 0.55 0.85 0.14 0.98 

Adapted UVA ≥8 0.45 0.89 0.15 0.97 

Adapted UVA ≥9 0.45 0.92 0.2 0.97 

Suppl. Table 11: Sensitivity, specificity, positive predictive value, and negative predictive value of the 
original, as well as adapted, SIRS, MEWS, mNEWS, qSOFA, and UVA. For the original scores common cutoffs 
were chosen. PPV = positive predictive value; NPV = negative predictive value. 
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