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Abstract 

Background Paediatric critical care nurses face challenges in promptly detecting patient deterioration and deliver-
ing high-quality care, especially in low-resource settings (LRS). Patient monitors equipped with data-driven algorithms 
that monitor and integrate clinical data can optimise scarce resources (e.g. trained staff ) offering solutions to these 
challenges. Poor algorithm output design and workflow integration, however, are important factors hindering suc-
cessful implementation. This study aims to explore nurses’ perspectives to inform the development of a data-driven 
algorithm and user-friendly interface for future integration into a continuous vital signs monitoring system for critical 
care in LRS.

Methods Human-centred design methods, including contextual inquiry, semi-structured interviews, prototyp-
ing and co-design sessions, were carried out at the high-dependency units of Queen Elizabeth Central Hospital 
and Zomba Central Hospital in Malawi between March and July 2023. Triangulating these methods, we identified 
what algorithm could assist nurses and used co-creation methods to design a user interface prototype. Data were 
analysed using qualitative content analysis.

Results Workflow observations demonstrated the effects of personnel shortages and limited monitor equipment 
for vital signs monitoring. Interviews identified four themes: workload and workflow, patient prioritisation, interaction 
with guardians, and perspectives on data-driven algorithms. The interviews emphasised the advantages of predictive 
algorithms in anticipating patient deterioration, underlining the need to integrate the algorithm’s output, the (con-
stant) monitoring data, and the patient’s present clinical condition. Nurses preferred a scoring system represented 
with familiar scales and colour codes. During co-design sessions, trust, usability and context specificity were empha-
sised as requirements for these algorithms. Four prototype components were examined, with nurses favouring scores 
represented by colour codes and visual representations of score changes.

Conclusions Nurses in the LRS studied, perceived that data-driven algorithms, especially for predicting patient 
deterioration, could improve the provision of critical care. This can be achieved by translating nurses’ perspectives 
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into design strategies, as has been carried out in this study. The lessons learned were summarised as actionable pre-
implementation recommendations for the development and implementation of data-driven algorithms in LRS.

Keywords Data-driven algorithms, Paediatric critical care, Low-resource settings, Malawi, Nurses, Monitoring systems

Background
Although global paediatric mortality rates reached a 
historic low in 2022, most of these deaths happened in 
low- and middle-income countries, specifically in sub-
Saharan Africa and Southern Asia, and they could have 
been prevented [1]. Although much attention has been 
paid to expanding access to care, ensuring quality of 
care is absolutely necessary to generate better outcomes, 
which includes paediatric critical care [2, 3]. Critical care, 
includes care in paediatric intensive care units (PICUs), 
high-dependency units (HDUs) and other critical care 
environments [4–6]. The care and treatment of criti-
cally ill children are challenging because deterioration 
can occur rapidly and suddenly, and signs of decline can 
be subtle [7, 8]. In these conditions, timely recognition 
of symptoms, paired with accurate and timely diagnosis 
leading to clinical action can be lifesaving. In low-resource 
settings (LRS), however, limited highly trained staff, 
scarce resources such as monitoring systems, and other 
specific contextual factors amplify the challenges of pro-
viding high-quality critical care [3, 9, 10].

Vital signs monitoring systems coupled with data-
driven algorithms (Additional File 1: Definition data-
driven algorithms and connection with AI), including 
artificial intelligence (AI) techniques, can be part of the 
solution. Such data-driven algorithms can, for example, 
facilitate the early identification or prediction of the dete-
rioration of paediatric patients, even when specialised 
staff is not immediately available [5, 11, 12]. However, 
the development and clinical application of data-driven 
algorithms are not yet common in LRS. Barriers include 
reliability issues, skill shortages, complex workflow inte-
gration, poor user-friendliness, insufficient contextual 
alignment, and scarcity of monitoring systems and sen-
sors [13, 14].

To develop vital signs monitoring systems with predic-
tive features based on data-driven algorithms, it is essen-
tial to meet the needs of healthcare providers within their 
context, including nurses who play a central role in LRS. 
In this regard, human factors engineering (which focuses 
on optimising the interaction between people and sys-
tems [15]) and human-centred design (which prioritises 
user needs throughout the design process [16]) can facili-
tate the safe and effective development and adoption of 
data-driven algorithms in clinical practice. We applied 
those fields to comprehensively understand nurses’ 

perspectives regarding the application of vital signs 
monitoring systems with predictive features in paediatric 
critical care in LRS. We used a continuos vital signs mon-
itoring system specifically designed for LRS (hereinafter 
IMPALA system, see the “Methods” section). The study’s 
end goal was to determine the type of algorithm, in terms 
of output, that nurses consider valuable to incorporate 
in the IMPALA system. Outputs considered included: 
deterioration, discharge, treatments or interventions, 
and diagnosis. Based on nurses’ preferences, we aimed to 
generate a user interface design proposal for the moni-
toring system in question.

Methods
Study design and setting
This study is part of the project Innovative Monitoring 
in Paediatrics in Low Resource setting: an Aid to save 
lives (IMPALA project) (https:// www. isrctn. com/ ISRCT 
N7139 2921), which aims to develop an affordable, dura-
ble, robust, and easy-to-use paediatric continuous moni-
toring system for LRS.

This observational study integrated human factors 
engineering and human-centred design perspectives. 
Human factors engineering is defined as the formal study 
of people’s interaction with their environment and a sys-
tem [15]. Human-centred design is defined by the ISO 
9241–210 standard as “an approach to systems design 
and development that aims to make interactive sys-
tems more usable by focusing on the use of the system 
and applying human factors/ergonomics and usability 
knowledge and techniques [16].” This study was carried 
out in four steps—step one: contextual inquiry (actively 
observing and encouraging workers to share their experi-
ences while performing tasks), step two: semi-structured 
interviews, step three: prototyping, step four: co-design 
sessions. The research was conducted between March 
2023 and July 2023 in Malawi at the HDUs of Queen 
Elizabeth Central Hospital (QECH) and Zomba Central 
Hospital (ZCH). This study was carried out in parallel 
with another IMPALA study, where the IMPALA sys-
tem was used by research nurses only. Within the HDUs 
in both locations, there were two settings: the “clini-
cal setting”, where clinical nurses provided usual care, 
and the “research setting”, where research nurses moni-
tored patients using the IMPALA system. Children were 
always accompanied by guardians, individuals legally 
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responsible for them [17]. Due to space constraints, the 
research setting was not physically separated from the 
clinical setting, and IMPALA systems were placed next to 
the same beds assigned to patients when admitted to the 
HDU.

QECH is the largest hospital in Malawi, with over 
90,000 paediatric reviews conducted in the accident and 
emergency department annually, along with 26,000 pae-
diatric hospital admissions to its 300 paediatric beds [18, 
19]. After triage and stabilisation in the paediatric emer-
gency department, patients are admitted to the HDUs in 
the nursery or the special care ward (Additional File 1: 
Floor plan of the HDUs in QECH and ZCH, Fig. S1). The 
two HDUs together accommodate up to forty patients. 
Patients in the HDU receive clinical care under clini-
cal supervision, including physiological monitoring and 
nursing care, with access to oxygen provided via concen-
trators. There are 30 beds available, potentially shared 
among patients if needed. During this study, ten IMPALA 
systems were in use.

ZCH serves as one of the four central hospitals in 
Malawi, providing care to Zomba, a rural district in 
southern Malawi with an estimated population of 
746,000 [20]. Patients are first triaged and stabilised in 
the emergency or the admissions room before referred 
and admitted to the paediatric HDU. The paediatric HDU 
comprised eight beds across two adjacent rooms within 
the paediatrics ward (Additional File 1: Floor plan of the 
HDUs in QECH and ZCH, Fig. S2). During this study, 11 
IMPALA systems were available. In both locations, shar-
ing beds is common, allowing for increased capacity.

Study population and eligibility criteria
The study recruited nurses working in the HDUs of 
QECH and ZCH for contextual inquiry, interviews, 
and co-design sessions. Both IMPALA research nurses, 
who handled the IMPALA systems, and clinical nurses, 
who did not directly handle the IMPALA systems, 
were included. Informed consent was obtained, and 
nurses signed the informed consent form in English or 
Chichewa. Inclusion criteria included being employed as 
a nurse with a valid nursing licence, fluency in English or 
Chichewa, and availability and willingness to participate 
in the study. A snowball sampling approach was utilised 
to recruit nurses while ensuring equitable representation 
in terms of gender, age, and levels of work experience. 
Recruitment ceased when data saturation was reached. 
Research nurses were included to provide insights based 
on their clinical experience, their knowledge about the 
IMPALA system (e.g. operational aspects and usabil-
ity) and constant monitoring of vital signs. Clinical 
nurses were included to provide insights based on their 

experience in the clinical critical care setting, especially 
manual spot-check monitoring of vital signs.

IMPALA system
The IMPALA system (Fig.  1) is a vital signs monitoring 
system, manufactured by GOAL 3, a social enterprise 
based in the Netherlands. The IMPALA system is cur-
rently being tested and developed in the context of the 
IMPALA project. For this particular study, IMPALA sys-
tem prototype 2.0 was used. The IMPALA system com-
bines a simplified electronic patient record displayed 
on a wireless tablet (Fig. 1, right side) with a continuous 
monitor of vital signs (Fig.  1, left side). The tablet pro-
vides an overview of all patients using IMPALA systems 
in the ward, and allows for individual patient details to 
be accessed. Vital signs include heart rate and variabil-
ity, respiratory rate, activity levels, oxygen saturation, 
and non-invasive blood pressure, which are displayed 
in real-time on the screen of the continuos  monitor  of 
vital signs. The monitor and its components comply with 
peripheral oxygen saturation  (SpO2), non-invasive blood 
pressure (NIBP), temperature, and electrocardiogram 
(ECG) related standards.

In order to assist in the provision of critical care in LRS, 
the IMPALA project also focused on researching the pos-
sibility of implementing an algorithm to assist clinical 
decision-making. The idea is that the output of the algo-
rithm would eventually be displayed on the tablet. Given 
the clinical context and the data collected by the IMPALA 
system, it could be  possible to generate algorithms  for 
different purposes; including: predicting patient’s dete-
rioration, indicating treatments or interventions, mak-
ing a diagnosis or indicating discharge. At the time this 
study was performed, different approaches to developing 
an algorithm were being undertaken, including machine 
learning, rule-based and traditional algorithms based on 
a snapshot of vital signs and clinical data.

Fig. 1 The IMPALA system (manufacturer, GOAL 3, The Netherlands)
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Study procedures
Step one: contextual inquiry, observations of the clinical 
workflow
Contextual inquiry is a participatory field research 
method, it involves the observation and encouragement 
of individuals to express their work experiences while 
actively engaged in their tasks [21]. This method was 
applied to inquire about the workflow in QECH and ZCH 
HDUs, with the objective of gaining an in-depth under-
standing of how vital signs monitoring (manual spot-
check or continuous) is conducted in the HDU and how 
nurses interact with other nurses, guardians and doctors. 
We aimed to comprehend how nurses make decisions to 
determine if and how data-driven algorithms could assist 
them in providing care. First, we focused on observ-
ing the workflow in the clinical settings at the HDUs in 
QECH and ZCH. Subsequently, we extended our obser-
vations to the research setting.

The first author (MR), a medical doctor, conducted 
structured observations at QECH and ZCH, covering 
day and evening shifts. This involved maintaining a reg-
ular presence over four  weeks in April 2023, two–three 
times per week, with sessions lasting three to four  h 
each. Observations continued until data saturation was 
reached. During this time, findings were continuously 
discussed with two researchers (DM, a Malawian social 
scientist, and LdM, a user experience (UX) designer). 
An observation manual (Additional File 1: Observation 
manual) was utilised to systematically and concisely doc-
ument the clinical workflow, including the use of paper 
health records and medical devices, patient examina-
tions, responses to deterioration, and communication of 
nurses with colleagues and guardians.

Step two: semi‑structured interviews
Semi-structured interviews were prepared based on the 
results of the contextual inquiry. Interviews were con-
ducted to (1) understand how nurses make decisions and 
prioritise critical patients in the HDU, and (2) explore 
nurses’ perceptions of data-driven algorithms for criti-
cal care. The latter included nurses’ general acceptability 
and intention to use data-driven algorithms; and which 
type of algorithm, in terms of output, is considered valu-
able to incorporate in a vital signs monitoring system for 
critical care in LRS. To ensure a thorough exploration, 
the interview guide was developed by a multidiscipli-
nary team comprising social scientists, UX researchers, 
and clinicians (see Additional File 1: Interview guide). 
The interviews took place between April and May 2023, 
were audio-recorded, and transcribed verbatim. The 
interviews lasted 20–45  min and were conducted by an 
interdisciplinary research team consisting of a medical 

doctor (MR) and a Chichewa-speaking social scien-
tist (DM) until saturation was achieved. The interviews 
were reported according to the consolidated criteria for 
reporting qualitative studies (COREQ) (Additional File 
1: Consolidated criteria for reporting qualitative studies 
(COREQ)).

Step three: prototyping
Based on the results and analysis of the two previous 
steps (see results section), we chose to prototype the user 
interface of a hypothetical data-driven algorithm that 
would predict patient deterioration based on the vital 
signs data of the IMPALA system. The user interface, 
which would show the outputs of the algorithm, would be 
incorporated into the tablet of the IMPALA system. For 
this purpose, design objectives were identified and trans-
lated into components for a future interface prototype. 
Prototype components are elements or features aiming 
to address specific functionalities or aspects of the appli-
cation of the algorithm. The concept of the data-driven 
algorithm based on the Paediatric Early Warning Score – 
Resource Limited (PEWS-RL) was then used to generate 
the prototype components. At least four design prompts 
were generated for each prototype component to discuss 
potential choices with nurses, during the co-design ses-
sions. A UX designer (LdM) collaborated with a medi-
cal doctor (MR) to create the design prompts using the 
software program Figma (Figma, USA), which generates 
static screenshots.

Step four: co‑design sessions
The co-design sessions used the prompts (step three) to 
co-design with nurses a user interface of the data-driven 
algorithm that would incorporate all components. In 
June 2023, four sessions were conducted involving 16 
nurses, each participating in a two-h session. Each ses-
sion began with a five-min introduction to familiarise 
nurses with the type of data-driven algorithm chosen for 
the co-design session, and the prototype components 
(step three). Design prompts were presented and subse-
quently, participants received a questionnaire (Additional 
File 1: Co-design sessions questionnaire) to rank different 
options of the components and justify their choices. Two 
moderators, a medical doctor and a biomedical engineer 
(MR and LC), led the discussion, covering all individual 
responses, putting emphasis on the comprehensibility 
of the prompts and how they could be integrated into a 
single interface. The session was closed with a general 
discussion about data-driven algorithms that could be 
valuable for critical care in LRS. All co-design sessions 
were recorded and transcribed verbatim.
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Data analysis
Qualitative analysis of the contextual inquiry, semi-struc-
tured interviews, and co-design sessions followed the 
methods outlined in Thomas et al. [22]. This analysis was 
conducted using principles of qualitative content analy-
sis [23], and Atlas.ti software (version 8.4, Berlin, Ger-
many) along with Microsoft Excel were used. The first 
author (MR) conducted data reading, sorting, labelling, 
and grouping into themes. Collaboration with KD, LM, 
and DM refined the identified themes through dialogue, 
resulting in a definitive code set that was considered to 
capture the essence of the data (codebook in Additional 
File 1: Codebook). For co-design sessions, qualitative and 
quantitative data from questionnaires and recordings 
were transcribed into a spreadsheet and analysed apply-
ing inductive qualitative content analysis principles. MR 
and LM independently reviewed the data, identifying 
patterns to generate themes, which were subsequently 
discussed within the research team (DM and KD).

Results
Step one: contextual inquiry—observations of the clinical 
workflow
Observations were conducted in HDU settings with five 
nurses from ZCH and three nurses from QECH. In the 
clinical setting, nurses performed manual spot-check 
monitoring only. In the research setting, research nurses 
used the IMPALA system to continuously monitor vital 
signs. Here, we describe the key observations considered 
for the interviews and co-design sessions. Other observed 
stakeholders included patients, guardians, and medical 

doctors who came in contact with the nurses observed 
(Fig. 2a depicts the stakeholders and their relationships).

In QECH, the nurse-to-patient ratio ranged from 1:10 
to 1:13 during the daytime but increased to between 1:15 
to 1:20 at night due to fewer nurses available. In ZCH, 
the nurse-to-patient ratio ranged from 1:5 to 1:7 (1:7 
to 1:9 at night). In both hospitals, clinical nurses con-
ducted standard manual spot-check monitoring four 
times daily using several devices such as a wall-mounted 
monitor, two portable multi-parameter vital signs moni-
tors, a handheld pulse oximeter, a thermometer, a sphyg-
momanometer, and a glucometer, serving approximately 
30–40 patients in QECH and approximately 20 patients 
in ZCH. Data were recorded on paper files hanging from 
the beds, where vital signs, clinical observations, medi-
cal orders, and assessments were written in a predefined 
table. Significant deviations from normal vital signs were 
mainly identified during planned spot-check rounds, as 
confirmed by patient paper files. Although abnormal vital 
signs were consistently documented, immediate follow-
up actions were not always observed. Monitoring fre-
quency intensified for sicker patients, particularly those 
experiencing respiratory distress or unresponsiveness. 
Between manual spot-check control rounds, nurses spent 
time in the nurses’ station or medicine room prepar-
ing medicines, keeping records, and attending to other 
administrative tasks, inevitably  losing visual contact 
with patients in the HDU. The localisation of nurses’ sta-
tions in both hospitals had limited or no direct view of 
the HDUs (see Additional File 1: Floor plan of the HDUs 
in QECH and ZCH). Whenever nurses were physically 

Fig. 2 Visual representations of the relationships observed in the high-dependency units of Elizabeth Queen Central Hospital and Zomba Central 
Hospital and the actions taken by nurses once they identify deterioration. a Relationship map between stakeholders caring for patients admitted 
to the HDU. Arrows and text in blue indicate the main type(s) of interactions observed. b Nurses’ action map, response to deterioration. The green 
box on the left contains the means used to record/generate medical information (sources of clinical information) which is used by nurses. Arrows 
and text in green indicate the type of information used by nurses to identify deterioration. The red box on the right contains the different possible 
actions taken by nurses after identifying deterioration (arrows and text in red)
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absent from the HDU, they relied on guardians to assess 
the patient’s condition until their return to the ward. In 
both locations, as it commonly happens in LRS, wards 
have no independent rooms for critically ill children and 
the presence of guardians is constant. Guardians stay day 
and night by the bedside, when possible sleeping with 
their children in the same bed, but often sitting in chairs. 
In critical cases, nurses immediately proceeded with nec-
essary interventions (e.g. cannulation and administering 
oxygen and medication) and contacted the doctor after 
carrying out these interventions. Figure  2b depicts the 
decision-making process of nurses based on different 
sources of clinical information and the different actions 
undertaken.

Research nurses only worked day shifts and moni-
tored three to ten patients. There were occasions when 
the IMPALA system alarms were not muted, resulting in 
continuous alarms without follow-up actions. Addition-
ally, although the IMPALA training program covered the 
use of the “trend display” feature, which provides histori-
cal vital signs, this feature was not consistently used by 
the research nurses.

Step two: semi‑structured interviews
In total, 17 nurses from both locations participated in 
the interviews, whose ages ranged from 25 to 60  years. 
All nurses observed during the contextual inquiry were 
interviewed. Participant characteristics are shown in 
Table 1.

From the qualitative inductive content analysis, 48 
codes were derived and grouped into four main themes: 
(i) workload and workflow, (ii) patient prioritisation, (iii) 
interaction with guardians, and (iv) perspectives on data-
driven algorithms. Quotes linked to each theme and code 
are presented in Table 2. Among these, the theme “per-
spectives on data-driven algorithms” was most exten-
sively discussed.

Workload and workflow
Nurses mentioned variable patient loads, ranging from 
eight to forty, depending on seasonal fluctuations, staff-
ing and paediatric severity of illness (Q1). Clinical nurses 
indicated that they monitor vital signs every six hours 
but increase the frequency if necessary for deteriorat-
ing patients and depending on the severity of the con-
dition. Nurses with more than five years of experience 
reported that they felt confident intervening before con-
sulting doctors when there were changes in vital signs or 
responding to warnings from guardians (Q2).

Nurses at both hospitals underscored the chal-
lenge of low staff throughout day and night shifts (Q3). 
Understaffing resulted in nurses being responsible for 
more patients than initially intended, which limited the 

Table 1 Overview of participant characteristics

ID identification, QECH Queens Elizabeth Central Hospital, ZCH Zomba Central 
Hospital

Participant ID Hospital Gender Experience 
(years)

Observed participants
 1 QECH Female  > 10

 2 QECH Female  > 10

 3 ZCH Female  < 5

 4 QECH Female  < 5

 5 QECH Male 5–10

 6 QECH Female 5–10

 7 ZCH Female 5–10

 8 ZCH Female  < 5

Interview participants
 1 QECH Female  > 10

 2 QECH Female  > 10

 3 QECH Female  < 5

 4 QECH Female  < 5

 5 QECH Male 5–10

 6 QECH Female 5–10

 7 QECH Female 5–10

 8 ZCH Female  < 5

 9 QECH Male  < 5

 10 ZCH Female 5–10

 11 ZCH Female  > 10

 12 ZCH Female 5–10

 13 ZCH Male 5–10

 14 ZCH Female  < 5

 15 QECH Female  > 10

 16 ZCH Female 5–10

 17 ZCH Female 5–10

Co‑design sessions participants
 1 QECH Male 5–10

 2 QECH Female  < 5

 3 QECH Female  > 10

 4 QECH Female 5–10

 5 ZCH Female  < 5

 6 ZCH Male 5–10

 7 ZCH Male  < 5

 8 ZCH Female 5–10

 9 ZCH Male 5–10

 10 ZCH Female  < 5

 11 ZCH Female  > 10

 12 QECH Female  > 10

 13 QECH Male 5–10

 14 QECH Female 5–10

 15 ZCH Female  < 5

 16 ZCH Female 5–10
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Table 2 Quotes from interviewed participants are listed according to the four main themes and codes

Theme Code Quotes ID

Workflow and  
workload

Nurse to patient ratio Q1 “It varies depending on the situation. Ideally, one nurse should have one 
patient. However, there are times when we have fewer nurses on duty, 
and we may have to take care of more patients. So, we share the workload.”

8

Tasks and responsibilities Q2 “When I assess a patient and notice deterioration, it’s crucial to take immedi-
ate action. If oxygen is deemed necessary, I administer it without awaiting 
a doctor’s consultation. After the necessary actions, I can communicate 
to the staff.”

6

Staff shortages Q3 “During regular shifts, there should be six nurses, but shortages are common. 
Today, only three of us are on duty.”

7

Prioritisation Clinical experience Q4 “Apart from observing the patient’s vital signs, we can often discern changes 
in their condition simply by looking at them. We are familiar with these 
patients and their guardians, and we can notice if a child’s health has dete-
riorated compared to their previous state.”

6

Prioritisation elements Q5 “If there are too many sick patients at the same time, we prioritise the ones 
we feel can survive.”

3

Clinical judgement Q6 “Because of these educational differences, my approach differs 
from how others would respond to the same problem in the same patient. 
I wish there was a standardised approach. My reaction to the problem 
should be consistent with how other nurses would react, regardless of who 
is on duty.”

17

Interaction with 
guardians

Guardian’s involvement 
in care

Q7 ‘Guardians can provide assistance with feeding, and if the nasal gastric tube 
is not fitting correctly, we offer guidance to the mother on how to adjust 
it properly. The guardians’ help and support have been invaluable in our 
efforts.’

11

Guardian’s knowledge Q8 “Some guardians can quickly recognise when a baby is not feeling well, 
while others may find it challenging to notice subtle signs, like when a 
child is trying to communicate but has difficulty. Some guardians may call 
and report that their child is experiencing jerking movements, indicating 
a potential problem, while others may simply say that their child is doing 
well without mentioning any concerns.”

11

Perspective on  
predictive algorithms

Baseline knowledge Q9 “I’ve heard that prediction tools help predict whether a baby’s condition 
will progress positively. This involves determining if there’s a risk of sepsis 
or an impending infection.”

1

Support clinical decision-
making

Q10 “When caring for a patient, certain parameters can be continuously 
monitored. If the reading exceeds a threshold, the system asks you to take 
a specific action. Without this automated system, you might overlook trends 
and miss crucial details.”

6

Preventive intervention 
and early detection

Q11 “I think these systems can be valuable. When a patient’s condition deteriorates, 
it can quickly become an emergency. It would give us time to prepare by plac-
ing essential equipment at the bedside. This preparation means that if some-
thing happens, we can intervene quickly and prevent further deterioration.”

7

Trust, transparency 
and traceability

Q12 “We shouldn’t just rely on them. We can also do our own assessment 
so that you can compare the results and see if the prediction is correct 
or wrong.”

3

Preferences—prediction 
option

Q13 “Typically, when patients experience changes in cardiac or respiratory rates, 
it takes us some time to notice. (…) In the case of children, their bodies 
can compensate up to a certain point. However, they might suddenly 
deteriorate, which is different from adults. For patients who are unwell 
or experiencing deterioration, or even those doing relatively well, we can 
infer their condition from these output from the algorithm, indicating 
whether the patient’s health is declining.”

6

Preferences—location Q14 “In terms of monitoring patients, it would be very useful to have technol-
ogy that allows us to monitor patients outside the ward (nurses’ station). We 
often face challenges when we are on break, and no one is available to watch 
patients. […] Therefore, it would be advantageous to have an overview 
of patient monitoring at the nurses’ station.”

2

Guardians’ involvement Q15 “To avoid causing fear, it would be more reasonable to display a simpli-
fied score or lights instead of showing all the dangerous vital signs. While 
many guardians possess the necessary knowledge, we cannot be certain 
about everyone’s level of understanding.”

2
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monitoring of vital signs, especially at night. Clinical 
nurses from both hospitals perceived a collective respon-
sibility for all HDU patients, extending beyond the care 
of those specifically assigned to them during their shifts.

Patient prioritisation
When asked about how nurses prioritise patients, they 
emphasised the importance of clinical experience (know-
ing their patients and conducting quick assessments) and 
clinical judgment (applying their experience along with 
vital signs information) (Q4). Vital signs used to iden-
tify patient deterioration included heart rate, respiratory 
rate, oxygen saturation, temperature, and blood pres-
sure. Other factors that nurses mentioned using for pri-
oritisation include diagnostic tools like full blood count 
samples, patients’ responsiveness and level of conscious-
ness, and the “airway, breathing, and circulation” triage 
(ABC-triage).

Resource and staffing limitations were raised as 
issues that potentially lead to overlooking deteriorating 
patients. When multiple critically ill patients were pre-
sent, and resources were insufficient to provide neces-
sary care to all, priority was given to those with a higher 
chance of survival (Q5). In both ZCH and QECH, 
nurses consistently sought immediate help from col-
leagues, including those from other departments, dur-
ing emergencies.

Several nurses considered that during their stud-
ies, they received insufficient prioritisation training. 
In some cases, they considered that this knowledge 
gap had not yet been addressed by other independent 
training programmes or clinical practice. Additionally, 
one nurse mentioned that when working in the ward, 
their colleagues had different levels of education and 
training, which influenced how nurses respond to dete-
riorating patients and how they make prioritisation 
decisions. She emphasised the need for a consistent 
intervention approach for patient deterioration among 
all nurses (Q6).

Interaction with guardians
According to the nurses, guardians, particularly mothers 
and grandmothers of the patients, are actively involved 
in the child’s medical care, particularly when the nurses 
are not in the HDU. It is common practice for nurses to 
instruct guardians to recognise warning signs and alert 
them when necessary. Nurses adjust their explanations 
based on the guardians’ knowledge and understanding 
of the situation, and some guardians can even assist with 
tasks such as changing probes (Q7). However, nurses 
consider that not all guardians comprehend the informa-
tion provided and are consequently less engaged in medi-
cal care (Q8).

Perspective on data‑driven algorithms
During the interviews, we observed that not all nurses 
had heard of data-driven algorithms; therefore, we pro-
vided examples, such as predictive algorithms. Although 
initially unfamiliar with the concept of “predictive algo-
rithms”, ten out of 17 nurses (59%) could define predic-
tion and understood the concept of predictive algorithms 
after it was explained to them. Most nurses emphasised 
the potential benefits of data-driven algorithms, such as 
improving patient prioritisation, clinical decision-making, 
early detection of deterioration, and facilitating preventive 
interventions (Q9, Q10, Q11). They favoured algorithms 
for detecting patient deterioration and guiding treatment, 
emphasising the challenge of managing a high patient load 
and the potentially unnoticed deterioration of patients 
(Q13). Nurses highlighted the necessity for improved 
methods to monitor patients’ real-time status, particularly 
from the nurses’ station during intervals between spot-
check rounds and overnight. They suggested that data-
driven algorithms could contribute to addressing this 
need (Q14). Providing an overview of algorithm outputs 
for all patients via the nurses’ station (e.g. utilising a tab-
let) or implementing alarms could enhance care optimi-
sation according to them. Additionally, they underscored 
the potential of algorithms to standardise clinical practice 
by aiding nurses in making informed clinical decisions.

Nurses acknowledged the potential negative effects of 
algorithms providing incorrect outputs (mainly in terms 
of risks for the patients). They identified the main cause 
as issues with the algorithm’s input, particularly incor-
rect monitor readings. They cited instances where sen-
sors measuring vital signs, such as peripheral oxygen 
saturation and temperature sensors, malfunctioned or 
detached, resulting in inaccurate measurements.

Recognising the usefulness of algorithms and their 
potential for error, nurses emphasised the importance of 
relying on their clinical expertise to interpret algorithm 
outputs (Q12), for which they need to observe, inter-
pret, and verify the output in light of the patient’s con-
dition and vital signs. Additionally, they underscored the 
importance of comparing the output of the algorithm and 
accompanying data with manual spot-check monitoring 
results and the patient’s current clinical condition before 
considering interventions.

Regarding the preferred characteristics of an algo-
rithm’s output, the majority of nurses were inclined to 
accept colour-coded outputs and highlighted the impor-
tance of displaying the  vital signs on the monitoring 
system, emphasising the need for explainable outputs. 
Almost half of the participants favoured a scoring system 
(i.e. a numeric scale) as the output of the algorithm based 
on a known score, such as the coma scale used to assess 
children’s level of consciousness.
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We asked about the impact of using a data-driven algo-
rithm for guardians, as we observed that they worked with 
nurses to provide medical care to their children. Nurses 
had varying perceptions of how a data-driven algorithm 
could affect care when considering the current role of 
guardians. One nurse believed introducing a data-driven 
algorithm could enhance guardians’ ability to recognise 
patient deterioration and help in providing care. However, 
another nurse expressed concern that such involvement 
could increase guardians’ stress. To alleviate guardians’ 
anxiety, nurses considered it necessary to minimise the 
information related to the algorithm’s output on the tab-
let which remains visible to the guardian. For instance, 
nurses recommended showing a simplified score (just a 
number) or indicator lights (green-yellow–red) instead of 
a comprehensive score that also depicted vital signs out of 
range (Q15). All nurses unanimously agreed that guard-
ians should not participate in data entry.

Step three: prototyping
Based on the results of the observations and interviews, 
we selected prototype components for a user interface 
of a hypothetical data-driven algorithm designed to pre-
dict the deterioration of paediatric patients using vital 

signs data from the IMPALA system. Additionally, we 
searched for a scoring system for deterioration known 
by the nurses in our context. The PEWS-RL is a scoring 
system that indicates the risk of deterioration based on 
one entry and is an adaptation of one of the most well-
known scores specifically for LRS [24]. The hypothetical 
example used for prototyping is then a PEWS-RL-like 
score that would use continuous monitoring of vital signs 
and other manually entered data to determine the risk of 
deterioration. The information that hypothetically would 
be provided by the data-driven PEWS-RL score aligns 
well with the results of the contextual inquiry, interviews, 
and design objectives, and it is clinically relevant to criti-
cal care.

Three prototype components emerged: (a) risk rep-
resentation, (b) representation of score input, and (c) 
representation of the changes in the score (Fig.  3 and 
Table 3). At least four design prompts were created for 
each component, to be used during the co-design ses-
sions. The different design prompts are aimed at find-
ing understandable and clear representations. They 
were also intended to explore the nurses’ need to com-
prehend how the system generated the output and the 
factors leading to an increased score. The different 

Fig. 3 Prototype components and the different design prompts explored during the co-design sessions
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representations of changes in the score were designed to 
establish the most intuitive way to communicate changes 
in health state (especially deterioration). For each proto-
type component, refinements were identified (Table  3). 
Refinements refer to the iterative process of improving 
the design. The prototype components served as the 
groundwork for the co-design sessions (Table 3).

Step four: co‑design sessions
In summary, we confirmed that the hypothetical data-
driven PEWS-RL provided a solid foundation for fur-
ther discussions and helped nurses focus on practical 
design issues and how they related to their clinical 
practice. For each prototype component, we presented 
the nurses between four and five design prompts (Fig. 3 
and Table 3). Since the rankings carried out by the par-
ticipants were difficult to interpret, we opted for an 
open discussion instead of a quantitative analysis.

Prototype component: risk representation
The nurses expressed familiarity with colour-coded 
triage systems and considered colour-coded scores 
(Fig.  3a (i)) more user-friendly than numbers (Fig.  3a 
(ii)). For example, they consider intuitive that red scores 
indicated “immediate attention” while green indicated 
“low risk”. However, nurses confirmed the need for a 
score that would provide more detailed information 
than just binary classifications of “good” or “bad”. For 
this reason, they favoured a colour scale representing 
different risk levels or combining numbers with colours 
to indicate the severity, thus providing better clinical 
insights. Regarding the numeric representation of the 
score, nurses preferred a one-to-ten scale (Fig. 3a (ii)). 
The second preferred option was percentages (Fig.  3a 
(iii)). Participants suggested that a text-based risk rep-
resentation (e.g. ‘high risk for deterioration’) could 
reduce the need for interpretation and reduce variation 
in clinical responses caused by the different levels of 
education and training among nurses, which is a chal-
lenge also identified during the interviews (Fig. 3a (iv)).

Prototype component: representation of score input
Nurses were presented with five prompts that pre-
sented the factors that contribute or explain the risk 
displayed by the algorithm (Fig.  3b). They highlighted 
that if the algorithm’s output is not accompanied by 
a clear explanation and indication of which data are 
behind the output (Fig.  3b (i)), it can be difficult for 
nurses to identify the source of the increased risk score 
and make the right clinical decisions. They highlighted 
the importance of viewing the individual vital signs 
contributing to the score, particularly when some vital 
signs were in alarming ranges and triggering alerts 

(Fig. 3b (ii–v)). Nurses voiced their need to understand 
why a score changed and to have access to the clinical 
information for them to corroborate clinically. They 
expressed that they would distrust the algorithm when 
vital signs did not align with the output (Fig.  3b (v)). 
These results corroborated the findings from interviews 
categorised under the theme “perspective on data-
driven algorithms”.

Prototype component: representation of changes in the score
Five prompts were used to explore the best way to rep-
resent changes in the algorithm’s output (Fig.  3c). Each 
option combined a numerical value (representing the 
algorithm’s output) with symbols or a graphic represen-
tation of a scale to illustrate the direction of the change 
in the algorithm’s output. Symbols included arrows (↑, 
↓, → , ← ; Fig. 3c (i–iii)) and plus and minus signs (+ , − ; 
Fig.  3c (iv)). The third prompt (“4 → 6”) was preferred 
by most nurses because it displayed both the previous 
and current scores and the direction of the change was 
clear to them. Nurses found this representation to ena-
ble them to clearly assess the child’s progression. In con-
trast, nurses concluded that the first, second and fourth 
options (“6↑”, “6↓”, “6(+ 2)”) were not intuitive. Prompt 
five, a graphic representation of a scale, was considered 
confusing and could not be interpreted, although dur-
ing the discussion, the concept of representing scale was 
considered valuable.

The information gathered about the four prototype 
components was used to generate a single design pro-
posal of the algorithm’s interface, incorporating all com-
ponents (Additional File 1: Final design proposal). This 
design will be used to develop an interface that will be 
incorporated into a new IMPALA system prototype, 
which will be the focus of future research.

General discussion about data‑driven algorithms valuable 
for critical care in LRS
The last step of the co-design session engaged nurses 
in an open discussion to learn about their perceptions 
regarding a wider selection of algorithms. The follow-
ing types of algorithms were discussed: algorithms that 
would (i) predict deterioration (as the example used for 
the co-design session), (ii) indicate treatments or inter-
ventions, (iii) diagnose, and (iv) determine the moment 
of discharge.

Deterioration prediction algorithms consistently emerged 
as the most realistic and helpful application. Nurses dis-
cussed the time delay in detecting early changes in vital 
signs and the compensatory mechanisms in children’s bod-
ies, which stop abruptly at a certain threshold, unlike in 
adults. Here, they suggested that a deterioration prediction 
algorithm could be valuable. When discussing discharge 
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algorithms, nurses disagree on considering patient improve-
ment or low risk of deterioration as the basis to indicate 
readiness for discharge. In response, nurses suggested inte-
grating discharge and deterioration into a single algorithm. 
However, they acknowledged that ultimate responsibility 
for discharge decisions rests with doctors, so implement-
ing a discharge algorithm would not directly impact their 
immediate decision-making. Nurses at ZCH identified an 
overlap between the potential positive effect of treatment 
and diagnostic algorithms, noting that delayed diagnoses in 
their current clinical practice result in subsequent delays in 
treatment. Consequently, nurses proposed combining treat-
ment and diagnostic algorithms; however, they expressed 
scepticism about the reliability and functionality of these 
algorithms and insisted on the importance of human con-
trol alongside their use.

Discussion
To our knowledge, this is the first study to investigate 
nurses’ perceptions regarding data-driven algorithms 
in Africa using a comprehensive and multidisciplinary 
approach. Contextual observations highlighted key chal-
lenges arising from scattered and insufficient monitor-
ing equipment, physical configuration of the wards, 
shortage of nurses, and inconsistent decision-making 
practices. These challenges were corroborated during 
interviews. Nurses acknowledged the potential benefits 
of data-driven algorithms for HDU patient care but also 
expressed concerns about input accuracy, emphasising 
the need to use algorithm outputs in conjunction with 
clinical expertise rather than blindly following their out-
puts or recommendations. During the co-design sessions, 
nurses emphasised a preference for a clear, colour-coded 
and non-binary presentation of the algorithm’s output. 
They found it necessary to understand which clinical data 
lead to a particular output and to be able to verify the 
clinical data on the IMPALA system, next to their own 
clinical observations. Finally, we generated a design pro-
posal for integrating the interface of an algorithm into the 
next prototype of the IMPALA system (Additional File 1: 
Final design proposal).

Our study aligns with other reports from LRS, which 
have identified that the constraints on time and resources 
necessary for vital signs measurements were prominent 
factors affecting nurses’ ability to provide comprehen-
sive care and effectively prioritise patients [24]. In pae-
diatric critical care settings, such as HDU wards, where 
clinical decisions can have life-saving consequences, 
continuous monitoring strategies supported by data-
driven algorithms can be part of the solution; for exam-
ple, by enabling early detection of deterioration and 
facilitating preventive interventions [5, 12]. In our study, 
nurses emphasised the added value of using data-driven 

algorithms to support patient prioritisation and improve 
clinical decision-making in critical care, similar to high-
resource settings [28–31]. To our knowledge, no simi-
lar studies have been carried out in LRS, evidencing an 
important gap in scientific literature. The positive atti-
tudes towards data-driven algorithms indicate a general 
acceptance of this new technology, consistent with prior 
research [30–33]. However, conditions must be met to 
make them appropriate for clinical care, especially in 
LRS. We describe the position of nurses as being “cau-
tiously optimistic” about data-driven algorithms.

Algorithms, like the one analysed in this study, when 
implemented in medical practice, will change the work-
flow; for example, responsibilities, roles, scalation path-
ways, and communication among healthcare staff and 
between healthcare staff and patients/guardians. An ade-
quate implementation plan would take these aspects into 
account before attempting to roll out such technology in 
a clinical setting [34].

This study highlights the importance of displaying the 
output of predictive algorithms by means of a simple, user-
friendly and understandable design. This will allow nurses 
to appropriately act upon an algorithm’s output. Viable 
design strategies include the application of colour cod-
ing to indicate when action is required. A colour-coding 
approach has been successfully implemented in various 
medical settings, e.g. emergency caesarean sections, and 
other triage tools for resource-limited emergency care, 
e.g. the WHO emergency triage assessment and treatment 
(ETAT) [25, 26]. Although colour coding can be a valuable 
design element for improving communication and deci-
sion-making in healthcare environments, it is essential to 
be compliant and respect current standards [35].

In our study’s context, an essential feature to generate 
trust in a data-driven algorithm is to facilitate an expla-
nation of the output (nurses need to understand how an 
output is generated and what it means), which aligns with 
the concept of “explainable AI” (“feature of an AI system 
that is intelligible to non-experts”) [36]. Similarly, nurses 
need to understand which clinical data lead to a particu-
lar output, making it necessary to trace back which data 
was used by the AI system, this aligns with the concept of 
“traceability” (“ability to track the journey of a data input 
through all stages” until decision making) [36]. Explain-
ability and traceability are two of the three elements of 
transparency [36]. Transparency enable nurses to vali-
date the algorithm’s outputs, identify potential errors, 
and make informed decisions grounded in their clinical 
judgment [37]. These elements should be embedded into 
the algorithm’s design, for example, by providing an over-
view or easy access to relevant data, in our case vital signs 
data. They also need to be addressed during the imple-
mentation process, together with training programmes, 
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to acquire adequate new skills to adopt a critical care 
strategy that  incorporates the use of a data-driven algo-
rithm [33]. Training can help nurses recognise conditions 
that limit the performance of an algorithm, for example, 
when a score does not match the current vital signs, and 
help nurses interpret the algorithm for the particular 
case at hand, and decide the most appropriate follow-up 
clinical steps [38]. However, as previous human-factors 
research indicates [39, 40], explainability can be mislead-
ing and may not necessarily increase users’ likelihood of 
following an AI prediction. It could even make it more 
challenging to identify incorrect predictions. Therefore, 
an in-depth assessment of explainability will need to be 
carried out in future research [40].

Training programmes should be designed for target 
groups with different levels of clinical expertise; for exam-
ple, in our case, to address variations in familiarity with vital 
signs monitoring, data visualisations, and algorithms [24]. 
In our study, nurses acknowledged significant variations in 
their knowledge and competencies regarding specialised 
critical care, specifically limitations inappropriately inter-
preting vital signs trends and prioritisation. Other studies 
have identified these challenges, such as lacking training 
programmes for early critical care services in LRS [24, 41–
43]. Another possibility is formally introducing the concept 
of data-driven algorithms in nursing study programmes.

Previously reported literature found that guardians’ 
involvement in monitoring and medical care is crucial 
in LRS, including critical care settings [17, 44]. Obser-
vations and interviews indicated that nurses considered 
the involvement of guardians positive. Consequently, 
we argue that the guardians’ role should be taken into 
account for both design and implementation and should 
be addressed in-depth in future research.

Limitations and strengths
This study was limited to two sites in Malawi, which 
requires considering the context before attempting to gen-
eralise our results. However, by including two different 
hospitals, with different urban and rural populations, and 
differences in resources available, we aimed to capture at 
least some of the variation between healthcare facilities in 
Malawi. The challenges generated by the lack of resources 
in these hospitals are common to countries in Sub-Saha-
ran Africa. We focus on nurses as key users of vital signs 
monitoring systems, and we ensure to enrol nurses with 
different levels of expertise. However, future research 
needs to explore the perceptions of doctors, clinical offic-
ers, guardians, and other stakeholders who may utilise the 
technology actively or passively. Although the study pro-
vided evidence-based information to choose an appropri-
ate algorithm to integrate into the IMPALA system and 
provided the first design prototype of the interface, several 

aspects still need to be researched, including the use of 
alarms to reflect the urgency of the algorithm’s outputs 
(ongoing research). While choosing one hypothetical algo-
rithm to carry out the co-design sessions may have lim-
ited the breadth of the co-design process, it facilitated the 
illustration and testing of fundamental design principles, 
informing the algorithm and interface development from 
a human-centred perspective. Despite these limitations, 
the study’s focus on LRS contributes to filling a significant 
gap in existing scientific literature [28–31]. Furthermore, 
applying a human factors perspective and the methodo-
logical triangulation of contextual inquiry, interviews, and 
co-design sessions offered a comprehensive understand-
ing of the potential of data-driven algorithms in paediatric 
HDUs in LRS and guided their development and imple-
mentation. Finally, the multidisciplinary approach allowed 
us to understand better the context and the significance 
of data-driven algorithms in critical care within LRS, and 
draw a set of general recommendations for the pre-imple-
mentation of data-driven algorithms in LRS (Table 4).

Conclusions
This pre-implementation and human-centred design 
study offers valuable insights into nurses’ perceptions 
regarding data-driven algorithms for paediatric critical 
care in LRS, which we describe as cautiously optimistic. 
Nurses welcome data-driven algorithms but are clear 
about the superiority of their experience and clinical 
expertise. Acceptance of such a system depends on devel-
oping explainable and traceable systems. From a method-
ological perspective, we presented a research mechanism 
to explore and translate perspectives on the ground into 
development and design strategies. Our results are rel-
evant for developing, designing, and implementing such 
algorithms and their accompanying software in vari-
ous healthcare settings, but specifically for critical care 
within LRS. Most notably, the study demonstrates the 
genuine potential of data-driven algorithms in critical 
care environments in LRS, highlighting how contextual 
factors determine the effectiveness of these tools.
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