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Abstract 

 

The broad adoption of the National Early Warning Score (NEWS2) was formally 

endorsed for prediction of early deterioration across all settings. With current 

digitalisation of the Early Warning Score (EWS) through electronic health records 

(EHR) and automated patient monitoring, there is an excellent opportunity for 

facilitating and evaluating NEWS2 implementation. However, no evidence yet shows 

the success of such standardisation or digitalisation of EWS in cardiac care settings. 

Individuals with cardiovascular disease (CVD) have a significant risk of developing 

critical events, and CVD-related morbidity is a critical burden for health and social 

care. However, there is a gap in research evaluating the performance and 

implementation of EWS in cardiac settings and the role of digital solutions in the 

implementation and performance of EWS and clinicians' practice.  

This PhD aims to provide high-quality evidence on the effectiveness of NEWS2 in 

predicting worsening events in patients with CVD, the implementation of the digital 

NEWS2 in two healthcare settings, the experience of escalation of care during the 

COVID-19 pandemic, and the evaluation of EHR-integrated dashboard for auditing 

NEWS2 and clinicians' performance. 

  

Chapter One: Introduction. 

 

This chapter discusses the concept, history, and development of EWS until the 

standardised digitally assisted EWS in different settings. It shows the need for 

appropriate EWS for individuals with CVD and the importance of technological health 

solutions for prediction of deterioration, and escalation. In the context of the current 

COVID-19 pandemic, the complexity of patients and rapid responses impact the 

performance and implementation of EWS. From a background of cardiac critical-care 

and digital transformation background, the experience has motivated the research of 

EWS for deteriorating patients with CVD and digital solutions in the COVID-19 

context.  
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Chapter Two: Methods. 

 

The chapter discusses the methodologies, frameworks followed, and data sources 

used to conduct the methodology. Mixed methods were followed to give deep 

understanding of the quantifiable results and qualitative data as integrating in the 

process. The chapter explained the rationale for tools and methods applied. The first 

study was a systematic review of EWS in different settings. Then, a retrospective 

cohort validation was conducted using three health data sources. A scoping review 

of the escalation of care led to an implementation evaluation through nurses' 

interviews and surveys. Finally, a mixed methods approach was used to evaluate 

quality improvement.  

  

Chapter Three: Systematic Review. 

- The performance of Early warning scores in different subgroups and settings.  

  

In a systematic review, I examined the predictive performance of different EWS in 

different clinical settings. Findings showed that validation studies of EWS have been 

heterogeneous in their methodology, performance measures, and studies in each 

subgroup. The validation of EWS performance and EHRs integrated with EWS were 

very limited in specialised settings, including cardiac patients. Therefore, there is a 

need to validate the performance of EWS in patients with CVD and examine the 

integration of EHRs into facilitating digital systems.  

  

Chapter Four: Retrospective Evaluation.  

- The performance of digital NEWS2 in patients with CVD.  

  

The study investigated the performance of digital NEWS2 in predicting critical events 

in a specialised cardiovascular setting (St Bartholomew's Hospital). The performance 

in patients with CVD was insufficient for early prediction of deterioration. 

Supplementing NEWS2 with age and cardiac rhythm improved discrimination for 
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cardiac patients, and age improved accuracy for COVID-19 cases. However, there is 

a need to explain the escalation of care and the implementation of digital EWS to 

understand the experience in practice. 

  

Chapter five: Scoping Review. 

- Escalation of care in the COVID-19 pandemic. 

  

This study investigates the experience of escalation of care and factors leading to its 

success or failure during the COVID-19 pandemic. Emergency plans adjusted the 

escalation strategy while a lack of resources and learning opportunities challenged 

the adjustments. Organised workload and competent management facilitated the 

escalation of care; however, the role of EWS was not explored. The application of 

EWS in the context of the pandemic for escalation of care and EHR integration is to 

be explored in cardiac and non-cardiac settings.  

  

Chapter Six: A qualitative study. 

- The implementation of digital NEWS2 in cardiac and general hospital settings. 

 

Following NEWS2 performance evaluation and reviewing the escalation of care, the 

implementation of NEWS2 as a digitalised systemic intervention for escalation 

requires evaluation. This study evaluated the implementation of EHR-integrated 

NEWS2 in a cardiac care setting and a general hospital setting in the COVID-19 

pandemic. The value of NEWS2 was partly positive in escalation, yet concerns led to 

undervaluing NEWS2, particularly in cardiac care. Challenges, such as clinicians' 

behaviours, and lack of resources and training, limit implementation success. EHR 

integration and automation are solutions that are not fully employed. Evaluating the 

work of health professionals utilising advanced health technology may help manage 

the challenges in managing acutely ill patients.   
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Chapter Seven: Quality Improvement Study. 

- Evaluating a dashboard for NEWS2 and deteriorating patients.  

  

The qualitative study findings indicated the need to address the challenges facing 

clinicians utilising advanced health technologies. This study evaluated a real-time 

dashboard of NEWS2 and deteriorating patients’ assessment, referral, and therapy. 

The dashboard is perceived as a facilitator for auditing NEWS2 and escalation of 

care to improve practice. However, guiding clinicians and adjusting data sources and 

metrics could enhance functionality. NEWS2 recording, referral and assessment 

have improved after the dashboard rollout.  

  

Chapter Eight: Discussion.  

  

In this chapter, I assimilated the findings across studies. Findings on the predictive 

ability for CVD patients, the success of NEWS2 in cardiac care, implementation 

challenges and digital facilitation were reviewed. The performance of NEWS2 may 

correlate with how it is implemented in cardiac settings resulting in the prediction of 

deterioration effectiveness. EHR-integrated digital solutions can facilitate the 

success of NEWS2 in the escalation of care if improved and fully employed. Better 

development of EWS for cardiac disease and understanding the relationship 

between implementation, performance, and digitalisation may enhance patient 

outcomes.  
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Impact statement 

 

The thesis has discussed various areas in deteriorating patients’ management using 

Early Warning Scores in cardiac care and applying digital health solutions. The 

impact of this research can be of great potential in the clinical settings, research, 

academia, clinical guidelines and through the dissemination of findings.  

 

Clinical impact 

 

Research findings may guide clinical experts to use their knowledge and experience 

when utilising EWS while continuing to assess the validity of NEWS2 for patients 

with CVD and examining suggested adjustments to improve its application. In 

addition, the report guides clinicians to incorporate the validity of EWS as a tool with 

the implementation elements, including the organisational support and the culture in 

the hospital setting when implementing or updating an EWS. Findings may be 

considered to review and adjust digital health solutions to serve as facilitators for 

EWS and to review the EWS in EHRs regularly to find areas needing alteration.  

 

Clinical guidelines 

 

The findings addressed the need to take clinical experts' opinions when planning the 

development and validation of standardised or specialised EWS. In addition, it is 

suggested to involve clinical experts in updating the guidelines on EWS use, 

including parameter thresholds and the appropriate response to alarms. 

 

Academically 

 

The research highlights the need for integrating Health informatics competencies into 

medical training curricula and implementing continuous digital health training during 
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clinical practice while tailoring training to fit the needs of health professionals from 

different levels. 

 

Research 

 

The findings addressed a need for potential research, including prospective 

validation studies of EWS in patients with CVD, qualitative research exploring the 

ethnography of the work culture, examining the role of EWS in escalating 

deteriorating patients at the time of the pandemic and examining the clinical benefit 

of the digital tools facilitating EWS.  

 

Dissemination of findings 

 

Two chapters in the thesis have already been peer-reviewed, published in a medical 

journal, and presented at two international conferences: cardiovascular care and 

healthcare systems-related conferences. One chapter is accepted to be presented at 

an international conference for intensive care medicine, and other studies are 

already undergoing peer review for publication. 
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Chapter 1 

 

Introduction  

 

 

Cardiovascular diseases 

 

Disease prevalence  
 

Cardiovascular diseases (CVDs) were the primary cause of death in 2019. The 

estimated number of deaths attributed to CVD was 17.9 million people in 2019, 

representing 32% of the total deaths worldwide and estimated to be higher by 2030. 

Of the 17 million deaths due to non-communicable diseases, 38% were caused by 

CVD in 2019. Of these deaths, 85% were due to stroke and heart attacks, and 

coronary heart disease (CHD) is estimated to be the leading cause of deaths in 

14.9% of males and 13.1% of females d worldwide (1,2).  

 

In the UK, CVD affects around 7,6 million people and is one of the most significant 

causes of disability and death. CVD causes one-quarter of premature deaths – one 

death every three minutes- which represents a significant gap in health expectancy. 

The most common type of CVD, CHD, is a leading cause of death in the UK. 

Coronary heart disease and stroke came right after COVID-19 and Alzheimer’s 

disease in the top five  UK causes of death in 2020 (3) (Figure 1). Although death 

rates from cardiovascular disease have fallen by more than 75% from 1961 to 2020, 

which may be related to people living longer and improvements in medical diagnosis 

and care, it remains a significant burden that deserves national health attention 

(Figure 2).  
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The total healthcare cost of CVD cases in the UK is estimated at £9 billion annually, 

and the total cost, including disability and informal care, is estimated at around £19 

billion yearly(4).  

 

CVD is a term for a group of disorders of the heart, peripheral tissues, and the brain. 

It encompasses CHD, coronary artery disease (CAD), atherosclerotic cardiovascular 

disease (ASCVD), rheumatic heart disease, congenital disease, heart failure, all 

diseases of the circulatory system, peripheral arterial disease, deep vein thrombosis 

and pulmonary embolism (5,6). One of the NHS major plans identifies CVD as “the 

single biggest health condition” and a clinical priority to focus on for lives can be 

saved in the next ten years (7).  

 

 

 

Figure 1.  The top 5 causes of death in the UK in 2020 (3). 
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Figure 2. Death rates from heart and circulatory diseases (CVD),UK, from 1969 to 2020 (3).  

 

 

Cardiovascular risk scores  
 

The majority of CVD are avoidable when risk factors are addressed as early so 

management can be effective and adverse events are prevented (2). Health 

professionals use cardiovascular risk factors to identify patients who will benefit from 

prevention therapy at a primary level and deliver it to those at a higher risk than 

others for developing CVD(8,9). A risk is a probability of having or developing an 

unwanted event or condition or the value of that probability by the event severity 

measured(10). Risk scores are derived from a quantifiable measure of risk factors in 

an evidence-based equation that produces a numerical score for the estimated risk 

of a disease, condition, or an event. Various cardiovascular risk scores have been 

produced over the years for the prediction of risk of disease and to inform 
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management. Standardised and disease-specific risk scores have been applied to 

individuals with CVD to provide clinical information to support or guide decision-

making in the clinical setting (11).  

 

Prognostic cardiovascular risk scores   
 

The concept of risk scores models is to estimate the probability of developing a 

condition or an outcome, termed prognosis risk scores. For CVD, prognostic risk 

scores were developed for the estimated long-term cardiovascular clinical outcomes. 

These models are derived from clinical trials and are used globally in primary and 

secondary health settings. Among the thoroughly validated and broadly utilised risk 

scores are the Framingham risk score for the risk of coronary heart disease (1), 

Thrombosis In Myocardial Infarction (TIMI) for the likelihood of cardiovascular 

ischaemic events (12), CHA2DS2-VASc for predicting thrombosis in patients with 

atrial fibrillation (13), and The Global Registry of Acute Coronary Events (GRACE) 

for mortality prediction in acute coronary syndrome (14). These scores were 

developed to predict the clinical outcome in a period from months to years in a 

patient's life in order to plan a targeted preventive treatment. However, rapid 

worsening in acute illness in patients' conditions requires different stratification 

methods. Risk factors and period of recognition of rapid deterioration vary from long-

term prognostic risk scores to early and rapid recognition tools. In the latter, 

symptoms in hours or days prior to a worsening event account for their effectiveness 

in predicting a severe critical illness.   

  

Management of critical illness  

 

Acute illness  
 

Acute illness is a medical condition that occurs in a short period. The illness can be 

minor or serious. Minor acute illnesses are common conditions for general 

practitioners, while serious illnesses represent an aggravation of an existing chronic 
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illness or a sudden onset of undiagnosed disease (15). Serious or major acute 

illnesses vary in their representation according to the origin and presenting 

symptoms. They appear severe and often sudden in onset and change or worsen 

rapidly over time (16). The symptoms in the rapid onset of severe illness can be 

tricky for doctors and nurses to identify and anticipate deterioration. The term acute 

illness is often used to reflect a major or severe illness. Some of the most common 

severe illnesses include diabetic coma, cardiac arrest, epilepsy, stroke, sepsis, 

pneumonia, and increasing respiratory failure resulting from severe COVID-19 

(17,18). Severe acute illness is frequently encountered in clinical practice and often 

requires rapid and intensive care. In England, 291,679 to 235,262 critical care 

records were registered in intensive care units (ICU) from 2019, when the COVID-19 

pandemic began, until 2021(19). The numbers of critical care reflected the impact of 

the severity of critical illness caused by the pandemic and other illnesses associated 

with severe events on ICU admissions. Patients with cardiovascular diseases 

account for a higher critical care period than other patient groups. Data from the 

King's Fund critical care in 2020 shows that hospitalised patients with cardiovascular 

or respiratory organs-related conditions require more periods of critical care support 

compared to support for patients with other organ diseases (20) (Figure 3).        
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Figure 3 . Cardiovascular and respiratory support account for a large share of critical care activity 

(20). 

 

Mechanism of critical illness  
 

A significant portion of patients experiences a serious acute illness that requires 

critical care during their hospitalisation. The major acute illness has specific 

characteristics around which recognition and management are shaped (15). The 

“alarm symptoms” phase, when symptoms are presented as flags indicating a patient 

may be acutely ill or potentially experience a critical condition related to a serious 

underlying problem, is significant in acute illness (15). This phase proceeds with the 
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occurrence of a serious illness or the exacerbation of an existing condition. A set of 

subjective and objective criteria of physiological deterioration take place in this 

phase, including neurological abnormality, vital signs changes, or sudden pain (21). 

These changes are recorded by clinical staff up to 24 hours prior to serious events, 

as reported by Franklin (1994), Hillman (2002), Kause (2004), Shein (1990) and 

Smith (1998)(22–26). Other studies reported observing the disturbances eight hours 

before the events (27–29), while others indicated observing patients to be at high 

risk between 8 and 48 hours before the serious event occurring (27). It was noted 

that up to 84% of patients who experienced cardiac arrest had experienced slow 

deterioration in vital signs. Many cases admitted to the ICU from the ward needed 

critical response management prior to admission (21,26,30). Reaching a severe 

clinical event affects the patients’ prognosis negatively and is found to increase the 

mortality rate (31). Recognising critical illness is a vital yet complex process. It 

requires a structured methodological preventive care plan. 

 

Inadequate critical illness management 
 

Significant issues were identified in the quality of care prior to critical illness, such as 

cardiac arrest and unplanned intensive care transfers. In previous studies, the 

instability of physiological parameters was found to be unidentified or poorly 

managed in the alarming symptoms phase of critical illness (18,21,32,33). 

Inadequate or suboptimal care has been shown to contribute to most morbidity and 

mortality cases. Suboptimal care was found in 54% of the cases with failure to 

recognise Instability and escalate to a senior clinician or critical care response team 

(CCRT) (30). Studies found that up to 27% of deaths were potentially preventable 

(34–36). Nonetheless, it has been demonstrated that nurses and health care workers 

may fail to interpret these changes accurately and therefore fail to intervene. As a 

result, there are fewer chances to prevent critical events such as cardiac arrest or 

sepsis  (25,30,37,38). A previous study in the UK found that 65% of deaths of 

patients after resuscitation failed were avoidable, and 36% of patients admitted as an 

emergency cases to the intensive care were unrecognised in the symptoms phase 

and inappropriately managed (39). Supporting findings in a national confidential 
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enquiry for acute illness management led to the recommendation of systemic 

recognition and response to deterioration in healthcare settings (40).  

 

Rapid response models  

 

Recognising the complexity of managing clinical deterioration has produced the need 

for a structured system. Forming a complete system that enables clinicians to 

manage critical illness is necessary. The rapid response system (RRS) is used to 

describe the whole scheme that provides a “safety net” for patients at risk of 

imminent critical illness and who have needs unmatched by resources (41). In the 

RRS, there is an afferent, or the “crisis detection” limb, which detects an event and 

triggers a response. An efferent or an “acting” limb is activated when a sign is 

detected. This is when the higher-capability team – referred to as the Medical 

Emergency Team (MET), Rapid Response Team (RRT), or Critical Care Outreach 

Team (CCOT) – is involved. This response should provide the necessary 

stabilisation of the patient and thus prevent serious deterioration. The consensus 

recommendation regarding medical emergency teams (41) was that the afferent limb 

must follow a systematic approach of utilising identified objective criteria, along with 

clinical subjective criteria to complement the assessment in discriminating which 

patients need an emergency response (Figure 4).   

In 2005, the European Resuscitation Council enforced the importance of recognising 

critical illness and preventing serious deterioration such as cardiac arrest in their 

presented “chain of survival” (42). This included an early response to cardiac arrest 

with early CPR and advanced life support. Early recognition remained a complicated 

task and required attention. Smith (2010) claimed that the RRS might be 

unnecessarily complex, with “special” nervous system terminologies that add extra 

work to routine monitoring by nursing staff. He presented a plan called “chain of 

prevention”. The aim was to assist healthcare settings in building a system clinicians 

can refer to when patients experience a clinically acute phase in the hospital (43). It 

consists of five rings: education, monitoring, recognition, call for help, and response 

(Figure 5). 
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In both models, the RRS and the chain of prevention, there is agreement that 

detecting deterioration and rapid response are vital. However, the chain of 

prevention is expressed in more easily understood and memorable words. Although 

these actions seem inevitably achievable as routine parts of care delivery – such as 

continuous monitoring – nonetheless, recognition is a fundamental, yet still a difficult 

step in the process (43,44). Various methods have been followed to guide 

recognition (45) while searching for an optimal layout for acutely ill patient 

management. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Afferent and efferent limbs in RRS (41). 
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Figure 5. The chain of prevention by © Gary Smith, 2010 (43).  

 

 

Early Warning Scores  

 

Development of EWS 
 

Research findings supporting the possibility of preventing deaths and unanticipated 

critical events led to the introduction of early detection innovations, the Early 

Warning Score (EWS) systems (46). EWS are tools designed for the systemic 

monitoring of a patient's physiological parameters to match the afferent limb of the 

RRS. They are formed of a simple algorithm with an aggregate-weighted track-and-

trigger system (AWTTS) that evaluates the physiological parameters, such as heart 

rate, systolic blood pressure, temperature, respiration rate, and neurological status, 

to produce either a single or an aggregate score depending on points given to each 

parameter deviating from normal.  

The concept of EWS was initiated in 1997 by Morgan, William and Wright in a 

presented poster at a conference(47). The first track and trigger system was 

developed as part of Australia's wider rapid response system to facilitate critical care 

in hospital wards (48). The system routinely monitored a selected set of vital signs 

and other indicators. If a threshold hits the point of an abnormal value, it triggers a 
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response. The response involves activating a critical care response team or a rapid 

response team.  

The first published validation study was conducted in 2001 on the Modified Early 

Warning Score (MEWS)(49). EWS tools continued to emerge; in 2010, ViEWS was 

developed based on previously published EWS and formed by antecedents to critical 

events using experts' opinions (50). Following that, the National Early Warning Score 

(NEWS) was introduced in 2012 by the Royal College of Physicians (RCP) in the 

UK. It was recommended for early detection and response for deteriorating patients 

(51) (Appendix 1 and Table 1). The RCP produced an updated version in 2017, 

named NEWS2, with modifications to NEWS in terms of appropriate scoring for type 

2 respiratory failure, recognising confusion as a sign of deterioration, and more 

emphasis on identifying serious sepsis (52,53) (Table2). NEWS2 has received large-

scale implementation in the NHS hospitals in England, advocating a standardised 

detection and response system for critical events as key elements of patient safety 

and improved outcomes. In addition, the NICE recommendation advocates their 

widespread use (54). The various systems developed were associated with the 

scope of specialist critical care teams, including CCOT, RRT, and the medical 

emergency team (MET). Nowadays, EWS is widely used in developed countries 

(e.g., the USA, UK, Netherlands, and Australia) that seek simple, reliable, and 

successful solutions to prevent or minimise healthcare burdens.  
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Table 1. The National Early Warning Score (NEWS) (51). 

 

 

 

 

 

 

 

 

 

 

 

Table 2. The National Early Warning Score (NEWS2) (53). 
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Standardisation of early recognition 
 

Following the spread of EWS, many specialised tools have emerged with designs 

focused on particular subgroups, such as the Rapid Emergency Medicine Score 

(REMS) (55) for the emergency departments, Quick Sequential Organ Failure 

Assessment (qSOFA) (56) for patients with infections, and Obstetrics Early Warning 

Score (OEWS) for obstetric patients (57). While recognising the differences clinically, 

EWS moved away from the intended qualities of simplicity and timeliness of 

assessment (47). For example, some of these tools rely on parameters not available 

in the first hours of assessment, such as blood and imaging tests (58–60). 

 

From fragmented and unsuitable early assessment via specialised tools, EWS has 

shifted back to standardised prediction models such as NEWS and NEWS2. NEWS2 

was recommended as the standard system to be followed in ambulances and 

hospitals in the UK across all patient groups and settings. Despite the widespread 

application and recommendation of a standardised early warning scores system, 

there is a lack of evidence on the significance of their validation in various disease 

groups and settings and their significance on patient outcomes. (61,62).  

 

Fragmented systematic reviews have investigated the performance of EWS in 

various settings (55,63–66), two of which were conducted by the same team who 

investigated single and aggregate track-and-trigger scores (65,66). The reviews by 

Smith et al. (65) and Smith et al. (66) examined general patients’ settings, while the 

rest examined EWS in medical settings (61), medical and surgical settings (64), 

emergency departments (55), and patients with sepsis (63). Smith et al. (64) 

presented results contrary to an older study by Gao et al. (24), which was conducted 

more than a decade earlier. Smith et al. showed an improved predictive ability which 

did not support the study by Gao et al., which indicated an unacceptably low 

performance. Nonetheless, the findings may be limited due to inclusion criteria, and 

none of the studies included in Gao et al. (61) met the methodological quality criteria. 

The systematic review by Wuytack et al. (55) in emergency department settings 

demonstrated that most of the studies (28 out of 36) were validated externally and 

with a potential bias due to quality studies. However, the predictive ability was 
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positively reflected by certain EWS that were not used as frequently as MEWS, 

which had a less predictive ability. 

 

On the other hand, the review of studies on EWS in patients with sepsis (63), with 

the majority of studies utilised MEWS, failed to demonstrate effectiveness in 

predicting mortality (63). However, the review had a narrow inclusion of the EWSs 

examined and exclusion of patients with specific diseases (e.g. meningitis and 

pneumonia). Moreover, systematic reviews of the many other patients’ classifications 

and settings are absent.  

 

There is no clear evidence of the effectiveness of EWS standardisation when used 

across different disease subgroups and settings. Patients in specialised care settings 

are given special consideration by physicians and nurses with regard to specific 

disease-related symptoms. Arguably, EWS has to be tailored to each specialised 

patient’s group in order to be reliable (67). Despite the enthusiasm for unifying the 

management of deteriorating patients, standardised systems may not be the safest 

method in all subgroups. Given that the primary intention of implementing EWS is 

preventing and reducing critical events, enforcing standardisation has to be explored 

further in different patient categories.  

 

 

Rapid deterioration and EWS in CVD 
 

Risk stratification models for patients with CVD were developed to predict long-term 

worsening conditions rather than early detection of acute events. Scores such as 

GRACE for mortality estimation in patients with ACS, and CHADSVASC for stroke 

risk in patients with AF, are commonly used in CVD cases. However, rapid 

deterioration of the condition of a patient with cardiovascular disease is common. 

Severe acute illness in patients with CVD develops in a short period in an 

unpredictable pattern by clinicians.  

Both in hospital and out of the hospital, cardiac arrest is a critical medical emergency 

affecting patients with CVD. The UK survival rate is one out of ten cases. In-hospital 
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cardiac arrests (IHCA) in England reach around 20,000 cases yearly, with an 

estimated resuscitation and post-arrest care cost of £50 million annually (31). 

Individuals with cardiac conditions, such as ischaemia and CAD, risk developing 

cardiac arrest (68,69). Conditions such as heart attacks, cardiomyopathies and 

myocarditis are the leading causes of cardiac arrest (70). 

 

Over the years, the awareness of the need for prediction of early deterioration in 

patients with CVD has been increasing. The development and implementation of 

various standardised EWS were applied in patients with various disease aetiologies 

and clinical settings, including patients with CVD and cardiac care hospital settings. 

However, the development of disease- or setting-specific EWS for CVD patients was 

minimal, poorly examined, and restricted in application to a subset of CVD patients 

(71,72). CVD-specialised model lacks the fundamental feature of EWS, namely, 

simple and rapid detection while commonly used EWS scores, i.e., MEWS, lack 

validation in different specialities, including cardiac clinical settings.  

 

Validation challenges 
 

It is essential to understand that assessing deterioration is a difficult task due to the 

complexity of the deterioration process and the plan of care. It is therefore 

challenging to evaluate the role of EWS on patients’ outcomes. Validation studies 

vary in diverse aspects, mainly regarding the methodologies and tools evaluated. In 

the review conducted in 2007, 33 tools were identified as AWTTSs (61), and further 

EWS have been developed to-date.  

There was no evidence of the superiority of a single EWS over the others. It is 

important to bear in mind the potential bias in validation research due to caution in 

interpreting the clinical application and the development or validation process.  

From a clinical application perspective, the clinical course of critically ill patients is 

highly interrupted by confounding variables in clinical settings (47). Symptoms’ 

compatibility with predefined EWS criteria is questionable in different subgroups. 

From a validation point of view, there are issues concerning the reliability of 

validation studies due to the method used to measure scores and critical events, 
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which may have shifted away from the foundations of EWS use in clinical practice. 

The key aim of EWS is to identify a worsening condition in days to hours when the 

symptoms represent an embedding critical illness (73). Then, clinicians are alerted to 

respond early to rescue the patients from reaching a critical state. However, contrary 

to this target, EWS is evaluated based on a score reached 14 days to a month prior 

to a serious event or when damage has already occurred, such as death or ICU 

transfer (74). In addition, scoring systems were developed based on an aggregate 

scoring system or an associated algorithm which may result in disregarding a single 

parameter deviation if the algorithm does not count for a trigger point. In some 

cases, elevation in heart rate alone or temperature rise may indicate the necessity 

for a higher response than what is indicated by EWS guidelines (75). Furthermore, 

the calculation of inappropriately related physiological parameters to produce a score 

and trigger action may lead to failure to identify deteriorating patients.  

 

Another validation concern is the statistical measures used in studies. The 

commonly used measure is the area under the curve (AUC). Other statistical 

measures used in validation studies include c-statistics and odds ratio. AUC is a 

measure of the performance of the diagnostic, which reflects the test performance at 

the possible cut-off values (76). On the other hand, C-statistic is often used to 

assess the ability of new variables to improve the prediction of event risk. At the 

same time, odds ratios are values obtained by logistic regression analysis 

representing the associations of biomarkers with clinical events (77). Despite the 

popularity of AUC, the inclusion of unrealistic cut-off values and the association 

between contradictory positive predictive value (PPV) and AUC in low-incidence 

settings raises questions regarding the reliability of the method of evaluating AUC 

(78). However, to evaluate the probability of decimation ability of EWS, AUC may be 

a valid measure with cautious applicability of measured cut-off values. Evaluating 

EWS using odd-ratios and c-statistics may be reliable for the association between 

variables and events with attention to the value of AUC brings to validating EWS. 

Consequently, one of the issues that may arise is the heterogeneity of validation 

measures which makes it difficult to draw a conclusion between various studies on a 

single or multiple EWS discrimination abilities in single or various diseases or 

settings. 
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Deficiency in implementation  
 

The implementation of NEWS and NEWS2 is considered routine practice in hospitals 

in the UK. Their widespread use, however, did not demonstrate significant 

improvement in clinical practice or patients' morbidity and mortality. The 

implementation by the hospital organisation and clinicians has contributed to the 

significance of EWS in clinical settings. The practice of nurses recording EWS was 

reported to carry multiple recording and scoring errors (64-86%)  in several studies 

(79–82). Errors were common in correctly allocating a score to a parameter, 

summation of the score value, and documentation of parameters value or score. 

Complete documentation of EWS score was observed in 50-69.5% of routine 

monitoring and EWS recordings (79,80,83). Errors in using EWS have been noted to 

affect the response of clinicians and RRT in the case of need for higher medical 

attention (79,84). As a result, less escalation would be carried to the patient at great 

risk of deterioration and more escalation to patients who were more stable than 

others.  

Issues were recorded in the frequency and pattern of monitoring EWS-related 

physiological parameters and recording in patients' records. Evidence from previous 

studies suggests missed parts of routine observations or prolonged periods of 

recording after monitoring, especially during night shifts (85). It is suggested that 

patients who became physiologically unstable with missed or incomplete 

observations were not escalated at the right time, or clinicians' alerts were missed as 

a result (86). The UK National Safety reported that 14 of 64 patients who died had no 

observation for an extended period, and 30 patients had no action taken after 

observations were recorded (87). In addition, it has been observed in multiple 

studies that respiratory rate recording was poorly done by nurses (88–91).   

From the application side, despite complete and appropriate recordings of 

observations, the escalation guidelines may not be followed as recommended. In 

previous randomised trials, there were deficiencies in alert calls when patients' 

conditions required and miscommunication between nurses and doctors. It was also 

observed that despite well-established EWS, insufficient activation of rapid response 

occurs (92,93). 
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Contributing factors to deficiency in observation, recording and escalation were 

identified in previous studies. Organisational, human-centric and system-related 

factors contribute to nurses' and physicians' practice (83,91). Such factors may 

correlate with the validity and reliability of EWS in different hospital settings.  

 

Prediction of deterioration in the COVID-19 context 
 

Until May 2022, over 500 million cases were identified worldwide with COVID-19 

since the beginning of the pandemic. While nearly 80% of the positive cases had 

mild symptoms or were asymptomatic, a subset of patients required hospitalisation 

due to developing severe COVID-19 disease (94). It is essential to recognise the 

need for prediction of early deterioration for those who develop a severe critical 

illness such as respiratory failure or pneumonia and the need for mechanical 

ventilation and ICU admission (95).  

Severe COVID-19 often does not occur in isolation from other critical diseases. 

Clinical studies have reported an association between CVD and COVID-19. Patients 

with COVID-19 were at a high risk of developing CVDs, such as dysrhythmias, 

ischaemic and non-ischaemic heart diseases, myocarditis, pericarditis, heart failure 

and thromboembolism. Whereas pre-existing CVD is associated with worsening 

outcomes and a high risk of death in patients with COVID-19 (96–98) (Figure 6). 
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Figure 6. Distribution of CVD risk factors in COVID-19 mortality. (99) 

 

With attention to this association and the complexity of this emerging disease, it is 

essential to consider the presence of COVID-19 when validating EWS tools in 

different disease groups and what is already known about their predictive ability in 

this emerging disease. There is little evidence of the predictive ability of the widely 

used standardised EWS, such as NEWS2, in hospitalised COVID-19 patients. 

Additionally, there were a number of COVID-19 specific risk and digital numeric 

scores were developed that were poorly validated in the actual hospitalisation 

context of COVID-19 while their generalisability is unknown (100–103). Given the 

observed association between CVD disease and COVID-19 severity and the current 

recommendation of utilising EWS for deterioration prediction, it is vital to explore 

their performance in patients with COVDI-19 in specialist settings.  
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From the healthcare perspective, the pressure of COVID-19 on healthcare systems 

was undeniably high and negatively affected resources and clinicians' daily tasks 

(104). With the increase in the number of admission to critical care, the complexity of 

patients care and escalating deterioration of hospitalised patients impact the daily 

routine of nurses and physicians(105,106). In addition, the rapid effect of the 

pandemic required significant changes in health care systems and policies, which 

have affected patients' pathways and clinicians' work plans. Routine observation and 

recording of physiological parameters and EWS and adherence to EWS and 

escalation guidelines may be affected due to enforced changes in nurses, doctors, 

and critical care teams. It is necessary to investigate the contributing factors to EWS 

implementation and the impact of COVID-19 on EWS utilisation and escalation of 

care practice.   

 

Digital implementation of EWS  

 

Electronic health records integration  
 

For a long time since EWS was introduced, it has been applied in a paper format, 

filled in by staff nurses. As with any new health system application, healthcare staff 

may feel the load of additional work imposed on them. Cuthbertson and Smith (2007) 

reported that required routine documentation of EWS generates extra workload (48). 

With proper education on the application and documentation of EWS, recording an 

observation is expected to take only 30 seconds (73). However, the sum of those 

readings over a whole nursing shift may produce a feeling of burden for nurses. In 

addition, human error in documentation and scoring is expected behaviour in any 

work setting (see Appendix 1). 

 

The work on embedding EWS into electronic data began in 2007 by Smith and 

colleagues to achieve greater accuracy when capturing data for EWS scoring (107). 

This work seemed underdeveloped since it was subject to the availability of EHRs in 

hospitals (73). The use of EHRs has grown rapidly over the past years, and further 
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expansion is anticipated. The global growth is estimated to actuate a compound 

annual growth rate (CAGR) increase of 5.6% from 2019 to 2025 (108). The 

development of EHR utilisation for early prediction has made significant advances 

until the current time of derived predictive algorithms. Physiological and biomarkers 

parameters data from EHR have been successfully used in developing EWS and 

validating different derived tools  (70,109,110). With patients' data electronically 

available through routine documentation, the opportunities for utilising data in 

machine learning and artificial intelligence will contribute to more accurate 

deterioration prediction models. 

Nonetheless, advocating EWS digitalisation has been supported only in recent 

years; studies that have investigated EHRs-embedded EWS are relatively recent 

(111,112). A recent implementation of electronic NEWS reported decreeing adverse 

events, including cardiac resuscitation (CPR) and unplanned transfer to ICU. 

However, despite the anticipated potential of this development, there is no evidence 

regarding the effect of this shift in achieving an improved performance of EWS and 

little is known about its impact on the escalation of care and clinicians' practice.  

 

Automated recording of patient-level parameters 
 

Besides digitalising EWS in EHRs, scores and alarms have recently been produced 

automatically using automated monitoring devices. Automation of recordings 

transfers the parameters recorded and the resulting EWS score directly into patients' 

records (113) (Figure 7). This functionality is believed to facilitate nurses' and 

physicians' workflow and eliminate errors resulting from the entry of values in EHRs 

and delays when the workload is high. As mentioned previously, nurses' observation 

recording is subject to various errors leading to an increase in adverse events, which 

may manifest more due to the pressure of the pandemic (114). Therefore, automated 

monitoring is a potential valid solution to improve the workflow and clinical outcomes 

and facilitate the utilisation of EWS. Nonetheless, wide implementation of health 

technology will not guarantee the success of the application. As found in previous 

work, the ineffectiveness of EWS in escalating deterioration could be related to 

clinicians' response to guidelines, i.e. poor adherence to protocol (84,86). 
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Additionally, some issues detected in automation, such as false alarms, may hinder 

the desired goal of automated monitoring. 

 

 

 

 

 

 

 

Figure 7. Automated patient monitoring system mechanism. (115) 

 

 

 

Real time auditing of EWS 

 

The quality of clinicians' work may suffer due to the COVID-19 strain. Managing 

deteriorating patients has been affected in all the steps, including assessment, 

documentation, and referral to designated senior clinicians or RRT(104–106,116). To 

monitor these changes in practice, real-time auditing can be an effective method to 

examine areas in need of solutions in a health care setting. EHR-integrated 

dashboards are another generation of healthcare technology solutions that enable 
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viewing clinicians' status regarding workflow and patients' prognostic status for on-

time and historical surveillance by senior health professionals It works by capturing 

EHRs data and generating designed information on dashboards on the system and 

the professional performance or the patient's condition. Real-time dashboards have 

been utilised in recent years successfully by healthcare organisations, such as the 

NHS Pathway of Coronavirus Triage and Activity for monitoring COVID-19 

management in NHS hospitals (117). Additionally, the Oxygen Therapy Dashboard 

for tracking the method and level of oxygen therapy delivered for COVID-19 patients 

was implemented in Barts Trust (118). The Oxygen Therapy Dashboard has 

effectively represented Barts Trust in the regular COVID-19 hub meetings with other 

northeast London trusts. In 2021, the Deteriorating Patient Dashboard was 

developed to tackle the issues found in clinical practice when managing sick patients 

in Barts Trust. The dashboard was created as an auditing tool for all the steps of 

deterioration management, from assessment to providing appropriate treatment. The 

aim was to improve individual clinicians' performance by providing complete and 

accurate documentation and clinical work when dealing with the acutely ill patients 

and by monitoring NEWS2, but evidence is needed to demonstrate its value. Few 

previously implemented dashboards to monitor individual clinicians' performance and 

the general wards practice have shown positive results as system users perceive 

them. An interactive dashboard for nurses' care displayed in a hospital in Canada 

and the medical dashboard developed to monitor units' general performance in a 

tertiary setting in the US were considered tools for driving quality improvement yet 

were less favoured by elderly users (119,120). Despite expectation of the 

dashboard’s utilisation and improved performance, there is a lack of studies on their 

effectiveness in clinical settings and impact on clinical outcomes. 
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Motivation for the thesis  

 

1- Gaps in the research  

EWS have been advocated for use in all hospital settings and disease groups. 

Studies validate EWS in general settings and recommendations by health authorities 

to standardise early detection. However, the evidence to support their use in patients 

with CVDs and adult cardiac care settings is based on limited reviews and studies 

conducted in patient groups with different aetiology and other specialist settings. 

They are recommended by the Royal College of Physicians (RCP) and the NHS to 

be the standard tool for detecting severe critical events despite the systematic 

reviews identifying little evidence on their validity and reliability and how successful 

the implementation in specialist settings is. The impact of the COVID-19 pandemic 

on health settings was massive, and digital health solutions were employed more 

than ever to facilitate the healthcare delivery. However, it is not clear how the 

escalation of care was affected and what effect digital solutions had on EWS 

implementation and escalating deteriorating patients. The body of evidence of the 

criticality of CVD adverse events made the need for validating and adequately 

implementing on EHR, reliable EWS clear.  

 

Research on standardised EWS in specialist settings are limited and has not, as yet, 

been systematically reviewed. The number of EWS and methods of scoring and 

alerting varies. Therefore, evidence to support their use in specialist settings has not 

been summarised, and no metanalysis has been performed to support their broad 

dissemination.  

 

Studies on the performance of EWS in patients with CVD were limited to a single 

study of a subset of cardiac patients in a general hospital and another study of post-

cardiac surgery EWS. The characteristics of the examined EWS, the clinical setting 

and the patient population make it hard to rely on or compare their validity with the 

standardised and recently digitalised EWS (NEWS2) in patients with CVD.  
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The impact of COVID-19 on the healthcare system has been massive to-date. 

Adhering to the escalation of care guidelines and EWS may be significantly affected 

and, as a result, influence the implementation of EWS and its validity. It is unclear 

how COVID-19 impacted the escalation of care in hospital settings and what factors 

contributed to facilitating or hindering the rapid management of the acutely ill. 

 

Understanding the experience of clinicians and the implementation in practice is 

essential to the success of digital EWS. In hospital settings, the organisation, the 

system and the individual role in the implementation draw the map for the desired 

application and results by EWS. However, the qualitative studies on EWS were 

limitedly focused on general hospital settings. Studies have poorly examined the 

adoption of digital EWS in specialist settings. There is no evidence to-date of how 

digitally assisted EWS are perceived in cardiac care settings in the context of the 

pandemic.  

 

We are aware of the pandemic pressure on clinical practice leading to errors 

increasing in routine observation and escalation of care. EHR-integrated dashboards 

were utilised to improve the quality of care through performance and patient 

monitoring. Studies evaluating health dashboards showed positive results in 

clinicians' practice yet were limited to nurses' routine monitoring and hospital wards 

performance. However, it is unclear how on-time visualising EWS and deteriorating 

patient management are perceived by clinicians and what impact it can have on 

documentation, referral and treatment of acutely ill patients.   

 

2- Questions and problems 

The main research questions identified were: 

1. What is the performance of universal, standardised EWS in different disease 

groups and clinical settings in predicting critical events, and what is the extent 

of EHRs integration of early warning scores in examined studies? 
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2. What is the performance of the digitally assisted National EWS (NEWS2) in 

predicting critical events for cardiac patients in a specialised cardiac setting? 

3. How is the escalation of care practice and utilisation of EWS affected by the 

COVID-19 pandemic, and what factors facilitated or hindered any required 

changes? 

4. How do nurses perceive the implementation of digital EWS (NEWS2) in a 

cardiac specialist setting and a general hospital setting during the pandemic? 

5. What is the impact of implementing an EHR-integrated dashboard for 

improving deteriorating patients' management from clinicians' perspectives 

and change of practice over time? 

 

3- The value of this research  

 

Worldwide, deaths related to CVD are 32%, and in the UK, it is one-quarter of the 

total deaths. There is good evidence of these high numbers resulting from 

deterioration in the disease course, and many are preventable. Death, morbidity, and 

associated CVD complication are life-changing for the patients and their families and 

significantly affect health care providers and the health system. Prevention through 

detection and early management is a necessity.  

The use of EWS by clinicians to facilitate early detection and escalation of acutely ill 

patients was recommended in all settings despite limited evidence on its validity and 

the extent of its implementation success. A deep understanding of the validity and 

factors playing a role in the digital EWS implementation will allow managers and 

clinicians to make an informed decision when implementing EWS for cardiac 

patients. This research might help identify whether NEWS2 is optimal or what 

adjustments are needed to consider for reliable detection. It will inform the 

development of EWS models that match the needs of patients in a cardiac specialist 

setting. In addition, understanding clinicians' perception of digital EWS, whether the 

setting is specialist or general, will identify critical elements to improve for the 

individual staff, the organisation and the EWS system. 

COVID-19 had an unprecedented burden on health care systems leading to possible 

changes in escalating care practice. Understanding the interactions, facilitators and 
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barriers to coping with this burden can help realise the adoption of NEWS2 as an 

element of the escalation strategy and advise on the necessary adjustment in a 

crisis.  

Finally, recognising the role of digital solutions in facilitating deteriorating patient 

management will inform clinicians and stakeholders of the potential benefits and 

areas needing adjustments to improve EWS utilisation and the escalation process.   

It may contribute to employing further digitalisation of EWS, automation and auditing 

of clinicians' performance on a broader scale, promoting quality of care for the 

acutely ill patients.  

The detection and escalation of deterioration using EWS is a complex process 

shaped by various factors arising from the EWS tool, the perception of users, the 

condition in the health system, and the digitalisation of health systems. This PhD is a 

series of studies that can inform and support the development and implementation of 

EWS in cardiac care settings.    

 

4-  Motivation for this research  
  

The motivation to conduct this research arises from recognising the need to pay 

attention to real-life problems witnessed through my clinical work in a cardiac 

specialist setting. The motivation was led by my academic study of health informatics 

and interest in digital health.  

When the updated NEWS2 was made official to implement in 2018 as recommended 

by the NHS leads, I was preparing to write my proposal for digital health in patients 

with CVD for a PhD study. An early discussion with my primary supervisor led to 

recognising the value of examining the digital EWS in the identified cardiac care 

setting as aligning with my interest and experience. As standardisation decisions 

were not based on sufficient quality evidence, and whilst there were limited studies 

on EWS and assisting digital tools effectiveness for clinical practice in cardiac 

settings, we sought to do this research. The validity and implementation of the digital 

form of EWS in a specialist cardiac setting while the pandemic is affecting all health 

systems was a unique and excellent opportunity to address some of the gaps 

identified by scientific evidence.   
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5- My research  
 

1-   Overall aim of this thesis 

This research study aimed to assess the digital EWS, NEWS2 for patients with CVD 

from a performance and implementation sides with respect to the impact of the 

COVID-19 pandemic and employing digital health tools.  

  

2-   Component studies 

Study 1: Systematic review.    

The study examined the predictive performance of different EWS in different clinical 

settings. Findings show EWS validations have been heterogeneous in their 

methodology, performance measures, and studies in each subgroup; the validation 

of EWS performance and EHRs integrated with EWS is very limited in specialised 

settings, including cardiac patients. 

Study 2: Retrospective evaluation.  

The study investigates the performance of digital NEWS2 in predicting critical events 

in a specialised cardiac setting (St Bartholomew's Hospital). The performance in 

patients with CVD is insufficient to predict deterioration early. Supplementing 

NEWS2 with age and cardiac rhythm improved discrimination for cardiac patients, 

and age improved accuracy for COVID-19 cases.  

Study 3: Scoping review. 

The study investigates the experience of escalation of care and factors leading to its 

success or failure during the COVID-19 pandemic. Emergency plans adjusted the 

escalation strategy while a lack of resources and learning opportunities challenged 

the adjustments. Organised workload and competent management facilitated the 

escalation of care; however, the role of EWS was not explored in included studies. 

Study 4: An implementation study. 

The study evaluates the implementation of EHR-integrated NEWS2 in a cardiac care 

setting and a general hospital setting in the COVID-19 pandemic. The value of 
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NEWS2 was partly positive in escalation, yet concerns led to undervaluing NEWS2, 

particularly in cardiac care. Challenges, like clinicians' behaviours, and lack of 

resources and training, limit implementation success. EHR integration and 

automation are solutions that are not fully employed. 

Study 5: Quality improvement study. 

The study evaluates a real-time dashboard of NEWS2 and deteriorating patients' 

assessment, referral, and therapy. The dashboard is perceived as a facilitator for 

auditing NEWS2 and escalation of care to improve the practice. However, guiding 

clinicians and adjusting data sources and metrics could enhance the functionality. 

NEWS2 recording and deterioration management have improved after 

implementation. The dashboard is an effective, real-time, data-driven method for 

improving the quality of managing deteriorating patients.  

 

  

.  
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Chapter 2 

 

Methods 

 

Introduction 

 

In this chapter, the study settings and research designs are described. The sampling 

technique, including the inclusion and exclusion criteria, determining the sample size 

and participants' recruitment and enrolment, are explained. Instruments used to 

guide the methodology, including quality appraisal and study frameworks that align 

with each research objective and scope, are discussed. The procedure for inclusion 

of participants and data protection, collection and management and data analysis 

are explained. Also, the methodological rigour of the study was discussed.  

 

Research design  
 

A mixed-methods approach was followed in this research series. Mixed-methods 

research focuses on the qualitative and quantitative sides of data in a single study or 

a series of studies (121,122).  

In this approach, the quantitative and qualitative methods are used to address a gap 

in research by mixing the techniques during the data collection and analysis process 

to interpret evidence. Methods can be done in a particular order or simultaneously 

through data linkage or integration at an appropriate stage in the research process 

(123). Having both quantitative and qualitative questions answered through mixed 

methods can provide a better understanding of the connections and contradictions 

between data. In this research, studying EWS in a digitally facilitated form from the 

performance and the implementation sides provides a deep investigation of the 

numerical and human perspectives to explain this complex healthcare service 

(124,125) 
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In following this approach, NEWS2 users could have a strong voice and share their 

experience in the aspects examined. It has facilitated exploring different sides of the 

NEWS2 in the cardiac settings that significantly enriched the evidence and 

illuminated the issues found in this research (126) 

 

In this chapter, the study settings and research designs are described. The sampling 

technique, including the inclusion and exclusion criteria, determining the sample size 

and participants' recruitment and enrolment, are explained. Instruments used to 

guide the methodology, including quality appraisal and study frameworks that align 

with each research objective and scope, are discussed. The procedure for 

participants and data protection, collection and management and data analysis are 

explained. Also, the methodological rigour of the study was discussed.  

The first study was a systematic review that reviewed quantitative studies validating 

EWS in specialised care settings. Following that, a retrospective performance 

evaluation study was carried out to examine EWS in a cardiac specialist setting. 

Simultaneously, a qualitative study was conducted to examine the implementation in 

the cardiac specialist setting and another general hospital setting. A scoping review 

method was followed to examine qualitative studies on the experience of escalation 

of care during the COVID-19 pandemic. Finally, a quality improvement project to 

implement a deteriorating patient management dashboard was evaluated using a 

mixed-methods approach: evaluation of retrospective data and user perceptions.  

 

Settings  

 

Site I 
 

Barts Health Trust is a group of hospitals providing a range of clinical services and 

specialities in East London and further. The patient population is over 2.5 million 

receiving care in the trust hospitals. It is the largest trust in England, accounting for 

1.5% of all hospital activities in England. It runs five hospitals: Mile End Hospital, 

Newham University Hospital, Royal London Hospital, Whipps Cross University 
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Hospital and St Bartholomew's Hospital. St Bartholomew's Hospital (Barts Hospital) 

is a cardiac specialised and teaching in London and has heart and cancer centres, 

with other related specialities. 

 NEWS was first implemented in 2012, followed by the updated version of NEWS2 in 

2018. NEWS shifted from paper version into EHRs embedded format calculated from 

each vital signs' measurements, via Cerner in Barts Trust, and a NEWS2 update 

was reflected in EHRs systems. In 2021, a quality improvement project was carried 

out to improve NEWS2 recording, and care of deteriorating patients by implementing 

an EHR-integrated dashboard in the trust.  

The retrospective validation study and the implementation evaluation were 

conducted in Barts Hospital for its specialisation in cardiac care and the variety of 

cardiac care services provided. The Deteriorating Patient Dashboard evaluation was 

conducted in Barts Trust hospitals.  

 

Site II 
 

University College London Hospital (UCLH) is a general teaching hospital in London. 

It is closely associated with University College London (UCL) in a partnership via the 

UCLH/UCL Biomedical Research Centre. It is renowned for its primary research 

activities, reaching 1500 studies at one time. It is a multi-speciality hospital providing 

various care services, including but not limited to accident and emergency, cancer 

care, critical care, neurology, general medicine and surgery. It has 665 in-patient 

beds and is the largest critical care unit in the NHS. The hospital treats over 500.000 

outpatients and admits over 100.000 patients every year.  

As NEWS was first implemented in 2012, it was endorsed in the hospital, followed by 

NEWS2 in 2018. NEWS2 is digitalised by embedding in EHRs via EPIC in UCLH.  

The implementation study of NEWS2 was conducted in UCLH as the general 

hospital setting. As there is no ward designated for CVD patients, Cardiac care is 

delivered limitedly for patients with CVD in general medical wards and intensive care 

units.  
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Ethics  
 

To conduct the studies at both sites, approval for ethics was gained before 

commencing any research activity. The study was sponsored and insured by 

University College London by a covering policy from the UCLH/UCL Joint Research 

office. After sponsorship approval, an application for ethics approval was submitted 

to the Health Research Authority (HRA) and Health and Care Research Wales 

(HCRW). Confirmation of approval to conduct the study in both sites was gained by 

Stanmore Research Ethics Committee in London. Following that, the approval and 

proposal were communicated with the site's head of departments, where the data 

was collected, and participants were recruited. Finally, approval of capacity was 

received from both sites to confirm the capability and feasibility of carrying out the 

research activities in Barts Hospital and UCLH (Appendix 2).    

 

Study 1: systematic review 

 

Study design 
 

My Systematic review followed the Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses PRISMA-P guidelines. The guidelines were 

recommended for evaluating health intervention studies and were widely adopted, 

reaching 60.000 reports in 2020 since its development in 2019 and endorsed by over 

200 journals and systematic review organisations (127,128). It is advised for its 

transparency and complete systemic method of reporting why and what is conducted 

and what outcomes are found.  

 

Search strategy 
 

Published articles were identified in MEDLINE, CINHAL and EMBASE between 1997 

(initial development of EWS) and 2019. The Cochrane database was searched for 

systematic reviews (CDSR) and trials (CENTRAL). For grey literature, Google 

Scholar was searched. During the screening procedure, studies were added from 
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references in review articles and studies. Search strategies were developed by the 

candidate and the primary supervisor and reviewed by a secondary supervisor. 

Terms used for searching databases include terms for early warning or track and 

trigger scores and acronyms, identified subgroups and settings (e.g., MeSH) and 

free-text search terms (Appendix 3, 4 and 5). 

  

Inclusion and exclusion criteria 
 

Patient subgroups were identified according to disease categories and clinical 

settings (Appendix 5). Studies were included if: (1) validation of a universal EWS 

with a standardised prediction model in adult patients; (2) EWS validation was in a 

specific setting or disease; (3) the performance of the EWS, or the impact on 

mortality, transfer to ITU and cardiac arrest, was examined; (4) they were 

prospective or retrospective cohort, cross-sectional, case-control design, or trials. 

  

Studies were excluded if: (1) patients were less than 16 years of age; (2) EWS 

performance was only examined in derivation, not validation; (3) non-universal EWS 

was developed for a specific subgroup, e.g. Obstetric Early Warning Score (OEWS) 

for obstetric patients or qSOFA for patients with infections; or (4) EWS validation was 

performed in a general patient dataset or setting, e.g. validation in a general hospital 

without consideration of hospital subgroups. 

  

Data extraction 
 

Articles were screened by title and abstract by the PhD candidate, and then full-text 

screening was conducted by the candidate and the primary supervisor. Data were 

extracted independently by two reviewers: the candidate and the primary supervisor, 

using a standardised and piloted data form. A third reviewer, the secondary 

supervisor, resolved any disagreements. Items for extraction for studies examining 

predictive accuracy were based on the critical appraisal and data extraction for 

systematic reviews of prediction modelling studies (CHARMS) (129) checklist, 

except for tool derivation, which was excluded. The CHARMS checklist provides a 

methodological appraisal of studies evaluating predictive models utilising scientific 

evidence in systematic reviews. It has been proven to show good transparency and 



 65 

clarity in this type of study (129,130). In addition, CHARMS indicates how to conduct 

a search according to the predictive model and the setting and population evaluated. 

It also provides key information to be extracted from the validation study of predictive 

models.  

 

Quality assessment 
 

The risk of biases in validation studies was assessed using the Prediction Model Risk 

of Bias Assessment Tool (PROBAST) (131). PROBAST classifies studies as low, 

unclear, or high risk of bias in four aspects: participant selection, predictors, outcomes 

and analysis within the overall risk of bias and the study applicability domains. 

PROBAST tool provides a focused and transparent method to evaluate the risk of bias 

in studies that develop or validate prediction models for the prediction of outcomes 

and the applicability of methodology followed in studies conducted(102). The 

approach in PROBAST is believed to be relevant for prediction model validation 

studies for its ability to appraise these studies precisely and critically.      

  

Evidence synthesis: 
 

The analysis was conducted using MS Excel and R programmes. The results were 

summarised using descriptive statistics and graphical plots. Meta-analysis was 

performed in different subgroups, using AUC (Area Under the Curve) for identified 

universal EWS and NEWS in studies. Fisher-Z transformation for correlation 

coefficients was conducted for AUC into normally distributed Z with 95% CI to evaluate 

the effect size and test for the heterogeneity. Where applicable, narrative synthesis 

was conducted. 

Study 2: Retrospective validation  

Study design 
 

The study followed a retrospective cohort design. As a validation study with the aim 

to evaluate the performance of NEWS2, it was applicable to follow the Standards for 

Reporting Diagnostic Accuracy Studies framework (STARD) in reporting the study 
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methods and findings (132). The discrimination accuracy of a model typically varies 

between settings, patient groups and the environment where the test is conducted. 

These variations are relevant to readers interested in applying findings to answer 

questions about adopting the discrimination tool in a different environment (133). 

Therefore, the STARD framework was followed to provide a transparent and 

complete reporting of the digital NEWS2 performance validation in our setting 

(Appendix 6).   

 

Study cohort 
 

The study population was adult patients admitted to St Bartholomew's Hospital. 

Patients admitted from January to December 2020 under cardiac speciality care; for 

more than 24 hours were the study population. Due to the nature of the pandemic, 

we have also identified patients with Covid-19 based on positive PCR test results 

upon or during admission.   

 

Data sources 
 

- Patients' EHR data 

The primary source of data was patients' EHRs. Data were extracted from January 

to December 2020. The data included both predictors of deterioration and some of 

the outcomes in patients' records. This included Patients' demographics, 

physiological parameters, NEWS2 score, death, transfer to ICU, diagnoses, and 

comorbidities. Required data were ICD-10 coded.  

 

- Resuscitation team data  

The second source was data recorded by the Cardiac Resuscitation Team (CRT). 

Patients referred to the team due to a deterioration in condition observed by a nurse 

or a doctor or a high NEWS2 score were recorded in CRT databases. Outcome data, 

including Cardiac arrest and medical emergency, were extracted from the CRT 

database.  
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- COVID-19 pathology data 

To identify patients diagnosed with COVID-19, data were extracted from the COVID-

19 pathology database. The database incorporates continuously updated data 

submitted to NHS England for a patient with positive COVID-19. Patients' data were 

identified and extracted if a case was recorded positive based on a PCR test result 

upon admission or during the hospitalisation period.   

Data processing  

  

Data were extracted for patients admitted from January to December 2020 from the 

three data sources selected. Patients' demographics, physiological parameters, 

NEWS2 score, death, transfer to ICU and diagnosis and comorbidities were 

extracted from EHR. Cardiac arrest and medical emergency were extracted from the 

CRT database, while positive COVID-19 cases were identified from the COVID-19 

pathology data. Data for critical events and COVID-19 cases were linked to extracted 

EHR data using SQL by a clinical data analyst in Barts Hospital. Then, data was 

pseudonymised, transferred to the PhD candidate via the NHS network, and then to 

UCL data safe haven (DSH) for data analysis. The DSH is a secured database 

system with restricted access to the candidate and academic supervisors involved 

via safe gateway technology.  

The data collection process was completed in a 13-month period from February 

2021 to March 2022.    

 

Measures 
 

- NEWS2 and physiological parameters 
 

The variables chosen included physiological parameters and NEWS2 scores 

routinely obtained at hospital admission and 24 hours prior to deterioration. Included 

parameters that form the NEWS2 score were respiratory rate (breaths per minute), 

oxygen saturation (%), systolic blood pressure (mmHg), heart rate (beats/min), 

temperature (°C), and consciousness (measured by Glasgow Coma Scale (GCS)). 

Additionally, diastolic blood pressure, which is not part of NEWS2, was included. 
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Measurement time was chosen as the most completed set of parameters; 

measurements done 48 hours and seven days prior to events were not included due 

to missing and inconsistent data. Heart rhythm was included 24 hours prior to the 

event due to measurements recorded by CRT. 

 

- Outcomes 

The primary outcome was patients' critical status following an assessment on 

admission or 24 hours before a critical event. Outcomes were critical events 

categorised as in-hospital death, transfer to ICU, developing cardiac arrest, and 

medical emergency. A medical emergency was defined as deterioration, excluding 

cardiac arrest, requiring a patient to be seen by a critical care outreach team (CCOT) 

due to vasovagal attack, breathing difficulty, bleeding, loss of consciousness, 

seizure, cardiac tamponade, chest pain or pre-arrest rhythm. 

 

  

Statistical analysis 
  

Analysis was done in the DSH using the R programme. Data cleaning and pre-

processing were done in the first stage. Dependant and independent values, 

categorical and missing values, and splitting data into training and test data sets 

were addressed prior to analysis.  

 Statistical significance was defined as a p-value of <0.5 using two-tailed tests. 

Assessment of missing data in NEWS2 scores was done using a t-test to compare 

with another complete variable to identify the association with other variables or 

random missingness (134). Assessing the missingness of data was conducted to 

identify the appropriate method of dealing with missing values depending on the 

effect it can have based on the rest of the values and results when imputation or 

removal is done.   

The categorical variables were presented as percentages (count), and the 

continuous variables were presented as the mean + standard deviation. The 

normality analysis of the data was assessed using box plots for the frequencies. 

Testing for normality is recommended to understand data distribution and to choose 
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appropriate inferential tests to apply (135). The inter-group difference between 

categorical variables was evaluated using Pearson's chi-squared test. The difference 

between groups was compared using the Mann–Whitney U test for non-normally 

distributed data. 

The correlations between NEWS2 and physiological parameters and outcomes were 

evaluated using the Pearson correlation coefficient. The test was used due to its 

statistical significance in examining the relationship between two quantifiable 

variables (136) . Correlation coefficient values range between -1.0 and 1.0, where -

1.0 shows perfect negative correlation and 1.0 indicates perfect positive correlation. 

To supplement the model with parameters that could improve the prediction, data 

were split into training and testing datasets using the Train/Test method (70% for 

training and 30% for testing). Data splitting is essential in creating models based on 

data to ensure the process of using data in the model is accurate and to avoid 

overfitting issues  (137). Univariate and multivariate logistic regression analysis were 

conducted to assess the association between score and outcomes. The prognostic 

value of NEWS2 and supplemented model for hospital death, transfer to ICU, 

cardiac arrest and medical emergency were evaluated using the receiver operating 

characteristic (ROC) analysis. The value of the area under the ROC curve (AUC) 

was measured. The cut-off points of the models were assessed using Youden's 

index: sensitivity, specificity, and positive and negative predictive values. AUC is a 

standardised classical discrimination measure widely used to assess a model's 

discrimination capacity (138). The measure has been reported to be statistically 

consistent and more discriminating than the accuracy recommended for evaluating 

discriminatory models (139).  The AUC's values were interpreted using the reported 

criteria by Fischer et al.: AUC > 0.9, 0.7 to 0.9, and 0.5 to 0.7 indicate high, 

moderate and low predictive accuracy, respectively (140) (Figure 8).  
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Figure 8. Discrimination ability explained using the area under the curve (AUC)(141) 

 

Study 3: Scoping review  

 

Study design 
 

A scoping review was conducted to explore the process of escalation of care during 

the COVID-19 pandemic. The methodology facilitated mapping out key concepts in 

the research topic. The current pandemic has produced emerging evidence that is 

still unclear. Broadly examining the literature can raise more specific questions to 

recommend further precise research (142). The purpose of scoping reviews 

methodology is to identify gaps in knowledge and the scope of a body of literature 

(143). Provided that, the scoping review was deemed suitable for examining the 

background of escalating a deteriorating patient where EWS occurs during an 

evolving health care situation in the COVID-19 pandemic. 

 We followed the framework of Arksey and O'Malley (144), which included (1) 

Identifying the research question; (2) Searching for and identifying the relevant 
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studies; (3) Selecting relevant studies; (4) Charting the data; and (5) Collate, 

summarise and report the results to guide this review (Appendix 7). Questions 

answered in the framework present comparisons between interventions, programs or 

approaches suitable to review the scope of escalation of care experience in the 

pandemic (145). We followed the Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses Extension for Scoping Reviews (PRISMA-ScR) Checklist as a 

reporting guide (146). The design is recommended due to its method of reporting all 

aspects of the review in an accurate and transparent process (147). Screening, 

critical appraisal and data extraction were done in Covidence software (148).  

 

Information sources and search strategy 
 

An initial search was conducted in August 2021 to reflect the core concept published 

in the literature and develop search terms. The last search was conducted in 

September 2021. Databases searched include Medline via Pubmed, CINAHL in 

Ebscohost and Emcare via Ovid for studies that fit the inclusion criteria, and the 

Cochrane library for reviews and protocols published relevant to the research. The 

search was restricted to studies from 2010 to 2021, full-text papers, and in the 

English language only. The study period aimed to identify previous and recent 

literature on the experiences of the escalation of care and early warning scores 

facilitating the process. We used Mesh terms, keywords, and Boolean operators to 

search the terms on the escalation of care and deteriorating patients, COVID-19 

pandemic, and early warning scores. The search strategy is in Appendix (8).  

 

Study selection:  
 

Search results from each database were uploaded and processed in Covidence. 

Title and abstract screening were done by the candidate to assess eligibility. The full-

text screening was done by two reviewers, the candidate and primary supervisor, to 

determine relevancy and unclarity. The discrepancy was resolved by discussion 

within the supervisory team. Studies were included if they reported the experience, 

adjustments, or factors related to the escalation of care, rapid response teams, or 
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EWS's role in the escalation of care in the health care setting during the COVID-19 

pandemic. The included studies were primary research using a qualitative or 

quantitative methods through surveys, interviews, focus groups, case studies or 

document analysis; due to the interest in the experience of clinicians and hospital 

management. Excluded studies examined hospitals' general rapid responses to 

COVID-19 spread and control. Inclusion criteria were entered into Covidence; then, 

studies were filtered out when duplicated or irrelevant. 

 

Data synthesis:  
 

Data synthesis was done using a standardised form according to the Joanna Briggs 

Institute (JBI) reviewers' recommendation for methodologies in scoping reviews 

(149). JBI guidance enables research conduct, methods, and results to be reported 

appropriately, aligning with the PRISMA-ScR framework. It can highlight 

methodological issues, analyse data, and present results to facilitate research 

evaluation (150) Due to the focus of the reviews on qualitative methodological 

studies, further key information adopted from NICE guidelines for qualitative studies 

(151) was added as a subheading (Appendix 9). The added critical information 

added served as a supplement to guide the review into qualitative scope synthesis.  

The critical appraisal was done using a CASP tool for qualitative studies (152) 

(Appendix 10). CASP is the most commonly used quality appraisal tool for qualitative 

evidence synthesis and is recommended by the Cochrane Qualitative and 

Implementation Methods Group (153) . Extraction and critical appraisal items were 

entered into Covidence, where the data synthesis took place. 

 

Study 4: Implementation study 

Study design:  
 

A qualitative study design was conducted to evaluate the implementation following 

the Non-adoption, Abandonment, Scale-up, Spread, Sustainability (NASSS) tool 

(154). The NASSS design is a pragmatic, evidence-based design that can provide a 
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thorough understanding of digitally supported tools in healthcare. It was chosen for 

its compatibility with evaluating the implementation of a digitalised health system, 

presented by the application of electronic recording and automation s in health care 

settings.   

When examining the implementation of digital NEWS2 in hospital settings from the 

clinicians' perspective, a thorough investigation of the complex and dynamic service 

is needed. The service is not disaggregated into constituent components and is 

unpredictable in the COVID-pandemic and the unstudied specialist settings. 

Therefore, in evaluating the implementation, questions were focused on the 

following: how successful is the implementation in a cardiac and non-cardiac 

environment to ensure clinicians' and patients' needs are met and what are the 

challenges faced? And how to improve the process that integrates healthcare and 

technology to identify critically ill patients and escalate? Therefore, as per the 

complexity of the implementation and the questions to be addressed, the NASSS 

framework was followed. The framework investigated a multifactorial area of 

healthcare technology in a care setting; from the decision-making by the 

management to the clinicians impacted by the adoption; while addressing the 

environment in which the service is used: the technology facilitating and the setting 

where the care is delivered. It was adopted in previous qualitative studies examining 

the implantation success of technology in healthcare settings (155–157) and 

research examining complex health technology ((157). Therefore, it was deemed 

appropriate and research-enriching to follow the NASSS framework.  

The adopted framework studies the challenges and facilitators in seven domains: the 

condition, the technology, the value proposition, and the adopter system (i.e., 

professional staff, the organisation, the broader context, and the interaction between 

domains over time). The recommendation of the framework was aided by 

incorporating sociotechnical informed theories of the individual, the organisation, and 

the system change (154). The factors in the framework were re-phrased to present 

the process of implementing NEWS2 and to guide structuring questions around the 

investigated areas (Figure 9). The domains investigated were explained in detail in 

chapter six.  
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Figure 9. The NASSS framework domains (154).  

 

Study settings: 
 

The study was conducted at the two sites: St Bartholomew's Hospital (Barts 

Hospital) and University College London Hospital (UCLH).  

 

- Pathway of NEWS2 in Barts Hospital 

NEWS2 begins with assessment and vital signs measurement by nurses and nurse 

assistants via automated monitoring devices (Welch Alyn Connex Spot Monitors). 
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These monitors are connected to CernerTM, transmitting measurements directly to 

patients' charts. NEWS2 is calculated automatically in the electronic chart; a score is 

given, and an alarm is shown when a score indicates the need for intervention. 

Clinicians need to log in to view the score of the patient. 

 

- Pathway of NEWS2 in UCLH 

Nurses and nurse assistants perform routine vitals measurements. They input their 

recordings physically into the patient's chart in EPICTM. The score is calculated 

automatically, and an alarm shows when the status indicates attention. Nurses and 

physicians view the score when logged in to their patients' charts. 

 

Data collection:  
 

A purposive sampling method was followed with input from the supervisory team, 

CCOT and CRT in Barts, and Patient Emergency Response Team (PERT) in UCLH, 

to identify representative participants to contact based on roles and experience in 

utilising NEWS2. An online focus group was deemed convenient during the 

pandemic for time constrain and limiting personal contact in adherence to domestic 

guidance (158).  Focus groups were initially planned to gather a collaborative 

perception of nurses from different hierarchical and role levels: ward nurses and 

managers. Invitation emails for focus groups were sent In March 2021 to ward 

managers and nurses in the cardiac specialist hospital, and a follow-up email was 

sent ten days later. Due to the workload pressure during the pandemic, assigning 

participants to the focus group at one time was impractical. Therefore, the issue was 

discussed with the primary supervisor, and it was decided to conduct an individual 

interview. In addition to time flexibility for each participant in conducting individual 

interviews, a maximised level of privacy allowed freedom of expression which might 

not be present when colleagues from different departments or seniority levels were 

attending (159,160). Invitation emails to online interviews were sent in April 2021 to 

ten nurses and managers in Barts and equally to UCLH staff in June, followed by a 

reminder after ten days. Information sheets and consents were sent before setting a 

date for interviews. Informed consent was obtained prior to conducting the 

interviews. Interview questions were semi-structured and covered the domains in the 
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framework that can be explored in guided discussion with participants (Appendix 

11.a) 

An online questionnaire was created to cover domains that can be explained via 

direct questions providing simple and structured information. Questions in the 

questionnaire had multiple choices and scaled answers. Online questionnaires 

provide advantages for the research conducted, such as reaching a broader 

population, data reliability and anonymity of participants (161). A questionnaire was 

created in Smart Survey (162), including consent to answer the survey. A link was 

sent to nurses and managers in cardiac and non-cardiac wards: Cardiology, Cardiac 

Surgery, Haematology, oncology wards, and ICU in Barts and Medical, Oncology 

and Haematology wards, and ICU in UCLH. Wards in UCLH were chosen to provide 

a mutual environment of patients' speciality to Barts. Survey questions were 

matched, excluding the automated monitoring part of the UCLH survey (Appendix 

11. b). A reminder was sent after 14 days to boost participation. The online 

questionnaire access was enabled for 30 days for each site; then the online link was 

closed for participation, and answers were exported. The data collection period was 

eight months in total.  

 

Data analysis: 

 

Interviews were recorded in Teams and then saved with surveys in the NHS 

network. Recordings and surveys were pseudorandomised and then transferred to 

UCL Data safe haven (DSH), a secured database system with restricted access to 

the candidate and the primary supervisor, via safe gateway technology. Transcription 

of audio recordings and analysis of transcriptions and surveys were done in NVivo. 

The interviews were analysed thematically to enable us to identify shared ideas and 

experiences and recognise patterns in datasets (163) by following four steps. First, 

familiarity with the interview was achieved by listening to the audio and reading the 

transcription and comparing them to achieve reliability. Second, initial codes were 

assigned to parts of the text relevant to research questions. Third, relevant themes 

and subthemes were identified to capture the idea of significance. Fourth, themes 

and sub-themes were checked by the candidate and primary supervisor to assess 
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their quality. Fifth, themes were organised and named according to the relativity with 

the research aim and interest. Discussion with the supervisory team was carried out 

until an agreement was reached on the main themes produced. Results were 

reviewed and double-checked independently by the candidate and primary 

supervisor. Finally, the results report comprised four main themes exported from 

DSH. 

 

 

Study 5: Quality improvement evaluation  

 

Study design  
 

The study evaluated a quality improvement intervention using a mixed-methods 

approach. Using both qualitative and quantitative approaches in combination 

provides a better understanding of the health intervention and aids in the evaluation 

process of the implementation (121,164,165). In the study, a digital dashboard was 

implemented for use and adoption by healthcare professionals. The intervention 

carries the complexity of a technological system introduced to audit and adopted by 

individual health professional users. Therefore, integrating mixed methods is a 

practical approach to explaining the quantifiable results and the human behaviour as 

an engagement in the process (166,167).  

 

 

Study setting  
 

The study was conducted at Barts Hospital Trust. The study evaluated a 

performance tracking dashboard of data gathered from the five hospitals in Barts 

Trust. 
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Intervention context 

The dashboard was developed from what was initially created as a simple vitals data 

table into a broader generation of vitals data. Then, it was transformed into a 

thorough and more robust data visualisation of NEWS2, assessment and escalation 

of deteriorating patients via Qlik Sins. Data of around 1.2 million recordings of 

110,000 admissions from August to October 2020 was extracted from the 

Datawarehouse of Barts trust hospitals, pulled from electronic health records (Cerner 

Millennium®). The dashboard metrics were indicators of the status of patients who 

needed escalation of care, like vital signs and sepsis scoring and time of entry and 

by whom. Afterwards, data were pulled continuously and maintained until the present 

time. The front view included live and accumulative data of patients with high 

NEWS2 and performance tracking of assessment stages of deteriorating patients by 

nurses and physicians on all trust levels. Clinicians' performance is measured by 

completing the assessment, escalation of care, and sepsis treatment.  

The stages of assessment and escalation of deteriorating patients evaluated in the 

study are illustrated in the flowchart (Figure 10).  

 

 



 79 

 

Figure 10. Escalation of care assessment flowchart.  

 

Abbreviations: CCOT: critical care response team, SBAR: Situation-Background-Assessment-

Recommendation tool for communication between health care team.  

 

 

Intervention 
  

The PDSA (Plan-Do-Study-Act) (168) model was adopted to examine the objectives 

of creating the dashboard and evaluating clinicians' performance in the deteriorating 

patient management cycle. The PDSA model involves: 

• Plan: plan the test, intervention, or observation, including a method for 

collecting data. 

• Do: conduct the intervention on a small to a bigger scale. 

• Study: analyse the data and study the results.  

• Act: refine the change based on what was learnt from the best.  
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Measurements   
 

Individual interviews were conducted to evaluate the perception of the dashboard. 

Interview questions created to gather qualitative data were adapted from a previous 

evaluation of dashboards of ward-specific performance (169) and aligned with the 

Technology Acceptance Model framework (TAM)(170)(Figure 11).  The TAM model 

is designed to assess the technology adoption in a work environment and has been 

implemented for years in evaluating digital tools in the health care settings. (171–

173). The choice to adopt the model to assess the perception of the dashboard was 

influenced by its clarity in comprehending and ability to demonstrate a high level of 

predictiveness of a recent technology implemented(174,175).  The key questions 

were on the perceived benefit, usability, the intention to use and the actual 

functionality, and desired adjustments needed to improve the dashboard (Appendix 

12). A purposive sampling method was followed, guided by the help of the 

dashboard developer and manager. Key users of the dashboard were identified and 

invited to participate in the interview.  

 

Figure 11. Illustration of the Technology Acceptance Model (TAM) to examine the perception 

of the deterioration dashboard.  

 

A before and after data evaluation was run to assess the change in performance in 

the stages measured by the metrics. The period was divided into five phases to 

interpret the improvement in recordings and forms completion. Phases were as 

follows: pre-EHR integration (August-November 2019), post EHR integration 

(December 2019-September 2020), automation period (October 2020-April 2021), 

implementation period (May -September 2021), and post-feedback (October 2021-
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April 2022). Due to the potential effect of skewing doctors' assessment and 

treatment data caused by shifting entry from EHRs to EPMA, the two metrics were 

compared between the implementation period (May to August 2021) and the post-

EPMA rollout (September 2021 to April 2022). 

 

Analysis  
 

Interviews were audio-taped and transcribed, and qualitative data were analysed 

using NVivo software following a content analysis approach. The content analysis 

describes the meaning characteristics of the narrative material (176). It is believed to 

be more well-suited than thematic analysis in the study context owing to its 

exploratory method of an area which not much is known about, to have a clear and 

direct reporting of the content and issues in the intervention (177,178). The method 

analyses interviews through systemic coding of transcriptions to indicate the 

presence of meaningful ideas related to the evaluated domains. Data analysis was 

iterative, where the content was coded, grouped to form subcategories, and then into 

themes that represented the topics creating the focus of the evaluation. The 

transcripts and analysis were checked independently by the primary supervisor as 

developed by the candidate and primary supervisor to ensure rigour.   

 

Descriptive analysis was done on the data collected from the dashboard using the R 

programme. Pearson's chi-square test was used to compare periods identified for 

NEWS2 recording and forms completion. A p-value of <0.05 is considered 

statistically significant. 

 

 

 

 

 

 

 



 82 

Chapter 3 

 

Systematic review 

  

Performance of Universal EWS in different subgroups and clinical settings. 

  

(This chapter was published in BMJ Open Journal).  

Introduction 

  

Across diseases, patient deterioration can range from critical care review and sepsis, 

to cardiorespiratory arrest and death, resulting in strain on healthcare resources 

(58,179). Delays or failures in timely detection of deterioration adversely affect 

prognosis, morbidity, mortality, and healthcare utilisation (62). For example, the 20000 

in-hospital cardiac arrests per year in England are associated with costs of £50 million 

for resuscitation and post-arrest care (31). The rising global burden in healthcare can 

eventually lead to further deterioration of the severely ill receiving inadequate care due 

to lack of resources and inadequate critical care capacity. Preventive interventions are 

needed to overcome these challenges (180). 

  

Specific characteristics have long been known to be associated with deteriorating 

patient health (179–181), including physiological parameters, such as heart rate and 

blood pressure (23,180,182). Early warning scores (EWS), widely used in high-income 

countries, were borne out of the need for early detection of patient deterioration. EWS 

are tools derived from prediction models that assess patient characteristics and 

physiological parameters to stratify the risk of developing a worsening event or need 

for medical attention (47). The algorithms underlying EWS can be “aggregate-

weighted” to sum up a set of parameters to produce a score, or use more advanced 

statistical modelling (183). EWS inform clinical decision-making, enabling escalation 

of attention and care when required. Standardised tools, such as the modified early 
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warning score (MEWS) (184) were developed for use across different hospital 

settings, but specialised, non-standard EWS are also designed for particular 

subgroups, e.g. Rapid Emergency Medicine Score (REMS) (185) and Quick 

Sequential Organ Failure Assessment (qSOFA) (56) for patients with infections. In 

recognising different settings, EWS may have compromised simplicity and timeliness 

of assessment (47). For example, a number of EWS rely on parameters that do not 

exist in the first hours of assessment, such as blood investigations and imaging (58–

60).  

  

From fragmented implementation and inadequate early assessment via specialised 

tools, EWS have shifted back to standardised prediction models, particularly, the 

national early warning score (NEWS) (51), followed by NEWS2 (53). NEWS was 

designed to produce a standardised assessment of acute illness severity across the 

NHS (186). While showing good discrimination compared with other EWS, especially 

in predicting mortality, there was a need to accommodate additional clinical 

parameters in the score. The updated NEWS2, emphasising appropriate scoring for 

type 2 respiratory failure, confusion and severe sepsis (53), was formally endorsed by 

NHS England (52) to be the EWS used in acute care. However, there have been 

concerns regarding excessive calls to clinicians, administrative workload, and variable 

symptoms across diseases and settings (187). The effectiveness of the universal EWS 

with standardised use across all settings is not clear in specific disease populations 

(67), and requires validation to estimate discrimination and calibration, like other 

clinical prediction models (188) While internal validation is useful, generalisability and 

reproducibility needs external validation (189). 

  

Systematic reviews have evaluated EWS in pre-hospital, intensive care unit (ICU) and 

general settings (62,64,190), and sepsis (184), with narrow inclusion criteria and 

inadequate assessment of study quality. A recent systematic review evaluated 

development and validation of EWS in general patients, but did not include studies in 

specific disease subgroups or settings (191). 
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Objective 

In a systematic review, the performance of universal EWS in particular diseases and 

clinical settings was assessed in predicting severe acute events: mortality, transfer to 

ICU and cardiac arrest. 

  

Methods  

 

Following the PRISMA-P guidelines (128), the search was carried in MEDLINE, 

CINHAL, EMBASE, Cochrane database and google scholar for grey literature from 

1997 to 2019. For the search, terms for early warning or track and trigger scores and 

acronyms, identified subgroups and settings, and free text search terms were used. 

(Figure 12; Appendix 3 and 4). 

Studies were included if: (1) validating a standardised EWS prediction model in adult 

patients; (2) the validation done in specific setting or disease; (3) evaluating the 

performance in predicting mortality, transfer to ITU and cardiac arrest, (4) they were 

prospective or retrospective cohort, cross-sectional, case-control design or trials. 

For data extraction, data was independently extracted by the PhD candidate and 

primary supervisor using a standardised and piloted form based on CHRAMS 

checklist (129).  

Quality was assessed using PROBAST tool to classify studies into low, unclear, or 

high risk of bias (131).  

Evidence synthesis summarised the performance of different EWS and meta-

analysis was performed in different subgroups and settings, using AUC. Fisher-Z 

transformation was done for AUC to convert into normally distributed Z with 95% CI.  

 

Full description of tools utilised for search, extraction and appraisal, inclusion and 

exclusion criteria, and data analysis is explained the methods chapter.  

Definition of standardised EWS, validation method and measurement tool are 

explained in table 3. 
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 Table 3. Definition of terms.  

 

  

Results 

 

Study characteristics 
  

Of the 16,181 articles identified by the search, a total of 1,355 articles were screened 

by title and abstract, 770 articles were assessed in full for eligibility. The included 

articles were 103 studies, published between 2006 and 2019, in the final stage. These 

studies were predominantly observational (retrospective= 65, prospective= 36 and 

RCT=2). Emergency department (ED) (n=48) was the most common clinical setting, 

followed by medical (n = 12), ICU (n = 12), and surgical (n=9) settings. Sepsis (n=33) 

was the commonest disease subgroup. Other subgroups ranged from respiratory 

(n=8) to renal (n=1) (Figures 9 and 10). Mortality was the main studied outcome. 

Cardiac arrest was infrequently studied (n=8). 

 

Term Definition 

Universal EWS:  
 
 
Standardised 
EWS:  
 
External 
validation:  
 
Internal 
validation:  
 
 
Discrimination:  
 
 
Calibration: 

EWS that are globally adopted and applicable in every setting and for 
any disease sub-group. 
 
EWS model with a set of parameters used in a unified approach to 

predict deterioration in any patient subgroup (52,181).  
 
Evaluation of the model’s predictive accuracy with data different from 

the one used for model development (189). 
 
Evaluation of a model’s predictive accuracy with the same data set 
used for the development or in a population in which the model is 

intended for use (189).  
 
The ability of a model to distinguish between the patients who will 

develop an outcome of interest and the ones who will not (188).  
 
The accuracy of risk estimates in relation to the observed number of 

events (192). 
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Figure 12. Search strategy and included studies regarding early warning scores in different 

disease subgroups and clinical settings.   
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Quality assessment 
  

There was a significant risk of bias found in the majority of studies (high risk=16; 

unclear risk=64), and low risk in only 28 studies. In terms of applicability, narrow 

inclusion of conditions in a certain disease group was commonly related to the risk of 

bias, while in general settings, biases were often due to low sample size or 

unspecified timing of EWS assessment. There was a wide variation in sample size 

(median: 551 and range: 43 - 920029). There was variation in defining study 

population by number of patients, hospital admissions or not specifying the particular 

study sample. Almost half of the studies (n=49; 48%) validated in <500 patients with 

either multiple observations or a single observation sets (Tables 4 and 5). External 

validation was more common (n = 83) than internal validation (n = 18) and two 

studies included internal and external validation (Appendix 13). 

  

EWS validation in patient subgroups 
 

- Subgroups and EWS 

In the studies validating EWS, there was heterogeneity in subgroup definitions, 

models, and methods of predictive accuracy. There was overlap between diseases 

and settings commonly between studies of patients with infections receiving care in 

ED (193,194) and patients with sepsis admitted to ICU (195,196) (Figure 13).  EWS 

models that were integrated with electronic health records (EHR) were examined in 

recent studies (n = 9). Research on datasets utilising EWS-embedded EHRs had 

larger sample sizes, ranging from 504 (197) to 13,014 patients (198) (Tables 4 and 5), 

with moderate to high predictive ability (AUC: 0.65–0.85). Several studies included 

comparison between different EWS in the same cohort (n=21) (109,196,199) 

(Appendix 14). 
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Figure 13. Number of studies regarding the performance of early warning scores in different 

disease subgroups and clinical settings.  

Each bubble represents the disease subgroup and/or setting where different early warning scores 

were examined. The size of the bubble represents the number of studies (n); and overlapping bubbles 

show studies where disease subgroups and settings overlap.  

Abbreviation: CVD: Cardiovascular diseases; ED: Emergency department; GI: Gastrointestinal 

diseases; ICU: Intensive Care Units. 

 

 

Methodology 

 

There was significant heterogeneity in methods across studies. The majority of studies 

were observational. Evaluation of predictive accuracy of different EWS in the same 

study  was common (186,200,201). To measure accuracy of EWS, AUC was most 

commonly used (n=94), especially when comparing different EWS in the same study 

(65,186). Presentation of results was variable; for example, confidence intervals were 

missing in many studies. Other measures, such as analysing sensitivity and specificity, 
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prognostic index and odds ratios, were found in only eight studies (Tables 4-7). 

Consequently, it was only feasible to analyse predictive accuracy in studies where 

AUC was the selected measure. 

Timing from EWS assessment to endpoints was variable. Many studies included (n = 

43) AUC within 24 to 48 hours, while 11 studies had endpoints more than 48 hours 

after EWS. However, the majority (n=65; 63%) did not specify time horizon or in-

hospital outcome.  
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Table 4. Characteristics of included studies of predictive performance for EWS in patient subgroups and settings. 

 

Author, year Country  

Subgroups Settings Study design 
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Kellett, 
2012(202) 

Canada ● ○ ○ ● ● ● ○ ○ ● ○ ● ● ● ○ ○ ○ 10007 

Kim, 2017(203) Korea ○ ● ○ ○ ○ ○ ○ ○ ○ ○ ○ ○ ● ○ ○ ○ 2172 

Bozkurt, 

2015(204) 
Turkey ○ ● ○ ○ ○ ○ ○ ○ ○ ○ ○ ○  ○ ● ○ ○ 202 

Seak, 
2017(205) 

Taiwan ○ ● ○ ○ ○ ○ ○ ○ ○ ○ ○ ○ ● ○ ○ ○ 66 

Hu, 2016(206) USA ○ ○ ● ○ ○ ● ○ ○ ○ ○ ○ ○ ● ○ ○ ○ 565 

Liljehult, 
2016(207) 

Denmark ○ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ ○ ● ○ ○ ○ 274 

Mulligan,2010(2

08) 
UK ○ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ ○ ○ ● ○ ○ 71 

Cooksley, 
2012(209) 

UK ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ ● ○ ○ ○ 840 

Vaughn, 
2018(197) 

USA ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ ● ○ ○ ○ 504 

Young, 
2014(210) 

USA ○ ○ ● ○ ○ ● ○ ○ ○ ○ ○ ○ ● ○ ○ ○ 61 

Von, 2007(211) UK ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ ● ○ ○ ○ 43 

Pedersen, 
2018(212) 

Denmark ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ○ ● ○ ○ ○ 11266 

Forster, 
2018(213) 

UK ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ○ ● ○ ○ ○ 8812 

Pimentel, 
2018(109) 

UK ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ○ ● ○ ○ ○ 1394 

Sbiti-rohr, 
2016(214) 

Switzerlan
d 

○ ○ ○ ○ ○ ○ ● ○ ○ ● ○ ○ ○ ○ ● ○ 925 

Brabrand, 

2017(215) 
Denmark ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ● ○ ● ○ ○ 570 

Jo, 2016(216) Korea ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ○ ● ○ ○ ○ 553 

Barlow, 
2007(217) 

UK ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ ● ○ ○ 419 

Bilben, 
2016(218) 

Norway ○ ○ ○ ○ ○ ○ ● ○ ○ ● ○ ○ ○ ● ○ ○ 246 

Delahanty, 
2019(219) 

USA ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 
92002

6 

Redfern, 
2018(220)  

UK ○ ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ● ○ ○ ○ 
24199

6 

Churpek, 
2017(1)(199) 

USA ○ ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ○ ● ○ ○ 53849 

Faisal, 
2019(221) 

UK ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 36161 
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Churpek,2017(2)(200) USA ○ ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ○ ● ○ ○ 18523 

Henry, 2015(198) USA ○ ○ ○ ○ ○ ○ ○ ● ● ○ ○ ○ ● ○ ○ ○ 13014 

Brink,2019(193) Netherlands ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 8204 

De Groot, 2017(222) Netherlands ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ○ ● ○ ○ 2280 

Corfield, 2014(223) UK ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 2003 

Goulden, 2018(224) UK ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 1818 

Khwannimit, 
2019(196) 

Thailand ○ ○ ○ ○ ○ ○ ○ ● ● ○ ○ ○ ● ○ ○ ○ 1589 

Ghanem- Zoubi, 
2011(225) 

Israel ○ ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ○ ● ○ ○ 1072 

Saeed, 2019(226) UK, France, 
Italy, 

Sweden & 
Spain 

○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 1058 

Innocenti, 2018(227) Italy ○ ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ● ○ ○ ○ 742 

Camm, 2018(228) UK ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 533 

Tirotta, 2017(229) Italy ○ ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ○ ● ○ ○ 526 

Pong, 2019(230) Malaysia ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 364 

Prabhakar, 
2019(231) 

Malaysia ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 343 

Martino, 2018(232) Italy ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 310 

Vorwerk, 2009(60) UK ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 308 

Qin, 2017(233) China ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 292 

Schmedding, 
2019(234) 

Gabon ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ○ ● ○ ○ 277 

Albur, 2016(235) UK ○ ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ○ ● ○ ○ 245 

Cildir, 2013(194) Turkey ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ○ ● ○ ○ 230 

Chiew, 2019(72) Malaysia ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 214 

Samsudin, 
2018(236) 

Malaysia ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 214 

Chang, 2018(237) China ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 152 

Geier, 2013(238) Germany ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ○ ● ○ ○ 151 

Asiimwe, 2015(239) Uganda ○ ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ○ ● ○ ○ 150 

Hung, 2017(240) Taiwan ○ ○ ○ ○ ○ ○ ○ ● ○ ● ○ ○ ● ○ ○ ○ 114 

Garcea, 2006(241) UK ○ ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ● ○ ○ ○ 110 

Yoo, 2015(242) Korea ○ ○ ○ ○ ○ ○ ○ ● ○ ○ ○ ○ ● ○ ○ ○ 100 

Siddiqui,2017(195) Malaysia ○ ○ ○ ○ ○ ○ ○ ● ● ○ ○ ○ ● ○ ○ ○ 58 
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Table 5. Characteristics of included studies of predictive performance for EWS in patient subgroups and settings. 
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Kellett, 2012(243) ✗ ● ○ ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Kim, 2017(203) ✓ ● ○ ○ ○ ○ ○ ○ ○ ○ ○ AUC ✗ ✓ ✗ ✗ ✗ 

Bozkurt, 2015(204) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Seak, 2017(205) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 

Hu, 2016(206) ✓ ○ ○ ● ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✓ ✗ ✗ 

Liljehult, 2016(207) ✗ ○ ○ ● ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Mulligan,2010(208) ✗ ○ ○ ● ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 

Cooksley, 
2012(209) 

✗ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✓ ✗ ✗ 

Vaughn, 2018(197) ✓ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 

Young, 2014(210) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ 
Sens 

& 

Spec 
✓ ✗ ✗ ✗ ✗ 

Von, 2007(211) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Pedersen, 
2018(212) 

✓ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Forster, 2018(213) ✓ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ 
Sens 

& 

Spec 
✓ ✗ ✗ ✗ ✗ 

Pimentel, 
2018(109) 

✓ ○ ○ ○ ● ● ○ ○ ○ ○ ○ AUC ✓ ✓ ✓ ✗ ✗ 

Sbiti-rohr, 
2016(214) 

✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Brabrand, 
2017(215) 

✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Jo, 2016(216) ✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Barlow, 2007(217) ✗ ○ ○ ● ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Bilben, 2016(218) ✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Delahanty, 
2019(219) 

✗ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✓ 

Redfern, 

2018(220) 
✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 

Churpek, 
2017(1)(199) 

✗ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 

Faisal, 2019(221) ✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✗ ✗ ✗ ✗ ✓ 
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Churpek,2017(2) 

(200) 
✗ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Henry, 2015(198) ✓ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Brink,2019(193) ✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

De Groot, 
2017(222) 

✗ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 

Corfield, 

2014(223) 
✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Goulden, 
2018(224) 

✓ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 

Khwannimit, 2019 
(196) 

✗ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Ghanem-Zoubi, 
2011(225) 

✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Saeed, 2019(226) ✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 

Innocenti, 
2018(227) 

✗ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Camm, 2018(228) ✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ Sens 
&Spec 

✓ ✓ ✗ ✗ ✗ 

Tirotta, 2017(229) ✗ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Pong, 2019(230) ✗ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Prabhakar, 

2019(231) 
✗ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Martino, 
2018(232) 

✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 

Vorwerk, 2009(60) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Qin, 2017(233) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Schmedding, 
2019(234) 

✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Albur, 2016(235) ✗ ○ ○ ● ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Cildir, 2013(194) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Chiew, 2019(72) ✗ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Samsudin, 
2018(236) 

✗ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 

Chang, 2018(237) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Geier, 2013(238) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✓ 

Asiimwe, 

2015(239) 
✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ Prognostic 

index 
✓ ✗ ✗ ✗ ✗ 

Hung, 2017(240) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 

Garcea, 2006(241) ✗ ○ ○ ● ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 

Yoo, 2015(242) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ OR ✓ ✓ ✗ ✗ ✗ 

Siddiqui,2017(195) ✗ ○ ○ ● ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 
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Studies are ranked according to sample size from largest to smallest in each subgroup.  

Abbreviations:  

Subgroup: CVD: Cardiovascular disease; ED: Emergency department; GI: Gastrointestinal diseases; ICU: 

Intensive care unit. 

EWS: Early Warning Score; ViEWS: Vital pack Early Warning Score; MEWS: Modified Early Warning Scores; 

EWS: Early Warning Scores; NEWS: National Early Warning Scores; HOTEL: Hypotension, Oxygen Saturation, 

Temperature, ECG abnormality, Loss of independence score; Worthing: Worthing physiological scoring system; 

TREWS: Triage in Emergency department Early Warning Score; SOS: Search out Severity score; HEWS: 

Hamilton Early Warning Score.  

EHR: Electronic Health Records. 

Predictive measures: AUC: Area under the curve; Sens and spec: Sensitivity and Specificity; OR: Odds Ratio. 

Outcomes: ICU: Transfer to intensive Care Unit; CA: Cardiac arrest; RA: Respiratory arrest. 

Note: Black dots in the subgroup column represent the disease or the settings where the sample was studied and 

brown dots in the study by Kellet (2012) represent different sample for each subgroup.  
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Table 6. Characteristics of included studies of predictive performance for EWS in clinical settings. 

Author, year Country  

Settings Study design 
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Calvert 2016(244) Israel ● ○ ○ ○ ● ○ ○ ○ 29083  

Awad, 2017(245) UK ● ○ ○ ○ ● ○ ○ ○ 11722  

Reini, 2012(246) Sweden ● ○ ○ ○ ○ ● ○ ○ 518  

Chen, 2019(247) Taiwan ● ○ ○ ○ ● ○ ○ ○ 370  

Baker, 2015(248) Tanzania ● ○ ○ ○ ○ ● ○ ○ 269  

Gök, 2019(249) Turkey ● ○ ○ ○ ● ○ ○ ○ 250  

Moseson, 2014(250) USA ● ○ ○ ○ ○ ● ○ ○ 227  

Jo, 2013(251) 
South 

Korea 
● ○ ○ ○ ● ○ ○ ○ 151  

Kwon, 2018(252) Korea ○ ● ○ ○ ● ○ ○ ○ 1986334  

Usman, 2019(253) USA ○ ● ○ ○ ● ○ ○ ○ 115734  

Jang, 2019(254) Korea ○ ● ○ ○ ● ○ ○ ○ 56368  

Wei, 2019(255) China ○ ● ○ ○ ● ○ ○ ○ 39977  

Lee, 2019(256) Korea ○ ● ○ ○ ● ○ ○ ○ 27173  

Singer, 2017(257) USA ○ ● ○ ○ ● ○ ○ ○ 22530  

Eick, 2015(258) Germany ○ ● ○ ○ ○ ● ○ ○ 5730  

Bulut, 2014(259) Turkey ○ ● ○ ○ ○ ● ○ ○ 2000  

Kivipuro, 2018(260) Finland ○ ● ○ ○ ○ ● ○ ○ 1354  

Eckart, 2019(261) USA ○ ● ○ ○ ● ○ ○ ○ 1303  

Ho, 2013(262) Malaysia ○ ● ○ ○ ● ○ ○ ○ 1024  

Skitch, 2018(263) Canada ○ ● ○ ○ ● ○ ○ ○ 845  

Liu, 2014(264) Malaysia ○ ● ○ ○ ○ ● ○ ○ 702  

Dundar, 2016(265) Turkey ○ ● ○ ○ ○ ● ○ ○ 671  

Yuan., 2018(266) China ○ ● ○ ○ ○ ● ○ ○ 621  

Naidoo, 2014(267) 
South 
Africa 

○ ● ○ ○ ● ○ ○ ○ 590  

Liu, 2015(268) China ○ ● ○ ○ ○ ● ○ ○ 551  

So, 2015(269) China ○ ● ○ ○ ○ ● ○ ○ 544  

Dundar, 2019(270) Turkey ○ ● ○ ○ ● ○ ○ ○ 455  

Lam, 2006(271) China ○ ● ○ ○ ○ ● ○ ○ 425  

Xie, 2018(272) China ○ ● ○ ○ ○ ● ○ ○ 383  

Cattermole, 
2009(273) 

China ○ ● ○ ○ ○ ● ○ ○ 330  

Heitz, 2010(274) USA ○ ● ○ ○ ● ○ ○ ○ 280  
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Author, year Country 
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Sirivilaithon, 
2019(275) 

Thailand ○ ● ○ ○ ○ ○ ○ ● 250 

Cattermole, 
2014(276) 

China ○ ● ○ ○ ○ ● ○ ○ 230 

Najafi, 
2018(277) 

Iran ○ ● ○ ○ ○ ● ○ ○ 185 

Bartkowiak, 
2019(112) 

USA ○ ○ ● ○ ● ○ ○ ○ 32537 

Kovacs, 
2016(278) 

UK ○ ○ ● ● ● ○ ○ ○ 20626 

Plate, 
2018(279) 

Netherlands ○ ○ ● ○ ○ ● ○ ○ 1782 

Sarani, 
2012(280) 

Netherlands ○ ○ ● ○ ○ ● ○ ○ 572 

Hollis, 
2016(281) 

USA ○ ○ ● ○ ● ○ ○ ○ 522 

Gardner-Thorpe 
2006(282) 

UK ○ ○ ● ○ ○ ● ○ ○ 334 

Garcea, 
2010(283) 

UK ○ ○ ● ○ ● ○ ○ ○ 280 

Cuthbertson, 
2007(48) 

UK ○ ○ ● ○ ● ○ ○ ○ 136 

Prytherch, 

2010(50) 
UK ○ ○ ○ ● ● ○ ○ ○ 35585 

Smith, 
2013(186) 

UK ○ ○ ○ ● ● ○ ○ ○ 35585 

Rasmussen, 
2018(284) 

Denmark ○ ○ ○ ● ● ○ ○ ○ 17312 

Ghosh, 
2018(285) 

USA ○ ○ ○ ● ● ○ ○ ○ 2097 

Duckitt, 
2007(286) 

UK ○ ○ ○ ● ○ ● ○ ○ 1102 

Colombo, 

2017(287) 
Italy ○ ○ ○ ● ● ○ ○ ○ 471 

Abbot, 
2016(288) 

UK ○ ○ ○ ● ○ ● ○ ○ 322 

Wheeler, 
2013(243) 

Malawi ○ ○ ○ ● ○ ● ○ ○ 302 

Graziadio, 
2019(289) 

UK ○ ○ ○ ● ○ ● ○ ○ 292 
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Table 7. Characteristics of included studies of predictive performance for early warning scores in 

clinical settings. 
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Calvert 2016(244) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✗ ✗ ✗ ✗ ✓ 
 

Awad, 2017(245) ✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 
 

Reini, 2012(246) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 
 

Chen, 2019(247) ✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✗ ✗ ✗ ✓ ✗ 
 

Baker, 2015(248) ✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 
 

Gök, 2019(249) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✗ ✗ ✗ ✗ ✓ 
 

Moseson, 
2014(250) 

✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 
 

Jo, 2013(251) ✗ ● ● ○ ○ ○ ○ ○ ● ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 
 

Kwon, 2018(252) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 
 

Usman, 2019(253) ✗ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✓ 
 

Jang, 2019(254) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✗ ✗ ✓ ✗ ✗ 
 

Wei, 2019(255) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 
 

Lee, 2019(256) ✗ ○ ● ○ ● ○ ○ ○ ○ ● ○ AUC ✓ ✗ ✗ ✗ ✗ 
 

Singer, 2017(257) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 
 

Eick, 2015(258) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 
 

Bulut, 2014(259) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 
 

Kivipuro, 
2018(260) 

✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 
 

Eckart, 2019(261) ✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 
 

Ho, 2013(262) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✗ ✓ ✗ ✗ ✗ 
 

Skitch, 2018(263) ✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ● AUC ✗ ✗ ✗ ✗ ✓ 
 

Liu, 2014(264) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✓ ✗ ✗ 
 

Dundar, 2016(265) ✗ ● ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 
 

Yuan., 2018 (266)  ✗ ○ ● ○ ● ○  ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 
 

Naidoo, 2014(267) ✗ ○ ○ ○ ○ ○ ○ ○ ○ ● ○ Sens & 

Spec 
✓ ✗ ✗ ✗ ✗ 

 

Liu F.Y, 2015(268) ✗ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 
 

So, 2015(269) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ Sens & 
Spec 

✓ ✗ ✗ ✗ ✗ 
 

Dundar, 2019(270) ✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 
 

Lam, 2006(271) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 
 

Xie, 2018(272) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✓ ✗ ✗ ✗ 
 

Cattermole, 
2009(273) 

✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 
 

Heitz, 2010(274) ✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC ✓ ✗ ✗ ✗ ✗ 
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Studies are ranked according to sample size from largest to smallest in each subgroup.  

Abbreviations:  

Subgroup: ED: Emergency department; ICU: Intensive care unit. 

EWS: Early Warning Score; ViEWS: Vital pack Early Warning Score; MEWS: Modified Early Warning 

Scores; EWS: Early Warning Scores; NEWS: National Early Warning Scores; HOTEL: Hypotension, 

Oxygen Saturation, Temperature, ECG abnormality, Loss of independence score; Worthing: Worthing 

Author, 
year 

E
H

R
 

EWS 

P
re

d
ic

ti
v

e
 

m
e

a
s

u
re

 

Outcomes studied 

V
IE

W
S

 

M
E

W
S

 

E
W

S
 

N
E

W
S

 

N
E

W
S

2
 

S
O

S
 

W
O

R
T

H
IN

G
 

H
O

T
E

L
  

T
R

E
W

S
  

H
E

W
S

 

M
o

rt
a

li
ty

 

IC
U

  

C
 A

  

R
 A

 

S
e

p
s

is
 

Sirivilaithon, 
2019(275) 

✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC  ✗ ✗ ✗ ✗ ✗ 

Cattermole, 
2014(276) 

✗ ○ ● ○ ● ○ ○ ● ○ ○ ○ AUC  ✓ ✗ ✗ ✗ ✗ 

Najafi, 
2018(277) 

✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC  ✓ ✗ ✗ ✗ ✗ 

Bartkowiak, 
2019(112) 

✗ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC  ✓ ✓ ✓ ✗ ✗ 

Kovacs, 
2016(278) 

✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC  ✓ ✓ ✓ ✗ ✗ 

Plate, 
2018(279) 

✗ ● ○ ○ ○ ○ ○ ○ ○ ○ ○ AUC  ✓ ✓ ✗ ✗ ✗ 

Sarani, 
2012(280) 

✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ 
Sens 

& 
Spec 

✓ ✓ ✗ ✗ ✗ 

Hollis, 
2016(281) 

✗ ○ ○ ● ○ ○ ○ ○ ○ ○ ○ AUC  ✓ ✓ ✗ ✗ ✗ 

Gardner-

Thorpe 
2006(282) 

✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ 

Sens 

& 
Spec 

✓ ✓ ✗ ✗ ✗ 

Garcea, 
2010(283) 

✗ ○ ○ ● ○ ○ ○ ○ ○ ○ ○ AUC  ✓ ✗ ✗ ✗ ✗ 

Cuthbertson, 
2007(48) 

✗ ○ ● ● ○ ○ ○ ○ ○ ○ ○ AUC  ✗ ✓ ✗ ✗ ✗ 

Prytherch, 

2010(50) 
✗ ● ○ ○ ○ ○ ○ ○ ○ ○ ○ AUC  ✓ ✗ ✗ ✗ ✗ 

Smith, 
2013(186) 

✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC  ✓ ✓ ✓ ✗ ✗ 

Rasmussen, 
2018(284) 

✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC  ✓ ✗ ✗ ✗ ✗ 

Ghosh, 
2018(285) 

✓ ○ ● ○ ● ○ ○ ○ ○ ○ ○ AUC  ✓ ✗ ✗ ✗ ✗ 

Duckitt, 
2007(286) 

✗ ○ ○ ● ○ ○ ○ ● ○ ○ ○ AUC  ✓ ✓ ✗ ✗ ✗ 

Colombo, 

2017(287) 
✗ ○ ● ○ ○ ○ ○ ○ ○ ○ ○ AUC  ✓ ✗ ✗ ✗ ✗ 

Abbott, 
2016(288) 

✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC  ✓ ✗ ✗ ✗ ✗ 

Wheeler, 
2013(243) 

✗ ○ ● ○ ○ ○ ○ ○ ● ○ ○ AUC  ✓ ✗ ✗ ✗ ✗ 

Graziadio, 
2019(289) 

✗ ○ ○ ○ ● ○ ○ ○ ○ ○ ○ AUC  ✓ ✓ ✗ ✗ ✗ 
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physiological scoring system; TREWS: Triage in Emergency department Early Warning Score; SOS: 

Search out Severity score; HEWS: Hamilton Early Warning Score.  

EHR: Electronic Health Records. 

Predictive measures: AUC: Area under the curve; Sens and spec: Sensitivity and Specificity; OR: 

Odds Ratio. 

Outcomes: ICU: Transfer to intensive Care Unit; CA: Cardiac arrest; RA: Respiratory arrest. 
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Predictive performance of EWS 
 

Outcomes were most commonly mortality, transfer to ICU, developing sepsis (in 

patients with infections), and cardiac arrest. Few studies examined other outcomes, 

e.g., respiratory arrest (n = 1) and organ failure (n = 4). Mortality, ICU admission and 

cardiac arrest were best predicted in medical (AUC mean: 0.74, 0.75 and 0.74) (47–

49) and surgical settings (0.80, 0.79 and 0.75) (48,112), and respiratory diseases 

(0.75, 0.80 and 0.75) respectively. EWS prediction of sepsis had reasonable predictive 

performance in all subgroups (AUC: 0.71–0.79), and infectious diseases in particular 

(AUC: 0.79). Certain outcomes related to specific disease groups were not studied, 

e.g. cardiac arrest was not studied in cardiac patients (186); respiratory arrest was not 

tested in respiratory patients (202,214,233).  

The best predictive performance was found in studies examining cardiac(202), 

stroke(202,207) and renal (202) diseases (AUC: 0.93, 0.88 and 0.87 respectively). 

In  emergency settings, predictive accuracy was variable (AUC: 0.56–0.91) (72,259). 

In haematology and oncology diseases, EWS predictive accuracy was suboptimal in 

mortality (Appendix 15), cardiac arrest and ICU transfer (AUC: 0.52-0.69; Figures 14 

and 15) (66,209). EWS prediction of ICU transfer was reasonable in ED (261,265), 

infectious diseases (225,235), and where both groups overlap (200,227), but not in 

gastroenterology and haematology (AUC: 0.64 and 0.60) (206,208) (Appendix 16). 

Cardiac arrest was the least examined outcome among the three endpoints (n=8) and 

unstudied in cardiac diseases. (Figures 14, 15 and Appendix 17) 

For mortality prediction, meta-analysis of included EWS showed high degree of 

statistical heterogeneity across all subgroups (I2 = 72% -99%)(Figure 16). In validation 

studies of NEWS in different disease subgroups, there was also significant 

heterogeneity (I2= 99%; Figure 17).   
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Figure 14.Early warning scores performance in different disease subgroups 

Each bubble represents critical events predicted by early warning scores for each disease subgroup with average AUC of studies beside each event type. 

The size of the bubble represents the number of studies in each subgroup. Abbreviations: CA: cardiac arrest; CVD: cardiovascular diseases; GI: 

Gastrointestinal Diseases; ICU: Transfer to Intensive Care Unit; OF: Organ Failure; RA: Respiratory Arrest.  
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Figure 15. Early warning scores performance in different clinical settings.  

Each bubble represents critical events predicted by early warning scores for each clinical setting with average AUC of studies beside each event type. The 

size of the bubble represents the number of studies in each subgroup. Abbreviations: ED: Emergency Department; ICU: Intensive Care Units; OF: organ 

failure; CA: Cardiac Arrest; ICU: Transfer to Intensive Care Units; RA: Respiratory Arrest. 
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Figure 16. Forest plot of predictive accuracy of early warning scores for mortality in different 

disease subgroups and clinical settings.  

Abbreviations: Med: medical settings, Surg: surgical settings, ED: Emergency Department, ICU: 

Intensive Care Units, Infec: Infectious Diseases, Resp: Respiratory Diseases, Onco: Oncology 

diseases, Stroke: Patients with stroke, Renal: Renal diseases, Hem: Haematological diseases, GI: 

Gastrointestinal diseases, CVD: Cardiovascular Diseases.  

Note: number following Author(s) and year indicate more than one EWS evaluated in the study. 
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Author(s), year                                                                                                                AUC (95%CI, upper-lower) 

  

RE model for all studies: Q (df = 39) = 37566.8345, p-val < .0001, I2 = 99.8 

Figure 17. Forest plot of predictive accuracy of NEWS for mortality.
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Discussion  

  

In this comprehensive review of Universal EWS across all diseases and settings, 

there were three main findings identified. First, EWS studies in different diseases 

and clinical settings were heterogeneous in methodology, predictive performance 

measures, and number of studies in each subgroup. Second, validation of EWS is 

limited in specialised settings, including cardiac disease. Third, despite widespread 

EHR and EWS integration, few studies have explored EHR-based EWS. 

  

Inconsistency in evaluation and the lack of high-quality validation makes the 

evidence of validity questionable, ultimately affects how EWS can and should be 

used in clinical practice as a risk score for deterioration prediction. Heterogeneity 

across studies in all subgroup’s challenges implementation of EWS in all diseases 

and all settings. In methodology, observations selections method, time horizon 

between EWS score and event, and the metric used in assessment were 

inconsistent. Choosing multiple observations or a single observation  prior the 

outcome may not significantly affect the ranking of EWS (290). Yet, selecting a 

single observation is generally associated with high AUC compared to multiple 

observations (202,290), supporting the use of multiple observations for each 

episode. Moreover, AUC, the most commonly used measure of predictive 

performance, has limitations and other metrics, including positive predictive value, 

should also be assessed (291). Recording observations at an agreed threshold point 

before events in a standardised method is necessary to evaluate EWS effectively.  

The Universal EWS with standardised models were primarily designed for general 

patient populations in wards and emergency departments and remain under-

evaluated in specific diseases and settings. In medical and ED contexts, EWS 

perform well, suggesting the role of EWS in general settings, or at the early stage of 

clinical assessment. Our positive findings in respiratory disease may indicate the 

emphasis of several EWS, such as NEWS2, on respiratory changes when patients 

are deteriorating. Specific disease areas may show unique alarm signs when critical 

events are anticipated, which may not be captured by standardised EWS, such as 
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NEWS2, where prediction of deterioration is based on predefined thresholds in all 

patients (52). Critical events are commonly associated with CVD. With CVD being a 

leading cause of mortality globally, and the significant impact of morbidity on health 

and social care, early detection of deterioration is necessary (292). However, EWS 

are poorly validated in CVD, some of the parameters may not be applicable, and 

EWS may be unrepresentative (67). A recent study of  NEWS2 in patients with 

coronavirus infection found poor performance in severity prediction (95), despite pre-

existing conditions being common and predictive in patients with severe outcomes. 

EWS may need to take account of disease-specific risk factors and comorbidities. 

Widespread uptake of EHR and digitisation of patient observations are expected to 

contribute to efficient use of EWS, by reducing human errors in documentation and 

calculation, as well as delays in escalation of care. However, relatively few studies 

have considered EHR-based EWS, and those studies have not analysed whether 

predictive performance of EWS is related to EHR use, diseases or settings. 

Investigating implementation and adoption of EWS is necessary to understand the 

application and performance of EWS. Predictive algorithms derived by machine 

learning have been successfully used in developing and validating EWS (109,110), 

but will require robust evaluation. Studying the implementation process of EWS 

within EHR will provide opportunities for qualitative and quantitative insights into 

escalation of care, as well as facilitators and barriers to use of EWS in routine 

practice. 

 

There are several limitations in this review and in included studies. The research aim 

was for a comprehensive investigation of all EWS developing since 1997, but this 

long study period may lead to bias in comparing studies with old and new validation 

approaches statistically and technically. There was exclusion of EWS specifically 

derived and validated for particular disease populations or settings, and an exclusion 

of studies considering a general patient population. Meta-analysis was only done for 

studies using AUC, excluding other methods for assessing performance of EWS. 

The distinction between general patient settings and specific disease or patient 

subgroups is dependent on hospital, healthcare system and country, and there was 

inevitably overlap between patients and settings at different stages in patient 
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pathways. It was only feasible to include studies with a clear disease or setting 

identified to avoid confusion. 

  

Validation of EWS in disease subgroups should consider similarities and differences 

across diseases, sample size, and include measures of model discrimination and 

calibration. Further research should adhere to established guidelines on clinical 

outcomes and predictive clinical scoring for decision-making, such as the PROGRESS 

framework (293). 

  

Conclusion  

  

Universal EWS in specific disease subgroups and settings require further validation 

of their performance in detecting worsening outcomes. Despite good performance in 

respiratory patients and medical and surgical settings in studies to-date, the 

predictive accuracy of EWS in all disease subgroups and all clinical settings remains 

unknown. The current evidence base does not necessarily support use of standard 

EWS in all patients in all settings. Future research should include validation of EWS 

in particular patient subgroups and settings, with standardised methodology following 

established guidelines. Going toward the utilisation of EHR for EWS development, 

validation and implementation within EHR should be considered for improved EWS 

systems. 
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Chapter 4 

 

Retrospective cohort study  

 

Performance of digital Early Warning Score (NEWS2) in a cardiac specialist 

setting: retrospective cohort study.  

 

 

 Introduction 

 

In the previous chapter, the literature on the performance of EWS in disease 

subgroups and clinical settings has been systematically reviewed, and gaps were 

identified in EWS validity in poorly examined diseases, including CVD. In this 

chapter, the digital EWS (NEWS2) performance was validated in a specialised 

cardiac care setting.  

 

Disease severity classification of patients with cardiovascular diseases (CVD) is 

challenging for nurses and physicians. Individuals with CVD can present with various 

sorts of critical events due to the disease's pathophysiology or the comorbidities 

associated (292). The aetiology of the disease and the specialised care provided 

may impose the standardised use of deterioration risk scores, such as the widely 

adopted National Early Warning Score 2 (NEWS2) (52). Heterogeneity in the 

process of patient deterioration complicates detection and escalation. 

 

CVD are the leading cause of death in the UK and worldwide, with an estimated 

health care cost of £9 billion annually (4,292). Short-term critical events, such as 

cardiac arrest and transfer to the Intensive Care Unit (ICU), are common in patients 

with CVD (68,69). In addition, mortality and morbidity are major concerns in patients 

with CVD globally (292). Risk stratification tools for long term outcomes have long 
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been favoured in this disease subgroup. Models like the Global Registry of Acute 

Coronary Events (GRACE) and the CHADS2-VASc are validated long term risk 

scores in cardiovascular diseases (13,294). For early stage risk prediction, risk 

stratification of critical deterioration was unified for all disease groups and settings 

using early warning scoring systems (EWS) (95,186).  

 

The recently implemented and developed NEWS2 has been recommended by the 

consensus of clinical experts. A minimum set of physiological parameters and 

standardised application across the NHS to promote patient safety and unify 

clinicians' practice were the aims of NEWS2 (51,95,295). The predictability of NEWS 

and NEWS2 of critical events was found fair to acceptable to the emergency 

department (270,296) and medical and surgical settings. On the other hand, issues 

reported in specialised settings, like poor predictive performance in haematology 

settings (296) and the need to supplement NEWS in emergency settings (261,270) 

and for Covid patients (95), indicate its inefficiency in particular contexts. In cardiac 

settings, studies on EWS performance in critical events are poor and insufficient to 

defend the application for escalating the acutely ill. A Study in 2012 showed high 

predictive ability in cardiac patients using ViEWS, a model with different parameters 

than NEWS (202). Another examined RACE, a postoperative cardiac EWS tool for 

cardiac surgical ICU; a narrowly included subset of cardiac patients (67). Little is 

known about the predictive value of some NEWS2 components to be deemed 

reliable in this subgroup, i.e. inclusion of temperature or missing heart rhythm. 

Despite the need for reliable early deterioration detection, it is reported that 

specialised cardiac centres may overlook the value of developing and validating 

EWS. The complexity of models and difficulties in analysing electronic health records 

(EHR) data formed barriers to the validation of EWS (67).  However, in the era of 

predictive modelling generated from EHRs, and EWS embedded in EHR, validating 

EWS in patients’ population with a high rate of critical events is necessary.  
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Objective:  

 To investigate the performance of digital NEWS2 in predicting critical events, at 

admission and prior to deterioration, for cardiac patients in the COVID-19 context in 

a cardiac specialist setting. 

 

The specific aims are: 
 

1-   To explore the independent association of physiological parameters and 

NEWS2 at hospital admission and 24hr prior critical events; with disease severity 

(ICU admission, Cardiac arrest, medical emergency and death). 

2-   To examine the predictive ability of NEWS2 and the supplemented NEWS2 

with potential determinants of disease severity on admission and 24 hrs prior to 

the condition worsening. 

3-   To compare the predictive value of NEWS2 with supplemented NEWS2 

models. 

 

Methods 

- Study cohort 

Adult patients admitted to St Bartholomew's hospital, from January to December 

2020, under cardiac speciality care; and patients with Covid-19 based on positive 

PCR test results  

- NEWS2 and physiological parameters 
 

We included physiological parameters and NEWS2 scores routinely obtained 

Including parameters that form NEWS2 score measured upon admission and 24 hrs 

prior critical event. Heart rhythm was included 24 hours prior to event  

- Outcomes 

Outcomes were critical events categorised as in-hospital death, transfer to ICU, 

developing cardiac arrest, and medical emergency.  
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- Data processing and analysis. 

 

Data were extracted from EHRs, CRT database, and COVID-19 pathology data, and 

linked to produce one data set. Pseudonymised data were analysed by the 

candidate. Analysis was done R programme.  Statistical significance was defined as 

a p-value of <0.5. The inter-group difference was evaluated by Pearson's chi-

squared test while the difference between groups was assessed by the Mann–

Whitney U test. The correlations testing between parameters and outcomes were 

evaluated using the Pearson correlation coefficient. The prognostic value of NEWS2 

and produced models were evaluated using ROC analysis.  

 Full explanation of reporting method, data sources and processing, inclusion and 

exclusion and data analysis is covered in the methods chapter.  

 

Results  

 

Baseline characteristics 
 

The initial cohort comprised of 16978 admitted patients, forming 40901 encounters 

and 68867 admissions to the wards from various specialities in oncology, cardiology, 

medicine and surgery. Patients with a primary cardiovascular disease diagnosis 

were 7313 (36%), 14798 encounters and 24792 ward admissions. Patients with 

missing NEWS2 or physiological parameters values were 21% of the total cohort and 

16% of cardiac patients. Using the t-test, the means of NEWS2 and age were similar 

(60.3 and 59.8, respectively) with a statistical significance of p-value < 0.01. 

Therefore, considered Missing completely at random (MCAR) (18) and can be 

removed (19). Included cardiac patients were 6134 patients admitted under 

cardiology, cardiothoracic surgery, congenital heart diseases, or cardiac surgery 

specialities (Figure 18). Patients with COVID-19 were 248 (4%), 40% were cardiac 

patients. 

The mean age of the cardiac population is 63.73+14.47, and 69% were males. The 

in-hospital mortality was 12% (743 patients), ICU admission was 15% (921 patients), 

and 117 cardiac arrests and 160 medical emergencies. The characteristics of the 
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study population are tabulated in table 8. The difference between dead cases, 

patients admitted to ICU, who developed cardiac arrest, or medical emergencies, 

and those who did not develop critical outcomes according to the NEWS2 scoring 

category were statistically significant (p < 0.001). The comparison is tabulated in 

table 9.  

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 18. Flowchart of patients’ cohort. 

Abbreviations: n: number of patients; ICU: cases admitted to Intensive care unit; ME: 

medical emergency cases; CA: cardiac arrest cases; |+veCOVID-19: cases diagnosed with 

COVID-19.    
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Table 8. General characteristics of patients  

  

Variables Descriptive (n=6143) 

Age, years 63.7 + 14.47  

Gender  

Male 4239(69%) 

Female 1904(31%) 

  

Speciality  

Cardiology 3817 (62%)  

Cardiothoracic surgery  2020 (33%) 

Congenital heart disease 184 (3%) 

Cardiac surgery 122 (2%) 

  

Covid patients  248 (4%) 

Cardiology and cardiothoracic surgery  100 (40%) 

Other (Oncology, Haematology, Respiratory 

and Thoracic surgery) 

148 (60%) 

  

NEWS2 numerical parameters  

Systolic blood pressure, mm Hg 128.3+23.2 

Mean arterial pressure, mm Hg 91.21+14.1 

Pulse rate, beats/min 74.43+16.7 

Temperature, °C 36.5+0.6 

Oxygen saturation, % 96.7+2.23 

  

Diastolic blood pressure, mm Hg 72.7+11.9 

NEWS2 1.5+1.7 

  

Outcomes  

In hospital mortality 743 (12%) 

ICU admission 921 (15%) 

Cardiac arrest 117 (2%) 

Medical emergency  160 (3%) 
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Table 9. Comparison between categorical parameters of study population  

 

 

 

The mean of NEWS2 in death cases was higher by a small difference than alive 

patients (difference = 1.005, 95%CI, p<0.001). Between ICU admission and non-

admitted cases, the mean was similar (difference = 0.01, 95% CI, p<0.09). Between 

cardiac arrests and non-arrest cases, and medical emergency and stable cases, 

there was a small variation (difference= 1.99, 95%CI, p<0.001 & difference= 0.99, 

95% CI, P<0.001, respectively) (Figure 19,20, 21 &22).  

 

 

 

 

 

 NEWS 2 categories P value 

characteristic Low (0-4) Moderate (5-6) High (7=<)  

Speciality     

Cardiology 3431 249 128 >0.001  

Cardiothoracic 

surgery  

1931 86 10 >0.001  

Congenital heart 

disease 

164 17 3 >0.001 

Cardiac surgery 113 6 3 >0.001  

     

Outcomes     

In hospital mortality 597 62 84 >0.001  

ICU admission 850 36 35 0.013  

Cardiac arrest 85 14 18 >0.001  

Medical emergency  140 12 8 >0.001  
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Figure 19. NEWS2 in survived and non-survived cases. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 20. NEWS2 in ICU admission and non-ICU cases. 
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Figure 21. NEWS2 in cardiac arrest and non-arrest cases. 

 

 

 

 

 

 

 

                                                                                                    

 

 

 

 

Figure 22. NEWS2 in medical emergency non-emergency cases. 
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Using the correlation matrix between parameters measured on admission and 

outcomes, we found a positive correlation between temperature with heart rate 

(0.32); respiration rate, heart rate and death with NEWS2 (0.41, 0.31, 0.30); and 

death with cardiac arrest (0.31). In the parameters 24 hours prior to critical events, 

there was a strong correlation of SpO2 with Systolic pressure, CVPU with NEWS2 

(0.42, 0.41, 0.42), and Systolic pressure, SpO2 and death with age (0.30, 0.31, 

0.34). Cardiac rhythm is strongly correlated with cardiac arrest and death (0.51, 

0.90) (Figures 23 and 24). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 23. Correlation matrix using Pearson’s correlation coefficient between parameters 

and NEWS2 on admission and outcomes. 
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Figure 24. Correlation matrix using Pearson’s correlation coefficient for parameters and 

NEWS2 24 hrs before outcomes. 

 

Regarding the discrimination, NEWS2 showed moderate to low predictive accuracy 

with death, ICU admission, cardiac arrest, and medical emergency (AUC: 0.63, 0.56, 

0.7& 0.63; 95% CI) respectively, while NEWS2 24 before event showed low 

predictive value (AUC: 0.57, 0.61, 0.53 & 0.56; 95% CI) respectively. In patients with 

Covid-19, NEWS2 showed good to poor performance (AUC: 0.64, 0.5, 0.81& 0.81; 

95%CI). When NEWS2 was supplemented with age, there was insignificant change 

in the predictive performance for all patients (AUC:0.63, 0.5, 0.73 & 0.64; 95% CI) 

However, there was significant improvement for Covid patients (AUC: 0.96, 0.7, 

0.87& 0.88; 95% CI). This was also true for the model of NEWS2 supplemented with 

heart rhythm for the cardiac patients (AUC: 0.75, 0.84, 0.95 & 0.94; 95%CI). The 

calculated optimum cut off value for NEWS2 was >5 showed sensitivity for NEWS2 
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model of 20% and specificity of 94%, while for the model supplemented with heart 

rhythm sensitivity was 30% and specificity 85% (Table 10 & figure 25-30).     

 

 

Table 10. NEWS2 as a predictor of critical events compared to supplemented NEWS2.   

 

 

Model Death 

(AUC 95% CI)  

ICU admission 

(AUC 95%CI) 

Cardiac arrest.    

(AUC 95% CI)  

Medical emergency 

(AUC 95% CI) 

Cardiac 

patients  

 

NEWS2  

(admission) 

0.63 

(0.58-0.67) 

0.55 

(0.51-0.62) 

0.69 

(0.65-0.74) 

0.62 

(0.57-0.67) 

NEWS2 

(24 hrs 

before 

outcome) 

0.58 

(0.53-0.65) 

0.63 

(0.58-69) 

0.54 

(0.51-0.67) 

0.56 

(0.52-0.60) 

NEW2 

+Age  

 

0.63 

(0.58-0.69) 

0.53 

(0.50-0.59) 

0.73 

(0.68-0.79) 

0.64 

(0.59-0.68) 

NEWS2 

+Rhythm  

 

0.75 

(0.67-0.80) 

0.84 

(0.78-0.88) 

0.95 

(0.89-0.98) 

0.94 

(0.89-0.97) 

Covid 

patients  

 

NEWS2 0.64 

(0.59-0.69) 

0.51 

(0.50-0.56) 

0.81 

(0.75-0.86) 

0.80 

(0.74-0.86) 

NEWS2    

+Age 

0.96 

(0.89-0.98) 

0.69 

(0.63-0.76) 

0.87 

(0.81-0.94) 

0.88 

(0.82-0.94) 
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1. Death        AUC:0.63                                                                                          2. ICU.    AUC:0.56 
 

 

 

 

 
 
 
 
 
 
 
 
 
 

3. CA     AUC:0.69                                                                                    4. ME     AUC: 0.63 
 

 

 

Figure 25. Predictive ability of NEWS2 on admission for death, ICU admission, cardiac arrest, and medical emergency.  
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1. Death     AUC:0.57                                                                                                2.    ICU.   AUC:0.61 
 

 

 

 

 

 

 

 

 

 

 

3. CA.           AUC:0.53                                                                                           4. ME.   AUC:0.56 

 

Figure 26. NEWS2 predictive ability 24 hours before critical events. 
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1.Death           AUC :0.64                                                                                             2. ICU AUC :0.5 
 

 

 

 

 

 

 

 

 

 

3.CA              AUC :0.81                                                                                                4. ME.  AUC: 0.81 

 

 

Figure 27. NEWS2 predictive ability on admission in patients with COVID-19.  
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1. Death               AUC: 0.63                                                                                                 2.    ICU        AUC:0.5 
 

 

 

 

 

 

 

 

 

 

3.CA                     AUC:0.73                                                                                                   4.ME.    AUC:0.64 

 

Figure 28. NEWS2+age predictive ability in cardiac patients. 
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1.Death          AUC :0.96                                                                                     2.  ICU    AUC : 0.7 
 

 

 

 

 

 

 

 

 

 

3.CA                AUC :0.87                                                                               4.ME    AUC:0.88 

 

Figure 29. NEWS2+ age predictive ability in COVID-19 patients.  
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1- Death                AUC: 0.75                                                                                   2.     ICU.        AUC:0.84 
 

 

 

 

 

 

 

 

 

 

 

3.CA               AUC: 0.95                                                                                   4.ME      AUC:0.94 

Figure 30. NEWS2 +age + cardiac rhythm predictive ability in cardiac patients.  

Abbreviations: AUC: are under receiving curve, ICU:  admission to intensive care unit, CA: cardiac arrest and ME: medical emergency.  
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Discussion 

 

The retrospective study is among the first to evaluate the prognostic ability of the 

digital early warning score, NEWS2, in patients with CVD in a specialist cardiac 

setting. An additional benefit was gained in in validating NEWS2 in identified patients 

with COVID-19 in the cardiac setting. The main findings of the study reveal that: (1) 

NEWS2 is inadequate on its own to predict deterioration in patients with CVD in the 

examined specialist cardiac setting; (2) adjustment of the tool by supplementing with 

positively correlated parameters can strengthen the prognostic performance and 

therefore reduce the burden of critical events associated with CVD. 

 

The findings were consistent with a previous study in patients with  chest pain (264) 

while contrary to findings by a study that examined a subset of CVD patients in a 

single hospital (202). MEWS showed low predictive accuracy in patients with chest 

pain in ED (264). However, good discrimination was found of ViEWS in a subset of 

patients in Canada a decade ago and using a distinct EWS than the current NEWS2 

(202). Studies were limited in number, scope and population and varied in EWS 

models. Patients with “normal” vital signs may be sicker than they look through 

traditional routine monitoring (297). When EWS was explicitly developed for post-

cardiac surgery patients, prognostic accuracy was excellent in predicting ICU 

mortality (71). It included a range of organ system-specific parameters that correlate 

with cardiac surgery outcomes, such as lactic acid, FiO2 and platelets. Relevant 

parameters were found using machine learning, including clinical signs and heart 

rate variability, to improve scoring systems for adverse cardiac events (264). The 

cardiac rhythm combined with NEWS2 in this study, and the heart rate variability, 

such as the average of the instantaneous heart rate (avHR) or Ratio of LF power to 

HF power (LF/HF) selected by Nan et al. (2014), may not be routinely measured or 

readily available for clinicians as SBP or temperature. Yet, their predictive value 

indicates the need for highly illness-correlated parameters to be present for clinicians 

through facilitating timely and thorough assessment. 
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The subset of patients admitted with Covid-19 showed improvement in NEWS2 

when the model was adjusted with age. The finding is supported by a study that 

reported low to moderate discrimination of NEWS2 for the severity of COVID-19 

disease (298). Adjusting the model with age alone did not improve prediction in the 

study by Ewan et al. (2021), as shown in our findings. However, supplementing with 

age, routinely collected blood and physiological parameters enhanced discrimination 

in a multisite (UK and non-UK hospitals) study (95), which seems to further support 

our results yet may detect the need for additional criteria adjustment. This study 

indicates that EWS are not a stand-alone rapid assessment tool as it accords 

with reported limitations in rapid risk scores for predicting cardiovascular 

complications (299,300). In clinical settings, and before implementing EWS, 

clinicians look for signs of abnormality related to body organs affected, disease 

pathophysiology, or procedure side effect to critically assess the situation. Systems 

that existed to stratify the risk of long term cardiac complications have been 

successfully validated and utilised for years, such as the thrombolysis in myocardial 

infarction score (TIMI) (12) and GRACE (14) . They included cardiac disease 

variables: heart rate variabilities and serum cardiac biomarkers, which may not be 

available routinely or at the first admission presentation for rapid assessment. It was 

also observed that combining nurses' objective assessment with traditional EWS in 

the Dutch-Early-Nurse-Worry-Indicator-Score (DENWIS) improved the prediction of 

ICU admission and mortality in surgical patients (301). Therefore, thorough tracking 

of short-term deterioration parameters to develop decisive intelligent scoring systems 

will potentially outperform EWS in various diseases and settings.     

 

It is essential to consider possible issues in developing EWS for specialised 

subgroups. A potential complexity may be present when having a variety of multiple 

parameters measured at various times during admission to form a scoring system 

that is meant to be simplistic and standardised. In addition, the endpoints favoured 

by researchers in validation studies may not be the ideal points to measure triggered 

EWS against. In the clinical application of EWS, a high score triggers an action to 

prevent a critical event (302). In the event of clinically intervening at the right time, 

the examined adverse events may not occur. Prior to reaching or while preventing an 

adverse event, precise and proper deterioration endpoints may be more fitted than 
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traditionally studied outcomes, such as death and ICU admission. At the current time 

of available EHRs integration and data science techniques, it is possible and may be 

more valid to identify and define appropriate critical illness endpoints to examine 

EWS against. 

 

The assessment was conducted of the performance of digitally integrated EWS; the 

integration generates NEWS2 in patients' charts from remotely captured parameters 

by automated monitoring. EHR integration and automation can improve the accuracy 

and alerting promptness(54). There was a significance when a good sample of CVD 

patients was extracted, and patients diagnosed with Covid-19 were identified despite 

the missingness of some NEWS2 recordings. The issue in recording completion 

could be due to a lack of staff adherence to routine and timely monitoring, as each 

measurement would be automatically transmitted to patients' charts. 

 

 

Therefore, careful and selective modelling of algorithms from parameters that can be 

available routinely and reflect significant clinical meaning is needed. The validity of 

NEWS2 in specialist settings like cardiology indicates the need for either score 

enhancement or systemic supplementing and finer endpoints definition for better 

detection. Studying the clinical environment from a practical side of EWS will explain 

the adoption and implementation role in the success or failure of EWS. From various 

specialities, clinicians' involvement in models' development and validation is 

invaluable to produce a higher accuracy and finely clinical expertise-born warning 

scores.   

   

 

Strengths and limitations 

 

The study is the first to examine the performance of universal EWS (NEWS2) in 

patients with cardiovascular diseases in a cardiac specialist hospital. It was 

advantageous to extract data from EHRs systems where NEWS2 is integrated and 
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automated, reflecting the accuracy of captured parameters and enabled us to 

integrate other data sources for critical outcomes and COVID-19 cases. The study 

followed a retrospective data collection from three data sources where there was 

less control of missingness of NEWS2 recordings, heart rhythm at several points in 

time, and other parameters that could be examined like Fio2 level. The validation 

was external of NEWS2 and internal of the supplemented model; external validation 

studies are needed for generalisability. 

 

Conclusion  

 

The Early Warning Score (NEWS2) in patients with CVDs is suboptimal to predict 

early deterioration. Adjusting early warning scores with variables that strongly 

correlate with critical cardiovascular outcomes will improve the early scoring models. 

Thorough tracking of parameters in EHRs and data availability can support the 

generation of decisive, intelligent models for a readily feasible system in routine 

clinical work. There is a need for defining and revising critical endpoints and the 

involvement of clinicians in models' development that reflect a significant meaning 

for deterioration detection. Further validation and implementation studies in cardiac 

specialist settings and other specialist subgroups are required to investigate 

methods needed to enhance the effectiveness of EWS. 
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Chapter 5 

 

 Scoping review 

  

 Examining the situation of escalation of care in the covid pandemic:  

 

Introduction and background 

 

In chapter three and four, the validation of EWS in specialised subgroups was 

examined and the performance of digital NEWS2 was validated in a cardiac 

specialised setting during the pandemic. In this chapter, the escalation of care 

situation where EWS is implemented is reviewed in the time of the pandemic.    

Reversible complications resulting from failure to detect and escalate patients 

significantly impact mortality and morbidity. Patients dying from these complications 

are classified as "failure to rescue" (303) (304). Around 32% of harm incidents 

reported are caused by poor assessment and recognition (305). EWS can guide the 

escalation of care by providing a systemic approach (306). By timely recognition and 

analysis of abnormalities in physiological parameters through EWS, clinicians can 

identify deterioration, informing their decision regarding escalation. However, the 

validity of EWS in different clinical settings and the success of their implementation 

influence their reliability in escalating the care of critically ill patients.  

 

Escalation of care is the course of detecting an abnormality, communicating the 

change to a senior medical or nursing professional, and providing the necessary 

healthcare management plan (91). Since the beginning of the COVID-19 pandemic, 

healthcare systems in escalating emergencies have been affected in different 

respects. There has been a soaring demand for ICU bed occupancy and increasing 

intensity of healthcare staff workload (307). The success or failure of escalating care 
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can be drastically affected in intense times, and system or human-related errors are 

more likely. Although EWS have the potential to facilitate recognising acutely ill 

patients, their role in rapid response during the pandemic is unclear.  

 

Escalation involves a combination of contextual elements that set the theme for rapid 

response teams. Studies to date have shown the need for improving team members' 

understanding of their roles, capabilities, and available tools when rapid response is 

needed (91). These factors arise from applied systems and cultures within health 

organisations. Socio-cultural elements such as situational awareness or decision-

making play major roles. Such elements can either improve or cause unnecessary 

faults, i.e. the culture of disregarding accuracy or completion of recordings makes 

the referral a high-risk task. In addition, the organisational structure, such as policies 

and seniority level of clinicians, can also shape the scene of managing a 

deteriorating patient.  

 

Examining the escalation of care during the pandemic is necessary to detect and 

learn from the challenges in the health systems and manage unforeseen emergent 

circumstances. Understanding the contemporary scenario will establish knowledge 

on implementing tools utilised for detection and communication, such as NEWS2. 

EWS are not meant to work in isolation from clinical judgement or clinical 

settings(62,308), and therefore it is essential to understand the environment where 

they are used. In a critical situation, readiness for possible risks can save resources 

and, more importantly, patients' lives. This study explored qualitative and quantitative 

research on the experience, adjustments, or factors facilitating or hindering the 

escalation of care in the COVID-19 pandemic. Examining studies utilising interviews, 

surveys or case studies can illuminate experiences and provides the interpretation of 

events (309)Hence related research have not been reviewed in relation to the 

pandemic, investigating published work to conduct a review may help prepare for 

future pandemics. 
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Aim of this research: 

To examine qualitative and quantitative studies describing the escalation of care in 

the COVID-19 pandemic and explore barriers and facilitators.  

 

Methods: 

 

- Study design 

A scoping review method was conducted. The methodology facilitated mapping out 

key concepts in our research topic that is not explored (142).  The framework of 

Arksey and O'Malley was followed (144). As a reporting guide, the PRISMA-ScR 

Checklist was used (146).  

 

- Information sources and search strategy: 

The initial search was done in August 2021 to find published work and develop 

search terms. And a final search in September 2021. Medline via Pubmed, CINAHL 

in Ebscohost and Emcare via Ovid and the Cochrane library were searched for 

studies that fit the inclusion criteria from 2010 to 2021. Mesh terms and keywords on 

the escalation of care and deteriorating patients, COVID-19 pandemic, and early 

warning scores were used (Appendix 8).  

 

- Study selection:  

Title and abstract screening were done by the candidate then full-text screening was 

by two the candidate and primary supervisor followed by discussing with supervisory 

team. Studies were included if (1) conducted surveys, interviews, focus groups, case 

studies or documents analysis; (2) reported the experience, adjustments, or factors 

related to the escalation of care or rapid response teams or EWS role in the 

escalation of care in the health care setting during the COVID-19 pandemic.  
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- Data synthesis:  

JBI reviewers manual was used for evidence synthesis (149) with additional 

information from NICE guidelines for qualitative studies (151) (Appendix 9). Critical 

appraisal was done using a CASP for qualitative studies (152) (Appendix 10).  

 

Detailed explanation of the scoping review methods is mentioned in the methodology 

chapter.  

 

Results: 

 

From 695 studies imported for screening, 48 full texts were assessed for eligibility, 

and three studies were included in this review that fit our aim and inclusion criteria. 

Figure (31) describes the included and excluded studies. The studies examined the 

adjustments that took place in the escalation of care, the challenges, and the 

adaptation factors that facilitated change. Two studies were conducted in the United 

States, one in a single hospital setting  (310) and another in 40 hospitals (311); and 

one in Spain in a single setting (312). Methodology followed mixed methods through 

surveys and focus groups, quanitative through surveys, and in the third study 

documents analysis was conducted. The population in all studies has included 

various clinicians from different specialities. Factors affecting the escalation of care 

have been explored in each study, focusing on the decision-making process (310), 

Rapid Response teams and intrahospital cardiac arrests and escalation and de-

escalation strategy. Study characteristics are charted in table (11) and summary of 

findings are in table (12). 
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In quality appraisal, studies had stated clear aims, conducted proper study design, 

expressed findings clearly, and showed the generalizability of results. However, we 

detected issues, like unclear requirement strategy in Mitchell et al. (2021) and Bard 

et al. (2021), and the method of data analysis was not explained in Bardi et al. 

(2021). CASP critical appraisal is found in Appendix (10) 

 

 

 

 

Figure 31.  Preferred Reporting Items for Systematic Reviews and Meta-Analyses Extension 

for Scoping Reviews (PRISMA-ScR) checklist for the escalation of care in COVID-19 

pandemic 
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Table 11. Summary of study characteristics 

Study 
ID 

Author  Year of 
publication 

Country Methodology  Data collection 
method  

Setting  Sample 
size  

Study 
population  

Outcome 
measured 

Key findings Comments 

Anton 
2021 

(310) 

Anton 
et.al  
 

2021 United 
States  

Mixed methods 
study – Interviews 
and survey 

Semi-structured 
interviews and 
questionnaires  

Single 
Hospital  

10 Nurses Qualified 
Nurses from 
different clinical 
settings.  

Factors affecting 
decision making 
for deteriorating 
patients. 
COVID-19 role 
in decision 
making.  

1- Identifying 
patient care 
needs, e.g., 
identifying 
potential risks.  
2- Workload 
management, 
e.g., Bundling 
care tasks.  
3-Missed 
opportunities 
inform learning, 
e.g., Critical 
reflection.  
 
4- Factors 
related to 
COVID-19 and 
their outcome:  
Organisational, 
interpersonal, 
and 
intrapersonal 
factors, leading 
to Issues of 
recognition and 
quality of care. 

The study 
informs the 
effect of 
COVID-19 on 
nurses' 
decision 
making and 
the 
identification 
of patients' 
care needs. 
when patients 
deteriorate.  

Mitchell 
2021 
(313) 

Mitchell 
et.a l  

2021 United 
States  

Quantitative study 
- Survey 

Online cross-
sectional survey 

46 
hospitals 
in the US 

40 
Clinicians 

RRT leaders, 
physicians, and 
resuscitation 
researchers 

Hospital 
characteristics, 
RRS structure 
before and 
during the 
COVID-19, 
adaptations 
made to IHCA 
management 
like mechanical 
CPR devices, 
use of 
simulation.   

1-RRS teams: 
an increase in 
emergency team 
resources during 
COVID-19 
pandemic.  
2-IHCA 
protocols: 
multiple 
adaptations to 
the protocol are 
made, like using 
viral filters for 
ventilation or 
PPE prior to 

The study 
explains the 
adaptation in 
RRT that took 
place in US 
hospitals.  
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CPR in most 
cases.  
3-Decrease in 
simulation 
activities.  
4-Adaptations by 
emphasis on 
extra 
precautionary 
measures in 
clinical care. 

Bardi 
2021 
(312) 

Bardi 
et.al  

2021 Spain Qualitative study -
Document 
analysis  

Data retrieval 
from patients 
EHRs and 
hospital 
contingency 
plans.  

The 
Ramón y 
Cajal 
Hospital  

>983 
patients 
record 
 and 
clinicians  

Patients 
admitted to ICU 
and intensive 
medicine and 
anaesthesiology  
and intensive 
care specialists 

The increase in 
ICU admission 
and challenges 
related to ICU 
increased 
capacity.  

1-New 
escalation and 
de-escalation 
strategy took 
place, led to an 
increase in ICU 
capacity by 
340% from 38 to 
129.  
2- Challenges 
faced: hospital 
infrastructure, 
the number and 
experience of 
medical and 
nursing staff, 
lack of 
equipment.   
3- Skilful and 
flexible 
management 
helped establish 
a contingency 
plan and 
overcome 
challenges. 

The study 
explains a 
COVID19 
strategy on 
escalation to 
ICU and 
challenging 
factors in the 
process. 

 

Abbreviations: RRT: Rapid response team; IHCA: Interhospital cardiac arrest; CPR: Cardiopulmonary resuscitation 
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Adjustments in escalation of care 
 

Various adaptations to hospital protocols for emergency events took place in 

response to the pandemic. The adjustments aimed to manage the escalation of care 

in a rapidly changing environment. Adaptation was executed by implementing a 

contingency plan that provides more resources to accommodate the increase of 

acutely ill patients and reform the hospital protocol to adjust to the new structure.  

 

In the resources management, critical care capacity was re-evaluated. A substantial 

increase in space, staffing and equipment was reported in most hospitals in the US 

(45-58% of hospitals) (313) and in-hospital in Spain (312). ICUs were reorganised: 

non-medical critical care units were assigned to COVID-19 patients, and new ICU 

units were opened to safely care for patients requiring a high level of care. 

Physicians and nurses with different experience levels were assigned to work in 

critical care(312). More clinical staff joined emergency teams (313), such as rapid 

response teams (RRT), cardiac arrest and emergency intubation teams, or formed 

additional groups. ICUs and emergency teams were supplied with a higher number 

of materials and devices than before the pandemic. Ventilatory support was 

redistributed, and personal protective equipment was provided more in ICU and for 

RRT for intubation or during IHCA as a precautionary measure during COVID-19. 

 

Reorganising the infrastructure required new protocols in hospitals to inform hospital 

workers of the directions in the new pathway. The escalation plan was redesigned 

following the opening and equipping of critical care services (312). Hospital strategy 

adjusted admission decisions to critical care to accommodate and prioritise the 

unwell, then promptly deescalate when they were stable. However, there was no 

report on EWS role in the prioritisation plan implemented. New protocols for safe 

practice were implemented, like using viral filters for ventilation in cardiac 

resuscitation or intubation (313) and admission of suspected COVID-19 cases to 

"unclean" ICU until a diagnosis is confirmed or ruled out (312).    
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Challenges in delivering care  
 

One of the anticipated challenges reported is the inadequacy of resources in 

hospitals. ICU suffered from a lack of medical and nursing staff, resulting in the 

redeployment of ward staff to critical areas (312) and employing the newly graduated 

to take clinical care tasks. Wards and interventional areas were disadvantaged as a 

result. It also created intensified workload by a higher doctor- and nurse-to-patient 

ratios and bundling of additional tasks, such as senior staff preceptorship for the 

newly qualified (310,312).   

 

The supply of ventilatory support and personal protective equipment was becoming 

exhausted gradually. The hospital's oxygen supply and the availability of ventilators 

or gas outlets in non-ICU units was significant challenge.   

 

Training and professional development were pushed back because of the workload 

and the pandemic constraints. There were many missed opportunities for learning 

reported by staff (310,313). Learning through critical reflection, medical research, 

case reviews, and debriefing were inaccessible since patient's care was the priority. 

Simulation clinical training was reduced; from being conducted in most hospitals 

35/40 (88%) in the US before the pandemic to only half of the hospitals (21/40; 

53%). Learning activities were focused on emergency events like IHCA and 

intubation and missed other deterioration management like decompensating patients 

(313).   
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Table 12. Summary and examples of findings. 

 

 

Factors improved coping with critical care surge 
 

There have been facilitating factors that were found to assist the adaptation to the 

constant pressure during the pandemic. The studies in the US and Spain reported 

inter-and intra-personal management and skilful organisational management had a 

positive impact on the escalation of care and staff decision-making (310,312). The 

delivery of critical care was supported by these fundamental skills: workload 

management, identification of patient care needs, and competent and flexible 

organisational management. 

Key concept  Main findings How are they 
presented?  

Example  

Adjustments in 
escalating care 

(311,312) 
 
 

Re-designing 
escalation of care 
strategy and 
structure 

Increase in 
emergency team 
resources and 
critical care capacity 

Converting wards to 
ICU’s and more staff 
in rapid response 
team.  

Adaptation to new 
protocol of 
precautionary 
measures  

Using viral filters for 
ventilation 

Challenges in 

delivering care (310–
312) 

Training and 
experience 
shortage  

Missed opportunities 
inform learning 

Critical reflection.  
 

Decrease in 
simulation activities 

No hands-on 
training  

Inadequate 
resources  

Health care staff  Lack of experienced 
nurses 

Health care facilities  Lack of ventilators  

Factors that improved 
coping with critical 

care surge(310,312) 

Workload 
management 

Bundling care tasks Gathering 
information to 
prioritize patient 
care task 

Careful 
assessment to 
Identifying patient 
care needs 

Identifying potential 
risks. 

Holistic assessment 
by experienced staff 
to rapidly identify 
patients need.  

Skilful and flexible 
management 

Establish a 
contingency plan in 
crisis 

escalation and de-
escalation strategy 
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Experienced nurses and physicians utilise their clinical judgement to manage the 

workload. Managing care tasks and information by critical thinking, as described 

by "Bundling care tasks" (310), allows them to prioritise their assignments, ultimately 

by having time for effective patient care and processing information that help in 

decision-making. It allowed them to carefully observe changes in patients' status that 

can signal the need for escalation or de-escalation of care. With experience, nurses 

and physicians could conduct a thorough assessment of patients holistically. 

Regardless of utilising risk scores or early detection tools, a holistic approach was 

found to guide in narrowing down the possible clinical problems of the patients and 

the potential risks (310). Through this approach, patient needs could be met 

effectively and safely, especially in critical circumstances.  

Another major factor was skilful and flexible hospital management. Redesigning a 

healthcare strategy was vital to recovering from the pandemic (310,312). The design 

had to adapt to new decisions and protocols to go hand in hand with the rapidly 

changing situation. In addition, appropriately reorganising and sufficiently supplying 

resources by competent management was reported to improve the staff's ability to 

deliver care safely and confidently. The managing professionals must have the skills 

and experience necessary to validate and implement the hospital protocols in critical 

times. 

 

Discussion  

 

Despite the surge in ICU admissions and global death rates, it was surprising to find 

limited evidence of the escalation of care experience in healthcare settings during 

the pandemic. The scoping review has explored three main themes: the adjustments 

in the escalation of care, the challenges faced when delivering care, and adaptation 

factors that facilitated change. The review results show two conclusions: (i) the 

necessary adjustments in hospitals systems can be successfully implemented with 

early and rapid support in the infrastructure and individual staff level; (ii) 

recommended EWS are to be recognised and conceived better along with 
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guidelines, i.e. NICE (38) and AHA (314) guidelines for deteriorating patients, to 

understand EWS significance in rapid response and support the strategy of 

escalation.       

 

In facing the pandemic in healthcare, more challenges are posed to the escalation of 

care than before the pandemic. The change of hospital strategy or adoption of new 

guidelines must put the hospital on a flexible route to absorb rapid changes. 

Changes affecting hospital care pathways and resources are unsteady and rapidly 

evolving in the COVID-19 pandemic or any unanticipated outbreak. Skilled 

healthcare management has led to the start-up of several rapid response projects in 

handling the pandemic. For example,  the response teams' strategies during the 

spread of the coronavirus (SARS-CoV-2) and COVID-19; in secondary and tertiary 

care settings; have shown significance in improving clinical outcomes in countries 

with high survival rates(315–318). Methods applied in hospitals' rapid response to 

the pandemic, such as process mapping, effect analysis, and failure modes (315) 

may be constructive to adopt when implementing changes in the escalation of care 

designs; however, they require further investigation. Developing a flexible, adaptable 

contingency plan for the outreach and rapid response teams can mitigate the 

COVID-19 impact on escalation, especially the significant resources constraint.  

 

Experienced clinicians are a great asset in the critical care and deterioration 

management plan. While the junior and the newly qualified nurses and physicians 

have responded to the surge in critical care demand(312,319), experienced staff 

were assigned to supervise them. Furthermore, experienced clinicians were required 

to carry clinical responsibilities with a higher intensity in level and ratio than before 

the pandemic. Although professional and managerial support to clinicians may not 

be optimum during the pandemic, it is essential to maintain prior and post-pandemic 

recovery. The absence of critical reflection and simulation activities during the 

pandemic (311) may negatively affect professional development. The direct impact 

of lack of training is yet unclear. However, in previous studies, junior clinicians have 

shown a lack of confidence and concerns in managing critically ill patients and 

decision making during the pandemic (320,321). In situ simulation, whereby the drill 
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is conducted in the clinical environment by clinicians on a typical working day, is an 

efficient method to facilitate interprofessional training (322,323). It has been 

delivered previously in alignment with clinical practice during the pandemic to 

evaluate the performance of rapid response teams and identify hazards and 

deficiencies (315). It is deemed an excellent high-fidelity training to identify areas of 

weakness and needs for improvement when the burden on healthcare and risk of 

transmission prohibits traditional training.  

 

As the escalation of care is a multifactorial area, examining the experience in the 

pandemic requires investigating all the elements contributing to the recognition of the 

critically ill and communicating the process from all dimensions. EWS is developed 

to predict deterioration and facilitate or prevent the escalation of the critically ill. 

Therefore, they may reduce the burden in times of crisis. Despite validation studies 

on their performance in variable settings (64,191,296), There is a significant 

limitation of EWS validation in specialised disease groups including patients with 

COVID-19 (296,324). Not to mention, EWS implementation is limitedly examined. 

These deficiencies in evidence may explain the inadequate recognition of EWS and 

the lack of defining their role in the process of escalation of care in the pandemic.  A 

refined and clear validated role of EWS needs to be proclaimed in the rapid 

response process. In addition, the recommended adoption of COVID-19 responses 

updates and guidelines were conducted, yet their impact on patients' outcomes is to 

be studied. AHA guidance for management of in-hospital cardiac arrest (IHCA) (325) 

and CDC for redesigning the infrastructure of health facilities during COVID-19 

(318,326), were applied in different settings; nonetheless, no evidence has been 

reported yet on their effectiveness in staff safety and patients outcomes. The health 

working system elements interact and influence the health care process (327,328), 

and therefore, investigating and improving these elements will improve the health 

care system in the escalation of care. 

 

The evidence found on the changes in the escalation of care due to COVID-19 was 

very limited, considering the global impact on mortality and ICU capacity. Despite the 

transitions in clinical experience during COVID-19 and the availability of EHRs data, 
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qualitative and quantitative studies are poor. The pandemic is a worldwide health 

challenge that redefined hospital systems globally in different aspects, and 

undoubtedly the rapid response practice and resources. The few studies in the US 

and Spain may not represent the significant impact on the escalation of care in other 

parts of the world affected by the pandemic, such as the UK. In addition, the socio-

economic implications, clinician's role and patients' outcomes were disregarded in 

the studies. More studies are needed to evaluate the escalation of care during the 

pandemic and the consequences; affecting patients, clinicians and resources; 

resulting from changes in the rapid response structure.  

 

Conclusion 

 

The continuing effect of COVID-19 on the escalation of care has posed challenges to 

recognising and managing the acutely ill. However, there was limited evidence of the 

changes in the escalation of care due to COVID-19. Adjustments in hospitals' critical 

care strategies and adapting the protocols and guidelines helped establish the rapid 

changes. Support to nurses and physicians through training and reflective thinking is 

poorly delivered. Alternatives to traditional learning methods, such as in-situ 

simulation and debriefing, are efficient methods that need to be examined further. 

EWS facilitate clinicians in detection and escalation, yet its role is not firmly 

recognised in the escalation of care during the pandemic. Implemented EWS are to 

be validated appropriately in their performance and implementation in the escalation 

process to advocate their endorsement. In addition, applied guidelines' impact on 

patients' outcomes needs to be examined. Studying the experience of rapid 

response to deteriorating patients during the pandemic on a large scale, and 

considering essential tools in escalation, will shed light on more coping strategies 

and successful examples to learn. 
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Strengths and limitations 

 

The study examined the evidence to date on changes in a significant process in 

managing deteriorating patients during the majorly challenging pandemic. The 

scoping review was conducted to map out the key concept in the escalation of care 

and bring a more specific questions for further research. The scoping review is 

limited to three qualitative studies due to the limited research, COVID-19 period, and 

current evolving situation. The study did not examine the direct impact of changes in 

the escalation of care on patients’ outcomes and the clinician’s role. The studies 

included are missing some factors that contribute to the escalation of care, such as 

the economic impact of the pandemic on resources, early warning score’s role, and 

different hospitals' specialities and patients admitted. 
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Chapter 6  

 

Qualitative study  

 

Evaluating the implementation of EHR integrated NEWS2 in a cardiac 

specialised and a general hospital setting in the COVID pandemic. 

  

 

Introduction: 

 

Following the evaluation of the performance of digital NEWS2 and examining the 

escalation of care experience in previous chapters, the implementation of digital 

NEWS2 in two hospital settings was examined qualitatively in this chapter.  

 

Prediction tools in acute care settings can improve patient safety through enhanced 

efficiency of care and reduced pressure on health systems. Early Warning Scores 

(EWS) are a potential solution to decrease critical events, unnecessary deaths and 

debilitating resources. EWS have become part of the escalation guidelines directing 

clinicians to the level of care needed. In conjunction, clinicians utilise their education 

and clinical experience, as when EWS did not exist, to make clinical judgments. 

Implementing EWS advise clinical assessment when puzzles are missing from 

knowledge and experience.  

 

However, there is a gap in evidence on the performance of EWS in different settings 

and specialities. (296,329–331). For instance, in cardiac care and complex 

comorbidities, i.e. COVID-19 patients, the performance of EWS are poorly and in the 

early stages. Equally, there is a lack of evidence on implementing integrated EWS in 

Electronic health records (EHR) in specialised clinical settings. With the electronic 

assessment recording, EWS scores and alarms are produced automatically, 
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facilitating its utilisation by clinicians. The functionality gives more confidence in EWS 

generated when part of the burden becomes the role of the machine. It has improved 

clinical outcomes and staff workflow (113) 

 

For EWS to be successful, they have to be properly implemented. Errors in 

assessment, recording and escalation of care contributed to 20-80% of the severe 

adverse events (114). As shown in previous EWS and digital solutions, wide 

dissemination does not necessarily lead to successful adoption (332). It is well 

established that failure of EWS are related to patients' physiology or professionals' 

practice, i.e. poor adherence to the prescribed protocol for deterioration  (332,333). 

In addition, the downsides of automated monitoring, i.e. measurements errors, 

artefacts and false alarms (334) can challenge the progress needed. The 

significance of NEWS2 and automated application is only valuable if resulting in a 

tangible improvement. 

 

Therefore, the implementation of NEWS2 requires investigation by understanding 

clinicians’ perceptions of EWS. A qualitative study of EHR-integrated NEWS2 was 

conducted in a specialised cardiac; and a general hospital; from the perception of 

nurses utilising it. The non-adoption, abandonment, scale-up, spread, sustainability 

(NASSS) tool (154) is a pragmatic, evidence-based design that can provide a 

thorough understanding of digitally supported tools in healthcare. Due to the 

application of electronic recording and automation, the NASSS framework was 

followed in the study.  

 

Previous implementation studies 

 

EWS models that proceeded NEWS2 were examined from nurses' and doctors' 

experiences in acute and non-acute settings. In a study in Norway, MEWS supported 

early recognition and knowledge sharing between nurses (335). Another study found 

that nurses value NEWS as it incorporates their knowledge and judgment, yet may 
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not necessarily lead to desired clinical outcomes (336). In non-acute settings, it is 

believed to facilitate communication and decision making. However, EWS used in 

emergency departments (HEWS) was unvalued by physicians and nurses (337). 

HEWS may not be as advanced as NEWS and NEWS2 in development. 

Nonetheless, results from specialised departments like ED demonstrates the need to 

examine settings with unique functionality. The negative experience of NEWS 

caused tension when it was implemented (338). Compliance, workload pressure and 

discrepancies between clinical judgment and the scores generate workplace 

anxiety(332,338). As pressure increases in busy hours, defective collaboration and 

miscommunication arise between clinicians leading to failed implementation (332). 

The experience of EHR-integrated EWS in specialised settings is missing from the 

literature.  

 

Objectives:  

To evaluate the success and role of implementing EHR-integrated NEWS2 from 

nurses' perception in a cardiac specialist and general hospital settings in the COVID-

19 pandemic.  

 

Methods  

- Study settings: 

St Bartholomew’s Hospital; the cardiac specialist hospital and University College 

London Hospital; the general teaching hospital.  

 

- Study framework:  

A qualitative study design to evaluate the implementation, following the NASSS 

framework (154) (Figure 32). The factors were presenting the implementation of 

NEWS2  
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- Data collection:  

A purposive sampling method was followed to conduct individual interviews for the 

qualitative data collection. Invitation emails to 10 nurses and managers in Barts, and 

equal number to UCLH staff to conduct individual semi-structured online interviews.  

An online questionnaire of the quantitative data was sent to nurses and managers in 

cardiac and non-cardiac wards in Barts and UCLH. (Appendix 11.a and 11.b)  

 

- Data analysis: 

The interviews were analysed thematically to identify experiences and recognise 

patterns in inter views (163). Detailed explanation of study sites, framework, data 

collection and analysis is in the methods chapter.  
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Figure 32. NASSS framework domains and methods in the study. 
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Results 

11 nurses and managers participated in interviews that lasted 35 minutes each. 

Survey respondents were 67 nurses and managers.  

 

- Interviews 

In the cardiac setting, 6 staff responded, and 4 agreed and were interviewed. In the 

general hospital, 7 nurses participated: 3 interviewed from the first invite. After 

follow-up emails, 5 responded, and 4 were interviewed. (Table 13)  

 

- Questionnaires 

28 staff answered the surveys in the cardiac setting, from cardiology, critical care, 

medical and oncology. From the general hospital, 39 answered the questions from 

critical care, medical and oncology wards (Table 14). 

 

 

Table 13.  Characteristics of interviews and survey respondents.  

  Cardiac specialist hospital General hospital 

  Interviews  Surveys Interviews  Surveys 

R
o

le
  

Manager 2 5 4 10 

Nurse 2 20 3 23 

Nurse assistant  3  6 

S
p

e
c

ia
li
ty

 

Cardiology 4 12   

Critical care   3 2 26 

Medical   4 3 5 

ER   1  

Oncology/Haematology  11 1 8 
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Themes 
 

Three themes emerged from applying the NASSS framework on studying the 

success of implementing NEWS2 in the two hospitals. The themes from domains 

were as follows: (i) Organisation, wider system, and adaptation over time: 

Implementing NEWS2 between challenges and supports, (ii)value proposition and 

adopters: the perceived value of NEWS2 as an alarming tool; in escalation and 

during the pandemic; (iii) the condition and technology features: EHRs integration 

and automation of monitoring. Some domains from the framework intersect in 

themes due to the relativity in subthemes to more than one domain (Figure 33). 

Results from the survey served as a supplement that supported the themes (Table 

15). Table 14 explains the characteristics of the interviewees hospital setting and 

digital system.   

 

Table 14. Culture and system characteristics of interview participants.  

Note: Participants code: first letter: S is Specialist hospital and G is General Hospital; second letter: M 

is a manage and S is staff nurse.  

Participant  Hospital 

specialization 

EHR 

integration 

Automated 

monitoring  

Role  Speciality 

S.M Cardiac 

Specialist 

  Manager Cardiology 

S.M Cardiac 

Specialist 

  Manager Cardiology 

G.S General   X Staff nurse Cardiology 

G.M General   X Manager Medical 

G.S General   X Manager ICU 

G.S General   X Staff nurse Oncology 

G.M General   X Manager ICU 

S.S Cardiac 

Specialist 

  Staff nurse Cardiology 

G.M General   X Manager Medical 

G.M General   X Manager Medical 

G.S General   X Staff nurse Emergency 
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Figure 33. Themes and subthemes emerging from the NASSS framework domains. 

Note: The grey boxes represent the domains explored in the interview. The bubbles in the middle 

represent the subthemes formed from the codes generated in the analysis. The boxes on the right 

represent the main themes formed from the subthemes in common. The colours indicate the 

subthemes and the themes they relate to.   
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- Implementing NEWS2 between challenges and supports. 
 

The difficulties found by nurses and managers were human-related, tool-related, and 

resource-related factors. 

From the human-centric side, Junior nurses worry if their judgement for escalation 

based on NEWS2, and their knowledge is inaccurate or undervalued. On the other 

hand, clinicians and rapid response teams may not always be cooperative when 

escalation is reported, resulting in timidness by junior staff and avoiding being 

involved in escalation. 

-      I think NEWS2 can be unhelpful when I see how the medical team behave in the 

situation." S.M 

- "It's about increasing the psychological safe space to speak up no matter who 
you are. We're not quite there yet." G.M 

 

The IT literacy and interest difference between staff cause a gap in adopting NEWS2 

in EHRs in both hospitals. Resistance or delays in learning lead to errors in 

documentation and obstruct escalation.  

- "Documentation isn't Great." S.M 
- "Because it's an electronic system, some staff aren't particularly comfortable 

using IT equipment. So, they do the Observation, write on a piece of paper, 
then enter it later." G.M 

 

NEWS2 parameters were considered problematic. Their format may not be 

appropriate for the patient group, specifically cardiac patients, as reported from both 

sites. There's a frequent need for parameters adjustment to suit a patient's medical 

history to avoid repetitive alarms. Adjustment is challenging as this role is assigned 

to doctors only.  

- "The problem with it is that the medical team needs to input the target 
parameters, and only when they do that it does trigger NEWS2." G.S 

- "Particularly I think cardiology patients need parameter changing." S.M 
 

Poor resourcing of equipment and staff affects the adoption negatively. When 

workstations are occupied, recording may be incorrect, and escalation is delayed, 

yet the issue may not be present in the specialist hospital, where automated 

monitoring occurs. In addition, nursing assistants who do routine monitoring are not 

as trained as registered nurses. Reporting deterioration can be missed or delayed. 
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- "The healthcare assistants do the observation, then by the time they report, or 
maybe they forget to tell you the patient is scoring five or six." S.S 

- "We sometimes don't have access to an EHR machine because they're busy 
or broken, or we haven't got enough, or we don't have access to the handheld 
devices." G.M 

 

From the support side, nurses and managers had a consensus on the benefits 

training provided in both sites. However, training has declined due to the pandemic 

pressure in the workplace. They reported significant support by the hospital 

management to utilise NEWS2 and adopt the EHR-integrated version, including 

induction programs training. Ongoing guidance by informatics experts, superusers 

and ward managers was reported in surveys and interviews. Nonetheless, lack of 

training and auditing is an issue in both sites. An emphasis was reported on 

structuring a clear step-by-step process for implementation. Quality projects that 

focus on improving documentation and escalation, such as deteriorating patient's 

dashboard project in the specialist hospital, were valued by staff in both sites. 

- "I think they are supporting it. But I do think it's a shame that, throughout the 
pandemic, it's not audited anymore." S.M 

- “Other hospitals created dashboards of patients scoring high for users and 
outreach team to focus on." G.M 
 

Some nurses in general hospitals perceive it as a mandatory tool rather than a 

choice yet agree to follow. Resilience was subject to personal and experience 

differences, such as age and recurrent guidelines updates. Younger staff were 

reported to be more receptive to change than older staff. 

- "They are quite resilient because there has been much structural process, 
which has changed constantly, the team have taken them forward quite well." 
G.S 

- "They easily pick up on the new electronic things; it's quite a young team." 
G.S 

- "Some don't change because they find the computer stuff and everything a 
little bit difficult." S.S 
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Table 15. Survey domains, questions, and responses 

Domains: (i) Condition, (ii)Technology, (iii)Wider system 

Note: The numbers represent the frequency, and the coloured boxes reflect most responses. Green highlights 

positive feedback, blue is neutral, and orange represents a negative or challenging aspect. 

 

- Value of NEWS2 to alarm, escalate, and in the pandemic.  
 

Overall, nurses and managers believed NEWS2 helps prioritise patients' needs 

according to acuity, therefore improving patient safety. They valued the unified 

language between clinicians to overcome disagreements arising. Tangible 

advantages of NEWS2 were seen in recognising a response to treatment, a need for 

transfer to Ward or ICU, or just an impression of the patient's status. Nonetheless, it 

is deemed "overvalued" by some nurses, and others anticipated the need for 
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iteration due to its failure in some settings like cardiology and general surgery. From 

the survey responses, it was reported that cases treated are often complex due to 

comorbidities or COVID-19. Senior staff perceive its usefulness for junior doctors 

and nurses yet believe it poses the risk of over-reliance in utilising a tool that may not 

be reliable for each condition. It can restrict their critical thinking due to their lack of 

experience. They perceive it as an optional mean in the escalation process yet not 

dependable.  

- "It allows us to catch things before we have to send a patient elsewhere." S.M 
- "Historically, sometimes nurses will argue if the patient is sicker or not; 

NEWS2 frames this with a nationally recognised number." G.M 
- "I used to see patients that were unwell, that didn't trigger NEWS. Junior 

nurses worry about what the audit says, they can be completely fixated on a 
NEWS2 and not the patient holistically. Over-reliance becomes a 
danger."  G.M 

 

In escalation of care, it provided clarity. When, where and whom to escalate to is 

coherent to everyone, potentially saving time and promoting safety. Yet, nurses from 

both sites reported that the impact of NEWS2 in the escalation is insignificant to 

make a noticeable difference. 

-  "This is very clear cut in terms of NEWS2." G.M 
- "I don't think it's made that much of a difference." G.S 

 

In the time of the pandemic, there was an agreement by most staff that no 

advantage observed is credited to implementing NEWS2 in clinical work or patients' 

outcomes. Nurses and doctors are more vigilant to deterioration due to international 

and organisational recommendations to manage and prevent COVID-19. Teams, i.e. 

medical, infection control and CCOT, were present, facilitating the escalation of care. 

An advantage reported was specific attention to temperature scores in NEWS2 to 

alert any suspected COVID-19 case. 

- "I don't think it had much of a value in the pandemic. We had a medical team 
on our Ward all the time, which we weren't used to, and of course, we had a 
good response." S.M 

 
 

- Digitalisation: EHRs integration and automation. 
 

NEWS2 in EHRs is perceived to have several advantages, with some unpleasing 

downsides. Accuracy of calculation and timely scoring were reported once entered in 
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patients' charts. This facilitates decisions for treatment or escalation; and the ability 

to audit documentation. On the other hand, it has been perceived to inhibit junior 

nurses' and doctors' thought processes when they rely on the system to produce a 

score without examining its parameters. Some nurses expressed a preference for 

the paper chart version of NEWS2 over the electronic one due to the absence of 

colour coding, inability to adjust thresholds, omission of score trend, and constant 

alarms pop-ups. From the surveys there was neutral perception on the simplicity and 

practicality of the NEWS2 model in EHRs. More dissatisfaction with the model in 

EHRs was expressed by general hospital staff than Specialist hospital, who agreed 

more to it. Personal differences like age and IT literacy causes a restrain to some 

nurses to adopt digital documentation. 

- "We can deep dive in the documentation to make sure that everyone is doing 
what they need to do." S.M 

- "There are benefits of an electronic system, but it doesn't allow nurses and 
doctors at a junior level to think about their thought processes." G.M 

- "I did use to like the graphs that we used to get in the paper version, to be 
able to see what the acuity trend is like for patients and across the floor." G.S 

 

With automated monitoring in the specialist hospital, the accuracy of recording and 

timely data transfer is reliable. Nurses are more aware of the need to accomplish this 

task when it's automated; not appearing on the screen means undone, while 

previously it could indicate late entry. Nonetheless, timely observations may not lead 

to timely escalation. Nurses do not carry computers or handheld devices all the time. 

Therefore, escalating a case is subjected to completing the documentation on the 

workstation, which may be by the end of assessing a number of patients. 

- "it's accurate and timely; the moment you open the screen, it will flash to 
remind you to act." G.M 

- "They'll do a whole lot of patients, six to ten and then come back and escalate 
it at the end." S.M 

 

Understanding the information behind NEWS2 and generated by it was 

straightforward to most participants. Nurses who considered it unideal expressed the 

need to learn the rationale behind each parameter scoring and confusion related to 

triggering at the patients' baseline. Nonetheless, the NEWS2 score, and parameters 

value is perceived to be unrealistic. Constant unnecessary alarms are disadvantages 

reported by nurses working in cardiology and oncology wards in both sites, while not 

alarming when assessment indicates the need to escalate. Nurses who are the 
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primary assessors for NEWS2 are not authorised to adjust the scale, causing 

annoyance and avoidable alarms when done by doctors. 

- "I suppose cardiology patients need parameter changing. It would help. I think 
here's a lot of unnecessary pop-up boxes." S.M. 

- "Sometimes, the patient might not be newsing. But you just know and feel 
something changed. And often, we're quite right with that."  G.M. 
 

 

Discussion  

 

The study in the general and specialist settings examined the facilitators, challenges, 

and value of implementing EHR-integrated EWS guided by the NASSS framework. 

Exploring the nurses' views was in a unique time of the pandemic. The framework's 

domains have intersected in the themes leading to three findings identified. The 

implementation support by hospital decision-makers was sufficient, yet, determined 

challenges, like clinicians' behaviours, IT literacy, lack of resources and training and 

the perception of NEWS2 value, can forbid the success of this implementation. 

Secondly, the impact of the pandemic on clinical practice and training has resulted in 

uncontrollable changes and enforcing guidelines that lead to undervaluing NEWS2. 

Lastly, EHR integration and automated monitoring are strong mediums for 

improvement that are not fully or precisely employed yet. There was an agreement 

from both sites on the facilitators and barriers, with preference from the specialist 

setting of the EHR integration and employing dashboards to improve escalation. The 

challenges found were cultural and setting related, or digital system related, as 

manifested by participants' views from both hospitals.  

 

The challenge of seniority-related behaviour can be daunting to junior nurses and 

doctors that suppress their development in the work setting. Junior clinicians are the 

most receptive to change in the health system, and their ability to learn is high, a 

wasted advantage if discouraged. In previous EWS implementation, the seniority 

level of qualified nurses can affect the response of medical staff to review a patient 

or not (339).  
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Increasing the safe space to express clinical concerns by junior staff is a major need 

to be addressed to improve the work culture in hospital settings. 

 

The perception of NEWS2 as a unified EWS for patients with complex conditions is 

appreciated for patients’ safety and eliminating clinical judgment disagreement, yet 

insufficiently valued. They doubt their decision to escalate or have a dismissive 

culture to high NEWS2 score, majorly in the cardiology settings, owing to their 

clinical knowledge of patients' baseline and history. Applying an EWS system for 

critically ill patients can either be a confidence booster if perceived as reliable (335), 

or a source of tension between their own trusted knowledge and experience and 

nationally enforced guidelines (340). To date, there is insufficient evidence on the 

validity of NEWS2 in specialised subgroups, including cardiology and oncology 

settings (296); therefore, the call for unified NEWS2 remains weak. However, 

clinicians' belief toward applying NEWS2 to avoid further risk to patients' safety is 

valid.    

 

Inadequate resources and training are challenges to implementing EWS that were 

heightened during the pandemic. Various medical devices are in shortage globally 

(312,341) and missed training opportunities created a gap in professional 

development, negatively impacting clinicians' confidence.(320,321). The surge in 

hospitalisation and escalation to ICU due to the COVID-19 pandemic necessitate the 

enforcement of national and international frameworks as a well emergency response 

to overcome the crisis (341–343). That came ahead of implementing a national EWS 

developed for ward patients when hospitals were more stable functionally. Greater 

attention was paid to all patients during the pandemic with the presence of various 

medical teams, facilitating critical care regardless of NEWS2 score. 

 

Non-adherence to documentation presented a cultural issue in both hospitals, with 

more non-compliance and the need for auditing expressed in the specialist setting. 

Embedding NEWS2 in EHRs and automated monitoring can be robust solutions 

representing the role of digitalisation in improving documentation, clinical tasks, and 

patient outcomes. There is inadequate evidence on the benefit of EHRs integration 
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in previous studies. This study indicates the advantage of accuracy and timeliness of 

scoring and alarming NEWS2, prompting decision making and early intervention, 

and potentially decreasing workload. Automated monitoring has motivated staff to 

complete documentation since what is seen is done (334). However, digital systems 

challenges, including insufficient workstations, IT assessment and training(344,345) 

and overlooking the positive aspects of paper workflow cause transformation to be 

hindered. Therefore, it is essential to address the obstacles to implementing EWS in 

EHRs that mimic the challenges of implementing EMRs or digital systems in health 

settings.  

 

Strengths and limitations 

 

The study examined the implementation in two different sites in structure, policies, 

speciality, and care pathways. The NASSS framework was used as a guide, a solid 

theoretical foundation that analyses the complexity of implementing health 

technology solutions. The interviews and surveys were conducted at the time of the 

pandemic in England, which provided enhanced rapport and a rich narrative. 

The sample is limited by purposive sampling and the pandemic pressure, which 

might have restricted further participation in the study. The interviews were guided by 

the domains and may have missed some richness of human-centric topics that could 

be explored deeply. i.e., seniority behaviours and EHRs users' preferences. 

 

 

Conclusion:   

 

The significance of NEWS2 can be underestimated when challenges are overlooked, 

and evidence of its validation is not apparent. NEWS2 was appreciated partially by 

some nurses and managers; however, it was not sufficiently strong in specialised 

care like cardiology to empower the adoption. Implementation is affected by 
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clinicians' behaviour in escalation from a cultural perspective, IT literacy and 

resources from digitalisation perspective. COVID-19-related Regulations and 

guidelines influence clinicians' practice more than implementing EWS and digital 

solutions. Implementing new EWS and digital solutions may be less complicated 

prior to the pandemic. However, more evidence is needed. Studying the validity of 

NEWS2 in specialised settings and complex conditions is required to guide the 

implementation. EHRs integration and automation are dynamic tools to facilitate 

NEWS2 utilisation if the principles of NEWS2 are reviewed and rectified, and 

resources and training are accessible. There is a need to explore the implementation 

further from human-centric, cultural, and digital transformation domains.  
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Chapter 7  

 

 

Evaluating quality of care improvement 

 

Evaluating a novel integrative dashboard for health professionals’ 

performance in managing deteriorating patients.  

 

 

Introduction 

The previous chapter identified the challenges of implementing NEWS2 and the 

need for improved management of deteriorating patients were identified. In this 

chapter, a novel EHR integrated dashboard for auditing NEWS2 and escalation of 

care was implemented and evaluated.  

 

The Covid 19 pandemic has taken its toll on health care services globally. The 

escalating pressure has significantly raised the surge in deteriorating patients and 

the need to escalate their care (307). There was an increase in daily tasks for 

nurses, physicians and rapid response teams to cope with the COVID-19 strain 

(307). Clinicians' practice can be adversely affected by the increased patient to staff 

ratios (105), the complexity of patients' clinical care (106), and the ongoing pandemic 

impact on the healthcare service and individual staff (346). The quality of clinicians' 

assessment, documentation, and timely referral for escalation can suffer. 

 

Early warning scores (EWS) are widely implemented predictive tools to detect 

deterioration in an early stage of critical illness. Their performance has been variable 

(296), and their effectiveness is subject to multielement in the clinical settings 

(332,347). EWS performance in detecting critical events is not only related to the 

score’s sensitivity. Nurses' adherence to recommended monitoring and escalation 
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guidelines and physicians' compliance with critical events and sepsis assessment 

may correlate with the outcomes studied in EWS validation (348). Common 

problems found in clinicians' behaviour toward EWS protocol include non-

compliance with recommended monitoring frequency, notification of doctors when 

indicated by EWS, or timely response of doctors and CCRT (348,349). Therefore, 

serious adverse events (SAE) occur due to misclassification of patients and poor 

allocation to critical care despite the implementation of EWS and escalation 

guidelines. Along with established implementation and validated performance of 

EWS, human factors are vital for the success of EWS application.  

 

Real-time auditing can be an effective method to detect the roots of clinicians' 

adherence defects. With the availability of Electronic health records (EHR) systems, 

a representative, generalisable dataset can be captured and analysed at scale via 

integrated EHR dashboards in a constructed, organised form (350). Healthcare 

dashboard is an electronic analytics tool to monitor healthcare key performance 

indicators (KPI) by displaying outcomes, auditing progress, identifying deficiencies, 

and manage professional and clinical activities in healthcare organisations 

(119,169,351). Digital dashboards systems capture EHR data to generate 

information on the healthcare system, individual professionals' performance, and the 

patient's prognostic status. Prompt, concise and context-specific display of the 

performance provides analysis of hospital and patients status, facilitating clinical 

decision making and quality improvement (120,352).  For example, the NHS 

Pathways of Coronavirus Triages and Activity dashboards in NHS hospitals are 

examples of live data visualisation for the public information at an organisational 

level (117). Although dashboards have proven efficiency in providing real-time 

information for hospital management and stakeholders (120,353,354), functionality is 

limited when addressing performance issues from patient chart data. Logging into 

each patient's chart several times during the day for specific information is time-

consuming and problematic, i.e. completion of EWS recording in a day shift. 

Healthcare dashboards are concise, time-saving, and intuitive tools for up-to-date 

assessment and escalation auditing of deteriorating patients. 
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Problem 

 

Despite the widespread implementation and expenditure of EHRs in healthcare 

settings, secondary use of data for improving quality and safety is limited. The full 

potential benefits from EHRs data are far from realisation currently despite massive 

efforts of investment in health technology (355). Challenges such as the conflicts 

between public interest, individual patient safety, and optimising application of health 

information systems, have restricted the potentials of data use (356,357). With the 

growing integration of EWS into EHR, a significant amount of data for critically ill 

patients are available (54), but not yet utilised.   

 

Furthermore, COVID-19 has affected the quality of clinicians' routine practice and 

hindered tasks that could be regularly and efficiently carried out prior to the 

pandemic (104). As a result, appropriate, timely management of acutely ill patients 

declined(312,358). Escalating care of an acutely ill patient must follow timely and 

careful assessment, then communicating the evaluation to the designated critical 

care professional for further intervention. Errors in detecting worsening of the 

condition and failure to communicate or intervene can hamper escalation of care and 

negatively impact clinical outcomes and NEWS2 performance. Noncompliance with 

escalation protocols or recommended documentation guidelines may result in 

serious healthcare errors (359). The Record Management Code Practice 2021 

provides a framework to guide organisational and individual responsibilities when 

managing patient records (359). Auditing is an integral part of healthcare records 

policy and guidelines to assess the standard achieved in records and find areas 

needing improvement for health data and staff (360).  

  

In Barts Health NHS Trust, the National Early Warning Score (NEWS2) has been 

nationally endorsed and implemented (361). A digital transformation took place in 

Barts hospitals by shifting NEWS2 recording into digital format and automating 

routine monitoring, hoping to increase accuracy of information if the escalation 

protocol is optimally followed. However, implementing digital NEWS2 requires 

complete and updated her, which has been more difficult in the COVID context at 
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Barts and other hospitals. Local audits in the trust showed non-adherence to routine 

monitoring and recording, e.g. in 2019-2020 NEWS2 status was incomplete and not 

in line with guidelines in approximately a quarter of the patients' population 

(Complete vitals: 61-79%, 75-83%, 84-87%, 83-91% & 79-86% from September 

2019 - January 2020 in Newham, Royal London, St Bartholomew's, and Whipps 

Cross hospitals, respectively) (Appendix 18). 

 

A dashboard integrated in EHR would allow performance of health professionals, 

data quality patient care to be monitored and improved by facilitating timely health 

resources management and support informed clinical decision making. Therefore, a 

quality improvement study was conducted to evaluate deteriorating patient 

dashboard and provide evidence for an exemplary quality of care for other 

healthcare settings.  

 

Aims:  

 

To evaluate an EHR data-driven dashboard of real-time assessment of deteriorating 

patients and escalation of care. The evaluation of the dashboard was done through 

PDSA cycles, including:   

1- Examine the views on the dashboard and areas that need improvement from 

key users’ perception; and implement necessary actions for development.  

2- Evaluate the performance of nurses and physicians in the stages of managing 

deteriorating patients on all trust levels through historical tracking of data.  

 

Methods 

 

- Context  

 

The dashboard was implemented in the largest NHS trust in the UK (Barts Health 

NHS Trust) in five academic hospitals: Mile End Hospital, Newham University 
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Hospital, Royal London Hospital, Whipps Cross University Hospital and St 

Bartholomew's Hospital. 

The dashboard was developed by creating Vitals data table, then transformed into a 

thorough and more robust data visualisation of NEWS2, assessment and escalation 

of deteriorating patients via Qlik Sins. Development was led by clinical informatics 

and quality improvement teams.  Data of around 1.2 million recordings of 110,000 

admissions from August to October 2020 were extracted from EHR (Cerner 

Millennium®) (Figure 34). Detailed steps of development are in appendix (19). 

The user interface includes live and accumulative data of patients with high NEWS2, 

and performance tracking of stages in deteriorating patients’ management by nurses 

and physicians on all trust levels. Health professionals’ performance is measured by 

the completion of the assessment, escalation of care, and sepsis treatment (Figure 

35) 

 

 

Figure 34.  Illustration of deteriorating patient’s dashboard development from patients EHRs 

data.  
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Figure 35. Escalation of care assessment flowchart.  

Abbreviations: CCOT: critical care response team, SBAR: Situation-Background-Assessment-

Recommendation tool for communication between health care team.  

 

 

- Intervention  

PDSA model was adopted to examine the objectives of intervention (168).  

  

- PDSA cycle 1:   

In the first cycle, the PDSA stages were as follows: 

- Plan: the rollout of the dashboard was planned, and the performance 

evaluation was designed to obtain the perspective of key people in 

management who utilised the dashboard for auditing.  

Routine 

assessment by 

nurse 

Referral to CCOT or 

junior doctor, or 

senior nurse 

(SBAR) 

Signs of 

deterioration, i.e 

NEWS2 >5 

Patient is stable, 

i.e NEWS= 1 

Assessment for 

critical event by 

nurse, i.e sepsis. 

 

Referral to CCOT, 

Resuscitation team, 

or doctor (SBAR) 

 

Assessment for 

critical event by 

doctor, i.e sepsis. 

Treatment prescribed by 

doctor, i.e ICU admission 

or sepsis 6 therapy. 
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- Do: The dashboard was initially launched in May 2021, and several 

functionality improvements, i.e. metrics and filters, were added until the 

examined version in September 2021. The dashboard was introduced to ward 

managers, quality improvement, and patient safety teams. The teams were 

informed of the improvement plan, the dashboard objectives and functions. 

No guidelines for the utilisation of the dashboard have been developed yet.  

- Study: In the evaluation phase (October 2021), Interviews were conducted 

with three staff who took part in the initial rollout: a senior nurse for quality and 

safety, a nursing informatics specialist, and a patient safety practitioner.  

- Act: The information collected allowed the creation of the next PDSA cycle to 

improve the effectiveness of the dashboard for a broader cohort of users. 

. 

 

 

 

- PDSA cycle 2:   

 

In this phase, a second PDSA cycle was followed:  

- Plan: A how-to guide was designed, and data collection metrics were created 

to assess the dashboard's performance. At the same time, the implementation 

of Electronic Prescribing for Medicine Administration (EPMA) was planned at 

this stage.  

- Do: The how-to guide became available online, and orientation was 

conducted to educate users on effectively making the most of the dashboard.  

- Study: Data from the dashboard front end were assessed to evaluate changes 

through time in deteriorating patients' management. 

- Act: The dashboard metrics were refined. Managers were encouraged to view 

and report information from the dashboard, and nurses and doctors were 

informed of areas in practice that needed adjustments. There was a plan to 

integrate EPMA data into the dashboard in the coming stage and provide 

further valuable data, i.e. time of treatment prescribing. 
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- Measurements   

 

individual interviews to evaluate the perception on the dashboard using the  TAM 

framework (170) (Figure 36) (Appendix 12). Interviews were conducted on a 

purposive sample of key users.  

For data evaluation, a before and after assessment was done to assess the change 

in performance in five phases pre-EHR integration, post EHR integration, automation 

period, implementation, and post-feedback. Definitions of terms are in table 16. 

 

- Analysis  

 

Qualitative data were analysed using NVivo in a content analysis approach.  

Quantifiable data collected from the dashboard was analysed using the R 

programme. Pearson's chi-square test was conducted with. A p-value of <0.05 for 

significance. 

 

 

 

 

 

 

 

 

 

 

 

Figure 36. Illustration of the Technology Acceptance Model (TAM) to examine the perception 

of the deterioration dashboard.   
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usefulness of the 
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ease of use 

Attitude toward 
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intention to 

use 

Actual system 

use 
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Table 16. Definitions of terminologies.  

Definitions   

Dashboard Electronic analytics tool to monitor key performance indicators (KPI) 

by displaying outcomes, progress, deficiencies in an 

organisation(117,351) 

Automated monitoring  Integration of patients routine monitoring and EHRs by transmitting 

measurements directly from monitoring machine to patients’ charts 

and continuously calculating and updating NEWS2 (334,362).  

Electronic Prescribing for 

Medicine Administration 

(EPMA) 

Electronic system to facilitate the communication of a prescription, 

aiding the choice, administration, and supply of a medicine through 

decision support (363). 

Situation, Background, 

Assessment and 

Recommendation tool 

(SBAR) 

A communication tool including, Situation, Background, Assessment, 

Recommendation; for structuring conversations between doctors and 

nurses about situations requiring attention (364). 

Sepsis 6 A structured care bundle for patients with sepsis including blood 

cultures, check full blood count and lactate, IV fluid challenge, IV 

antibiotics, monitor urine output and give oxygen (365). 
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Results  

 

From the qualitative data, three participants were interviewed. Participants 

expressed their perceived advantages and usability of the dashboard for escalation 

of care, auditing NEWS2 recording and forms completion, and areas in need of 

improvement. The interviews data content formed two elements: (i)dashboard 

function, and (ii) obstacles and improvement. 

From the descriptive data, there was a gradual improvement in NEWS2 and forms 

compliance by nurses and physicians.  

 

Dashboard function 
 

The dashboard was perceived as a serving tool for quality improvement tool. There 

was an agreed perception of its analytics function on individual nurses' and doctors' 

performance in the escalation of the care process. Primary auditors are ward 

managers, senior nurses, and quality improvement officers. They could view periods 

and specific ward improvements and where the trend is dropping off; in patients' 

status and clinician's practice; to analyse the reasons for changes to planning for 

enhancement.   

The dashboard helps nurses and doctors chase the escalation of deteriorating 

patients from the auditing function by monitoring NEWS, SBAR referral, and 

assessment completion to push for a better result. 

Another benefit found was the attention to one's performance due to being tracked 

lively. It was reported that staff are becoming more interested in completing the 

forms and monitoring within the time frame and how properly the documentation in 

return to the observed numbers of deteriorating patients scoring high NEWS2.  

 

 

Obstacles and improvements 
 

Participants reported issues in lack of engagement by managers in relation to 

difficulty in usability, such as locating and navigating it properly. It was suggested to 
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improve in the dashboard function and utility. They recommended comprehensive 

showcasing of the dashboard for clinicians to understand the benefits and purpose. 

Participants expressed the need for a clear guide for utilisation to encourage 

clinicians make the most of the dashboard confidently. In addition, it was suggested 

for databases to be stored in a unified standard system to facilitate data extraction 

and query writing and explore the possibility of creating more functions from the 

health systems. Several additions were recommended by participants to enhance 

the role of the deterioration dashboard, including additional assessment metrics, 

sepsis diagnosis and treatment time, and monitoring wrist bands scanning for ID 

confirmation.  

 

 

Compliance measure 
 

The audit showed poor compliance with vital signs and NEWS2 recording in the 

baseline period (64%), then improved gradually after the EHR integration of NEWS2 

(81.5%), followed by an increase after automating vitals monitoring and dashboard 

rollout (85 & 83%, respectively). Patients with high NEWS2 reached a peak between 

April and May 2020 and in January 2021 (~25%) when the first and second waves of 

COVID-19 occurred. Complete referral and nurse assessment forms were boosted 

after dashboard rollout (n: 170 to 6800 & 23 to 540, respectively). The screening and 

prescribing by doctors improved in the first dashboard phase (n: 22 to 36 &15 to 26, 

respectively), then had a sudden drop (n: 8 &6, respectively) after EPMA became the 

data entry point (Table 17 and Figure 37).  
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Table 17. Dashboard metrics trend measured in different phases.   

 

Note: Each number is presented as minimum to maximum and median.  

Abbreviations: Vitals: vital signs recordings; NEWS2: Updated National Early Warning Score; SBAR: situation, 

background, assessment, recommendation; Sepsis 6: clinical care bundle for sepsis management in the first 

hour of diagnosis. 

Measure Routine 

monitoring 

phase.  

(Aug-Nov 

2019) 

(min-max, 

median) 

EHRs-EWS 

phase.   

(Dec 2019-

Sep 2020). 

(min-max, 

median) 

Automation 

phase         

(Oct 2020-Apr 

2021).  (min-

max, median) 

Implementation 

phase (May-Sept 

2021).  (min-max, 

median) 

Evaluation 

phase  (Oct 

2021-Apr 

2022).  (min-

max, median) 

Vitals (%) 59-72, 64 74-84, 81.5 84-86, 85 81-84, 83 81-83, 82 

NEWS>5 

(%) 

5-6.5, 6 5-17.5, 6 4-20, 11.5 5.5-7, 6 5-7, 6.5 

SBAR (n) - - 100-230, 170 220-3100, 650 3800-8300, 

6800 

Nurse 

screening 

(n) 

- - 13-94, 23 36-250, 75 250-750, 540 

   Automation 

phase.       

(Oct 2020-Apr 

2021).  (min-

max, median) 

Implementation 

phase (May-Aug 

2021) (min-max, 

median) 

EPMA phase 

(Sept 2021-

Mar 2022) 

(min-max, 

median) 

Doctor 

screening 

(n) 

- - 10-82, 22 25-60, 36 3-14, 8 

Sepsis 6  

(n) 

- - 8-64, 15 19-47, 26 1-12, 5.5 
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Figure 37. Snapshot of front page of deteriorating patients’ dashboard from August 2019 to March 2022.  

Abbreviations: SBAR: esclation of care handover tool (situation, background, assessment, and recommendation); Sepsis screening forms: assessment of 

sepsis forms by nurses; Dr Assessment complete: sepsis screening by doctors; Sepsis 6: prescribing sepsis 6 bundle therapy.  

Colour codes: orange: upper and lower control limits and outliners; light blue: complete; dark blue: trends; green: central lines; graphs with red frame 

represent metrics that will be adjusted in the next stage. 
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Discussion 

 

The study reported the experience of development and implementation of an EHR-

integrated dashboard for NEWS2 and escalation of care auditing in cardiac specialist 

teaching hospitals. This novel and unique initiative focused on monitoring and 

improving early recognition and expediting shared care by nurses and physicians. 

The data visualisation is a practical and effective way for performance tracking; and, 

therefore, promoting timely NEWS2 recording and forms completion for improved 

escalation of care. We had three main findings. First, participants perceived the 

dashboard as an excellent auditing tool that improves deteriorating patients' care. 

Second, some improvements are needed to enhance its functionality and user 

experience. Third, historical data have shown an increase in clinicians' compliance 

with documentation and escalation protocol that may have responded to monitoring 

individual and unit performance and, therefore, driving quality improvement. 

 

The results were consistent with previous findings confirming the effectiveness of 

dashboard analytics in evaluating clinical performance (366,367). It has been shown 

that dashboards are visual tools to examine the programme or protocol's 

effectiveness in meeting the objectives (16). The perceived individual staff 

monitoring and improving own actions came supporting to previously highlighted 

impact of dashboards on nurses' awareness. Nurses' attention to the ward's 

accomplishments affected patients' outcomes and gave them a sense of control and 

satisfaction with their achievements (351,353,367). Investigating the deteriorating 

patient management provides on-time tracking of escalation of care steps and 

NEWS2 recording to have a transparent understanding of its predictive performance 

in the care settings. Display and use of performance data are keys to identifying 

areas of strengths and weakness for quality improvement. 

 

For a dashboard system to be widely used, it must be an easy, user-friendly, and 

intuitive system. Our results indicate the need for clinicians to learn about digital 

tools' usability, as the previous implementation of digital health systems showed the 
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demand for embedding technology training and education (368,369). In addition, 

expanding the structure and functionality through integrating different data sources 

and refining the design is a substantial gain. Previous health dashboards where 

EHRs are combined with other systems, such as PACS, have given professionals a 

broader view and knowledge of patients' health status (120). By integrating multiple 

digital systems, there is a potential for great use of information to understand, 

research, and explain unclear data of one system by the other. The reduction in 

doctors' assessment and Sepsis 6 was due to the data entry shift from EHRs to 

EPMA. In the trust, EPMA is believed to add the benefit of providing more true, 

timely treatment information for auditing. EPMA integration can provide data on 

prescribing antibiotics as per the recommended protocol, therefore, will be 

conducted in the next phase. Other data resources could also enhance and 

maximise the functionality, such as COVID-19 patients' data, resources tracking 

such as ICU beds and Critical Care Outreach (CCOT) staff, and timeliness of 

escalation of care steps data. Data sources addition could help doctors, nurses and 

managers organise the treatment plan promptly for clinicians' and patients' benefit.  

  

From time series analysis, we interpreted a positive change in NEWS2 recording and 

formed completion post dashboards intervention and potential for a further 

improvement as quality is monitored. In the current integration of EWS into EHRS, 

displaying the real-time score and generating alerts of EWS, like Modified Early 

Warning Score (MEWS), Paediatric EWS (PEWS), and NEWS, has shown several 

advantages in different care settings (370–372). It allowed for a real-time prediction 

of critical events associated with reduced hospitalisation costs and, more 

importantly, is believed to be a keystone for safe practice.  In addition, dashboards 

have been increase implemented in healthcare and supported healthcare services, 

such as communicating patient-reported and clinical data in cystic fibrosis (373). 

Ward patient status and clinician performance auditing represent a modern method 

of quality improvement in the digital clinical environments to be promoted and 

examined widely.   
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Several additional characteristics could enhance the function of dashboard auditing 

deterioration management. Producing a live NEWS2 score for patients would add an 

advantage to estimating validation if analysed on wards and specialities level. In 

addition, alerting the first-line responders to escalation, including the CCOT team 

and bedside nurses, would benefit managers in tracking the escalation and whether 

it occurred due to the score, clinicians' observation or the two combined. Expanding 

the functionality guided by the escalation of care and early warning scores protocols 

would be needed to enhance the performance impact. However, further studies need 

to evaluate the effect of advancing the dashboard in the coming stages from a user 

perspective and the extent to which it can positively impact clinical care outcomes 

and work performance. 

 

Limitations 

 

The dashboard was developed and tested at the time of the COVID-19 pandemic. 

This factor could have affected the engagement of key users and, therefore, the 

response to utilising the dashboard for auditing. Another disadvantage is the small 

team of clinical informatics that developed the dashboard during the pandemic 

pressure, which might have resulted in delays for further adjustments and applying a 

third PDSA cycle. There were interviews with three health professionals during the 

examined phases; feedback from ward managers, nurses, and doctors will show a 

better view of its validity for monitoring escalation of care. Furthermore, there was no 

examination of the generalizability of the dashboard system in other trusted 

hospitals. Studies need to examine its feasibility and usefulness in different hospitals 

with differing structures and patients’ population. 

 

Conclusion  

 

On-time data visualisation of deteriorating patient care is an effective and efficient 

method for establishing quality improvement. The deteriorating patient dashboard 
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facilitated timely investigation and improvement of the practice of assessment and 

treatment from key users' perspectives and performance analysis over time. 

Evaluating adherence to NEWS2 recording and escalation of care protocol can help 

clarify EWS validation where it is implemented. Advancing health dashboards by 

facilitating multiple health systems integration and clinicians learning digital health 

solutions will enhance dashboard functionality and improve user experience. In 

addition, functionality could be upgraded by analysing further NEWS2 and escalation 

of care protocol metrics and times, promoting live and historical data value. There is 

a need for further validation and quality improvement studies to verify the 

generalizability of the dashboard system in different settings.   
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Chapter 8 

 

Discussion  

 

Introduction  

 

Certain significant elements of the effectiveness of digital early warning scores for 

the detection of deteriorating patients were examined in the context of cardiac care 

settings during the time of the COVID-19 pandemic using a mixed methods 

approach in this thesis. These aspects were investigated based on the gap in 

evidence to utilise them for patients with CVD and the significant need for better 

management of acute illness in CVD, while employing the available cutting-edge 

health solution to improve the level of care. Studies have presented real-world 

problems in identifying acutely ill CVD patients and challenges faced by clinicians. In 

addition, studies explored areas where research was considerably weak in EWS and 

escalation of care and investigated solutions that can be employed to enhance care 

for acutely ill patients in clinical settings.  

 

Research objectives 

The main research questions identified are:  
 

1-   What is the performance of the universal standardised early warning scores 

in different disease groups and clinical settings in predicting critical events, and to 

what extent was there EHR integration of EWS? 
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2-   What is the performance of the digitally assisted National Early Warning 

Score (NEWS2) in predicting critical events for cardiac patients in a specialised 

cardiac setting? 

3-   How is the escalation of care practice and utilisation of EWS affected by the 

COVID-19 pandemic, and what factors facilitated or hindered any changes? 

4-   How do nurses perceive the implementation of digital Early Warning Score 

(NEWS2) in a cardiac specialist setting and a general hospital setting during the 

pandemic? 

5-   What is the impact of implementing an EHR-integrated dashboard for 

improving deteriorating patients' management from clinicians' perspectives and 

change in performance over time? 

 

Summary of the main findings 

 

A systematic review of the literature was conducted of validation studies of 

standardised EWS in disease groups and clinical settings in chapter three. One 

hundred and three studies were included validating standardised EWS in 

concept, yet with different parameters values and triggering methods. Validation 

studies were heterogeneous in the number conducted in each subgroup, the 

methodology used, the predictive performance measure, and the technology 

integration of early detection of deterioration. In specialised care settings and 

disease groups where the incidents of critical events are high, research is limited. 

There was a significantly limited number of studies exploring the EHR-integrated 

EWS despite the global widespread of EHRs and the growing EWS digitalisation.  

 

An observational retrospective cohort study of the predictive performance of the 

digital EWS, NEWS2, in a specialist cardiac setting was presented in chapter 

four. The predictive ability of NEWS2 to predict death, cardiac arrest and 

admission to ICU was assessed in 6143 patients admitted under cardiac care 

and 248 COVID-19 patients. With the availability and integration of three different 
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data sources, EHRs data, CRT data and COVID-19 pathology data, retrospective 

data analysis was conducted on a representative sample of patients with CVD. 

NEWS2 showed suboptimal discrimination (AUC: 0.56-0.7; 95%CI) while 

improving when supplementing the model with cardiac rhythm for CVD patients 

(AUC: 0.75-0.95; 95%CI) and with age for patients with COVID-19 (AUC: 0.7-

0.96; 95%CI). NEWS2 was inadequate on its own to predict deteriorating CVD 

patients. It was shown that adjusting EWS tools by examining disease-related 

parameters that correlate positively with critical events can enhance the 

prognostic ability and ultimately lessen the burden of CVD morbidity and 

mortality.  

 

In chapter five, a scoping review of the qualitative work examining the escalation 

of care during the COVID-19 pandemic was reported. The examined experience 

of escalating the acutely ill patients was reported in three studies exploring 

changes, facilitators, and barriers to rapid response in clinical settings. While 

COVID-19 had a significant impact on healthcare, particularly in critical care, the 

evidence on the escalation of care in the pandemic was found to be poor. The 

findings reported the need for adjustments in escalation strategies through new 

emergency plans and protocols. There were obstacles manifested in a lack of 

resources and learning opportunities, yet competent management and skilled 

clinical work facilitated the adjustment. Despite the recommendation to adopt 

EWS as a guide in the escalation of care practice, their role was not explored in 

studies examining the escalation of care experience.  

 

An exploratory implementation study into the perception of nurses of digital 

NEWS2 in two hospital settings was reported in chapter six. In this qualitative 

work, the NASSS framework was adopted to examine the success of NEWS2 as 

a digitally enhanced tool in hospitals. Nurses from cardiac specialist and general 

hospital settings were interviewed. Three themes emerged around the 

implementation challenges and support, the value of NEWS2, and the role of 

digitalisation. The perception of NEWS2 was mixed between appreciation for 

patients' safety and clinical judgement and doubted value, especially for patients 
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with CVD. The implementation process was supported by decision-makers; 

however, challenges like IT literacy, lack of training and resources and the 

perception of NEWS2 value can hinder the process. The impact of the pandemic 

resulted in enforced changes and guidelines, which led to an undervalued role of 

NEWS2. The role of EHR integration and automated monitoring was perceived 

as a positive factor for improvement despite limitations in the digital 

transformation.   

 

A mixed-methods evaluation study of implementing an EHR-integrated 

dashboard; named Deteriorating Patients Dashboard; for NEWS2 and escalation 

of care auditing was reported in chapter seven. The dashboard was evaluated by 

adopting the PDSA model and SQUIRE framework by interviewing key users and 

analysing retrospective dashboard performance data from 2019 to 2022. There 

were positive views on the effectiveness of the dashboard in improving the quality 

of deteriorating patient management; however, there was a reported need for 

clinicians' guidance and enhancing the dashboard data sources and metrics. 

These findings were supported by the improvement reflected in analysing audited 

data, including improved NEWS2 recording and an increase in referral and 

assessment completion after the dashboard was implemented.  

 

Original contribution of this thesis  
 

The findings from the five studies have contributed to the evidence base on EWS 

in cardiac care settings: 

1-   A systematic review examined the performance of ten various standardised 

EWS in different disease groups and clinical settings. 

2-   A retrospective cohort study of the predictive ability, assessed by the 

AUROC; of digital NEWS2 in a cardiac specialist setting, identified a low level of 

predictive ability in patients with CVD.  

3-   A comparative analysis of the validity of NEWS2 and supplemented models 

with disease-related parameters in patients with CVD identified improved 

predictive ability.  
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4-   A scoping review of the experience during the pandemic for rapid response 

teams highlighted the need for skilled managers and health professionals for 

protocols redesigning and adjusting escalation plans to cope with the COVID-19 

impact.  

5-   An implementation study was assessing nurses' perceptions of adopting 

digital NEWS2 in two distinct settings, cardiac specialists, and general hospitals, 

and identified barriers that can be cultural and system-related. 

6-   The qualitative and scoping review study's findings indicate that lack of 

training and resources due to the pandemic pressure were obstacles to 

implementing a standard escalation of care and EWS guidelines.  

7-   An evaluation of a novel EHR-integrated dashboard for auditing deteriorating 

patient management had a positive impact on clinicians' performance in 

recording NEWS2 and escalation practice.  

8-   Evaluating the dashboard and the implementation of digital NEWS2 

highlighted the significance of employing EHRs for routine and automated 

monitoring and on-time auditing in supporting NEWS2 and clinicians' practice 

 

Supporting and conflicting findings across the five studies 

 

The findings from each of the five studies have explored different aspects of EWS 

application in a cardiac care setting. However, each study's findings may help 

explain and cultivate the understanding of another study. In addition, some findings 

may conflict with others which may be feasible for explanation or need further 

research to explore. The main findings will also be addressed in relation to previous 

studies in the literature. The following section will discuss findings that will be linked 

between the studies and with the literature.  

 

Validating EWS predictive ability for patients with CVD 

  
The systematic review findings addressed the poor evidence from validating 

standardised early warning scores in patients with different aetiologies and various 
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specialities. In patients with CVD, validation studies were not representative of the 

currently used EWS nor generalisable for CVD patients in cardiac care settings. 

Therefore, the recommendation for standardised Early Warning Scores uses across 

all settings, including caring for cardiac patients, was questioned. In chapter four, the 

results from validating NEWS2 would support these findings. In the retrospective 

analysis, the evaluated predictive performance using AUC for predicting death, ICU 

admission and cardiac arrest were below the optimal level (Figure 25 and 26). The 

timing of NEWS2 measurements examined was at the point of admission and 24 

hours prior to a critical event. Consistent with the metric utilised in the retrospective 

study, most validation studies in the third chapter used the AUC metric to examine 

the performance (296) . However, the timeline of EWS recordings was mixed and 

inconsistent in validation studies included in the systematic review, ranging between 

single or multiple observations from 24 hours to 30 days prior to a critical event. In 

addition, selecting a single observation may yield different results compared to 

multiple observations (202,290). These results may be a source of uncertainty when 

interpreted as time recording may be significant in relation to the critical outcome 

predicted by the early warning score.  

 

In chapter four, the examined endpoints were chosen as the most commonly known 

critical events and as what was recorded in EHRs and CRT databases. The severe 

adverse events, including death, ICU admission and cardiac arrest, were considered 

critical endpoint events. Despite these outcomes being in accord with outcomes 

examined in previous EWS validation studies (201,290,374–376), it is arguable that 

these outcomes may not be the accurate endpoints to test for reliable and 

representative EWS predictive ability (74). When NEWS2 was endorsed by the 

Royal College of Physicians, it did not aim to detect the outcomes commonly 

studied, i.e. death and cardiac arrest. The aim was to detect clinical deterioration in 

patients' health (51). Therefore, it produces a discrepancy between the purpose of 

EWS validation to predict the clinical state of deterioration and the common practice 

of EWS being validated for death and ICU admission. Pedersen (2017) suggested 

that the concept of using critical events as endpoints is unrealistic and contradicts 

the aim of EWS. The assumption that patients on the path toward critical illness, yet 

treatable through timely intervention, are experiencing similar physiological deviation 
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as patients who reached irreversible adverse events may be improper. In a previous 

Delphi study addressing this issue, the endpoints favoured by experts were aligned 

with traditional ones; however, they suggested the development of more relevant 

endpoints (74). In the retrospective analysis study, a medical emergency as defined 

by a patient experiencing physiological deviation while on the path of deterioration, 

i.e. cardiac arrhythmia, was tested in addition to traditional endpoints. These data 

were extracted from the CRT database, which was not part of patients' EHRs. The 

increasing spread of EHRs encompasses clinical data that can provide the 

opportunity to identify reliable endpoints from critically ill patients' routine 

assessments. As EHRs in the chosen clinical setting were short of significant CRT 

information, developing EHRs to be integrative and inclusive of all necessary data 

has essential implication for examining the validity of EWS.  

 
 

Success of NEWS2 in cardiac care 
 

Findings from the retrospective analysis indicate that NEWS2 performed moderately 

to poorly in relation to the targeted discrimination. The examined NEWS2 and 

physiological parameters were recorded automatically through automated 

monitoring. This application has taken away part of the role of nurses in inputting 

data in EHRs and calculating NEWS2. Despite that, there was missingness in 

NEWS2 recordings at different times, indicating a lack of adherence to the 

recommended routine monitoring. On the other hand, findings from the qualitative 

study in chapter six presented an undervalued view of NEWS2 by nurses in the 

examined settings, especially regarding care for deteriorating CVD patients. The 

combination of findings supports the conceptual premise that the performance of an 

EWS tool may be related to the perception and behaviour of clinicians utilising it, and 

this perception could be influenced greatly by the observed performance in practice.  

A previous retrospective analysis of paediatric early warning score (PEWS) indicated 

an improved accuracy of PEWS recordings (99 %) using automated monitoring 

compared to manual recording accuracy (86%) (362). It can therefore be assumed 

that clinicians' practice can impact the accuracy of EWS scoring examined to assess 

the performance. Moreover, the qualitative study findings showed that nurses 
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perceive NEWS2 as an optional means of escalation yet not a reliable tool for all 

patients, thus impacting their behaviour toward utilising NEWS2.  

 "I used to see patients that were unwell, that did not trigger NEWS." 

 "Documentation is not great." 

These results support previous research showing that staff nonadherence to 

monitoring frequency was heavily related to their "gut feeling" that frequent 

monitoring is unnecessary (348).  In addition, notifying doctors or senior nurses 

when EWS indicates this, i.e. score 3-6, was considered unrealistic and disruptive to 

their workflow because of the high number of patients with high scores (348). 

Correspondingly, Bunkenborg (2016) mixed methods research evaluated EWS 

scoring intervals, and nurses' perceptions of meaningfulness and the clinical 

relevance are crucial motivations for implementing EWS in the clinical practice 

(377). The findings from the retrospective study, qualitative data, and previous 

literature raise intriguing questions regarding the nature of the relationship between 

the predictive ability of EWS and clinicians' views and the extent of the impact these 

elements have on one another and ultimately on the success of EWS for desired 

patients’ outcomes.  

 
  

Implementation challenges 

 
 

The findings from the qualitative study highlighted challenges that were from a 

culturally base or a system base. From a cultural perspective, healthcare 

professionals' behaviour and their organisational background had a significant 

impact on the implementation process. The organisational culture was manifested by 

the role of the hospital management in supporting NEWS2 implementation to 

escalate the acutely ill in general and the specialist hospitals. These results reflected 

those of the scoping review, in which hospital management had a substantial role in 

supporting the escalation of care strategy. Establishing planned escalation protocols 

by hospital managements was reported to aid the success of escalation and improve 

clinical outcomes, i.e. ICU admission in previous studies (378,379).  
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On an individual level, the qualitative study showed that the seniority level had 

created a daunting effect on the development of junior nurses and doctors due to the 

lack of safe space with senior staff. However, from the scoping review findings, 

skilled senior staff attitudes had promoted a positive culture for the juniors and the 

adjustment of escalation of care during the pandemic. In implementing healthcare 

systems, the results of the previous studies were in line with these findings. Senior 

nurses and doctors were leading facilitators of a successful health system initiative 

(379,380).   

Examining the views of nurses on EWS as a system has presented a mix of positive 

views as well as the undervalued perception of EWS. There was an appreciation by 

nurses for their guidance in decision making while others, in cardiac care, in 

particular, showed concerns when managing a deteriorating patient. The variation of 

views has been reported in previous studies in different hospital settings. Outside the 

acute hospital setting, NEWS was reported to support decision-making around the 

escalation of care (381). On the other hand, studies in other hospital settings found it 

to impede clinical judgement and did not account for the complexity of the setting in 

which it was applied (331,382). In a previous scoping review, it was described as a 

"bone of contention" due to the high number of patients with elevated scores (383). 

In addition, the overreliance on the EWS system reported in the findings of the 

interviews was in agreement with other qualitative studies in which inexperienced 

nurses were privileging EWS over their own assessment (383–385). Furthermore, 

the perception of the digital health solutions as additional burdens, including EHR 

integration and automated monitoring, were barriers to implementation in the 

qualitative study. Fredrix et al. (2019) explain how digital health care solutions in 

cardiology can be a barrier to health professionals due to their view of it as requiring 

time investment, being added "on top of" the existing care, and not blended into the 

care delivery (386).  From the conducted qualitative study findings and previous 

research, the perception with regard to the EWS system was highly correlated with 

the hospital setting evaluated and the level of knowledge and experience of nurses 

utilising the score and the digital system (383,385).  

 

Another indisputable challenge when conducting the research was the enforced 

changes due to the COVID-19 pandemic. In the scoping review and the qualitative 
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studies findings, COVID-19 impacted hospital resources and caused an acceleration 

of acute illness. It was reported to change the escalation of care strategy and 

influenced health professionals' adoption of the digital NEWS2 recommendations. 

Nonadherence and underappreciation of NEWS2 may be explained by the fact that it 

was introduced in all settings prior to the pandemic. In contrast, the complexity of 

patients' diseases and workload during the pandemic made the adoption of NEWS2 

daunting. On the other hand, technological health systems aiming to directly optimise 

clinical management during the pandemic were rapidly growing, as found in the 

qualitative study, evaluating the dashboard, and published studies (387,388).  

 

Digital facilitation for EWS 
 

In chapter four, the score recorded, and the parameters encompassed were 

assessed from remotely captured data and EHR-integrated NEWS2. The electronic 

recording of NEWS2 promoted the completion and accuracy of recordings as 

manifested by results reported from the qualitative study and the dashboard data 

results. These findings seem to be consistent with other research that found 

electronic observations recording of EWS increased the accuracy of EWS (389) and 

improved adherence to EWS recording (390). Nonetheless, the missingness of 

recordings in the retrospective study persisted despite the automated monitoring and 

electronic recording. This is likely caused by organisational cultural influences, as 

explored in the qualitative study. In addition, previous work by Geeenhalgh (2010) 

emphasised the interrelation between the system and the culture for the 

effectiveness of a digital health system (391). One of the domains in the adopted 

NASSS framework is the knowledge of the technical properties and utilisation. There 

was an absolute need for learning health systems as indicated in the qualitative 

study and evaluating the dashboard study. A previous study by Walpole et al. (2016) 

reported that health informatics education is low and rarely assessed in the 

undergraduate medical curriculum (392). Furthermore, Lydia et al. (2019) found that 

the necessary health informatics competencies were underrepresented in the 

medical curricula.  

 



 190 

The study evaluating the dashboard showed exemplary evidence of the rapid growth 

of digital health systems. Despite the pandemic's escalating pressure on adherence 

to NEWS2 guidelines and recordings, it formed a cursor of motivation towards 

developing and implementing digital systems that directly facilitate clinical 

management. Data visualisation via a Deteriorating Patients Dashboard was 

effective in monitoring individual doctors' and nurses' performance as presented by 

interviews and data analysis and previous studies (351,366,367). Technology-based 

systems were widely developed and relied upon in response to COVID-19 to assist 

labour-intensive tasks, such as interoperable EHRs, EPMAs, and patient-facing 

technology (388,393,394). The overall level of adoption, however, is not yet reaching 

its full potential. This was indicated by the resistance to accepting EWS integration in 

EHRs in the qualitative study and the lack of engagement found when the dashboard 

was evaluated. The contextual factors discussed by Greenhalgh between the 

system, the individual and the setting may explain the situation in the pandemic if 

explored further (154).  

 

Strengths of the thesis  

 

The thesis examined different aspects of early warning scores used in cardiac care. 

The research questions in the research were derived from problems experienced in 

the effectiveness and implementation of EWS for escalation of care in the clinical 

area. The findings from the answers to the questions were highly relatable in the 

cardiac care settings since the problems were based on real experiences and 

challenges.  

 

The thesis has the strength of showing an inter-relationship between the findings of 

the five conducted studies. The intersection between findings enriches the 

understanding of the use of early warning scores for patients in a specialist cardiac 

setting in an environment affected by the COVID-19 pandemic while facilitated by 

digital solutions. The mixed-methods approach helped analyse the uncertainty in the 

results by combining the qualitative and quantitative data.  
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The research explored aspects of an up-to-date EWS, NEWS2, with evolving 

technological applications. Parts of the research were conducted during a well-

established NEWS2 with evolving technological development due to the modern age 

and rapid response needed in the pandemic. The study findings may highlight that 

early warning systems can respond differently to modern systems. With the majority 

of hospital settings in developed countries implementing EWS and rapidly adopting 

digital health, research findings may be of great relevance to other clinical settings.  

 

Limitations of the thesis 

 

The main source of limitation when the thesis studies were performed was the 

COVID-19 pandemic. Adherence to routine monitoring was affected by the increase 

in tasks, contributing to missingness in the data collected for the retrospective cohort 

evaluation. In the scoping review, the period was limited to three years due to the 

timeline when the pandemic took effect. In addition, during the qualitative study, the 

sampling and participation were restricted as a result of time restraint and health 

professionals' tasks. While evaluating the Deteriorating Patient Dashboard, there 

was a lack of engagement from key users, and the study was short on interviews of 

further key users to explore their views.  

 

The outcomes studied in the systematic review and the retrospective evaluation 

predicted critical events. The studies did not examine the impact on long-term 

outcomes. Furthermore, the scoping review and the dashboard evaluation examined 

the current practice and lacked the long-term impact on patient outcomes and health 

professionals' roles.  

 

 Another limitation is the frameworks applied in the qualitative study and the 

dashboard evaluation study. In the qualitative study, the NASSS framework lacks an 

in-depth human-centric investigation that can deeply explain behaviours. In addition, 
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when evaluating the dashboard, the TAM model focuses on basic elements in 

adopting a technology that seemed feasible to explore, given the early stage of the 

implementation. The model excludes institutional and technological system-related 

factors.  

 

 The EWS was evaluated in the retrospective cohort, and the qualitative study was 

the digitalised NEWS2. The performance and the implementation findings may not 

be applicable when utilising other EWS with different delivery methods. Moreover, 

the EWS implementation was examined in a cardiac specialist setting and a general 

teaching hospital, where the escalation of care policies and the hospital structures 

varies from each other and other hospital settings. As such, the studies' findings may 

not be generalisable to other settings.  

 

Dissemination of findings  

- The systematic review in chapter three has been peer reviewed and accepted 

for publication in BMJ Open Journal and has been presented as an oral 

presentation at the Saudi Heart Association 22 conference.  

- The evaluation of the dashboard study has been peer reviewed and 

presented as an oral presentation at the Healthcare Information and 

Management Systems Society (HIMSS) conference.  

- The qualitative implementation study was accepted to be presented in 

October 2022 at the 35th annual conference of the European Society of 

Intensive Care Medicine, Paris.  

- -The performance evaluation, the qualitative study, the scoping review, and 

the dashboard evaluation study were published as pre-prints in the medRXiv 

preprint server and are undergoing peer review for publication.   
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Implementation in clinical practice 

 

 

 Parts of the thesis findings were reported and have been incorporated into clinical 

practice.  

  

Chapter three reported the heterogeneity of Early Warning Scores performance and 

the lack of examining EHRs integration. The findings were shared with the senior 

clinicians and managers of the deteriorating patient committee at UCLH. In addition, 

they were shared with the senior consultant and chief nursing information officer at 

Barts Health Trust. The meetings resulted in planning the objectives and the 

structure of the retrospective cohort study and the implementation study. In Barts 

Hospital, the retrospective study took place as planned with the collaboration of the 

clinical informatics team, the critical care response and the cardiac resuscitation 

teams. However, at UCLH, two issues hindered conducting a performance 

evaluation of NEWS2 in patients with CVD in the setting. There was difficulty in 

identifying patients with cardiovascular diseases due to not having a designated 

cardiac care setting, and critical events recordings were not documented 

electronically in EHRs. Therefore, the arrangement of the feasibility of the study 

caused a delay in gaining ethical approval and conducting the study within the 

planned timeline. In Barts Hospital, after conducting the study, the findings were 

shared with critical care consultants and the quality improvement team. The 

implemented NEWS2 was considered to have the advantage of preventing the 

further proportion deterioration of acutely ill patients. Therefore, maintaining the 

recommended NEWS2 was suggested until further guidelines to review the score 

were published.  

  

From the implementation studies, a number of meetings were conducted to discuss 

the findings and bring recommendations for developing the current practice of 

NEWS2 utilisation and escalation of care. In chapter six, the findings from the 

implementation study were reported. The interview results and defined elements that 

shaped the implementation of digital EWS were discussed with the chief information 
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officer and critical care consultant. The cultural and the system-related factors were 

considered to implement change by managers and the quality improvement team. In 

chapter seven, the performance analysis and user interview findings were shared 

with the clinical informatics and quality improvement teams. Areas of improvement 

were highlighted, and suggestions for modification and additions for implementing 

the dashboard were shared to take into consideration in the current phase of 

dashboard development.  

 

 

Implication for clinical practice 

 

The thesis has discussed various aspects of managing deteriorating patients in 

cardiac care. Managing a deteriorating patient is a complex process that has 

multifactorial elements for success. EWS was presented as a standardised method 

for predicting and managing acutely ill patients; however, it has not been delivering 

the anticipated benefits in improving detection and clinical outcomes. The findings 

reported in the thesis have significant clinical implications to be addressed.   

  

- Recognising acutely ill patients 

  

Chapter four has identified the deficiency of NEWS2 to predict critical events for 

patients with CVD. While NEWS2 may be used as a guide to direct nurses' and 

doctors' attention to a possible worsening in patients' condition; this function is 

variable when utilised for CVD patients. It may not perform as expected, decreasing 

staff confidence in its reliability. Using clinical knowledge and experience along the 

way is highly recommended. In addition, continuous assessment of NEWS2 validity 

for patients with CVD in different settings and examining suggested adjustments can 

improve its application in the clinical environment. It is essential to include clinical 

experts when planning the development and validation of standardised or 

specialised EWS. Accordingly, improving the system can bring reassurance to 

nurses and doctors that it is not harming patients but delivering the optimum desired 

care.   
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- implementing digital EWS in hospitals  

  

The report highlights the need to incorporate the validation results and the 

implementation factors into clinical practice. From the retrospective validation, 

examining the predictive accuracy brings an insight into the tool's ability to be 

implemented. On the other hand, from the implementation study, the role of the 

organisational support, the effectiveness of EWS as a tool, and the culture in the 

hospital setting shape the scene for adopting and utilising EWS. The report 

emphasises the need to consider these elements when implementing or updating an 

EWS in hospitals. It is essential to include health professionals' opinions in a regular 

evaluation of the implementation, considering the factors in the NASSS framework 

with an in-depth examination of the human-centric factors.  

 

- Support and training 

 

The report highlights the importance of supporting and training health professionals 

when introducing digital EWS and auditing dashboards. The thesis draws attention to 

the challenges experienced by nurses and managers in various health settings. The 

findings indicate that some participants gained knowledge and skills from a well-

structured educational session while others were self-taught. It was reported that 

learning digital health systems is an urgent need for health care professionals. It was 

believed that the understanding and experience of digital EWS and the dashboard 

could be improved by integrating HI competencies into medical training curricula and 

conducting continuous training sessions during clinical practice (395). As health 

professionals' years of experience, IT literacy and speciality vary, training should be 

structured to fit the needs of health professionals from different levels. 

Furthermore, as reported in the scoping review and the implementation study, a 

skilled senior professional is an asset in improving the implementation of EWS. 

However, a safe space between seniors and junior staff is still missing. Therefore, 

cross-boundary training can promote a better understanding of the system and its 

challenges and improve work relationships between different teams and 

professionals from different seniority levels.  
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- Technology incorporation  

 

 Incorporating EWS into digital healthcare systems is essential in the current era of 

vast adoption in the majority of health settings. In facilitating the recognition and 

response to deterioration, technology was proposed as a mean to bridge the gaps in 

the process. In the implementation study, the integration of EWS into EHRs and 

automated monitoring were found to carry some challenges that forbid maximising 

their benefits. It is necessary to review and adjust digital health solutions to be 

blended into clinical work in order to serve the function of a facilitator. There is a 

need to review the EWS in EHRs regularly to examine areas needing alteration, 

such as parameters thresholds and individuals assigned for this role, enforcing 

measures for routine and timely recordings, and guidelines for justifiable response or 

disregard to alarms. In addition, in evaluating the dashboard, findings highlighted a 

lack of engagement by key users and a need for adjustment of the user interface and 

data integration. Induction training would improve the utilisation of the dashboard. 

Incorporating patient EWS alarms that require a response from automated 

monitoring would prompt staff to be alerted on time without the need to open 

patients' charts, which might only occur at the end of a ward round. Auditing the 

response of individual patients may provide a clear view to evaluate the performance 

of the nurses and doctors in charge. Finally, integrating health systems databases, 

such as CCRT and COVID-19 pathology data, into the dashboard system is 

advisable for a robust and in-depth evaluation of resources and performance at a 

different levels in a care setting.  

 

Implications for research  

 

The thesis reported the limitations of the outcomes found in the five studies 

conducted. For this reason, there is a need to develop further research objectives 

and outcomes in the aspects investigated and other areas that lack evidence. 

Supporting collaborative multicentre research can increase the outputs and back the 

generalisability of the findings. This is important for improving the deteriorating 
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patient management in cardiac care and preventing exacerbation of mortality and 

morbidity rates. There is an urgent need to address the lack of research on early 

detection in patients with CVD and the limited evidence on digital health evaluation 

and its role in the escalation of care.  

  

The following areas should be addressed in future research:  

  

1-   Prospective cohort study evaluating the performance of EWS in predicting 

defined deterioration endpoints for patients with CVD in specialist settings and 

general settings.  

2-   Qualitative research exploring the ethnography of the work culture in assessing 

and managing deteriorating patients in specialist settings in relation to recognition, 

escalation, and utilisation of EWS guidelines and digital tools.  

3-   Studies to examine the role of EWS in escalating deteriorating patients at the 

time of the pandemic by exploring the escalation of care structure and the 

experience of nurses and doctors.  

4-   Examining the clinical benefit of the digital tools facilitating recording, calculation, 

alerting and auditing EWS and deteriorating patients.  

5- Examining the subsequent phases of implementing auditing dashboards as a 

quality improvement tool and further studies in other hospital settings.   

6-   Studying the appropriate methods for validating EWS by defining accurate, 

critical endpoints, assessment timeline, and validation metrics using consensus 

methods, i.e., Delphi or nominal method, of clinical experts' opinion.   

7-   Mixed methods research examining the relationship between the performance 

and the implementation of EWS.  
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Conclusion  

 

This thesis aimed to provide evidence-based research that would support clinical 

applicability for deteriorating patients with cardiovascular diseases. The findings 

indicate that the detection and management of a deteriorating patient is a complex 

process. There seems to be a relationship between the performance of Early 

Warning Scores and the implementation process in the clinical settings while 

facilitated by EHR-integrated digital solutions. The outcomes of patients with CVD 

will likely be improved by integrating and examining these elements. Better 

development and validation of EWS, examining technological solutions, and 

understanding the escalation of care can bring clinical advantages for the health 

professionals and the patients' outcomes.  
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Appendix 3. Systematic review search strategy for MEDLINE 

 

1- EWS OR early warning score* OR early warning system* OR rapid response 

system* OR MEWS OR modified early warning score* OR modified early warning 

system* OR news OR national early warning score OR news2 OR national early 

warning score 2 OR ( track and trigger system* ) 

2- (MH "Intensive Care Units") 

3- ICU OR intensive care unit* OR critical care unit* OR critical care 
4- 2 OR 3 

5- 1 AND 4 

6- (MH "Nervous System Diseases") 
7- neurological disorder* OR neurological disease OR neurological condition* 
8- 6 OR 7 
9- 1 AND 8 
10- MH "Cardiovascular Diseases") OR (MH "Cardiology") 
11- (MH "Thoracic Surgery") 
12- cardiovascular disease* OR cardiovascular disorder* OR heart disease* OR 

cardiology* OR cardiac surgery OR thoracic surgery 
13- 10 OR 11 OR 12  
14- 1 AND 13 
15- (MH "Musculoskeletal Diseases") OR (MH "Orthopedics") 
16- orthopedic disease* OR orthopedic surgery 
17- 15 OR 16 
18- 1 AND 17  
19- (MH "Kidney Diseases, Cystic") OR (MH "Kidney Failure, Chronic") OR (MH 

"Polycystic Kidney Diseases") OR (MH "Renal Insufficiency, Chronic") 
20- renal disease* OR renal failure OR kidney disease* 
21- 19 OR 20  
22- 1 AND 21  
23- (MH "Hematologic Diseases") 
24- hematologic disorder* OR hematologic disease* OR hematology 
25- 23 OR 24  
26- 1 AND 25  
27- (MH "Respiratory Tract Diseases") 
28- respiratory disease* OR respiratory disorder* 
29- 27 OR 28  
30- 1 AND 29  
31- (MH "Gastroenterology") 
32- gastrointestinal disorder* OR gastrointestinal disease* OR gastroenterology OR 

hepatology  
33- 31 OR 32  
34- 1 AND 33 
35- (MH "Medical Oncology") OR (MH "Surgical Oncology")  
36- oncology OR cancer OR chemotherapy 
37- 35 OR 36  
38- 1 AND 37  
39- (MH "Wounds and Injuries") OR (MH "Emergency Medicine")  
40- emergency department* OR emergency OR emergency room* OR trauma* 
41- 39 OR 40 
42- 1 AND 41 
43- (MH "Sepsis") OR (MH "Infection")  
44- INFECTION* OR INFECTIOUS DISEASE* OR SEPSIS 
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45- 43 OR 44 
46- 1 AND 45 
47- (MH "Obstetrics")  
48- (obstetrics and gynecology) OR OBSTETRIC* 
49- 47 OR 48 
50- 1 AND 49 
51- (MH "Allergy and Immunology") 
52- immunological disease* OR immunological disorder* 
53- 51 OR 52 
54- 1 AND 53 
55- (MH "Internal Medicine")  
56- medical ward* 
57- 55 OR 56 
58- 1 AND 57 
59- (MH "General Surgery") 
60- surgical ward* 
61- 59 OR 60 
62- 1 AND 61 
63- 5 OR 9 OR 14 OR 18 OR 22 OR 26 OR 30 OR 34 OR 38 OR 42 OR 46 OR 50 OR 

54 OR 58 OR 62  
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Appendix 4. Systematic review search strategy for CINAHL 

 

1- EWS OR early warning score* OR early warning system* OR rapid response system* OR 
MEWS OR modified early warning score* OR modified early warning system* OR news OR 
national early warning score OR news2 OR national early warning score 2 OR (track and 
trigger system* ) 

2- (MH "Intensive Care Units") 
3- ICU OR intensive care unit* OR critical care unit* OR critical care 
4- 2 OR 3 

5- 1 AND 4 

6- (MH "Nervous System Diseases")  
7- neurological disorder* OR neurological disease OR neurological condition*  
8- 6 OR 7 

9- 1 AND 8  

10- (MH "Heart Diseases") OR (MH "Cardiovascular Diseases") 
11-  (MH "Heart Surgery") 
12- cardiovascular disease* OR cardiovascular disorder* OR heart disease* OR cardiology* OR 

cardiac surgery OR thoracic surgery 
13- 10 OR 11 OR 12 
14- 1 AND 13 
15- (MH "Orthopaedic Surgery") OR (MH "Musculoskeletal Diseases") 
16- orthopaedic disease* OR orthopaedic surgery 
17- 15 OR 16 
18- 1 AND 17 
19- (MH "Kidney, Cystic") OR (MH "Kidney Diseases")  
20- renal disease* OR renal failure OR kidney disease*  
21- 19 OR 20 
22- 1 AND 21 
23- (MH "Hematologic Diseases") 
24- (MH "Lymphatic Diseases") 
25- hematologic disorder* OR hematologic disease* OR haematology  
26- 23 OR 24 O 25 
27- 1 AND 26 
28- (MH "Respiratory Tract Diseases") 
29- respiratory disease* OR respiratory disorder* 
30- 28 OR 29 
31- 1 AND 30 
32- (MH "Digestive System Diseases")  
33- gastrointestinal disorder* OR gastrointestinal disease* OR gastroenterology OR hepatology  
34- 32 OR 33  
35- 1 AND 34 
36- (MH "Cancer Patients") OR (MH "Oncology")  
37- oncology OR cancer OR chemotherapy  
38- 36 OR 37 
39- 1 AND 38 
40- (MH "Wounds and Injuries") OR (MH "Trauma") 
41- emergency department* OR emergency OR emergency room* OR trauma* 
42- 40 OR 41 
43- 1 AND 42 
44- (MH "Infection")  
45- INFECTION* OR INFECTIOUS DISEASE* OR SEPSIS 
46- 44 OR 45 
47- 1 AND 46 
48- (MH "Obstetric Emergencies") OR (MH "Obstetric Patients")  
49- ( obstetrics and gynaecology ) OR OBSTETRIC* 
50- 48 OR 49 
51- 1 AND 50 
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52- (MH "Internal Medicine") 
53- (MH "Allergy and Immunology") 
54- medical ward 
55- immunological disease* OR immunological disorder* 
56- 52 OR 53 OR 54 OR 55 
57- 1 AND 56 
58-  (MH "Surgical Patients") 
59- surgical ward* 
60- 58 OR 59 
61- 1 AND 60 
62- 5 OR 9 OR 14 OR 18 OR 22 OR 27 OR 31 OR 35 OR 39 OR 43 OR 47 OR 51 OR 57 OR 61  
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Appendix 5. Patients’ subgroups in systematic review  

 

1- Cardiology patients 

2- Neurology patients  

3- Orthopaedic patients 

4- Renal patients 

5- Haematology patients  

6- Respiratory patients  

7- Gastroenterology patients  

8- Oncology patients  

9- Emergency patients 

10- Infection patients  

11- Medical patients  

12- Surgical patients  

13- Intensive care patients 
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Appendix 6. STARD checklist. 
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Appendix 7. Arksey and O'Malley framework.  
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Appendix 8.  Scoping review search terms 

 

A. Cochrane 
1- "Escalation of care"or"rapid response"or"calling for help"or"patient 

deteriorat*"or “medical emergency team" 

2- "early warning score"or"national early warning score “or ews or news or 

news2  

3- covid or "corona virus" or covid19  

4- 1 and 2 and 3 (0 results) 

5- 1 and 3 (18) 

6- limited to 2011-2021 (10)i/ reviews (3) 

7- 1 and 2 (24) 

8- limited to 2011-2021 (20)/ reviews (6) 

 

B. Medline And Cinahl  
1- ((((("escalation of care") or ("rapid response")) or ("critical care outreach")) or 

("calling for help")) or ("patient deteriorat*")) or ("medical emergency team") 

2- (((("early warning score") or ("national early warning score")) or (ews)) or 

(news)) or (news2) 

3- ((covid) or (covid19)) or ("corona virus") 

4- 1 and 2 (285) 

5- + full text + 2011-2021 +English language only: (239 studies) 

6- 1 and 3 (448) 

7- +full text + 2011-2021 +English language only: (437 studies) 

8- 1 and 2 and 3 (13) 

9- +full text +2011-2021+english language only: (13 studies) 

 

C. Emcare  
1- "Escalation of care"or"rapid response"or"calling for help"or"patient 

deteriorat*"or “medical emergency team" 
1- "Early warning score"or"national early warning score “or ews or news or 

news2 
2- covid or "corona virus" or covid19 
3- limited to 2011-2021 
4- 1 and 2 and 3 (6) 
5- 1 and 2 (174) 
6- 1 and 3 
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Appendix 9. Scoping review data synthesis information  
 

key information to chart for each paper: 

• Author(s) 

• Year of publication 

• Origin/country of origin (where the study was published or conducted) 

• Aims/purpose 

• Study population and sample size (if applicable) 

• Methodology/methods 

• Intervention type/duration, comparator, outcome measures (if applicable) 

• Key findings that relate to the scoping review question/s 
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Appendix 10. CASP tool for Scoping review critical appraisal 

 

 

 

Study 

ID 

A1. Are the 

results 

valid: 1. 

Was there 

a clear 

statement 

of the aims 

of the 

research? 

A1. 2. Is a 

qualitative 

methodology 

appropriate? 

A2. Is it 

worth 

continuing: 

3. Was the 

research 

design 

appropriate 

to address 

the aims of 

the 

research? 

A2. 4. Was 

the 

recruitment 

strategy 

appropriate 

to the aims 

of the 

research? 

A2. 5. Was 

the data 

collected in 

a way that 

addressed 

the 

research 

issue? 

A2. 6. Has the 

relationship 

between 

researcher 

and 

participants 

been 

adequately 

considered? 

B. What are the 

results: 7. Have 

ethical issues 

been taken into 

consideration? 

B. 8. Was 

the data 

analysis 

sufficiently 

rigorous? 

B. 9. Is 

there a 

clear 

statement 

of 

findings? 

C: Will the 

results 

help 

locally: 10. 

How 

valuable is 

the 

research? 

Anton 

2021 

Yes Yes Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  

Mitchell 

2021 

Yes Yes Yes  Can't tell  Yes  Yes  Yes  Yes  Yes  Yes  

Bardi 

2021 

Yes Yes Yes  Can't tell  Can't tell  Yes  Non Can't tell  Yes  Yes  
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Appendix 11.a 

 Interview domains and questions  

Domains: (i)Condition (ii)Value preposition, (iii)Adopters, (iv)Organisation 
(v)Adaptation over time  

(i)Experience of implementing NEWS2 in the clinical setting:  

• -  Have you used NEWS2 for escalation of care while caring for patients? How 
common is it to receive an alarm for a patient in need for critical care?  

• -  How do you respond to an alarm by NEWS2? (ii)The value of NEWS2  

• -  How valuable is NEWS2 as a tool presented to you by the developers who 
implemented it in EHRs?  

• -  How Simple was NEWS2 understanding and use?  
• -  Does it bring you the value it was supposed to? Did it improve the efficacy and 

safety of patients?  

(iii)The adoption to utilizing NEWS2  

• -  How did this implementation change your practice in escalating care?  
• -  How did this change affect patients care and safety?  

(iv) The organisational capacity  

- How supported is early warning scores in the organisation? Do you think the hospital 
systems is ready for utilizing NEWS2 digitally?  

(iv)Adapting over time:  

• -  How resilient is the organisation and staff to adapt to the escalation of care using 
NEWS2?  

• -  Have you faced issues around the process of escalation using NEWS2 and 
technology? How much scope is there to resolve that may arise over time?  
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Appendix 11.b 

Survey domains and questions   

Domains: (i) Condition, (ii)Technology, (iii)Wider system  

1- The information generated by NEWS2; including score and alarms; are easy to 
understand  

2- The implementation of digital recording of NEWS2 in EHRs helped in recording 
patients’ parameters and NEWS2  

3- The implementation of digital recording of NEWS2 in EHRs helped in improving the 
escalation of care when needed  

4- The presented model of NEWS2 in the EHRs is simple and practical. (EHR Electronic 
health records)/  

5- There is a clear policy on the application of NEWS2 in patients care in your hospital  
 

Answer:   Strongly agree    Agree.    Neither agree nor disagree. Disagree    strongly disagree  

 
 

6- . How often patients have complex conditions. i.e., comorbidities, metabolically 
unstable, or poorly understood condition (Excluding Covid)  

7- How often patients cared for were diagnosed with Covid-19  
8- How often patients have socioeconomic factors i.e. family, income, house condition, 

education, affecting their prognosis  
9- The need for help in understanding NEWS2 and who to refer to  

 

Answer:       Often.       Occasionally.          Sometimes.             Almost never.        I don't know 

 
 

10- Attending networking session with regard to NEWS2 and routine monitoring i.e. 
updates, or team meetings.  

Answer: internally in the department   -  Organised hospital sessions -  Informal discussions 
with colleagues  - Yes, I checked the materials we have or online resources. -  I haven't 
participated or attended any updates or networking sessions 

11- Training offered to understand and utilise NEWS2.  

Answer: Informatics staff/ tech experts/superusers   Manuals and resources online.    
Orientation by ward staff or manager    Self- practice  
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Appendix 12. Dashboard evaluation interview questions 
 

Introduction 

 

Deteriorating dashboard is an EHR-integrated tool to audit the completion and 
percentage of staff recording of the assessment when patients deteriorating. 
Including vital signs, patients with high NEWS2, sepsis assessment by nurses and 
doctors, and sepsis 6 prescribing.  

 

We would like to evaluate this tool as a QI project. This is the first cycle.  

We are assessing the performance in numbers as showing in the dashboard as 
shown in historical view and interviewing some staff who utilise it to give us their 
opinion.  

we hope after this assessment we will conduct any improvement needed, then re-
evaluate in a few months.   

 

Questions:  

1. What is your job role?  
2. How do you utilise the dashboard in your work? 
3. Was there a training or orientation for you to use the dashboard? how was it? 
4. Is there an induction or training for current or future users? 
5. What was your expectation of the dashboard? Were they met?   
6. How beneficial is the dashboard for the purpose it’s designed for? How 

valuable?  
7. The dashboard is meant to audit decline or improvement in assessment, if 

detected, how well was this handled or coordinated? 
8. Do you notice an improvement that took place? How or where?  
9. If so, why do you think this change happened? 
10. Did you notice any deterioration in the performance of staff?  
11.  If so, why do you think this happened? 
12. Out of the data you got from the dashboard, is there any plan for improvement 

in staff practice or workflow strategy as a result of the dashboard?  
13. -What are the downsides or negative aspects of the dashboard that needs to 

be improved?  
14. -Is there anything that you would like to add to the dashboard?  
15. If so, what would it be? 
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Appendix 13. Risk of bias assessment results using PROBAST tool.  

Study  Validation Quality 

Risk of 

bias 

Applicability 

Kellett, 2012 (S1) External Low  Low  

Kim, 2017 (S2) External Unclear Unclear 

Bozkurt, 2015 (S3) External High High 

Seak, 2017 (S4) External High High 

Hu, 2016 (S5) Internal  Unclear High 

Liljehult, 2016 (S6) External Unclear High 

Mulligan, 2010 (S7) External High High 

Cooksley, 2012 (S8) External Unclear Unclear 

Vaughn, 2018 (S9) External High High 

Young, 2014 (S10) External High High 

von Lilienfeld-Toal, 2007 

(S11) External Unclear High 

Pedersen, 2018 (S12) External and Internal Low  Low  

Forster, 2018 (S13) External Low  Low  

Pimentel, 2018 (S14) External Low  Unclear 

Sbiti-rohr, 2016 (S15)  Unclear High 

Brabrand, 2017 (S16) External Unclear Unclear 

Jo, 2016 (S17) External High High 

Barlow, 2007 (S18) External Low  Unclear 

Bilben, 2016 (S19) External Unclear Unclear 

Delahanty, 2019 (S20) Internal  Low  Low  

Redfern, 2018 (S21) External Low  Low  

Churpek, 2017 (S22) External High High 

Faisal, 2019 (S23) External Low  Low  

Churpek 2017 (S24) External Low  Low  

Henry, 2015 (S25) Internal  Low  Low  

Brink 2019 (S26) External Unclear Unclear 

De Groot, 2014 (S27) External Unclear Unclear 
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Study  Validation Quality 

Risk of 

bias 

Applicability 

Corfield, 2014 (S28) External Low  Low  

Goulden, 2018 (S29) External Unclear Unclear 

Khwannimit, 2019 (S30) External Unclear Unclear 

Ghanem-Zoubi, 2011 (S31) External Unclear Unclear 

Saeed, 2019 (S32) Internal  Unclear Unclear 

Innocenti, 2018 (S33) External Unclear Unclear 

Camm, 2018 (S34) External Unclear Unclear 

Tirotta, 2017 (S35) External Unclear Unclear 

Pong, 2019 (S36) Internal  Unclear Unclear 

Prabhakar, 2019 (S37) Internal  Unclear Unclear 

Martino, 2018 (S38) External Unclear Unclear 

Vorwerk, 2009 (S39) External Unclear Unclear 

Qin, 2017 (S40) External Unclear Unclear 

Schmedding, 2019 (S41) External Unclear Unclear 

Albur, 2016 (S42) External Unclear Unclear 

Cildir, 2013 (S43) External Unclear Unclear 

Chiew, 2019 (S44) External Unclear Unclear 

Samsudin, 2018 (S45) Internal Unclear Unclear 

Chang, 2018 (S46) External Unclear High 

Geier, 2013 (S47) External Unclear Unclear 

Asiimwe, 2015 (S48) Internal  Unclear Unclear 

Hung, 2017 (S49) External Unclear High 

Garcea, 2006 (S50) External Unclear High 

Yoo, 2015 (S51) External Unclear Unclear 

Siddiqui, 2017 (S52) External Unclear Unclear 

Calvert, 2016 (S53) Internal  Low  Unclear 

Awad, 2017 (S54) Internal  Low  Low  

Reini, 2012 (S55) External Unclear Unclear 
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Study  Validation Quality 

Risk of 

bias 

Applicability 

Chen, 2019 (S56) External Unclear High 

Baker, 2015 (S57) External Unclear Unclear 

Gök, 2019 (S58) External Low  Unclear 

Moseson, 2014 (S59) External Unclear Unclear 

Jo, 2013 (S60) External Unclear Unclear 

Kwon, 2018 (S61) External and Internal Unclear Unclear 

Usman, 2019 (S62) External High High 

Jang, 2019 (S63) Internal  Low  Low  

Wei, 2019 (S64) External High High 

Lee, 2019 (S65) Internal  Low  Low  

Singer, 2017 (S66) External Unclear Unclear 

Eick, 2015 (S67) External Unclear Unclear 

Bulut, 2014 (S68) External Unclear Unclear 

Kivipuro, 2018 (S69) External Unclear Unclear 

Eckart, 2019 (S70) External Unclear Unclear 

Ho, 2013 (S71) External Unclear Unclear 

Skitch, 2018 (S72) External Unclear Unclear 

Liu, 2014 (S73) Internal  Low  Unclear 

Dundar, 2016 (S74) External Unclear High 

Yuan, 2018 (S75) External Unclear High 

Naidoo, 2014 (S76) External Unclear Unclear 

Liu, 2015 (S77) External Low  Unclear 

So, 2015 (S78) External Unclear Unclear 

Dundar, 2019 (S79) External Unclear High 

Lam, 2006 (S80) External Unclear Unclear 

Xie, 2018 (S81) External Unclear Unclear 

Cattermole, 2009 (S82) Internal Unclear Unclear 

Heitz, 2010 (S83) External High Unclear 
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Study  Validation Quality 

Risk of 

bias 

Applicability 

Srivilaithon, 2019 (S84) Internal Unclear Unclear 

Cattermole, 2014 (S85) External Unclear Unclear 

Najafi, 2018 (S86) External Unclear High 

Bartkowiak, 2019 (S87) External Unclear Unclear 

Kovacs, 2016 (S88) External Low  Low  

Plate, 2018 (S89) External Low  Low  

Sarani, 2012 (S90) External Low  Low  

Hollis, 2016 (S91) External Unclear Unclear 

Gardner-Thorpe 2006 (S92) External Unclear Unclear 

Garcea, 2010 (S93) External High High 

Cuthbertson, 2007 (S94) External High Unclear 

Prytherch, 2010 (S95) Internal Low  Low  

Smith, 2013 (S96) External Low  Low  

Rasmussen, 2018 (S97) External Unclear Unclear 

Ghosh, 2018 (S98) Internal Low  Low  

Duckitt, 2007 (S99) Internal  Low  Low  

Colombo, 2017 (S100) External High High 

Abbot, 2016 (S101) External High High 

Wheeler, 2013 (S102) External Unclear Unclear 

Graziadio, 2019 (S103) External Unclear Unclear 
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Appendix 14. Early warning scores used in studies of patients’ sub-populations and 

settings 

Study EWS name HR SBP RR Temp APVU/ LOC O2 Sat Supp O2 Urine 

OP 

Other  

Kellett, 2012 (S1) VIEWS ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✗ ✗ 

Seak, 2017 (S4) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Bozkurt, 2015 (S3) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Kim, 2017 (S2) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Hu, 2016 (S5) VIEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Mulligan, 2010 (S7) EWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Liljehult, 2016 (S6) EWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Cooksley, 2012 (S8) MEWS ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✗ 

Cooksley, 2012 (S8) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Vaughn, 2018 (S9) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Von Lilienfeld-Toal, 2007 

(S11) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Young, 2014 (S10) MEWS ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✓ 

Barlow, 2007 (S18) EWS ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✗ 

Bilben, 2016 (S19) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Brabrand, 2017 (S16) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Forster, 2018 (S13) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ 

Jo, 2016 (S16) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Pedersen, 2018 (S12) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Pimentel, 2018 (S14) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Pimentel, 2018 (S14) NEWS2 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ 

Sbiti-rohr, 2016 (S15) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Henry, 2015 (S25) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Innocenti, 2018 (S33) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Garcea, 2006 (S50) EWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✗ 

Qin, 2017 (S40) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 
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Study EWS name HR SBP RR Temp APVU/ LOC O2 Sat Supp O2 Urine 

OP 

Other  

Albur, 2016 (S42) EWS ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ 

Asiimwe, 2015 (S48) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Brink 2019 (S26) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Camm, 2018 (S34) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Chang, 2018 (S46) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Chiew, 2019 (S44) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Chiew, 2019 (S44) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Churpek, 2017 (S22) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Churpek, 2017 (S22) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Churpek, 2017 (S24) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Churpek, 2017 (S24) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Cildir, 2013 (S43) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Corfield, 2014 (S28) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

De Groot, 2014 (S27) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

De Groot, 2014 (S27) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Delahanty, 2019 (S20) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Delahanty, 2019 (S20) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Faisal, 2019 (S23) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Geier, 2013 (S47) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Ghanem-Zoubi, 2011 

(S31)  MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Goulden, 2018 (S29) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Hung, 2017 (S49) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Khwannimit, 2019 (S30) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Khwannimit, 2019 (S30) SOS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✗ 

Khwannimit, 2019 (S30) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Martino, 2018 (S30) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 
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Study EWS name HR SBP RR Temp APVU/ LOC O2 Sat Supp O2 Urine 

OP 

Other  

Pong, 2019 (S36) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Pong, 2019 (S36) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Prabhakar, 2019 (S37) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Prabhakar, 2019 (S37) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Redfern, 2018 (S21) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Saeed, 2019 (S32) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Samsudin, 2018 (S45) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Samsudin, 2018 (S45) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Schmedding, 2019 (S41) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Siddiqui, 2017 (S52) EWS ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ 

Tirotta, 2017 (S35) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Vorwerk, 2009 (S39) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Yoo, 2015 (S51) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Awad, 2017 (S54) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Baker, 2015 (S57) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Calvert 2016 (S53) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Gök, 2019 (S58) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Chen, 2019 (S56) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Jo, 2013 (S60) HOTEL ✗ ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✓ 

Jo, 2013 (S60) VIEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Moseson, 2014 (S59) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Reini, 2012 (S55) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Bulut, 2014 (S68) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Cattermole, 2009 (S82) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Cattermole, 2014 (S85) WORTHING ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ 

Cattermole, 2014 (S85) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Cattermole, 2014 (S85) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 
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Study EWS name HR SBP RR Temp APVU/ LOC O2 Sat Supp O2 Urine 

OP 

Other  

Heitz, 2010 (S83) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Dundar, 2016 (S74) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Dundar, 2016 (S74) VIEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Dundar, 2019 (S79) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Eckart, 2019 (S70) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Eick, 2015 (S67) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Liu, 2015 (S77) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Liu, 2015 (S77) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Ho, 2013 (S71) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Jang, 2019 (S63) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Kivipuro, 2018 (S69) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Kwon, 2018 (S61) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Liu, 2014 (S73) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Lee, 2019 (S65) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Lee, 2019 (S65) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Lee, 2019 (S65) TREWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✓ 

Naidoo, 2014 (S76) TREWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✓ 

Najafi, 2018 (S86) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Singer, 2017 (S66) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Skitch, 2018 (S72) HEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Skitch, 2018 (S72) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

So, 2015 (S78) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Srivilaithon, 2019 (S84) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Lam, 2006 (S80) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Usman, 2019 (S62) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Yuan, 2018 (S75) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Yuan, 2018 (S75) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 
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Study EWS name HR SBP RR Temp APVU/ LOC O2 Sat Supp O2 Urine 

OP 

Other  

Wei, 2019 (S64) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Xie, 2018 (S81) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Bartkowiak, 2019 (S87) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Bartkowiak, 2019 (S87) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✗ 

Cuthbertson, 2007 (S94) EWS ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ 

Cuthbertson, 2007 (S94) MEWS ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ 

Garcea, 2010 (S50) EWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✗ 

Gardner-Thorpe 2006 

(S92) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✗ 

Hollis, 2016 (S91) EWS ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ 

Kovacs, 2016 (S88) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Plate, 2018 (S89) VIEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Sarani, 2012 (S90) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Abbott, 2016 (S101) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Duckitt, 2007 (S99) WPC ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ 

Duckitt, 2007 (S99) EWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Colombo, 2017 (S100) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Ghosh, 2018 (S98) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Ghosh, 2018 (S98) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

Graziadio, 2019 (S103) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Prytherch, 2010 (S95) VIEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Rasmussen, 2018 (S97) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Smith, 2013 (S96) NEWS ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Wheeler, 2013 (S102) Hotel ✓ ✗ ✓ ✗ ✓ ✓ ✗ ✗ ✓ 

Wheeler, 2013 (S102) MEWS ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ 

            
Total 133 
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Abbreviations: HR: heart rate, SBP: systolic blood pressure, RR: respiratory rate, Temp: 

temperature, AVPU/LOC: alert, verbal response, physical response, unresponsive score or 

level of consciousness, O2 sat: Oxygen saturation, Supp O2: supplemental oxygen, Urine 

OP: urine output, Other: other parameters, i.e., blood biomarkers. VIEWS: Vital pack early 

warning score, MEWS: modified early warning score, EWS: early warning score, NEWS: 

national early warning score, NEWS2: national early warning score 2, SOS: Search Out 

Severity score, Worthing: Worthing physiological scoring system, HOTEL: Hypotension, 

Oxygen saturation, Temperature, ECG abnormality, Loss of independence score, TREWS: 

Triage in Emergency department Early Warning Score, HEWS: Hamilton early warning 

score.  
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Appendix 15. Predictive performance of early warning scores for mortality in studies from 2005 to 2020 for different disease subgroups and 

clinical settings 

Abbreviations: AUC: Area Under the Curve; ED: Emergency Department; GI: Gastrointestinal diseases; ICU: Intensive Care Unit.  Note: 

Bubbles sizes represents the sample size in each study.  
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 Appendix 16. Predictive performance of early warning scores for intensive care admission in studies from 2005 to 2020 for different disease 

subgroups and clinical settings 

 

Abbreviations: AUC: Area Under the Curve; ED: Emergency Department; GI: Gastrointestinal diseases.  Note: Bubbles sizes represents the 

sample size in each study.  
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Appendix 17. Predictive performance of early warning scores for cardiac arrest in studies from 2012 to 2020 for different disease subgroups 

and clinical settings 

 

Abbreviations: AUC: Area Under the Curve; ED: Emergency Department; GI: Gastrointestinal diseases.  Note: Bubbles sizes represents the 

sample size in each study.
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Appendix 18. EWS documentation Status Summary for all observations taken in each hospital in Barts Health Trust.  

 

 

 

 

 

 

Site Summary 

  Sep-19 Sep-19   Oct-19 Oct-19   Nov-19 Nov-19   Dec-19 Dec-19   Jan-20 Jan-20   

 

Location 
Comple

te 
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te 

% 
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te 

Status 
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te 

Incomple

te 

% 
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te 
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Status 

Comple

te 

Incomple

te 

% 

Comple

te 

Status 

Comple

te 

Incomple

te 

% 

Comple

te 

Status 

 
Newham University 

Hospital 
872 229 79% 1147 319 78% 9995 6493 61% 32418 16017 67% 19127 8387 70% 

 
Royal London Hospital 9679 1917 83% 13498 3148 81% 57585 19174 75% 73852 21654 77% 41128 11012 79% 

 
St Bartholomew's 

Hospital 
6047 961 86% 10213 1521 87% 15747 2859 85% 27804 5486 84% 15668 2249 87% 

 
Whipps Cross Hospital 3308 241 93% 33882 6835 83% 62051 9231 87% 66052 7860 89% 37593 3858 91% 

 
Grand Total 19906 3348 86% 58740 11823 83% 145378 37757 79% 200126 51017 80% 113516 25506 82% 
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Appendix 19. Dashboard development stages 
 

1- Developing began with initially creating a simple Vitals data table 
2-  A broader generation of vitals data is added.  
3- Transforming the table into a thorough and more robust data visualisation of 

NEWS2, assessment and escalation of deteriorating patients via Qlik Sins.  
4- Data of around 1.2 million recordings of 110,000 admissions from August to 

October 2020 were extracted from the Datawarehouse of Barts trust hospitals; 
pulled from EHR (Cerner Millennium®).  

5- The dashboard metrics are indicators of the status of patients who needed 
escalation of care, such as vital signs and sepsis scoring and time of entry 
and by whom.  

6- Post-development, data are pulled continuously until the present time. 
Dashboards were produced using SQL and final views were developed using 
a QVD table in the Qlik Sense® Server.  

7- Validation of data was done by NK by evaluating 100 metrics accuracy and 
independently screened by NK and a quality officer.  

8- Front end screening was conducted by nursing informatics to check the 
validity of presented data.  

The dashboard was approved by the informatics lead, quality improvement and chief 

nursing information officer 
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