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Abstract 

Early Warning Scores (EWS) are weighted scoring systems to activate emergency teams or direct 

patients to an Intensive Care Unit based on deterioration of vital signs or other physiological parameters. 

Some patients that have an in-hospital Sudden Cardiac Arrest (SCA) are known to deteriorate hours 

before the event. The National EWS (NEWS) was recently implemented in two hospitals managed by 

José de Melo Saúde however the applicability of NEWS on such context was not evaluated nor tested 

against other systems to predict SCA. Therefore, this thesis will start by identifying evidence based 

methods to predict in-hospital SCA, then assess completeness of EHR data based on EWS parameters 

and finally compare the performance of NEWS to other relevant EWSs using different methods to 

evaluate binary classifiers and interpreting its meaning for unbalanced data. The overall objective was 

to improve methods to evaluate and choose an EWS to predict in-hospital SCA. The proposed approach 

was applied to a database with 26367 patients and 39340 episodes observations from the Hospital CUF 

Infante Santo, 9 of which had a SCA. To compare NEWS against Cardiac Arrest Risk Triage on 

performance of prediction of SCA, Receiver Operating Characteristic (ROC), Precision Recall and other 

metrics were used. Results showed that almost all parameters were recorded in less than 60% of the 

episodes and that performance of EWSs should be determined for specific thresholds and tolerated 

tradeoffs, using metrics that take into account prevalence, instead of misleading commonly used 

summary metrics like area under the ROC. 

Keywords:  
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Decision Problem; Unbalanced Data   
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Resumo 

Escalas de Alerta Precoce (EAP) são sistemas de pontuação ponderados para ativar equipas de 

emergência ou transferência para uma Unidade Cuidados Intensivos com base na deterioração de 

sinais vitais ou outros parâmetros. Alguns indivíduos que sofrem Paragem Cardiorrespiratória (PCR) 

intra-hospitalar têm sinais de deterioração antes do evento. A EAP NEWS foi recentemente 

implementada em dois hospitais do grupo José de Melo Saúde, porém a sua aplicabilidade neste 

contexto não foi avaliada nem foram testadas outras EAPs. 

Começaremos pela identificação de métodos para prever PCR intra-hospitalar com base na evidência 

clinica e cientifica, seguindo-se a avaliação da completude dos dados do Processo Clínico Eletrónico 

com base nos parâmetros das EAPs e comparação do desempenho do NEWS com outras EAPs 

relevantes, usando diferentes métodos de avaliação de classificadores binários e interpretando a sua 

utilização em dados não balanceados. O objetivo final visa melhorar a metodologia para avaliar e 

escolher EAPs. A proposta foi aplicada a um conjunto de dados com 26367 pacientes e 39340 episódios 

do Hospital CUF Infante Santo, 9 dos quais sofreram PCR. Para fazer a comparação entre o 

desempenho das escalas NEWS e CART na previsão de PCR intra-hospitalar foram determinadas as 

curvas ROC, as curvas PR e outras métricas. Os resultados mostraram que a maioria dos parâmetros 

foram registrados em menos de 60% dos episódios e que o desempenho de PCEs deve ser aferido 

para limites da escala específicos e trade-offs tolerados, usando métricas que tenham em conta a 

prevalência em vez de comuns como área sob ROC. 

Palavras-chave: 

Escala de Alerta Precoce; Paragem Cardiorrespiratória; Processo Clínico Eletrónico; Segurança do 

Doente; Problema de Decisão Binário; Dados Não Balanceados  
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1. Introduction 

In-hospital sudden cardiac arrest (SCA) survival rates are higher than out-of-hospital SCA survival rates 

but still require an improvement (Kleinman et al., 2015; Mozaffarian et al., 2015). Is known that many 

in-hospital SCA are preceded by a progressive deterioration of the patient’s condition, which can be 

translated as an abnormal change in vital sign values or other parameters (Schein et al., 1990; Franklin 

and Mathew, 1994; Nurmi et al., 2005). Currently, there are several risk assessment tools published to 

predict SCA, unanticipated Intensive Care Unit (ICU admission and death that rely on a scoring system 

to activate emergency teams or direct patients to an ICU, based on deterioration signs, such as Early 

Warning Scores (EWS) (Churpek et al., 2012). Although studies have been conducted to compare the 

accuracy of these systems there is neither a defined “gold standard” system nor an unique method to 

use when validating an EWS system (Royal College of Physicians, 2012). Additionally, the method that 

has been used by de majority of studies to compare EWSs , area under the Receiver Operating 

Characteristic (ROC), has been declared as poorly informative for skewed datasets, which happens 

when the prevalence of the outcome that is being predicted is very low (Saito and Rehmsmeier, 2015). 

José de Mello Saúde (JMS) is a reference private operator of healthcare in Portugal established in 1945 

and currently manages a network of healthcare units throughout the country: 1 institute, 7 clinics, 7 

private hospitals and 2 public hospitals (public-private partnership). An EWS and respective plan of 

action was recently implemented in two hospitals managed by JMS: Hospital CUF Torres Vedras and 

Hospital CUF Porto (JMS, 2017a). NEWS is a well-known tool to predict deterioration and risk of an 

adverse outcome, such as SCA, and is used in the English National Healthcare System (Royal College 

of Physicians, 2012). However, is not known how the system will perform in a Portuguese private 

healthcare provider scenario and neither if exists an EWS system that better adapts to this clinical 

setting.  

The purposes of this thesis are to (1) define evidence based and good practice methods to predict in-

hospital SCA, (2) assess completeness of data in the Electronic Health Record (EHR) necessary to 

calculate risk scores for SCA and (3) make a comparison between the recently introduced tool to predict 

deterioration and other potentially better risk assessment tools (CART), using different methods to 

evaluate binary classifiers, with special focus on unbalanced data. The overall objective is to improve 

methods to evaluate and choose an EWS system to predict in-hospital SCA. 

This study contributes to current literature in comparison between EWS systems because provides a 

comparison between two EWS systems, NEWS and CART, that as far as it was reviewed have never 

been tested against each other, specifically for predicting SCA. It is also the first study, from the reviewed 

articles, that used Precision-Recall (PR) curves as one of the metrics to compare EWS and not only 

ROC curves, as well as other metrics. Furthermore, this is also the first study to apply retrospectively 

EWS scoring to a dataset obtained from a Portuguese private healthcare setting. 
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This work is organized in seven chapters. In chapter 2 is given a context of the problem, starting with 

the EHR, which is a source of the patient data; going through a brief description of SCA, the outcome 

being studied; following to the link between patient safety and risk assessment tools, such as EWS; and 

finally describing possible methods that can be used for the evaluation of binary decision problem, which 

applies directly to EWS. In chapter 3 a literature review on several methods for patient stratification by 

risk of suffering a SCA and comparison methods between those risk assessment tools is conducted. 

Additionally, risk-assessment of SDA recommendations on clinical practice guidelines and methods for 

evaluation of binary decision problems with highly unbalanced data are also reviewed. In chapter 4, the 

chosen methodology for the three main purposes of this thesis is presented, carefully divided as such. 

In chapter 5, the results for those three purposes is presented. In chapter 6 those results are discussed 

and some limitations stated. Finally, chapter 7 presents the main conclusions as well as possible related 

future work.  
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2. Context 

In this chapter is given initially an overview of EHR systems and its main characteristics, with special 

attention to EHR regulations and usage in Portugal. After that a brief introduction to SCA is made, 

including its epidemiology, causes and treatment, with emphasis on in-hospital events. Patient safety 

and risk management is another topic to address, focusing on the assessment of risk of having a SCA 

and the tools necessary to do so. Finally, is given an explanation of two methods for evaluating binary 

models, ROC and PR, emphasizing the problem of skewed data. 

2.1. Electronic Health Record (EHR) 

The collection of patients’ medical data has been evolving throughout the years, beginning as a teaching 

mechanism and developing into a tool used to support clinical practice in real-time (Doyle-Lindrud, 

2015). The development of information technology and the inability of traditional paper-based medical 

records to fit patients’, healthcare professionals’ and healthcare systems’ modern needs leveraged the 

introduction of an electronic version of medical records, which is not limited to the digitalization of paper-

based health records (Cimino and Shortliffe, 2014). The electronic version allows the development of a 

coherent and readable medical history for each patient, accessible from many locations; creates the 

possibility of having data recorded and shared between several health care providers, sources and 

professionals; facilitates the secondary uses of medical data; and provides a tight access control, with 

strict and explicit access rules (Bakker, 2007). 

Although there are many definitions of EHR across the literature, it is primarily defined by the 

International Organization for Standardization (ISO) as a “repository of information regarding the health 

status of a subject of care, in computer processable form, stored and transmitted securely and 

accessible by multiple authorized users, having a standardized or commonly agreed logical information 

model that is independent of EHR systems and whose primary purpose is the support of continuing, 

efficient and quality integrated health care” (ISO, 2005).  

Regarding its primary functions, EHR provides storage and access to patients’ health information and 

data, integrated from several sources and available for professionals responsible for the patient’s care. 

Another basic function it’s the capability to exchange and process data to/from other applications in 

interoperable formats. The EHR needs to function in agreement with the previous workflow implemented 

in the healthcare organization, in an effective and efficient way. Having an alarmistic and reminder 

function provides clinical decision support to improve medical practices and diminish unwanted events. 

It should also have an administrative component so as to improve efficiency. Finally, it can be used to 

inform patients and promote the knowledge about their own health information (Sinha et al., 2013). 

It’s important to notice that despite the benefits provided by the electronic version of medical records, 

instead of the paper one, there are still many challenges to overcome, especially for the daily users of 

those systems. The main issues with the use of most EHR are low usability, lack of data exchange 

between systems and long time required to insert data, which in turn decreases the overall care time 
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(Gellert GA, Ramirez R and Webster S, 2015). It was shown that physicians spent less than one third 

of their time at the office on direct patient care, and the remaining two thirds on EHR and paperwork 

related activities Additionally, they would spend between 1 and 2 hours a day of their personal time with 

leftover work (Villares, 2016). Another concern it’s the susceptibility for security leaks of EHRs, giving 

unauthorized people assess to personal and sensitive information about patients (Doyle-Lindrud, 2015).  

2.1.1.  Content, structure and data types in EHR 

EHRs can be designed and implemented by a multiple number of developers, such as start-ups, vendor 

companies or even healthcare organizations, meaning that they will pose some heterogeneity content, 

structure and data type wise (Watzlaf et al., 2004). 

A survey conducted among general practitioners from different countries identified a gap between the 

functionalities available in the EHR and the functionalities actually used in practice. Clinical notes, 

ordered tests, symptoms, diagnoses, immunizations, basic medical information, lab results and 

prescriptions were said to be routinely used and present in the EHR system used by most respondents. 

On the contrary, finances, drug-lab interactions and radiology images were the available functionalities 

said not to be used by the highest percentage of respondents (Codagnone and Lupiañez-Villanueva, 

2013). Another survey conducted identified that Portugal had a lower score than Europe when it comes 

to the availability and use of the Clinical Decision Support System (CDSS), images and financing EHR 

functionalities (Codagnone and Lupiañez-Villanueva, 2013). Although there have been some studies 

conducted in order to define the minimum data elements that should be included in EHR, such as 

surveys to identify which elements to add or remove according to practitioners, there is not a commonly 

used set of elements defined as sufficient to assist decision making (Watzlaf et al., 2004; Botsis et al., 

2010). 

 

Figure 1: Proposed summary of the different functionalities of an EHR (Codagnone and Lupiañez-Villanueva, 

2013). 

EHR

Health 
Information and 

Data

CDSS

Order-Entry & 
Result 

Management

Image

Administrative
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One of the problems is that different medical specialties have specific data requirements. Moreover, in 

cardiology there is a need to acquire multiple real time images to map structural and functional 

anomalies; other specialties require different viewing and analyzing methods for images (NIBIB, 2011). 

EHR’s structure was initially classified as: time-oriented (information organized by chronological order), 

problem-oriented (information organized by each patient’s problem, described based on SOAP notes) 

or source-oriented (information organized by method used to obtain it). Most modern EHR systems are 

a combination of all three (Häyrinen, Saranto and Nykänen, 2008). 

Usually electronic records are not all integrated in a global EHR. Often each department, such as 

pharmacy and laboratory, have silo systems where they register relevant clinical data about patients, 

sometimes with specific patient’s identifiers and limited assess, which can difficult future use of that 

information (Mclean, 2006). 

Standards for data elements and content should be taken into account when developing EHR systems, 

which will improve interoperability among systems (Watzlaf et al., 2004). EHR should contain both 

medical and technical standards (Mclean, 2006).  

Table 1: Possible data types in an EHR (Mclean, 2006). 

Data entries Examples 

Free text Progress notes, medication 

Structured form Drop down pick list, radio button 

Images X-ray Imaging, magnetic resonance imaging 

Digitized signals Electrocardiogram (ECG) 

 

Data types also show a certain level of heterogeneity (Table 1). Although EHR are primarily design to 

include structured data, which allows a simpler exchange and analysis of data due to its standardization 

and computer-readable format, a lot of information is still registered in free-text fields and as annexed 

reports from other sources. This means that a great percentage of relevant patient information is 

collected as unstructured data, requiring human reading and interpretation. Nevertheless, some 

technologies have been developed to mitigate that problem, such as natural language programming, 

which allows the extraction of structured from unstructured data by identifying relevant items (Bayley et 

al., 2013; Datamark Incorporated, 2013; Arron et al., 2017). Despite its benefits, structured data imply a 

greater knowledge for the user who is entering the data and management of the vocabulary codes being 

used, as well as reduced flexibility (Mclean, 2006). 
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2.1.2.  EHR in Portugal 

According to a 2014 report developed by the Portuguese Statistics Institute, more than 90% of national 

hospitals had computerized management and administrative functions. The percentage of hospitals with 

an EHR was lower but showed an increase of 77% to 83% in the period 2012-2014 among the several 

types of computerized medical information. It also states that there was a higher percentage of hospitals 

under the administrative supervision of the State with EHR (93%) than private hospitals with EHR (73%). 

(Instituto Nacional de Estatística, 2014). As stated in the 2015 eHealth WHO global survey more than 

75% of primary and secondary care facilities in Portugal had an EHR system; on the other hand less 

than 25% of tertiary care facilities had an EHR system (World Health Organization, 2016). 

In 2012 a National Platform for Health Data was introduced in Portugal containing a portal meant for 

healthcare professionals -Health Professionals’ Portal- and other for patients -Patient’s Portal (Moreira, 

2014; World Health Organization, 2016). The Health Professionals’ Portal allows healthcare 

professionals to access essential and relevant data from local and external EHRs and administrative 

information on patient clinical episodes. Patient’s Portal can be used by the patients to register data 

about their health and give permissions on data sharing. Although this was initially a platform to be used 

inside the National Health Service the idea was that in the future it would connect with private healthcare 

providers as well (Moreira, 2014). Consulting EHR data is the second most used feature of National 

Platform for Health Data and the number of healthcare professional using it has been increasing 

(Carestream, 2016). 

Table 2: Overview of some legislated/ not legislated matters in Portugal on EHR (Millieu Ltd and Time.Lex, 2014). 

 

Since 2012 the focus on the improvement and increasing use of EHR systems in Europe has grown, as 

it is stated in the European Commission’s eHealth Action Plan 2012–2020 and the Health Program 

2014–2020. Among the steps included is the development of a national EHR system, guaranteeing the 

Exists 

•Specific rules on EHR content

•Legal definition of EHR

•Detailed requirement on EHR content

•EHR restricted to health data

•Rules on common terminology/code of 
systems

•Specific patient right to be informed 
prior to EHR creation

•Obligence of health professionals to 
update EHR

•Specific law on secondary use of 
health data

•Anonymised data

•Specific rules on interoper ability

•Regulation on cross-border 
interoperability

Does not exist 

•Specific rules on the 
hosting/processing of EHR

•Specific authorisation for the 
hosting/processing of EHR

•Specific auditing requirements for 
EHRs

•Necessity of consent to create EHRs

•Opt-in/Opt out of EHR option

•Necessity of consent to share EHRs

•Access rights differentiated per type of 
health professionals

•Full access of patients to their EHR

•Patient consent related to secondary 
use of EHR data
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involvement of all stakeholders in the development of the EHR system to understand requirements and 

needs, the definition of fitting legislation on the matter of EHR (Table 2) and the promotion of 

interoperability and standardization among these systems. In the 2015 eHealth WHO global survey 59% 

of European Member States stated that they had a national EHR (World Health Organization Regional 

Office for Europe, 2016). Among the Member States, 76% collected structured information on health but 

21% of those recorded only coded data and 30% of those only not coded data (Ministério da Saúde and 

ACSS, 2009).  

One of the reasons for the development and introduction of a national EHR was allowing patients to visit 

any healthcare facility, public or private, where healthcare professionals would have access to all the 

information about the patient necessary to provide a better service. Another reason was giving patients 

a possibility to access their own health information and provide relevant data as well. On a public health 

perspective, recording health information based on EHR might be useful for clinical investigation and 

guaranteeing data quality. Nevertheless sharing information among different entities poses issues with 

data security and patients’ privacy (Ministério da Saúde and ACSS, 2009). 

Despite the benefits and growth of these systems in Portugal there are several barriers to overcome. 

For example, is still difficult to access a patient history, schedule and results of diagnostic and 

therapeutic procedures, which can result in the repetition of non-necessary exams. The results of these 

procedures are given to the patient in a physical format that can be easily lost or forgot, making it 

impossible to be analysed. Having healthcare professionals manually inserting this data into the EHR is 

time consuming. Therefore, the integration of the several information systems is necessary, even among 

different entities (Martins and Mealhada, 2016). 

Electronic Medical Record (EMR) Adoption Model was developed by Healthcare Information and 

Management Systems Society (HIMSS) in order to classify healthcare organizations from several 

countries against the level of use and adoption of EHR, providing certification, and consists in an eight-

stage model. Stage 0 means the organization do not have an electronic information system for all three 

ancillaries (Radiology, Laboratory and Pharmacy), while stage 7 requires that the organization has not 

only a complete EMR, but also data analytics resources to improve healthcare. In Portugal there is only 

one hospital in stage 6 (Hospital de Cascais Doutor José de Almeida) and none in stage 7, revealing 

the need to improve the current systems (Himss Europe, 2016). Glintt, a consultancy and technology 

multinational, was the first company in Portugal to obtain HIMSS certification (Glintt, 2017). 

Healthcare organizations might purchase information systems, including EHR system, from a large 

variety of national or international vendors (Payne et al., 2012). In Portugal there are some companies 

that provide EHR solutions for healthcare providers. MedicineOne is a Portuguese technological 

company that develops software for a better management of small and big healthcare organizations in 

Portuguese speaking countries, having an EHR solution available. Some of the organizations that use 

MedicineOne software solutions are the National Health System (98 family health units), Saudaçor (17 

primary care facilities), SAMS Norte and SAMS Centro (MedicineOne, 2017). Hospital Fernando da 

Fonseca and Hospital Beatriz Ângelo use Soarian® Clinicals EHR system, that was developed by 

Siemens (SIEMENS PT, 2013). 
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2.1.3.  Glintt EHR System 

Glintt develops and implements healthcare solutions and information systems for several public and 

private healthcare providers in Portugal (‘Glintt Sistemas e Tecnologias de Informação e Comunicação’, 

2015). Their health IT solutions are implemented in 75% of public hospitals, 70% of private hospitals 

and 50% of other welfare organizations. Globalcare is an information system that integrates 

administrative, financial and clinical management in one solution and is currently being used by 

healthcare organizations managed by JMS, including CUF Infante Santo and CUF Descobertas (Gllintt, 

2016).  

This system is designed to be used by three main groups: hospital management and administration, 

nurses and doctors. Each user profile has access to a different set of modules, which in turn contain 

different menus, according to each group working necessities. Is not mandatory that a healthcare 

provider implements all three modules given that they can work separately. One of the features that 

crosses all profiles is the existence of menus related specifically with each type of clinical service (Figure 

2). 

 

Figure 2: Clinical Services in Globalcare. 

It is possible to search by a patient in the nursing profile and access his history, summary (including 

biometric and vital signs) and annex files, nevertheless his admission can only be made using the 

administration profile, that does not allow access to patient’s specific clinical information. Most fields in 

the nursing summary allow free text input, such as nursing notes.  

2.1.4.  Secondary uses of EHR 

EHR can be used for more purposes than the clinical one already discussed (Figure 3). Safran et al. 

defined secondary use of data has a “non-direct care use of personal health information including but 

not limited to analysis, research, quality/safety measurement, public health, payment, provider 

certification or accreditation, and marketing and other business including strictly commercial activities” 

(Safran et al., 2007). 
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Figure 3: Secondary Uses of EHR (World Health Organization Regional Office for Europe, 2016). 

Using EHR data for clinical research allows the design of bigger cohorts with a higher diversity of 

subjects, data quality and longitudinal profiles at a lower cost, as well as the use of recent investigation 

methods such as text mining and machine learning (Jensen, Jensen and Brunak, 2012; World Health 

Organization Regional Office for Europe, 2016). Finding correlations between patients’ characteristics 

and comorbidities/diseases might help predict future events, as well as outcomes of each event per 

individual and build models. This data is not always retrieved straight from an EHR system but from 

derived central health databases (Jensen, Jensen and Brunak, 2012).  

Healthcare organizations can be categorized by quality of care for different conditions based on EHR 

data. With the emergence of value-based reimbursement it became even more important for the 

practices to show that they were providing quality care to their patients (Terry, 2015). On the other hand, 

it allows organizations to identify areas in which they need to improve, comparing care provided with the 

standard accepted treatments for each condition, usually included in clinical practice guidelines (Sandhu 

et al., 2012). 

In the patient safety field EHR data can be used as an input to CDSS. Healthcare professionals do not 

have to rely only on the information they acquired from the patient during the case but can use CDSS, 

which are usually based on clinical guidelines, to process all the patient information available up to date 

and provide the best care (Jensen, Jensen and Brunak, 2012). EHR data can also contribute to identify 

possible problems related with drugs or medical devices (Sandhu et al., 2012). 

In the event of an epidemic or emerging disease, EHR data will help to monitor its spreading and give a 

fast response to it. EHR are also important for public health if for some reason the physical records (if 

there are still information in a physical format) are destroyed (Weiskopf et al., 2013). 

Secondary use of EHR data inside the European Union started being regulated by the Directive 

95/46/EC, although some member states have their own legislation on the matter and other generic 
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data protection laws as well. The most agreed upon statement is that EHR data should only be used for 

secondary proposes if it is anonymized (Millieu Ltd and Time.Lex, 2014). In 2016, the General Data 

Protection Regulation surpassed the former directive, maintaining most ideas from this one but imposing 

a stricter definition of data consent and a right to eliminate data (Blakmer, 2016). 

2.1.5.  Data Quality in EHR 

One of the concerns when using EHR data for its primary or secondary purposes is data quality, which 

can be characterized by different dimensions (Table 3). Completeness is the most reviewed dimension 

in the literature but can have different interpretations. An EHR might be considered complete if it contains 

all the observations ever made about a patient based on a standard for which data should be recorded 

for that patient (varies with task), or if it contains enough information to predict a phenomenon of interest. 

(Weiskopf et al., 2013). A study revealed that there was a clear level of incompleteness of vital sign 

recording in EHR systems, which were also dispersed through different locations inside the system. 

Possible explanations for this problem were the complexity of systems to enter data on vital signs, even 

if they were measured, and the difficult access to the documented data by the healthcare professionals 

to assist on decision making (Stevenson et al., 2016). The interaction of patients with different healthcare 

providers and in irregular periods can result in data incompleteness and to the misconception that 

missing values indicate that the patient was healthy during that time frame. Missing data is especially 

important when fitting a model to a data set because it can limit the variables in the study, decrease the 

conclusions that can be taken from it and even exclude subjects from the cohort if it requires 

completeness of every data field (Bayley et al., 2013). 

Table 3: Common dimensions of data quality in literature (Weiskopf and Weng, 2013). 

Dimension  Definition 

Completeness All truth about a patient present in the EHR 

Correctness An element that is present in the EHR is true 

Concordance There is an agreement between elements in the EHR/EHR and another data source 

Plausibility An element in the EHR makes sense taking into consideration knowledge about 
what that element is measuring 

Currency An element in the EHR is a relevant representation of the patient state at a given 
point in time 

 

The lack of accuracy of EHR data might result from the limited time supplied to practitioners to enter 

data, that many times is based on recall and not registered on site. To identify erroneous data in an EHR 

one can use both internal validation methods, such as comparing the data to normal values of the given 

parameter (correct impossible values) and making sure the dates for each event are in chronological 
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order; and external validation methods, such as comparing information about the patient from different 

data sources (Kahn et al., 2012; Bayley et al., 2013). 

2.2. Sudden Cardiac Arrest 

WHO states that cardiovascular diseases are the leading cause of death worldwide, having been 

responsible for the death of around 17.7 million people in 2015 (WHO, 2007). SCA alone accounts for 

more than 50% of all cardiovascular diseases related deaths (Estes, 2011; DynaMed Plus, 2017a) and 

is characterized by an interruption of the circulatory function. Without the fast recognition of SCA and 

initiation of the emergency response system, such as Cardiopulmonary Resuscitation (CPR) and 

defibrillation, SCA leads to Sudden Cardiac Death (SCD) (Kleinman et al., 2015; DynaMed Plus, 2017a). 

European Society of Cardiology (ESC) 2015 guidelines define sudden death as a “non-traumatic, 

unexpected fatal event occurring within 1 hour of the onset of symptoms in an apparently healthy 

subject” and state that SCD term is used when the individual had a known congenital or acquired 

potentially fatal cardiac condition during life; or had a cardiac or vascular irregularity identified in the 

autopsy as the most probable cause of death; or finally had no other obvious non-cardiac causes 

identified by autopsy, which means that an arrhythmic event is a likely cause of death. When death is 

not witnessed the term sudden death can be used if the individual appeared healthy 24 hours before 

the incident (Priori et al., 2015). 

Despite the in-hospital SCA survival rate being higher than out-of-hospital SCA one, with around 25.5% 

of adults who suffered in-hospital SCA surviving until discharge in 2013 according to an American Heart 

Association (AHA) study, it still needs great improvement (Kleinman et al., 2015; Mozaffarian et al., 

2015). One of the reasons for the low survival rates in-hospital, where the emergency response can be 

triggered within a lower time period, is the gravity of the disease (DynaMed Plus, 2017a). Besides, 

around one in eight patients with an in-hospital SCA ends up having a second one, implying an even 

lower survival rate and unfavorable outcomes (Chan et al., 2016). The systems of care for in-hospital 

SCA and out-of-hospital SCA must work in a different way (Liu et al., 2011). 

A Portuguese study revealed that in the area evaluated during 2010 45.3% of the SCA resulted in SCD, 

being more frequent in males with increasing age. Although the causes were both cardiac and non-

cardiac atherosclerotic (ischemic) coronary heart disease predominated among them, which agrees with 

the distribution of causes in literature - coronary artery disease represent 80% of the cardiac causes for 

SCD (de Gouveia, Martins and Vieira, 2015; DynaMed Plus, 2017b). The underlying causes of SCA 

(Table 4) differ among age groups. While in younger individuals channelopathies, cardiomyopathies, 

myocarditis and substance abuse are the most frequent causes of SCA, in older patients chronic 

degenerative diseases, such as valvular heart diseases, coronary artery disease and heart failure, 

dominate the other possible causes (Priori et al., 2015). 
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Table 4: Possible causes of SCA/SCD (Yousuf et al., 2015). 

Coronary artery disease 

• Ischemia secondary to artherosclerotic heart disease 

• Anomalous coronary 

• Coronary vasospasm 

Cardiomyopathies 

• Ischemic cardiomyopathy 

• Nonischemic/idiopathic dilated cardiomyopathy 

• Hypertrophic cardiomyopathy 

• Takotsubo cardiomyopathy 

• Infiltrative sarcoid heart disease 

• Infiltrative amyloid heart disease 

• Arrhythmogenic right ventricular dysplasia/ 
cardiomyopathy 

• Left ventricular noncompaction 

• Myocarditis 

• Valvular heart disease 

• Congenital heart disease 

Electrophysiological 

• Long QT syndrome 

• Short QT syndrome 

• Brugada syndrome 

• Catecholaminergic polymorphic ventricular tachycardia 

• Idiopathic ventricular fibrillation 

• Ventricular pre-excitation 

Metabolic 

• Hyper/hypokalemia 

• Hypomagnesemia 

• Hypocalcemia 

• Severe acidosis 

Noncardiac 
• Intracranial hemorrhage  

• Pulmonary embolus  

• Epileptic seizure collapse 

 

The difficulty to identify the cause of a SCA or consequent SCD also differs among age groups: in one 

hand older individuals are more likely to suffer from multiple cardiac diseases or other conditions that 

can explain the event; on the other hand events younger individuals can be easier explained by the pre-

existent structural abnormalities (Priori et al., 2015).  

The Chain of Survival is the sequence of actions that should be performed to have a successful 

resuscitation after a SCA (Figure 4).  

 

Figure 4: Chain of Survival (Perkins et al., 2015). 
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The first step is the early recognition of the event and asking for assistance, which can happen before 

the actual event if the individual shows symptoms as chest pain or dyspnoea, or during the event when 

the patient collapses (McNeill and Bryden, 2013; Perkins et al., 2015).  

After the recognition the second step is the initiation of CPR, ideally by people with training on the matter. 

Hospitals can have a traditional cardiac arrest team that acts upon the event or strategies for the 

prediction of patients at risk of SCA that allows a Rapid Response or a Medical Emergency Team to be 

ready before the actual event occurs (Gwinnutt, Davies and Soar, 2015; Perkins et al., 2015). Heart 

rhythms associated with SCA can be shockable (Ventricular Fibrillation/Ventricular Tachycardia) or non-

shockable (Pulseless Electrical Activity/Asystole). Is necessary to try defibrillation on individuals with 

shockable rhythms, which is the next step in the survival chain (Soar et al., 2015). The percentage of 

SCA with non-shockable rhythms is higher than shockable rhythms in in-hospital SCA, as well as the 

percentage of patients surviving SCA with non-shockable rhythms vs. shockable rhythms (Obert 

Graham, Mccoy and Schultz, 2015). In patients with non-shockable rhythms is necessary to find the 

cause of the problem and treat it, if it is reversible (Soar et al., 2015). If the initial resuscitation maneuvers 

do not work is necessary to use advanced life support methods, with the use of medication and airway 

management. Finally, the patient is given post-resuscitation treatment, which can also affect the final 

outcomes of the SCA (Perkins et al., 2015). Patients with a successful resuscitation should be forwarded 

to an ICU or Critical Care Unit, where they can receive post-SCA treatment focused on recovery, 

rehabilitation of neurological functions and prevention of another critical event (Obert Graham, Mccoy 

and Schultz, 2015). Finding a way to respond in an efficient and effective manner and maybe even 

predict in-hospital SCA would improve clinical outcomes and decrease costs (Chan et al., 2014).  

Besides the patient condition there are other factors that influence in-hospital SCA outcome, such as 

location of the episode (Figure 5), the equipment available at the moment and the skill and dimension 

of the respondents group. Hospitals have monitored and not monitored areas, where SCA takes usually 

more time to be identified and attended to (Gwinnutt, Davies and Soar, 2015). Other disparity is the 

lower survival rate of in-hospital SCA during the night/weekend in comparison with a weekday, which 

suggests that a patient is more likely receive better care during this time period (Kleinman et al., 2015). 

 

Figure 5: Percentage of in-hospital SCA by area of CPR (Girotra et al., 2014). 
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2.3. Patient Safety and Risk Management 

Patient safety is a growing concept and an important strategy to improve healthcare quality (ASHRM, 

2007; Reis, Martins and Laguardia, 2013). It focuses on adverse events (events related with the care 

provided), which should be evaluated so similar events are prevented in the future. A systematic quality 

evaluation, monitoring of healthcare organisations quality and the use of EHR to help healthcare 

professionals make better decisions and prevent errors contributes to patient safety (Blumenthal and 

Tavenner, 2010; Reis, Martins and Laguardia, 2013). 

In Portugal, the National Plan for Patient Security 2015-2020, that follows the recommendations of the 

European Union on patient safety, defined the following strategic objectives (DGS, 2015): 

• Promote a safety culture in the internal environment; 

• Increase communication security; 

• Increase surgical safety; 

• Increase safety in the use of medication; 

• Ensure unambiguous identification of doctors; 

• Prevent falls; 

• Prevent pressure ulcers; 

• Ensure systematic incident notification, analysis and prevention; 

• Prevent and control infections and antibiotics resistance. 

Risk management in healthcare arose as a strategy to improve quality of care (Considine and Botti, 

2004). Given the possible outcomes of a SCA and resource constraints it would be useful to stratify 

patients by risk of SCA. When it comes to identifying individuals at risk of SCA one should differentiate 

between population risk and individual risk, short-term or long-term. Population risk is related with the 

risk difference between two groups with specific characteristics while individual risk measures the risk 

of a single individual having a SCA (Podrid and Myerburg, 2005). Patients can be screened to evaluate 

their risk of SCD based on a combination of multiple variables from risk stratification tools (invasive and 

non-invasive) and patients characteristics (clinical and demographic) (Proclemer et al., 2015). An early 

recognition of patients at risk of a SCA might help prevent the event or useless resuscitation in patients 

who will very unlikely survive (Gwinnutt, Davies and Soar, 2015). 

2.3.1.  Clinical deterioration  

In an attempt to define clinical deterioration Jones proposed that a “deteriorating patient is one who 

moves from one clinical state to a worse clinical state which increases their individual risk of morbidity, 

including organ dysfunction, protracted hospital stay, disability, or death.” (Jones et al., 2013). SCAs, 

even in unmonitored areas of the hospital, are not usually unpredictable and patients experience a 

progressive physiological deterioration (Zideman et al., 2015). A study revealed that 81% of patients that 

died suddenly had documented signs that indicated deterioration before the event (McGloin, Adam and 

Singer, 1999). In another study, two-thirds of patients with SCA were at the hospital 24 h before the 
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event, meaning that there is a reasonable amount of time to identify trends (Smith and Wood, 1998). A 

study showed that 54% of ward patients having SCA had abnormal vital signs in the 24h before the 

event (Nurmi et al., 2005). Schein et al. found that 84% of patients who suffered a SCA had at least one 

change in behavior or complaint documented in the 8 h before the event (Schein et al., 1990). 66% of 

patients had records of abnormal vital signs documented in the 6 h before a SCA (Franklin and Mathew, 

1994). Identifying a patient deteriorating may prevent an unexpected ICU admission by intervening 

before critical deterioration, decreasing bed occupation in this unit and other limited critical care 

resources (Liu et al., 2015; Xu et al., 2015). The preventability of in-hospital adverse events is well 

documented. Sax and Charlson state that as many as 27% of in- hospital deaths are preventable while 

Bedell et al. state that 14% of in-hospital cardiac arrests were iatrogenic in origin and, therefore, should 

have been prevented (Bedell et al., 1991). Not detecting a patient who is deteriorating in a hospital is 

associated with increased hospital expenditure and poor outcomes (Kang et al., 2016).  

It is important to make a clear distinction between monitored (such as ICU, coronary care, neurologic 

ICUs, the angiocardiography laboratory and operating rooms), non-monitored and non-clinical areas 

inside the hospital. Nevertheless not all patients in monitored areas are receiving continuous monitoring 

(Herlitz et al., 2001). Monitoring can be manual, semi-automated or fully automated, based on the 

necessity of human interaction; and bedside or portable, depending on the mobility of the device 

(Cardona-Morrell et al., 2016). SCAs in monitored areas are usually identified faster than in non-

monitored, such as wards. SCA can even happen in non-clinical areas. A positive outcome of SCA is 

more likely if it happens in a specialized and monitored hospital unit, such as coronary care unit. Having 

methods to identify patients at risk in these places would allow them to be transferred to a monitored 

area (Smith and Wood, 1998; Gwinnutt, Davies and Soar, 2015). Until the moment there is no conclusive 

evidence of prevention of SCA or reduction length of hospital stay to recommend a continuous 

monitoring of vital signs in general ward patients as a common procedure (Cardona-Morrell et al., 2016). 

Patients’ vital signs might not be checked as frequently or as accurately as they should to identify 

deterioration: poor training, lack of experience, communication issues between practitioners, lack of 

compliance, working conditions, intense workload or errors determining prediction scores given by risk 

assessment tools are possible explanations for that (Christensen and Anderson, 2016). Vital signs are 

used to assess patients basic functions and the main ones are: heart rate (HR), respiratory rate (RR) , 

body temperature and blood pressure (Cleveland Clinic, 2014). Despite being used to predict patients 

deteriorating there is still a debate on which vital signs values are normal given that it might differ with 

medical conditions, age, sex, weight, among others (Hong et al., 2013). Failure to identify patients 

deteriorating can be related to incomplete vital sign measurements, weak vital sign charts design and 

poor knowledge of vital signs normal interval values (Stevenson et al., 2016). Some EHR systems may 

also delay the identification of patient suffering clinical deterioration if the access to essential data (e.g. 

vital signs) is difficult, which contradicts the purpose of using technology in healthcare (Stevenson et al., 

2016). 
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There has been an effort to develop/implement systems to act as soon as possible when the patient 

shows signs of deterioration because the resulting outcomes of SCA can be very serious (Moldenhauer 

et al., 2009). 

2.3.2.  Risk Assessment Tools for SCA 

Currently, there are more than 100 studies already published on scoring systems to activate emergency 

teams or direct patients to an ICU based on deterioration signs, which can also be called “track and 

trigger” systems (Churpek et al., 2012). The ideal trigger system should provide a maximum 

discrimination of patients’ outcomes at a lowest trigger rate, therefore reducing the probability of missing 

any adverse event without an excessive workload and unnecessary call of emergency teams (Rothschild 

et al., 2010; Smith et al., 2016). 

Risk assessment tools can be single parameter (set of individual physiological criteria), multiparameter 

(combination of physiological criteria) or aggregated weighted scoring systems (AWSS). The difference 

between multiparameter and AWSS is that the last one is a complex system where variables and vital 

signs values are scored by level of abnormality. Studies have shown that AWSS have a better 

discriminating ability than single-parameter tools (Subbe et al., 2006; Albert and Huesman, 2011; 

Mathukia et al., 2015). Machine learning techniques can also be used for risk stratification, being the 

most common supervised learning models trained for data sets from EHRs (Huang, Dong and Duan, 

2015). Usually when the scoring system reaches a pre-defined level the recommendation can be 

increase vital sign monitoring, ask for help of more specialized and experienced professionals or call 

the emergency team  (Liu et al., 2015). Types of AWSSs will be reviewed in Chapter 3.  

When developing an AWSS the usual outcomes that one wants to predict are death, ICU transfer or 

SCA, being the last one less predictable (can happen without any previous physiological alteration) 

(Smith et al., 2013). Mortality is often used as an outcome because it is the limit of clinical deterioration 

and data on it can be easily obtained, although some patients are already predicted to die even with 

medical assistance. SCA information is difficult to obtain and is the least frequent outcome, posing 

problems for statistical analysis, although it has a higher clinical relevancy. ICU admission is the most 

common outcome but each hospital has a different criterion to transfer patients to that unit. Using a 

combination of all outcomes has the issue of non-equal distribution of individual outcomes (M. Churpek, 

Yuen and Edelson, 2013). The accuracy of the developed tool depends on the outcome that was used 

for its validation, so if one wants to predict SCA the model in use should have been validated for that 

propose and not solely for death or UCI admission (M. M. Churpek, Yuen and Edelson, 2013). 

AWSSs can have different variables included and different weights assigned to those variables, which 

are usually defined by clinical experience (Smith et al., 2008). Currently, risk scores are calculated based 

on single values for each parameter of the scoring system and not in vital sign trends of patient’s recent 

values, which might be explained by the low frequency of data acquisition. One study revealed that 

using trends of vital signs as a predictor of critical condition, using several methods for modeling trends, 

improved accuracy, which in turn results in less false alarms (Churpek, Adhikari and Edelson, 2016). 

Evidence shows that introducing a AWSS in an healthcare organization decreases the frequency of 
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SCA, unplanned ICU admissions and improves outcomes when is necessary to call an emergency team, 

although the usage of emergency teams have also an increase (McNeill and Bryden, 2013; Mathukia et 

al., 2015). Nevertheless, implementing an AWSS in an organization is not an easy task. When the 

percentage of adverse events does not improve after implementing an AWSS it is necessary to 

investigate if it might be explained by the poor performance of the AWSS (e.g. lack of sensibility) or by 

the poor adhesion of healthcare professionals to the established AWSS protocol (Petersen et al., 2014).  

Most AWSS were design to be assessed by hand in pre-defined periods of time with few variables that 

are easily measured in daily practice. The tendency is that risk assessment tools become automatic and 

update risk once new data enters the EHR system (Finlay, Rothman and Smith, 2014). Based on a study 

that utilized the medical knowledge system Ask Mayo Expert, a tool to support clinical decision making, 

automated assessment of risk scores results in a more productive use of time by the clinicians (North, 

Fox and Chaudhry, 2016). 

The growth and development of EHR allows the study of prediction models that use more variables 

besides vital signs, such as medication, laboratory and radiology data and the automatic calculation of 

risk scores once the variables are inserted in the EHR system (Alvarez et al., 2013; Churpek et al., 2014; 

Bai et al., 2015). To use them in a patient monitoring system that system should integrate and analyze 

heterogeneous clinical variables from different sources (Bai et al., 2015).  

Resistance to adopt a unique risk scoring system at different healthcare organizations may be related 

with a certain organization having developed a AWSS internally, personal preference of healthcare 

professionals or the lack of tools to acquire and analyses data efficiently, which can be solved by 

developing a standardized and validated system at a national level (Smith et al., 2013). 

2.3.3.  Importance of data on SCA 

Studies on patients with SCA can be difficult to conduct due to the small sample of individuals with SCA 

in one location and other limitations. Having data acquired directly from daily practice can contribute to 

improve resuscitation workflow and patients outcomes (AHA, 2015). For example, the American 

organization Cardiac Arrest Registry to Enhance Survival developed and implemented a method for 

uniform data collection of Out-of-Hospital SCA episodes that allows benchmarking between healthcare 

providers. This systematic retrieval of data allowed them to build a database which includes required 

and supplemental information related with Out-of-Hospital SCA, which can be used to improve survival 

rates and measure outcomes of Out-of-Hospital SCA (MyCares, 2015). AHA’s Get With The Guidelines-

Resuscitation registry (initially called National Registry of Cardiopulmonary Resuscitation) is the largest 

database of in-hospital SCA, with inputs from hospitals in the United States of America and Canada 

since 2000 (Kleinman et al., 2015). 

Assessing patients’ vital signs can only help identifying and predict patients at risk properly if they are 

recorded, for example, in the EHR system, so the data can be interpreted (Smith and Wood, 1998). 

Having access to a patient updated history and information is necessary for risk management given that 
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most scales to evaluate risk are based on results of measurements that should be present in EHR 

(Martins and Mealhada, 2016). 

A workgroup for data standards selected cardiovascular data elements that were commonly used in 

research and clinical practice so that interoperability between systems would increase and ease those 

activities, that could be divided into the following groups: Personal and Family History, Physical 

Examinations, Diagnostic Procedures, Therapeutic Procedures, Laboratory Values, Adverse Events, 

Medications, Discharge Information and Outcomes (Anderson et al., 2013). 

Besides vital signs other physiological parameters are usually collected, such as oxygen saturation and 

neurological assessment. Usually nurses are the healthcare professionals responsible for the 

acquisition of these measurements, that should be taken in intervals defined by recommendation 

protocols or patient’s care plan. Therefore nurses should be able to identify the patients at risk of 

suffering an adverse event and follow the protocol for patients deteriorating (Considine and Botti, 2004). 

In a study, having nurses following a protocol in which they had to calculate MEWS (AWSS type) three 

or more times a day showed a better detection of deterioration signs and activation of emergency teams 

than letting nurses decide when to measure, indicating an important role of regular measurements in 

increasing patient safety (Ludikhuize et al., 2014). The use of standardized forms to collect data 

contributes to an early identification of patients showing problems, which results in smaller length of stay 

at the hospital and more accurate prediction of patient outcomes (Vuokko et al., 2017).  

ECG data is not currently included in most AWSS but may be relevant. A study to determine 

demographics and electrocardiographic predictors (based on HR, QRS duration, and morphology of the 

ECG obtained by telemetry) before an in-hospital SCA revealed that there were changes in HR 15 

minutes before the event and a difference in QRS duration and HR in the last one hour before the event, 

which suggests that ECG trends might be useful to train a machine learning model to predict SCA (Attin 

et al., 2015). Another study investigated what would be the predictive improvement of using eight ECG 

parameters (not usually available in bedside monitoring, such as width of the QRS complex and 

amplitude of QRS peak) to assess the risk of having a bradyasystolic SCA and concluded that they 

provide highly specific predictive power, especially if trends are used (Hu et al., 2013). Another study 

demonstrated that 5-min ECG information provides additional information to stratify chest pain patients 

by risk of a major adverse cardiac event (MACE), and although it is not used as a monitoring procedure 

on a regular basis it is possible to implemented (Liu et al., 2014). 

2.3.4.  Use of Risk Assessment Tools for SCA 

The risk assessment tools for SCA discussed before can be introduced in daily practice in many ways, 

being the most promising the ones that involve automatization. For example, AWSSs can be included 

in the systems like the ones already in used to monitor patients or in applications that allows calculating 

the score by inserting the required data. 

In order to prevent possible gaps in data acquisition and allow monitoring ambulatory and less critically 

ill patients the real-time and continuous acquisition system of vital signs Visensia® was developed. This 
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system was validated for detecting adverse events such as SCA for both telemetry and bedside monitors 

(Figure 7). The Visensia Safety Index is an index between 0 and 5 based on HR, RR, blood pressure, 

temperature and blood oxygen from a correlated set of real-data and the data acquired from the patient. 

In this index, values between 0 and 3 are considered normal, between 3 and 5 caregiver attention is 

required and 5 the patient is in a critical condition. Calculating this index through telemetry acquisitions 

is more challenging because there are fewer vital signs recorded, more error due to patient movement, 

need for a strong wi-fi signal and lower acquisition time (Orphanidou et al., 2009; OBS Medical, 2017).  

 

Figure 6: Visensia® Data Fusion Technology monitor example (OBS Medical, 2017). 

ESC developed an online tool to determine which was the risk of a patient with hypertrophic 

cardiomyopathy had of having a SCD at five years and which were their recommendation regarding that 

risk value, based on the 2014 ESC Guidelines on Diagnosis and Management of Hypertrophic 

Cardiomyopathy (Figure 6) (ESC, 2014). 

 

Figure 7: HCM Risk-SCD Calculator (ESC, 2014). 
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2.4. Methods for evaluating binary decision problem 

In a binary decision problem the classifier labels an observation in a given set as positive or negative 

(Davis and Goadrich, 2006). If the data used in the problem is imbalanced, the minority class is labeled 

as positive and the majority class is labeled as negative. The classifiers of a binary decision problem 

are evaluated by a square matrix 2x2 (Figure 8) where the rows represent the hypothesized class (Y 

for positives and N for negatives) and the columns the true classes (p for postives and n for negatives) 

(Bekkar, Djemaa and Alitouche, 2013). 

 

Figure 8: Confusion Matrix (Fawcett, 2006), where P is the total number of positives in the true class and N is the 

total number of negatives in the true class. 

The confusion matrix is divided in four categories: True positives (TP) are positives correctly labeled as 

positives, false positives (FP) negatives incorrectly labeled as positives, true negatives (TN) negatives 

correctly labeled as negatives and false negatives (FN) positives incorrectly labeled as negatives (Davis 

and Goadrich, 2006). Some of the performance metrics that can be calculated from the confusion matrix 

are: 

• 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 (𝐹𝑃𝑅) =  
𝐹𝑃

𝑁
 

• 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 (𝑇𝑃𝑅) =  
𝑇𝑃

𝑃
= 𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑜𝑓 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠 

• 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑣𝑒 𝑉𝑎𝑙𝑢𝑒 (𝑃𝑃𝑉 ) =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
= 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 

• 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑣𝑒 𝑉𝑎𝑙𝑢𝑒 (𝑁𝑃𝑉 ) =  
𝑇𝑁

𝑇𝑁+𝐹𝑁
 

• 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 (𝑇𝑁𝑅) =  
𝑇𝑁

𝐹𝑃+𝑇𝑁
= 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑜𝑓 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠 

• 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 

• 𝑇𝑟𝑖𝑔𝑔𝑒𝑟 𝑟𝑎𝑡𝑒 =  
𝑇𝑃+𝐹𝑃

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 

The confusion matrix information can be retrieved to find points in either ROC plot or PR plot, methods 

that will be later addressed (Davis and Goadrich, 2006). 

  True Class                                                      

  p n 

Hypothesized Class 

Y 

True 
Positives 

(TP) 

False 
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(FP) 

N 

False 
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True 
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 Column 
Total 

P         N 
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2.4.1. Receiver Operating Characteristic Curve 

ROC curve analysis is commonly used in medical decision making. Moreover, it gained great importance 

in evaluating the power of a certain diagnostic test to identify the true patient’s state, find the optimal 

threshold for that test and compare alternative diagnostic tests between them, for the same conditions 

(Hajian-Tilaki, 2013). It can also be applied to risk assessment tools, by evaluating the ability of the tool 

to discriminate between individuals who will experience/not experience a certain event.  

Each point in a ROC plot is a representation of (1-specificity) as a function of sensitivity for a certain 

threshold value (Figure 9 B), which means that for each threshold there is a different confusion matrix 

built. (Bekkar, Djemaa and Alitouche, 2013) This has a clear advantage over the simple analysis of 

sensitivity and specificity when evaluating a risk assessment tool because these measures depend on 

the cut-off value chosen.  

  

Figure 9: A) Hypothetical ROC curves A (“Gold Standard”), B and C (“Random Chance”).   B)  Hypothetical ROC 

curves with different thresholds selected. (Zou, O’Malley and Mauri, 2007) 

The diagonal line C in Figure 9 A) represents a model in which the class is randomly guessed, which 

means that a classifier that appears in the space under that diagonal has a worst accuracy. The ROC 

curve A, on the other hand, represents the “golden” standard in which all positive observations are 

identified as positive and all negative observations are identified as negative (Fawcett, 2006). 

In models to predict severe events, such as SCA, a FPR can be tolerated for a greater model sensitivity, 

but need to be balanced with false alerts activation and a consequent over workload of healthcare 

professionals (Alvarez et al., 2013). In clinical practice, if a healthcare organization has 25000 episodes 

per year and 1000 adverse events an improvement in sensitivity of 5% (fixed specificity), would mean 

the detection of more 50 adverse events per year. If specificity improved 5% (fixed sensitivity) there 

would be less 1200 false-positives (Churpek et al., 2012).  
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To compare the overall accuracy of different models several ROC curves can be plotted together to 

determine which one is the dominant curve (closest to the upper left-hand corner). However, this only 

works when the curves do not intersect and provide only a qualitative interpretation of the ROC curve. 

(Bekkar, Djemaa and Alitouche, 2013) 

The area under ROC (AUROC) is one of the indicators of ROC curve performance and summarizes the 

performance of a classifier for all possible thresholds, which makes the comparison between models’ 

accuracy easier (Bekkar, Djemaa and Alitouche, 2013). The AUROC can be estimated using several 

techniques, being the most used the trapezoidal method, a geometrical method which is based on linear 

interpolation between each ROC curve point. Since AUROC is always a percentage of the area of a unit 

square its value ranges between 0 and 1. The suggested scale to interpret AUROC value is represented 

in Table 5 (Bekkar, Djemaa and Alitouche, 2013). AUROC can be informally defined for diagnostics as 

the probability that higher scores have of differentiating between an individual with a disease and one 

without the disease (Romero-Brufau et al., 2015). 

Table 5: Proposed AUROC Value Interpretation (Bekkar, Djemaa and Alitouche, 2013). 

AUROC Value 
Model 

Performance 

0.5-0.6 Poor 

0.6-0.7 Fair 

0.7-0.8 Good 

0.8-0.9 Very Good 

0.9-1.0 Excellent 

 

2.4.2.  Precision-Recall Curves 

The PC curve is another visual representation method to evaluate the accuracy of a model and 

represents the tradeoff between precision and recall for each different threshold. High recall and 

precision values show that the classifier is returning accurate results (high precision) and most all 

positive results (high recall), which means that the goal this time of is for the curve to be in the upper-

right-hand corner (Davis and Goadrich, 2006; Saito and Rehmsmeier, 2015). As in ROC, the area under 

the PR curve (AUPRC) represents a summary of the information given by the PR curve, allowing the 

comparison between models (Boyd, Eng and Page, 2013). The difference is that the baseline for random 

guessing for ROC is fixed, while in PR the baseline is determined by the ratio of positives and negatives 

present in sample 𝑃 =
𝑃

𝑃+𝑁
. (Saito and Rehmsmeier, 2015). 
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3. Literature Review 

This chapter is going to focus on the literature review of (1) developed AWSS and comparison of 

performance between several AWSSs, of (2) risk-assessment of SDA recommendations on clinical 

practice guidelines and of (3) methods for the evaluation of binary problems with highly unbalanced 

data. The search tools and the exclusion/inclusion criteria for the literature review are going to be 

described in the beginning of each sub-chapter. 

3.1. Risk Assessment Tools for SCA 

In order to identify methods for patient stratification by risk of suffering a SCA in the future as well as 

comparison methods between those risk assessment tools a literature review was conducted.  The 

scientific database used for that purpose was PubMed, in which the search tool was used typing the 

query “((prediction) OR (deterioration signs) OR (score) OR ((early) AND (signals)) OR ((risk) AND 

((stratification) OR (tool))) AND ((SDA) OR (cardiac arrest) OR SCD) AND ((ihca) OR (in-hospital)))”. 

The results were then extracted as a CSV file and processed for posterior exclusion of articles that did 

not met the right criteria. A sum up of the processing is presented in Figure 12. 

 

Figure 10: Literature review exclusion process. 

With the previous knowledge that AWSS have a better discriminating ability that single parameter and 

multiparameter risk assessment tools (Subbe et al., 2006; Albert and Huesman, 2011; Mathukia et al., 

2015) and given that NEWS, the system that is going to be implemented, is categorized as an AWSS 

the focus is going to be in this kind of systems, excluding the articles related with the remaining ones. 

Other articles were excluded if they focused in specific patient groups, such as pediatrics and athletes, 

or if they focused on the outcome of a patient after having a SCA. 

The AWSSs with more references in literature and respective articles (comparison and development) 

will be presented in individual sub-chapters, while the remaining will be all included in one. The goal is 

to assess the method by which each system was developed and which method was used for comparison 

n=2711 
publications 

• Excluded 
by title

n=191

publications

• Excluded 
by abstract

n=90

publications

• Excluded 
by full 
reading

n=20
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between risk stratification tools. As it was mention before the usual outcomes that one wants to predict 

by using a AWSS are death, ICU transfer or SCA (Smith et al., 2013), which means that is important to 

point out which outcomes are supposed to be predicted in each study. Finally, the size of the sample 

should also be mentioned, as well as the ratio between patients/episodes that suffered and did not 

suffered a SCA. Additional information from other sources was used when needed to make a complete 

overview of each AWSS. 

3.1.1.  Early Warning Score (EWS) 

In this review no articles were found on development or comparison with EWS but it was mention in 

several other articles and “EWS” become the expression used when mentioning an AWSS developed 

after EWS (Smith et al., 2013; Mathukia et al., 2015). The original EWS was first introduced in 1997 by 

Morgan in order to predict outcomes of a patient and recognize early signs of deterioration (Mathukia et 

al., 2015). It is a tool that provides an evaluation score based on five physiological parameters: systolic 

blood pressure (SBP), HR, RR, temperature and AVPU score (A for “alert”, V for “reacting to vocal 

stimuli”, P for “reacting to pain” and U for “unconscious”) (Anne Kelly, Upex and Bateman, 2004). Each 

parameter is given an individual score based on how much the parameter diverge from the normal range 

(Table 6). The individual scores are then added together to give the overall score (Groarke et al., 2008). 

Table 6: EWS system (Bersten and Soni, 2009). 

 3 2 1 0 1 2 3 

SBP 
(mmHg) 

<70 71-80 81-100 101-199   ≥200 

HR (bpm)  <40 41-50 51-100 101-110 111-129 ≥130 

RR (bpm)  <9  9-14 15-20 21-29 ≥30 

Temperature 
(°C) 

  <35 35,1-36,5 36,6-37,4 >37,5  

AVPU score    A V P U  

 

3.1.2.  Modified Early Warning Score (MEWS) 

MEWS is another tool that provides an evaluation score to predict deteriorating patients based on 

modified physiological parameters scores from the original EWS and it was developed in 2001 by Subbe. 

The collected data in the study was used to calculate new ranges for the physiological parameters 

present in the EWS. The score that identified a patient in a critical state was define from experience and 

set at value of 5 (Subbe et al., 2001). Many articles used “MEWS” when referring to a EWS that was 

developed as an adaptation of the original EWS (Finlay, Rothman and Smith, 2014). 
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Table 7: MEWS system (Subbe et al., 2001). 

 3 2 1 0 1 2 3 

SBP (mmHg) <70 71-80 81-100 101-199  ≥200  

HR (bpm)  <40 41-50 51-100 101-110 111-129 ≥130 

RR (bpm)  <9  9-14 15-20 21-29 ≥30 

Temperature 
(°C) 

  <35 35,1-38,5  >38,5  

AVPU score    A V P U  

 

Table 8: Studies on the development and comparison of MEWS. 

Article 

“Validation of a 
modified Early 
Warning Score in 
medical 
admissions.” 
(Subbe et al., 
2001) 

“Measuring the modified 
early warning score and 
the Rothman Index: 
Advantages of utilizing the 
electronic medical record 
in an early warning 
system” (Finlay, Rothman 
and Smith, 2014) 

“The Value of Clinical Judgment 
in the Detection of Clinical 
Deterioration” (Patel et al., 
2015) 

“Differences in vital 
signs between 
elderly and non-
elderly patients prior 
to ward cardiac 
arrest” (Churpek et 
al., 2015) 

Aim 

Develop a 
validated AWSS 
from original EWS. 

Evaluate the ability 
of MEWS to 
identify patients at 
risk of HDU 
admission, ICU 
admission, SCA or 
death. 

Compare the accuracy of 
MEWS against a EWS 
that uses additional data 
from EHR Rothman Index 
(RI) for death prediction 
within 24 h. 

Compare the performance of 
MEWS, PAR (subjective risk 
stratification tool to assess the 
likelihood of SCA or ICU 
transfer within 24h) and a 
combination of both in 
predicting SCA or ICU transfer, 
RRT activation, and a 
composition of all outcomes, 
within 24h. 

Compare the 
accuracy of vital 
signs for detecting 
SCA between elderly 
(>65) and non-
elderly patients 
using MEWS to 
predict SCA. 

Methodology 

Number of 
admissions: 673 

Number of SCA: 4 

Calculate risk 
ratios using cross-
tabulation of 
results, for 
parameter scores 
and total score. 

Number of episodes: 
32472 

Number of deaths: 617 

Calculate AUROCs for RI 
and MEWS for death 
within 24h. 

Number of patients: 3249 

Number of SCA: 2 

Calculate AUROCs for MEWS, 
PAR and a combination of both 
for SCA or ICU transfer, RRT 
activation, and a composition of 
all outcomes, within 24h. 

Number of 
admissions: 269956 

Number of SCA: 422 

Calculate AUROCs 
for MEWS, for 
elderly and non-
elderly, for SCA. 

Results 

Scores of 5 or 
more were 
associated with 
increased risk of 
death, ICU 
admission and 
HDU admission. 

AUROC for MEWS 
(Death): 0.82 

AUROC for RI (Death): 
0.93 

 

AUROC for combination of PAR 
MEWS (All outcomes): 0.70 

AUROC for MEWS (All 
outcomes): 0.65 

AUROC for PAR (All 
outcomes): 0.67 

AUROC for MEWS 
(non-elderly) (CI 
95%): 0.85 

AUROC for MEWS 
(elderly) (CI 95%): 
0.71 

Conclusion 

MEWS identified 
some patients at 
increased risk of 
reaching an end 
point. 

RI demonstrated superior 
discrimination of 24-hour 
mortality then MEWS. 

Combined use of PAR and 
MEWS is more accurate than 
MEWS alone for all outcomes. 

Vital signs more 
accurately detect 
SCA in non-elderly 
patients compared to 
elderly patients. 
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3.1.3.  Vital-PAC Early Warning Score (ViEWS) 

ViEWS is an early warning system which was developed in 2010 by a collaboration between Portsmouth 

Hospitals and The Learning Clinic Ltd. to be used in VitalPAC, a system that analyses patients’ vital 

signs in order to identify deterioration and trigger an alarm for healthcare professional when necessary, 

among other features (Prytherch et al., 2010; Vitalpac, 2017). To develop this system, they started with 

another previously publish EWS and investigated the impacts of adding new variables and changing the 

weights and ranges of the remaining variables, aiming for the system that maximized the prediction of 

in-hospital death within 24 h of score measurement. The decision of having weights between 0 and 3 

was made to keep the complexity of the scoring system as low as possible. VIEWS cut-off scores and 

action plan for each score was not defined (Prytherch et al., 2010). 

Table 9: ViEWS system (Prytherch et al., 2010). 

 3 2 1 0 1 2 3 

SBP 
(mmHg) 

≤90 91-100 101-110 111-249 ≥250   

HR (bpm)  ≤40 41-50 51-90 91-110 111-130 ≥131 

RR (bpm) ≤8  9-11 12-20  21-24 ≥25 

Temperature 
(°C) 

≤35,0  35,1-36,0 36,1-38,0 38,1-39,0 ≥39,1  

AVPU score    A   V/P/U  

SaO2 ≤91 92-93 93-95 ≥96    

Inspired O2    Air   Any O2 

 

Table 10: Study on the development and comparison of ViEWS. 

Article Aim Methodology Results Conclusion 

“ViEWS-Towards a 
national early warning 
score for detecting 
adult inpatient 
deterioration” 
(Prytherch et al., 
2010) 

Develop a validated 
AWSS for the 
detection of patient 
deterioration.  

Evaluate the ability of 
ViEWS to identify 
patients at risk of 
death within 24 h 
compared with 33 
other existing AWSS. 

 

Number of episodes: 
39992 

Number of deaths: 
1999 

Calculate AUROCs for 
ViEWS and 33 other 
existing AWSS for 
death within 24h.  

Calculate efficiency 
curve for ViEWS and 
better and worst 
performing AWSS for 
death within 24h.  

AUROC (95% CI) for 
ViEWS (Death): 0.888 
(0.880–0.895) 

AUROCs (95% CI) for 
the 33 other AWTTS 
(Death): from 0.803 
(0.792–0.815) to 
0.850 (0.841–0.859).  

ViEWS has a greater 
ability to discriminate 
patients at risk of 
death than the 33 
other AWSS. 
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3.1.4.  National Early Warning Score (NEWS) 

NEWS was developed by the members of the Royal College of Physicians of London National Early 

Warning Score Design and Implementation Group (NEWSDIG) by modifying ViEWS based on clinical 

opinion, not having a computer modeling behind (Royal College of Physicians, 2012; Badriyah et al., 

2014). It is actually used by the English National Health Care System and is recommended to be applied 

to all patients admitted to an acute hospital. To develop NEWS the first step was reviewing other existing 

EWS systems and related literature, making an initial draft. After discussing which parameters should 

be included the group decided on six of them, taking into account practicality of the measurement of 

each parameter. Similarly to the previous AWSS, this system allocates a score to each physiological 

measurement made to patients inside the hospital based on how far the measurement is from the normal 

range, which is translated in a color-coded table (Figure 11).  

 

Figure 11: National Early Warning Score (NEWS). The table was taken directly from source to maintain the color-

codes recommended and not only the ranges and scores for each parameter (Royal College of Physicians, 2012). 

To measure NEWS organizations should use a pre-defined and standardized color-coded chart format 

also developed in order to familiarize healthcare professionals with the recognition of deterioration signs 

and facilitate training on the matter (Royal College of Physicians, 2012). 
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Figure 12: Clinical response to NEWS triggers (Royal College of Physicians, 2012). 

The overall NEWS score for a patient results from the sum of all individual parameter score and its value 

will determine the recommended clinical response (Figure 12).The key motivation for the development 

of NEWS was the standardization of risk assessment tools and respective clinical response, given the 

number of already existing AWSSs in use at a national level (Royal College of Physicians, 2012). As it 

was mentioned before, NEWS was recently implemented in two hospitals: Hospital CUF Torres Vedras 

e Hospital CUF Porto. 
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Table 11: Studies on the development and comparison of NEWS. 

Article 

“The ability of the National Early 
Warning Score (NEWS) to 
discriminate patients at risk of 
early cardiac arrest, unanticipated 
intensive care unit admission, and 
death” (Smith et al., 2013) 

“Comparison of the National 
Early Warning Score in non-
elective medical and surgical 
patients” (Kovacs et al., 
2016) 

“A Comparison of the Ability of the 
Physiologic Components of Medical 
Emergency Team Criteria and the U.K. 
National Early Warning Score to 
Discriminate Patients at Risk of a 
Range of Adverse Clinical Outcomes.” 
(Smith et al., 2016) 

Aim 

Evaluate the ability of NEWS to 
identify patients at risk of SCA, 
unanticipated ICU admission or 
death within 24 h of risk 
assessment compared with 33 
other existing AWSSs. 

 

Evaluate the ability of NEWS 
to identify patients at risk of 
SCA, unanticipated ICU 
admission or death within 
24h in surgical admissions. 

Compare the performance of 
NEWS in medical admissions 
(MA) to the performance in 
surgical admissions (SA). 

Evaluate the ability of NEWS to 
identify patients at risk of SCA, 
unanticipated ICU admission or death 
within 24 h of risk assessment 
compared with 44 different Medical 
Emergency Teams (MET) criteria. 

Methodology 

Number of episodes: 35585 

Number of SCA: 199 

Calculate AUROCs for NEWS and 
33 AWSSs for SCA, unanticipated 
ICU admission, death, and any of 
the outcomes, all within 24h.  

Calculate efficiency curve for 
NEWS. 

Number SS episodes: 20 626 

Number SA episodes: 48 747 

Number SS SCA: 61 

Number SA SCA: 385 

Calculate AUROC for NEWS 
for SA and SS. 

Number of episodes: 103998  

Number of SCA: 479  

Calculate AUROCs for NEWS and 
sensibility/ specificity for 44 other 
different MET criteria for SCA, 
unanticipated ICU admission, death, 
and any of the outcomes, all within 
24h. 

Results 

AUROCs (95% CI) for NEWS 
(SCA): 0.722 (0.685–0.759) 

AUROCs (95% CI) for the other 
33 EWSs (SCA): 0.611 (0.568–
0.654) to 0.710 (0.675–0.745) 

AUROC (95% CI) for surgical 
admissions (SCA): 0.762 
(0.853-0.868) 

AUROC (95% CI) for medical 
admissions (SCA): 0.747 
(0.857-0.870) 

AUROC (95% CI) for NEWS (SCA): 
0.78 (0.76–0.78) 

Conclusion 

NEWS has a greater ability to 
identify patients at risk of a 
combination all outcomes, ICU 
admission and death than the 33 
AWSSs, but not for SCA alone. 

NEWS had the ability to 
discriminate patients 
deteriorating in surgical 
patients at least as well as in 
medical patients. 

Comparing MET with a NEWS value 
of greater than or equal to 7, some 
MET have a higher sensitivity, but all 
of them have a lower specificity.  

 

3.1.5.  Cardiac Arrest Risk Triage (CART) 

CART score was developed by Churpek et al. in 2012 with the purpose of predicting SCA using vital 

signs (RR, HR, Diastolic Blood Pressure (DBP)) and age. It was calculated using regression coefficients 

obtained from a database of patients, some of which suffered SCA, making the model contain cut-off 

points with the same sensitivity and specificity as the MEWS at cut-off value higher than 4. Similarly, to 

the remaining EWS the overall score for CART is calculated by adding together the scores associated 

with each physiological parameter, which can range from 0 to 22 (Table 12). There was not any 

proposed strategy to apply this risk assessment tool in a real-live set and no threshold values with 

respective clinical response were recommended (Churpek et al., 2012). 
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Table 12: CART score (M. M. Churpek, Yuen and Edelson, 2013). 

 0 4 6 8 9 12 13 15 22 

DBP 
(mmHg) 

>49 40-49 35-39   <35    

HR (bpm) <110 110-
139 

    >139   

RR (bpm) <21   21-23  24-25  26-29 >29 

Age <55 55-59   >69     

 

Table 13: Studies on the development and comparison of CART. 

Article 
“Derivation of a cardiac arrest prediction model 
using ward vital signs” (Churpek et al., 2012) 

“Risk stratification of hospitalized patients on the 
wards” (M. M. Churpek, Yuen and Edelson, 2013) 

Aim 

Develop a CART score to predict SCA. 

Compare the ability of CART to identify patients at 
risk of SCA and ICU admission with MEWS. 

Compare the ability of CART to identify patients at risk 
of SCA, ICU admission, death, and a composite 
outcome with MEWS, SEWS, ViEWS and MERIT 

Methodology 

Number of patients: 47427 

Number of SCA: 88 

Calculate AUROCs, sensibility and specificity for 
CART and MEWS, for SCA, and ICU admission. 

Number of admissions: 59643  

Number of SCA: 109 

Calculate AUROCs, sensibility and specificity for 
CART, NEWS, MEWS, SEWS, ViEWS and MERIT for 
SCA, ICU admission, death, and a composite 
outcome. 

Results 

AUROC CART (SCA): 0.84 

AUROC MEWS (SCA): 0.76 

Specificity of 89.9%: 

-sensitivity of 53.4% for CART score (cut-off >17)  

-sensitivity of 47.7%. for MEWS (cut-off >4)  

 

AUROC CART (SCA): 0.83 

 

Conclusion 
The CART score is simpler and detected SCA and 
ICU transfer more accurately than the MEWS. 

CART score was best for predicting SCA, ICU transfer, 
and a composite outcome SEWS, ViEWS, and CART 
score were similar for predicting death. 

 

3.1.6.  Machine Learning Models 

Although machine learning techniques are usually used in business analytics they can also be used to 

improve the accuracy and functionality of risk assessment tools by discovering relevant variables and 

how to use those variables, replacing traditional methods such as logistic regression (Liu et al., 2015; 

Churpek et al., 2017).  
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Table 14: Studies on the development and comparison of machine leaning techniques for building risk assessment 

tools to predict SCA. 

Article 

“Manifold ranking based 
scoring system with its 
application to cardiac arrest 
prediction: A retrospective 
study in emergency 
department patients” (Liu et 
al., 2015) 

“Prediction of adverse 
cardiac events in 
emergency department 
patients with chest pain 
using machine learning for 
variable selection” (Liu et 
al., 2014) 

“Multicenter Comparison of Machine 
Learning Methods and Conventional 
Regression for Predicting Clinical 
Deterioration on the Wards”(Churpek et al., 
2017) 

Aim 

Develop a novel scoring 
system for predicting SCA 
within 72 h. 

Compare the accuracy of the 
model against a geometric 
distance scoring system for 
SCA prediction within 24 h. 

Select the most relevant 
variables for risk prediction 
of MACE using clinical signs 
and HR variability. 

Compare the accuracy of different 
techniques for detecting a composite of 
outcome of SCA, ICU admission or death 
(logistic regression, tree-based models, K-
nearest neighbours, support vector 
machine and neural network) with MEWS. 

Methodology 

Number of patients: 1025 

Number of SCA: 52 

The scoring system was 
developed based on a semi-
supervised learning algorithm, 
manifold ranking. 

Calculate AUROCs, sensitivity, 
specificity, PPV and NPV for 
model and geometric distance 
scoring system. 

Number of chest pain 
patients: 702 

Number of MACE: 29 

Relevant variables were 
selected with a random 
forest-based novel method. 

Calculate AUROCs, 
sensitivity and specificity for 
sets of variables. 

Number of admissions: 269999 

Number of SCA: 424 

Calculate AUROC for each method for 
combination of all outcomes. 

Results 

AUROC for model: 

Balanced data-set: 0.907 

Imbalanced data-set: 0.774 

AUROC for geometric 
distance scoring system: 

Balanced data-set: 0.824 

Imbalanced data-set 0.734 

AUROC for model with SBP, 
RR and HR: 0.812 

AUROC for model with all 
the 23 variables: 0.736 

 

AUROC (CI 95%) (All outcomes) for: 

Random forest: 0.801 (highest) 

MEWS: 0.698 (lowest) 

Conclusion 

The model performed better 
then geometric distance 
scoring system in terms of 
AUC and sensitivity on both 
balanced and imbalanced 
datasets. 

Many predictors do not 
necessarily guarantee 
better prediction results. 

 

All machine learning methods were more 
accurate than traditional logistic regression 
for predicting clinical deterioration on the 
wards (MEWS). 
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3.1.7.  Other developed tools 

Article 

“The identification of 
risk factors for cardiac 
arrest and formulation 
of activation criteria to 
alert a medical 
emergency team” 
(Hodgetts et al., 2002) 

“Using electronic 
health record data to 
develop and validate 
a prediction model 
for adverse 
outcomes in the 
wards” (Churpek et 
al., 2014) 

“Utility of commonly 
captured data from an 
EHR to identify 
hospitalized patients at 
risk for clinical 
deterioration.” (Kho et al., 
2007) 

“Predicting out of 
intensive care unit 
cardiopulmonary arrest 
or death using 
electronic medical 
record data.”(Alvarez 
et al., 2013) 

“Decision-tree early 
warning score 
(DTEWS) validates 
the design of the 
National Early 
Warning Score 
(NEWS)” (Badriyah 
et al., 2014) 

“Real-Time Risk 
Prediction on the 
Wards: A 
Feasibility Study” 
(Kang et al., 
2016) 

“Can binary early warning 
scores perform as well as 
standard early warning 
scores for discriminating a 
patient's risk of cardiac 
arrest, death or 
unanticipated intensive 
care unit 
admission?”(Jarvis et al., 
2015) 

Aim 

Create activation 
criteria to alert a 
clinical response 
culminating in 
attendance by a MET.  

Evaluate the 
sensitivity and 
specificity of the 
scoring system. 

Derive and validate a 
prediction model for 
SCA and ICU 
admission using EHR 
(vital signs, 
laboratory results, 
and patient 
characteristics). 

Create MEWS for non-ICU 
inpatients using vital signs, 
age, and body mass 
index.  

Compare the ability of 
MEWS to identify 
combined SCA, 
unanticipated ICU 
admission or death with 
current RRT activation 
strategy. 

Derive an automated 
prediction model 
based on EHR data to 
identify patients at high 
risk of SCA, acute-
respiratory 
compromise and death 
(RED events).  

Compare the 
performance of the 
model to MEWS and 
current RRT activation 
strategy. 

Develop a EWS by 
algorithmically 
using Decision Tree 
analysis. 

Compare the 
performance of 
NEWS to DTEWS. 

Evaluate ability of 
electronic CART 
(eCART) based 
on EHR to 
predict SCA and 
ICU admission. 

Compare timing 
and sensitivity of 
eCART with RRT 
activation for 
SCA or ICU 
admission. 

Develop a binary simpler 
version of 36 existing 
EWSs.  

Compare the performance 
of 36 standard EWSs to 
corresponding 36 binary 
EWSs for predicting SCA, 
unanticipated ICU 
admission, death, and any 
of the outcomes, all within 
24h.  

 

Methodology 

Number of SCA 
patients: 118  

Number control 
patients: 132  

Risk factors were 
identified from 
retrospective review of 
SCA case files and the 
Bonferroni procedure 
was used to identify 
significant predictors 
of SCA (4 symptoms, 
8 physiological 
changes, and 9 
biochemical changes). 

Number of 
admissions: 56649  

Number of SCA: 109  

Extract potential 
predictor variables 
from EHR and 
evaluate 
predictability.  

Calculate AUROCs, 
sensibility and 
specificity for ViEWS 
and derived model 
for SCA and ICU 
admission within 24h.  

Number of patients: 1878 

Number of adverse 
events: 50 

Scoring system based on 
the previously validated 
MEWS. 

Calculate the 
sensitivity/specificity score 
cutoffs of MEWS and the 
current RRT activation to 
predict a combination of 
SCA, unanticipated ICU 
admission or death.  

Number of patients 
(derivation): 3624 

Number of RED 
events (derivation): 
298 

Number of patients 
(validation): 3792 

Number of RED 
events (validation): 
287 

Model developed by 
literature review and 
expert clinical opinion.  

Number of 
episodes: 35585 

Number of SCA: 
199 

Weightings and 
ranges of DTEWS 
obtained by the 
Decision-tree 
technique. 

Calculate AUROCs 
for DTEWS and 
NEWS for SCA, 
unanticipated ICU 
admission, death, 
and any of the 

Number of 
episodes: 5925 

Number of SCS: 
10 

Timing and 
sensitivity of 
eCART activation 
were compared 
RRT activation 
for patients who 
experienced a 
SCA or ICU 
transfer. 

 

Number of episodes: 68576 

Number SCA: 325  

Truncate 36 published 
‘standard’ EWSs so that, for 
each component, only two 
scores were possible: 0 
when the standard EWS 
scored 0 and 1 when the 
standard EWS scored 
greater than 0.  

Calculate AUROCs, 
sensitivity, PPV and NPV 
for 36 standard EWSs and 
corresponding 36 binary 
EWSs for SCA, ICU 
admission, death, and any 
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The weighting criteria 
for each parameter 
was decided by an 
expert panel (value 
between 0 and 4). 

Calculate ROC of the 
cumulative scoring 
system for the 
activation of MET. 

 Calculate AUROC for 
MEWS.  

 

Identify candidate 
predictors of RED 
events using univariate 
logistic regression.  

Calculate AUROCs for 
the model and MEWS 
for RED events. 

outcomes, all within 
24h.  

Calculate efficiency 
curve for DTEWS. 

of the outcomes, all within 
24h.  

 

Results 

ROC analysis 
determined that a 
score of 4 has 89% 
sensitivity and 77% 
specificity for cardiac 
arrest; a score of 8 
has 52% sensitivity 
and 99% specificity. 

Score above 8 call 
MET; under that value 
there where specific 
re-assessment of 
parameters depending 
on score. 

AUROC for derived 
model: 

SCA: 0.88 

ICU admission: 0.77 

AUROC (95% CI) for 
ViEWS: 

SCA: 0.78 

ICU: admission 0.73 

 

AUROC MEWS (all 
outcomes): 0.72  

A cutoff score of 4 or 
greater would result in 
identification of an 
additional 20 patients over 
the 7 patients identified by 
the current method of RRT 
activation. 

AUROC derivation (CI 
95%): 0.87 

AUROC validation (CI 
95%): 0.85 

AUROC MEWS (CI 
95%): 0.75 

 

AUROC (95% CI) 
for DTEWS:  

SCA: 0.708 (0.669–
0.747) 

ICU admission: 
0.862 (0.852–
0.872) 

Death: 0.899 
(0.892–0.907) 

 

ROC for eCART 
(SCA): 0.88  

 

Results to extensive to be 
presented: see 
“Conclusion”. 

Conclusion 

The resulting tool had 
both sensitivity and 
specificity for SCA. 

The model was more 
accurate than the 
ViEWS for detecting 
both outcomes. 

 

MEWS compared 
favorably to other scoring 
systems 

Model was superior to 
both MEWS and the 
human judgment-
driven RRT for 
identifying RED. 

 

The structures of 
DTEWS and NEWS 
were very similar, 
but the last one is 
more time 
consuming to 
develop. 

 

eCART identified 
significantly more 
SCA and ICU 
admissions than 
standard RRT 
activation.  

 

The binary EWSs had 
lower AUROCs than the 
standard EWSs in most 
cases, although for some 
the difference was not 
significant. The 
performance of binary 
NEWS is only exceeded by 
that of standard NEWS.  



34 
 

3.1.8.  Final Considerations 

There is an increasing number of risk assessment tools developed to detect early signs of deterioration 

that can lead to adverse events such as SCA, ICU admission or death. Most tools are validated for all 

outcomes and only one of them, CART, was developed with focus on SCA, being later tested for ICU 

admission, death and combination of outcomes. 

The most used method for making a comparison between risk assessment was AUROC, even if almost 

all samples had imbalanced data (high ratio between number of patients/episodes/admissions and 

number of SCA). Additional comparison methods were efficiency curve, sensibility, specificity, PPV and 

NPV. In all the studies where the value of AUROC for SCA was calculated for a certain model, this value 

was always lower that the AUROCs calculated for the remaining outcomes, for the same model. 

Comparison between traditional methods, such as logistic regression, and machine learning methods 

showed that the latter can be more accurate for studying and implementing real-time prediction tools 

and should be further explored (Churpek et al., 2017). 

3.2. Clinical Practice Guidelines 

According to the definition proposed by Field and Lohr in 1990, clinical practice guidelines “are 

systematically developed statements to assist practitioner and patient decisions about appropriate 

health care for specific clinical circumstances” (Field and Lohr, 1990). Some of the recommendations 

included in these guidelines depend on risk calculations to make decisions (North, Fox and Chaudhry, 

2016). There is a great number of clinical practice guidelines than have been addressed by different 

societies and organizations on the matter of SCA. In this review the focus is going to be the latest 

guidelines on the matter developed by the ESC, AHA, European Resuscitation Council (ERC) and 

Portuguese organizations. 

The “2015 ESC Guidelines for the management of patients with ventricular arrhythmias and the 

prevention of sudden cardiac death” where developed by the ESC and represent the current ideas of 

ESC on the topic, based on evidence level of scientific and medical knowledge at time of publication. 

These guidelines are regularly updated, being the 2015 version the most recent on the matter. The focus 

of this document is the prevention of SCD, especially in the diseases that predispose to SCD, risk 

evaluation scheme and treatment, always taking into account comorbidities, influence on quality of life 

and expected longevity (Priori et al., 2015). 

In 2015, the AHA released “2015 AHA Guidelines Update for Cardiopulmonary Resuscitation and 

Emergency Cardiovascular Care”, which is divided in 14 chapters. These guidelines are also subjected 

to periodic reviews in which the main focus can slightly change. This version has a new part compared 

with the 2010 version in which the emphasis are the processes necessary for measure and improve 

patients’ outcomes and healthcare quality, in and out the hospital (AHA, 2015). 
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The European Resuscitation Council includes 33 National Resuscitation Councils and develops 

standards for resuscitation guidelines. The last version was released in 2015, as an update of the 2010 

guidelines, and is divided in 10 individual sections (Monsieurs et al., 2015).  

Conselho Português de Ressuscitação is the Portuguese representative of ERC and provides courses 

on resuscitation that are based on the European guidelines. This association translates these guidelines 

to Portuguese, which are available in their website, allowing to spread the knowledge about best-

practices in Cardiology (CPR, 2016). Additionally Direcção Geral da Saúde (DGS), which is a central 

service of the Portuguese Ministry of Health, is responsible for producing standards and guidelines for 

a certain topic on health based on the contributions of scientific societies, experts on different areas and 

other members, which are then verified by the Committee for Good Clinical Practice (DGS, 2016). 

Although no standards or guidelines were identified for SCA alone is important to mention a standard 

released in 2010 for the development and implementation of an in-hospital MET, in which is mentioned 

the importance of detecting signs of deterioration (not exclusively to prevent SCA) and purpose a single-

parameter of activation criteria for the activation of the MET (DGS, 2010). 

Table 15: Topics mentioned on each chapter of each clinical practice guideline on SCA and risk assessment. 

Executive summaries, paediatric and neonatal related chapters were excluded. The remaining chapters that did not 

contain any of the relevant topics were omitted. 
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2015 ERC Guidelines for 
Resuscitation  

Section 3. Adult advanced life 
support. (Soar et al., 2015) 

     

Section 4. Cardiac arrest in special 
circumstances (Truhlář et al., 2015)      

Section 10. Education and 
implementation of resuscitation 

(Greif et al., 2015) 
     

2015 ESC Guidelines for the management of patients with ventricular 
arrhythmias and the prevention of sudden cardiac death (Priori et al., 2015) 

     

2015 AHA Guidelines Update for 
Cardiopulmonary Resuscitation and 

Emergency Cardiovascular Care 

Part 4: Systems of Care and 
Continuous Quality Improvement 

(AHA, 2015) 
     

Part 14: Education (AHA, 2015)      

 

2015 ESC guidelines mention that around 50% of SCA happen in individuals without a known but 

concealed heart disease, so one of the ways to prevent SCA is to quantify the individual risk of 

developing these diseases based on risk scores of and control of risk factors. Overall there is a focus 

on risk-stratification of SCA by disease with connection with other known marker of SCA for those 
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diseases. Genetics is not currently used in daily clinics but is thought to be a promising way of quantifying 

individual risk of SCA at an early age.  

Both 2015 AHA and 2015 ERC the existence of EWS tools to identify patients deteriorating and 

respective response of emergency teams to deterioration, specifying MEWS. They also state that 

composite risk scores have a better discrimination for patients deteriorating then single-parameter 

criteria (AHA, 2015; Greif et al., 2015).  

3.3.  Methods for evaluation of binary problems 

Although most of the studies reviewed for comparison between risk assessment tools used as a 

comparison method AUROC it may not be the most informative method, especially because almost all 

samples had imbalanced data. Additional comparison methods used were efficiency curve, sensibility, 

specify, PPV and NPV. The purpose of this section is to review articles that made a comparison between 

ROC and PR curves evaluate binary classification problems with imbalanced datasets, ideally for EWS 

validation and comparison. Additional methods might be identified. The articles were searched in several 

scientific databases, such as PubMed. 

3.3.1.  Problem of using ROC and other metrics for skewed 

classes 

A data set is considered imbalanced if one of classes (minority class) contains a much smaller number 

of observations than the other class (majority classes). The problem is that the minority class is usually 

the main interest in models. Having a skewed class distribution can cause a misinterpretation of 

evaluation measures such as ROC (Bekkar, Djemaa and Alitouche, 2013). ROC curves are not sensitive 

to the ratio of positives and negatives in a distribution (Figure 13). Considering our problem, the 

predictive performance values will depend on the prevalence of the outcome that is being predicted in 

the study population, even if the pair sensitivity/1-specificity remain the same (Florkowski, 2008).  

 

Figure 13: ROC curves for models tested with 3 different data sets with ratios positive/negative varying from 0.4, 

0.1 to 0.01 (Beger, 2016). 

AUROC, likelihood ratio and specificity are metrics that are usually used to evaluate the performance of 

a EWS; however, they are not appropriate because they do not take into account information on the 

prevalence of the positive event. Events that EWS try to predict usually have a low prevalence, specially 
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SCA, which means that using one of the previously mentioned metrics to evaluate the performance of 

a EWS system might result in an overestimation the benefits of using such system. Other problem with 

using AUROC as metrics is that it gives a summary value of all different cut-off values, most of which 

may not even be used, or have a clinical applicability, for practice. This shows the need to analyze cut-

off points individually when they seem interesting (Romero-Brufau et al., 2015). 

3.3.1.  Alternative methods to ROC 

To overcome this issue, one can compare FP to the total number of TP given by a model for a given 

threshold and see the effect of having a large number of negative observations in the performance of 

the model by plotting a PC curve (Figure 14) (Davis and Goadrich, 2006; Beger, 2016). Studies suggest 

that PR is the most informative plot for skewed datasets (Saito and Rehmsmeier, 2015). 

 

Figure 14: PR curves for models tested with 3 different data sets with ratios positive/negative varying from 0.4, 0.1 

and 0.01 (Beger, 2016). 

Additional metrics that evaluate the number of events an EWS can correctly predict (sensitivity) and the 

workload can be plotted together and compared, always taking into account the low prevalence of the 

event that is meant to be predicted. The last ones include precision, number needed to evaluate (NEE) 

and the rate of alerts. It is recommended that this metrics are evaluated individually for each cutoff value 

(Romero-Brufau et al., 2015). 

It was also recommended that when evaluating the performance of EWSs the goals of implementing 

that system are well defined because there is always going to be a tradeoff between the detection of a 

greater number of events and the overwork it would create, which will consequently influence the cut off 

values for that test. The most used evaluation method in literature is ROC, which means that in studies 

with imbalanced data changing the main evaluation method to PR would probably change the results. 

A study reanalyzed the performance of a classifier from an already published study on a microRNA gene 

discovery algorithm (MiRFinder) and clearly showed the differences on performance on both ROC and 

PR for several types of datasets tested (Saito and Rehmsmeier, 2015). Other solution to deal with 

imbalanced data in binary classification problems is data resampling (Saito and Rehmsmeier, 2015). 
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4. Methodology 

In the previous chapters the importance of predicting in-hospital SCA and the tools that can be used for 

that purpose were described, as well as the issues that exist when trying to choose an EWS to implement 

in a certain healthcare organization by comparing it with other EWS. In this chapter a methodology is 

going to be proposed and divided into the three main purposes of this thesis, which should be followed 

sequentially as seen in Figure 15.  

The first step is to define evidence based and good practice methods to predict in-hospital SCA by 

analyzing information from three different sources: clinical practice guidelines, literature review on 

already developed EWS and comparison of the performance of EWS and clinical practice. Clinical 

practice guidelines and literature review on developed EWS were already assessed in chapter 3 

however they are fundamental to this step and their results will further be discussed together with results 

from clinical practice. Data on clinical practice from the setting in study will be acquired through the use 

of semi-structured interviews and surveys for healthcare professionals working in that same setting. This 

first step will help define which EWS system or systems will be tested in the following steps with NEWS, 

taking into account that it needs to be possible do calculate given the available parameters on EHR. 

The second step is to assess completeness of data in the EHR based on the documentation/ omission 

of the necessary parameters to calculate the scores of the chosen EWS systems. This knowledge will 

be useful not only to identify problems with data quality in EHR but also to validate the conclusions that 

can be taken from the following step. 

Finally, the third step is to make a comparison between the recently introduced tool to predict 

deterioration and other potentially better risk assessment tools. It was decided to make a comparison 

between NEWS and CART score, based on reasons that will be later explained. In order to do that two 

different main methods to evaluate binary classifiers will be used: ROC and PR. ROC curves are 

calculated because even though they have been declared as poorly informative for skewed data sets 

they are the method that most reviewed studies use (Saito and Rehmsmeier, 2015).  

Overall, the objective is to improve methods to evaluate and choose an EWS tools for in-hospital SCA. 

This contributes to current literature in comparison between EWS systems because provides a 

comparison between two EWS (NEWS and CART) that have never been compared against each other, 

specifically for predicting SCA. It is also the first study that uses PR curves as one of the metrics to 

compare EWS and not only ROC curves, as well as other metrics more appropriate to unbalanced data. 

Furthermore, this is also the first study to apply retrospectively EWS scoring to a dataset obtained from 

a Portuguese private healthcare setting.  

 



40 
 

 

Figure 15: Proposed methodology for this thesis. It is divided in the three main purposes (colour) of this thesis and 

should be followed sequentially. The steps to achieve each main purpose are also represented (white). 

4.1. Evidence based and good practice methods to 

predict in-hospital SCA 

The first step to evaluate if a certain risk assessment tool is the ideal to be implemented is to identify 

which other tools or methods exist, and how are they being compared against each other. To do that it 

was necessary to analyse three distinct sources: clinical guidelines, clinical practice and literature 

review.  

Clinical practice guidelines are supposed to contain up to date recommendations by level of evidence 

and condense scientific knowledge and specialist views on a subject at the time of its writing. Having 

such guidelines helps in the uniformization of care across different contexts and may be considered the 

“gold standard” of medical information (Field and Lohr, 1990). However, there are several organizations 

that focus on the development of such guidelines, such as what happens for guidelines related with SCA 

and resuscitation. Analysing these guidelines will allow the identification of the recommendations made 

by international and Portuguese organizations on the adoption of EWS systems, which type of EWS 

should be used, what should be the monitoring for different patients in different areas, which factors 

(such as comorbidities and patient characteristics) are predictors of a SCA, among others.  

Literature reviews helps establish which main conclusions than can be drawn from the studies that have 

been made about the area of study we are researching. The objective of the literature review was to 



41 
 

identify EWSs that could potentially have a better performance that NEWS in the context in study and 

that could be calculated with the parameters that Gllint EHR system had recorded, as well as 

comparison methods between such systems.  

The literature review on developed EWS, comparison of performance of several AWSS and of risk-

assessment of SDA recommendations on clinical practice guidelines was already conducted in Chapter 

3 and respective exclusion/inclusion criteria described so this step is going to be omitted from the 

methodology. 

Both semi-structured interviews and surveys were conducted to achieve a greater understanding on the 

monitoring strategies across different hospital units and on prediction tools for in-hospital SCA. 

Additionally, the information acquired during the semi-structured interviews and surveys to health care 

practitioners working at hospital CUF Infante Santo and/or hospital CUF Descobertas was used to 

classify practice on the context in study, assuming that the same units from the different hospitals, 

specially inside the same private healthcare group should function similarly. 

4.1.1.  Semi-structured interviews 

Initial unstructured interviews were conducted to introduce and discuss the scope of this thesis with JMS 

professionals and assess the present state of information technologies in their healthcare facilities. In 

these interviews patient safety in cardiology was one of the main focus, as well as the problems with the 

existing information systems and discard of possible useful information, from both clinical and 

management perspective. After some considerations the decision was to concentrate the work in in-

hospital SCA because it is an area with high potential to be improved, even if its frequency is lower than 

other cardiac related issues. 

In order to gain a better understanding about data acquisition methods in practice, clinical practice 

guidelines and needs/ challenges related with in-hospital SCA in its three stages (pre-SCA, inter-SCA 

and post-SCA) semi-structured interviews to the previews healthcare professionals were designed and 

conducted: 

• Nurse Rita Rego – Manager of the department of Risk Management and Patient Safety of JMS 

• Dr. Lídia Sousa – Cardiologist working at JMS health care facilities. 

Semi-structured interviews are a type of data collection method used. There are several types of 

interviews depending on the control that the interviewer has over the meeting. In semi-structured 

interviews there is a guide of questions and topics to be followed, nevertheless the interviewer must use 

probes depending on which direction each answer is taking to guarantee that the respondent covers all 

the question, maintaining a standardized collection of data. There can be descriptive questions, that 

may provide views that the researcher had not tough about; structural questions, that are more direct 

then the previous ones; and contrast questions, to understand what a certain concept by comparing it 

with different ones. Ideally, interviews should be conducted in teams of two, each one with a different 

role: interviewer and note-taker. The interviewer needs to maintain neutrality and the respondent 

engaged in the interview. Although sometimes recorders may be used is important to understand that 



42 
 

some aspects of the answers can be transmitted in a non-verbal way (Margaret C. Harrell; Melissa A. 

Bradley, 2009). The semi-structured interview script can be consulted in Appendix A. 

4.1.2.  Surveys on in-hospital monitoring and risk 

assessment tools for SCA  

A survey was conducted in order to characterize level and characteristics of monitoring by hospital area, 

given that SCA can happen virtually in any place, and characterize knowledge on timely identification of 

signs of deterioration of the patient, with special focus on risk assessment tools. Surveys are another 

method of data collection, consisting on a fixed sets of questions that can be, for example, conducted 

using web forms (Margaret C. Harrell; Melissa A. Bradley, 2009).  

The survey was developed using a web-based platform for collecting information in a user-friendly way, 

Typeform. This platform has the option of downloading the resulting data as an Excel or CSV file or 

analyze directly data with a tool that generates automatic reports (Typeform, 2017). For the present 

analyses the reports will be processed using Excel. The survey can be assessed and completed by 

consulting the web page https://joahag.typeform.com/to/T8wDNw or read in Appendix B. 

The target population for this survey were doctors and nurses from different hospital units that work in 

two hospitals managed by JML: Hospital CUF Infante Santo and Hospital CUF Descobertas. The 

objective was to get answers from at least one doctor and nurse working at three different units inside 

the hospital which had different monitoring levels and strategies. The decision of focusing on two 

hospitals instead of one was made to guarantee a higher number of answers and given that the hospitals 

belong to the same private healthcare group the same units from the different hospitals should ideally 

function similarly.  

4.2. Assessment of vital sign data completeness 

As it was previously mentioned completeness of EHR is one of the most reviewed dimensions of data 

quality in the literature, with studies revealing a clear degree of vital sign data incompleteness. Failure 

to identify patients deteriorating can be related to incomplete vital sign measurements (Stevenson et al., 

2016). In order to calculate a score using risk assessment tools is necessary to have access to a patient 

updated history, information and vital signs (or other parameters the risk assessment tool requires), 

which should be present in the EHR (Martins and Mealhada, 2016). Given that one of the objectives of 

this thesis is to compare the performance of two different EWSs using a provided data set is important 

to examine the documentation of vital signs in the EHRs of patients, with special attention to those who 

subsequently suffered a SCA. The completeness of vital signs documentation will be determined with 

respect to the EWS system that was implemented in two of the hospitals managed by JMS (Hospital 

CUF Torres Vedras and Hospital CUF Porto), NEWS, and other EWS system, CART. The reason for 

making the comparison between these, and only these, two EWS systems will be addressed in the next 

sub chapter.  
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4.2.1.  Data source and extraction 

This retrospective study was based in anonymized data acquired from the Glintt EHR nursing system 

(which means that the data was typed by hand by healthcare professionals and not thought automatic 

registry of monitoring equipment), from another hospital managed by JMS, hospital CUF Infante Santo, 

and contains all registries from March 2016 to May 2017 with measured parameters, not discriminated 

by hospital unit. Hospital CUF Infante Santo has a total of 145 beds (single rooms and wards), an ICU, 

surgical block with 9 rooms and 70 consulting rooms for the different medical specialties (CUF, 2017).  

The data on the patients that had suffered a SCA in that time period in Hospital CUF Infante Santo was 

made by doing a search by International Classification of Diseases (ICD)-9 codes on the Diagnosis 

Related Groups data base. It was only possible to assess data from controlled environments (e.g. ICU) 

and not from other hospital units, such as permanent service and emergency. ICD is a disease and 

health problems’ classification system used to facilitate the storage, retrieval and analyses of data 

acquired in different places and times, which translates words into alphanumeric codes. There are 

several versions of the ICD classification which have several differences between them (WHO, 2016). 

JMS healthcare facilities are currently using ICD-10 to classify diagnosis and health problems written in 

health records, but in the time period of the data used for this study the codification was made using 

ICD-9 codes. In order to retrieve the codes related with SCA the ICD online search tool was used, 

browsing the string “sudden cardiac arrest” and excluding results without relevancy for the subject 

(Table 16) (ICD9, 2009).  

Table 16: ICD-9 codes to identify in-hospital SCA (ICD9, 2009). 

 

4.2.2.  Data processing and filtering 

The data was exported as two CSV files. One of the CSV files contained patient identification number, 

birthday date, name of the parameter that was measure, code of the parameter that was measured, 

number of the episode (each patient could have had several episodes in the given timeframe), the date 

on each the parameter was measured, the hour at which the parameter was measured and the value of 

ICD-9 Code Description, Inclusion and Exclusion Criteria 

997.1 Cardiac complications 

 

Cardiac: 

arrest during or resulting from a procedure 

insufficiency during or resulting from a procedure 

Cardiorespiratory failure during or resulting from a procedure 

Heart failure during or resulting from a procedure 

V12.53 Sudden cardiac arrest Sudden cardiac death successfully resuscitated 

799.1 Respiratory arrest Cardiorespiratory failure 
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that parameter. The second CSV contained the patient identification number, patient age, patient sex, 

name of the parameter that was measure, code of the parameter that was measured, number of the 

episode and other additionally information that was not used, only for patients that had suffered a SCA. 

All processing and analysis was performed with RStudio, version 1.0.153 software package (RStudio 

Team, 2015). 

Using the birthday date of each patient it was determined the age of each patient at the time of the 

episode. Given that some patients had their birthday dates during an episode the value that was used 

for statistical purposes was the age the patients had in the beginning of an episode; because a patient 

can have several episodes in a timeframe for demographics the age that is going to be considered is 

the age they had in the first measured parameter, in the first reported episode. Given that there was not 

more information on admissions it was assumed that the date in which an episode began was the date 

in each the first parameter was measured. The date on each of the parameters that was measured and 

the hour at which the parameter was measured were used to calculate a timestamp.  

Some tests were made to find possible inconsistencies in the data, such as the birthday date of a patient 

being lower than any of the dates registered for that patient’s measurements and having impossible or 

very improbable ages or values for a given parameter. 

Given that NEWS is only applicable to people older than or 16, and that there was no information about 

age restrictions for CART, all patients younger than 16 were excluded from the sample (Royal College 

of Physicians, 2012). The parameters with interest for calculating NEWS and CART were HR, 

Temperature, Glasgow Scale, SBP, DBP, RR SO2 and SO2 (Therapeutic). Age is also one of the 

parameters used for calculate CART score but is available for all patients. 

4.3. Comparison between implemented and 

literature EWS tools 

As it was previously discussed there are already many scoring systems to activate emergency teams or 

direct patients to an ICU based on changes of physiological parameters (Churpek et al., 2012). The 

ideal trigger system should provide a maximum discrimination of patients’ outcomes at a lowest trigger 

rate, however there is not any system classified as the “golden-standard” for identifying a patient 

deteriorating (Rothschild et al., 2010; Smith et al., 2016). Also, accuracy of the developed tool depends 

on the outcome that was used for its validation, so if one wants do predict SCA the model in use should 

have been validated for that propose (M. M. Churpek, Yuen and Edelson, 2013). 

NEWS was recently implemented in two hospitals managed by JMS, Hospital CUF Torres Vedras e 

Hospital CUF Porto. Despite being a well-reviewed tool to identify patients deteriorating and providing a 

complete protocol to follow it has not been tested in a Portuguese private healthcare context. As this 

thesis focus on the prevention of SCA and with the previews knowledge that AWSS seem to have a 

better discriminating ability then single-parameter tools (Subbe et al., 2006; Albert and Huesman, 2011; 

Mathukia et al., 2015) it was decided to make a comparison between NEWS and CART score, an AWSS 
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developed to predict specifically SCA and that could be calculated using the available data. CART score 

proved to be better than SEWS, ViEWS and MEWS at predicting SCA in some studies (Churpek et al., 

2012; M. M. Churpek, Yuen and Edelson, 2013). 

Although there are several comparison articles on risk assessment tools (some tools were even 

validated by comparison with previous tools) no comparison study between NEWS and CART score 

were found when reviewing literature, for neither outcome (SCA, ICU admission or death). Additionally, 

the tool that is most used in literature to evaluate EWS, ROC, provides poor information when dealing 

with unbalanced data, which is the present situation. It is recommended in literature that PR should be 

used instead, although changing the main evaluation method to PR would probably change the results 

of many other studies (Saito and Rehmsmeier, 2015). 

The purpose of this section was to compare the accuracy of NEWS and CART score to predict SCA 

using different methodologies and the same database. 

To maintain the same sample to test both CART and NEWS it was necessary to remove every episode 

in which there was not at least one vital sign to calculate each score.  

4.3.1. Calculate NEWS and CART scores 

To do a retrospective calculus of NEWS and CART two functions were developed and implemented 

using RStudio version 1.0.153 software package (RStudio Team, 2015) and the data that was previously 

processed. Additionally, all the episodes for which there was not at least one value to calculate NEWS 

or CART score were excluded from the sample.  

The parameters required to measure CART are DBP, HR, RR and age, which was derived as previously 

explained (Table 12). Given that age is available for all the episodes it was possible to calculate CART 

for all the episodes. 

The parameters required to measure NEWS are HR, Temperature, APVU Scale, SBP, RR, SO2 and if 

the patient had received any supplemental oxygen (Figure 13). It was considered that all the episodes 

for which there was a measurement of SO2 (Therapeutic) were the ones in which the patient had 

received any supplemental oxygen. Which means that all episodes had information on this parameter: 

if there was not a measurement for SO2 (Therapeutic) it would mean that no oxygen had been 

administered in the duration of that episode .The scale used to assess the level of consciousness in the 

provided sample was the Glasgow Coma Scale (GCS) instead of the AVPU scale so a correlation table 

between AVPU outcomes and GCS scores found in literature was used (Table 17) (Nedea, 2017). 
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Table 17: Correlation between AVPU and GCS scores (Nedea, 2017). 

AVPU GCS 

Alert 13 – 15 

Voice response 9 – 12 

Pain response 4 – 8 

Unresponsive 3 

 

If there were no previous values for a measurement in an episode, then a median value was imputed, 

which means that that parameter would contribute with a score of 0 for the overall score. This strategy 

was used in other articles related with EWS (M. M. Churpek, Yuen and Edelson, 2013). 

Given that the measurements in the dataset provided were not acquired systematically with the same 

time period between them and that different episodes may have different parameters measured with 

different frequencies, differently from previous studies (Smith et al., 2016), the functions that calculated 

NEWS and CART score were designed to pair measurements by how close they were in time in order 

to add the scores associated with those measurements. Specifically, it started with the parameter that 

was measured more frequently for a given episode, then paired each one of those measurements with 

the nearest measurement in time for the second parameter that was measured more frequently and so 

on, providing a complete set of all the scores that could have been calculated for that episode. For the 

purpose of this thesis only the maximum value among sum of those values was selected, which means 

that in the end each episode would be paired with only one NEWS score and one CART score, that 

would be the maximum value of all the overall scores calculated for that episode. It is guaranteed that 

the number of episodes for which is possible to calculate NEWS is the same as CART, which allows a 

proper comparison between them. 

After calculating NEWS and CART score for all the episodes in the data set it was necessary to know in 

which of those episodes a SCA had happen. To do that the episodes from the dataset that contain 

information on patient who suffered SCA were matched with the episodes for which NEWS and CART 

score were calculated. Given that in a binary decision problem where data used is imbalanced the 

minority class is labeled as positive and the majority class is labeled as negative the minority class is 

going to be the set of episodes in which the patient suffered a SCA (attribute value 1) minority class is 

going to be the set of episodes in which the patient is not known to have suffered a SCA (attribute value 

0) (Bekkar, Djemaa and Alitouche, 2013). 
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4.3.2.  Statistical analysis 

In order to calculate ROC and PR plots for NEWS and CART score, as well as the respective areas 

under the curve, the ROCR package was used. ROCR is a package developed to visualize and evaluate 

the performance of scoring classifiers in R language. The tools allow the graphic visualization of the 

several cut-off points in both ROC and PR plots, as well as knowing easily the pairs of points used to 

construct each curve (Sing et al., 2005). All analysis was again performed using RStudio, version 

1.0.153 software package (RStudio Team, 2015). 

Given that NEWS has already well-defined cut-off points to take action a careful analysis is going to be 

made for the thresholds for medium (score higher than 5) and high risk (score higher than 7), specifically 

comparing how sensitivity, specificity and precision are affected in comparison with several cut-off points 

for CART score, which does not have proposed cut-off values. Additionally, the number of episodes that 

needs to be further evaluated (NNE) to detect an outcome of SCA and the trigger rate, which is going 

to be represented as the number of triggers per number of monitored episodes, are also going to be 

determined (Romero-Brufau et al., 2015). The trigger rate that is going to be calculated does not account 

for all the triggers that would happen in a real-life situation; given that each CART and NEWS score 

considered represent the maximum value that would have been measured during all the episode the 

trigger rate will only inform about the number of episodes in which there would have been some sort of 

trigger. Comparing NEWS and CART score performance using only the areas under the curve would 

only give information on the family of models, one for each cut-off value, even if some cut-off values are 

never going to be used in clinical practice for lack of relevance.  
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5. Results and Analysis  

In this chapter the results of applying the previous described methodology are going to be presented. 

The chapter is divided as the previous section, where a brief summary of the most relevant information 

acquired qualitatively from semi-structured interviews and surveys is going to be presented, followed by 

the assessment of the completeness of data on the parameters necessary to calculate NEWS and CART 

in the EHR and finally the comparison between NEWS and CART scores applied to the dataset in study, 

using different comparison methods for binary classifiers.  

5.1. Semi-structured interviews 

The semi-structured interviews were logically divided in three sections, which corresponded to the three 

stages of in-hospital SCA: pre-SCA, inter-SCA and post-SCA. As it was previously mentioned the focus 

of this thesis was the period before an in-hospital SCA and how data acquisition or availability of patients’ 

parameters can influence its prediction, so the results presented will be concentrated on the pre-SCA 

section. 

It was agreed in both interviews that the places in the hospital where is more frequent to happen a SCA 

are the ICU and the Emergency Room (ER), although it can happen everywhere. In an ICU there is the 

possibility of having a continuous monitorization, while in an ER the decision to monitor or not a patient 

depends on his necessities; overall the frequency of monitoring is always based on the patient’s clinical 

condition. The monitoring of vital signs was related with EWS, which was said to be in use in only some 

healthcare facilities managed by JMS. It was also mention that monitors can provide triggers based on 

user defined individual parameters values, some of which are already pre-defined for type of patient 

(e.g. adults vs. children). Emergency teams do not usually assist units such as the ICU and the criteria 

used to call them is defined by DGS guidelines (DGS, 2016). Both AHA and ERC guidelines for SCA 

and resuscitation were mentioned.  

A clear distinction was made between the EWS, which are used by nurses to identify signs of 

deterioration, and scoring systems for cardiac diseases, that give the probability of a patient with a 

previously known cardiac disease having a SCA or other cardiac event and are used in medical practice. 

This is usually a well-controlled group, being more challenging predicting SCA events in patients with 

no previously known cardiac disease in unmonitored areas.  

Although the focus of this thesis was pre-SCA, there are some important notes. It was said that is not a 

trivial task to identify retrospectively patients that had a SCA, unless there is clear codification (e.g. ICD-

9, ICD-10) that specifies it. The moment in which a SCA is identified and the posterior reanimation 

process is a stressful period, where the registry of any information is done afterwards and greatly 

depends on the professional/professionals responsible for the introduction of such data. There is a need 

to standardize information for posterior analysis and more efficient ways to register such data. 
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5.2. Surveys 

After extracting the resulting set of answers from the web-based platform as an Excel file it was analyzed 

using Excel. It was possible to obtain five responses: two from a doctor and a nurse working in 

permanent service (low level monitoring), two from a doctor and a nurse working in an ER (medium level 

monitoring) and one from a doctor working at an ICU (high level monitoring).  

All five respondents acknowledged that the measurements of vital signs acquired were registered in the 

EHR; additionally, data acquired in the ICU was also registered in a monitoring central. While in 

permanent service and ER the data was said to be registered by nurses, in the ICU it can be directly 

imported from the monitors, being afterwards validated by the nurses. In the ICU, monitoring can be 

continuous or periodic, depending on the patient needs; on ER and permanent service the decision to 

have or not periodic monitoring ant its frequency also depends on the patient’s clinical condition. In all 

three units there is the possibility of measuring HR, RR, Temperature, SPO2, GCS, SBP, and performing 

ECGs; additional parameters were mentioned such as capnography, pulse wave reflex, glycaemia, and 

ketonemia.  

80% of the respondents knew what an EWS was. The percentage of responders who knew each type 

of EWS is shown in Figure 16. 

 

Figure 16: Percentage of responders who knew each EWS. 

All respondents considered that the introduction of an EWS in their respective unit would be useful, 

however it was mentioned that it should be implemented as an automatic process that would retrieve 

data directly from an EHR system and would not require multiple registries of the same data by 

healthcare professionals. It was also said to be a good way of increasing patient safety, early recognition 

of potential deaths and comparison between objective data for later analysis. 

About the parameters that should be included in a potential EWS all the respondents mentioned vital 

signs and level of conscience (that can be measured by GCS), and one of them even stated that the 

parameters should be the same as in NEWS. Another one added glycemia as a possible parameter to 

included. 
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Finally, the measures mentioned as potential improvements of outcomes and patient safety related with 

SCA focused on the prevention of such events, the uniformization of practice, the systematic retrieval 

of data to be able to calculate EWS and the existence of trained emergency teams. Having automatic 

triggers based on an EWS scale to alert emergency teams was also said to be a positive measure. 

5.3. Assessment of vital sign data completeness 

The initial dataset provided contained measurements of different parameters for 33863 patients and 

51181 episodes. After filtering patients by age, the dataset contained 29111 patients and 43950 

episodes. These are going to be considered when assessing completeness of data. After the final 

filtering by parameters of interest, the dataset contained 26367 patients and 39340 episodes, meaning 

that some patients had more than one episode during the time period in study. Of this data set 9 had a 

registered SCA.  

Table 18: Distribution of patients and patients that suffered a SCA by age group, for the final filtered dataset. 

Age Group, years Frequency of patients, n (%) Frequency of patients that suffered SCA, n (%) 

(16,26] 3183 (12.0) 0 (0.0) 

(26,36] 4236 (16.0) 0 (0.0) 

(36,46] 4987 (18.8) 1 (11.1) 

(46,56] 4030 (15.2) 1 (11.1) 

(56,66] 3918 (14.8) 4 (44.4) 

(66,76] 3265 (12.3) 2 (22.2) 

(76,86] 2158 (8.1) 1 (11.1) 

(86,96] 710 (2.7) 0 (0.0) 

(96,106] 27 (0.1) 0 (0.0) 

 

After, the number of episodes in which a specific parameter (needed to calculate NEWS or CART) had 

been recorded at least once was calculated for the all sample and for the individuals who suffered a 

SCA. Given that there were patients which had several episodes during the time period in study it was 

decided to show the analyses considering each episode as an individual event, not taking into account 

at which patient it belonged. Each episode in which a SCA was registered belonged to different patients, 

so in this case the number of patients and number of episodes was the same.  

Table 19 shows the completeness (documentation present) and omission (documentation not present) 

of each parameter in the given data set, filtered just for age. It is important to notice that it was not 

possible to evaluate completeness related with the recommend frequency of measurements of each 
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parameter by place in the hospital and patient condition. It this considered that a parameter is 

documented for a certain episode if there is at least one registry for that parameter.  

The percentage of episodes within which the parameters were recorded at least once ranged from 0.9 

% (SO2 (therapeutic)) to 81.7% (Temperature). All parameters except temperature were recorded in less 

than 60% of the episodes, with RR having a particular low level of documentation (1.4%). SO2 

(therapeutic) is a parameter for which is not possible to give a proper interpretation on completeness 

because it was assumed that each episode which had a measurement for this parameter had received 

additional oxygen and the remaining did not. HR, temperature, DBP and SBP were recorded for all the 

episodes with a registered SCA. Similarly to the overall sample, one of the parameters with the lowest 

documentation level for episodes with a registered SCA was RR (11.1%). 

Table 19: Number of episodes, n (%), in which each parameter was or was not documented in the EHR, for overall 

sample and for episodes with registered SCA, and medium value and standard deviation of the values of each 

parameter. 

Parameter Documented, 
n (%) 

Not 

Documented, n 
(%) 

Documented for 

SCA, n (%) 
Not Documented 

for SCA, n (%) 
Mean 

Value 

Standard 
Deviation 

Glasgow Scale 23739 (54.0) 20211 (46.0) 7 (77.8) 2 (22.2) 14.52885 1.502517 

HR (bpm) 20140 (45.8) 23810 (54.2) 9 (100.0) 0 (0.0) 76.25407 14.82197 

RR (bpm) 613 (1.4) 43337 (98.6) 1 (11.1) 8 (88.9) 24.05074 21.65988 

SO2 (mmHg) 5499 (12.5) 38451 (87.5) 5 (55.6) 4 (44.4) 96.15275 4.149112 

SO2 

(therapeutic) 
(mmHg) 

374 (0.9) 43576 (99.1) 0 (0.0) 9 (100.0) 95.71809 7.643056 

Temperature 
(°C) 

35925 (81.7) 8025 (18.3) 9 (100.0) 0 (0.0) 36.49443 0.7231863 

DBP (mmHg) 13722 (31.2) 30228 (68.8) 9 (100.0) 0 (0.0) 68.95232 14.34039 

SBP (mmHg) 13754 (31.3) 30196 (68.7) 9 (100.0) 0 (0.0) 126.5276 22.28697 

 

A total of 4610 episodes (10%) had none of the necessary parameters to calculate CART or NEWS, 

with the exception of age and the lack of SO2 (therapeutic). These will not be considered for the 

remaining analyses. 

For the remaining episodes the majority of episodes had only one parameter measurement to calculate 

CART (age) and exactly 3 parameter measurements to calculate NEWS. Fewer number of episodes 

had all the parameters necessary to calculate NEWS (n=299) than CART (n=595). For the episodes in 

which a SCA was identified 8 had enough measurements to calculate 3 parameters and 1 to calculate 

4 parameters, for CART. For NEWS the distribution was the following: 3 episodes had enough 
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measurements to calculate 6 parameters, 1 episode to calculate 4 parameters, 4 episode to calculate 5 

and 1 episode to calculate 7 parameters. 

 

Figure 17: Distribution of episodes by the number of different parameters each has available to calculate CART 

score. 

 

Figure 18: Distribution of episodes by the number of different parameters each has available to calculate NEWS 

score. 

5.1. Comparison between NEWS and CART 

scores 

The maximum value of NEWS and CART scores was calculated for the same 39340 episodes from 

March 2016 to May 2017 in hospital CUF Infante Santo. From these episodes 9 had a registered SCA, 

which means that the data is highly unbalanced. It was possible to calculate both scores for all 39340 

episodes because there was at least one measurement registered for a parameter included in CART 

score and other included NEWS (Figure 17 and Figure 18). The patients that had only the value of age 

to calculate CART and neither to calculate NEWS were excluded to maintain the sample with the same 

size for both. Figure 19 and Figure 20 show the distribution of maximum values of NEWS per episode 

and the distribution of maximum values of CART score per episode, respectively. The values of NEWS 
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for the given sample ranged between 0 (minimum possible value) and 16 (maximum possible value is 

20). With the exception of episodes with maximum NEWS score of 0 and 2, the frequency of episodes 

which had a certain maximum NEWS score value decreased with increasing NEWS score. Around 95% 

of the episodes reached a maximum NEWS score value included in the low risk range, around 3.5% in 

the medium risk range and around 1.5% in the high risk range. The episodes for which a SCA was 

identified had the following maximum NEWS scores: 3 (2 episodes), 4 (3 episodes), 5, 6, 7 and 8. 

 

Figure 19: Distribution of maximum values of NEWS score per episode. 

The values of CART for the given sample ranged between 0 (minimum possible value) and 47 (maximum 

possible value is 56). Unlike NEWS, there are some values that are impossible to achieve using CART 

scoring system because of the range of individual values for each parameter. This explains why there 

are not any episodes for which the maximum CART value was 1, 2 or 3. The episodes for which a SCA 

was identified had the following maximum CART scores: 0, 4 (4 episodes), 8, 17, 20 and 35. 

 

Figure 20: Distribution of maximum values of CART score per episode. 
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Figure 21 and Figure 22 show the sensitivity, or TPR, and 1 – specificity, or FPR, points for NEWS 

(NEWS ROC curve) and CART (NEWS ROC curve), respectively. Both were plotted including each 

cutoff value, some of each overlap.  

For higher score cut off values there is a lower sensitivity (worst ability to identify episodes in which a 

SCA is going to happen) and consequently a higher specificity (better ability to identify episodes in which 

a SCA is not going to happen), which represents a tradeoff between both indicators.  

 

Figure 21: ROC plot (FPR vs TPR) for NEWS. 

A score of 5 would have activated the procedures for NEWS medium risk (95% specificity and 44% 

sensitivity), which means that for a score of 5 or higher 44% of the episodes that reached SCA would 

have been detected, while the remaining 56% would have arrested at a lower score. A score of 7 would 

have activated the procedures for NEWS high risk (98% specificity and 22% sensitivity) and only 2% of 

the episodes in which a SCA was not registered would have had a maximum score of 7 or higher. 
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Figure 22: ROC plot (FPR vs TPR) for CART. 

Figure 23 represents the ROC plots for both NEWS and CART, being clear that the NEWS ROC curve 

dominates the CART ROC curve for the majority of cut-off points. The AUROCs for NEWS and CART 

were 0.93 and 0.72, respectively. According to the classification presented in Table 5 this would mean 

that NEWS had an excellent prediction performance and CART a good predictive performance, 

indicating that NEWS is a better prediction tool for SCA then CART for the all range of thresholds, being 

in agreement with the visual analysis of the ROC plot. 

 

Figure 23: Visual comparison between ROC plots (FPR vs TPR) for CART and NEWS. 
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Figure 24 and Figure 25 show the precision and recall points for NEWS (NEWS PR curve) and CART 

(CART PR curve), respectively. Both were plotted including all possible cutoff values, some of each 

overlap. It shows that both NEWS and CART can distinguish themselves from a random classifier, being 

the baseline defined by 𝑃 =
𝑃

𝑃+𝑁
=

9

9+39340
≅ 2.287 × 10−4. 

 

Figure 24: PR plot (Precision vs Recall) for NEWS. 

 

Figure 25: PR plot (Precision vs Recall) for CART. 

The AUPRC for NEWS and CART were 0.00224 and 0.00281, respectively. This would mean that CART 

has a slightly better prediction performance than NEWS for the all range of thresholds; however, for all 

recall values the precision values in both plots are very low. Although AUPCR and AUROC represent 

summary values of whole respective curves they cannot express the change of performance over the 

range thresholds. 

Given that NEWS had already well-defined cut-off points to take action and CART did not the next step 

was to match NEWS thresholds for medium (score higher than 5) and high risk (score higher than 7) 

with CART scores with the closest sensitivity to NEWS thresholds sensitivities that provided a higher 
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precision (Table 20). The NEWS score 5 was matched with CART score 8 instead of CART score 4, 

which has a higher precision for a higher sensitivity because of the difference between those sensitivities 

(approximately 44% vs 88%). The NEWS score 7 was matched with CART score 17 instead of a score 

with the exactly same sensitivity value because it had a higher precision for a higher sensitivity close to 

the previous. The NEWS scores right under and over the cut off values were also analyzed (4 and 8).  

Table 20: Values of NEE, trigger rate, FPR, TPR and precision for selected cut-off values of CART and NEWS.  

 

Cut-off Value NNE Trigger Rate (%) Specificity (%) Sensitivity (%) Precision (%) 

CART 

4 2422 49.3 50.8 88.9 0.041 

8 2497 25.4 74.6 44.4 0.040 

17 129 1.0 99.0 33.3 0.779 

NEWS 

4 567 10.1 89.9 77.8 0.177 

5 501 5.1 94.9 44.4 0.200 

7 308 2.8 98.4 22.2 0.325 

8 181 2.8 99.1 22.2 0.554 

 

It is possible to see for NEWS that for a precision of 0.200% at a sensitivity of 44.4% it would be 

necessary to respond to 6 episodes for each 100 episodes and for every 501 episodes evaluated only 

one would be a true positive. Using CART, on the other hand, for a sensitivity of also 44.4% would have 

a precision of 0.040%, which meant it would be necessary to respond to 26 episodes for each 100 

episodes and for every 2497 episodes evaluated only one would be a true positive. Comparing NEWS 

score 5 and CART score 8 it is possible to see that for equal sensitivity values the first one performs 

better in all the remaining metrics. 

Additionally, for NEWS, a precision of about 0.325 % at a sensitivity of around 22.2% would mean that 

it would be necessary to respond to 3 episodes for each 100 episodes and for every 308 episodes 

evaluated one would be a true positive. Using CART, for a sensitivity of around 33.3% it would have a 

precision of about 0.779%, which meant it would be necessary to respond to 1 episodes for each 100 

episodes and for every 129 episodes evaluated only one would be a true positive. Comparing NEWS 

score 7 and CART score 17 it is possible to see that for equal sensitivity values the last one performs 

better in all the remaining metrics. However, sensitivity of 33% is a very low value and in the present 

situation would mean that only 3 of the 9 episodes in which SCA happened would be identified as 

positives. 

Comparing CART score 4 with CART score 8 it is possible to identify a clear tradeoff between sensitivity 

and trigger rate: NNE 3.1% lower (2422 vs. 2497), trigger rate 92% higher (50/100 vs. 26/100), sensitivity 

50% higher (88.9% vs. 44.4%), and similar values of precision.  
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Comparing NEWS score 4 with NEWS score 5, the first had a NNE 13% higher (567 vs. 501), trigger 

rate 83% higher (11/100 vs. 6/100), sensitivity 78% higher (78.9% vs. 44.4%) and precision 11% lower 

(0.18% vs. 0.20%). A sensitivity of 78.9% in the present situation would mean that 7 of the 9 episodes 

in which SCA happened would be identified as positives, contrasting with the 4 for a sensibility of 44.4% 

and once again showing a trade-off between sensitivity and trigger rate. 

Finally, comparing NEWS score 7 with NEWS score 8 is clear that the last one performs better than the 

first in all metrics, for the same sensitivity (22%). 

  



60 
 

 

  



61 
 

6. Discussion 

This chapter will address the discussion of the results following the structured defined in the Chapter 4 

as well (Methodology), starting with the evidence based and good practice methods to predict in-hospital 

SCA, which will be characterized by a combined analysis of the results of the semi-structured interviews, 

surveys on in-hospital monitoring and risk assessment tools for SCA and literature review on those same 

tools. After that the implications and justifications for the results of evaluation of vital sign data 

completeness will be discussed. Finally, the results of the comparison between NEWS and CART 

scores, and how it would help to choose an EWS system for predicting in-hospital SCA in a given 

healthcare organization will also be discussed. 

6.1. Evidence based and good practice methods to 

predict in-hospital SCA 

It is important to make a clear distinction when referring to risk assessment tools for SCA. In one hand 

there are risk evaluation tools that are usually meant for patients with previously known cardiac diseases 

that predispose SCA and provide the risk that a certain patient has, according to its characteristics, of 

suffering a SCA. This may not even provide the risk of a patient suffering a SCA in a short term; as an 

example, the online tool developed by ESC determines the risk of a patient with hypertrophic 

cardiomyopathy having a SCD in the next five years (ESC, 2014). On the other hand, there are the tools 

to predict signs of deterioration of a patient that can lead to an adverse outcome, being the most well 

studied for mortality, unanticipated ICU transfer and SCA (Smith et al., 2013). These tools are mostly 

known as EWS and are the main focus of this thesis. The distinction between those two risk assessment 

tools for SCA further extents to the health professionals than used them: while the first tools are meant 

to me used by doctors, especially cardiologists, the EWSs are tools that nurses use in their practice, 

when such system is implemented, which was clarified in the semi-structured interviews conducted. 

There are few to none recommendations on the use of EWS by the ESC, AHA, ERC and Portuguese 

organizations. Although all of them state the importance of predicting SCA and the majority of detecting 

early signs of deterioration, not only but also to predict a SCA event, only 2015 AHA and 2015 ERC 

specify the existence of EWS tools to identify patients deteriorating and respective response of 

emergency teams to deterioration, specifying MEWS (AHA, 2015; Greif et al., 2015). However, neither 

suggest that a certain EWS system should be used instead of another one. 2015 AHA are the only 

guidelines where a direct recommendation on the use of EWS systems was made, stating that the use 

of these systems may be considered for adults and children, although that recommendation is only 

classified as Class IIb and LOE C-LD, which means that is a week recommendation (benefit higher or 

equal to risk) and the level of evidence is based on limited data on the matter (AHA, 2015). Despite this, 

all respondents to the survey said that the introduction of an EWS in the respective unit they work in 

would be useful and a good method to increase patient safety, early recognition of potential deaths and 

comparison between objective data for later analysis. Although the sampled in study was low, healthcare 
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professionals seem open and motivated to the introduction of EWS, nonetheless it was mentioned that 

its introduction should not have a great impact on workload. To measure NEWS a pre-defined and 

standardized color-coded chart format is recommend (Royal College of Physicians, 2012), which will 

result in additional paperwork and double registries if healthcare professionals are required to enter data 

manually in another system (e.g. EHR) after. The tendency should be to automatize the calculation of 

EWS which could be made through an EHR system, updating the score of a patient each time a 

parameter is registered by nurses (considering patients without continues monitoring), or though 

monitors directly, ideally for patients with a continuous monitoring. This would require a non-linear 

adaptation of information systems at the healthcare organization or the purchase of devices that would 

allow this automatization (e.g. special monitors). Additionally, most of the reviewed articles tested the 

predictive power of EWS (tests that will be further discussed) without addressing how feasible would be 

to implement such systems and which would be the influence on the outcomes of implementing such 

system (e.g. change in the prevalence of a certain outcome, change in the workload of healthcare 

professionals, change in the completes of data on vital signs), although studying a scenery before and 

after the implementation of a EWS is a challenging process due to the lack of control of some of the 

variables.  

The increasing number of risk assessment tools already developed to detect early signs of deterioration 

further difficult the choice of a well validated EWS system. First of all, EWSs perform differently 

depending on whether the outcome that one pretends to predict is SCA, ICU admission or death, or 

even a combination of all of them. According to the review studies, when testing the ability of a EHR to 

predict each of these outcomes all systems identified SCA worse than the remaining outcomes, which 

can be also explained by the extremely low incidence of such events despite its importance. Secondly, 

there are different methods for developing EWS such as logistic regression, and machine learning 

methods. Traditional EWS were developed either by empirically defining a model and test it after against 

a medical database or derive the model from those medical databases, which make them dependent 

on the dataset they were generated from. Recently the focus has been on machine learning methods, 

that have been shown to be more accurate for studying and implementing real-time prediction tools and 

should be further explored (Churpek et al., 2017), however may be more difficult to currently implement 

in a real-life setting. Thirdly, EWS need to have application in the context it is being inserted into, given 

that the population characteristics may condition a poor performance of the system or that the healthcare 

organization may not have enough resources to implement it. One of the limitations is the parameters 

that scoring system can include: these parameters need to be easily assessed and available when 

calculating the score, reason why most scoring systems are only based on routinely acquired data, such 

as vital signs. Is necessary that the health care organizations that decide to implement a EWS develop 

or adapt a protocol to use it in daily practice and instruct healthcare professionals to follow it. Pre-defined 

cut-off scores of that same EWS should trigger some sort of action, being it an increase on monitoring 

frequency or the consultancy with expert professionals. A clear advantage of NEWS over the remaining 

EWS reviewed is the existence of a well-defined and systematic plan of action for the implementation 

of such system that is already being used in several organizations. 
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Most of the reviewed articles revealed EWS were compared against each other by plotting ROC and 

determine AUROC for each of the EWS and each outcomes in study. However recent studies argue the 

applicability of AUROC as a method of evaluating this specific binary decision problem because it does 

not take into account the prevalence of the outcome that is intended to measure, which in this case is 

SCA, and only provides a summary value of all different cut-off values, most of which may not even be 

used, or have a clinical applicability (Romero-Brufau et al., 2015). Therefore additional evaluation 

methods that are sensible to data skewness should be used, which may change the results and 

conclusions of the previous reviewed articles no EWS (Saito and Rehmsmeier, 2015). 

As it was also mentioned in the interviews and surveys different units inside the hospital have different 

strategies and levels of monitoring: it is easier to implement a EWS system in a well monotonised unit 

(e.g. ICU) however is also more useful to implement a EWS system in places where it is less probable 

to identify a patient who will suffer an in-hospital SCA.  

6.2. Assessment of vital sign data completeness 

Given the interest in calculating NEWS and CART scores for each of the episodes included in the studied 

dataset the completeness of data was solely based on the parameters required to calculate them, given 

that there is not a standard set of parameters that are supposed to be recorded for each patient. 

Additionally, not recording a measurement of a certain parameter may be related with the lack of clinical 

relevance to acquire that parameter given that measurements in this study’s dataset are associated to 

patients cared for in different hospital units and that require different levels of care. 

By analyzing the completeness/omission of each parameter it was possible to identify that all parameters 

with exception of temperature were recorded in less than 60% of the episodes, which indicates that 

improvements on data collection should be made. Focusing only in the patients that have had a SCA 

the results show better completeness of data, with all parameters except RR being recorded more that 

50% of the time. This makes sense knowing that the measurements for the patients who suffered SCA 

came from hospital units with higher monitoring. Comparing these results with the ones obtained from 

a study that solely focused in the completeness of data for patients who suffered a SCA it was possible 

to see that patients who suffered a SCA in the present study had BP (100% vs. 29.8%), HR (100% 

vs.78.5%), temperature (100% vs. 64.9%) and Glasgow scale (77.8% vs. 15.4%) registered in more 

episodes than in the literature study, with the majority of the parameters even being recorded for all 

patients. However, is important to notice that the literature study had a larger sample of patients that 

had suffered SCA. For the overall episodes in the present study temperature (81.7% vs. 64.9%) and 

Glasgow scale (54.0% vs.15.4%) were even registered for more episodes than the literature study 

(Stevenson et al., 2016).  

RR had a particular low level of documentation for both overall population (1.4%) and episodes for which 

a SCA was registered (11.1%), being one of the parameters with the lowest documentation level. It was 

already reported in literature that some healthcare professionals underestimate the importance of RR, 

leading to a deficient recording of this parameter, although it is used for the calculation of both NEWS 
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and CART score. The introduction of an EWS system into the organization can be a good strategy to 

decrease the percentage of missing data on this and other parameters as it requires the systematized 

assessment of parameters in other to calculate the overall scores (McBride et al., 2005; Odell et al., 

2007). 

Possible reasons for the general incompleteness of data are the complexity of systems to enter data on 

vital signs even if they were measured and the posterior difficult access to the documented data by the 

healthcare professionals to assist on decision making, which decreases the motivation to register such 

values instead of keeping track of the individual values (Stevenson et al., 2016). Even data on which 

patients had a SCA was said not to be trivial to get, unless there is clear codification (e.g. ICD-9, ICD-

10) that specifies it. Lack of time to introduce such parameters can also be an additional reason.  

The importance of having complete EHR information, which is one of the requisites of data quality, is 

that it can help different healthcare professionals that are taking care of a certain patient at different 

periods in time to make decisions based on substantiated data. Additionally, it can be used for future 

clinical research allowing the design of bigger cohorts with a higher diversity of subjects and guarantying 

data quality (Jensen, Jensen and Brunak, 2012; World Health Organization Regional Office for Europe, 

2016) or even as a way for healthcare organizations to identify if there are any situations that may be 

affecting patient safety. As an example, if a healthcare organization has an EWS implemented with the 

respective plan of action it could identify if there were any situations in which a patient that had an 

adverse outcome having a high-risk score previously measured where the plan of action was not 

followed and understand the reasons why. Healthcare organizations can also retrospectively analyze 

data to make management decisions, as it was done in this thesis to compare the performance of two 

different models when tested in a dataset from specific hospital. 

The implication of missing data for the comparison of CART and NEWS performance on predicting SCA 

is that it may be based on calculated CART and NEWS score that do not correspond to reality given 

that the maximum scores for each patient of each EWS system were calculated based on the dataset 

being analyzed. It can consequently decrease the conclusions that can be taken and provide a wrong 

fitting of the models to a data set (Bayley et al., 2013). Some of the reviewed studies even excluded 

subjects from the cohort if they did not have all the necessary parameters to calculate the EWS being 

validated/tested, which was not done in the present situation, where the missing values were assumed 

to me missing because they were probably inside the normal range of the respective parameter being 

measured, as was also proposed in literature. 

The percentage of episodes in this study with at least one measurement for each of the parameters 

necessary to data to calculate NEWS and CART score was very low, being 1.5% for CART and 0.8% 

for NEWS, another reason for why the remaining episodes were not excluded. NEWS requires a higher 

number of parameters (n=7) than CART (n=4) to be assessed, which explains why fewer number of 

episodes had all the parameters necessary to calculate NEWS (n=299) than to calculate CART (n=595). 

The episodes for which a SCA was identified all had registered more than half the measurements 

necessary to calculate both NEWS and CART score. 
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6.3. Comparison between NEWS and CART scores 

The ratio between episodes in which there was and there was not a registered SCA (9: 39340 ≅

2.3 × 10−4) is lower than the expected from the estimates retrieved from the surveys to the healthcare 

professionals, in which the frequency of SCA in a ICU was said to be less than 2 per month in ICU and 

around 4 per year in a ER, last year. It is also lower that the ratios of samples used in the studies that 

were reviewed, in which the lowest ratio identified was ≅ 6.2 × 10−4 (Patel et al., 2015) and the highest 

ratio identified was ≅ 4.7 × 10−1 (Hodgetts et al., 2002). One of the possible explanations is the difficult 

process of identifying which patients had a SCA unless there is clear codification indicating so, which 

was mentioned in the conducted interviews. In could also mean a healthier population. This dataset is 

clearly unbalanced, which makes sense given the prevalence of SCA in a population.  

As it was expected the frequency of episodes which had a certain maximum NEWS score value 

decreased with increasing NEWS score, with some exceptions. For CART, about 94% of episodes had 

a maximum score value distributed by 0 score, 4 score and 9 score, with the frequency also decreasing 

with increasing score. Unlike NEWS, there are some values that are impossible to achieve using CART 

scoring system because of the range of individual values for each parameter, which may imply that 

considering a missing value for a certain parameter as a normal value in CART may cause a bigger 

error in the score determination. Additionally, it may be a less intuitive scoring system to use in daily 

practice because if not automatically determined by inserting the value of the parameters would require 

calculations more complex than NEWS, in which the scores for each parameter only range from 0 to 3. 

However, NEWS requires a higher number of measured parameters than CART, where one of the 

parameters, age, is always available. 

The maximum NEWS score value for the episodes in which a SCA was identified were lower than the 

threshold for medium risk (score 5) for 5/9 episodes and lower than the threshold for high risk (score 7) 

in 7/9 episodes, which could indicate that the values used to calculate the score did not correspond to 

the actual reality, meaning that they either were not measured when the parameter further distance from 

the normal range or were not recorded. It could also indicate a poor performance of NEWS to identify 

correctly patients deteriorating to the point of a SCA. As it was mentioned before no thresholds were 

defined for CART but given the results NEWS score 5 was matched with CART score 8 and NEWS 

score 7 was matched with CART score 17, which was also the value for which CART was considered 

to have a better performance in a previous study (Churpek et al., 2012). With this assumption, the 

maximum CART score value for the episodes in which a SCA was identified were lower than the 

threshold for both medium risk (score 8) and high risk (score 17) for 5/9 episodes, with one episode 

having even a 0 score, the minimum possible value. 

An ideal EWS should provide a maximum discrimination of patients’ outcomes at a lowest trigger rate, 

therefore reducing the probability of missing any adverse event without an excessive workload and 

unnecessary call of emergency teams. (Rothschild et al., 2010; Smith et al., 2016). This shows than 

when choosing an EWS system to implement and when reporting its performance is always necessary 

to make a trade-off between the model’s capability of detecting a high percentage of individuals with an 
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outcome of interest and the percentage of false-positive outcomes. The first can be translated as the 

model’s sensitivity because it shows the percentage of the total number of outcomes of interest that it 

was capable of identifying. For the percentage of false-positive outcomes there were some metrics that 

could be used; however, the ones that were chosen should reflect the prevalence of the outcome that is 

being predicted because in this case is a rare event. 

ROC curves are the plot of sensitivity against the FPR (or 1-specificity), which can be translated as the 

probability of triggering the EWS system for a patient who will not suffer a SCA. In models to predict 

severe events, such as SCA, a false positive rate can be tolerated for a greater model sensibility (Alvarez 

et al., 2013) because the most important is to identify who is going to reach the outcome and not to 

identify who will not have the outcome. Although it was already concluded by reviewing literature on 

comparison methods for binary decision problems that ROC plots are not a good metric to evaluate 

EWS given that they are not sensible to the prevalence of SCA (Davis and Goadrich, 2006; Beger, 2016) 

they were used in almost all the studies reviewed on the development and comparison of risk 

assessment tools for SCA so it was calculate in this work as well. Specifically, the value of AUROC was 

calculated, which is a summary value of all possible cut-off values, most of which do not have clinical 

applicability and that may be overestimating the performance of the EWS. 

The values of AUROCs for NEWS and CART obtained in this study were 0.93 and 0.72, respectively. 

This may have leaded to choose NEWS instead of CART, given that the first has a higher AUROC value. 

In the literature the values of AUROC for predicting SCA for NEWS ranged between 0.722 and 0.78, 

while the values of AUROC for predicting SCA for CART ranged between 0.83 and 0.84.  

As suggested in literature, PR curve was also determined given that is more informative then ROC for 

skewed datasets and plots recall (also called sensitivity) against precision (Saito and Rehmsmeier, 

2015). Precision is related with the percentage of triggers that are eventually going to result in a SCA. 

When considering diagnostics tools having a low precision is very undesirable because the patient might 

be incorrectly classified as having a disease; for EWS it would not be so problematic because it would 

only mean that a patient would require more frequent monitoring and attention, although it increases 

workload (Romero-Brufau et al., 2015). 

The values of AUPRC for NEWS and CART were 0.00224 and 0.00281, respectively. There were no 

articles found in literature that calculated this value for comparison between EWS systems. This means 

that CART has a slightly better prediction performance than NEWS for the all range of thresholds; 

however, for all recall values the precision values in both plots are very low. This conclusion is the 

opposite of the one made using AUROC values. Which means that this metrics alone can be misleading: 

the solution was too analyze more carefully cut-off points that are relevant and study how each one will 

affect the workload and the percentage of patients that are going to be correctly identified. 

NNE was determined for the specific cut-off points because although it is mathematically given by the 

inverse of precision it can be more explanatory when discussing possible tradeoffs with healthcare 

professionals and hospital managements. Trigger rate, which is the number of triggers per number of 

monitored episodes, was also determined for the same reasons. 
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It was possible to conclude that for the cut-off value for medium risk NEWS would be a better option 

than CART because for equal sensitivity values, meaning episodes in which a SCA was correctly 

identified, the first one performed better in all the remaining metrics. For the cut-off value for high risk 

the opposite happened, meaning that a decision between both scoring systems focusing only in this cut-

off values would rely on the sensitivity values that the healthcare organization/ unit would be willing to 

tolerate, given the associated burden. 

It was also possible to conclude that comparing NEWS cut-off value for high risk with a NEWS score 

value one unit higher that the last one performs better than the first in all metrics, for the same sensitivity 

(22%), which could suggest a need to reevaluate thresholds. Although NEWS was developed as a way 

to standardize EWS for the English Health Care System (Royal College of Physicians, 2012) it may 

need adjustments to be used in a different setting, all scientifically justified.  

Although in this thesis the outcome being studied was SCA in reality EWS is a tool to activate METs or 

increase monitoring in a certain patient (by for example transferring him to an ICU) based on changes 

in physiological parameters or risk factors for patients that can experience other adverse outcomes with 

severe consequences that can increase the longer it is missed (Romero-Brufau et al., 2015). EWSs 

might perform differently when predicting each outcome so once again a decision should me made 

depending on the healthcare organization characteristics and objectives. 

Most EWS, including NEWS, were design to be assessed by hand in pre-defined periods of time with 

few variables that are easily measured in daily practice. The current tendency is that risk assessment 

tools become automatic and update risk once new data enters the EHR system (Finlay, Rothman and 

Smith, 2014), which would further decrease the cost for calculating a patient’s EWS is very small for 

paper- based EWSs (Romero-Brufau et al., 2015) and allow the use of more complex EWS. 

6.4. Implications for JMS 

JMS is a reference private operator of healthcare in Portugal and as such emphasizes a culture of 

patient safety in all the healthcare units they manage, in order to guarantee a continuous improvement 

of the quality of care provided (JMS, 2017b). As such, being able to predict the risk of a patient having 

a certain adverse event in the near future allows healthcare professionals to be more aware and activate 

preventive mechanisms, such as moving the patient to an area where he is more heavily monitored or 

where there are more available resources to take care of him (e.g. place with resuscitation cart and 

available team if the patient is suspected to have a future SCA). EWSs systems were already proven to 

have the ability to identify to some extent patients that will have a certain adverse outcome in the near 

future, as it was concluded in the literature review in chapter 3. Despite its benefits to an early 

identification of patients deteriorating the implementation of such systems is not straightforward: 

requires a change in the care process, education of the healthcare professionals and possibly in medical 

devices and software. This can explain why in the present time only two hospitals managed by JMS 

have implemented NEWS. A prove of good performance by comparison with other EWS, as it was done 
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presently with CART, could help justify the implementation of such system in other units, always 

discussing it with healthcare professionals. 

As it was mentioned before the decision on which EWS should be implemented need to take into account 

metrics that explicit show the tradeoff between the percentage of outcomes correctly predicted 

(precision) and the burden (e.g. NNE, precision, trigger rate), for possible and relevant cut-off values. 

Although identifying patients with a future SCA correctly can increase patient safety, not taking into 

account the burden could also put patients at risk by making healthcare professionals less sensible to 

an alarm, given the high percentage of false positives 

The findings on this study indicate that data recording should be improved, given the high level of data 

incompleteness. Having incomplete data may affect future studies like the present, in which the 

calculation of the maximum NEWS and CART scores per episode depended on the measurements that 

were available in the EHR.  

Additionally, from the reviewed EWS systems NEWS was the only one had a well systematized plan of 

action associated with each cut off value defined, which alone is a great advantage because allows a 

easier implementation in a new unit, although some adaptations may be required. Further studies should 

be conducted with data acquired after the implementation of such systems. It was already discussed to 

identify medium risk NEWS would be a better option than CART; while for high risk the opposite 

happens. Comparing just NEWS and CART the first one seems to have a better fit to identify correctly 

a higher number of patients what will suffer a SCA. 

6.5. Limitations 

This study had some weaknesses. In the first place it was only possible to assess data on which patients 

suffered a SCA from controlled environments (e.g. ICU) and not from other hospital units, such as 

permanent service and emergency, the number of patients who actually had a SCA in the given 

timeframe is most likely higher than the one in study. Additionally, the measurements of each parameters 

were not discriminated by hospital unit as well, which makes it impossible to draw conclusions on 

completeness of data my monitoring level. 

The hospitals in which NEWS was recently introduced are not the ones being studied, although they 

belong to the same private healthcare group. Specifically, the dataset used in this study contained 

information retrieved from hospital CUF Infante Santo. However, the scrips that were developed in the 

programming language R to do the present analysis can be easily adapted to other datasets. 

Contrary to some previous studies, patients for which there was not a complete set of values to calculate 

an EWS score were not excluded if they had at least one measurement (Smith et al., 2016). 
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7. Conclusion 

This thesis intended to provide a better methodology for the comparison between EWS systems with 

the intent of being implemented in a certain healthcare organization. In this situation specifically the 

EWS that was recently implemented in two of the hospitals managed by JMS (NEWS) was compared 

with the EWS chosen after the compilation of evidence based and good practice methods to predict in-

hospital SCA (CART), and using a data set containing measurements of parameters acquired from the 

EHR of another hospital managed by JMS. 

In chapter 2 an initially an overview of EHRs systems and its main characteristics was made, with special 

attention to EHR regulations and usage in Portugal, followed by a brief introduction of the characteristics 

of the outcome that was intended to predict: in-hospital SCA. Patient safety and risk management were 

also addressed, focusing on EWS systems. The two methods used for evaluating binary models that 

were tested in this thesis were also briefly explained in that chapter. 

In chapter 3 a literature review on developed EWS, comparison of performance between EWS and risk-

assessment of SDA recommendations on clinical practice guidelines was made, which helped decide 

afterwards, in addition with the surveys and semi-structured interviews conducted on healthcare 

professionals described in chapter 5, that the EWS system that should be compared to NEWS was 

CART. The reason for that was the availability of the parameters necessary to calculate CART score in 

the EHR and the evidence that CART performed better than other developed EWS systems, such as 

SEWS, ViEWS and MEWS, when predicting SCA (Matthew M Churpek et al., 2012; M. M. Churpek, 

Yuen and Edelson, 2013). A review on methods for evaluation of binary problems with highly unbalanced 

data and the difference between using ROC and PR to assess the performance of EWS systems was 

also made. 

Following the methodology described in chapter 4, the completeness of data based on the parameters 

necessary to calculate NEWS and CART in the EHR was also assessed because it influences the 

conclusions that can be drawn for the comparison of performance between NEWS and CART, as well 

as evaluate the process of data recording. A large incompleteness of data was identified among the 

episodes in the data set.  

The results of following the methodology defined in chapter 4 for making a comparison between NEWS 

and CART were presented (Chapter 5) and discussed (Chapter 6). ROC and PR curves were calculated, 

as well as the respective areas under the curve, which did not provide any relevant conclusion. 

Precision, Specificity, Sensitivity, NNE and trigger rate were calculated for specific cut-off values. 

Comparing cut-offs for the medium and high risk defined on NEWS scale, and respective values in 

CART scale, it was possible to conclude that NEWS performs better in all metrics for medium risk and 

CART for high risk. Additionally, possible adjustments to the scales might be required. 

In conclusion, the decision to opt by an EWS instead of another cannot focus in metrics that provide the 

overall performance of a tool or do not take into account the prevalence of the outcome that is being 
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predicted. The decision should be made taking into account metrics that explicit show the tradeoff 

between the percentage of outcomes correctly predicted (sensitivity) and the burden (e.g. NNE, 

precision, trigger rate), for possible and relevant cut-off values. The healthcare organization/ unit needs 

to decide which sensitivity values would be willing to tolerate, given the associated burden. Additionally, 

is important to have a well systematized plan of action associated with each cut off value defined., as 

well as an efficient way to apply the scoring system in daily practice, like being able to integrate it with 

the EHR system or monitors instead of using paper charts.  

The proposed methodology could be used in the future to compare other EWS against each other, using 

different databases from the ones for which some EWS were initially derived and validated. After the 

evidence that the method that was used in most comparison studies between EWS systems is not the 

most informative for skewed data (even when the outcome that is being predicted is other than SCA it 

most probably has a low prevalence) it would be interesting to revaluate some of the previous studies 

in literature to show if the main conclusions would change or not.  

Additionally, EWS could be in the future tested for specific clusters of patients with different 

characteristics, such as comorbidities and length of stay, to identify if a EWS has a better performance 

for a certain group of patients.  

The results could be used to make a future comparison between the period before and after the 

introduction of the EWS in Hospital CUF Infante Santo to study possible changes in the frequency of 

adverse events and in the completeness of data in EHR, taking into account other possible factors that 

might change in the meanwhile, such as the EHR system.  
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9. Appendix 

Appendix A. Semi-structured interview protocols  

Perspectives: Clinical/Patient Safety and Risk Management 

Part 1: Introduction 

“Bom dia/ Boa tarde, 

Agradeço desde já a disponibilidade para participar nesta sessão. 

Antes de começar a entrevista gostaria de pedir autorização para fazer uma gravação áudio da mesma 

de modo a não perder informação. Se não for possível irei apenas tirar notas da entrevista numa folha 

de papel. Toda a informação recolhida vai ser apenas utilizada no contexto desta tese. Terá uma 

duração prevista de 30 min. 

Em seguimento da última entrevista ficou definido que o foco da tese em que estou a trabalhar seria a 

paragem cardiorrespiratória em meio intra-hospitalar. De modo a ser mais fácil discutir os assuntos que 

se seguem a entrevista foi divida com base nas três fases da paragem cardiorespiratória (PCR): pré-

PCR, intra-PCR e pós-PCR.  

Part 2: Pre SCA (9 questions) 

• Quais são, por ordem de frequência, os locais do hospital onde é mais comum ocorrer PCR? 

• Nos locais do hospital onde é mais comum ocorrer PCR que tipo de monotorização é feita? 

o Probe: Relembrar algum local referido na pergunta anterior que possa não ter sido 

referido nesta resposta.  

o Probe: Que dados são registados? 

o Probe: Onde é que esses dados são registados? 

o Probe: Quem é que regista esses dados? 

o Probe: Qual a proveniência desses dados? 

• Que guidelines de apoio à prática clinica são seguidas no pré-PCR (apenas se forem 

utilizadas)? Porquê? 

• O que entende por previsão de PCR intra-hospitalar?  

• Que métodos de previsão de PCR intra-hospitalar são actualmente utilizados? 

• Qual é/seria a utilidade de prática de usar como meio de previsão a estratificação de pacientes 

por risco de PCR (depende da resposta anterior)?  

o Probe: Que medidas são/seriam tomadas caso se verifique a deterioração do estado 

do doente?  

• O que entende por prevenção de PCR intra-hospitalar?  

• Que métodos de prevenção de PCR intra-hospitalar são actualmente utilizados? 
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o Probe: Se não for referido, perguntar sobre monotorização, fármacos e exames.  

Part 3: Intra SCA (3 questions) 

• Que guidelines de apoio à prática clinica são seguidas no intra-PCR (apenas se forem 

utilizadas)?  

• Que tipo de monotorização é feito a estes doentes? 

o Probe: Que dados são registados? 

o Probe: Onde é que esses dados são registados? 

o Probe: Quem é que regista esses dados? 

o Probe: Qual a proveniência desses dados? 

Part 4: Post SCA (8 questions) 

• Que guidelines de apoio à prática clinica são seguidas no pós-PCR (apenas se forem 

utilizadas)?  

• O que é feito após um doente sofrer uma paragem cardiorespiratória intra-hosptalar? 

o Probe: Para que locais/áreas o doente é encaminhado?  

o Probe: Que medidas especiais são tomadas quando se acompanha um doente em 

pós-PCR?  

• Que tipo de monotorização é feita a estes doentes? 

o Probe: Que dados são registados? 

o Probe: Onde é que esses dados são registados? 

o Probe: Quem é que regista esses dados? 

o Probe: Qual a proveniência desses dados? 

• Quais são, por ordem de frequência, os outcomes mais comuns após PCR intra-hospitalar?  

• Existe algum tipo de ferramenta de previsão de outcomes de PCR intra-hospitalar? 

• Qual seria a utilidade de uma ferramenta deste tipo? 

o Probe: Quais seriam as implicações na prática clínica? 

• Se esta ferramenta existisse poderia influenciar a decisão de reanimar vs. não reanimar? 

 

Part 5: Final Considerations (3 questions) 

• É feita algum tipo de auditoria aos dados adquiridos durante as várias fases da PCR 

anteriormente referidas? Em caso afirmativo descreva de que modo esta se processa. 

• Que medidas já foram tomadas na área da PCR para melhorar outcomes e segurança do 

doente? 

• Que medidas considera que deverão ser tomadas na área da PCR para melhorar outcomes e 

segurança do doente? 

 

A entrevista chegou ao fim, muito obrigada pela disponibilidade.” 
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Appendix B. Surveys on in-hospital monitoring and risk assessment tools for 

SCA (Digital Version) 

Perspectives: Physicians/Nurses 

 

1. Qual é a sua profissão?* 

2. Em que unidade de saúde CUF trabalha atualmente?* 

Podem ser selecionadas várias opções 

a. CUF Infante Santo 

b. CUF Descobertas 

3. Em que área clínica/unidade hospitalar trabalha atualmente?* 

4. Que tipo de monotorização (avaliação de sinais vitais) é realizada nessa unidade? 

a. Que dados são registados?* 

b. Onde é que esses dados são registados?* 

c. Com que frequência é feito esse registo?* 

d. Quem é que regista esses dados?* 

e. Com que aparelhos são adquiridos esses dados ( ex: monitor, oxímetro, 

glicosímetro,...)?* 

5. Com que frequência ocorreram paragens cardiorrespiratórias nesta unidade, durante o último 

ano?* 

6. Está familiarizado com os scores de alerta precoce e em que consistem?* 

a. Sim 

b. Não 

7. Qual seria a utilidade de prática de utilizar como meio de previsão o cálculo de scores de alerta 

precoce para estratificar os doentes por risco de paragem cardiorespiratória intra- hospitalar?* 
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8. Conhece algum dos seguintes scores de alerta precoce?* 

Podem ser selecionadas várias opções 

a. Early Warning Score (EWS) 

b. Modified Early Warning Score (MEWS) 

c. Vital- PAC Early Warning Score (ViEWS) 

d. National Early Warning Score (NEWS) 

e. Electronic Cardiac Arrest Trigger (eCART) 

f. Nenhum 

g. Outro 

9. Qual a sua opinião sobre a possível introdução de um score de alerta precoce nesta unidade?* 

10. Que parâmetros considera que deviam ser incluídos no cálculo de um score de alerta precoce?* 

11. Na sua opinião, que medidas considera que deverão ser tomadas na área da paragem 

cardiorrespiratória para melhorar outcomes e segurança do doente?* 

*Perguntas de resposta obrigatória. 

 


