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ABSTRACT 

A clinical decision support system is a technical system that combines individual patient data 

and evidence-based clinical knowledge to give advice and support to clinicians. For quite a 

long time, the emergence of such systems has been predicted and expected to impact health 

care dramatically by improving both quality and productivity. Three factors make Swedish 

emergency medicine an interesting context which could be mature for the introduction of 

clinical decision support systems. Firstly, Sweden is a leader in the implementation of health 

care information technology, and the coverage of electronic health records is around 100% in 

the country. Secondly, emergency medicine is a field with high patient turnover, frequent 

decisions, and substantial impact on patient outcome. Thirdly, although there are abundant 

publications on clinical decision support system development and implementation in general, 

there is less knowledge of such systems in the urgent care context. Therefore, this doctoral 

project aimed to explore the prerequisites prior to implementation of clinical decision support 

systems in emergency medicine.  

This thesis is based on a mixed-methods design and consists of four individual studies. 

Proctor’s conceptual model of implementation research was used as a framework for the 

project. Study I included semi-structured interviews with 16 medical doctors and nurses from 

nine Swedish emergency departments. Content analysis was used to describe factors affecting 

vital sign data quality in emergency care. Study II extracted vital signs from 330 000 emergency 

department visits to assess the effects of different documentation workflows on data quality. 

Study III prospectively explored 200 vital sign measurements from 50 emergency care visits 

to evaluate the impact of manual and automated documentation on vital sign data quality. Study 

III also used data from an adapted NASA TLX questionnaire to compare the workload of 

clinical staff (n=70) in manual and automatic documentation. Study IV used semi-structured 

interviews with 14 emergency medicine physicians from three different sites. Content analysis 

was used to explore participants’ expectations and concerns regarding clinical decision support 

systems.  

There are three main results and conclusions from the research. Firstly, documentation of vital 

signs in the emergency department is still surprisingly paper-based, which makes vital sign 

data unfit for reuse in clinical decision support. Secondly, automation of vital sign 

documentation is feasible in emergency care and should improve data quality and reduce 

workload. Thirdly, enthusiasts towards decision support are at risk of disappointment with the 

level of innovation in the currently available decision support systems, and this may affect the 

implementation strategy negatively.  
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1 INTRODUCTION 

The idea behind this research work was born out of my experiences from managing electronic 

health records in emergency care. In that role, I perceived that we were not using the 

information technology to its full potential and saw possibilities in using the information in the 

electronic health records for clinical decision support systems. By joining what is known and 

documented in the electronic health records with digitalized knowledge from guidelines, we 

should be able to give tailored advice to the clinicians and the patients. Such recommendations 

could potentially improve care, reduce workload, and facilitate workflow. 

Together with my supervisors and research colleagues, we started developing a project plan for 

exploring and understanding the prerequisites for the introduction of clinical decision support 

systems in emergency care. In 2014 I was lucky to be able to get the opportunity to join the 

Health Informatics Centre at Karolinska Institutet for a Ph.D. program. This thesis is a result 

and a summary of the Ph.D. candidate project. 

When planning the project, we decided to use a framework from the implementation research 

field. The framework supported the exploratory, mixed-methods approach used for the four 

included studies in the project, and the research approach made it possible to address the two 

research questions regarding:  

• How can vital sign data be ascertained to be fit for use in emergency care clinical 

decision support systems? 

• What are the clinicians’ expectations and concerns regarding emergency care clinical 

decision support systems? 

 

The results show how automation of vital sign documentation can improve data quality, and 

they also show how building trust with the clinical decision support systems and the 

implementation can balance overinflated expectations and exaggerated concerns among the 

clinicians. The discussion chapter puts these results into context with other research in the 

implementation and informatics research fields. Further, the findings are summarized as 

recommendations for an implementation strategy that can be used to introduce clinical decision 

support system in emergency care. 

To me, one of the eye-opening findings is the risk of overinflated expectations among the 

information technology enthusiastic clinicians. Those who are part of that group need to be 

educated, informed, and involved in the implementation roadmap to understand both the 

possibilities and limitations of currently available functionality. If not, they may end up feeling 

frustrated when the delivered functionality does not match their expectations, and they will 

likely perceive the development slow and lagging compared to other technology advancements. 
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2 BACKGROUND 

2.1 CLINICAL DECISION SUPPORT SYSTEMS 

In Sweden, electronic health records (EHRs) have been extensively introduced and used during 

the last 20 years, and today, the coverage is 100% in both primary care and hospitals [1]. 

Initially, the EHRs were digital versions of the paper-based medical records. Over time 

expectations and demands have been rising, and one potential development of EHRs is to make 

them more active in supporting the clinicians when giving care to the patients. Support could 

be increased by digitalizing published guidelines and develop them into computable algorithms 

[2]. Such algorithms can be combined with individual data to advise on diagnosis and treatment 

[2]. Potentially, this can provide the clinicians with insights on how to treat a patient based on 

the ever-growing medical knowledge base [3]. This type of functionality is usually labeled 

clinical decision support systems (CDSS) and a formal definition of CDSS is “the use of 

information and communication technologies to bring relevant knowledge to bear on the health 

care and well-being of a patient.” [3]. Many international publications discuss the potentials of 

EHRs in improving quality and lowering costs in health care by providing CDSS as part of the 

EHRs [2,4,5]. 

Evidence-based medicine (EBM) has been in place since the early 1990s [6]. Today the idea 

of EBM and clinical guidelines are widely accepted [7]. The introduction of clinical guidelines 

has shown improved clinical outcomes in many different fields of medicine [7]. However, 

adherence to the guidelines is still sometimes low [8]. There are many different guidelines to 

consider, and the individual clinician may not be aware and familiar with all of them [7]. Also, 

the evidence is changing, and guidelines are being continuously updated, which makes it a 

challenge to keep local guidelines update-to-date [7]. By providing alerts and notifications to 

the clinicians, the compliance with implemented guidelines may increase [9,10]. 

Implementation of CDSS is a way to offer notifications to the clinicians and potentially increase 

compliance with EBM [9,10]. Such CDSS should be based on up-to-date knowledge and 

provided at the point-of-care [11]. Increased adherence to evidence-based guidelines indicates 

improved quality and compliance can be used as a process quality indicator. 

Clinical decision-making is a complex dynamic process. Decision-making has been described 

as based on a core of evidence-based medicine with surrounding layers of contextual factors, 

including individual practitioner experience [12]. Some decisions require accounting for 

complex multiple variables where ethical and emotional aspects of both the clinician and the 

patient may be necessary [12]. At the same time, the decisions made in emergency medicine 

often are time-critical and have a profound impact on the patients [13]. Research has shown 

that decisions are faster when clear cut evidence is present, and the practitioner is familiar with 

the situation [12]. The experience of the practitioner affects the methods of decision making, 

and with increasing knowledge, the strategy changes from rule-based, hypothetic deductive to 

more pattern-recognition based decisions [12]. It has been shown that more straightforward 

rule-based approaches may have limitations and may lead to systematic biases [14]. Therefore, 
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even in the presence of evidence-based guidelines, decision making can be challenging, and 

the complexity in decision-making may be a reason why the promise of CDSS is not yet fully 

fulfilled.  

Many of the early studies on CDSS focused on the medication prescribing process, and they 

have shown evidence of a decrease in medication errors[15,16] . However, it has been harder 

to show evidence of improved patient safety in outcomes like mortality [15,16]. Use of CDSS 

besides medication prescribing has been studied with some mixed findings. A study on CDSS 

in the laboratory test ordering process showed increased compliance to local guidelines but no 

effect on patient outcome [17], whereas a meta-analysis on venous thromboembolism (VTE) 

CDSS showed both increases in compliance and decrease in VTE events [18]. 

So overall, despite the quite long-standing high availability of EHRs and the promise of joining 

CDSS and evidence-based medicine, they still have not fully released their potential to improve 

quality and productivity in health care. There are still hurdles to overcome before we start 

seeing a broad clinical implementation of CDSS [3]. 

2.1.1 Emergency medicine and clinical decision support systems 

Emergency medicine focuses on the diagnostic process and early care of the acutely ill patient 

[19], and it is one of the youngest fields of medical specialization in Sweden. All over the 

world, emergency care services have faced challenges with increasing demand, which is not 

always consistently matched with the resources available [13]. This increasing demand for 

service with a lack of resources is one reason why clinical work in the emergency department 

(ED) is considered more complex and challenging than in other contexts [13]. Another factor 

is that in emergency medicine decisions are frequent, quite often time-critical and must be made 

on limited information [13]. From this perspective, it seems reasonable to think that CDSS 

should have a potential role to play in assisting decision making in emergency care. One 

possible focus for CDSS in emergency medicine is the calculation of warning and triage scores 

[20].  

Most emergency visits in Sweden start with a triage assessment that aims to separate the 

patients that can wait from those who need immediate care [21]. Different triage scales are in 

use and have individually shown accuracy in risk stratification [22]. However, it seems hard to 

find any superior model [23,24]. 

After the triage step, many emergency hospitals use “early warning scores” and “track-and-

trigger” systems [25] that strive to find and initiate treatment of deteriorating patients. Evidence 

suggests that early detection and early treatment is essential for the outcome in these patients 

[26]. In parallel to the triage scales, there is evidence to support the use of “track-and-trigger” 

systems but little evidence in which scale to use [20]. The report on National Early Warning 

Scores (NEWS) by the Royal College of Physicians [27] concludes that the use of warning 

scores is evidence-based but that a lack of a standardized approach bedevils attempts to 

formalize training of staff. Regarding both triage and early warning scores, it seems more 

important to agree on a standardized method than focusing on what scale to use. Since 2017 
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many hospitals in Sweden are adopting NEWS [27] as a way of identifying patients at risk of 

physiological instability.  

In emergency medicine, numerous scoring systems are targeting specific diseases and 

diagnoses. One example is sepsis, where much clinical and academic focus is directed to the 

early diagnosis and treatment [28,29]. By early diagnosis and by following an evidence-based 

protocol, mortality and morbidity can be shown to decrease [30]. Other scales and scoring 

systems target acute myocardial infarction, deep thrombo-embolism, and pulmonary embolism 

[31,32]. Again, in parallel to triage and warning scores, it is worth noticing that there may exist 

multiple scoring systems for similar conditions and that there may be conflicting evidence on 

which score to use. However, if a scoring system is shown to improve outcome, there is 

evidence suggesting that implementation benefits the patients [30] and that improved outcome 

is correlated with compliance to the implemented guideline [33]. From a clinical perspective, 

it is probably worth implementing any one of the scoring systems that are shown to give a 

better outcome than (non)standard practice.   

For all types of scores, automation of calculations has been suggested as a way of improving 

clinical outcome, and there is growing evidence that such automated systems may have 

substantial effects such as reduced mortality [34] possibly by increased clinical attendance to 

unstable patients [35]. However, the multitude of different scores may prove to be a problem 

when agreeing on what scales to use in a region or within a hospital and therefore more 

evidence is often called for when discussing what scores to prioritize for automation. From an 

information technology perspective, the development, maintenance, and governance cost 

decrease when there is agreement on what scores and scales to automate. 

Regardless of whether specific scores or more generic warning scores are discussed, most 

scoring systems in emergency medicine rely on vital signs in the calculations [22,36–38]. If the 

vital signs are to support calculations of the scores and give decision support to the clinician, 

they must be correct, complete, up to date, and available. High-quality vital sign data will be 

needed, whether automated or manual calculations are performed. If a CDSS is used to 

calculate warning scores data quality has to be “good enough” to deliver reliable results; 

otherwise, the CDSS will be considered less useful [39]. 

2.2 IMPLEMENTATION RESEARCH AND THEORETICAL FRAMEWORK 

Despite the last decades' interest in implementation science, there is no unifying framework or 

theory in the field [40,41]. However, Proctor et al. [42] have introduced a theoretical model for 

implementation science that supports a research approach with an iterative flow between three 

overarching categories; intervention, implementation, and outcome. (Figure 1).  

Implementation science can be defined as “…the scientific study of methods to promote the 

systematic uptake of research findings and other evidence-based practices into routine practice 

to improve the quality and effectiveness of health services and care” [43]. CDSS is perceived 

as a method to introduce and support evidence-based medicine [44,45] and can be regarded as 

an intervention strategy according to the Proctor et al. [42] theory.    



 

6 

 

Figure 1 – Implementation Framework according to Proctor et al. [42] with the main categories of 

intervention strategies, implementation strategies, and outcomes. The cyclic arrows are showing that 

the flow between these categories is not linear but iterative.  

The Implementation Research Framework proposed by Proctor et al. [42] not only separates 

but also links vital implementation strategies and outcomes (Figure 1). The model divides the 

strategy for care improvement (intervention) from the strategy used for implementation [42]. 

The implementation strategies could accommodate different theories and models on 

implementation, such as the Diffusion of Innovation theory [46] and Theories of Dissemination 

[47]. The framework further explains that outcomes of implementation research must be 

considered from three different angles; implementation, service, and client outcomes. 

Implementation outcomes describe the adoption of the introduced system, how and to what 

extent it is used in practice [42]. Service outcomes are related to how the implementation affects 

the results of the process it aims to change [42]. The client outcome category describes how 

the users, or the targets of the process, are affected by the implementation [42]. 

2.2.1 Clinical decision support and implementation of socio-technical 
systems 

The implementation strategies and the outcomes of a CDSS are dependent on more than mere 

technological factors [11,48]. The CDSS technology will be part of a socio-technical complex 

where the effects on all types of outcomes will be dependent on a multitude of factors [49]. 
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Figure 2 – The eight dimensions of the socio-technical model by Sittig and Singh [49].  

Sittig and Singh [49] described eight dimensions (figure 2) that should be considered when 

studying health information technology in complex adaptative systems like health care. The 

eight dimensions were infrastructure, clinical content, human-computer interface, people, 

workflow, internal organization, external regulation, and system monitoring, and during 

implementation, problems could and often would occur in all the described dimensions [50]. 

2.2.2 The diffusion of innovation theory – a part of the people dimension 

Rogers [46] showed that people have different attitudes towards innovations from the 

extremely positive to the very negative, and this affects their uptake of new technology. 

According to Rogers people can be classified in five different groups according to their 

attitudes [46]; 

1. Innovators – Innovators have the opportunity and willingness to adopt new technology 

with a high risk of failure.  

2. Early adopters – These individuals are the first to adopt technology that seems stable 

and capable. They are often opinion leaders an champions at the technology frontline. 

3. Early majority – People in this category are much slower at adopting new technology 

and “a chasm” between the early adopters, and the early majority is often described.  

4. Late majority – These individuals are generally skeptical towards innovation and 

adopt technology later than the average of a population. 

5. Laggards – Are the slowest to adopt technology and are sometimes described as 

“traditionalists.”  

Rogers [46] further shows that the population is normally distributed within these categories. 

The innovators constitute the 2nd standard deviation (SD) at one side of the bell curve while the 
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early adopters live within the 1st SD at the same end. The laggards are found on the other side 

of the bell curve, where they constitute the far end beyond the 1st SD. This theory can be 

connected to the people dimension of the Sittig and Singh Socio-technical model [49] and 

having these categories in mind is likely to be important when devising implementation 

strategies [42] Winning over the early adopters are often described as a key to implementation 

success [42]. 

2.2.3 Implementation of clinical decision support systems in the emergency 
care setting 

Although there has been a surge in CDSS publications over the last decade, there are few 

comprehensive published reviews on CDSS in the emergency care settings [13]. At the same 

time, emergency care is a unique context and results from other fields of medicine do not 

necessarily lend themselves for comparison [13]. Designing studies in the emergency 

department context may be complicated, and prospective high-quality study setups with 

randomization and blinding may be hard to achieve [13]. In a review of 23 CDSS studies in 

emergency departments by Bennet and Hardiker [13], 75% of the papers were found to be of 

inadequate quality.  

The Bennet and Hardiker [13] review focused on service and client outcomes. In this project, 

no papers focusing on implementation strategies or implementation outcomes in the emergency 

care setting were found. Varonen et al. [51] studied factors that affect CDSS implementation 

outcomes in primary care and showed that dysfunctional IT systems and threats to clinician 

autonomy hindered implementation. Liberati et al. [48] studied barriers and facilitators to 

CDSS implementation in hospitals and found that these are dynamic and dependable on the 

local context which indicates that results from other fields of medicine may not be transferable 

to the emergency department. The dynamic and local aspects of implementation are confirmed 

by Pope et al. [52] who emphasize that implementation is a continuous ongoing process of 

improving the technology, securing buy-in from end-users and evaluation of the outcomes. 

2.3 DATA QUALITY 

Any decision made in health care is affected by the quality of the data upon which the decision 

is made. A general definition of quality comes from Juran [53] stating that quality relates to 

fitness for use. This definition also applies to data quality, and although the data rarely is 

flawless and perfect, from a decision point of view, it can be considered “fit for use” when it 

supports the correct conclusions [54]. Karr et al. define data quality as  “the capability of data 

to be used effectively, economically, and rapidly to inform and evaluate decisions” [54]. Data 

quality can be considered a content dimension of the Sittig and Singh model [49], and it is also 

a part of the Proctor implementation framework, where it may constitute a service outcome of 

the strategies used to record clinical data [42].  

Since the data quality may have a significant effect on decisions on many different levels of an 

organization, there is a substantial amount of research available on data quality from many 
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various fields [55,56]. In the study of data quality, different aspects or dimensions have been 

described. A data quality dimension is defined as a single aspect or property of the data [57].  

2.3.1 Data quality dimensions 

The aspects and properties of data quality have been described in different ways, and Weiskopf 

and Weng [58] tried to unify the dimensions in a systematic review of studies on data quality 

in EHRs. In the results, they defined three main categories of data quality: correctness, 

completeness, and currency. Further, within the correctness category, two subcategories 

plausibility and concordance were described. 

2.3.1.1 Correctness 

To be correct, a present fact in the EHR should be true. Correctness is the proportion of true 

statements in the EHR related to the total number of statements [58]. Accuracy is another term 

that can be used to describe the same concept [59]. Ideally, to study and measure correctness, 

the truth about a statement needs to be known [58]. When Roukema et al. [60], studied the 

effects of the manual transfer of documentation from a paper-based health record into an EHR 

they saved the original documents and used them to estimate the number of correct transfers. 

In the Roukema et al. [60] study, the original paper documents served as the gold standard for 

comparison with the data in the EHR. However, many data quality studies are done 

retrospectively, and in retrospect, it may be hard to know if a fact in the EHR was accurate at 

the time of documentation [58]. Therefore, researchers sometimes need proxy measures like 

plausibility and concordance to estimate correctness [58].  

One way of studying correctness by proxy is to evaluate if the data plausibly reflect and 

represent the studied phenomenon [58]. Plausibility is an estimation of how likely it is that the 

facts in the EHRs are correct [58]. The plausibility is related to how a data set of the studied 

data is expected to behave [58]. One way of assessing plausibility is by controls that aim to 

find and count the number of outliers, with the hypothesis that an abnormal number of outliers 

are likely to represent incorrect data [61]. In studies of anesthesia management systems, data 

out of physiological range is frequently used as a type of plausibility control [61]. Data that is 

out of physiological range does not “make sense” and is therefore not plausible [58].  

By comparing data that are supposed to represent similar biological aspects within or between 

sources, data agreement can be sought as a confirmation of quality, and this is usually labeled 

concordance [58]. Like plausibility concordance to is an estimation of how likely it is that the 

facts in the EHR are true. Concordance is based on the comparison between data sets that 

represent the same phenomenon. As an example, Lawrenson found an 84% data agreement 

between the diagnosis of venous thromboembolism in medical records and a research database 

[62]. 

2.3.1.2 Completeness 

Completeness may be defined as whether a truth about a patient is present in the EHR. 

According to Weiskopf and Weng [58], completeness is the most commonly studied aspect of 
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data quality because it was in focus in 64% of the included studies in the systematic review. 

Other terminologies used to describe completeness were found to be accessibility, availability, 

rate of recording, omission, and sensitivity [58].  

2.3.1.3 Currency 

Currency is related to the temporal aspects of data quality. Often currency is considered high 

when recordings are made quickly in the EHR, but currency may also relate to if a statement 

in the EHR is correct at a specific time [58]. As an example, an active streptococcus infection 

will likely heal and should not show up as an ongoing infection after healing is complete. 

Benson et al. [61] used log reviews to retrieve timestamps and study the currency of vital sign 

registrations. According to Weiskopf and Weng [58], the currency is the least studied 

dimension of data quality.  

2.3.2 Data quality assessment methods 

Different metrics can be used to compare and measure the data quality categories, and these 

may be either objective or subjective [63]. Objective metrics are often quantitative and 

comparable, and when larger data volumes are to be evaluated, descriptive statistics can be 

used to assess data quality. By studying distributions of data, unexpected aberrations can reveal 

quality deficiencies [54].  

Subjective measures are often descriptive in their form and described qualitatively. Qualitative 

methods have been used to understand data quality generation and find the root causes of data 

quality deficiencies, [39,64]. Where quantitative methods provide numbers, qualitative 

methods may give these numbers meaning and put them in perspective by describing at what 

level “fitness for use” is achieved [65]. Understanding the context in which the data is used is 

central because the same level of data quality can be adequate for some purposes but useless 

for others [54]. Interviews, focus groups, data quality audits, and questionnaires have all been 

used for data quality evaluations [65,66]. In many cases, both objective and subjective 

measures are needed for a full assessment of data quality [65]. 

2.3.3 Data quality improvement 

The generation of data can be viewed as a process, and the higher the quality of the output, the 

better and faster decisions. The value of the data could potentially be increased by quality 

improvement programs targeting the “data generation” process [67]. Research has shown that 

data quality may be improved by a cyclical “Total Data Quality Methodology” consisting of 

four phases 1) Define 2) Measure 3) Analyze and 4) Improve [54,68]. Similar strategies using 

Plan, Do, Study, and Act programs have shown to improve data quality in emergency 

departments [67]. Using patients in the feedback loop as data quality stewards has been 

suggested [69], and it seems logical that the patients both have the knowledge and interest in 

securing high-quality health data. 
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2.3.3.1 Factors affecting data quality 

Studies on data quality improvement show that impact depends on a multitude of factors 

[70,71]. Research by Di Martino [67] improved completeness from 78% to 88% by focusing 

on a standard in the documentation workflow and education of the staff regarding the 

importance of vital sign documentation. An Australian study [70] shows that by altering and 

enhancing the documentation tools (reconfiguring the electronic interface), doing audits, giving 

feedback and training the staff completeness increased from 32% to 82%. Chen et al.[71] 

showed that the introduction of medical emergency teams increased the completeness of 

documented vital signs.  

2.4 PROBLEM 

There is a gap between the implementation research field and the health informatics research 

field. Implementation research focuses on the implementation of evidence-based medicine, 

while informatics science centers on the implementation of information systems. In CDSS, 

there are opportunities for cross-disciplinary research because these information systems aim 

to facilitate the use of evidence-based medicine. 

So far, there are limited publications on CDSS using an implementation science framework, 

and studies on the implementation of CDSS in emergency medicine are even fewer [13]. 

Therefore, very little is known on what is needed for the successful implementation of CDSS 

in emergency medicine. 

2.5 AIM OF THE THESIS 

The overall aim of the research was to understand the prerequisites prior to the implementation 

of CDSS in emergency medicine. This aim was broken down into two separate research 

questions. 

1. How can vital sign data be ascertained to be fit for use in emergency care CDSS? 

2. What are the clinicians’ expectations and concerns regarding emergency care CDSS? 

To achieve the aim and answer the research questions, the following four objectives were 

formulated: 

1. to analyze the factors affecting vital sign data quality in emergency care 

2. to analyze how documentation practices affect vital sign data quality in emergency care 

3. to evaluate the effects of manual vs. automatic vital sign documentation in emergency 

medicine 

4. to explore the expectations and concerns among emergency medicine physicians 

regarding CDSS 
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3 METHODS 

3.1 RESEARCH APPROACH 

The thesis was based on a theoretical framework by Proctor et al. [42] (figure 1) that presented 

categories and relations suitable for the studies of CDSS implementation [72]. The framework 

also provided a non-linear description of how an implementation project could move back and 

forth between the strategies and outcomes.  These multi-directional relations between the 

categories were designed to deviate from “from linear, pipeline phase models” [42] and this 

corresponded to how the exploratory mixed methods approach flowed between strategies and 

outcomes in the thesis.  

The overall intervention strategy in the studies was the use of clinical decision support in 

emergency medicine. The understanding of the prerequisites for the introduction of CDSS can 

be viewed as a foundation for an implementation strategy. The first two studies focused on to 

what extent current documentation practices generate data fit for use in CDSS. Study I used a 

qualitative approach to explore how vital sign data quality is affected by the measurement and 

documentation practices of emergency department vital signs [73]. The second study 

quantitatively described the effects of different documentation practices on vital sign data 

quality [74]. These studies can be connected to the implementation and service outcomes in the 

Proctor et al. model. 

The third study aimed to study how automation of vital sign documentation (intervention 

strategy) would affect vital sign data quality (service outcome) and quantify what effects such 

automation would have on experienced workload (client outcome) in the emergency 

department [75]. The implementation strategy used was a proof of concept project.  

The fourth study aimed to explore the expectations and concerns among emergency care 

physicians regarding CDSS using a qualitative approach.  

3.2 STUDY SETTING 

The studies were set within hospitals and departments focusing on emergency care and 

included staff from such departments as participants in the studies (Table 1).  

Study I included a total of 16 physicians and nurses from nine emergency departments across 

Sweden. The sites varied in size and had a range of 30 000 to 90 000 patient visits a year. Five 

sites were within university hospitals and four in secondary referral centers. Study II included 

five emergency departments purposefully selected to represent paper-based, completely 

electronic, or mixed documentation practices.  

Study III was based in two different wards focusing on emergency care and purposefully 

selected to represent an automated documentation practice and a mixed documentation 

practice. The fourth study included 14 emergency care physicians from three different sites 

across Sweden. The participants' experience ranged from junior registrar level to more than 20 

years of consultant experience. 



 

14 

Table 1 – Overview of the study settings and the methods used for data collection and analysis. 

Study Setting Data collection Data analysis 

Study I Staff at nine emergency 

departments 

Interviews and 

observations 

Content analysis 

Study II Five emergency 

departments, three 

documentation 

practices 

Data extraction  Descriptive statistics 

Study III Two emergency wards, 

two documentation 

practices 

Observations and 

questionnaires 

Differential statistics 

Study IV 14 emergency care 

physicians in one 

emergency department 

Semi-structured 

interviews 

Content analysis 

 

3.3 DATA COLLECTION AND ANALYSIS 

Depending on the research questions, a mixed set of techniques were used in the research. For 

the first and fourth study, the methods were qualitative and data analysis based on content 

analysis, which is a method using systematical reading, coding, and structuring of text-based 

content [76]. For the second and third studies, the methods were quantitative, and the analysis 

was used descriptive and inferential statistics (Table 1).  

3.3.1 The qualitative studies 

Qualitative research methods are often used to understand how and why individuals behave, 

act, and react to a phenomenon in a specific context [77]. The research is mostly performed 

within the natural setting of the studied phenomenon, and data is collected from observations, 

interviews, and documents in the form of words rather than numbers [78]. The methods are 

usually inductive, and a hypothesis is generated and developed by the research. The strengths 

of qualitative methods lie in their ability to increase understanding in meaning and context of 

studied phenomena [78]. Kaplan and Maxwell [77] state two of the main reasons to use 

qualitative methods in the studies of health information systems as; 

1) To find out how users perceive and evaluate information systems and what meanings 

the systems have for them. 

2) When performing developmental studies aiming to improve information systems.   

A qualitative approach was chosen for study I, which aimed to understand and explain how 

data quality was generated and achieved within the emergency department context. The fourth 

study aimed to explore and understand the perspective of the users; what the emergency care 

physicians anticipate and are concerned about regarding CDSS in emergency medicine. A 

qualitative approach was deemed appropriate because the study aimed to inductively generate 

understanding without any pre-existing hypothesis. 
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3.3.1.1 Qualitative Data Collection 

Data collection was mainly performed by semi-structured interviews, a favored technique when 

an in-depth understanding of how individuals perceive a studied phenomenon is sought [79]. 

Semi-structured interviews start with a list of topics that guide conversion but allow deepening 

of the questions depending on how the participants react to them [77]. The interview guides 

were developed according to the recommendations by Kallio et al. [79] and used our pre-

existing knowledge on the topic to formulate preliminary guides that were then tested in pilot 

interviews with potential participants of the studies and subsequently adjusted before the data 

collection was commenced [73].  

The interviews were performed in well-defined samples in the emergency medicine context 

and aimed to get as a wide variability as possible within the samples [73]. The participants were 

recruited by e-mail sent out by stakeholders within the participating sites [73]. In qualitative 

research, the researcher continues to sample data until a point of saturation is reached, that is 

until no new findings emerge in the sample. According to the literature in a homogenous 

sample, five to eight participants might be enough, while in a heterogeneous sample, 12-20 

participants are often required for saturation [78,80]. In the studies I and IV, saturation was 

reached at approximately 12 participants, and additional interviews were performed to make 

sure that saturation was stable [73]. The interviews were recorded, transcribed, and lasted about 

30 minutes, which is in line with what method review papers recommend [81].  

In study I, data collection was also done by observations of emergency medicine staff 

performing vital sign measurements and documentation [73]. Observations can be used to 

increase understanding of what people actually do, rather than just what they say they do [78]. 

The sampling for observations was purposely designed to give further insights into the findings 

in the interviews [73]. The data was recorded in semi-structured protocols with space for the 

taking of field notes [73]. During observations and interviews, samples of EHR documentation, 

screenshots, and templates used within the sites were collected [73].  

3.3.1.2 Qualitative Data Analysis 

Qualitative research aims to interpret a phenomenon from the perspective of the researcher and 

is, therefore, subjective [72]. Study design, data collection, and analysis can be described as an 

iterative process where hypothesis and theories are inductively generated throughout all phases 

of the research [77].  

The study plan was inspired by grounded theory [82] and used an approach where data capture 

and analysis was done together. The incoming data is continuously compared to the gathered 

results. With the new findings, the researcher moves on to a discovery phase where the overall 

research question and method is evaluated [82]. This approach enables the researcher to adjust 

the data capture methods and fine-tunes the research questions with the emerging results [82]. 

For the analysis of the qualitative interviews, observations, and collected material, a content 

analysis method was used [83]. The transcribed interviews were read through by at least two 
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independent researchers and quotes were underlined and placed in an excel spreadsheet 

(Microsoft Excel, 2016) where they were also coded into meaning units, categories, and themes 

[73]. The research group regularly met during the data capture and analysis phase to compare 

and discuss the emerging findings. During the discussions, concepts, categories, and themes 

developed and evolved. Eventually, the interviews yielded no new emerging categories and 

themes, which indicated that saturation was reached in the sample [78,80]. Saturation was 

further confirmed by performing additional interviews without new findings. The analysis 

continued with constant comparison of the results, and consensus on the outcome was reached. 

In study I, the results were further confirmed by feedbacking to the participants through 

additional interviews using similar methodology as in the first interviews [73]. 

3.3.2 The quantitative studies 

Quantitative methods are used when objective measurements can answer the research 

questions, and such methods focus on the collection of highly structured quantifiable data [84]. 

It is a favored approach when the aim is to test a hypothesis, and the studied outcome can be 

measured in numbers [85].  

3.3.2.1 Quantitative Data Collection 

Studies II and III have included quantitative data in the analysis. In these studies, three different 

data collection methods were used, namely data mining, observation, and questionnaires. Data 

necessary for the analysis of vital sign data quality was extracted from EHRs in study II and III 

[74,75]. The details of the extracted data are presented in the individual studies [74,75]. Study 

II collected information regarding documented vital signs from the triage of all emergency 

department visits in five emergency hospitals during 2014 [74]. 

In study III, data was collected in three different ways (Table 2) [75]. Firstly, the vital sign 

measurement performed by the staff was documented according to standard practice in the 

EHR. Secondly, data from the measurements were also automatically transferred from the 

measurement device into a copy of the EHR. Thirdly, an observer recorded the vital sign 

measurement in an observational protocol. The study data from the different collections were 

then entered into a study spreadsheet. The observations served as the “truth” or the gold 

standard for the vital sign measurements when comparing and evaluating the automatic and 

manually documented vital signs. Observations are favored when studying behavior rather than 

perception. Quantitative observations collect numerical data that can be used for calculations 

and comparisons of the outcomes with hypothesis testing through inferential statistics. This 

methodology should ideally minimize bias by being objective, but it may be connected to errors 

made by the observers [84]. The study included 200 vital signs measurements from 50 

emergency department visits [75]. 
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Table 2 – The study set up in study III. 

Measurement  Data  

capture 

 Data 

storage 

 Study 

dataset 

 

 

 

 

200 vital sign 

measurements 

performed by 

the staff 

 Manual 

documentation 

by the staff 

 Electronic 

health 

record 

  

 

 

 

Study 

spreadsheet 

 Automatic 

documentation 

 Test 

Electronic 

health 

record 

 

 

Observation by 

researcher 

 

Observation 

protocol 

 

 

Study III also used questionnaires for data collection [75]. The study used self-administered 

questionnaires [85] to capture quantitative data on experiences regarding workload in 

automatic and manual documentation. The survey was based on an in health care validated 

[86,87] instrument used for measuring workload with technical applications [88]. The 

questionnaires were digitally distributed by email to all staff at two different wards in a single 

Swedish emergency hospital and used an online survey tool with a sliding scale to capture 

numerical data [75]. The wards were purposefully selected due to their difference in vital sign 

documentation practice; one ward used automatic documentation and the other manual 

documentation. In total, seventy questionnaires on workload were completed and collected by 

the staff at the participating wards [75].  

3.3.2.2 Quantitative Data Analysis 

In study II, the extracted vital sign measurements were compared using descriptive statistics 

[74]. Analyzing data quality this way has been well described in the literature [54,58]. The vital 

sign measurements were expressed in categories of completeness, currency, and correctness. 

Because the study was based on retrospective data the actual values of the vital signs could not 

be known and the correctness, therefore, had to be analyzed by proxy categories like 

plausibility and concordance [58]. Plausibility was evaluated by comparing the measurements 

to the physiological reference intervals of the studied vital signs [74]. Concordance was 

assessed by comparing the distribution of the values in the different data sets [74].  

Study III compared the measurements from the observations to the ones extracted from an EHR 

and a test EHR environment [75]. The study design connected the result from each of the 

observed measurements to one entry in the EHR and one entry in the test EHR environment. 

This way, a paired sample data set was created [89], which made it possible to assess and 

compare correctness, completeness, and currency in the documentation groups using specific 

inferential statistical methods such as Mc Nemars test [90]. Further, the data collected by the 

questionnaires were analyzed using inferential statistics [75]. 
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3.4 ETHICAL CONSIDERATIONS 

For this thesis, two ethical applications and one complementary application were sent to the 

ethical review board by the research team. The work planned in the first application (DNR 

2014 4:7) was deemed not to require an ethical application by the board, who further stated that 

there were no perceived ethical conflicts in the planned project. The board granted ethical 

permission for application number two (2018 5:2) and the complementary application (2019 

02424). 

In study I, emergency care staff was interviewed and observed [73]. The researchers followed 

standard protocols in health care considering privacy and integrity, and no patient data was 

collected in the study. Information on the research was given in advance, and informed consent 

was obtained. Participation was voluntary, and confidentiality was assured. To assure 

confidentiality, none of the quotes were connected to the sites or the participants in the 

publication. 

Study II dealt with retrospective data [74]. In the study, limited data sets were used, and the 

data were anonymized after extraction. The handling of the personal data was done by 

extraction scripts, and the exposure of individual data to the researchers or the team extracting 

the data was limited. Thereby integrity and privacy risks were minimized. Data was handed 

over to the research team at Karolinska Institutet, who then took full responsibility for the data. 

All data used for analysis was pseudonymized. 

Study III focused on the effects of automatic data capture on data quality and staff workload 

[75]. Vital sign data were collected with oral consent from the patients and gave written 

information to all participants in the study. Both patients and staff were given the opportunity 

to opt-out. After collection of the data, all data were anonymized, and the presented results 

were not traceable to the participants. 

Study IV aimed to explore staff perceptions of CDSS regarding expectations and concerns. The 

study used semi-structured interviews. Data was pseudonymized during the transcription of the 

recorded interviews. No identifiable data was presented in the manuscript. 
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4 RESULTS 

4.1 WHAT FACTORS AFFECT VITAL SIGN DATA QUALITY IN EMERGENCY 
CARE? 

In study I, data quality was shown to be affected by the way the staff did their everyday clinical 

work (care process factors), which included how standardized routines were set up, 

implemented, followed, and governed [73]. These factors were described by categories such as 

standardized process, management, and competence and knowledge. The data quality was also 

found to be related to the information technology available to the staff and how well it 

supported their workflow, documentation, and to what degree the generated data was 

interoperable (Table 3) [73].   

Table 3 – Overview of the categories in study I [73]   

Main categories Sub-categories 

Care process 

factors 

Standardized process 

Management 

Competence and Knowledge 

Information 

technology 

Workflow support 

Documentation support 

Interoperability 

 

Study I also showed that four out of nine sites documented their vital signs digitally directly in 

the EHR. The other five sites used paper-based templates to support the recording of vital signs, 

and the participants perceived the use of such paper-based support to affect the completeness 

and currency of the vital signs negatively (Table 4) [73]. 

Table 4 – The documentation practices found in the included sites in study I [73]  

Documentation 

practice 

Description Number 

of sites 

Paper-based 

documentation 

Documentation on a structured paper-based template and 

later scanned into the EHR in pdf format. No entries of 

vital signs were done in the EHR. 

2 

Mixed 

Documentation 

Done on a paper-based template and later transferred into 

a digital EHR template. 

3 

Digital 

documentation 

Documentation on a digital template 4 

 

4.1.1 Data quality improvement strategies in the emergency department 

Based on the analysis of the data, Study I suggested five steps to improve vital sign data quality 

in the emergency department [73].  
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1. Standardize the care process: By providing clear guidelines and policies on when to 

measure and how to document vital signs, workflow variability would decrease thereby 

giving a more stable output and higher quality of the documented vital signs.  

2. Improving digital documentation support: By improving documentation support in 

the information technology, the structured documentation of vital signs would increase. 

Examples of such support were by developing structured templates for documentation 

of vital signs. Hopes were high among the study subjects that the integration of medical 

devices in the EHR would automate documentation and improve data quality.  

3. Provide workflow support: Data quality would increase if the information technology 

provided workflow support that helped the staff to follow the standardized care process. 

Examples showed how a specialized emergency triage module supported the collection 

of complete vital sign data.  

4. Ensure interoperability: By representing the data in reference terminology such as 

SNOMED CT and EHR model standards such as openEHR archetypes, the reuse of the 

documented vital signs would be facilitated.  

5. Perform Quality Control: If the implemented standardized workflow and the effects 

on data quality by the documentation was not monitored a lack of compliance could go 

unnoticed. The monitoring of data quality and compliance to guidelines were perceived 

as essential by the participants if data quality were to increase Such monitoring of data 

quality could be based on quantitative measurements of the completeness, currency, 

and correctness . 

4.2 HOW DIFFERENT DOCUMENTATION PRACTICES AFFECT VITAL SIGN 
DATA QUALITY 

Study II focused on the outcome of three different implemented vital sign documentation 

practices (Table 5) [74]. The study included extracted data from more than 330 000 emergency 

visits at five Swedish emergency departments. The number of vital sign measurements was 12 

679 in the paper-based group, 285 619 in the mixed group and 413 405 in the electronic 

documentation group. Completeness of vital signs in the EHR varied between 2% to 95% when 

comparing between the groups [74]. From a documentation workflow perspective, the paper-

based documentation was found to have the lowest completeness. The completeness in the 

electronic documentation workflow was 54%. Two factors contributed to the low completeness 

in the electronic documentation, firstly 29% of the patients in these sites were not triaged by 

vital signs and secondly, heart rate was not documented in a standardized template and could 

not be retrieved [74] .  
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Table 5 – Study II background data and results [74].  

 Paper-based Mixed Electronic 

Visits n 122 443 59900 152 684 

Expected measurements n 612 215 299 500 763 420 

Vital sign measurements n 12 679 285 619 413 405 

Completeness 2% 95% 54% 

Correctness High High High 

Currency Low Low Intermediate 

The correctness was assessed using the proxy measures plausibility and concordance. In study 

II, plausibility was defined as high when non-valid data or data or out of physiological range 

were absent [74]. In the survey, non-valid data or data out of physiological range varied from 

0.1-0.3% in the sites, and therefore plausibility was considered high in all documentation 

workflows.  

The concordance varied between the types of vital signs. Heart rate showed a high concordance 

between the sites, while respiratory rate and oxygen saturation showed lower concordance 

(Figure 3). In study II, the aberrations of the concordance in oxygen saturation were not 

considered to affect the fitness for use because they occur within an interval which from a 

clinical perspective is considered a normal value [74].  

 

Figure 3 - Example of distribution curves illustrating concordance [74] 
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4.3 THE EFFECTS OF AUTOMATION OF DOCUMENTATION ON VITAL SIGN 
DATA QUALITY AND WORKLOAD 

4.3.1 How automation of documentation affects vital sign data quality 

Study III compared the outcome of a standard manual documentation workflow to a workflow 

where vital signs were automatically documented in the EHR [75]. The data quality outcome 

was measured according to the currency, correctness, and completeness categories [58]. The 

currency was significantly higher in the automated documentation workflow, with an average 

time to documentation of 0.6 minutes (CI95% 0.4-0.9) vs. 7.7 minutes (CI95% 5.0-10) in the 

manual group [75]. 

Correctness was high in both groups, with 98% correct registrations in the automatic group vs. 

95% in the manual group (McNemar’s test p=0.61) [75]. The absolute deviations from the 

observations were assessed using the student's t-test without significant differences between 

the groups [75] . Although the correctness was not proven higher in the automated group, it is 

worth noting that the confidence intervals differed with the CI being wider in the manual 

documentation group (Table 6).  

Table 6 – Correctness in manual and automatic documentation in study III. No statistically significant 

differences in the mean deviations from the observations [75].  

 Vital Sign Unit of 

measure 

Manual Workflow 

 

Mean deviation 

from 

observation (CI 

95%) 

Automatic 

Workflow 

 

Mean deviation 

from 

observation (CI 

95%) 

p 

Systolic blood 

pressure 

mm/hg -4.1 (-9.9-1.7) 0.22 (-0.2-0.6) ns 

Temperature Degree 

Celsius 

2.95 (-0.2-6.2) 0.03 (0-0.1) ns 

Saturation % 1.58 (0-3.2) 1.62 (-0.8-4.0) ns 

Heart Rate Beats per 

minute 

8.9 (2.9-15) 4.2 (2-6.4) ns 

Completeness was found to be significantly higher in the automatic documentation workflow 

where 196 out of 200 measurements where complete, compared to 190 out of 200 in the manual 

group (McNemar’s test p<0.05) [75] .   

4.3.2 Expectations and outcome of automation on workload in vital sign 
documentation  

In study III [75], the workload was assessed in the manual and automatic documentation 

workflow using a questionnaire built on the NASA_TLX method [88]. The method evaluates 

the workload from six perspectives: mental demand, physical demand, temporal demand, 

performance, frustration level, and effort [88]. 
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The NASA-TLX data showed that temporal demand and frustration level were significantly 

lower in the automatic documentation workflow compared to the manual documentation group 

(Table 7) [88].  

Table 7 – Workload according to measurements with NASA TLX in the manual and automatic 

documentation workflows. The workload associated with the temporal and frustration categories was 

significantly lower in the automated workflow [75].  

  Manual 

Documentation 

Mean 

(CI 95%) (n = 50) 

Automated 

Documentation 

Mean 

(CI 95%) (n = 24) 

p 

Mental demand. How much 

mental activity is required for the 

measurement and documentation of 

vital signs? 

33 (31–35) 34 (24–43) ns 

Physical demand. How much 

physical activity is required in the 

measurement and documentation of 

vital signs? 

23 (21–26) 16 (10–21) ns 

Temporal demand. How much 

time pressure do you experience 

due to the demand for vital sign 

measurement and documentation? 

50 (47–53) 23 (14–31) < 

0.05* 

Performance. How satisfied are 

you with your performance at 

measuring and documenting the 

vital signs? 

68 (66–69) 73 (65–81) ns 

Frustration level. How much 

frustration do you experience with 

regards to the tasks of measuring 

and documenting the vital signs? 

63 (59–66) 33 (22–45) < 

0.05* 

Effort. How hard do you have to 

work (mentally and physically) to 

accomplish your level of 

performance? 

44 (42–45) 36 (31–40) ns 

Study III also compared the experienced and the anticipated reduction in workload between the 

digital and manual workflow and showed no significant differences except for in the frustration 

workload category [75]. The anticipated reduction in frustration was higher than the 

experienced, 54 (CI95% 44–65) vs. 27 (CI 95% 10–43) [75].  

4.4 EXPECTATIONS AND CONCERNS IN CLINICAL DECISION SUPPORT 
SYSTEMS AMONG EMERGENCY MEDICINE PHYSICIANS 

4.4.1 Expectations and concerns among enthusiasts and skeptics 

From the results of study IV, it was clear that there were both expectations and concerns 

regarding the introduction of CDSS among physicians in emergency care (Figure 4).  

 



 

24 

 

Figure 4 – Expectations and concerns among emergency care physicians regarding clinical decision 

support systems.  

The physicians anticipated and wished for the systems to bring information in a way suited to 

the current context, and examples of such support were the calculation of an aggregated fluid 

balance in the EHR. By providing aggregated and pre-calculated information necessary for 

decision making, the physicians anticipated that the systems would free up time that could be 

used for patient interaction.  

The physicians were concerned that the design of the CDSS would cause inadequate warnings 

and make information retrieval more complicated. They attributed design flaws to the lack of 

end-user involvement in their earlier experiences with IT development. The physicians were 

also concerned that the introduction of automated decision support would affect and reduce 

their clinical autonomy. They did not expect the systems to be able to provide a holistic 

approach to patient care and feared that the importance of such perspectives would be 

diminished with algorithm-driven decision making.  

The results also showed that the physicians could be categorized into four groups according to 

their attitudes towards CDSS, namely enthusiasts, balanced positives, balanced negatives, and 

skeptics (figure 5). The enthusiasts were overall optimistic and had very high expectations in 

the CDSS. The expectations in this group were connected to a feeling of frustration when the 

development was slow and failed to reach their expectations. The skeptics gave strongly 

negative opinions about CDSS, had low expectations, and feared the loss of autonomy as an 

outcome of the introduction of CDSS. 
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Figure 5– The categories of participants and examples of their statements.  

4.4.2 Trust in emergency care CDSS 

In study IV, trust was one of the three overall themes, and it was found to be important in 

balancing the expectations and concerns in emergency care CDSS (Figure 6).  

Trust was built on factors related to the system quality and the implementation process. The 

perceived system quality was affected by the ease of use (usability) and the value created by 

the system (usefulness). Data quality was linked to the usefulness of the system because it 

would directly affect the validity of the recommendations. The participants also stated that even 

with a perfect system, the trust would also depend on the implementation process. In the 

participants' view, the implementation had to give information through different channels, and 

they quoted earlier experiences where information was sent over emails as inadequate. They 

also stated that training was expected to be available in various forms, from e-learning to 

traditional lectures and workshops. Finally, any new system that could have a significant 

impact on everyday routines and workflow was expected to require robust change management 

work because without old ways of working were expected to persist for a long time.  
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Figure 6– Balancing expectations and concerns through trust  
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5 DISCUSSION 

5.1 MAIN FINDINGS 

The vital sign data of paper-based documentation had lower completeness and lower currency 

than automated systems. Although all the studied emergency departments had readily available 

EHRs, five out of nine still used paper-based support in their vital sign documentation. 

Therefore, documentation of vital signs in the emergency department is still surprisingly paper-

based, which makes vital sign data unfit for reuse in clinical decision support.  

Automation of vital sign documentation improved data quality and reduced workload in the 

emergency care context. Therefore, automation of vital sign documentation is feasible in 

emergency care and will improve data quality and reduce workload.  

The expectations of emergency medicine physicians who are enthusiastic towards decision 

support systems may be disappointed by what the market currently has to offer. Therefore, 

without proper implementation strategies, current CDSS are at risk of facing resistance by both 

enthusiasts and skeptics.  

5.2 THE RESULTS AND THE THEORETICAL FRAMEWORK 

This research project have used the strategy and outcome dimensions of the Proctor et al. [42] 

theoretical framework to explore prerequisites for CDSS in emergency medicine (Figure 7)  

 
Figure 7 – the results of the included studies and their relation to the research framework. 
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In the project, the Proctor et al. [42] framework was useful in clarifying the relations and flow 

between the intervention strategies, implementation strategies, and the outcomes. By asking a 

few questions developed from the framework, the research could be put in a clearer context: 

• Intervention strategy: What is being introduced? 

• Implementation strategy: How is it introduced? 

• Implementation outcome: Are the end-users using and compliant with the 

intervention? 

• Service outcome: How is the outcome of care affected? 

• Client outcome: How are the end-users affected by and experiencing the intervention. 

5.3 INTERVENTION STRATEGIES 

The overall intervention strategy in this thesis was the use of CDSS, and as described in the 

introduction the use of CDSS to implement evidence-based medicine has been suggested to 

improve compliance to guidelines and patient outcomes. This research ties the implementation 

science and the informatics research fields closer together by using the Proctor et al. framework 

[42] to describe the prerequisites for CDSS in emergency medicine (figure 7).  

Although not clearly stated, two other intervention strategies are represented in the thesis; the 

first two studies touch upon the use of standard documentation practice as a strategy to improve 

data quality, and the third study explores the effects of automated documentation on vital sign 

data quality and workload. Although these interventions have been explored by others, the 

studies have contributed to the knowledge of how standardization and automation affect vital 

sign data quality.  

5.4 IMPLEMENTATION STRATEGIES 

5.4.1 Strategies used to implement routines on vital sign documentation. 

Study I explored the perceived effect on the vital sign data quality by implemented 

documentation practices in emergency care [73]. The study mentioned the importance of 

having clear guidelines and policies regarding documentation of vital signs but also stated that 

alone, they were not enough for the implementation and compliance with documentation 

routines. This finding is in line with Natsch et al. [91], who presented a review on the effects 

of clinical guidelines and policies in antimicrobial stewardship, stating that “the potential of 

guidelines … should not be overstated. Many studies have shown that a combination of 

different interventions is needed” [91].  

The need for combined efforts in implementation is strengthened by Jordan et al. [92] who 

showed that multiple strategies are required for guideline implementation in the intensive care 

unit (ICU), suggesting a combination of “printed educational materials, information/ sessions, 

audit, feedback, use of champion leaders, educational outreach visits, and computer or internet 

usage.” [92].  



 

 29 

5.4.2 Using a proof of concept methodology as an implementation strategy 

Study III used a proof of concept method to describe the impact on vital sign data quality 

through automatic documentation [75]. A proof of concept study is “An empirical investigation 

which pertains to the development of prototypes or models that demonstrate the feasibility of 

novel concepts, ideas, principles, schema or their practical application.” [93]. In our research, 

the proof of concept methodology has been regarded as a part of the implementation strategy.  

The proof of concept methodology is an agile way of developing, testing, and evaluating 

functionality prior to broader implementation efforts. Hong et al. [94] suggest using proof of 

concept studies as a way of assuring the alignment between technology and organization needs. 

Further, proof of concept studies can be used as a second stage testing to evaluate how new 

concepts can be implemented under normal conditions with resources that are routinely 

available [95]. Such testing may provide evidence of implementation feasibility and scalability 

[95]. 

Proof of concept studies have been used in medical research. Comparable to the efforts in this 

thesis, dos Santos et al. [96] used a proof of concept methodology to examine how structured 

reporting could contribute to epidemiological research while increasing accessibility of the 

data. Further, proof of concept studies have been recommended for research regarding the 

internet of things and medical device integration [97].  Finally, Shemeikka et al. [98] used a 

proof of concept methodology to evaluate the effects and acceptance of a CDSS for drug 

prescribing in renal failure showing that 97% of the users preferred to continue using the 

systems and that the system increased physician attention on patients with impaired renal 

function. The results from this thesis add support to the use of proof of concept methodology 

as a part of an implementation strategy. 

5.4.3 Building trust as an implementation strategy 

A central finding in the fourth study is that the successful introduction of CDSS requires trust 

from the users. Similarly, Chao et al. [99] showed that the inability to build trust was a barrier 

and a key challenge in the full adoption of EHRs. Our results show that trust is needed to 

balance both high expectations and exaggerated concerns among the users and that trust in 

CDSS is built on both technological and implementation related factors. The main focus of this 

research has been the importance of data quality in building a trustworthy CDSS, but another 

significant finding is the need for trust-building with the physicians who are the most 

enthusiastic towards new technology.  

5.4.3.1 The risk of disappointment among technology enthusiasts 

Study IV adds new knowledge on the risk of disappointment among technology enthusiasts in 

implementation of CDSS. The expectations in this group are very high, and they tend to find 

development in health care information technology lagging behind other sectors. Our findings 

indicate that they may end up becoming disappointed with the level of innovation in currently 

available CDSS. According to Rogers [46], innovators and early adopters are the first to accept 
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and use new technology. The findings in our study raise concern that in emergency care CDSS 

this may not be the case because the enthusiasts have such high expectations that they may 

reject the system if it does not live up to expectations. This contributes to the knowledge of 

barriers to CDSS implementation because no studies were found discussing the rejection or 

uptake of technology within the early adopter group among health care staff [44,45]. 

5.4.3.2 The importance of trust in CDSS technology 

Trust in technology can be described as an acceptance of dependence on technology due to its 

characteristics [100] and in our results, this relates to the concept of system quality. If the 

overall quality of the system is perceived as good enough, then it is trustworthy [100]. A CDSS 

is a technical system that combines individual patient data and evidence-based clinical 

knowledge to give advice and support to clinicians [4]. These two parts of the CDSS, the 

technical system, and evidence-based medicine were reflected by quality being perceived as 

built upon two things; how scientifically robust the evidence behind the algorithms was and 

how well the system executed and delivered the results.  

The need for the CDSS to be built on evidence-based medicine may be unique to this specific 

type of technology. The CDSS validity is strongly linked to the algorithms that provide advice 

to the clinicians [52]. These algorithms constitute a clinical content dimension that is built into 

the CDSS, which affects the people using the system, influences their decision making, and 

thereby impacts the workflow [45]. Sittig and Singh [49] showed how the clinical content 

aspect of information technology requires a robust governance process. This is supported in 

our results, which show that the algorithms and their academic foundation built into the CDSS 

was perceived to require a governance process separated from the technical governance of the 

system. Ideally, this governance process should be linked to how we govern scientific evidence 

and connected to the knowledge management processes in clinical care. 

The need for trust in technological systems was in our studies linked to the concepts of 

usefulness and usability. These concepts are described in the technology acceptance model by 

Davies et al. [101].  Usefulness is related to how well a system fulfills its designated task [101]. 

A useful CDSS in emergency medicine could, as an example, be expected to calculate a correct 

triage score when so expected. To be useful, the clinical content needed to be relevant for the 

practicing physicians, and the effects on the outcome of the introduced systems needed to be 

objectively proven. Sittig and Singh [49] described the importance of monitoring and 

measuring the impact of health information technology to ascertain both increased value of 

health care delivery and improved patient safety.  

Usability is related to how easy the system is to use [102]. If the emergency medicine triage 

calculator required cumbersome data input and many clicks, then maybe it would not be 

experienced as very easy to use. Chao et al. [99] described that a trustworthy technology should 

perform in predictable ways and do what it is supposed to do without frequent “crashing,” 

delays, or unexpected results and further state that “Reliable, dependable, quality IT 

performance is the key over time.” 
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5.4.3.3 How data quality affects trust in CDSS 

A large part of this research project has focused on data quality. In a CDSS, the output in the 

system is calculated by the combination of digitalized clinical guidelines and individual patient 

data [103]. The patient data is often retrieved from a database connected to the EHR [3]. The 

quality of the CDSS output is, therefore, directly dependent on the quality of the data in the 

EHR [104]. If the quality of the information is low, the recommendations are likely less useful 

or in the worst case, even wrong and harmful [3]. If the advice given is questionable, then the 

users would find the system of low quality, and they would likely not trust the CDSS [104]. In 

other research fields, data quality is an essential factor in implementation strategies 

[57,63,105,106]. Reid and Catterall [105] studied the effects of data quality on implementation 

of customer relations management systems (CRM) stating that poor data quality impacts on 

trust and confidence in the expensive CRM systems, especially in the ‘front line’ users who are 

trying to realize the benefits of the technology.  

Further, Reid and Catterall conclude that data quality issues are often ignored until an 

implementation is well underway, and then the cost and time to address them may be beyond 

the project budget limits. Similarly, Nicolau et al. [106] studied the effects of perceived 

information quality on the implementation of a data exchange program and concluded that it 

predicted the adoption and intention to use the system. This shows that data quality is a factor 

that should be considered when developing implementation strategies. Data quality directly 

impacts the output of the CDSS, thereby affecting the end-users’ experience with and trust in 

the system.  

5.4.3.4 Trust in the implementation process 

The findings showed that the participants in our studies perceived the CDSS implementation 

process as vital in building trust with the new system. Similar to our findings, Rahimi et al. 

[107] pointed at three important domains in the implementation of health information systems. 

A strategic domain where user information needs were a central component, a tactical domain 

where education and training were a part of the implementation strategy, and finally an 

operational domain which focused on building trust by day to day end-user interaction with the 

system. The results both in Study I and Study IV show the importance of human factors related 

to the implementation of new technology and new workflows.  

A contribution of this research is the identification of the risk of disappointment with the 

technology enthusiast. Involving this group early in the implementation is likely essential to 

building trust [107]. By providing in-depth insight into the possibilities, limitations, and the 

development roadmap for the CDSS, the risk of disappointment may decrease [108]. Davis et 

al. [108] showed that building technology competence in the end-users is a driver of user 

satisfaction with enterprise-level information systems. The researchers explain that many 

business professionals are knowledgeable about information technology and are increasingly 

capable of contributing to IS implementations both from a technical and a business perspective 
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[108]. With the right guidance, leadership, and change management [109,110] the enthusiasts 

could be converted to champions of CDSS implementation.  

5.5 OUTCOMES 

5.5.1 Implementation outcomes – the electronic health records are not 
uniformly used for the documentation of vital signs in Swedish 
emergency care 

According to the Proctor et al. [42] framework, the study of implementation outcomes is related 

to measures such as adoption, penetration, appropriateness, and acceptability of the 

implemented solutions. Study I showed that although all sites had EHRs in place, they were 

not fully used in the emergency care workflow [73]. The high availability of EHRs is supported 

by Jerlvall et al. [1], who state that all Swedish emergency hospitals have implemented EHRs. 

The fact that implementation is not the same as adoption is shown in a US study from 2015 

where 84% of the emergency departments used the EHRs for patient administration, but only 

14% fulfilled the stage one meaningful use criteria where structured documentation is required 

[111]. In our findings, only four out of nine sites documented the vital signs digitally in the 

EHR at the point of use. 

Although EHRs in the emergency department have opportunities to impact efficiency and 

performance, it is also connected to unique challenges according to the literature, and 

implementation research findings from other fields may be inapplicable in this context [112].  

Implementations of EHRs in the emergency department have been associated with increased 

patient waiting times, lower clinical productivity, less direct interaction with the patients, and 

increased administration [13,112]. This indicated that systems appropriate in other contexts did 

not suit the emergency department. Lee et al. studied the perceptions of structured reporting in 

emergency care and concluded that the templates were perceived as inflexible and inadequate 

[113] but to give some encouragement; they also showed that implementation strategies might 

overcome the challenges.  

The specific challenges in the emergency department  context may account for the limited 

uptake of the EHRs in our studies [13]. The studies have found that the lack of mobility support 

may limit the appropriateness and acceptability of information technology in the emergency 

department. In the emergency department, both the staff and the patients are mobile, and this 

leads to requirements of mobile documentation support [114]. Other workflow factors may also 

be necessary, such as providing specific templates and screens that support the task at hand 

[60,61]. These are all factors that need to be accounted for in the intervention and 

implementation strategies to secure a successful implementation outcome for information 

systems in the emergency department. 
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5.5.2 Service outcomes – Documentation practices have a profound impact 
on data quality.  

5.5.2.1 Automation of vital sign documentation improves currency and completeness 

Our findings showed that automation of vital sign documentation is feasible in a high flow 

mobile environment, such as in the emergency department. Further, the studies showed that the 

introduction of automated documentation would significantly improve completeness and 

currency of the vital sign data. Wager et al. [115] found that improved documentation support 

in hospital wards significantly increased both correctness and currency of the vital sign data. 

The results could not show that automation increased correctness, but the confidence intervals 

indicate that our study may have been underpowered. This indicates that in a larger sample, 

such effects may exist. In our research, correctness was high in all documentation practices. 

This is in line with the findings of Reisner et al. [116], who compared computer generated and 

manual documentation of vital signs and found them to be equivalent. The increase in currency 

by automation is supported by Carlson et al., who showed that a change of documentation 

support might improve currency by 27% [114]. In radiology and pathology, the documentation 

practices and support have a substantial impact on data quality [117,118]. 

In anesthesia and intensive care, there is robust evidence that information management systems 

with automatic capture of vital signs improve data quality [119]. However, in emergency 

medicine, there is less evidence. In anesthesia and intensive care, there is continuous 

monitoring, and the patient is stationary. The emergency care context is different, and results 

may not be transferable between these settings [13]. From that point of view, our findings 

contribute to the knowledge of how automation can improve data quality in the emergency care 

context, which is characterized by mobility and a high turnaround of patients [13]. 

According to Sittig and Sing [49], the measurement of system functionality is usually 

unaccounted for in implementation frameworks. The need for such monitoring is supported by 

study IV, where follow up on both the service and client outcomes was included in the 

technology governance category. An important aspect of governance is improving the 

interoperability of the data by tying it to terminology standards such as Snomed-CT or ICD-10 

[120]. In study II the lack of such governance led to incomplete data because the heart rate was 

neither documented in a uniformly structured way or tied to standard terminology and some 

information could therefore not be retrieved from the database [74]. The incomplete heart rate 

in digital documentation in study II is an explicit example of that even though literature states 

that data extraction is an underused technique in research, the usefulness is limited by the lack 

of standardized information [121].  

5.5.2.2 Manual and mixed documentation practices will cause delayed and incomplete 

data. 

The studies showed that mixed documentation practices, where documentation is done on 

paper and later transferred into the EHR, may lead to delays and especially so in situations with 

high workloads. When the workload is high, the staff do not prioritize to follow the 
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documentation routines, and the transfer of data into the EHR is delayed [122]. Similarly, the 

observations showed that even in the digital documentation workflows, the results were not 

always immediately documented in the EHR, because it was less cumbersome to write the 

vitals on paper and hand it over to the clinician. This compares to the findings by Park et al. 

[122] who showed that workload with EHRs is increased and that staff developed ad-hoc 

workarounds that undermined the intent of the EHR. The finding indicates that the effects on 

client outcome may affect the implementation outcome, which may lead to an adjustment of 

the Proctor et al. [42] framework by introducing bi-directional arrows between the outcome 

categories. 

The findings in our studies showed that adequate documentation support is essential in securing 

the capture of vital sign data that is fit for use in emergency care CDSS. Automation of 

documentation should be a preferred strategy, but other ways to give support may also be 

helpful [70,114], such as mobile devices with workflow support directly focused on the capture 

of the vital signs. 

5.5.3 Client outcomes – Automation of vital sign documentation reduces the 
workload 

Study III showed that automated documentation of vital signs decreased workload [75]. The 

workload was assessed by the NASA-TLX instrument, which has been used and validated in 

the health care context [86–88]. Hoonakker et al. [87] showed that a questionnaire based on 

NASA-TLX could be used to measure workload in intensive care, and Ruiz-Rabelo et al.[86] 

validated a NASA-TLX questionnaire in the measurement of workload in bariatric surgery. 

Our studies showed that the introduction of EHRs might increase the workload in vital sign 

documentation. The increase in workload may be attributed to persisting paper-based 

documentation that requires the transfer of documentation from paper to the EHR. Reviews of 

clinical information systems research showed that the effects on workload and time spent on 

documentation seem highly variable. Bosman et al. [123] stated that information systems might 

reduce documentation time, increase time spent on patient care while improving data capture, 

and quality. However, two out of the twelve included studies showed increased time spent on 

documentation with the electronic systems, and four reported no difference. In a similar 

comparison by Mador et al. [124], four out of twelve studies showed a decrease of 

documentation time with digital systems, five showed no difference, and three reported an 

increase.  

One aspect of information system workload is the introduction of structured documentation 

which has been suggested to be both quality enhancement and a productivity nightmare [125]. 

Although the use of terminology bound structured documentation increases the value of clinical 

data, some authors claim that it has increased the administrative time used by doctors and state 

that up to half of the working day is spent on documentation [125]. Most currently available 

CDSS will require access to structured data, and therefore the impact on documentation 

workload will need to be considered. 
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5.6 LIMITATIONS AND FURTHER RESEARCH 

5.6.1 Limitations 

My background is in anesthesiology with experience from emergency medicine, and this may 

predispose to the conclusions, especially so regarding study I and IV. One limitation in Study 

II was the retrospective method which mainly affected the direct measurement of correctness. 

In study III, the sample size may have been inadequate to show significant differences in 

correctness between automatic and manual documentation [74,75]. 

All studies have been performed in the Swedish emergency care context, and this may affect 

the transferability of the results. The reliability of the results is dependent on the sample of 

participants, and a representative sample may have been ascertained by our enrollment 

methods. The studies have also been performed over quite a short time which may also affect 

the reliability of the results.  

A weakness of the thesis is that the main focus is directed towards data quality which is one of 

the identified CDSS prerequisites. As is shown in both studies I and IV [73], there are other 

aspects that may be just as important, but that has not been covered in as much detail by this 

work. 

The studies have aimed to enroll representative samples regarding hospital size, staff 

experience, EHR systems, and documentation practices.  To counter the effects of 

predispositions, the research has been peer-reviewed, and for study I, the results were checked 

with the participants in documented interviews [73].  

5.6.2 Recommendations for further research 

The results of this thesis showed that the introduction of CDSS in the emergency department 

requires trust in both the implementation process and the system. The results also showed that 

acceptance and trust in CDSS would change over time because some of the older CDSS 

(warnings on out of range blood tests and prescription alerts) were found to be widely trusted 

and accepted among the clinicians. It would be interesting to quantify how trust correlates to 

acceptance and use of CDSS in the emergency department and how it correlates to adverse 

outcomes as frustration, disappointment, and loss of autonomy. It would also be interesting to 

study how trust and acceptance change over time.  

Our studies indicated that CDSS would affect the legal and ethical aspects of emergency care. 

It is necessary to clarify these aspects. In-depth research on both the perceived and actual legal 

implications of CDSS introduction in clinical workflows is recommended. 

One aspect of data quality is related to the interoperability of the vital signs in EHRs. The 

relationship between interoperability and data quality could be further explored. The results 

indicate that fitness for use increases when the data is easier to extract, and that interoperability 

can be connected to completeness. In study III, it was found that the heart rate could not be 

retrieved in all sites, and this was likely due to semantical aspects of interoperability. It is likely 
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that the heart rates were documented, but the right tables could not be found in the database 

partly due to the lack of semantic interoperability. Further exploration of the correlation 

between interoperability and completeness would strengthen the emphasis on standardization 

in EHR data capture. 

Finally, it is a bit disappointing that the studies were not able to show increased correctness 

with automated documentation of the vital signs. The results indicate that increasing sample 

size would be able to give a statistically increased correctness that could be clinically relevant. 

Hopefully, that study will be done. The study should preferably be part of a broader evaluation, 

including an analysis of the business case regarding investments in automatic documentation 

systems in the emergency department.  
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6 RECOMMENDATIONS ON CLINICAL DECISION 
SUPPORT SYSTEM INTRODUCTION IN EMERGENCY 
MEDICINE 

According to the results, the implementation strategy should focus on building trust among the 

end-users towards the CDSS. Building trust is a way of balancing both the overinflated 

expectations and the exaggerated concerns that will exist within subgroups of the end-users. 

The building of trust needs to focus on the quality of the IT system and the robustness of the 

implementation process. 

TRUST IN THE SYSTEM QUALITY 

Ascertain data quality: Many recommendations in emergency medicine CDSS will build on 

the registered vital signs, and the capture of high-quality vital sign data is therefore essential. 

The studies support investments in automated vital sign documentation to ascertain vital signs 

of high currency, completeness, and correctness.  

Technology governance: Making sure the technology works as intended without disruptions 

or unintended consequences is essential if the clinician’s workflow is to rely on the service 

provided by the CDSS. The findings in this study support that functional aspects of the CDSS, 

such as the uptime and response times should be continuously measured and improved.  

Content governance: The recommendations in the CDSS will build on the content and the 

algorithms in the IT system. The algorithms need to be governed in the same way as policies 

and guidelines are managed based on clinical knowledge. The data quality and the underlying 

informatics (e.g., clinical models, terminologies, information structures) also need governance 

to maintain credible output in the system. The governance process needs to be strengthened to 

clarify the legal and ethical aspects of the introduced CDSS. This governance process should 

ideally be on a level above the individual hospitals. A part of the governance is to evaluate the 

effects of the CDSS continuously. 

Ease of use: The usability of the CDSS needs to be ascertained and measured over time. If the 

CDSS is hampering the clinical workflow, the system will not be sustainable, and resistance 

will make the end-users find workarounds to avoid the system. 

TRUST IN THE IMPLEMENTATION PROCESS 

Change management: The CDSS introduction will require a robust change management 

organization with engagement from top-level management and clinical involvement at the local 

level. Introducing CDSS will raise questions on clinician autonomy and challenge existing 

views on ethical and legal responsibilities. High-level management engagement will be needed 

to answer such questions credibly. The studies also show that the enthusiasts need to be 

considered in change management and suggest that they are engaged early to understand that 

the implementation is nothing but the start of a journey and that although limited at the start 

richer functionality will follow down the road. 
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Competence and knowledge: Introducing new functionality will require training to make sure 

that the new workflows are followed and understood. However, excessive training programs 

will raise concerns because a system with high usability is expected to require only limited 

training.  

Information: It is essential to make sure that communication and information about the 

implementation reach as a large part of the end-users as possible. Reaching out to the end-users 

was considered a challenge by our participants. The results show that information should be 

given through more than one channel. Reliance on e-mail as the only form of communication 

should be avoided, and the training sessions should be considered part of the information 

campaign.  
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7 CONCLUSION 

Among the findings in this thesis, there are three significant contributions to knowledge. 

Firstly, the exploration of vital sign data quality in emergency care showed that despite the 

wide implementation of EHRs in the emergency departments, automation in vital sign 

documentation is low. Low automation will significantly affect vital sign data quality by 

reducing currency and completeness.  

Secondly, the results show that automation of vital sign documentation is feasible in a mobile 

workflow with a high patient turnover like the emergency department. This is an important 

new finding because most of the earlier studies on automated data capture of vital signs focused 

on the intensive or perioperative care context. The studies give evidence that automation of 

documentation is important in ascertaining vital sign data’s fitness for use in emergency 

medicine because automation will significantly improve completeness and currency while 

reducing workload. However, it may be worth noticing that reduction in the frustration category 

may not live up to expectations, because the focus of frustration may shift from double 

documentation to technical problems with the automation.  

Thirdly, the study on expectations and concerns among emergency medicine physicians 

showed that those who are most enthusiastic towards CDSS might be at risk of disappointment 

when the functionality does not live up to expectations. This is a new finding and contribution 

to knowledge because as far as found in this research, most other studies focus on resistance to 

new technology. The results imply that implementation strategies may require handling of both 

exaggerated concerns and overinflated expectations among physicians in emergency care. 
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26  Jäderling G. The rapid response system : effects of early identification and treatment of 

physiological instability. Dept of Physiology and Pharmacology, Karolinska Institutet 

2013.  

27  College of Physicians R. Standardising the assessment of acute-illness severity in the 

NHS Standardising the assessment of acute-illness severity in the NHS The Royal 

College of Physicians. 2012. 

28  Wallgren UM, Bohm KEM, Kurland L. Presentations of adult septic patients in the 

prehospital setting as recorded by emergency medical services: a mixed methods 

analysis. Scand J Trauma Resusc Emerg Med 2017;25:23. doi:10.1186/s13049-017-

0367-z 



 

 45 

29  Dellinger RP, Levy MM, Rhodes A, et al. Surviving Sepsis Campaign: international 

guidelines for management of severe sepsis and septic shock, 2012. Intensive Care 

Med 2013;39:165–228. doi:10.1007/s00134-012-2769-8 

30  Levy MM, Dellinger RP, Townsend SR, et al. The Surviving Sepsis Campaign: results 

of an international guideline-based performance improvement program targeting 

severe sepsis. Intensive Care Med 2010;36:222–31. doi:10.1007/s00134-009-1738-3 

31  Hock Ong ME, Lee Ng CH, Goh K, et al. Prediction of cardiac arrest in critically ill 

patients presenting to the emergency department using a machine learning score 

incorporating heart rate variability compared with the modified early warning score. 

Crit Care 2012;16:R108. doi:10.1186/cc11396 

32  Wells PS, Anderson DR, Rodger M, et al. Excluding Pulmonary Embolism at the 

Bedside without Diagnostic Imaging: Management of Patients with Suspected 

Pulmonary Embolism Presenting to the Emergency Department by Using a Simple 

Clinical Model and d -dimer. Ann Intern Med 2001;135:98. doi:10.7326/0003-4819-

135-2-200107170-00010 

33  Damiani E, Donati A, Serafini G, et al. Effect of Performance Improvement Programs 

on Compliance with Sepsis Bundles and Mortality: A Systematic Review and Meta-

Analysis of Observational Studies. PLoS One 2015;10:e0125827. 

doi:10.1371/journal.pone.0125827 

34  Schmidt PE, Meredith P, Prytherch DR, et al. Impact of introducing an electronic 

physiological surveillance system on hospital mortality. BMJ Qual Saf 2015;24:10–20. 

doi:10.1136/bmjqs-2014-003073 

35  Jones S, Mullally M, Ingleby S, et al. Bedside electronic capture of clinical 

observations and automated clinical alerts to improve compliance with an Early 

Warning Score protocol. Crit Care Resusc 2011;13:83–8. 

36  Henry KE, Hager DN, Pronovost PJ, et al. A targeted real-time early warning score 

(TREWScore) for septic shock. Sci Transl Med 2015;7:299ra122-299ra122. 

doi:10.1126/scitranslmed.aab3719 

37  Gardner-Thorpe J, Love N, Wrightson J, et al. The value of Modified Early Warning 

Score (MEWS) in surgical in-patients: a prospective observational study. Ann R Coll 

Surg Engl 2006;88:571–5. doi:10.1308/003588406X130615 

38  Azeredo TRM, Guedes HM, Rebelo de Almeida RA, et al. Efficacy of the Manchester 

Triage System: a systematic review. Int Emerg Nurs 2015;23:47–52. 

doi:10.1016/j.ienj.2014.06.001 

39  McCormack JL, Ash JS. Clinician perspectives on the quality of patient data used for 

clinical decision support: a qualitative study. AMIA Annu Symp Proc 2012;2012:1302–

9. 

40  Nilsen P. Making sense of implementation theories, models and frameworks. 

Implement Sci 2015;10:53. doi:10.1186/s13012-015-0242-0 

41  Damschroder LJ. Clarity out of chaos: Use of theory in implementation research. 

Psychiatry Res Published Online First: 23 June 2019. 

doi:10.1016/j.psychres.2019.06.036 

42  Proctor EK, Landsverk J, Aarons G, et al. Implementation research in mental health 



 

46 

services: an emerging science with conceptual, methodological, and training 

challenges. Adm Policy Ment Health 2009;36:24–34. doi:10.1007/s10488-008-0197-4 

43  Eccles MP, Mittman BS. Welcome to Implementation Science. Implement Sci 

2006;1:1. doi:10.1186/1748-5908-1-1 

44  Eichner J, Das M. Challenges and Barriers to Clinical Decision Support (CDS) Design 

and Implementation Experienced in the Agency for Healthcare Research and Quality 

CDS Demonstrations (Prepared for the AHRQ National Resource Center for Health 

Information Technology under C. 2010. www.ahrq.gov (accessed 29 Jan 2019). 

45  Ash JS, Sittig DF, McMullen CK, et al. Multiple perspectives on clinical decision 

support: a qualitative study of fifteen clinical and vendor organizations. BMC Med 

Inform Decis Mak 2015;15:35. doi:10.1186/s12911-015-0156-4 

46  Rogers EM. Diffusion of Innovations. 5th ed. New York, NY: : Free Press 2003. 

doi:10.1002/jps.2600520633 

47  Green LW, Ottoson JM, García C, et al. Diffusion theory and knowledge 

dissemination, utilization and integration. Front public Heal Serv Syst Res 

2014;3:3.http://www.ncbi.nlm.nih.gov/pubmed/26251771 (accessed 13 Sep 2019). 

48  Liberati EG, Ruggiero F, Galuppo L, et al. What hinders the uptake of computerized 

decision support systems in hospitals? A qualitative study and framework for 

implementation. doi:10.1186/s13012-017-0644-2 

49  Sittig DF, Singh H. A new sociotechnical model for studying health information 

technology in complex adaptive healthcare systems. Qual Saf Heal Care 2010;19:i68–

74. doi:10.1136/qshc.2010.042085 

50  Sittig DF, Ash JS, Zhang J, et al. Lessons From Unexpected Increased Mortality After 

Implementation of a Commercially Sold Computerized Physician Order Entry System. 

Pediatrics 2012;118:797–801. doi:10.1542/peds.2005-3132 

51  Varonen H, Kortteisto T, Kaila M. What may help or hinder the implementation of 

computerized decision support systems (CDSSs): A focus group study with 

physicians. Fam Pract 2008;25:162–7. doi:10.1093/fampra/cmn020 

52  Pope C, Halford S, Turnbull J, et al. Using computer decision support systems in NHS 

emergency and urgent care: ethnographic study using normalisation process theory. 

2013. doi:10.1186/1472-6963-13-111 

53  Ziegel ER, Juran JM, Gryna FM. Juran’s Quality Control Handbook. McGraw-Hill 

1990. doi:10.2307/1269854 

54  Karr AF, Sanil AP, Banks DL. Data quality: A statistical perspective. Stat Methodol 

2006;3:137–73. doi:10.1016/j.stamet.2005.08.005 

55  Data quality: A statistical perspective. Stat Methodol 2006;3:137–73. 

doi:10.1016/J.STAMET.2005.08.005 

56  Stausberg J, Nasseh D, Nonnemacher M. Measuring Data Quality: A Review of the 

Literature between 2005 and 2013. In: Studies in Health Technology and Informatics. 

2015. doi:10.3233/978-1-61499-512-8-712 

57  Wang RW, Strong DM. Beyond Accuracy: What Data Quality Means to Data 



 

 47 

Consumers. J Manag Inf Syst 1996;12:5. 

58  Weiskopf NG, Weng C. Methods and dimensions of electronic health record data 

quality assessment: enabling reuse for clinical research. J Am Med Inform Assoc 

2013;20:144–51. doi:10.1136/amiajnl-2011-000681 

59  Hogan WR, Wagner MM. Accuracy of data in computer-based patient records. J Am 

Med Inform Assoc 1997;4:342–55. doi:10.1136/jamia.1997.0040342 

60  Roukema J, Los RK, Bleeker SE, et al. Paper versus computer: feasibility of an 

electronic medical record in general pediatrics. Pediatrics 2006;117:15–21. 

doi:10.1542/peds.2004-2741 

61  Benson M, Junger A, Quinzio L, et al. Influence of the method of data collection on 

the documentation of blood-pressure readings with an Anesthesia Information 

Management System (AIMS). Methods Inf Med 2001;40:190–5. 

62  Lawrenson R, Todd JC, Leydon GM, et al. Validation of the diagnosis of venous 

thromboembolism in general practice database studies. Br J Clin Pharmacol 

2000;49:591–6. doi:10.1046/j.1365-2125.2000.00199.x 

63  Pipino LL, Lee YW, Wang RY. Data quality assessment. Commun ACM 2002;45:211. 

doi:10.1145/505248.506010 

64  Kupzyk KA, Cohen MZ. Data Validation and Other Strategies for Data Entry. West J 

Nurs Res 2015;37:546–56. doi:10.1177/0193945914532550 

65  Vaziri R, Mohsenzadeh M, Habibi J. Measuring data quality with weighted metrics. 

Total Qual Manag Bus Excell 2017;:1–13. doi:10.1080/14783363.2017.1332954 

66  Duda SN, McGowan CC, Gadd CS. Perceived Reasons for High and Low Quality 

Observational HIV Research Data. Stud Health Technol Inform 2015;216:994. 

67  di Martino P, Leoli F, Cinotti F, et al. Improving vital sign documentation at triage: an 

emergency department quality improvement project. J Patient Saf 2011;7:26–9. 

doi:10.1097/PTS.0b013e31820c9895 

68  Wang RY, Storey VC, Firth CP. A framework for analysis of data quality research. 

IEEE Trans Knowl Data Eng 1995;7:623–40. doi:10.1109/69.404034 

69  Mackay EA. Patients, Consumers, and Caregivers: The Original Data Stewards. 

eGEMs (Generating Evid Methods to Improv patient outcomes) 2015;3:8. 

doi:10.13063/2327-9214.1173 

70  Gerdtz MF, Waite R, Vassiliou T, et al. Evaluation of a multifaceted intervention on 

documentation of vital signs at triage: A before-and-after study. Emerg Med Australas 

2013;25:580–7. doi:10.1111/1742-6723.12153 

71  Chen J, Hillman K, Bellomo R, et al. The impact of introducing medical emergency 

team system on the documentations of vital signs. Resuscitation 2009;80:35–43. 

doi:10.1016/j.resuscitation.2008.10.009 

72  Seem J, Nachmias D, Nachmias C. Research Methods in the Social Sciences. 

Washington: : American Sociological Association 1988. doi:10.2307/1317432 

73  Skyttberg N, Vicente J, Chen R, et al. How to improve vital sign data quality for use in 

clinical decision support systems? A qualitative study in nine Swedish emergency 



 

48 

departments. BMC Med Inform Decis Mak 2016;16:61. doi:10.1186/s12911-016-0305-

4 

74  Skyttberg N, Chen R, Blomqvist H, et al. Exploring Vital Sign Data Quality in 

Electronic Health Records with Focus on Emergency Care Warning Scores. Appl Clin 

Inform 2017;8:880–92. doi:10.4338/ACI-2017-05-RA-0075 

75  Skyttberg N, Chen R, Koch S. Man vs machine in emergency medicine - A study on 

the effects of manual and automatic vital sign documentation on data quality and 

perceived workload, using observational paired sample data and questionnaires. BMC 

Emerg Med 2018;18. doi:10.1186/s12873-018-0205-2 

76  Hsieh H-F, Shannon SE. Three approaches to qualitative content analysis. Qual Health 

Res 2005;15:1277–88. doi:10.1177/1049732305276687 

77  Kaplan B, Maxwell JA. Qualitative Research Methods for Evaluating Computer 

Information Systems. In: Evaluating the Organizational Impact of Healthcare 

Information Systems. New York: : Springer-Verlag 2005. 30–55. doi:10.1007/0-387-

30329-4_2 

78  Cooper S, Endacott R. Generic qualitative research: a design for qualitative research in 

emergency care? Emerg Med J 2007;24:816–9. doi:10.1136/emj.2007.050641 

79  Kallio H, Pietilä A-M, Johnson M, et al. Systematic methodological review: 

developing a framework for a qualitative semi-structured interview guide. J Adv Nurs 

2016;72:2954–65. doi:10.1111/jan.13031 

80  Brennen BS. Doing Qualitative Research. In: Qualitative Research Methods for Media 

Studies. Sage Publications 2018. 13–26. doi:10.4324/9781315435978-2 

81  Gill P, Stewart K, Treasure E, et al. Methods of data collection in qualitative research: 

interviews and focus groups. Br Dent J 2008;204:291–5. doi:10.1038/bdj.2008.192 

82  Lehmann H. Grounded Theory and Information Systems: Are We Missing the Point? 

Springer, New York, NY 2012. 305–22. doi:10.1007/978-1-4419-9707-4_15 

83  Vaismoradi M, Turunen H, Bondas T. Content analysis and thematic analysis: 

Implications for conducting a qualitative descriptive study. Nurs Health Sci 

2013;15:398–405. doi:10.1111/nhs.12048 

84  Cotten SR, Tashakkori A, Teddlie C. Mixed Methodology: Combining Qualitative and 

Quantitative Approaches. Contemp Sociol 1999;28:752. doi:10.2307/2655606 

85  Bowling A. Health Research Methods: Investigation, Measurement And Analysis. 

Open University Press 2005.  

86  Ruiz-Rabelo JF, Navarro-Rodriguez E, Di-Stasi LL, et al. Validation of the NASA-

TLX Score in Ongoing Assessment of Mental Workload During a Laparoscopic 

Learning Curve in Bariatric Surgery. Obes Surg 2015;25:2451–6. doi:10.1007/s11695-

015-1922-1 

87  Hoonakker P, Carayon P, Gurses AP, et al. Measuring workload of ICU nurses with a 

questionnaire survey: the NASA Task Load Index (TLX). IIE Trans Healthc Syst Eng 

2011;1:131–43. doi:10.1080/19488300.2011.609524 

88  Hart SG, Staveland LE. Development of NASA-TLX (Task Load Index): Results of 



 

 49 

Empirical and Theoretical Research. Adv Psychol 1988;52:139–83. 

doi:10.1016/S0166-4115(08)62386-9 

89  Connor RJ. Sample Size for Testing Differences in Proportions for the Paired-Sample 

Design. Biometrics 1987;43:207. doi:10.2307/2531961 

90  McNemar Q. Note on the sampling error of the difference between correlated 

proportions or percentages. Psychometrika 1947;12:153–7. doi:10.1007/BF02295996 

91  Natsch S, van der Meer JWM. The role of clinical guidelines, policies and 

stewardship. J Hosp Infect 2003;53:172–6. 

92  Jordan P, Mpasa F, ten Ham-Baloyi W, et al. Implementation strategies for guidelines 

at ICUs: a systematic review. Int J Health Care Qual Assur 2017;30:358–72. 

doi:10.1108/IJHCQA-08-2016-0119 

93  Medical Subject Headings - Home Page. 

https://www.nlm.nih.gov/mesh/meshhome.html (accessed 4 Jun 2019). 

94  Hong K-K, Kim Y-G. The critical success factors for ERP implementation: an 

organizational fit perspective. Inf Manag 2002;40:25–40. doi:10.1016/S0378-

7206(01)00134-3 

95  WHO |  Beginning with the end in mind: planning pilot projects and other 

programmatic research for successful scaling up. WHO Published Online First: 

2014.https://www.who.int/reproductivehealth/publications/strategic_approach/978924

1502320/en/ (accessed 4 Jun 2019). 

96  Pinto dos Santos D, Scheibl S, Arnhold G, et al. A proof of concept for 

epidemiological research using structured reporting with pulmonary embolism as a use 

case. Br J Radiol 2018;:bjr.20170564. doi:10.1259/bjr.20170564 

97  Meinert E, Van Velthoven M, Brindley D, et al. The Internet of Things in Health Care 

in Oxford: Protocol for Proof-of-Concept Projects. JMIR Res Protoc 2018;7:e12077. 

doi:10.2196/12077 

98  Shemeikka T, Bastholm-Rahmner P, Elinder C-G, et al. A health record integrated 

clinical decision support system to support prescriptions of pharmaceutical drugs in 

patients with reduced renal function: Design, development and proof of concept. Int J 

Med Inform 2015;84:387–95. doi:10.1016/J.IJMEDINF.2015.02.005 

99  Chao WC, Hu H, Ung COL, et al. Benefits and Challenges of Electronic Health 

Record System on Stakeholders: A Qualitative Study of Outpatient Physicians. J Med 

Syst 2013;37:9960. doi:10.1007/s10916-013-9960-5 

100  Rousseau DM, Sitkin SB, Burt RS, et al. Introduction to Special Topic Forum: Not so 

Different after All: A Cross-Discipline View of Trust. Acad. Manag. Rev. ;23:393–

404. doi:10.2307/259285 

101  Davis FD, Bagozzi RP, Warshaw PR. User Acceptance of Computer Technology: A 

Comparison of Two Theoretical Models. Manage Sci 1989;35:982–1003. 

doi:10.1287/mnsc.35.8.982 

102  Press A, McCullagh L, Khan S, et al. Usability Testing of a Complex Clinical 

Decision Support Tool in the Emergency Department: Lessons Learned. JMIR Hum 

Factors 2015;2:e14. doi:10.2196/humanfactors.4537 



 

50 

103  Aronsky D, Haug PJ. Assessing the Quality of Clinical Data in a Computer-based 

Record for Calculating the Pneumonia Severity Index. J Am Med Informatics Assoc 

2000;7:55–65. doi:10.1136/jamia.2000.0070055 

104  Hasan S, Padman R. Analyzing the effect of data quality on the accuracy of clinical 

decision support systems: a computer simulation approach. AMIA . Annu Symp 

proceedings AMIA Symp 2006;2006:324–8. 

105  Reid A, Catterall M. Invisible data quality issues in a CRM implementation. J 

Database Mark Cust Strateg Manag 2005;12:305–14. 

doi:10.1057/palgrave.dbm.3240267 

106  Nicolaou AI, McKnight DH. Perceived Information Quality in Data Exchanges: 

Effects on Risk, Trust, and Intention to Use. Inf Syst Res 2006;17:332–51. 

doi:10.1287/isre.1060.0103 

107  Rahimi B, Vimarlund V, Timpka T. Health information system implementation: A 

qualitative meta-analysis. J Med Syst 2009;33:359–68. doi:10.1007/s10916-008-9198-

9 

108  Davis JM, Kettinger WJ, Kunev DG. When users are IT experts too: the effects of 

joint IT competence and partnership on satisfaction with enterprise-level systems 

implementation. Eur J Inf Syst 2009;18:26–37. doi:10.1057/ejis.2009.4 

109  Boonstra A, Broekhuis M. Barriers to the acceptance of electronic medical records by 

physicians from systematic review to taxonomy and interventions. BMC Health Serv 

Res 2010;10:231. doi:10.1186/1472-6963-10-231 

110  Aladwani AM. Change management strategies for successful ERP implementation. 

Bus Process Manag J 2001;7:266–75. doi:10.1108/14637150110392764 

111  Jamoom E, Hing E. Progress with electronic health record adoption among emergency 

and outpatient departments: United States, 2006-2011. NCHS Data Brief 2015;:1–8. 

112  Ben-Assuli O. Electronic health records, adoption, quality of care, legal and privacy 

issues and their implementation in emergency departments. Health Policy (New York) 

2015;119:287–97. doi:10.1016/j.healthpol.2014.11.014 

113  Lee S, Jeon MY, Kim EO. Implementation of Structured Documentation and Standard 

Nursing Statements. CIN Comput Informatics, Nurs 2019;37:266–75. 

doi:10.1097/CIN.0000000000000510 

114  Carlson E, Catrambone C, Oder K, et al. Point-of-care technology supports bedside 

documentation. J Nurs Adm 2010;40:360–5. doi:10.1097/NNA.0b013e3181ee4248 

115  Wager KA, Schaffner MJ, Foulois B, et al. Comparison of the quality and timeliness 

of vital signs data using three different data-entry devices. Comput Inform 

Nurs;28:205–12. doi:10.1097/NCN.0b013e3181e1df19 

116  Reifman; ARCM, Chen L, McKenna TM, et al. Automatically-computed Prehospital 

Severity Scores are Equivalent to Scores Based on Medic Documentation. J Trauma 

Inj Infect Crit Care 2008;65:915–23. doi:10.1097/ta.0b013e31815eb142 

117  Gassenmaier S, Armbruster M, Haasters F, et al. Structured reporting of MRI of the 

shoulder – improvement of report quality? Eur Radiol 2017;27:4110–9. 

doi:10.1007/s00330-017-4778-z 



 

 51 

118  Sluijter CE, van Lonkhuijzen LRCW, van Slooten H-J, et al. The effects of 

implementing synoptic pathology reporting in cancer diagnosis: a systematic review. 

Virchows Arch 2016;468:639–49. doi:10.1007/s00428-016-1935-8 

119  Kadry B, Feaster WW, Macario A, et al. Anesthesia Information Management 

Systems: Past, Present, and Future of Anesthesia Records. Mt Sinai J Med A J Transl 

Pers Med 2012;79:154–65. doi:10.1002/msj.21281 

120  Kubicek H, Cimander R. Three dimensions of organizational interoperability. ￼ 

Insights from recent studies for improving interoperability frame-works. Eur J 

ePractice 2009;:1–12.http://www.epractice.eu/files/6.1.pdf 

121  Jensen PB, Jensen LJ, Brunak S. Mining electronic health records: towards better 

research applications and clinical care. Nat Rev Genet 2012;13:395–405. 

doi:10.1038/nrg3208 

122  Park SY, Lee SY, Chen Y. The effects of EMR deployment on doctors’ work 

practices: A qualitative study in the emergency department of a teaching hospital. Int J 

Med Inform 2012;81:204–17. doi:10.1016/J.IJMEDINF.2011.12.001 

123  Bosman RJ. Impact of computerized information systems on workload in operating 

room and intensive care unit. Best Pract Res Clin Anaesthesiol 2009;23:15–26. 

124  Mador RL, Shaw NT. The impact of a Critical Care Information System (CCIS) on 

time spent charting and in direct patient care by staff in the ICU: a review of the 

literature. Int J Med Inform 2009;78:435–45. doi:10.1016/j.ijmedinf.2009.01.002 

125  Clynch N, Kellett J. Medical documentation: Part of the solution, or part of the 

problem? A narrative review of the literature on the time spent on and value of medical 

documentation. Int J Med Inform 2015;84:221–8. 

doi:10.1016/J.IJMEDINF.2014.12.001 

 


