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Abstract. This paper identifies a problem in use of data for Clinical Decision 

Support as Electronic Patient Records are moving towards Information 

Infrastructures.  Traditional ways of integrating systems and identifying master 

systems for given datasets seem not to be sufficient when advanced 

functionality require applying datamining algorithms to large data repositories 

of patient specific data. 

1   Outlining the problem 

Electronic Patient Records (EPRs) are clearly moving towards Information 

Infrastructures – that is they are connected and merged with more systems to provide 

Health Care professionals with proper tools to support their work.  According to the 

definition of an Electronic Patient Record in Norwegian context, it is “An electronic 

collection or compilation of recorded / registered information about a patient in 

connection with health care" [1].   Typically, this encompass notes, evaluations and 

summary in what is commonly is referred to as the EPR, but there are also radiology 

picturing and storing systems, lab requiring and analysis storing systems, medical 

chart and medication systems. In addition to this, for instance, The South-East Health 

Region has more than 500 specific applications for the different medical disciplines 

like ophthalmology, obstetrics, diabetes and so on.  Also, medical tools like  Electro 

Cardio Gram and Ultrasound record and store data from the patient, and bedside 

devices continuously store and feed clinical data (like blood pressure, SO2, 

respiratory frequency) into the EPR, all in order for clinicians to make and document 

their evaluation of the patient and to decide proper care.   Thus, the EPR may consist 

of more than one system, and this is why it makes sense of talking about an EPR as an 

Information Infrastructure.  Structurally an II is recursively composed of   other 

infrastructures, platforms,  application  and  IT  capabilities [2].  

 



EPR as infrastructure is gradually becoming an indispensable tool for planning, 

providing and improving clinical work.  As evidence based services are becoming the 

norm, it is getting difficult to separate the documenting of clinical work from the 

secondary use of the data, because the data are immediately fed back into decision 

support for the upcoming steps of the treatment. So far, the data generated from the 

different systems and devices have been combined, interpreted applied manually at 

points of decision in clinical work.  However, the emerging complexity of clinical 

work plead for more advanced ICT support, assisting health care personnel in keeping 

track of patients.    The situation may be compared with the traffic evolution: There 

used to be few cars, the roads did not allow high speed and security was hardly an 

issue.  Today, this picture is very different, and cars are able to assist the drivers in 

reading and coping with all the traffic.  Caring for patients has evolved along similar 

tracks:  There are hundreds of professions involved, many handovers of patients and 

information, lots of parallel treatment and assessments and higher turnover of 

patients.  Besides, medicine itself has become extremely advanced, exposing health 

care personnel to loads of knowledge that should be processed and applied.  Thus, 

there is a need for, and an expectation that ICT would assist health care personnel in 

keeping an overview of their patients and the updated treatment regimes.  

  

Accordingly, one of the requirement for emerging EPR systems is advanced 

decision support for clinical work (CDS).  CDS can be offered by numerous 

mechanism, more or less advanced.   Well-organized representations of data is a basic 

feature.  For instance, presenting a blood pressure in relation to the previous values 

gives much more information than presenting only the actual value, because it tells 

how the patient is progressing [3].  Further, notifications can be added if the values 

get out of defined ranges, giving the system a more active assisting role.  More 

advanced functions rely on built in algorithms that can interpret and combine data to 

make suggestions for actions [4].   A study analyzing 70 randomized controlled trials 

[5] identified four features strongly associated with a decision support system's ability 

to improve clinical practice:  (a) decision support provided automatically as part of 

clinician workflow, (b) decision support delivered at the time and location of decision 

making, (c) actionable recommendations provided, and (d) computer based.  A 

common theme of all four features is that they make it easier for clinicians to use a 

clinical decision support system, suggesting that an effective system must minimize 

the effort required by clinicians to receive and act on system recommendations. 

   

Hence, CDS depends on good quality clinical data repository and hence reinforces 

the need for standardized data representation and storage. Lack of good clinical data 

warehouse will have significant impact on the quality of advices emanating from CDS 

systems. Data mining algorithms require good quality clinical data repositories to be 

able to extract knowledge to support clinical decision-making [4]. Thus, CDS systems 

depend profoundly on large volumes of readily accessible, existing clinical datasets 

usually extracted from the repository content of EPRs. Lack of standardized data in 

the repository may lead to datasets not representative of the patient population (ibid). 

It is therefore essential that standardized data representation are used for leveraging 

the knowledge base repositories to facilitate the generation of patient-specific care 

recommendations for physicians.  Such advanced decision support put heavily 



demands on application logic and semantic interoperability if the guidance should be 

provided in an automatic way then computerized [6, 7]. 

   

So, what happens when the EPR becomes an infrastructure of different systems, 

entailing different data models?  Clearly, there need to be communication standards 

involved to allow dataflow between the systems.  However, the advanced clinical 

decision support cannot be achieved unless there also are content standards, so that 

the data are semantic interoperable.  The following example of an ongoing project is 

illustrative to this problem:  

Following an invitation to tender, the Northern Norway Regional Health Authority 

decided in 2011 to invest in new clinical ICT systems for all the 11 hospitals in 

Northern Norway. The FIKS project was then established with a budget of EUR 90m 

for the period 2012-2016, and it is currently one of the most ambitious healthcare-

related ICT projects in Norway. A key aim of this project was to replace an existing, 

largely free-text-based EHR with a new archetype-based (i.e., highly structured) EPR 

offering extensive decision support, interoperability capabilities and easy reuse of 

data for documentation and clinical research. The procurement conformed to the 

national Norwegian strategy of building an infrastructure for specialized healthcare 

based on the openEHR architecture [8].  

However, in 2015, there was a bid for tender to supply the EPR with an Electronic 

Medical Chart (EMC), also comprising Medication support, because this functionality 

was missing in the procured EPR.  This process resulted in achievement of a product 

not conforming to the openEHR architecture; it had a proprietary data model.   An 

implementation project for the EMC was established, and together with the 

implementation project for the new EPR, the work of defining integrations between 

the two systems started, based on the following principles: a) The users were not to be 

troubled by working in more than one system, i.e. if they had logged on to the EPR, 

they could go to the EMC without logging on additionally.  b) Data should flow both 

ways depending on which application the users were working in.  c) Overlapping 

functionality should be placed in one system and disabled in the other, decided by the 

most practical workflow for the users.   

Clinicians were invited to participate in workshops, to define their workflow and 

their need for information from the two applications.  It soon became clear that the 

more traditional way of defining one system as master for given data would be 

insufficient for the systems to provide smooth workflow for the clinicians.  A 

nephrologist posed the following question:  “What if my patient has got a diagnosis 

(registered in the EPR) that needs a certain medicine (to be ordinated in the EMC) , 

but then also has some complications (registered in the EPR) that actually makes the 

medicine contra-indicated,  would I be warned by the EMC when ordinating the 

medicine?”   The answer was no, because the EMC do not know the patients 

diagnosis and complicating factors.  He would only be advised on correct dose, unless 

diagnosis and complications were also entered to the EMC.   

 

Additionally, the overall intentions of acquiring the new EPR would also be 

jeopardized by the fact that data was entered into different systems.  Because the EPR 

was meant to provide extensionally process and decision support, it would need data 

entered in the EMC for reuse in treatment plans and as base for suggestion of actions.  



For such functionality, it would be insufficient only to display data from the EMC, it 

need to be semantic interoperable with the data model in the EPR to make up the 

necessary repository of patient specific data. If CDS is offered only based on data 

from the EPR, while half of the entries is within the EMC, the support is useless for 

the clinicians because it is unreliable.    

1.1   Future work 

Based on this outline, an important step for the implementation project is to 

develop and deploy a strategy for handling different data models to achieve advanced 

decision support.  This process can be informed by applying theory on Information 

Infrastructure and data work. It may also contribute to new understandings of 

infrastructures in health care, as they are particularly challenging due to security, 

access, accountability and tracing issues.  Herein lies possibilities for future work on 

this outlined problem.   
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