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 Introduc�on 
Data in Electronic Health Record (EHR) systems represent a limited view of a pa�ent’s condi�on and 
are o�en incomplete and biased. However, they provide enough informa�on for construc�ng a clini-
cally relevant set of observable characteris�cs of a disease or a condi�on, called an electronic pheno-
type. Electronic phenotyping uses a combina�on of clinical notes, diagnosis codes based on Interna-
�onal Classifica�on of Diseases (ICD1), medica�on lists, and laboratory tests. It enables direct iden�fi-
ca�on of cohorts of pa�ents based on popula�on characteris�cs, risk factors, and complica�ons 
demonstrated in similar popula�ons. This informa�on can be used, among other uses, to conduct 
clinical trials and compara�ve treatment effec�veness research. The cohort iden�fica�on process can 
be integrated with the EHR for real-�me clinical decision support. Electronic phenotyping corre-
sponds to secondary use of EHR data. Machine-learning approaches, along with Natural Language 
Processing (NLP) methods, are key to electronic phenotyping. 

 Project objec�ves 
The project “Exploring electronic phenotyping in Norwegian clinical se�ngs” aims to provide 
knowledge on electronic phenotyping, including technologies and methods for its development, as 
well as iden�fy clinical relevance of phenotyping and challenges in Norwegian clinical se�ngs.  

Project ac�vi�es included 1) knowledge gaining on electronic phenotyping through par�cipa�on in 
conferences and research visits/ mee�ngs with ins�tu�ons working on this topic, 2) iden�fica�on of 
clinical needs/ use cases for electronic phenotyping at the na�onal level, 3) iden�fica�on of data 
types required for phenotyping of the selected clinical needs, 4) check for data availability and acces-
sibility, and 5) development of phenotyping algorithms for the chosen clinical use case(s). 

In general, clinicians and pa�ents can get the biggest benefits from phenotyping projects as they get 
insights for improving treatment and pa�ent safety, as well as providing decision support and improv-
ing clinical workflows. Moreover, this knowledge can be valuable for EHR vendors and Helsepla�or-
men, providing prerequisites and requirements for further development and improvement of na-
�onal EHR systems to support phenotyping for clinical decision making and healthcare personnel 
workflow. It can be also useful for the Directorate for E-health and the Ministry of Health and Social 
Welfare, as it can contribute to public health and disease surveillance by iden�fying risk groups for 
diseases and condi�ons on a na�onal level. 

 Approach 
The project was composed of a theoretical part and a practical part. The practical part aimed to 1) 
identify the use cases in Norway for phenotyping, together with the data sources required for 

 

 

1 The most recent version of Interna�onal Sta�s�cal Classifica�on of Diseases and Related Health Problems, 10th Revision 
htps://icd.who.int/browse10/2019/en  

https://icd.who.int/browse10/2019/en
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building phenotyping algorithms for these use cases, 2) figure out availability and accessibility of 
those data sources within the project time frame, and finally 3) develop phenotyping algorithms. But 
before starting with the practical part, we had to gain our knowledge about the phenotyping topic.  

We raised our competence in phenotyping via 1) literature review of the state-of-the art in the field 
and 2) participation in different types of scientific events to understand the status and trends in phe-
notyping, as well as technologies used for it. More detailed these activities included: 

• phenotyping-related literature search for identifying the state-of-the-art in the field; this 
ended up in a mind map describing definitions, used methods, areas of application (including 
beneficiaries), use cases, and available databases with ready phenotypes (see Appendix A) 

• seminars with the machine learning group from UiT The Arctic University of Norway to dis-
cuss the common challenges of working with health data in Norway and development of ma-
chine-learning algorithms 

• meetings with the Quality and Development center (KVALUT) of University Hospital North 
Norway (UNN) about the registration of ICD codes use case as a need from clinicians and ad-
ministrative personnel/ auditors 

• a meeting with DIPS (EHR vendor) about potential use cases, EHR data access requirements, 
and possible collaboration for EHR-based phenotyping 

• participation in AMIA 2019 Annual Symposium, 16.11-20.11.2019 in Washington, D.C. (USA) 
(https://www.amia.org/amia2019), and AMIA 2020 Virtual Annual Symposium, 14.11-
18.11.2020 (https://www.amia.org/amia2020); a summary from AMIA 2019 Annual Sympo-
sium written by the project participants is available at https://ehealthresearch.no/files/docu-
ments/Rapporter/Andre/Kortrapport-2020-01-AMIA-2019-Symposium.pdf 

• participation in the EHiN conference 12.11-13.11.2019 in Oslo (https://ehin2019.wpen-
gine.com/). A paper titled “Food recommendation using machine learning for physical activi-
ties in patients with type 1 diabetes” was presented at the conference 

• participation in the EHTEL symposium 2019, 3.12-4.12.2019 in Barcelona (Spain) 
(https://www.ehtel.eu/activities/annual-ehtel-symposium/annual-symposium2019.html), 
where we presented our Center with the lecture entitled “Machine Learning, Health Analyt-
ics and Artificial Intelligence (AI) in Healthcare: Lessons from Norway” with an introduction 
to the “Electronic phenotyping for clinical needs in Norway” project. The symposium pro-
vided insights about the collection and use of health data, use of AI and machine learning in 
the healthcare sector in Europe, and demonstrated innovations in health from several Euro-
pean countries; there we also got in touch with several European research institutions as po-
tential partners for Horizon Europe application 

• participation in the International Conference on Advanced Technologies and Treatments of 
Diabetes (ATTD) 2020 19.02 - 22.02.2020 in Madrid (Spain) (https://attd2020.kenes.com/). 
An abstract titled “Toward A Personalized Decision Support System for Blood Glucose Man-
agement During and After Physical Activities in Patients with Type 1 Diabetes” was presented 

• participation in the conference on Artificial Intelligence in Healthcare 2019, 18.06-19.06.2019 
in Bodø (https://helse-nord.no/arrangementer/kunstig-intelligens-i-helsetjenesten-2019-06-
18), which was organized by the Health North Trust together with the Health data and ana-
lytics department of the Norwegian Centre for E-health Research (NSE)  

https://www.amia.org/amia2019
https://www.amia.org/amia2020
https://ehealthresearch.no/files/documents/Rapporter/Andre/Kortrapport-2020-01-AMIA-2019-Symposium.pdf
https://ehealthresearch.no/files/documents/Rapporter/Andre/Kortrapport-2020-01-AMIA-2019-Symposium.pdf
https://ehin2019.wpengine.com/
https://ehin2019.wpengine.com/
https://www.ehtel.eu/activities/annual-ehtel-symposium/annual-symposium2019.html
https://attd2020.kenes.com/
https://helse-nord.no/arrangementer/kunstig-intelligens-i-helsetjenesten-2019-06-18
https://helse-nord.no/arrangementer/kunstig-intelligens-i-helsetjenesten-2019-06-18
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• completing a human subjects training course, “Data or Specimens Only Research” by Massa-
chusetts Institute of Technology for getting access to the MIMIC-III database, to get practical 
training working on EHR data (https://mimic.physionet.org/gettingstarted/overview/). We 
created a shared instance of the MIMIC-III database running at the center’s server. The data 
were quite excessive and contained several hundreds of variables relevant for patients’ stay 
at ICUs. However, work with the data was time-consuming, required involvement of clini-
cians with the domain knowledge and was not relevant enough for our future study, there-
fore, we decided to skip this 

• taking the online course about computational phenotyping named “Identifying Patient Popu-
lations” offered by University of Colorado on the online platform coursera.org 
(https://www.coursera.org/learn/computational-phenotyping). 

It was planned to form an interna�onal project for electronic phenotyping through wri�ng a Horizon 
Europe applica�on. To know more about Horizon 2020 and Horizon Europe, we par�cipated in Euro-
pean Research and Innova�on Days in 2019 and in 2020 (24.09-26.09.2019 in Brussels, htps://ec.eu-
ropa.eu/info/research-and-innova�on/events/upcomingevents/european-research-and-innova�on-
days_en, and on 22.09-24.09.2020 online, htps://ec.europa.eu/easme/en/european-research-and-
innova�on-days-2020). These provided us lessons about processes in the Horizon 2020 and Horizon 
Europe applica�ons. We also took several courses organized by the Norwegian research council (NFR) 
in prepara�on for Horizon Europe:  

• Horizon Europe: Focus on EU’s research and innova�on ini�a�ves (15.01.2020, Bodø) 
• Horizon 2020: Proposal Wri�ng - Focus Impact (15.01-16.01.2020, Bodø) 
• Horizon 2020: Project Management and Finance (18.01-19.02.2020, Tromsø) 
• Horizon Europe: A prac�cal insight (15.05.2020, webinar) 
• Norwegian launch of Horizon Europe (26.10.2020, webinar) 
• Missions in Norwegian – Norwegian Research Council conference on knowledge base for re-

search and innova�on poli�cs 2020 (25.11.2020, webinar). 

We profiled our research project by having individual mee�ngs with policymakers in the EU. We also 
gave input for future announcements, among others for the Horizon Europe future announcement in 
“Tomorrow’s technologies for today’s health”. 

 Collabora�on with other projects 
The project had collabora�ons with several projects.  

We collaborated with the “NorKlinTekst: Natural language processing to extract knowledge from clini-
cal notes in electronic health records” project. That was an incubator project anchored in the Health 
Data and Analy�cs Department at NSE. The project’s overall goal was to build knowledge and re-
sources for analyzing clinical notes. The project was focused on professional development and educa-
�on of relevant employees in the department. The project had access to the gastrointes�nal surgery 
dataset (GastroKir) from the Gastrosurgical Department at University Hospital of North Norway. All 
the par�cipants of the Phenotyping project went through the Informa�on Security course to get ac-
cess to the data. The applica�on about the extension of the par�cipants list was sent to the privacy 

https://mimic.physionet.org/gettingstarted/overview/
https://www.coursera.org/learn/computational-phenotyping
https://ec.europa.eu/info/research-and-innovation/events/upcomingevents/european-research-and-innovation-days_en
https://ec.europa.eu/info/research-and-innovation/events/upcomingevents/european-research-and-innovation-days_en
https://ec.europa.eu/info/research-and-innovation/events/upcomingevents/european-research-and-innovation-days_en
https://ec.europa.eu/easme/en/european-research-and-innovation-days-2020
https://ec.europa.eu/easme/en/european-research-and-innovation-days-2020
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ombudsman at UNN, and the access was granted. Unfortunately, the dataset was not de-iden�fied 
and we could not access it. 

We got a collabora�on with the “LEAF - Diabetes Use Case” project led by UiT The Arc�c University of 
Norway. The project goal was to provide pa�ents and healthcare professionals a safe and risk-averse 
recommenda�on/decision support tool using machine learning to develop a model for treatment and 
interven�on effects. This use case can be also considered as phenotyping. All results from the project 
are equally owned by the project partners. 

We also collaborated with the Pa�ent-Centered Team (PACT) project. In that project, the PACT team 
collaborates with the pa�ent to develop and deliver a person-centered, integrated, and proac�ve 
mul�morbidity care plan. The objec�ves of the project are: 

• Define the main risk factors of the PACT popula�on (mul�morbid pa�ents referred to PACT) 
• Improve the “gold standard” of who may benefit from referral to the PACT interven�on 
• Develop an algorithm that iden�fies pa�ents for PACT interven�on 
• Evaluate the performance of the developed algorithm with regards to correct iden�fica�on of 

pa�ents referred to PACT in historical data 

Mul�morbid pa�ents and their “impac�bility” to the PACT interven�on (i.e., the degree to which 
they can benefit from the interven�on) was chosen as a use case for development of an electronic 
phenotyping algorithm in the current project. More details about this collabora�on are coming in the 
Chapter 3 Mul�morbidity use case. 

 Acknowledgement 
We would like to thank the project par�cipants who have contributed to the project on different 
stages but have not worked with the report-wri�ng: Alain Giordanengo, Gro Rosvold Berntsen, Fred 
Godtliebsen, Andrius Budrionis, Laura Slaughter, and Anne Torill Nordsleta. Our common contribu-
�on allowed the project to make that much progress. 

 Organiza�on of the report 
The report is organized as follows. In Chapter 2, we give the background knowledge about electronic 
phenotyping and development of electronic phenotyping algorithms: what kinds of methods, data 
types that can be exploited, how to assess the algorithm performance and how to choose an appro-
priate algorithm for a specific task. We also talk about challenges for electronic phenotyping in Nor-
way and provide stakeholder analysis performed for the project. In the Chapter 3, we elaborate on 
project collabora�ons, explain the choice of the use case for development of electronic phenotyping 
algorithm in the scope of the project, and demonstrate the built algorithm. Chapter 4 provides an 
overview of the scien�fic results of the project. The chapter is followed by the Summary, the Refer-
ences, and two appendices. 
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 Background 

 What is phenotyping?   
An individual’s observable physical characteristics, including the one’s appearance, development, 
and behavior, in biology are called phenotype (18) (Figure 1).  

 
The person’s phenotype is a result of the interac�on of one’s genotype (the set of genes the organism 
carries) and environmental influences upon the genotype (18) (Figure 2). Each organism experiences 
unique environmental influences as it develops; therefore, even individuals with iden�cal genotypes 
(for example, twins) develop different phenotypes (18).  

 

 

 

 

 

 

 

Figure 1. Phenotype as a combination of physical characteristics 
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Examples of phenotypes include an individual’s height, eye, and hair color, as well as characteris�cs 
that can be measured in the laboratory (such as levels of hormones or blood cells). See examples of 
phenotypes characterizing an individual in Figure 3. 

 
  

 What is electronic phenotyping?  
Electronic phenotyping is the characterization of an individual’s condition based on electronic 
data. Electronic health record systems and any other machine-readable data are used for electronic 
phenotyping. These data can include genomic data, diagnostic (medical) images, 

Figure 2. Phenotype as an integration of genotype and environmental influences 

Figure 3. Examples of an individual’s phenotypes 
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structured and unstructured clinical data registered in the EHR, patient-generated data, and environ-
mental data (air and water quality, heavy metals concentration in soils, etc.).  

Data that fit into predefined fields are called structured data. They are often organized by rows and 
columns, as in a spreadsheet. ICD diagnosis codes, laboratory results and medications registered in 
EHR, in addition to genomic data (which is usually stored separately due to the data size restrictions), 
are examples of structured data.  

Data that are complex, heterogeneous and cannot fit into standard fields are unstructured data. Un-
structured data may be in the form of text or bitmap objects such as image, video, or audio files. Ma-
chine-learning technologies can analyze unstructured data. Unstructured data used for electronic 
phenotyping are represented by patient’s signs and symptoms in the form of doctor’s notes, radiol-
ogy and pathology reports, discharge summaries, and family history registered in the EHR, together 
with diagnostic images usually stored in a separate system.  

Structured and unstructured data are complimentary data sources. See visualization of structured 
and unstructured data in Figure 4 (19). 

 

 
Electronic phenotyping algorithms analyze big sets of patient data and find hidden patterns and spe-
cific features to characterize a condition in a group of similar patients or predict risks for developing 
this condition (Figure 5). This gives insights about the condition development and its potential treat-
ment. The more data on an individual’s exposures and outcomes are available for analysis, the more 
complete electronic phenotype will be. Combining phenotype data with genotype data can charac-
terize patients very precisely.  

 

 

Figure 4. Structured vs unstructured data 
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However, there is no common standardized and structured format for storing phenotyping algo-
rithms. 

 Areas for phenotyping algorithms 
Electronic phenotyping can be applied for multiple purposes. Banda et al. summed up a range of 
electronic phenotyping applications (39) (see Table 1). 

 

Study type Use cases 

Cross-sec�onal 

Epidemiological research 

Hospital administra�on/resource alloca�on 

Adherence to diagnos�c/treatment guidelines 

Quality measurement 

Associa�on (case-
control/cohort) 

Genome-wide associa�on studies 

Pharmacovigilance 

Iden�fying clinical risk factors and protec�ve factors 

Clinical decision support 

Clinical effec�veness research 

Figure 5. Electronic phenotyping algorithm at a glance 

Table 1. Applications of electronic phenotyping across study types 
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Predic�ve modeling 

Experimental 

Clinical trial recruitment 

Pragma�c trials 

Adap�ve/randomized, embedded, mul�factorial, adap�ve pla�orm trials 

Despite the variety of use cases, identifying phenotypes is a significant informatics challenge because 
EHR data is often fragmented, irregularly distributed over time, with variable accuracy, and continu-
ously changing (78). 

 Development of an EHR-driven phenotyping algorithm  

 Electronic phenotyping algorithm pipeline 
Phenotype deriving is an iterative complex process that benefits from multiple data sources (64) and 
requires often up to 6-8 months of development (65). 

An electronic phenotyping algorithm pipeline is composed of four phases: 1) data preparation, 2) di-
mensionality reduction, 3) phenotype discovery, and 4) evaluation. 

Data preparation is a process of gathering, combining, structuring, and organizing data to make them 
ready for analysis (69). Often data have missing values, inaccuracies, and errors. Moreover, datasets 
from different sources or institutions may have different formats which needs to be reconciled. Data 
preparation makes data accurate, consistent, and having sufficient quality levels to produce reliable 
results. This process includes several steps (69): 

• Data collection when data relevant for a certain task are gathered. 
• Data discovery and profiling implies data exploration for better understanding of what data 

look like and what needs to be done with them before analysis. Data profiling identifies in-
consistencies, anomalies, missing data, and other issues to be addressed. 

• Data cleaning means correcting of all the identified on the previous step issues to create 
complete and accurate datasets.  

• Data structuring includes structuring, modelling, and organization of the data into a unified 
format required for further analysis. 

• Data transformation and enrichment update data with new information to make them more 
accurate. 

• Data validation and publishing means validation of data consistency, completeness, and ac-
curacy, and making data available for analysis. 

Dimensionality reduction means reducing the number of variables (features) in a dataset while ensur-
ing that important informa�on is preserved (70). When the number of features increases, the model 
becomes more complex. In addition, a model trained on many features becomes more dependent on 
the data it was trained on and, in turn, overfitted, i.e., the model describes the noise in the data rather 
than the pattern (71).  
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Dimensionality reduction could be done by feature selection and feature engineering methods. Fea-
ture selection is the process of identifying and selecting features relevant for analysis (71). Feature en-
gineering is generating new features from existing features by performing some transformations (71). 

For dimensionality reduction, the following machine-learning methods are commonly used: 

• Principal Component Analysis rotates and projects data along the direc�on of increasing vari-
ance; the features with the maximum variance are the principal components (71). 

• Factor analysis expresses the values of observed data as func�ons of a certain number of 
possible causes to iden�fy which are the most important (71).  

• Autoencoders are ar�ficial neural networks that compress the input into a latent space repre-
senta�on, and then reconstructs the output from this representa�on (71). The latent space is 
a representa�on of compressed data in which similar data points are closer together in 
space, which is used to find simpler representa�ons of data (72). 

Dimensionality reduction decreases computa�on �me and helps remove redundant features, if any. 
However, it may lead to some data loss. 

In phenotype discovery, we iden�fy the candidate phenotype paterns. For this, we define the data 
types and the method(s) to use, which depends on the chosen data types and the task. Then we start 
the phenotype algorithm development. This all is described further in Data types for electronic phe-
notyping, Types of data manipula�ons, Combining mul�ple data types, and Methods for electronic 
phenotyping. 

Phenotype valida�on involves use of a gold standard and domain experts. Further, a phenotype algo-
rithm performance can be evaluated by calcula�ng the performance metrics and an appropriate algo-
rithm for a certain task can be chosen based on algorithm accuracy, complexity, and portability. Read 
Iden�fica�on of a pa�ent popula�on, Algorithm and data type performance metrics, and Choosing 
a phenotyping algorithm for a specific task for more details. 

There are some complica�ons for phenotyping algorithm valida�on. First, clinical data are temporal. 
It implies changes in diagnosis, new entrances for the past visits, upcoming lab results within a sepa-
rate pa�ent EHR. The guidelines and pa�ent careflows can change, as well as new therapies, espe-
cially it concerns new medicines and medical devices, can appear. Second, changes in nomenclatures 
and taxonomies can happen. Examples are transi�ons between ICD-9, ICD-10, and ICD-11 diagnosis 
codes, as well as modeling inconsistencies in SNOWMED CT (73). And finally, the quality of unstruc-
tured data is variable. Especially it concerns EHR notes: around 20% of EHRs contain errors, 40% of 
which can be considered as serious: mistakes in diagnoses, medical history, medicines, physical exam-
ina�on, lab test results, and notes on the wrong pa�ent (74). 

 Data types for electronic phenotyping 
Phenotyping algorithms typically use multiple data types in a single algorithm to improve the perfor-
mance and get a more complete phenotype. However, each data type has different strengths and 
limitations (36). 

• Billing data 

Billing data - International Classification of Disease codes (ICD diagnosis codes) and Current Proce-
dural Terminology codes (CPT procedure codes) – are very often used in phenotyping. Such codes are 
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assigned for each healthcare encounter, i.e., each interaction between a patient and a healthcare 
provider for assessing the health status of a patient or providing healthcare services (68).  

Billing codes are very valuable for phenotyping algorithms but have variable quality and performance.  
Procedure codes describe what has been done in the encounter, while diagnosis codes provide the 
reason for the procedure. CPT procedure codes are mostly used in the USA while ICD codes are 
spread worldwide. In Norway, instead of CPT codes, hospitals use diagnosis-related groups (DRG) 
codes. DRG codes are a pa�ent classifica�on system where hospital stays or outpa�ent consulta�ons 
in soma�c ins�tu�ons are classified into groups that are medically meaningful and resource-wise al-
most homogeneous. Pa�ents placed in the same group are medically similar to each other and use 
approximately the same amount of resources. Therefore, with DRG codes, it possible to compare hos-
pitals, even if they treat completely different pa�ents. DRG provides both medical and financial infor-
ma�on and is o�en used as a basis for ac�vity-based financing of hospitals as it considers all hospital 
costs, including medical service and administra�on (75).  

ICD codes are the most common data type used for phenotyping since they are easy to access, have a 
structured format, and are straigh�orward to analyze. However, they are not always very accurate. 
For example, ICD codes for diabetes: they iden�fy most of diabe�c pa�ents but are o�en used re-
gardless of the diabetes type the pa�ent has. Other codes like tobacco use are registered only for 
people who use tobacco, but only some pa�ents of those who use tobacco have this ICD code in their 
EHR. Further, a pa�ent’s diagnosis can change over �me: a clinician will first set the code for the sus-
pected diagnosis which then can be revised.  

Another issue with ICD codes is that they may be entered by mistake. Usually, clinicians remember a 
few codes most frequently been used for their pa�ents. Despite nowadays it is possible to search in 
the list of ICD codes, an incorrect code can appear because of a wrong click or an autocomplete. A 
wrong diagnosis code may be also entered on purpose: there are some tests and procedures that are 
only allowed for certain diagnoses or since billing codes are used for reimbursement, healthcare pro-
viders may record a wrong code to jus�fy unnecessary procedure, so insurance covers it.  

Outpa�ent visits have only four codes, and only the primary reason for the visit may be recorded. 
Therefore, pa�ents with several health condi�ons not necessarily have all their condi�ons registered 
in EHR. 

Accuracy of inpa�ent diagnosis codes is also affected by professional billers/ code checkers. They 
know which codes get the highest reimbursement and may choose those codes instead of the ones 
most accurately describing diagnosis. The codes are not necessarily wrong since they must be sup-
ported by the medical documenta�on but may differ from the ones in outpa�ent encounters.  

Procedure codes are very accurate. Broad codes like outpa�ent visits are not very useful, but of the 
codes for specific procedures that are only used to treat a certain condi�on can be successfully ex-
ploited to iden�fy pa�ent popula�on. For example, if a pa�ent has a code for appendectomy, he/ she 
almost certainly has had an appendici�s. However, procedure codes only apply to pa�ents who re-
ceived the procedure at the healthcare system and, therefore, are not very sensi�ve. Moreover, pro-
cedure codes may be assigned by a third-party billing service for the clinician, and then EHR never 
gets a record of these codes.  
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• Laboratory data 

Laboratory tests are o�en used for phenotyping. Many clinical diagnoses are based on lab tests val-
ues as criteria. For example, to diagnose a pa�ent with diabetes, a certain level of HbA1c is required. 
Usually lab data are accurate, however, incorrect values may occur. In addi�on, the same lab value 
may be present in mul�ple test results. Depending on how the lab data are stored, it may be difficult 
to iden�fy and combine all similar test values. Moreover, a phenotyping algorithm looks at the data 
over a certain �me in the en�re EHR system, and tes�ng methods and reference ranges could be 
changed over that �me. Therefore, it may be difficult to compare the same lab test over different 
years. Similarly, the measurement units for the test may change or may not even be recorded. In the 
context of phenotyping, lab data is typically a very specific but not always a very sensi�ve data type. 
For example, those pa�ents who have already been diagnosed with diabetes may not have lab meas-
urements of HbA1c in their EHR. Therefore, to make these data usable for phenotyping, complex pro-
gramming rules considering the �me and the type of the lab test must be developed.  

Another issue with laboratory data is iden�fying controls for the phenotype of interest. For example, 
to iden�fy controls for the diabetes study, the algorithm should check if controls have a normal blood 
glucose level value or a normal HbA1c to prove that they are not diabe�c. However, in medicine, tests 
are ordered only if a clinician suspects a disease at a pa�ent. Those who are tested for diabetes likely 
have some risk factors or symptoms that have made the clinician consider that they might be dia-
be�c. And even if the test does not confirm diabetes, these pa�ents are more likely to develop it and 
likely not to be good controls. 

• Clinical observa�ons 

Clinical observa�ons are valuable for phenotyping but o�en quite complex. They may also be used as 
a part of diagnos�c criteria for a disease. For example, hypertension is diagnosed when blood pres-
sure is rou�nely over a certain value.  

Issues connected to clinical observa�ons are numerous. The way blood pressure is stored in the EHR 
may change over �me, leading to different variables that contain the same type of data. There are 
also several types of blood pressure measurements. While blood pressure is typically taken on the 
upper arm, the lower leg can be also used for blood pressure measurement if necessary, in addi�on 
to varia�ons of posi�ons in which it can be taken, like when a pa�ent is si�ng, lying down, or stand-
ing. More complex tests can even assess arterial blood pressure in various arteries of the body. Figur-
ing all this out can be �me-consuming. Clinical observa�ons are mostly recorded by hand and, there-
fore, may contain typos. Mul�ple measurement units may also become an issue for many clinical ob-
serva�ons. For example, height may be recorded in meters and cen�meters or cen�meters only, or 
feet and inches or inches only. Moreover, automa�c conversions of measurement units with version-
ing of EHR systems and clinical data warehouses may lead to errors, which can be harder to iden�fy 
when the values are possible but unlikely. Therefore, clinical observa�ons usually require data clean-
ing before they can be used in phenotyping algorithms. 
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• Medica�ons 

Medica�ons are also a commonly used data type in phenotyping algorithms. Unlike ICD diagnosis 
codes and lab tests, which are available from the ini�al diagnosis of a disease, medica�ons do not 
have such an indicator. Some pa�ents are diagnosed many years before receiving care.  

The first problem with using medica�ons for phenotyping is that medica�ons may be used to treat 
many different disorders. The reason a pa�ent is taking a medica�on is called an “indica�on”. Some 
medica�ons only have a single indica�on, like insulin is used for diabetes treatment. Other medica-
�ons may only have a single approved use but be unofficially used to treat other condi�ons. In some 
cases, these unofficial uses of the medica�on may be more common than the original approved indi-
ca�on. Therefore, in phenotyping medica�ons should only be used in combina�on with other data 
types.  

Using the presence of a medica�on for a phenotyping algorithm is rela�vely easy. Most prescrip�ons 
are available as structured data. However, if the algorithm requires specific dosages of a therapy, it 
may become more difficult. For those therapies where the medica�on dose is available in a struc-
tured format in the original prescrip�on, this may work. However, some drugs, like a blood thinner 
warfarin, have very complicated dosing schedules when the dose must be adjusted over the �me de-
pending how well pa�ent’s blood clots. In these cases, medica�on doses are typically stored in clini-
cal notes, and finding and interpre�ng these dosing instruc�ons is complex and may require natural 
language processing.  

It can also be difficult to find out when a pa�ent stopped taking the medica�on. Presence of notes 
about the prescribed medica�on can be enough in cases when the algorithm determines if the pa-
�ent has ever had a disease. However, to iden�fy the medica�on side effects, it should be confirmed 
that the side effect occurred while the pa�ent was s�ll taking the medica�on. 

 Types of data manipula�ons 
Pa�ents o�en visit the same healthcare provider many �mes during their life and have their health 
data collected in the EHR over �me. This means that there may be mul�ple occurrences or measure-
ments of the same data element within a single EHR. To handle repeated measurements, there are 
three primary types of data manipula�ons (36): 1) frequency, when we count how many �mes a data 
element occurs in the EHR, 2) temporal manipulations, which consider the �ming of a data element, 
and 3) value manipulations involving mathema�cal calcula�ons on measurement values.  

• Frequency 

When a pa�ent has a chronic condi�on, he/ she gets the same billing code, lab test or medica�on 
recorded mul�ple �mes in the EHR. Then the algorithm can calculate how many �mes a par�cular 
data element has occurred, i.e., analyze its frequency.  

There are three types of frequency manipula�ons. It can be a raw count of a data element occur-
rences in the EHR (for example, how many �mes a pa�ent has goten a par�cular ICD code). However, 
this can be biased for those pa�ents who have a more severe disease or a chronic condi�on. In such 
cases, we can use weighted frequency. It counts the number of �mes an ICD code occurs in the EHR 
and divides this by the total number of ICD codes or total number of encounters the pa�ent has had. 
The factor we choose to weight by affects the interpreta�on of the manipula�on. Weigh�ng by the 
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total number of ICD codes in the pa�ent’s EHR assesses complexity of the pa�ent’s medical state. 
Weigh�ng by the number of visits reflects the total amount of care the pa�ent has received in the 
healthcare system.  

One more frequency manipula�on is frequency thresholding. With this manipula�on, a data element 
is required to be present at least a certain number of �mes. This can be used to determine the pres-
ence of a disease. By requiring some minimum number of the billing code in the pa�ent’s EHR, we 
reduce the likelihood of a false posi�ve caused by an error or the diagnos�c process.  

Frequency manipula�ons are mostly applied to ICD codes, but could be applied for any data type 
available in the EHR. They can be used, for example, to assess whether the pa�ent is rou�nely taking 
a medica�on as prescribed.  

• Temporal manipula�ons 

A phenotyping algorithm can also consider the �ming of the data element, i.e., when the data ele-
ment occurred in the EHR. If there are several lab test measurements or clinical observa�ons in the 
pa�ent’s EHR, it can be difficult to determine which measurement is the most meaningful as we only 
select a single instance from the whole record. We could use the first or the last value occurred in the 
EHR or we might consider the �ming of the event in rela�on to some other data element. For exam-
ple, when analyzing medica�on side effects, the first lab test value a�er the first prescrip�on for that 
medica�on is usually taken. Temporal selec�on of diagnosis codes is typically only used for more 
complex phenotypes where we are looking for a defined sequence of medical events.  

• Value manipula�ons 

In the case of mul�ple measurements meaningful for the algorithm, value manipula�ons should be 
applied. There are several value manipula�ons. First, there are tradi�onal mathema�cal manipula-
�ons: we can take the minimum or maximum value or calculate the mean of the values. However, 
mean is easily bias by very extreme values, and calcula�on of the median measurement can used in-
stead. There are also threshold value manipula�ons. In this case, the algorithm checks if measure-
ment values are over or under a certain value or outside a reference range.  

All three types of manipula�ons can be combined. For example, for medica�on side effects, we can 
combine both temporal and threshold value manipula�ons by taking a lab measurement over a cer-
tain threshold that occurs a�er a certain �me a�er the first medica�on prescrip�on. It should be no-
�ced that despite diagnosis and procedure codes are numeric, value manipula�ons cannot be applied 
to them since they are categorical assignments. 

 Combining mul�ple data types 
In phenotyping, most algorithms use mul�ple data types. Each data type has different levels of sensi-
�vity and specificity and combining several data types can provide beter performing algorithms. We 
can combine data types by Boolean logic operators (OR, AND, and NOT) (36).  

Let assume that we have pa�ents who all have ICD-10 code E11.9 (the code for type 2 diabetes) and 
pa�ents who all have a medica�on record for a me�ormin that is commonly used to treat diabetes, in 
their EHRs. Some pa�ents have both the ICD-10 code and take me�ormin. Some pa�ents have the 
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ICD-10 code but are not on me�ormin. There are also pa�ents who take me�ormin for other than 
diabetes clinical indica�ons and, therefore, do not have the diabetes ICD-10 code in the EHR.  

The OR operator will give us anyone who has either the ICD-10 code or a record about me�ormin or 
both the code and the medica�on (77). The AND operator only takes those who have both the code 
and me�ormin (77). With the NOT operator, we will get the pa�ents having the ICD-10 code but not 
taking me�ormin (77).  

More complex combina�ons can be performed for more than two data types. For example, we also 
have pa�ents who have HbA1c>6.5%. Combining these three data types with an OR gives us all the 
pa�ents:  

E11.9 OR me�ormin OR HbA1c>6.5%. 

AND only gives us the pa�ents with the ICD-10 code for diabetes, prescribed me�ormin, and 
HbA1c>6.5%: 

E11.9 AND me�ormin AND HbA1c>6.5%. 

NOT gives us only those with the ICD code but neither taking me�ormin nor having HbA1c>6.5%: 

E11.9 NOT me�ormin NOT HbA1c>6.5%. 

We can also use parentheses. To include only pa�ents who take me�ormin and have either the ICD-
10 code or an HBA1c greater than 6.5 percent, we can do as follows:  

me�ormin AND [E11.9 OR HbA1c>6.5%]. 

If we want to include those who have the ICD-10 code for diabetes or take me�ormin and have 
HbA1c>6.5%, we express it like this:  

E11.9 OR [me�ormin AND HbA1c>6.5%]. 

Parentheses can be nested as well. 

When combining mul�ple data types, we should consider how the use of the Boolean logic operators 
and the individual performance of any single data type will affect the overall algorithm perfor-
mance. Data types that are very sensi�ve but not very specific should be combined with other more 
specific data types using the AND operator. This will reduce the number of false posi�ves. Combining 
a very sensi�ve but not very specific data type by an OR will lead to more false posi�ves in the algo-
rithm.  

Very specific but not very sensi�ve data types should be combined with other data types by the OR 
operator. These data types are good predictors, but other data types should be included to increase 
sensi�vity to find all the cases in the dataset. Using the AND operator with these data types will limit 
the overall sensi�vity of the algorithm. 

 Iden�fica�on of a pa�ent popula�on 
Clear defini�on of the popula�on for phenotyping is crucial to understand the validity and u�lity of 
the further analyses in this popula�on. A gold standard popula�on is a manually reviewed set of EHRs 
to determine whether pa�ents have the condi�on of interest. Using a gold standard, we can assess 
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how accurate a phenotyping algorithm at correctly classifying those pa�ents with and without the 
condi�on. 

First, we determine a diagnosis or a condi�on of interest and a level of evidence. Defining the level of 
evidence depends on the analy�c ques�on. In case of a gene�c or biological study, requiring a lab 
test indica�ng a condi�on is a high level of evidence because the lab test measures the biology of the 
pa�ent, rather than relying on a physician recording that the pa�ent has the condi�on. If we want to 
include pa�ents recognized by the healthcare system as having the condi�on, a clinical note by the 
physician and possibly presence of an ICD diagnosis code can be enough. 

Then, we determine who will perform the manual review of EHR: what level of exper�se is appropri-
ate and how many reviewers are acceptable. Depending on the complexity, the review may require 
from one to a panel of minimum two reviewers. For example, assessing whether a pa�ent has ever 
smoked would be acceptable for a single reviewer. But in the case when a review is retrospec�vely 
diagnosing a pa�ent, reviewers should have medical knowledge appropriate for the popula�on of in-
terest. Reviewing can be done as a paired review, when the reviewers read the record at the same 
�me and come to a consensus, or separately. 

Reviewers may disagree on the classifica�on of the record: for example, Reviewer 1 believes the rec-
ord is the case, and Reviewer 2 classifies it as a control. There are few methods to solve it (36): 

• Joint review when both reviewers discuss the record and come to a consensus. It may clarify 
an underlying difference in interpreta�on of the phenotype. 

• Involvement of the third record reviewer who makes the final classifica�on of the record.  
• Expert reviewer designation when one of the reviewers may be classified as an “expert” and 

his classifica�on is final. 

When there is more than one reviewer, Cohen’s kappa coefficient is used to test interrater reliability, 
i.e., to measure how consistent the two reviewers have been in their reviews (75).  

𝑘𝑘 =  
𝑝𝑝𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑝𝑝𝑜𝑜𝑒𝑒𝑒𝑒𝑜𝑜𝑒𝑒𝑒𝑒𝑜𝑜𝑜𝑜

1 − 𝑝𝑝𝑜𝑜𝑒𝑒𝑒𝑒𝑜𝑜𝑒𝑒𝑒𝑒𝑜𝑜𝑜𝑜
 

It compares the propor�on of observed agreement with the propor�on of expected agreement if the 
values were randomly assigned.  

 Reviewer 1 “YES” Reviewer 1 “NO” 

Reviewer 2 “YES” A B 

Reviewer 2 “NO” C D 

In this table, A and D are the number of �mes Reviewers 1 and 2 agree with each other. Then, the ob-
served propor�on of agreement is: 

𝑝𝑝𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 =
𝐴𝐴 + 𝐷𝐷

𝐴𝐴 + 𝐵𝐵 + 𝐶𝐶 + 𝐷𝐷
 

For calcula�ng the expected propor�on of agreement, we need to 1) calculate the likelihood of both 
Reviewer 1 and 2 assigning “Yes” at random, 2) calculate the likelihood of both Reviewer 1 and 2 
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assigning “No” at random, and 3) combine those likelihoods to get the expected propor�on of agree-
ment. 

The expected probability that both would say yes at random is: 

𝑝𝑝𝑌𝑌𝑌𝑌𝑌𝑌 =
𝐴𝐴 + 𝐵𝐵

𝐴𝐴 + 𝐵𝐵 + 𝐶𝐶 + 𝐷𝐷
×

𝐴𝐴 + 𝐶𝐶
𝐴𝐴 + 𝐵𝐵 + 𝐶𝐶 + 𝐷𝐷

 

Similarly, 

𝑝𝑝𝑁𝑁𝑁𝑁 =
𝐶𝐶 + 𝐷𝐷

𝐴𝐴 + 𝐵𝐵 + 𝐶𝐶 + 𝐷𝐷
×

𝐵𝐵 + 𝐷𝐷
𝐴𝐴 + 𝐵𝐵 + 𝐶𝐶 + 𝐷𝐷

 

Then, 

𝑝𝑝𝑜𝑜𝑒𝑒𝑒𝑒𝑜𝑜𝑒𝑒𝑒𝑒𝑜𝑜𝑜𝑜 = 𝑝𝑝𝑌𝑌𝑌𝑌𝑌𝑌 + 𝑝𝑝𝑁𝑁𝑁𝑁 

And finally, we can calculate Cohen’s kappa to determine the quality of the review. 

Phenotyping typically uses an itera�ve approach for manual review. First, the researchers create a 
prototype of the algorithm, randomly select a subset of records that the algorithm classifies as cases 
or controls and then review those records to see how well the algorithm has performed. Based on 
this review, the algorithm may be changed by adding or removing criteria, and then a new random 
subset of records is selected for the second round of the algorithm evalua�on. This con�nues un�l 
sa�sfactory performance of the algorithm is achieved. A final valida�on on completely randomly se-
lected records must be performed to get generalizable performance sta�s�cs for the algorithm. 

 Methods for electronic phenotyping 
There are several methods which can be used for phenotype discovery.  

• Rule-based methods 

Rule-based methods imply involvement of clinicians for specifying inclusion and exclusion criteria 
while iden�fying pa�ent cohorts based on structured data elements. Such methods work well for 
phenotypes with clear diagnosis and procedure codes, for example, for coronary artery disease (41), 
atrial fibrilla�on (42), and rheumatoid arthri�s (43). However, the scope of rule-based approaches is 
limited, especially for iden�fying more complex phenotypes or working with less standardized da-
tasets. For example, Kern et al. studied chronic kidney disease among diabe�c pa�ents with rule-
based methods, they got poor algorithm sensi�vity since 42% of the pa�ents had seven different ICD 
diagnosis codes (44). 

• Natural language processing 

Unstructured data, including text from clinical notes, discharge summaries, and radiology and pathol-
ogy reports, represent approximately 80% of EHR data (45). Natural Language Processing (NLP) can 
be broadly defined as automa�c processing of human language. It is a combina�on of ML and linguis-
�cs and is used to extract structured concepts from unstructured text data. Therefore, it is extremely 
valuable for EHR data analysis.  

NLP methods can be beneficiary used together with rule-based or sta�s�cal learning methods. Carroll 
et al. combined NLP techniques with structured data to create a support vector machine (SVM) 
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classifier for rheumatoid arthri�s (46). Liao et al. demonstrated for several disease categories that in-
tegra�on of NLP and structured data par�cularly improved the algorithms performance (47). 

There are several NLP tools showing excellent results in specific use cases (like for extrac�ng respira-
tory diagnoses and smoking statuses from discharge leters (48) and tools for iden�fying peripheral 
artery disease from clinical notes (49) and radiology reports (50)). However, the generalizability of 
such tools varies due to several reasons, such as variability in clinical language between sites as well 
as of the underlying clinical data models (51). 

• Supervised machine-learning methods 

ML commonly refers to a collec�on of mathema�cal and computer science techniques for extrac�ng 
knowledge from large datasets as well as to the use of these techniques for solving classifica�on, pre-
dic�on, and es�ma�on problems (37). ML algorithms con�nuously learn and develop by themselves 
without being explicitly programmed. 

Supervised methods use labelled data for learning. Supervised learning in phenotyping aims to con-
struct predic�ve models that dis�nguish individuals with a specific disease from unaffected ones.  

Huang et al. used an FSSMC (feature selec�on via supervised model construc�on) technique to iden-
�fy a cohort of diabe�c pa�ents (52). The authors manually went through an ini�al set of 410 varia-
bles to narrow it down to 47 and ran the algorithm to rank the features with the highest performance 
in order of importance for the phenotype defini�on.  

Carroll et al. (46) developed a phenotyping algorithm for rheumatoid arthri�s using SVM. They had 
medica�on data, ICD diagnosis codes, and clinical concepts extracted from clinical narra�ves availa-
ble. When tes�ng the algorithm on a naïve (non-curated) dataset and an expert-defined dataset, the 
SVM trained on the naïve dataset without any feature engineering showed almost as good perfor-
mance as the SVM built on the expert-defined dataset.  

• Semi-supervised machine-learning methods 

Rule-based and supervised ML methods as well as NLP techniques require manually labeled gold 
standard training and test datasets for model building and valida�on. This process is very expensive, 
�me-consuming, and require involvement of clinicians with domain knowledge. Moreover, these gold 
standard corpora are usually not portable across ins�tu�ons and cannot be shared due to privacy 
regula�ons. 

Semi-supervised learning is a class of supervised tasks and techniques that require only a small 
amount of labeled data together with a large amount of unlabeled data (40). 

In their studies, Halpern et al. (53) and Agarwal et al. (54) used a large amount of imperfectly labeled 
training data and could still build good phenotype classifiers. Halpern et al. (53) introduced anchor 
variables, which are highly informative, clinically relevant features for a specific phenotype defined 
by clinical experts. They may be a particular text phrase found in clinical notes, specific medications, 
lab tests, diagnosis and procedure codes and need to satisfy certain mathematical properties. In the 
study by Agarwal et al., the authors assumed the presence of descriptive phrases/ keywords in clini-
cal notes in a patient’s EHR if a patient exhibits the phenotype of interest and absence of such key-
words in the opposite case (54).  
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Later, Halpern et al. (55) introduced an anchor and learn framework for phenotyping feature extrac-
tion and model building. Agarwal et al. developed the XPRESS (extraction of phenotypes from rec-
ords using silver standards) framework assigning a possibly noisy label to a patient record in training 
data (noisy labels are those ones that are wrong with a certain small probability, characterized by a 
labeling error rate) (56). In both approaches, selecting of phenotype-specific anchors or noisy labels 
was a supervised part of the process while the rest of the process was automated.  

All mentioned above studies demonstrated that by setting a rate on the labeling error and using very 
large amounts of training samples, models learned can perform at least as good as those trained with 
small amounts of gold standard data but can be built faster.  

• Unsupervised machine-learning methods 

Unsupervised learning is applied for datasets with data not labeled beforehand. In phenotyping unsu-
pervised learning explores raw data to find underlying structures with minimal human efforts.  

In 2013, Hripcsak and Albers introduced the term “high-throughput phenotyping”, the genera�on of 
thousands of phenotypes with minimal human supervision in a scalable format (57). Ho et al. used a 
non-nega�ve tensor factoriza�on technique (tensors are data containers which can house data in N 
dimensions) called Limestone to automa�cally generate mul�ple phenotype candidates with no pre-
defined phenotype defini�ons (58). This approach was validated by a medical expert who reviewed 
the validity of the top candidates. Later, Ho et al. (59) improved the Limestone by decomposing the 
observed tensor into a bias tensor of the characteris�cs found in the input pa�ent popula�on and an 
interac�on tensor defining the phenotype. Wang et al. (60) proposed Rubrik, a knowledge-guided 
tensor factoriza�on method incorporated medical knowledge and a mechanism to complete the ten-
sors represen�ng missing data. This method could discover sub-phenotypes and scale beter than 
previous approaches.  

• Hybrid approaches 

Yu et al. developed a method that enables an automated feature selec�on process for high-through-
put phenotyping, AFEP (automated feature extrac�on for phenotyping) (61). AFEP used publicly avail-
able data sources of medical knowledge to produce a list of clinical concepts which could be used as 
features for a classifier for the phenotype of interest, keeping further only the concepts found in clini-
cal notes in pa�ents’ EHRs by NLP methods. The framework was improved by Zou and Has�e by add-
ing ICD diagnosis codes and incorpora�ng penalized logis�c regression model for regulariza�on and 
variable selec�on (62). A framework called SAFE (surrogate-assisted feature extrac�on) was also an 
improvement of AFEP by Yu et al. (63). They involved more data sources to derive candidate features, 
built intermediate phenotypes assuming imperfect labelling, and then iden�fied and removed not 
meaningful features from a manually labeled gold standard before training the final phenotype classi-
fier. 

 Algorithm and data type performance metrics 
We can assess an algorithm or a data type performance by calculating its sensitivity, specificity, posi-
tive predictive value (PPV), and negative predictive value (NPV). To explain those, let us take an ICD 
diagnosis code as an example (36). 
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Look at the table in Figure 6. On the top, there is the 
truth about whether the patient has the condition from 
the manual EHR review. On the left side, we have 
whether the patient ever has had the ICD code or not. If 
he/ she has the code and the condition, it is a true posi-
tive. If he/ she has the code but not the condition, then 
it is a false positive. If he/ she does not have the code 
but has the condition, then this is a false negative. And 
if there are neither code nor condition, this is a true 
negative. 

 

 

 
Sensitivity and specificity measure how well 
the patient’s actual condition was captured 
by the code. Sensitivity is the proportion of 
the patients that have the code (also called 
as true positive rate or recall). 100% sensitiv-
ity means the algorithm found every single 
individual with disease in the population and 
all of them had an ICD code. On the other 
hand, specificity is the proportion of patients 
that do not have the code (the false positive 
rate). For example, if specificity is 50%, it 
means that a half of the sample has a record of the ICD code, even though they do not have the con-
dition (false positives), and a half of the sample has both the ICD code and the condition (true posi-
tives).  

Figure 6. Confusion matrix for visualization of the performance of an algorithm/ data type 
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 𝑠𝑠𝑡𝑡𝑡𝑡𝑠𝑠 𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
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True posi�ves: people with a condi�on 
correctly iden�fied as having condi�on. 

False posi�ves: healthy people incor-
rectly iden�fied as having condi�on. 

True nega�ves: healthy people correctly 
iden�fied as healthy. 

False nega�ves: people with a condi�on 
incorrectly iden�fied as healthy. 
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Some ICD codes are both specific and sensi�ve. But there are also codes that are highly sensi�ve but 
not specific. And there are codes that have high specificity but not sensi�ve. We take again those ex-
amples of ICD codes for diabetes and an ICD code for tobacco use. ICD codes for diabetes are highly 
sensi�ve as they are registered for most of diabe�c pa�ents, but they are not specific: typically, they 
are used regardless of the diabetes type the pa�ent has. The code for tobacco use is highly specific 
because it is registered only for people who use tobacco, but not sensi�ve: not all pa�ents who use 
tobacco have this ICD code in their EHR.  

ICD codes can have both false posi�ves and false nega�ves. There are several reasons for false posi-
�ves for ICD codes: 1) changes in pa�ent’s diagnosis over �me, 2) codes entered by mistake, 3) wrong 
diagnosis codes entered on purpose to jus�fy unnecessary procedure. Pa�ents with several health 
condi�ons not always have all their condi�ons registered in EHR. This causes false nega�ves.  

Positive and negative predictive values show how well the test accurately assigns whether the pa-
tient has the condition. For example, PPV shows how likely the patient with the record of the ICD 
code, has the disease. In other words, PPV shows the percent of true positives from the total number 
of patients with the code (precision of the algorithm). NPV, on the other hand, shows the percent of 
true negatives from the total number of patients that did not have the code. 

It should be noticed that some data types are highly specific but not very sensitive. Those data types 
very accurately identify a small number of cases. Others are very sensitive but not very specific: they 
capture most of the cases, but also have a lot of false positives. See examples in Figure 7. 

 

  
  

Figure 7. Algorithms 1) with low sensitivity and high specificity and 2) with low specificity and high sensitivity 
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 A process for phenotype development 
Here we describe a whole process of how a phenotyping algorithm is developed (see Figure 8).  

First, EHR data are screened for choosing data types that can be useful for identification of the cho-
sen future phenotype. A subset of health data of the group of patients who share a common diagno-
sis or specific chosen characteristics is selected. Patients health data may contain hundreds of varia-
bles. With the help of clinical domain experts, the researchers review the data subset to determine a 
list of potential variables to be used in a phenotyping algorithm. It can be further followed by a pro-
cess of dimensionality reduction using the techniques described earlier.  

The patient dataset is then split into three subsets: training, 
validation, and test datasets, usually in proportion 60/20/20 
(sometimes a dataset is split into training and test subsets in 
proportion 70/30). The phenotyping algorithm, using the 
methods described in Methods for electronic phenotyping, is 
applied on the training data to extract features of the chosen 
phenotype and develop a classification/ prediction phenotyp-
ing model. The accuracy of the model is tested on the unseen 
validation dataset (see Algorithm and data type performance 
metrics) and checked against a gold standard (if available) or 
by clinical experts (see Iden�fica�on of a pa�ent popula�on). 
If needed, the model parameters (phenotype features) are 
tuned. To get the finalized phenotype, the adjusted model is 
evaluated on a previously unseen test set of patient data.  

As a result, we get a combination of features (characteristics) where each feature has its own weight 
(impact) for defining the chosen phenotype (disease, condition, or specific characteristics). 

 

 

 

 

 

 

 

 

 

 

 

 

Training dataset: data samples 
used to fit the model. 

Valida�on dataset: data sam-
ples used to provide an unbi-
ased evalua�on of a model fit 
on the training dataset while 
tuning the model parameters. 

Test dataset: data samples used 
to provide an unbiased evalua-
�on of a final model fit on the 
training dataset. 
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 Choosing a phenotyping algorithm for a specific task 
There are three criteria that can be used to choose an appropriate algorithm for a certain task, such 
as accuracy, complexity, and portability (36). 

• Accuracy 

When assessing accuracy of the algorithm, it is often a trade-off between sensitivity and specificity of 
the algorithm. To visualize accuracy of an algorithm, an ROC curve (a receiver operating characteris-
tic curve) can be used (see Figure 9 (35)).  

 

 

Figure 8. Development of phenotyping algorithm 



28 
 

  

 
The ROC curve is plotted with the sensitivity is on the y-axis and the inverse of specificity (which is 1-
specificity) on the x-axis. The higher you go along the y-axis, the more of true cases the algorithm 
identifies. The more to the right along the x-axis you move, the more of false positives the algorithm 
results with.  

The main objective here is to find a point on the ROC curve where the Area Under the Curve (AUC) is 
maximum. At this point, the classification model can correctly distinguish between binary classes 
with minimum overlap between them. When an ROC AUC is equal to 0.5 (the diagonal line from 
zero), it indicates that the data classes perfectly overlap, and the model is basically pointless as it is 
only as good as simple guessing. An ROC AUC of 1 indicates that the classes are perfectly separated, 
and the model is the most efficient. The closer an ROC AUC is to 1, the better. 

Sometimes there is need for a very clean, highly specific algorithm and researchers accept it misses 
some true cases. While in other cases, if the algorithm is to be used to identify patients eligible for a 
study screening or public health intervention, especially if the disease is particularly severe, it may be 
acceptable to choose the algorithm with the highest sensitivity, even though it may come with the 
burden of many false positives. This could work well if there is a lot of resources available to manu-
ally review records or talk to the patients directly to confirm the phenotype of interest. In the case, 
when we have a large dataset with patient data, but it is too large to complete by hand, the “best” 
algorithm will be the one with balanced (similar) sensitivity and specificity.  

• Complexity 

When we talk about algorithm complexity, we consider 1) difficulty of algorithm implementation and 
2) computation time. 

Difficulty of algorithm implementation considers how difficult it is to program the algorithm. It de-
pends on what types of data are used in the algorithm. Algorithms using structured data have a low 
implementation difficulty and likely a low complexity. These algorithms can be picked even if they 
have a slightly lower performance than more complicated algorithms because it is easier to process.  

Figure 9. ROC plot 
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Some algorithms can take a significant amount of computation time to process. These may need par-
allelization and other computational optimizations. Sometimes even this does not provide much im-
provement. Using such phenotyping algorithms for a process that needs to be run daily or hourly 
would not be feasible. 

• Portability 

A phenotyping algorithm must be portable if it is planned to be used in a different context or at a dif-
ferent hospital. In this case, availability of data types and consistency of data values should be con-
sidered. 

Phenotyping algorithms perform better when multiple types of data are combined. However, if the 
algorithm needs to be portable to other institutions, it is important to know whether the data types 
in the algorithm are available at all places. For example, if the algorithm requires access to clinical 
notes, among the potential problems can be: 1) a lack of access to full text EHR notes for researchers 
due to privacy concerns, 2) different data formats used in different institutions. In some cases, lower 
performing algorithms may be selected if they are more portable to other contexts. 

In addition to the availability of data types, consistency of the data values across the health institu-
tions where the algorithm will be deployed is very important. For example, if the institutions have 
different laboratory procedures or different reference ranges for the lab test of interest, it may be 
better to consider building a more easily implemented algorithm that does not use this lab test. 

 Example of an electronic phenotyping algorithm  
Phenotyping algorithms can serve for identifying patient populations for comparative research stud-
ies. As such, these algorithms typically are focused on identifying two populations: cases and con-
trols. Cases have the condition of interest, while controls do not. 

Let us take an example of a rule-based algorithm identifying patients with diabetic retinopathy (DR) 
available from the Phenotype Knowledgebase (PheKB) (1). It is a collaborative environment for build-
ing and validating electronic algorithms for identification of patient characteristics within health 
data, initiated by electronical Medical Records and Genomics (eMERGE)2. It contains more than 60 
public algorithms using structured and unstructured data to better identify cohorts of subjects within 
the health data, i.e., to discover phenotypes from EHR. There are three types of phenotypes in the 
PheKB: 1) disease or syndrome, 2) drug response - adverse event or efficacy, and 3) another trait. 
Phenotyping algorithms can be also viewed by data modalities or methods used, such as ICD diagno-
sis codes and CPT procedure codes, lab test results, medications, vital signs, and NLP techniques. 

DR is an eye condition that affects blood vessels in the retina (the light-sensitive layer of tissue in the 
back of an eye) (21). DR can cause vision loss and blindness in people with diabetes.  

 

 

2 electronical Medical Records and Genomics htps://emerge-network.org/  

https://emerge-network.org/
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A schema of the phenotyping algorithm steps is shown in Figure 10 (1). The algorithm is explained 
further down.  

  

 
  

On the first step, the algorithm looks at whether the patient has been confirmed with a diagnosis of 
Type 1 (T1DM) or Type 2 diabetes (T2DM). This is done by another phenotyping algorithm (24) which 
checks the patient’s EHR for 1) ICD-9 diagnosis codes for T1DM or T2DM, 2) T1DM medications (like 
Insulin and Symlin) or T2DM medications, 3) fasting blood glucose lab values, 4) random blood glu-
cose lab values, and 5) HbA1c lab values. 

Secondly, the algorithm determines the presence of diabetic retinopathy and/or macular 
edema (ME) through the check of ICD-9 diagnosis codes in the patient’s EHR (history and discharge 
letters), which may require NLP techniques.  

ME (22) is the build-up of fluid in the macula, an area in the center of the retina. The macula is the 
part of the retina responsible for sharp, straight-ahead vision. Fluid build-up causes the macula to 
swell and thicken, which distorts vision. 

The algorithm checks whether the patient has had one of the following ICD-9 codes listed in Table 2 
or has any of these codes in a problem list.  

 

Figure 10. Algorithm to identify patients with diabetic retinopathy 
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362.01 Background diabetic retinopathy 

362.10 Unspecified background retinopathy  

362.07 Diabetic macular edema  

362.03 Non-proliferative diabetic retinopathy  

362.04 Mild non-proliferative diabetic retinopathy  

362.05 Moderate non-proliferative diabetic retinopathy  

362.06 Severe non-proliferative diabetic retinopathy  

362.02 Proliferative diabetic retinopathy   

This algorithm is from 2012 and, therefore, uses ICD-9 diagnosis codes. These days it would use ICD-
10 codes: H36.0* Diabetic retinopathy (with E10-E14 diagnosis codes for types of diabetes mellitus). 

Thirdly, looking at the most recent confirmed diagnosis or mention in the problem list from step 
2, the algorithm determines if a negated mention of DR or ME appears. At this phase, the patient is 
considered either to be excluded from the study or to be placed into the case group.   

On the fourth step, if the patient has not been diagnosed DR or ME, it is checked whether the pa-
tient has had an eye exam during last two years from the reference date (in the case when the pa-
tient is dead, it is within two years prior to date of death). The algorithm checks for any encounter 
with a healthcare provider in an Optometry or Ophthalmology department or there are any of the 
following CPT procedure codes submitted by a healthcare provider in an Optometry or Ophthalmol-
ogy department: 

• New Patient 

o 92002 Intermediate 
o 92004 Comprehensive 
o 99201 Initial Office Visit, Level 1 
o 99202 Initial Office Visit, Level 2 
o 99203 Initial Office Visit, Level 3 
o 99204 Initial Office Visit, Level 4 
o 99205 Initial Office Visit, Level 5 

• Established Patient 

o 92012 Intermediate 
o 92014 Comprehensive 
o 99211 Office O/P Est 5 Min 
o 99212 Office Visit, Level 2 
o 99213 Office Visit, Level 3 
o 99214 Office Visit, Level 4 

Table 2. ICD-9 codes relevant for diabetic retinopathy or diabetic macular edema 
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o 99215 Office Visit, Level 5 
• Consultation 

o 99241 Consultation, Level 1 
o 99242 Consultation, Level 2 
o 99243 Consultation, Level 3 
o 99244 Consultation, Level 4 
o 99245 Consultation, Level 5 

This determines whether the patient is placed into a control group or excluded. Then, finally, we 
have both a case and a control group ready for a comparative research study. 

 Challenges for electronic phenotyping in Norway 
In this section, we focus on challenges related to the development of EHR-driven electronic pheno-
typing in Norway. We can define three big categories of the challenges:  

• data access and privacy issues that must be solved before star�ng the algorithm develop-
ment,  

• issues relevant for data pre-processing, analysis, and model building, and  
• issues affec�ng deploying phenotyping algorithms in clinical se�ngs. 

 Data access and privacy issues 
Data inaccessibility is a big issue for health research projects in Norway. It is caused by 1) underdevel-
opment of the infrastructure for secondary use of EHR data and 2) restric�ons for use of these data 
due to their high sensi�vity. 

As it is men�oned above, EHR data are very sensi�ve, and, therefore, access to this kind of data is re-
stricted. To get it, ethical permission together with a good contact with healthcare providers are re-
quired. 

General Data Protec�on Regula�on (GDPR)3, na�onal and ins�tu�onal guidelines regulate reuse of 
pa�ent health data for research and quality improvement. In accordance with the Norwegian pa�ent 
record law §64, in case of quality improvement purposes, it is not required to get a consent from pa-
�ents. Regional Commitees for Medical Research Ethics5 do not accept ethical approval for such 
studies. However, risk assessment of the study (Data Protec�on Impact Assessment in the case of 
GDPR) and a consent from/ an agreement with healthcare providers, which are responsible for the 
data (in accordance with the GDPR, they are data controllers), must be achieved. 

 

 

3 General Data Protec�on Regula�on htps://gdpr-info.eu/  
4 Norwegian pa�ent record law htps://juridika.no/lov/2014-06-20-42/%C2%A76  
5 Regional Commitee for Medical Research Ethics htps://rekportalen.no/  

https://gdpr-info.eu/
https://juridika.no/lov/2014-06-20-42/%C2%A76
https://rekportalen.no/
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The common approach for privacy-preserving processing of health data distributed across mul�ple 
health ins�tu�ons is a centralized collec�on of data where each health ins�tu�on de-iden�fies or 
pseudonymizes its data before use of these data in research.  

De-iden�fica�on implies removal of pa�ent’s iden�fiers, such as names, surnames, personal na�onal 
numbers, rela�ves’ names, phone numbers, etc. In the case of pseudonymiza�on, pa�ent’s iden�fiers 
are replaced with meaningful but not iden�fiable data values: for example, pa�ents’ names and sur-
names can be replaced with other names and surnames (with the same name and surname values to 
the same individual throughout clinical records), or na�onal personal numbers and health personnel 
numbers can be replaced with hash values.  

De-iden�fica�on works beter on structured data than on clinical notes in the EHR. Despite all iden�-
fying personal informa�on in the free text is detected, the data may contain logical connec�ons that 
can make it possible to re-iden�fy a person. Adding extra data sources can be provide beter picture 
of the pa�ent’s condi�on but may also lead to re-iden�fica�on.  

Addi�onally, accumula�ng health data in single data storage in many cases is not possible due to legal 
regula�ons and unwillingness of health ins�tu�ons to store pa�ent data outside the ins�tu�on. 
Moreover, strong privacy protec�on leads to significant altera�ons in the data which may considera-
bly reduce the data u�lity. A balance between privacy and u�lity of personal health data is needed.  

Privacy-preserving distributed sta�s�cal computa�on is an emerging approach for processing data 
distributed across mul�ple data sources and protec�ng privacy. Data owners keep control of their 
data since they do not leave the ins�tu�on and all computa�ons are done locally, and only aggre-
gated sta�s�cs (which are numbers and, therefore, do not contain any sensi�ve data or pa�ent iden-
�fiers) are shared. 

 Data pre-processing, analysis, and model building  
For data pre-processing, analysis, and model building, phenotyping algorithms require powerful com-
pu�ng resources: both computer memory and processor speed. Some algorithms can take weeks de-
pending on how much data is required for model building and how complex the model is. Powerful 
cloud-based resources, such as Google or Amazon, are also available, but then, a privacy and a secu-
rity issues related to the storing of pa�ents’ data outside the health ins�tu�ons, can raise. 

Data availability is another issue. O�en ML algorithms require big amounts of data for training. In 
some cases, use of synthe�c data can be a solu�on. For example, Synthea6, a synthe�c pa�ent popu-
la�on simulator, generates medical histories of synthe�c pa�ents enabling modeling of various dis-
eases and condi�ons that could contribute to the medical history of the pa�ents. For each synthe�c 
pa�ent, a complete medical history, including medica�ons, allergies, medical encounters, and social 
determinants of health is available. This can solve privacy and security issues related to processing of 
health data. However, this can also raise a data quality ques�on. There is also a possibility to use 
open health datasets. There are several open resources, for example, MIMIC7: datasets with 

 

 

6 Synthea, synthe�c pa�ent popula�on simulator htps://synthe�chealth.github.io/synthea/  
7 MIMIC-III, cri�cal care database htps://mimic.physionet.org/  

https://mimic.physionet.org/
https://synthetichealth.github.io/synthea/
https://mimic.physionet.org/
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uniden�fied health data from 40,000 cri�cal care pa�ents (demographics, vital signs, medica�ons, 
etc.), Medicare8: datasets based on services provided by Medicare hospitals, and OASIS9: a database 
with neuroimages of the brain aiming to foster research and new advances in both basic health and 
clinical neuroscience.  

Another limita�on for electronic phenotyping is missing and sparse EHR data. The simplest solu�on 
could be to exclude incomplete records from data analysis. But this can lead to bias or may result in a 
very small sample size. 

There is also a common challenge for clinical data: a lack of large enough labeled datasets (gold 
standard corpora) for algorithm training. Crea�ng gold standards may not be feasible due to limited 
access to pa�ents and/or clinicians with domain knowledge, and the �me-consuming nature of this 
task. One approach here could be use of semi-supervised methods when data are clustered first and 
labeled in each cluster, then the labels are used as addi�onal features for a supervised method. 

 Adop�on of phenotyping algorithms in clinical se�ngs 
Model interpretability refers to the degree to which a human can understand the cause of a model’s 
decision (25). In healthcare, being able to explain the results is crucial for clinicians before they can 
trust the results from the models. An ML algorithm can discover novel paterns that are beyond hu-
man comprehension, however, it may have problems with adop�on in clinical se�ngs since clinicians 
need to understand and explain the decisions made. Some ML algorithms are easier to interpret than 
others: for example, decision trees are easy to follow in their conclusions, while deep learning algo-
rithms with a hidden layer are quite problema�c to understand.  

Machine learning meets the GDPR requirements when an algorithm is being developed and trained 
on personal data, as well as when it analyzes and provides decisions and recommenda�ons about in-
dividuals. However, it is not required by legal system for the model to have explainable results (26). 

Model generalizability refers to the ability to adapt models built on one health ins�tu�on’s data in a 
different health ins�tu�on or on a new pa�ent popula�on. It may require site-specific training, fine-
tuning, or op�miza�on for the model to perform compara�vely good on the new dataset. But some-
�mes, this can be challengeable due to interoperability problems: differences in equipment, coding 
systems, EHR systems, laboratory equipment, data formats, as well as varia�ons in local clinical and 
administra�ve prac�ces. Use of unified data formats, such as Fast Healthcare Interoperability Re-
sources (FHIR) (28), can fix interoperability problem. 

Model underperforming in the clinical se�ngs can be caused by several reasons (27). One of them is 
selec�on bias when the data do not represent a random sample from the whole popula�on. It can 
also be caused by model variance due to inadequate data from minori�es. One more reason is out-
come noise when a set of unobserved variables poten�ally impacts model predic�ons, which can be 
avoided by iden�fying subpopula�ons to measure addi�onal variables. More extensive par�cipa�on 

 

 

8 Medicare provider data htps://data.cms.gov/provider-data/?redirect=true  
9 The Open Access Series of Imaging Studies (OASIS) htps://www.oasis-brains.org/  

https://data.cms.gov/provider-data/?redirect=true
https://www.oasis-brains.org/
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of clinicians in system design and model development can help researchers to address these issues 
before deploying models.  

Some�mes it is difficult for clinicians to determine which algorithm is likely to perform best for their 
pa�ents (29). Each study’s performance is reported using different methodologies on different popu-
la�ons with different popula�on characteris�cs. For fair comparisons, algorithms need to be tested 
on the same independent dataset that is representa�ve for the target popula�on and not available 
for algorithm training. Here, it is also important to involve clinicians from the design stage of the phe-
notyping algorithm to develop their trust to the algorithm as they will use it in clinical prac�ce. 

One very important missing component for deployment of ML algorithms in healthcare is necessary 
regulatory frameworks. In the US, Food and Drug Administra�on started developing such a frame-
work to give confidence to clinicians and make sure that safe and effec�ve ML algorithms can effi-
ciently reach pa�ents (30). In 2019, Norwegian health authori�es published the Na�onal health and 
hospital plan for 2020-2023 (38). During these three years, Norwegian Government plans to use ar�-
ficial intelligence in healthcare and increase health data sharing to improve healthcare and facilitate 
personalized medicine. This should include changes in the legisla�on dealing with the use of AI and 
ML algorithms in healthcare. 

 Stakeholder analysis 

 Stakeholder mapping 
Stakeholders are relevant and interested parties, which includes individuals, community leaders, 
groups, and other organizations, who will be impacted by the project or who could influence the out-
come. They can be internal or external. A common approach for visualizing the stakeholders is to 
map the interest and power/ influence of each stakeholder group on a quadrant (20) (see Figure 11). 
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The position each stakeholder is allocated on the grid shows the actions to be taken with him/ her. 

People with high influence and high interest must be fully engaged, and the greatest efforts should 
be made to satisfy them. 

Enough work should be put on people with high influence but less interest to keep them satisfied, but 
not so much that they become bored with the communication. 

People with low influence and high interest should be adequately informed and communicated to 
ensure that no major issues are arising.  

People with low influence and low interest are to be monitored, but excessive communication should 
be avoided. 

 Stakeholder analysis for the project 
To establish a baseline in the status of e-health research in Norway, in 2019 Andrius Budrionis and 
colleagues performed a scien�fic search which contained Norwegian e-health publica�ons (23). The 
search went back about 10 years and contained over 3000 references. We scanned through ar�cles’ 
�tles to find the ones relevant for phenotyping. If the ar�cle was of interest, we noted the author’s 
name and affilia�on and then did extra searches for new publica�ons by the author to see if they had 
published something else relevant for phenotyping that had not been included in the original search. 

The iden�fied Norwegian stakeholders for the project included  

• clinicians  

Figure 11. Template for stakeholder matrix 



37 
 

  

• patients/ patient organizations  
• Ministry of Health and Social Affairs  
• Directorate for E-health  
• regional health authorities  
• research institutions working with phenotyping (such as NORCE Norwegian Research Center, 

SINTEF, CAIR center at University of Agder together with Hospital of Southern Norway, Nor-
wegian University of Science and Technology (NTNU) together with St. Olav’s University Hos-
pital, University of Oslo together with Oslo University Hospital, University of Bergen, and UiT 
The Arctic University of Norway together with University Hospital of North Norway) 

• vendors for hospital EHR systems in Norway: DIPS is a hospital EHR vendor for the three 
health regions in Norway, and EPIC is a hospital EHR vendor for Central Norway health re-
gion, and vendors for primary healthcare services (with their EHR systems in parentheses): 
CGM Norge (WinMed3), Hove Medical Systems AS (System X and Hove Total), Infodoc (Info-
doc Plenario), PasientSky (PasientSky), Furst (WebMed), Pridok AS (Pridok), and Aspit Medica 
(Physica) 

• Helseplattformen  
• Norwegian Institute for Public Health  
• Norwegian Polar Institute 

Clinicians and patients/ patient organizations are considered as the most influencing and interested 
in the project implementation and project results since they are the ones owning the data used for 
phenotyping algorithms, and they directly benefit by getting insights from the phenotyping algo-
rithms which are aimed to improve treatments and patient safety and simplify doctors’ decision-
making. 

Research institutions with their knowledge and competence in phenotyping influence the project and 
are also quite engaged in the project results and open for knowledge exchange and further collabo-
ration. 

Directorate for E-health is the center’s collaborator on the decision-making level, and the project re-
sults will be reported to them. 

Ministry of Health and Social Affairs funded the project; in addition, they are interested in the project 
results as those can benefit the Norwegian healthcare system. 

Regional health authorities are interested in the project results as the results can influence 
healthcare services in the regional level (including improved clinical workflows, reduced costs are 
among others). They are data controllers for patient data regionally and decide on which EHR system 
to be used. 

Norwegian Institute for Public Health owns multiple registries containing data which can be poten-
tially connected with patient EHR data to provide more complete dataset for phenotyping algorithms 
which would allow more precise patients phenotyping.  

Norwegian Polar Institute has information about climate, and air and environmental pollution. These 
data can be included in phenotyping algorithms. 
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EHR vendors hold the patient data and influence their availability, which is a requirement for pheno-
typing algorithms. They will also benefit from integrations of such phenotyping algorithms results as 
ICD coding support, clinical decision support functionality, just to name a few. 

Helseplattformen is responsible for introducing a common electronic patient record for the entire 
health service in Central Norway, including hospitals, municipalities, GPs, and private actors. It aims 
for increased quality in patient care, better patient safety, and more user-friendly systems. They 
could benefit on the same level as EHR vendors. 

Based on the ar�cles in the e-health search, we iden�fied four big groups of use cases for electronic 
phenotyping stakeholders are involved or interested in. 

• Quantitative medical research often depends on being able to compare a group A with a 
group B by methods that can extract high-quality cohorts. This use case can be relevant for 
almost any project in health research  

• ICD coding support implies prediction for the diagnosis coding of patients’ hospital stays. It 
can be also referred to computer-assisted coding 

• Many clinical decision support systems will need phenotyping as it can come up with charac-
teristics for a condition or predict risks for developing this condition based on the patients’ 
data accumulated in the EHR. Most of the phenotyping projects can end up being used in a 
DSS 

• Phenotyping can also be used as a star�ng point for smarter context-based access control.  

The stakeholders were then categorized by the use case (Table 3). 

Use case Stakeholders 

Quan�ta�ve research/ 
monitoring 

UiT/ UNN Tromsø 

NTNU/ St Olavs Hospital 

UiB 

UiO/ OUS 

Nordland Hospital/ UiT 

UNN Narvik 

Helsepla�ormen 

Norwegian Ins�tute of Public Health 

Norwegian Polar Ins�tute 

Directorate for E-health 

Ministry of Health and Social Affairs 

Table 3. List of Norwegian stakeholders for the project categorized by the use case 
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NORCE 

SINTEF 

EHR vendors 

ICD coding support/ 
support for filling-out 

of report schemas 

NSE/ UNN Tromsø 

NTNU 

UNN Narvik 

Regional health authori�es 

Helsepla�ormen 

Norwegian Ins�tute of Public Health 

Directorate for E-health 

NORCE 

SINTEF 

EHR vendors 

Decision support 

NSE/ UNN Tromsø 

NTNU 

CAIR/ University of Agder/ Hospital of Southern Norway  

UNN Narvik 

Helsepla�ormen 

Norwegian Ins�tute of Public Health 

Directorate for E-health 

NORCE 

SINTEF 

EHR vendors 

Access control 

NTNU (Trondheim) 

UNN Narvik 

Helsepla�ormen 

Norwegian Ins�tute of Public Health 

Directorate for E-health 

NORCE 
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SINTEF 

EHR vendors 

Full text of the stakeholder analysis with categoriza�on by use case is available in the Appendix B. 

The stakeholders were assessed in accordance with their influence on the project implementation 
and their interest in the project results. We mapped them into the following quadrant (Figure 12). 

 

 
 

  

Figure 12. Stakeholder analysis matrix for the project 
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 Mul�morbidity use case 

 What is mul�morbidity? 
Improvements in medicine have led to higher life expectancy. However, living longer is also corre-
lated with multimorbidity (13). Multimorbidity is the co-occurrence of multiple chronic conditions 
where none of them is more central (2). More than a half of the world older population is multimor-
bid (6). According to a cross-sectional study in Scotland, 65% of patients older than 65 and 81.5% of 
patients older than 85 have two or more chronic conditions (13). The most frequent conditions in-
clude chronic obstructive pulmonary disease (COPD), diabetes, chronic heart failure (CHF), chronic 
pain, depression, and anxiety (16). 

Multimorbidity is a high burden for the life of patients and their families as it impacts their function-
ing, mental health, social relationships, participation in working life and financial situation (8, 10, 17, 
18, 19). Usually for persons with multiple chronic conditions, healthcare is diagnosis-centered, frag-
mented, and poorly coordinated (3, 4, 5). When each condition is considered as standalone, a patient 
can be prescribed numerous drugs, compelled to get big lifestyle changes and to attend frequent 
healthcare appointments. Multimorbidity has a multiplicative effect on the negative outcomes of 
chronic diseases (7). Moreover, the more physical chronic conditions a patient has, the more likely 
he/ she is to suffer from mental health problems (7).  

Multimorbidity is associated with extensive use of healthcare system (2, 9). In the UK, multimorbid 
general practice patients (27% of the adult general practice population) account for 53% of all con-
sultations with general practitioners (GPs), 56% of hospital admissions, and 79% of all prescribed 
medicines (11). There are comparable results in other countries (12, 13, 14).  

Interventions for multimorbid patients are shown to be more effective if targeted at risk factors or 
specific functional difficulties (17). Care for multimorbidity should be patient-centered, focus on 
quality of life, and promote self-management towards agreed goals (15). 

 Propensity score 
Propensity score methods are generally used in observa�onal studies to adjust for confounding fac-
tors in es�ma�ng the effects of treatments or interven�ons. There are situa�ons where applying ran-
domized controlled trials (RCTs) is difficult due to feasibility or ethical issues of these studies. In ob-
serva�onal studies, causa�on inference, in addi�on to associa�on can be inves�gated only a�er con-
sidering all covariates. In general terms, covariates are characteris�cs (excluding the actual treat-
ment) of the par�cipants in an experiment.  

The ini�al design of such studies tries to gather groups of treated and control observa�ons in a way 
that within each group the distribu�on of covariates is balanced (31). However, treatment alloca�on 
in observa�onal studies is generally dependent on pa�ents’ characteris�cs in baseline, then it is very 
difficult to balance them for the covariates. To overcome these limita�ons, propensity score methods 
can be used to achieve balance in baseline characteris�cs between pa�ents in treatment and control 
group in the form of balancing the distribu�on of covariates in each group (31).  
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The propensity score methods are used whether for construc�ng matched samples of treated-control 
pairs, subclasses of similar groups of treated and control observa�ons, or weigh�ng adjustments. 
These techniques are named matching, subclassifica�on and weigh�ng depending on the purpose of 
observa�onal study the method is used for (32).  

Propensity score matching is used to find the pairs of treatment and control observa�ons with similar 
measures of the propensity score (and possibly other covariates) and remove all unmatched observa-
�ons. Generally, the matching methods find one control observa�on for each treated observa�on, 
but some�mes more than one match is obtained.  

Subclassifica�on on the propensity score ranks all observa�ons according to their propensity score 
and then uses boundaries to establish subclasses with treated and control observa�ons with similar 
propensity score measures. Usually, five or six subclasses are used, with almost the same total num-
ber of observa�ons in each subclass.  

Weigh�ng methods use the inverse of the propensity score as a weight to apply to each treated ob-
serva�on and the inverse of one minus the propensity score as the weight to apply to each control 
observa�on. However, weigh�ng can be considered as the limit of subclassifica�on as the number of 
observa�ons and subclasses tends to infinity (32).  

The propensity score is only a func�on of covariates, not outcomes. Therefore, repeated analyses 
which try to balance covariate distribu�ons across treatment groups do not make bias in es�ma�on 
of the treatment effect on outcome variables (32). 

Generally, there are three basic distributional conditions that can be checked in regression analysis. 
It is done to obtain regression adjustment such as logistic regression and linear regression. By these 
conditions, the differences between the distribution of covariates between the two groups, interven-
tion and control group, should be investigated. If any of them is not satisfied, then it should be re-
garded as substantial and the regression adjustment is considered unreliable (32). These conditions 
are:  

1. The difference in the means of the propensity scores in the two groups must be small. This 
criterion should not be considered as a main criterion, as in some situations the distributions 
of covariates are not symmetric, and the mean is not the proper estimator for the covariate.  

2. The ratio of the variances of the propensity score in the two groups must be close to one 
(e.g., 1/2 or 2 are far too extreme).  

3. The ratio of the variances of the residuals of the covariates after adjusting for the propensity 
score must be close to one (e.g., 1/2 or 2 are far too extreme). The residual analysis is done 
by using univariate regression analysis in such a way that, the propensity score will be de-
pendent variable and all the other covariates which we used for measuring the propensity 
score will be predictors or independent variables. (in each model, one predictor). Then the 
ratio of variance of residuals in intervention group to the variance of residuals in control 
group in each model will be calculated. 
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 Machine-learning algorithms for propensity score 
Propensity scores are generally estimated using logistic regression. However, parametric models 
need assumptions regarding variable selection, the functional form and distributions of variables, 
and specification of interactions. If any of these assumptions are incorrect or missed, covariate bal-
ance may not be obtained by conditioning on the propensity score, which may cause a bias in effect 
estimation (33). In general process of measuring propensity score, the one-dimensional propensity 
score is used for a multivariate set of covariates (34). When the number of covariates gets increased, 
the covariate balance should be improved. This improving can be done by considering all interactions 
among covariates and non-linearity transformations (34). General regression models do not give 
much bias reduction as they do not consider these interactions and non-linearities. Therefore, ML 
methods can be used as one alternative to logistic regression methods. In comparison with statistical 
methods which assume a data model with parameters estimated from the data, ML approaches at-
tempt to extract the relationship between an outcome and a predictor through a learning algorithm 
without a priori data model. ML algorithms can be applied for modeling the structure of propensity 
score.  

ML algorithms may be useful as an automa�c, data-driven way of capturing complicated interac�ons 
and non-lineari�es in the es�ma�on of the propensity score model. It can also be applied to avoid 
the tough specifica�on process of logis�c regression model to guarantee beter covariate balance 
(34). Regardless of a sample size or an extent of non-linearity, ML algorithms such as bagged CART 
(classifica�on and regression tree), random forests, and boosted CART propensity score models 
demonstrate excellent performance and results in terms of covariate balance and effect es�ma�on. 
These algorithms offer several advantages in comparison to logis�c regression and can be easily im-
plemented using freely available so�ware packages (33).  

 Collabora�on with the PACT project 
Over 50% of the world older popula�on is mul�morbid (6). Individuals with mul�ple chronic condi-
�ons are more likely to be hospitalized. The pa�ent-centered healthcare team (PACT) aims to provide 
appropriate, pa�ent-centered, and �mely healthcare services for mul�morbid elderly people when 
needed. Together with the pa�ent, the team iden�fies and assesses early care needs and provides 
care planning, delivery and evalua�on that aligns with the pa�ent’s needs. From there, PACT facili-
tates all this together with usual care services within and outside the hospital. This holis�c approach 
has reduced need for emergency services (10%) and resulted in lower mortality risk among PACT pa-
�ents (53%) (66). 

However, the process of referral to the PACT interven�on is not formally defined, and decisions are 
o�en made based on personal evalua�ons. Currently, based on available knowledge about each pa-
�ent (such as age, sex, educa�on, ethnicity), they calculate the pa�ent’s propensity score for the out-
comes. Outcomes are emergency admissions, the sum of emergency inpa�ent bed days, 30-day read-
missions, planned and emergency outpa�ent visits and mortality at three- and six-months follow-up. 
Then this score is stra�fied. Within the eligible control popula�ons, exact matching on sex, municipal-
ity, and year of the episode is performed.  
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Based on EHR data, the collabora�on project aims to build an algorithm to iden�fy pa�ents who may 
benefit from the interven�on. For this, the PACT popula�on of pa�ents referred to the PACT in histor-
ical data should be analyzed to iden�fy their main risk factors. Based on this, the gold standard popu-
la�on for the interven�on will be improved. Then, we can develop the algorithm, which later could 
be evaluated with regards to the gold standard popula�on. 

Risk probabili�es are dependent on the similarity of pa�ents. These similari�es mean the existence of 
clinical paterns, sequences of diagnoses or other medical events, associated with a benefit of referral 
to PACT. Together with the PACT-team, it is planned to develop a set of eligible pa�ents who may ben-
efit best from the PACT services. Pa�ents should be over 60 years old, live in Tromsø, Harstad, Bodø, 
and Narvik and have been admited to emergency departments in the period from 2014 to 2020. This 
set of pa�ents and their characteris�cs will become the gold standard of eligibility for PACT.  

First, research on the main risk factors in the study popula�on will be performed. Then, a�er EHR 
data for the pa�ents is cleaned, extrac�ons from their EHRs will be divided into events: diagnosis, 
consulta�ons, emergency episodes, etc., as well as events previously defined as “risky” will be se-
lected. Then, the algorithm will analyze the sequences to find similari�es between them (67). The da-
taset will be divided into test and training subsets for further algorithm evalua�on.  

Data processing will be performed using sta�s�cal compu�ng environments such as R and Python. 
Analyses will be run on a dedicated computer connected to the network of the University Hospital of 
North Norway. Only performance measures of the processing algorithm will be made public and used 
in presen�ng the results.  

 Propensity score matching phenotyping algorithm 

 Data used for the algorithm 
The phenotyping algorithm was developed based on the data collected through the PACT care model 
and a large dataset from Northern Norway hospitals and municipal care services. Primarily, the data 
comes from three sources: hospital EHR, PACT team, and municipal health services (general practi-
tioners and municipal emergency care). Figure 13 shows the schematic diagram of the pipeline for 
extracting and processing data.  
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The pipeline can be divided into four main processes: 

• Identify, extract, and aggregate data for potential control patients from the hospital EHR sys-
tem 

• Process and aggregate intervention data for the patients from the PACT team  
• Identify, extract, and aggregate municipal data for potential control and intervention pa-

tients 
• Process aggregated data and conduct matching algorithms 

Figure 13. Data pipeline for matching algorithms 
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In the first process, potential control (eligible) patients are identified from the emergency data based 
on the following criteria: 

• older than 60 years old 
• had emergency admission since 01.01.2014 
• had residence address in Tromsø, Harstad, Bodø, or Narvik 

Based on the list of identified potential control patients, data useful for matching or other analytical 
tasks are extracted from the EHR. Examples of each patient’s extracted data include demographic 
information, types of care, episode start and end dates, and diagnosis codes and notes. Data pro-
vided by the PACT team was also collected and thoroughly checked. Patients excluded from the 
study were removed from the dataset. This dataset contains several variables related to the PACT 
services, such as the PACT intervention start and stop dates and patient recruiting dates for the care 
service. 

After extraction, hospital and PACT data are aggregated. The hospital and PACT data aggregation is 
the most important and time-consuming step in the data preparation process. First, index episodes 
were defined as emergency episodes for potential control patients and PACT services episodes for 
the intervention patients. Data were then aggregated around the index episodes to create new varia-
bles that describe the conditions before and after the episodes. Examples of such variables are diag-
noses before and after episodes, number of emergency admissions before and after index episodes, 
number of outpatient visits before and after index episodes. After aggregation, there are identified 
33357 care episodes, which makes this dataset highly valuable for future research. 

In addition to data aggregation, well-established prediction scores for patients, such as the Patients 
At Risk of Hospital Readmission (PARR) score and the Elixhauser comorbidity index are calculated on 
this step. The Elixhauser comorbidity index is a method for measuring patient comorbidity based on 
ICD-9 and ICD-10 diagnosis codes. The PARR score algorithm produces a risk score for each hospital 
patient, the percentage of patients with a 30-days readmission, and the mean readmission costs of 
all patients. 

The above process was conducted based on a similar process made by Berntsen et al. (66) with up-
dated data from 2017 from the hospital and PACT team services. In our study, we have also proposed 
the use of healthcare data offered by the municipalities in Tromsø and Harstad. Examples of such 
data include the sum of emergency inpatient bed days, the number of service hours before and after 
the episode start time. A new aggregation process for municipalities has been added to the data 
pipeline. The final dataset used for the matching algorithms includes 1073 intervention patients re-
ferred to PACT and 1594 control patients. The data have 7599 emergency and PACT episodes and 
contain a large variety of variables from PACT, hospital and municipal health services. 

The propensity score matching technique creates a similar control group by matching each interven-
tion patient with a patient with similar characteristics not taken to the intervention. By using these 
matches, the impact of the intervention can be estimated.  

In the first step, similarly to the previous matching that was conducted in the PACT project, we esti-
mated propensity score for both control and intervention patients using logistic regression. The opti-
mal nearest neighbor method was used to match patients having similar propensity scores. The algo-
rithm starts by determining the position of the unknown value X. Then, it takes an appropriate value 
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of K, which is the number of neighbors to consider. This value of K is predefined and should be opti-
mized to get a good model. In the next step, the KNN algorithm starts calculating the distance of 
point X from all the points and finds the K nearest points with least distance to point X. Finally, it as-
signs X to the class to which most of the K nearest points belong.  

In the second step, logistic regression was replaced by neural networks to estimate the propensity 
score. 

 Propensity score es�ma�on using logis�c regression 
Logis�c regression is a sta�s�cal model used to es�mate the probability of a certain class or event. It 
is a natural method to es�mate the propensity score (in our case, the probability of receiving the in-
terven�on). Logis�c regression is a linear combina�on of one or more independent variables. How-
ever, the dependent variable can be categorical or con�nuous. In logis�c regression, based on data, 
the following linear rela�onship can be obtained: 

𝑓𝑓𝑝𝑝𝑛𝑛
𝑃𝑃

1 − 𝑃𝑃
= 𝛽𝛽0 + 𝛽𝛽1𝑥𝑥1 + 𝛽𝛽2𝑥𝑥2 + ⋯+ 𝛽𝛽𝑛𝑛𝑥𝑥𝑛𝑛 

where 𝑃𝑃 = 𝑝𝑝(𝑠𝑠 − 1) represents the probability of the event that the pa�ent receives the interven-
�on, 𝑥𝑥1, 𝑥𝑥2 … 𝑥𝑥𝑛𝑛 are the predictor variables, and 𝛽𝛽0,𝛽𝛽1, … ,𝛽𝛽𝑛𝑛 are the parameters that need to be es-
�mated. 

Although logis�c regression is widely used for propensity score matching, certain limita�ons can af-
fect the matching performance due to the algorithm’s nature. For example, it is assumed that the var-
iables are independent and that there is a linear rela�onship between the variables and the logarith-
mic probability of outcome. These requirements cannot easily be met. Hence, a new advanced pro-
pensity score es�ma�on using machine learning is needed to accommodate for the complexity and 
nonlinearity of real-world data. 

 Propensity score es�ma�on using feedforward neural networks 
Feedforward neural networks (FFNN) are types of neural networks that are constructed by neurons 
organized into layers. The network estimates the propensity score based on the variables that are 
used for matching such as demographic information, hospital and municipal health services. In FFNN, 
information flows from inputs through the hidden layer towards the output. The flow of information 
mimics how the electrical impulse is fired from one neuron to another in the human brain. In our 
work, we have uses an FFNN with one hidden layer and eight hidden nodes. The output signal from 
each node ℎ𝑗𝑗 can be represented mathematically as follows: 

ℎ𝑗𝑗 = 𝜎𝜎(�𝑤𝑤𝑗𝑗𝑗𝑗1 𝑥𝑥𝑗𝑗 + 𝑏𝑏𝑗𝑗1

𝑗𝑗

) 

where 𝑥𝑥𝑗𝑗  is the 𝑘𝑘𝑒𝑒ℎ predictor variable, 𝑤𝑤𝑗𝑗𝑗𝑗1  and 𝑏𝑏𝑗𝑗1 are the weights and biases of the hidden layer that 
need to be estimated, and 𝜎𝜎 is the sigmoid function: 

𝜎𝜎(𝑥𝑥) =  
1

1 + 𝑠𝑠−𝑒𝑒
 

The output estimates the probability that the patient receives the intervention. It is calculated from 
the outputs of the hidden nodes as follows: 

https://en.wikipedia.org/wiki/Linear_function_(calculus)
https://en.wikipedia.org/wiki/Independent_variable
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𝑠𝑠� = 𝜎𝜎(�𝑤𝑤𝑗𝑗𝑗𝑗2 ℎ𝑗𝑗 + 𝑏𝑏𝑗𝑗2

𝑗𝑗

) 

where 𝑤𝑤𝑗𝑗𝑗𝑗2  and 𝑏𝑏𝑗𝑗2 are the weights and biases of the output layer. The task of training the feedfor-
ward neural networks is to find the optimal parameter sets of the networks such that the following 
error function is minimized: 

𝑀𝑀𝑀𝑀𝑀𝑀 =  
1
𝑁𝑁
�(𝑠𝑠𝚤𝚤� − 𝑠𝑠𝑖𝑖)2
𝑁𝑁

𝑖𝑖=1

 

where 𝑁𝑁 is the number of observations, 𝑠𝑠𝚤𝚤�  is the predicted value, and 𝑠𝑠𝑖𝑖  is the actual exposure varia-
ble (whether the patient receives the treatment or not) for training sample 𝑠𝑠. 

 Performance of the algorithms 
By applying the matching algorithms to our dataset, different sets of control and intervention pa-
tients with similar characteristics were obtained. Patients match if they have the same propensity 
scores as the best, but if propensity scores are very close, it is good enough. Table 4 summarizes the 
results achieved by the logistic regression and the feedforward neural networks algorithms.  

 Logistic regression Feedforward neural networks 
Control Intervention Control Intervention 

No of patients 655 655 588 588 
Min of propensity score 0.0045 0.005 0.084 0.084 
Max of propensity score 0.9420 0.999 0.805 0.805 
Mean of propensity score 0.375 0.433 0.220 0.382 
Variance of propensity score 0.056 0.059 0.050 0.062 

 

The algorithms have a different number of patients (655 for logistic regression vs 588 for feedfor-
ward neural networks). It is related to the way the algorithms randomly select patients. First the 
treatment patient is selected, then the algorithm will try to find the control patients. Sometimes at 
the end of the process the algorithm could not find the matched control for the remaining treatment 
patients because there is a strict requirement in the match to have the exact same values for some 
variables (such as a year of the episode, municipality, and a gender). Therefore, some algorithms 
which do a good job can find more matching pairs. In other words, if we have an unlimited number 
of potential control patients, then the algorithm will always find a match for any treatment patients. 
But our pool of potential control patients is quite limited. 

We do not have a gold standard: those pa�ents who are not referred to the PACT interven�on are not 
mandatory should not be referred to the interven�on. Then sensi�vity, specificity, PPV, NPV, and AUC 
of the algorithms may not be calculated. Therefore, we can evaluate the algorithms just by es�ma�ng 
the balances between interven�on and control groups created by the algorithms. 

To evaluate the algorithms, we have used the two criteria proposed by Rubin (32): 

Table 4. Results of the matching algorithms 
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• The difference in the means of the propensity score must be smaller than 0.25. 
• The ratio of the variances of the propensity score in the two groups must be between 0.5 

and 2. 

Table 5 shows the comparison of balance results between the algorithms. 

 Logistic regression Feedforward neural networks 
Standardized difference in means 
of propensity score 

0.06 0.17 

Ratio of the variances of propen-
sity score 

1.04 1.25 

 
Both algorithms have created balanced sets of control and treatment patients. However, the logistic 
regression performs much better in both criteria. This can be explained by the relatively small num-
ber of observations in our study. A larger amount of data and further tuning of the neural networks 
will increase the performance of the FFNN.  

  

Table 5. Balance results between control and intervention groups 
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 Project results 
The project has the following scien�fic results. 

 Paper “Risk Averse Food Recommenda�on System using Machine 
Learning for Pa�ents with Type 1 Diabetes during Physical Ac�vi�es” 

One of the project papers is “Risk Averse Food Recommenda�on System using Machine Learning for 
Pa�ents with Type 1 Diabetes during Physical Ac�vi�es”. It is resulted from the project’s coopera�on 
with the LEAF project. The focus of the paper is pa�ents with type 1 diabetes. The aim of the study is 
to reduce the risk of hypoglycemia (low blood glucose) and empower pa�ents with type 1 diabetes in 
making decision regarding food choices, insulin administra�on, exercise intensi�es and other factors 
in connec�on with physical ac�vi�es. Physical ac�vi�es have a significant impact on blood glucose 
homeostasis of pa�ents with type 1 diabetes. However, the risk of hypoglycemia is significantly 
higher during and a�er physical ac�vity, especially for individuals with hypoglycemia unawareness. By 
using physical ac�vity data (simulated on Brenton’s physical ac�vity model) and machine-learning 
models, we provide a predic�on of the blood glucose level outcome with uncertainty informa�on 
during and a�er physical ac�vi�es. Based on the model, robust and safe algorithms minimizing the 
risk of hypoglycemia and improving blood glucose regula�on are derived to provide the ac�on rec-
ommenda�ons to pa�ents with type 1 diabetes during and a�er physical ac�vi�es. 

 Paper “Improving Treatment and Care for People with Mul�morbid-
ity Using Machine Learning and Sta�s�cal Methods: A Systema�c 
Review” 

In the scope of the project, we conducted a systematic review about improving of treatment and 
care for multimorbid patients by use of ML and statistical methods. Multimorbid patients carry a bur-
den of several chronic conditions having their functioning, mental health, social relationships, and 
participation in working life impaired. The conducted literature search indicated significant attention 
to the use of ML and statistical methods in multimorbidity. The identified studies exploited different 
ML and statistical methods, and some papers combined several techniques to address multimorbid-
ity. Most of the papers (81%) were focused on prediction of outcomes, such as mortality risks (27%), 
risks for readmission (5%), and other outcomes and risks (65%). Some studies focused on treatment 
of multimorbidity or identification of patients who will most benefit from the treatment. Most of the 
appeared studies considered multimorbidity treatment indirectly. No study focused on daily self-
management of patients with multimorbidity. Chronic conditions addressed by the papers included 
cancer, cardiovascular disease, HIV, gastrointestinal diseases, mental health problems, diabetes, kid-
ney disease, and general comorbidities where the last category was the most popular (41% of the pa-
pers), followed by cancer (35%) and mental health problems (11%). Among the data types utilized in 
the studies are EHR, ICD diagnosis codes, claims data, lab data, demographics, and others. The pa-
pers mentioned several challenges and limitations for implementing machine learning and statistical 
methods for comorbidity/ multimorbidity research. We also identified several directions for future 
research for AI and ML within multimorbidity. 
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 Applica�on for health research funding by Northern Norway Re-
gional Health Authority  

Another deliverable of the project is an applica�on named “Iden�fica�on of mul�morbid pa�ents 
with impactable risk profiles using ar�ficial intelligence, the IM-PACT method” for health research 
funding by Northern Norway Regional Health Authority. This project aims to iden�fy mul�morbid pa-
�ents who are most likely to benefit from the PACT care model, based on a large dataset from North-
ern Norway hospitals and municipal care services. This project will work on the data collected 
through the PACT care model, which provides person-centered, integrated, and pro-ac�ve care. In the 
PACT project, pa�ents have been referred to PACT based on a discre�onary referral process that is 
not standardized or formally defined. Current methods for selec�ng pa�ents for treatment use differ-
ent types of risk such as 30-day mortality or readmission risk. However, these measures do not con-
sider how much the treatment impacts the pa�ents, that is, which pa�ents benefit most from treat-
ment. This can lead to the issue that the pa�ents who could poten�ally benefit may not be referred 
for treatment. In this project, we use ar�ficial intelligence methods to analyze data collected over six 
years in the PACT cohort study to provide an improved and efficient way to iden�fy mul�morbid pa-
�ents with impactable risk profiles (IM-PACT). The results will have great poten�al to improve care 
and reduce costs for elderly pa�ents with complex needs. This will ul�mately lead to beter health 
services for the popula�on. 

 Horizon 2020 applica�on 
Another result of the project is to become a partner in the Horizon 2020 application titled “Use of 
Real-World Data to advance research on the management of complex chronic conditions” for the call 
DTH-12-2020. The overall goal of the application project is to consider the complex chronic patients 
at the center of the research to improve their clinical outcomes and quality of life, advance under-
standing and management of their complexity, improve and impact the trajectory these patients en-
dure during their lives, and finally determine the medical costs and role of health systems in this con-
text. We want to use novel statistical methods to offer unbiased assessment of treatment/ interven-
tion. Our main role in this project, which is in line with our project, is to assess the effectiveness and 
cost-effectiveness of interventions and their impact on complex chronic conditions progress and out-
comes. For this, we will take both a societal perspective and a lifetime horizon. 

 Project “ClinCode - Computer-Assisted Clinical ICD-10 Coding for im-
proving efficiency and quality in healthcare” 

One of the identified categories for use cases in phenotyping was ICD coding support. The application 
for the project working with this use case was sent to the Norwegian Research Council and got fund-
ing. International Statistical Classification of Diseases and Related Health Problems (ICD diagnosis 
codes) play an important role in Norwegian hospitals. After each patient contact, a clinician must reg-
ister diagnosis codes describing what kind of treatment/ procedure the patient has received. The 
ICD-10 diagnosis codes in the basic version from 06.10.2020 include about 20,000 codes. This can be 
both difficult and time-consuming to use. Often clinicians register incorrect codes or do not include 
all appropriate codes. The registered codes are collected and used at a higher level to measure 
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clinical workload as well as defines hospitals’ reimbursement from the state. Incorrect and inade-
quate coding makes it difficult to efficiently direct resources in the health care system. In the 
ClinCode project, the aim is to investigate how Computer-Assisted Coding can increase the quality of 
ICD-10 diagnosis code registration without increasing clinicians’ workload. Hospital EHRs already con-
tain extensive material on manually coded patient pathways. This will be used to develop a computer 
program that can read through the individual patient’s EHR and automatically suggest appropriate 
ICD-10 codes to the responsible clinician. The computer program will analyze both free text notes 
and structured data using natural language processing and deep learning and will be integrated with 
DIPS Arena EHR system. 

 Fact sheet about basics of electronic phenotyping 
The fact sheet provided an overview of what electronic phenotyping is, how electronic phenotyping 
algorithms are developed, and what they can be used for. The fact sheet was published in January 
2020. 

https://ehealthresearch.no/en/fact-sheets/exploring-electronic-phenotyping-for-clinical-practice 

 Phenotyping algorithm for mul�morbid pa�ents 
The phenotyping matching algorithm for mul�morbid pa�ents was developed based on the pa�ent 
data collected through the PACT care model and a large dataset from hospitals and municipal care 
services. The process was similar to what was conducted by Berntsen et al. (66) with updated data 
from 2017 from the hospital and PACT team services. We also proposed the use of municipal health 
data from Tromsø and Harstad. A new aggrega�on process for municipali�es was added to the data 
pipeline. The final dataset used for the matching algorithms includes 1073 interven�on pa�ents re-
ferred to PACT and 1594 control pa�ents. We compared two algorithms: logis�c regression and feed-
forward neural networks. The propensity score for each pa�ent was es�mated based on the variables 
that are used for matching, such as demographic informa�on, hospital and municipal health services. 

Due to absence of a gold standard for the pa�ent popula�on, performance metrics for the algorithms 
could not be calculated. Evalua�on of the algorithms was, therefore, done based on the balance re-
sults between control and interven�on groups. Both algorithms created balanced datasets of control 
and interven�on pa�ents. However, the logis�c regression performed much beter. This can be ex-
plained by the rela�vely small number of observa�ons in the study. A larger amount of data and fur-
ther tuning of the neural networks would increase the performance of the feedforward neural net-
works algorithm. 

 

  

https://ehealthresearch.no/en/fact-sheets/exploring-electronic-phenotyping-for-clinical-practice
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 Summary 
The project had the goal to gain knowledge on electronic phenotyping, including methods for its de-
velopment, its clinical relevance and challenges for its implementation in Norwegian clinical settings. 
To reach the goal, we went through the state-of-the-art in phenotyping, participated in multiple sci-
entific events and met researchers working on the topic, identified use cases relevant for electronic 
phenotyping, figured out data types required for phenotyping of the selected use cases, checked 
availability and accessibility of these data within the project time frame, and developed a phenotyp-
ing algorithm for the chosen clinical use case.  

Electronic phenotyping characterizes an individual’s condition based on the machine-readable health 
data accumulated in EHR and other systems. These data can include genomic data, medical images, 
structured and unstructured clinical data registered in the EHR, patient-generated data from mobile 
phones and sensors, and environmental data. In electronic phenotyping, big sets of patients’ data are 
analyzed to find specific features, in a form of clinical concepts, characterizing a condition in a group 
of similar patients or predicting risks for developing this condition.  

Electronic phenotyping can be applied for multiple purposes. These include  

• cohort identification for finding similar patients for the control group, as well as identify-
ing patients who can benefit best from the treatment,  

• public health and safety surveillance to identify risk groups for diseases/ conditions on 
the national level,  

• administrative purposes for costs and clinical workflow optimization together with health 
service improvement for patient’s good, 

• clinical research studies of treatment effectiveness, drug adverse events and similar, and  
• in combination with genetics/ genotyping, precision/ personalized medicine to guide de-

cisions about prevention, diagnosis, and treatment of the patient’s disease. 
An electronic phenotyping algorithm pipeline is composed of four steps: 1) data preparation, 2) di-
mensionality reduction, 3) phenotype discovery, and 4) phenotype evaluation. The whole process of 
building a phenotyping algorithm is iterative and can take up to 6-8 months. Typically, several data 
types are used in a single algorithm to improve the algorithm performance and provide a more com-
plete phenotype. Billing data (ICD and CPT codes), medications, lab data, and clinical observations 
are commonly used in phenotyping. Each data type has different strengths and limitations. 

Rule-based and NLP methods, supervised, semi-supervised, and unsupervised machine-learning tech-
niques, and hybrid approaches can be applied for phenotype discovery. Rule-based methods involve 
clinicians to specify inclusion and exclusion criteria for patient cohort identification based on struc-
tured data elements. Supervised learning in phenotyping aims to construct predictive models distin-
guishing individuals with a specific condition from unaffected ones. Semi-supervised learning re-
quires only a small amount of labeled data together with a large amount of unlabeled data. In pheno-
typing, unsupervised learning explores raw data (not labeled beforehand) to find underlying struc-
tures with minimal human efforts. NLP is a combination of ML and linguistics and is used in pheno-
typing for extraction of structured concepts from unstructured clinical text data.  
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We also focused on the criteria for choosing an appropriate algorithm for a certain task. They are the 
algorithm accuracy (here we look at the algorithm performance by calculating sensitivity, specificity, 
positive predictive value, and negative predictive value), its complexity (both difficulty of the algo-
rithm implementation and computation time), and its portability (i.e., how easy the algorithm can be 
applied in a different context or at a different institution). 

We identified challenges related to the development of electronic phenotyping in Norway, such as 
data access and privacy issues, obstacles while data pre-processing, analysis, and model building, and 
problems that could appear during deployment of phenotyping algorithms in clinical settings. 

Norwegian stakeholders for the project included clinicians, patients/ patient organizations, Ministry 
of Health and Social Affairs, Directorate for E-health, regional health authorities, research institutions 
working with phenotyping, vendors for EHR systems in Norway, Helseplattformen, Norwegian Insti-
tute for Public Health, and Norwegian Polar Institute. The stakeholders were then categorized by the 
use case. 

The project had collaborations with three projects (two of them were hosted by NSE, and one was 
led by UiT The Arctic University of Norway): NorKlinTekst, LEAF project – Diabetes use case, and Pa-
tient-Centered Team (PACT) project.  

The use case chosen for development of an electronic phenotyping algorithm was multimorbid pa-
tients and their “impactibility” to the PACT intervention. The PACT team’s aim is to deliver a person-
centered, integrated, and proactive multimorbidity care. We studied the multimorbidity use case, 
the problems associated with treatment of such patients, and the approaches these problems could 
be solved. In the case of multimorbid patients, applying randomized controlled trials to estimate the 
impact of the intervention was difficult due to ethical issues. Instead, propensity score matching was 
used to find the pairs of treatment and control observations with similar measures of the propensity 
score. The phenotyping propensity score matching algorithm was developed to discover the features 
of the patients who can benefit best from the PACT intervention. Compared to the previous studies, 
we used updated data from 2017 from the hospital and PACT team services, proposed the use of mu-
nicipal health service data from Tromsø and Harstad, and added a new aggregation process for mu-
nicipalities to the data pipeline. Use of feedforward neural networks for propensity score matching 
was compared to logistic regression. A larger amount of data and further tuning of the neural net-
works will provide better performance of the algorithm. 

During the project we also wrote two scien�fic papers and a fact sheet and sent two project applica-
�ons for research funding. 
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 Appendix B 
Based on the scien�fic search on Norwegian e-health publica�ons performed by Budrionis and col-
leagues in 2019, we iden�fied Norwegian stakeholders for the current project and categorized them 
by the four use cases as follows. 

1. Quantitative research/ monitoring  
Quantitative medical research often depends on being able to compare a group A with a group B by 
methods that can extract high-quality cohorts. It could be useful for anyone involved in health re-
search.  
Further down there are the identified project stakeholders who work or are interested in this use 
case. 
o UiT The Arctic University of Norway and University Hospital of North Norway (UNN) (Tromsø) 

• Gunnar Hartvigsen, Kasper Jensen, Cristina Soguero-Ruiz, Karl Øyvind Mikalsen, Stathis 
Konstantinidis, Per Egil Kummervold, Luis Fernandez Luque, Lars Kristian Vognild, Bente 
Christensen, Gunnar Ellingsen, Botsis Taxiarchis  

 Using anchors from free text in electronic health records to diagnose postop-
erative delirium 
 Bootstrap resampling feature selection and Support Vector Machine for early 
detection of Anastomosis Leakage 
 Text mining for the Vaccine Adverse Event Reporting System: medical text 
classification using informative feature selection  

• Johan Gustav Bellika and colleagues  
o Norwegian University of Science and Technology (NTNU) and St. Olav’s University Hospital 

(Trondheim)  
• Øystein Nytrø, Toussaint, and colleagues 
• Arild Faxvaag, Trond Nordseth 

 Clinicians with a medical system that contains structured data of good quality 
o University of Bergen  

• Ankica Babic and colleagues   
 A Decision Support System for Cardiac Disease Diagnosis Based on Machine 

Learning Methods  
 A Review of Current Patient Matching Techniques.  
 Data mining in cancer registries: A case for design studies  

o University of Oslo and Oslo University Hospital  
• BIGMED project (https://bigmed.no/about)  
• Erik Fosse 
• Laura Slaughter 
• Johan Ivar Sæbø, Edem Kwame Kossi, Ola Hodne Titlestad, Romain Rolland Tohouri 

 Comparing strategies to integrate health information systems following a data 
warehouse approach in four countries  

• Jørn Braa  
 Improving quality and use of data through data-use workshops: Zanzibar, United 

Republic of Tanzania.  
 Big data analytics for developing countries-using the cloud for operational bi in 

health  
 A Socio-Technical Approach to Understanding Data Quality in Health Information 

Systems: Data Quality Intervention in Kenya  
o Nordland Hospital (Bodø) and UiT The Arctic University of Norway (Tromsø) 

• Kent Angelo and colleagues  

https://bigmed.no/about
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  Development and Validation of a Model Predicting Short Survival (Death Within 
30 Days) After Palliative Radiotherapy  

o UNN (UNN Narvik)  
o Helseplattformen  
o Norwegian Institute of Public Health (FHI)  

 FHI has plans to contribute for data availability 
o Norwegian Polar Institute 
o Directorate for E-health 

 Electronic data capture for the patient safety program. Clinically relevant feed-
back from Norwegian Patient Registry: the goal is to increase the quality of re-
ported data, and to contribute to quality assurance and improve specialist health 
services by making register data more accessible and useful for clinical compa-
nies. 

 Health data program (Helsedataprogrammet):   
 Project “The health analysis platform” (Helseanalyseplattformen) will facili-

tate easier access to health information by studying and establishing a na-
tional infrastructure for making health data available and analyzing and de-
veloping organizational solutions and regulations. 

 Project” Joint Services” (Fellestjenester) will contribute to better utilization 
of health data by studying, developing, and implementing national technical 
joint solutions for the health registers. 

 Project “Harmonization” (Harmonisering) will contribute to health infor-
mation of better quality through harmonization and standardization of the 
health registers. 

 Project “Organizational Development” (Organisasjonsutvikling) will contrib-
ute to easier access to health data by studying and proposing organizational 
models for the operation and management of the Health Data Program’s de-
liveries. 

o Ministry of Health and Social Affairs 
o NORCE 
o SINTEF  
o EHR vendors  

• DIPS, EPIC  
• Primary healthcare service EHR vendors 

 
2. ICD coding support/ support for (semi) automatic filling-out of report schemas  
It implies support for the diagnosis coding of hospital stays: the phenotypes that will predict how pa-
tient stays should be coded. It can be also referred to Computer-assisted coding (CAC). 
o Norwegian Centre for E-health Research and University Hospital of North Norway (UNN) 

(Tromsø) 
• Monika A. Johansen, Åse-Merete Pedersen, Gunnar Ellingsen  

 The Role of Medical Transcriptionists in Producing High-Quality Documentation  
• Line Silsand, Gro-Hilde Severinsen 

 FRESK project   
o Norwegian University of Science and Technology (NTNU) (Trondheim)  

• Øystein Nytrø, Thomas Brox Røst, Ola Huseth  
 Comparing medical code usage with the compression-based dissimilarity meas-

ure.  
 Developing an annotated corpus of patient histories from the primary care 

health record  
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o UNN (UNN Narvik)  
 FRESK  

o Regional health authorities  
o Helseplattformen 
o Directorate for E-health 

 Program for coding and terminology (Helseplattformen)  
 eDÅR - Electronic reporting to the Cause of Death Register 

o NORCE 
o SINTEF 
o EHR vendors  

• DIPS, EPIC  
• Primary healthcare service EHR vendors 

 
3.  Decision support  
Many decision support systems (DSS) will need phenotyping. In general, as with the code support, 
most of the phenotyping projects can end up being used in a DSS.  
o Norwegian Centre for E-health Research and University Hospital of North Norway (UNN) 

(Tromsø) 
• Bente Christensen, Gunnar Ellingsen  

 Towards a Structured Electronic Patient Record for Supporting Clinical Decision-
Making  

• Kasper Jensen  
 From unstructured EHR text to data-driven clinical decision support  

o Norwegian University of Science and Technology (NTNU) (Trondheim)  
o The Centre for Artificial Intelligence Research (CAIR), University of Agder, and Hospital of 

Southern Norway (Kristiansand) 
o UNN (UNN Narvik)  
o Helseplattformen  
o Directorate for E-health 
o NORCE 
o SINTEF 
o EHR vendors  

• DIPS, EPIC  
• Primary healthcare service EHR vendors 

 
4. Access control  
Phenotyping can be used as a starting point for smarter context-based access control. Here are the 
stakeholders working with or interested in this topic. 
o Norwegian University of Science and Technology (NTNU) (Trondheim)  

• Lillian Røstad, Øystein Nytrø  
 Access Control in Healthcare Information Systems  

• Arild Faxvaag, Johansen, Melby  
 Healthcare professionals’ experiences with EHR-system access control mecha-

nisms  
o UNN (UNN Narvik)  

 Approaching to merge somatic and psychiatric wards  
o Regional health authorities  
o Helseplattformen  

 To share patient information between GP and specialist doctors 
o Directorate for E-health 
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 Access to Core journal – (South-East Health region) 
o NORCE 
o SINTEF 
o EHR vendors  

• DIPS, EPIC  
• Primary healthcare service EHR vendors 
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