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Abstract. Disease trajectories model patterns of disease over time and can be 

mined by extracting diagnosis codes from electronic health records (EHR). Process 

mining provides a mature set of methods and tools that has been used to mine care 
pathways using event data from EHRs and could be applied to disease trajectories. 

This paper presents a literature review on process mining related to mining disease 

trajectories using EHRs. Our review identified 156 papers of potential interest but 
only four papers which directly applied process mining to disease trajectory 

modelling. These four papers are presented in detail covering data source, size, 

selection criteria, selections of the process mining algorithms, trajectory definition 
strategies, model visualisations, and the methods of evaluation.  The literature 

review lays the foundations for further research leveraging the established benefits 

of process mining for the emerging data mining of disease trajectories. 
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1. Introduction 

Electronic health records (EHR) are now well established as the basis for delivering 

modern healthcare [1]. The routine clinical use of EHRs supports predictive, preventive, 

personalised and participatory (known as “P4”) systems medicine approaches [2, 3] 

and, more recently learning health systems [4]. The increasing volume of data within 

EHRs is of interest to medical informatics researchers for analysis and, in this paper, 

we focus on one area of interest - process mining of disease trajectories. 

Disease trajectories model patterns of disease over time and can be mined by 

extracting diagnosis codes from EHR [5]. These models can help researchers and 

clinicians gain a better understanding of disease progression and how different diseases 

inter-relate with each other during deteriorating health. Process mining provides a 

collection of methods and tools that has been used extensively to extract clinical 

insights from EHRs by mining process models from event data [6]. Process mining 
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provides a mature set of methods and tools that has been used to mine care pathways 

using event data from EHRs and, we believe, could be applied to disease trajectories. 

The objectives of this paper are: (1) to review the literature of process mining for 

identifying disease trajectories, (2) summarise data sources, data selections, methods 

and limitations, and (3) recognise the challenge of implementing process mining to 

identify disease trajectories. 

2. Method 

The first author firstly developed the search strategy defined by the research question 

“Can a process mining approach be used to identify disease trajectory(ies)?” The two 

facets of the search strategy were “process mining” and “disease trajectory(ies)”. A 

concept map [7] is used to summarise the synonyms during the literature search. 

The literature searching was conducted by the first author on 5th November 2020 

following a similar approach as [6], using Google Scholar, PubMed, and dblp databases. 

Our search syntax was: “(“process mining” OR “workflow mining”) AND ("disease 
trajectory" OR "disease network " OR "disease progression" OR "disease course" OR 
"illness trajectory" OR "diagnostic trajectory" OR "diagnosis trajectory")”. We 

carefully applied the search criteria across databases, adjusting for differences in 

implementing the criteria from one database to another. For example, Google Scholar 

automatically searches the plural form of a singular term or vice versa, while we used 

both singular and plural terms in the two other databases. We also looked for relevant 

literature in the process mining website at http://www.processmining.org, but none of 

them met our search criteria seen in Figure 1. 

 

 

Figure 1. The article selection flow, following [8] 

 

Figure 1 shows the flow diagram of articles included and excluded. From an initial 

set of 156 articles meeting our criteria, we excluded 27 duplicates and two non-English 

articles. The remaining articles were filtered for exclusion based on title (n=55), 

abstract (n=46), and by full reading (n=22). Any process mining articles which only 

mention the term “disease trajectory” or similar were excluded. The reference lists of 

the four remaining articles were reviewed against our criteria, but no new articles were 

included. 
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3. Results 

Table 1 summarizes the four articles identified at the conclusion of our literature search 

[9-12]. The four papers use four different data sources, four different model 

visualizations, three different trajectory approaches and three different conformance 

checking metrics. 

 

Table 1. Reviewed articles of process mining in disease trajectories. 

 
 

Four data sources were identified from the reviewed articles: (1) The MIMIC-III 

dataset of the Beth-Israel Deaconess Medical Center (BIDMC) hospital in Boston, 

USA (n=46,520) which is available as open access [9, 13]; (2) a healthcare dataset 

from a suburban area in Spain (n=225,000) [10]; (3) England’s national Hospital 

Episode Statistic (HES) dataset (n=76,523) [11]; (4) a synthetic EHR dataset used to 

demonstrate the concept of process mining to identify disease trajectories (n=50) [12]. 

All articles used the  International Classification of Disease (ICD) codes published by 

the World Health Organisation (WHO) [14], either the 9th revision (ICD-9) [9, 10] or 

the 10th revision (ICD-10) which was used by [11] and [12]. 

Patient selection based on a specific diagnosis was performed by de Toledo et al. 

[10] with Type-2 Diabetes and by De Oliveira et al. [11] with a focus on patients with 

sepsis. In contrast to these, Kusuma et al. [9] did not pre-select diseases of interest but 

did excluded those ICD codes that do not relate directly to a diagnosis. 

Three approaches were identified to define the order of the diagnostic codes to 

form a trajectory: (1) a set of statistical analysis of correlation measurement and a 

binomial test [9]; (2) n-grams [10]; (3) metaheuristics optimisation algorithm [11]. The 

implementation of process mining in the study of disease trajectories was found in 

three ways: process discovery to build the disease trajectory model, conformance 

checking, and for model visualisation. The Fuzzy Miner and Heuristics Miner 
algorithms [15] were used by de Toledo et al. [10] for mining the event traces and for 

visualise the model respectively. A proprietary Metaheuristics optimisation algorithm 

[16] was used by De Oliveira et al. [11] while a private-company-developed app was 

used to visualise the model. Kusuma et al. [9] used the interactive Data-aware 
Heuristics Miner [15] to mine the model, and the directly-followed graph for model 

visualisation.  

There are two articles which reported the use of conformance checking. Kusuma et 

al. [9] applied replay fitness, precision, generalisation, and k-fold cross-validation for 

further evaluation, while the metaheuristics optimisation algorithm in De Oliveira et al. 

[11] is embedded with the replay fitness. Data clustering was used in two studies: de 

# Authors Country/ 
Region

Data source N data Standard 
coding

Disease PM 
Methodology

Model 
visualisation

Discovery 
algorithm

Trajectory 
approach

Conformance 
checking

1 Kusuma et al.[9] Boston, 

USA

BIDMC 

Hospital

46520 ICD-9 General PM
2 Directly-

followed 

graph

iDHM correlation 

measurement, 

binomial test

Replay fitness, 

precision, 

generalisation, k-

folds cross validation

2 de Toledo et al.[10] Spain MBDS by the 

public healthcare 

provider

225,000 ICD-9 Type 2 

Diabetes

KDD Heuristics net Heuristics 

miner   and   

Fuzzy   miner

n-grams N/A

3 De Oliveira et al.[11] England NHS Hospital 

Episode Statistic

76,523 ICD-10 Sepsis N/A Private 

company app

Metaheuristics 

optimization 

algorithm

Metaheuristics 

optimisation 

algorithm

Replay fitness

4 Kusuma et al.[12] N/A (synthetic) 50 ICD-10 General PM
2 Disco iDHM N/A Replay fitness, 

precision, 

generalisation
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Toledo et al. [10] applied k-means, agglomerative hierarchical (AHC), and model-

based clustering (MBC); and De Oliveira et al. [11] applied the clinical classification 

software (CCS) for ICD-10-PCS which grouped the diagnostic codes into 220 coded-

events [17] to reduce complexity. One study followed a Knowledge Discovery in 

Database (KDD) method [10, 18] and only one study followed PM2, the most widely 

used process mining methodology [9, 19]. 

4. Discussion 

Our review reveals there is currently very little research in use of process mining for 

identifying disease trajectories. We found that there has been no study which identifies 

general disease trajectories using national level EHR data. One potential use of process 

mining is to check the conformance of a model against the original or new data sources. 

Conformance checking is essential to confirm the representativeness of the disease 

trajectory model to the data but this was not undertaken in [10]. We recommend that 

models of how diseases progress over time should be evaluated using conformance 

checking [20] and clinical review against established medical knowledge. 

The study of mining disease trajectories using process mining should build on 

medical domain knowledge, medical informatics and process mining or data science in 

general. It is relevant to involve experts in these domains from the beginning of the 

study because research insights are dependent on the entire research process, and are 

likely to be more robust when embedded within a multidisciplinary approach. The 

length of time covered by a data extract may give insights on how diseases are 

progressing across seasons, years, and the relationship with age and aging. A 

nationwide disease trajectory model may help policymakers decide where to focus 

medical informatics research. The opportunity to comprehend patterns of disease 

progression over time may help clinicians design better interventions for patients 

targeted at preventing otherwise likely disease progression. 

5. Conclusions 

The use of process mining for identifying disease trajectories has significant potential 

as an emerging area of study. This paper provides a summary of current work process 

mining disease trajectories with respect to data sources, size and the coverage of the 

data, methods of identifying the trajectory between two diagnostic codes, discovery 

algorithms, and the visualisations. The small number of studies using formal process 

mining methodologies highlights a lack of awareness of these methods which we hope 

this paper addresses. 

Using process mining, disease trajectories can be created for both a specific cohort 

of patients with a specific disease or to discover population level patterns of disease 

using larger EHR datasets from healthcare providers, regional and national sources. 

Further comparative studies between trajectories from different countries would 

provide a better insight on the progression of diseases globally. To date there are only 

four papers identified with work in this area of study and our conclusion is that there is 

a great opportunity to develop both the method and case studies using process mining 

for disease trajectories. There is considerable scope to explore the potential value of 

these approaches to advancing medical informatics. 
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