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Abstract— Disease trajectory, the course of a disease over 

time, and secondary diagnoses, additional medical conditions 

that a patient may have in addition to their primary 

diagnosis, can greatly impact patient outcomes, treatment, 

and management. This study analyzed the feasibility of 

disease trajectory analysis with secondary diagnoses using the 

Indonesia Health Insurance (BPJS Kesehatan) 2015-2018 

data sample. The study followed the established Process 

Mining Project Methodology (PM2). We extract the data set 

from the BPJS Kesehatan data sample, generate an event log 

from them, discover the disease trajectory by doing process 

discovery using Heuristic Miner, assess the discovered model 

using conformance checking, and evaluate it. By analyzing the 

data sample of Acute Myocardial Infarction (AMI) patients, 

similar patterns were identified in the 2,100 cases with 

secondary diagnoses, which can be used to take proactive 

measures to prevent or manage these secondary diagnoses 

and gain a more comprehensive understanding of how 

patients' health changes over time. 
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I. INTRODUCTION 

 

A. Introduction 

Disease trajectory refers to the probable pathway of a 

patient with a given condition may have, taking into 

account the sequence of diagnoses over time, including the 

development of symptoms and possible complications [1]. 

This can include factors such as the severity of symptoms, 

the rate of progression, and the likelihood of recovery or 

recurrence. Understanding a disease trajectory is crucial for 

both diagnosis and treatment, as it provides insight into 

how a disease progresses, the symptoms it presents, and 

potential complications that may arise. 

In recent years, research on disease trajectory has 

increasingly relied on data from Electronic Health Records 

(EHRs) and other sources to better understand the natural 

history of diseases and identify potential targets for 

intervention [2]. A real-world healthcare dataset is usually 

difficult to access due to its sensitivity [3]. But the 

Indonesian Health Insurance (BPJS Kesehatan) has 

provided real-world data samples of participants of BPJS 

Kesehatan from 2015-2018. The dataset covers 

membership data and the electronic health records service 

of participants acquired from BPJS Kesehatan data 

warehouse [4]. One of the data sample sub-set data is 

Advanced Referral Health Facilities Service Secondary 

Diagnoses. 

Secondary diagnoses refer to additional diagnoses that a 

patient may have in addition to their primary diagnosis. 

These additional diagnoses include complications that 

arose during their hospital stay and comorbidities [5].  

Secondary diagnoses can have an impact on the patient's 

treatment, recovery, and prognosis. They also can affect 

the cost of the treatment and the length of the hospital stay. 

According to the CMS ICD-10-CM Official Guidelines for 

Coding and Reporting [6], secondary diagnoses were 

judged by clinicians when the 2 diagnosis process happens 

and are coded as 'additional codes' for the primary 

diagnosis with no sequencing or time factor applied to it. 

Disease trajectory and secondary diagnoses can greatly 

impact patient outcomes, treatment, and management. By 

analyzing EHR data from patients with a specific patient 

group, we can identify patterns that may indicate an 

increased risk of developing certain secondary diagnoses. 

By identifying these patterns, we can take proactive 

measures to prevent or manage these secondary diagnoses. 

In this paper, we analyze the BPJS Kesehatan data sample 

for disease trajectory analysis using Process Mining [7], 

which can be utilized to make disease trajectory based on 

patients' diagnoses [8], creating a Data-Driven model and 

in turn able to support an Evidence-Based business 

process. The literature review revealed that recent studies 

have shown the potential of process mining in the analysis 

of disease trajectory [2, 9, 10]. Other studies have also 

shown that the BPJS Kesehatan data sample is viable to be 

used in disease trajectory analysis [11]. While some 

studies, like the ones that have been mention previously, 
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have explored the use of process mining in healthcare, 

most have focused on primary diagnoses data. Since a 

patient have the possibility of having multiple secondary 

diagnoses on one primary diagnoses, the HER will show 

multiple diagnoses on the same timestamp. And with no 

established technique to analyze these secondary 

diagnoses, there is a gap in the literature regarding the use 

of secondary diagnoses data in disease trajectory analysis.  

In this study, we analyzed the BPJS Kesehatan data 

samples for the feasibility of disease trajectory analysis 

with insight of secondary diagnoses, using process mining 

as our primary approach. This study followed the 

established process mining project methodology (PM2) 

[12] and focused on specific diagnoses for our analysis. By 

analyzing event logs from EHRs, process mining can 

uncover hidden patterns that connect primary diagnoses 

with secondary diagnoses. By combining this information 

with data on disease trajectory and secondary diagnoses, 

we can gain a more comprehensive understanding of how 

patients' health changes over time and identify potential 

risk factors for developing additional medical conditions. 

 

II. THEORITICAL REVIEW 

 

A. Methodology 

1. General Methodology 

We analyze the disease trajectory using process 

mining [7] by following an established methodology, 

precisely the Process Mining Project Methodology (PM2) 

[12]. The main parts of process mining [13] are process 

discovery, conformance checking, and process 

enhancement. In process discovery, we utilized the 

Heuristic Miner algorithm since it has been implemented in 

various case studies [14] for its ability to handle large data 

and noise [15]. In conformance checking, we will use 

replay fitness, precision, and generalization as the 

evaluation metric. We also used process mining tools such 

as ProM as an established framework for academic 

purposes of process mining projects to help in this study. 

An overview of the method is presented in Figure 1. 

 

 
FIGURE 1.  

Disease trajectory analysis using process mining methodology overview 

 

Based on Figure 1, the explanation of the research 

methodology is as follows. The methodology itself follows 

the Process Mining Project Methodology (PM2) [12], 

which consists of 5 stages, which are (1) Planning; (2) 

Extraction; (3) Data Processing (4) Mining & Analysis; 

and (5) Evaluation. 

In the Planning stage of this research, we define the 

research questions that we will try to answer in this study 

and the scope of our research, namely a viable diagnosis to 

be analyzed. 

In the Extraction stage, we extract information from the 

BPJS Kesehatan data sample according to the scope 

defined in the previous stage. We used the first 3 digits of 

ICD-10 diagnostic codes to indicate diagnoses, but we 

excluded the codes known to be not related to the 

development of diseases (e.g. administration codes). Event 

data were extracted from FKTPKAPITASI, FKRTL, and 

SECONDARYDIAGNOSIS tables in the BPJS Kesehatan 

data sample as the input for generating the event log. The 

time of visitation was used as the event timestamp and the 

ICD-10 diagnostic code as the activity itself. Since we will 

analyze the Secondary Diagnosis, we separated the Primary 

Diagnosis extracted from the FKTPKAPITASI and 

FKRTL table apart from the Secondary Diagnosis from the 

SECONDARYDIAGNOSIS table. 

In the Data Processing stage, we plan to generate two 

event logs from the sample data that has been extracted and 

preprocessed. We generate it by creating views, 

aggregating events, enriching data, and filtering logs. The 

case identifier for each event was taken from the BPJS 

participant number (CaseID), the ICD-10 diagnostic code 

as the event activity (Primary Diagnosis and Secondary 

Diagnosis), and the visitation time as the event timestamp 

(timestamp). The event log is then filtered by removing 

recurring diagnoses (keeping the first occurrence) and 

removing unique traces that is shared by only one case. 

The sequence of diagnosis codes for each patient in the 

event log informed the order in which the patient is 

diagnosed with diseases represented by the ICD-10 

diagnostic code, where D1→D2 means that D1 diagnosis 
preceded D2 diagnosis. The information of which 

diagnosis preceded which diagnosis is stored on the 

timestamp of the event, where D1→D2 means that the 
timestamp for the event with D1 diagnosis occurred earlier 

than the event with D2 diagnosis. In the case of secondary 

diagnoses, it is possible for each primary diagnosis to have 

multiple secondary diagnoses. For example, a patient has a 

primary diagnosis of N39 has I25, I11, and E11 as their 

secondary diagnoses. 

Since the SECONDARYDIAGNOSIS table in the 

BPJS Kesehatan data sample doesn't specify the order of 

the secondary diagnoses diagnosed for the patient, it is 

difficult to determine the secondary diagnoses pattern (e.g. 

I25→I11 and I11→I25 will be considered different 
diagnosis pattern). Thus, for this study, we decided to order 

the secondary diagnoses alphabetically to form trace 

variants for the secondary diagnoses and find the patterns 

formed. As such, following the previous example, then the 

secondary diagnosis of the patient is E11→I11→I25. 
The event log is then imported into the ProM tool. A 

'START' and 'END' event was added to every event to 

provide common start and end points of traces. It is critical 

to note that the BPJS Kesehatan data sample so far only 

recorded patients in the period of 2015-2018, which makes 

it impossible to identify what was the actual first event that 

a patient was diagnosed since we have no record of what 

occurred before 2015. The event log is then converted into 
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XES format and is ready for the next stage of Mining and 

Analysis. 

 

In the Mining and Analysis stage, we performed 

process discovery and conformance checking. Process 

discovery is a technique of taking recorded event logs and 

learning process models generated from it to get 

information of real events and user behaviour [13]. In this 

study, we performed process discovery using Heuristic 

Miner Algorithm [14]. Heuristic Miner algorithm focuses 

on the calculation of traces of events and dependency 

frequency in the process of building an event. The first step 

of Heuristic Miner algorithm [14] is to make a dependency 

graph, a matrix based frequency used to show how high is 

the causal relation between pair of activities. To calculate 

the value of dependency relation between pair of activities, 

we can use Equation (1), where ÿ > �Ā iff for some case a 

is directly followed by b. 

 

 (1) 

 

The next step is to build Causal Matrix to represent the 

correct process model in order to define whether a process 

is parallel or sequential to another process. For process 

discovery and the visualization of the discovered model in 

this study, we used the Interactive Data-aware Heuristic 

Miner (iDHM) plug-in [16] in the ProM tool. To assess the 

quality of the discovered process, a conformance checking 

will be carried out to measure the replay fitness, precision, 

and generalization [7, 13, 17]. According to [17], replay 

fitness quantifies the extent to which the model can 

reproduce traces recorded in the event log. We can 

calculate the fitness using token-based replay by using 

Equation (2), where � (produced token), ā (consumed 

token), ÿ (missing token), and � (remaining tokens). 

 

 (2) 

 

Precision is a measure of how good the model is at 

representing traces from the event log. We can calculate the 

precision of a model by using Equation (3), where Āi (the 

number of process instances combined) and �i (the mean 

number of visible transition). 

 

 (3) 

With �i calculated in Equation (4). 

 

 (4) 

 

Generalization evaluates how well the generated 

model will reproduce the future behavior of the process. 

We can calculate generalization by using Equation (5). 

 

  (5) 

 

The value of each evaluation metric is computed on a 

scale from 0 to 1, where 1 is an optimal score. In this study, 

we used the Multi-perspective Process Explorer plug-in 

[18] in the ProM tool for measuring the replay fitness and 

precision, and Measure Precision/Generalization plug-in 

for measuring the generalization. 

In the Evaluation stage, we evaluated the experiment 

we have done and the results using statistical evaluation 

and the decision done in this study. We also discussed with 

an expert who we asked to state their thoughts to confirm 

our result. 

 

2. Data Sample of BPJS Kesehatan 

The Indonesia Social Security Provider (Badan 

Penyelenggara Jaminan Sosial / BPJS) was established as 

a part of a law by the Government of Indonesia to ensure 

the basic needs of living for the participants, which include 

Indonesian citizens and foreigners who had lived in 

Indonesia for at least 6 months or more [19]. One of the 

services provided by the BPJS program includes health 

insurance, which started operation on January 1st, 2014. As 

the program progresses, countless records of data have 

been collected, and from these data, we can acquire various 

information. BPJS Kesehatan has provided a data sample 

of participants of BPJS Kesehatan from 2015- 2018. The 

data was previously released in 2019 that covers sample 

data from the year 2015-2016 and in 2020 they released it 

again with additional data from the year 2017-2018. 

 

 
FIGURE 2.  

BPJS Kesehatan 2015-2018 data sample hierarchy 

 

The data hierarchy of BPJS Kesehatan data sample 

2015-2018 consists of two databases in the form of 

memberships and health services. Membership data are 

unique for each participant based on participant ID. While 

service data Primary Health Facilities (Fasilitas Kesehatan 

Tingkat Pertama / FKTP) and Advanced Referral Health 

Facilities (Fasilitas Kesehatan Rujukan Tingkat Lanjut / 

FKRTL) are participants' visits that are submitted to 

memberships data [20]. The FKRTL Service has an 

extension to the Secondary Diagnosis table, where it shows 

what secondary diagnoses the patients have along with the 

primary diagnosis. 
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III. METHOD 

 

A. Result and Analysis 

This study implemented the disease trajectory analysis 

with secondary diagnosis by following the stages that 

consisted in the PM2. The results are presented in these 

sections following the stages of: (1) Planning; (2) 

Extraction; (3) Data processing; (4) Mining and Analysis; 

and (5) Evaluation. 

 

1. Planning 

The BPJS Kesehatan data sample has been proven to 

be viable for process mining projects [21] one of them 

being disease trajectory analysis [11]. This study aims to 

analyze the disease trajectory of patients' secondary 

diagnosis patterns along with the primary diagnoses. For 

this initial study, we chose a specific disease to be 

analyzed. For the diagnosis we want to analyze, we 

selected patients suffering from Acute Myocardial 

Infarction (AMI) from the BPJS Kesehatan data sample. 

The diagnosis of AMI patients is indicated by the ICD-10 

diagnostic code of I21 (acute myocardial infarction), I22 

(subsequent myocardial infarction), and I23 (certain 

complications following acute myocardial infarction). We 

checked on the FKRTL Service Secondary Diagnosis table 

of the BPJS Kesehatan data sample. There are 3,388 

patients diagnosed with AMI diseases as either their 

primary diagnosis or secondary diagnosis. The frequencies 

of AMI patients are presented in Table 1. 

 
TABLE 1.  

Frequencies of patients diagnosed with AMI diseases in the BPJS 

Kesehatan data sample 

ICD-10 

Code 

Diagnosis Name # of 

Occuren

ces 

# of 

Patients 

I21 Acute Myocardial 

Infarction 

5,622 3,173 

I22 Subsequent Myocardial 

Infarction 

237 138 

I23 Certain Complications 

following Acute 

Myocardial Infarction 

315 143 

 

Studies show that Acute Myocardial Infarction is a 

leading cause of morbidity and mortality worldwide [22], 

with many AMI deaths occurring within 28 days of being 

in a hospital [23]. For those reasons, we continued with 

AMI patients selected to be analyzed in this study. 

Following the literature review, we define the main 

research questions for this study as follows: Question 1. 

Can disease trajectories of secondary diagnoses be 

identified using process mining approach? Question 2. 

What are the common secondary diagnoses for AMI 

patients? Question 3. What are the most common primary 

diagnosis with AMI diagnoses group as their secondary 

diagnosis? 

 

2. Extraction 

There are 6,051,725 unique visits from the 1,971,744 

patients in the BPJS Kesehatan data sample, and of those 

visitations, there are 1,170 unique ICD-10 diagnostic 

codes. First, we excluded 135,257 (2.2%) visitations from 

the FKTPNONKAPITASI table since patients from that 

table doesn't have diagnosis code. We further excluded 

920,489 (15.2%) visitations that have diagnosis codes that 

are not related to the development of diseases [24], this 

includes codes about pregnancies (Chapter XV and XVI of 

ICD-10), general symptoms and signs not linked to a 

disease (chapter XVIII), external causes (chapters XIX and 

XX) and administration (chapter XXI). We finally 

excluded visitations for patients that are never diagnosed 

with AMI diseases as their primary diagnosis or their 

secondary diagnosis. For this initial study, instead of taking 

individual diagnoses of AMI patients (i.e. I21, I22, and 

I23), we represent them as a diagnosis group and transform 

those diagnostic codes into 'AMI' and take the first 

occurrence as the start of the AMI diseases on the patient. 

The final dataset leaves us with 19,958 visitations from 

3,388 patients. 

 

3. Data Processing 

We generated two event logs from the dataset, first is 

the event log containing primary diagnoses for the disease 

trajectory of AMI patients. The second event log contains 

the alphabetical order of secondary diagnoses from AMI 

patients. From this point further, we will refer to the first 

event log as PD (Primary Diagnosis) Event log and the 

second event log as SD (Secondary Diagnosis) Event Log. 

We composed the extracted dataset from the previous stage 

to follow the minimum requirements of an event log. We 

load the event log into ProM and analyze the event log 

with basic characteristics presented in Table 2. 

 

Table 2. Characteristics of the event logs 

Characteristics PD Event Log SD Event Log 

Cases 3,388 2,100 

Events 19,958 5,529 

Event classes 653 294 

Events per case Min: 1; Mean: 6; 

Max: 44 

Min: 1; Mean: 3; 

Max: 28 

Event classes 

per case 

Min: 1; Mean: 6; 

Max: 44 

Min: 1; Mean: 2; 

Max: 18 

Variants 2,616 1,226 

Event per trace 5,891 2,633 

 

After that, we added artificial 'START' and 'END' 

events and did some filtering to event logs, which is 

merging subsequent events by removing the recurring 

diagnoses for each patient and keeping the first 

occurrences, and filtered out traces that are unique (only 

shared by one case). 

 

IV. RESULTS AND DISCUSSION 

 

A. Mining & Analysis 

The mining activity consists of process discovery and 

conformance checking. For process discovery, we used 

Heuristic Miner for its ability to handle large data and 

noise. In this stage, we only included multiple traces of the 

event logs by filtering out unique traces. The final event 

log for PD Event Log consists of 867 cases with 3,113 

events of 39 event classes, with 93 trace variants. We put 

the event log into the ProM mining tool and applied the 

Interactive Data-aware Heuristic Miner (iDHM) plugin. 
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The discovered model for the PD Event Log is presented as 

a Directly-follows Graph in Figure 3. 

 

 
FIGURE 3. 

 The Directly-follows Graph representation of disease trajectory model of 

ami patients in BPJS Kesehatan data sample with minimum case 

frequency = 18 

 

Figure 3 shows that there is one diagnosis that 

commonly comes before the diagnosis of AMI diseases, 

namely essential (primary) hypertension (I10). Meanwhile, 

there are five diagnoses that commonly come after the 

diagnosis of AMI disease, namely hypertensive heart 

disease (I11), angina pectoris (I20), chronic ischaemic 

heart disease (I25), and heart failure (I50). The 

conformance checking for the discovered model 

demonstrated trace fitness = 0.948, precision = 0.936, and 

generalization = 0,972. The numbers show that the 

discovered process model has been representative of the 

records in the PD Event Log. 

On the other hand, the final event log SD Event Log 

consists of 1,020 cases with 3,328 events of 68 event 

classes, with 146 trace variants. The event log is put into 

the ProM mining tool and applied the iDHM plugin, and 

the discovered model for the SD Event Log is presented as 

a directly-follows Graph in Figure 4. 

 

 
FIGURE 4.  

The Directly-follows Graph representation of disease trajectory model 

with secondary diagnosis from AMI patients in BPJS Kesehatan data 

sample with the minimum case frequency = 11 

 

The Directly-follow Graph shows nodes that 

correspond to activities and directed edges that correspond 

to directly-follows relationships. Note that The DFG 

presented in Figure 3 is distinct with the DFG presented in 

Figure 4. Figure 4 shows the trajectory of secondary 

diagnoses from AMI Patients. However, the model was 

only discovered to help identify trace variants of secondary 

diagnoses, not the progressiveness of secondary diagnoses. 

We can interpret the model as "the variants of AMI patients 

secondary diagnoses". We can see that most trajectory only 

consists of one secondary diagnosis, but there are 

trajectories that show a course of secondary diagnoses. For 

example, we can see that there is a trajectory of 

START→I10→I25→I50→END. This means that as the 

AMI patient is being diagnosed, the secondary diagnoses 

appear in this pattern. 

The conformance checking of the discovered model 

demonstrated trace fitness = 0.923, precision = 0.993, and 

generalization = 0.979. The numbers show that the 

discovered process model has been representative of the 

records in the SD Event Log. In the SD Event Log, there 

were 146 unique trace variants of secondary diagnoses of 

AMI patients that informed the process discovery 

algorithm to answer Question 1, "Can disease trajectories 

of secondary diagnoses be identified using process mining 

approach?". 

In response to Question 2, "What are the common 

secondary diagnoses for AMI patients?", among the 1,020 

patients, there are 146 distinct trajectories. Figure 5a shows 

that the most common (84 Cases; 6.25%) secondary 

diagnosis for AMI patients is heart failure (I50). For trace 

variants with multiple secondary diagnoses, Figure 5b, and 

Figure 5c show that chronic ischaemic heart disease (I25) 

and heart failure (I50) as the most common (15 Cases; 

2.59%) secondary diagnoses with two diagnoses; and other 

disorders of fluid, electrolyte and acid-base balance (E87), 

hypertensive heart disease (I11), and other cardiac 

arrhythmias (I49) as the most common (3 Cases; 0.91%) 

secondary diagnoses with three diagnoses. 

The third question was "What is the most common 

primary diagnosis with AMI diagnoses group as their 

secondary diagnosis?". The top three most common 

primary diagnoses are chronic ischaemic heart disease 

(I25) with 34 events (27.2%), heart failure with 18 events 

(14.3%), and hypertensive heart disease (I11) with 8 events 

(6.4%). 

 

 
FIGURE 5.  

Top 10 Secondary Diagnoses Trace Variants 

 

B. Evaluation 

Our study has shown the possibility of process mining 

for disease trajectory with secondary analysis. We followed 

the PM2 as our main methodology and perform process 

discovery using Heuristic Miner algorithm. We evaluate 

how we chose our selection of cohort patients, where we 
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analyzed the data in the BPJS Kesehatan data sample and 

chose a specific diagnosis based on the insight we got. We 

chose patients diagnosed with acute myocardial infarction 

(AMI) consisting of 3,388 patients. This found a number of 

patients having similar primary diagnosis disease 

trajectories. Furthermore, we made a second event log to 

analyze the secondary diagnoses of AMI patients. Out of 

the 2,100 cases that have secondary diagnoses, we found 

patterns of diagnoses that were shared by multiple patients. 

We apply the Interactive Data-aware Heuristic Miner 

(iDHM) plugin in the ProM tool for our process discovery, 

and we used Directly-follows Graph (DFG) to present the 

discovered model because of its simple presentation that 

can help in our understanding of the model. However, 

these DFGs may be misleading and readers need to know 

how these process models are generated before interpreting 

them [25]. For conformance checking, we used measure 

replay fitness, precision, and generalization as the three 

metrics that reflects the representativeness of the 

discovered model. Both discovered models for primary 

diagnosis and secondary diagnosis demonstrated fitness, 

precision, and generalization scores above 0.9, and with a 

scale from 0 to 1 -with 1 as an optimal score- the 

discovered models has been representative of the records in 

both event logs . A clinician expert, dr. Yudi Wahyudi, 

SpPD-KGEH from Santosa Hospital was asked to testify 

their opinion on the result of our experiment. The expert 

confirms that the result of our experiment is consistent with 

what he have seen in their experience as a clinician. 

However, he further stated that since the data set is 

secondary data (i.e. collected by someone else earlier, in 

this case, the BPJS Kesehatan), the data tends to lack 

accuracy and quality to our research. To which he suggest 

carrying out future research with primary data to improve 

the accuracy and quality of the result. 

 

 

V. CONCLUSION 

 

A. Conclusion 

  This study has shown the feasibility of process mining 

for disease trajectory analysis with secondary diagnosis. 

The mining was conducted using the EHR we extracted 

from the BPJS Kesehatan data sample. By analyzing the 

EHR, patterns were discovered between primary diagnosis 

and secondary with the chosen patient group. This 

information can be used to take proactive measures to 

prevent or manage these secondary diagnoses and gain a 

more comprehensive understanding of how patients' health 

changes over time. The study followed the established PM2 

and used the iDHM plugin in ProM as our main algorithm 

in process discovery. Future works of this study can further 

develop the methodology in this study, utilize the 

technique used in this study to explore the secondary 

diagnoses in other EHR, and/or use a much more updated 

version of the BPJS Kesehatan data sample which is 

expected to be more detailed and populated. 
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