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Abstract: The strive of healthcare organizations for learning how their processes are influencing the 

quality of their services and mostly the satisfaction level of their patients is encouraging this research 

work to propose a method which provides comprehensive knowledge in that regard for healthcare 

experts. This paper aims at suggesting an approach to model the pathways of patients as business 

processes and to measure the performance level of their executions based on the distance that patients 

take. In this order, Indoor-Real Time Localization Systems (I-RTLS) has been introduced as the tool to 

monitor patients’ pathways; Process Mining techniques will enrich the level of information by 

discovering the process models. Statistical Process Control (SPC) methods will help to measure the 

performance stability of processes. An outline of the approach is highlighted by a study case which had 

been designed at a hospital in France. The results show that the proposed approach could provide 

accurate data and comprehensive knowledge about patients’ pathways and the execution of the processes 

in hospitals. 
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1. INTRODUCTION 

Healthcare organizations are pursuing different techniques, 

technologies and scientific approaches to understand how 

their processes are being executed and to observe the 

influence of their decisions on the quality of their services. 

Clinical or patients’ pathways are highly dependent on the 

structure of processes in the healthcare organizations. The 

clinical pathways have been defined as a structured, 

multidisciplinary care plan which defines the steps of patient 

care for a certain disease in a specific hospital (Rotter et al., 

2012). 

The patients’ pathways could contain numerous amount of 

information such as duration of activities for patients, and the 

taken distance by the patients, which should be extracted and 

presented with a meaningful approach. Several methods have 

been used to improve the management of clinical processes 

and pathways. It has been indicated that the objective of these 

methods is to enhance the quality of healthcare services by 

improving the risk-adjusted patients’ outcome, promoting 

patients’ safety, increasing patients’ satisfaction, and 

optimizing of resources (Vanhaecht et al., 2010). 

Corresponding to this desire of healthcare organizations, this 

paper describes the possible application of several 

technologies and techniques to monitor and investigate 

different aspects of patients’ pathways. The I-RTLS could 

provide a real-time monitoring of patients, staff, and medical 

instruments. The output of these systems could be used by 

process discovery algorithms to generate automatically a 

model of the patients’ pathways. Consequently, there is no 

need to monitor, record and model the process executions 

manually. Additionally, a set of statistical process control 

techniques is proposed to enrich the extracted knowledge. 

The motivation for this work is to equip healthcare experts 

with capable tools and powerful techniques to facilitate and 

support their managerial actions. 

This paper is structured to identify some aspects of I-RTLS 

and process mining in section 2. Also, the approach of this 

paper is identified through a study case in section 3. Finally, a 

summary and future perspective of the research work is 

presented in the last section.  

2. STATE OF THE ART 

2.1  I-RTLS 

Indoor-real-time localization systems are emerging in the 

context of smart healthcare (Kamel Boulos and Berry, 2012) 

to help healthcare organizations to acquire a location 

awareness regarding the patients, staff, and their assets. The 

principle of indoor localization systems is similar to the 

Global Positioning Systems (GPS) (Van Haute et al., 2016). 

They consist of two main parts that communicate with each 

other thanks to a radiofrequency signal. The first component 

is the mobile nodes or tags which could be attached to the 

objects that need to be located. Second, satellites (for GPS) or 

sensors (for indoor localization systems) which find the 

position of the mobile nodes or tags. Concerning GPS, 

NAVSTAR satellites are being used to locate the objects in 

outdoor environments. However, for localizing objects inside 



 

 

     

 

facilities, multiple communication technologies have been 

suggested. For instance, in hospitals’ environments, RFID 

(radio frequency identification) and wireless local area 

networks (Wi-Fi, ZigBee, Z-Wave, Bluetooth, etc) are 

playing key roles. These technologies are using 

electromagnetic wave frequencies in different ranges (LF, 

HG, UHF, UWB). This research work sought the application 

of a real-time localization system which is able to provide a 

robust event log related to the patients’ movements. This 

leads us to explain the applicability of I-RTLS. These 

systems provide log files which correspond to the coordinates 

of the objects (x, y, and z) with a given frequency (for 

example one event per second). Generally, these systems 

function by three main components: 

1. Tags (or signal transmitters): these are the objects 

that could be attached to patients, staff, or assets. 

These tags are active that means they would emit 

signals. 

2. Sensors (or anchors, or beacons, or antennas): these 

devices would receive the signal of the tags. At least 

three sensors would receive the signal of one tag 

then transfer it to a location engine in order to 

calculate the geometric location (x, y, z) of the tag.  

3. Location engine: this software would use different 

types of algorithms and localization techniques to 

calculate the positions of tags. 

Some of these localization techniques are as follows. 

Triangulation, a method to locate radio transmitters and it 

could work by measuring different attributes, like radial 

distance, or direction of the received signal from multiple 

sources (Cotera et al., 2016). Trilateration, this is a 

mathematical technique. This approach would calculate the 

distance of a point from several known geometrical entities. 

Other similar methods are the Angle of Arrival (AOA), Time 

Difference of Arrival (TDOA), and Received Signal Strength 

Indicator (RSSI). By using RSSI technique an access point or 

radio frequency client would receive the signal and measure 

the strength of it. Calculating the intensity of signals could be 

useful to position different objects. This method is also being 

used in RFID infrastructures. However, it could fail in 

hospital’s building, because of its barriers in passing through 

heavy walls or finding objects on different floors. Also, it 

could be influenced by the noises coming from the other 

devices. 

The application of I-RTLS could benefit the healthcare 

organizations in several ways. For instance, the addition of 

location awareness could help the healthcare staff to know 

the exact and real-time position of each patient and the 

mobile instruments. Also, it could increase the level of safety 

in the organization. Additionally, by cross-matching the 

position of tags, it is feasible to monitor which medical 

device is being used for which patient. This paper aims at 

applying the localization technology to analyze and monitor 

the patients’ data (especially related to the patients’ 

pathways) in real-time, which will be highlighted in the 

followings. 

2.2  Process Mining 

The application of process mining is basically concerned with 

the extraction of knowledge from event logs which are 

recorded in an information system. Process mining could be 

categorized as an evidence-based approach which uses the 

logs related to the execution of processes. Generally, to 

discover and map the process models there are several 

approaches such as interview-based, evidence-based, and 

workshop-based process discovery (Dumas et al., 2013). The 

interview-based method is related to extracting knowledge on 

the way processes are being executed in an organization. This 

method could be extremely time consuming and deceptive, as 

several actors in a process could have different visions of the 

process. The workshop-based method is about enriching the 

maturity of information by discussing different aspects of the 

process with process owners, stakeholders, and users of the 

process prior to the modeling phase. Here unlike the 

interview-based method, the modeler seeks the visions and 

knowledge of the bigger roles in the organization too, such as 

the domain experts, and process analysts. The evidence-based 

approach studies the execution of processes by going through 

the existing evidence. This evidence could be documentation 

of the process, observing the process at runtime, and 

automatic process discovery. The extracted knowledge by 

process mining is based on three activities: process discovery, 

conformance checking, and enhancement of business 

processes (Aalst, 2016).  

The evolution of process mining begins with the work of 

Agrawal et al (Agrawal et al., 1998), where they explained an 

algorithmic method to generate process flow graphs from 

executions of processes which have been registered as 

workflow logs. Cook and Wolf also became one of the 

pioneers to use process mining techniques on event logs 

(Cook and Wolf, 1998). Weijters and Van der Aalst enriched 

the concept of process mining by proposing a discovering 

technique which deals with the noise and also capable to 

validate the workflow processes by measuring the differences 

between the perspective model and the real execution of the 

process (Weijters and Aalst, 2001).  

Currently, the application of process mining in healthcare 

provides four main perspectives for the experts: control flow, 

performance, conformance, and organizational perspective 

(Rojas et al., 2016). The control flow perspective shows the 

execution of processes. The performance perspective 

provides an understanding related to the possible bottlenecks 

in a process and it evaluates performance level of a process. 

The conformance checking gives a view to compare the 

designed processes with the real discovered behavior of 

processes. The organizational perspective helps to see how an 

organization uses its resources to execute the processes. 

Process mining in healthcare has mainly received attentions 

towards designing and applying discovering algorithms. The 

enhancement aspect of process mining needs to be evolved 

by the application of robust techniques. Equally, process 

mining techniques need to be evolved for analyzing patients’ 

treatment data. As it has been seen in (Yang and Su, 2014) 

the current process mining techniques are not adequately 

capable of dealing with unstructured processes such as in 



 

 

     

 

healthcare. This issue is also implied from the previous cases 

of analyzing patients’ pathways and in general patients’ 

behavior.  

 Recently the research team of Pontificia Universidad 

Catolica de Chile described several cases of using real-time 

location data and process mining for analyzing different 

aspects of healthcare processes, such as monitoring patients 

and staff in a hospital (Fernandez-Llatas et al., 2015). In their 

research work, they have designed a case study in a hospital 

in Valencia, Spain. They applied the PALIA (parallel activity 

based log inference algorithm) algorithm to analyze the 

location data generated by MySphera system. This system 

uses the ZigBee technology and RSSI method to localize the 

tags. Moreover, by the application of MY HOSPITAL, they 

were able to analyze different types of healthcare data. The 

PALIA algorithm has advantages in dealing with the 

healthcare data and especially the location data. In their 

analyses, they described the pathways as process maps and 

additionally they were able to monitor the accumulated 

duration that each room has been occupied. Furthermore, 

Fernandes-Llatas et al. succeeded to analyze the behavior of 

patients in a nursing home by enriching PALIA algorithm 

with the eMotiva additional analyzing algorithms 

(Fernández-Llatas et al., 2013). In their study case, they were 

able to visualize the execution of processes. Also by applying 

the heat map analysis, the motions of the patients in the 

nursing home were monitored.  

Miclo presented a similar approach for the application of 

process mining and real-time location systems (Miclo et al., 

2015). Based on their work, it could be inferred that use of 

process mining and localization systems could help 

information systems to initially gather events with a higher 

level of details and as a result, the discovered process models 

could be more accurate and compatible with reality. They 

have encountered several challenges during their experiment 

like the calibration of the system. From their experience, it 

seems that the configuration of the system and calibration of 

antennas and tags could be time-consuming. The 

implemented I-RTLS system was supplied by Purelink which 

uses RFID-UWB technology.       

Nonetheless, the application of process mining for analyzing 

different steps of processes in hospitals’ sectors is emerging. 

Recently, Rojas et al applied process mining in ER 

(emergency rooms) domain and tried to answer the two 

challenges. First, they have tried to indicate what are the 

major activities and stages in ER and then the relationships 

among those different stages have been defined through the 

application of PALIA tool. Second, they have identified that 

what is the highest destination for the patients after arriving 

in ER, which in their case it was the hospitalization (Alvarez 

et al., 2018).  

It could be inferred that most of the work in this area are 

related to offering observational analyses. These analyses are 

highly dependent on the discovered process model. However, 

the quantitative analyses aspect of patients’ processes is not 

sufficiently evolved. Therefore, the following approach tries 

to step forward to fill the illustrated gap. 

3. DETAILED PROPOSAL AND THE EXPERIMENTAL 

RESULTS 

This research work aims at enriching the control-flow and 

performance evaluation perspectives for analyzing clinical 

processes by the application of I-RTLS and SPC. These 

processes are related to the movements of the patients in the 

hospitals, basically categorized as a part of patients’ 

pathways. To reach these objectives, an approach had been 

designed previously to this work. This approach has three 

main steps known as tracking, modeling, and assessing in 

(Namaki Araghi et al., 2017). Recently, this approach has 

been developed with the attention on the hierarchy of data, 

information, and knowledge (Kanehisa et al., 2014). Figure 1 

presents this approach which has three levels. These levels 

represent the transformation of data to the knowledge through 

running six functions; data collection, log refining, modeling, 

analyzing, diagnosing, and prognosing. 

 

Fig. 1. The approach for monitoring and analyzing patients’ 

pathways 

In the first function (data collection), thanks to the I-RTLS, 

movements of the patients will be analyzed, and the 

generated location data by the location engine will be 

collected in the information system. These sets of data should 

go through several actions in the log refining function to be 

prepared as event logs which could be the compatible inputs 

for modeling and analyzing functions. The log refining 

function would transform the primary data (as it has been 

shown by the example) to the usable information. These 

primary log files consist of noises and inconsistencies which 

should be removed for discovering the process models. In the 

modeling and analyzing functions, process models would be 



 

 

     

 

discovered and analyzed thanks to several techniques such as 

process mining and SPC. The results of these functions 

would be sets of qualitative and quantitative analyses that 

could evaluate the performance level of the processes. 

Simultaneously, by acquiring the process models of 

pathways, one could see how processes are being executed 

and what the different steps within each patient’s pathway 

are. Additionally, in the diagnosing function, several root 

cause analyses would be performed to extract the reasons 

behind shortcomings of the processes. After identifying the 

causes, a simulation model will be generated in the 

prognosing function. This model would provide different 

improvement suggestions for enhancing the performance of 

processes and eventually acquiring a To-Be version of the 

process. Detailed illustration of all of these functions are 

beyond the limits of this paper, thus our focus here will be on 

the modeling and analyzing functions. 

To evaluate this approach, an experiment has been designed 

at a hospital in France. The value of this study case for the 

hospital was to acquire a method which helps to shorten the 

duration of medical processes. Additionally, the healthcare 

experts needed more visibility of the processes within the 

hospital’s information system.  

To carry out this work, several actions had been performed. 

First and foremost, the map of the facility has been observed 

carefully and a department has been chosen for monitoring 

the patients’ pathways. This department (Nutrition and 

Dietetics) was a proper start for this project since it has the 

circulation of patients with almost similar profiles and there 

were not a lot of unexpected situations. Secondly, in each 

zone of the department, the I-RTLS antennas had been 

installed. The number of installed antennas for each zone was 

related to the space and the material inside it. The Maple 

High Tech system has been used for the data collection 

phase. It provides the location of the tagged objects thanks to 

the UWB technology that can use a very low energy level. 

The transmitted signals would be analyzed in the location 

engine by the TDOA and AOA measurement techniques. One 

of the advantages of using this system was in the fast 

installation of sensors. Essentially there was no need for 

calibration of tags and antennas, only there was a step of 

uploading the map of the facility and identifying the virtual 

zones.  

During ten days of this experiment, each day nine tags had 

been distributed to the patients with almost similar profiles. 

The reason behind this selection was to see how the pathways 

could differentiate from each other for the patients with 

almost an identical medical procedure. Also, this sample size 

would strengthen the results of further statistical analyses. 

After monitoring the patients by the localization system, 

several log files were collected by the location engine. These 

log files were extracted and recorded in the information 

system for generating robust event logs. The Transformed 

event logs contain multiple columns as ID, Timestamp Start, 

Timestamp End, and Activity Macro which represents the 

details of the activities related to the presence of patients in 

an identified zone. Figure 2 shows a summary of the event 

log for the first day of the experiment. 

 

Fig. 2. The summary of the transformed event log 

This event log could be used for process mining to map out 

the patients’ pathways. For such analyses, Celonis 4 

(https://www.celonis.com/) process mining application could 

be a powerful tool to provide the process models and basic 

statistics related to the execution of processes. Figure 3 

presents the general process model for representing the 

patients’ pathways. By the first glance of the process model, 

one could observe that most of the paths are heading to the 

“Waiting Room 3” of the department, and it could be seen as 

the hot zone in this process (with the frequency value of 21 

times). Additionally, it is visible that one case after finishing 

its treatment (at the “Exit the Consultation Box” section) took 

an unnecessary step by going back to the “Waiting Room 3” 

which added up the length of stay of the patient in the 

hospital by an undesired activity. The same scenario 

happened for another patient after finalizing the 

administrative works in the “check out office”. 

 

Fig. 3. The process model which represents the patients’ 

pathways 

This control flow perspective could go through several 

processes diagnosing activities to discover the reasons behind 

such errors in the process. In this experiment, we observed 

that patients made a lot of mistakes while following 

processes’ phases. It could be inferred that it happened 

because of the misleading signs in the facility.  

Moreover, overall statistical analyses of processes provide 

additional knowledge on the processes. For instance, these 

analyses indicate that among all the activities in the event log, 

the “Registration Waiting Room” has the maximum average 

duration. Patients on average spent one hour and seven 

minutes in this section. Table 1 presents the analyses based 



 

 

     

 

on the throughput time between two activities. This table 

presents only four of the slowest steps in the process. For 

example, 44 percent of cases are affected by the throughput 

time between registration waiting room and registration desk 

(Priorities). By improving these connections, process 

throughput time could increase significantly. 

Order From To Cases affected 

1 Registration Waiting Room Registration Desk 
(PRIORITIES) 

44 % 

2 Registration Waiting Room Registration Desk 

(NORMAL) 

56 % 

3 Doctor’s Office Waiting Room 3 44 % 

4 Doctor’s Office  Waiting Line for checkout 56% 

Table. 1. Bottleneck analyses for the slowest connection 

between activities in the department and the percentage of 

affected cases by these activities. 

One of the objectives of this paper is to enrich the 

performance evaluation perspective by the application of 

statistical process control for analyzing the distance of 

patients’ pathways. SPC is being used in the context of 

analyzing healthcare data (Thor et al., 2007), but not in 

correspondence with the location data and the patients’ 

pathways. In following, the application of SPC in this work 

will be explained.  

It is extremely important to decrease the level of variabilities 

in the processes’ outcome in order to improve the quality. 

Evaluating the performance of a process either in service or 

in the manufacturing sector is oriented towards analyzing the 

capability of processes to execute around a target or nominal 

dimensions of the quality characteristics of the process. SPC 

is a powerful collection of problem-solving tools useful in 

achieving process stability and improving capability through 

the reduction of variabilities (Montgomery, 2007). The 

Shewhart control chart is one of the most sophisticated 

techniques of SPC. The goal of applying SPC is to monitor 

and analyze the processes in a way to ensure that the clients’ 

needs are satisfied and the process is not executing with high 

variabilities.   

Typical control charts have three indications, which are 

known as center-line (CL), upper control limit (UCL), and 

lower control limit (LCL). These limits are applied 

horizontally in the control charts and indicate the stability of 

processes. As long as all the samples of a data set fall 

between these two lines, it could be inferred that the process 

is in control and no actions are needed to modify the process’ 

structure. However, if a sample falls beyond these limits or 

the chart shows a trend in process’ results to be unstable, then 

the control chart indicates that the process is out of control 

and necessary diagnoses actions should take in place. 

There are several control charts used for analyzing 

quantitative and qualitative outcomes of the process. In this 

paper, R and x̅-charts are applied to measure the performance 

of designed patients’ pathways based on the distances that 

patients take to receive their health care. To set up these 

analyses, it’s important, to begin with, the R-chart. R-charts 

would analyze the process variabilities. These analyses will 

help to set up the x̅-chart (Montgomery, 2007). The R-chart 

shown in figure 4 plots the subgroup ranges. Each subgroup 

represents one day run of the experiment. Consequently, the 

horizontal axis presents the days (samples) and the vertical 

axis shows the statistical summary in which the average 

range of each sample could variate. The CL is the average of 

all the subgroups’ ranges. The upper and lower control limits 

are set at a distance of three standard deviations above and 

below the center line. They define the limits for expected 

variations in the subgroups ranges.  

This chart analyzes the range of distances for the patients’ 

pathways. It shows that variations of ranges for the distances 

are statistically in control. This indicates we may now 

construct the  x̅-chart to analyze the stability of the process. 

Figure 5 shows the x̅-chart which displays the stability level 

of the average distance taken by ninety patients. It shows that 

on average patients walk 96.4 meters in the facility. The red 

points which are beyond UCL and LCL imply that two of the 

subgroups are including some assignable causes which are 

affecting the stability of the process. 

 

Fig. 4. The R control chart for analyzing the variations of 

pathways’ distances 

This chart presents that the distances of patients’ pathways 

usually were following a similar pattern, however, in two 

days some abnormality happened that should be investigated. 

For instance, on the last day of the experiment patients 

skipped one of the steps in their processes which was the 

“blood collection”. After observing this problem, it was 

pointed out that this section in the facility was closed for a 

couple of hours on that day. This caused for the patients to 

postponed their treatments to another day and skipped one 

activity of their processes. These types of causes could affect 

the quality of services in a hospital and decrease the 

satisfaction level of the patients. This analysis could be 

applied in a long run and to observe the behavior of the 

patients in different time periods.  

 

Fig. 5. The x̅ control chart for analyzing the stability of 

pathways’ distance 



 

 

     

 

It is feasible to bring the process back to the stability by 

diagnosing the problems during the first day and the last days 

of the experiment.  However, explaining the diagnosing 

function of our approach is out of the scope of this paper. 

4. CONCLUSIONS 

This article aimed at presenting the advantages and 

possibility of monitoring and analyzing the patients’ 

pathways by the application of two emerging tools known as 

I-RTLS and process mining in the context of smart 

healthcare. It should be mentioned that real-time localization 

of patients could pave the way for accurate analyses of 

clinical processes especially patients’ pathways.  

The experience gained from the mentioned study case 

showed that healthcare experts don’t have to spend 

unnecessary time for gathering and designing a model for 

patients’ processes. In addition, they have appreciated the 

visibility of the processes and the information related to the 

patients’ pathways. The association of process mining and I-

RTLS offers a great potential for visualizing and analyzing 

healthcare processes. On the other hand, the location and 

process awareness within information system could increase 

the security of the facility and boost the efficiency level of 

processes. Finally, by the addition of SPC, we were able to 

extend the quantitative analysis of the processes. The 

application of control charts in this paper provides more 

visibility on the circulation of patients in the hospital’s 

facility. This method could be used to monitor the clinical 

pathways to detect even small but clinically important 

changes in the patients’ processes. This analysis could be 

applied for the duration of activities, the occupancy rate of 

different sectors in the hospital, and for monitoring the staff 

performance level as well. The major value of this paper is on 

these analyses which are not being used in similar approaches 

in the literature. Control charts provide robust analyses which 

could help experts to dive into the enhancement aspect of 

process mining.  

Regarding the obstacles in this approach, there is a social 

challenge of tracking the staff that should be completely 

expounded for them in the upcoming studies.  

Further research works could be focused on performing 

diagnosing and prognosing actions to highlight the causes of 

shortcomings in the processes and to generate the simulation 

models to extract different improvement opportunities. 
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