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Abstract

The Dutch government, healthcare providers and health insurance companies have
agreed on limiting the growth of healthcare costs. Given the still increasing demand
and costs of specific care, this implies that hospitals must ”operate” in a more value-
driven way. This thesis contributes to this by introducing data and process mining
methods to identify improvement areas in radiology departments. To this end, a thor-
ough business insight into patient planning, allocation of timeslots and throughput
time have been outlined. Influential factors on patient arrival patterns and production
times are then identified by regression analysis. Process mining techniques are then
used to define the role and position of radiology in a healthcare path.

While practical results are found using these methods, they cannot be directly adopted
in business decisions due to the quality of the underlying data. These quality issues are
not only limiting the results of this thesis but also limit achieving part of the vision of
the Elkerliek hospital to improve quality and transparency in data exchange between
departments and other hospitals. This research compresses a multitude of different
visualization techniques into an interactive dashboard which will provide support for
the planning department, management, and medical technicians to identify fact-based
improvement areas, and will be further optimized when the data quality is improved.
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Chapter 1

Introduction

This master project is conducted at the Elkerliek hospital. The Elkerliek hospital,
hereafter referred to as the Elkerliek, is a small peripheral hospital with three loca-
tions in Deurne, Gemert and Helmond. The three locations with various health care
departments, day nursing and the nursing wards are staffed with more than 100 special-
ists and more than 2000 other employees, who provide healthcare for around 300.000
patients every year.

The Elkerliek has four strategic focus points for 2020, namely acute care, elective
very complex care, elective low complex care, and chronic care and prevention. For
acute care, the Elkerliek actively invests in the transit and internal logistics of the
emergency department (ED) and its associated staff. In elective very complex care,
the focus is on the elderly, skin cancer, and breast cancer. The Elkerliek wants to offer
a competitive price and sufficient quality for elective low complex care, which means
that waiting times and other forms of waste must be reduced. Finally, in the context
of chronic care and prevention, the Elkerliek focuses on reducing double unnecessary
diagnostics, transparency and data exchange between care providers. For general in-
formation: www.elkerliek.nl

The radiology department plays a central role in providing this healthcare. In to-
tal, the radiology department of the Elkerliek carries out nearly 120.000 examinations
a year. These examinations are conducted by more than 80 employees, ranging from
radiologists and medical technicians to administrative employees and managers. The
demand for radiology examinations originates from various healthcare providers. At
the highest level of abstraction this demand can be grouped in both internal and exter-
nal requests. Internal requests may come from the departments such as cardiology and
orthopedics. External requests can come from general practitioners or other hospitals.

1.1 Project context and motivation

Costs of specialist medical care, insofar as insured under the Health Insurance Act,
have risen 30% since 2006 to 23 billion euro per year. This is partially due to the
increased amount of care provided (volume), as with a price increase for healthcare.
The growth in volume from 1998-2012 was on average 3% per year. More recently
(2013-2017) this growth has somewhat stagnated with on average 1.1% per year [14].
The price increase of healthcare has also declined from 13.7% in 2001 to 2.5% in 2016.
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Chapter 1. Introduction

This decline is stimulated by financial agreements between the government, healthcare
providers and health insurance companies, which have agreed on limiting the growth
in healthcare cost to 1% per year [31].

The cap on increasing healthcare costs, growing healthcare volume and increasingly
more expensive healthcare [14], puts pressure on the efficiency and effectiveness of the
specialist medical care. In summary, hospitals must ”operate” in a more value-driven
way. As Porter[41] describes it: ”Value depends on results, not inputs, value in health
care is measured by the outcomes achieved, not the volume of service delivered. Shift-
ing focus from volume to value is a central challenge.” Acknowledging this challenge
to shift from volume to value, the Elkerliek has started an organizational wide LEAN
optimization mind set. To this end, each health care department of the Elkerliek is
tasked to find ways to deliver more value to the patient, and with addressing all types
of waste (Defects, Overproduction, Waiting, Transportation, Inventory, Motion, and
Extra processing[51]). The adapted LEAN mentality contributes to this added value
and has guided the Elkerliek to constantly work on quality improvements.

The radiology department of the Elkerliek is tasked with implementing quality im-
provements. For the radiology department this mainly entails the transition from
supply-driven to demand-driven healthcare, and practically reducing overproduction
(overcapacity) and waiting (waiting time). The radiology department of the Elker-
liek has a bottom-up organizational structure, with highly educated personnel. To
maximize the potential of this personnel, responsibilities, especially these quality im-
provement cycles, are allocated to all employees of the radiology department.

However, many of the objectives such as optimizing schedules and capacity planning
are complex problems [38]. It is therefore not surprising that the radiology department
wastes a lot of time in this process. Missing connection and poor user interaction of
the IT systems (HIX, RIS, ZorgDomein, VIDA and multiple Excel lists), that should
provide insights into demand and capacity, only add to the complexity and unnecessary
amount of work. All in all, the lack of insight into demand, capacity and resulting plan-
ning implications, raise the question whether the radiology department of the Elkerliek
uses its resources effectively and whether these resources will be sufficient in the future.

The radiology department also struggles with determining the effectiveness of its ser-
vices. Due to the integral position of radiology in a patients clinical path, the value
of radiology in this path depends on activities of other departments and the role of
radiology in the clinical path. E.g. making the correct diagnosis at an early stage,
as well as stopping treatment in time, is of great importance to the patient, as for
preventing waste in the clinical path. The choice and timing of radiology is therefore
essential for the value of care.

All together, the healthcare and thus the radiology department is obligated to con-
tinuously implement quality improvements. However, several issues complicate this
process. Providing insight and user interaction on the relevant systems and thus data
on demand and capacity, would allow a more efficient and effective scheduling process
and general resource effectiveness. In addition, insight into the flow efficiency and op-
timal position of radiology can enable the Elkerliek to come closer to desired outcomes

2 Identifying improvement areas at radiology departments: a data science approach
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of clinical paths and thus delivering optimal value for the patient.

1.2 Setting the stage

This chapter introduces three relevant background information topics for this research,
which also serve as an outline for the general situation in the field of radiology. These
topics are the trend in the demand for radiology services, the role of (diagnostic)
radiology services and data mining and machine learning in radiology.

1.2.1 Trend in demand for radiology services

There are various factors that influence the demand for healthcare and therefore radi-
ology services. The most noticeable factor is the population growth in the Netherlands,
which is expected to grow until 2038, reaching a maximal population size of about 17.5
million, after which the population is expected to decrease slightly [13]. This is partly
due to the increasing life expectancy in this period (plus 4.4 and 4.2 years in addition
to the current life expectancy for males and females respectively) [30]. Another factor
in the demand for healthcare is that the Dutch population is strongly aging. In 2003
(17 years ago), 15 percent of the population was over 65 years, twice as large as in
1953. The effect of this aging will continue to increase considerably in the coming
decades (till 2050), as the baby boom generation gets older [13], [30]. It is expected
that these factors will lead to a (further) increase in demand for radiology services.

The National Institute for Health and Environment (RIVM) tracks the performed radio
diagnostics from general hospitals and in their reports the aspects as described above
and the general increase in healthcare volume seems to be quite an understatement for
the growth of radio diagnostics. Ultrasound is significantly and almost linear increasing
with a total growth of 250% in the period of 2000 to 2017, and there is no indication
of a hold on or reduction of this growth [43]. The same holds for CT-examinations,
which have increased with 200% from 2001 to 2018 [42]. MRI-examinations have also
skyrocketed with an increase of 190% from 2001 to 2015. Recently though (2015-2018),
MRI growth has stagnated and is only slowly increasing [43]. Nuclear medicine exam-
inations have rapidly grown ever since the point of data collections, 65% in 18 years
(2000 -2018) to be exact [44], and are expected to grow even further [8]. Lastly, reg-
ular X-rays have grown with 30% from 2003 to 2010. After 2010, X-rays are showing
a negative trend resulting in a 13% loss by 2018 [45]. Visual representation of the
national trends in radiology can be found in Appendix A.

There are also arguments given for the increasing demand for radio diagnostics from
an oncological point of view[54]. Namely, that the increased survival rate of patients
is also increasing the amount and time-span of the monitoring and follow-up phase, in
which control diagnostics are common practice. As described by [30], this is not only
the case with oncology, but the survival rate will also increase for heart and vascular
disease and respiratory diseases. In addition to strictly medical purposes, a patient
can also attach great importance and relieve in receiving confirmation radio diagnostics
[54].

Identifying improvement areas at radiology departments: a data science approach 3
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1.2.2 Role of (diagnostic) radiology services

High patient service levels are becoming increasingly important in the hospital. There-
fore, fast diagnosis, decision making, and treatment are crucial [46], [6]. [25] for exam-
ple proved that laboratory turnaround time is directly associated to the length of stay
in the emergency department. Of course, radio diagnostics play a critical role in this
process for both clinical and outpatient healthcare. Imaging centers recognized this
trend and positioned themselves between general practitioners and hospitals, resulting
in loss of outpatient business and profit margins [7]. Increasing radiology capacity in
such a demanding market therefore seems to be a feasible decision.

However, as described, hospitals are bound to a limited compensation for their ser-
vices. Hence, increasing production is not financially beneficial for the hospital. Be-
cause of this disproportionate compensation for healthcare services, diagnostics are an
increasingly serious cost factor on the hospital budget. Some parties therefore argue
for less radio diagnostics. This results in capacity cuts and increased working pressure.

On the other side of the coin, there are parties that argue that increasing radio di-
agnostics will actually reduce costs in some cases[54]. Their opinion is that the costs
of (unnecessarily) continuing treatment exceed those of timely use of diagnostics. For
example, the effect of trastuzumab and pertuzumab for breast cancer treatment varies
widely. With the use of a CT-scan (cost of 400 euro) the effect of the treatment can be
measured. If not longer effective, the treatment can be stopped and potential longer
treatment of 2667 euro per dose can be saved.

1.2.3 Data mining and machine learning in radiology

Decision support for the radiology department has become increasingly apparent in
practice. For example, in [7] a decision support system is proposed that is based on
the American College of Radiology appropriateness criteria. Based on these criteria
an order from a referring physician is scored on the expected effect. By asking for con-
formation for low effective radiology orders, the intention of this system is to reduce
overproduction.

On the other spectrum data mining and machine learning can be used for decision
support on the medical assessment of scans [10]. [34] for example proved that Convo-
lution Neural Networks (CNN) can achieve high (96%) accuracy on classifying breast
tumor tissue (Based on the BreakHis dataset, containing 9,109 microscopic images of
breast tumor tissue). Google analyzed mammography (mammo) scans with machine
learning techniques, resulting in 5.7% less false positives and 9.4% less false negatives
than a human expert team. Moreover, the machine learning model required less infor-
mation than the human team [48].

Data mining and machine learning can be used for prevention of healthcare inter-
vention, decision support for practical policies of medical technicians, authorization,
interpretation of findings, or can even give rise to new diagnostic possibilities [10],[15],
[18]. Furthermore, analysis on radiology demand, production times and authorization
can provide insights into future demand and optimization opportunities. These aspects
are visually summarized in Figure 1.1.
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Figure 1.1: Data mining and Machine learning possibilities in Radiology

This report aims to guide hospitals in their mission to provide healthcare in an efficient
and valued oriented manner. To this end, this report utilizes the vast amount of un-
used data that is present in the radiology department to provide information support
for the continuous improvement cycles of the Elkerliek. To delineate this large-scale
goal, this report focuses on decision support on effective healthcare, demand analysis,
authorization time analysis, and production time analysis and optimization (as indi-
cated in orange in Figure 1.1).

1.3 Scientific and practical relevance

Most tactical and operational decisions of the radiology department of the Elkerliek are
now mainly based on education, work experience and patient interaction. Although
this way of working is sufficient for well-founded decisions, it produces a lot of manual
work and makes it difficult to notice the interesting demand and process patterns.
This report is of practical relevance because it enables the radiology department of
the Elkerliek to harness the power of data analysis for continuous improvement cycles.
Ultimately, this will benefit the entire healthcare sector, as more efficient and effec-
tive healthcare will be provided. In addition, the methods described in this study are
applicable to all companies that are exposed to urgent / emergency orders and have
difficulty combining short- and long-term planning.

From a scientific point of view, the (performance of the) radiology department is often
simplified by focusing on a particular research group, or by excluding different types of
patients. These simplifications are sometimes required, but at the same time blur the
overview. A broader perspective on the radiology department emphasizes the infre-
quently researched differences and interactions between modalities. Secondly, research
into the role and position of events in a trace is relatively young. Research into the role
and position of radio diagnostics in a healthcare process therefore contributes to the
scientific body on this subject. Although the influence of variables on arrival patterns
and production times of patients has been researched more extensively, confirmation
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of this influence from a small peripheral hospital certainly contributes to the scientific
body on this subject.

1.4 Research Assignment

As described, the healthcare sector is under financial pressure. It is therefore a re-
quirement to provide more efficient and value-driven care in the short term. The use
of data analysis in the radiology department has been on the back burner for quite
some time. Since data analysis can be a catalyst for the transition to more efficient and
value-driven healthcare, it is important that data analysis becomes a high priority in
hospitals. To support this, this research project therefore aims to answer the following
question:

How can data analysis in radiology departments be used to identify areas for improve-
ment in planning and operational efficiency?

This question can be divided into four parts, each of which can be considered a deliv-
erable in itself.

1. Is relevant data available and of sufficient quality, and how can it be
improved?
For studies with a high data analysis content, it is common that 80% of the total
project timeline goes to data cleaning. Awareness about which data is relevant
for data analysis in radiology, and the necessary data cleaning steps can therefore
shorten the time required for (follow-up) projects. The following deliverables will
contribute to this:

• Describing the relevant information architecture
• Listing the required steps for data cleaning

2. How can patient arrival and production patterns, trends and perfor-
mance be identified, and how does the planning process relate to this?
Due to the wide variation in applications, a department such as radiology has a
rather complex character. This research describes how relevant patient arrivals
and production patterns can increase insight in such a complex department. In
addition, knowing the main causes of variation in these patterns helps to achieve
optimal use of resources. This research therefore describes potentially influential
factors and methods to quantify these factors. This process is reflected in the
following deliverables:

• Mapping the current demand flow of radiology services at the Elkerliek
• Analyzing the resource utilization
• Assessment of the overall performance
• Identification of potentially influential factors on production and patient

arrivals
• Quantification of potentially influential factors

3. How can the role and position of radiology in the flow effectiveness of
a healthcare process be made transparent?
A patient receives care from many different entities, such as general practitioners,
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various hospitals and related departments. In many cases, radiology is involved in
this clinical episode. Understanding the different roles and positions of radiology
in such a clinical episode is also crucial for the transition from a supply-driven
to a demand-driven healthcare system. Moreover, these insights can lead to
clinical discussions and can even be included in clinical decision-making around
new clinical protocols. To this end, this research utilizes existing process mining
techniques to discover diagnosis specific process flows, resulting in the following
deliverables:

• Control flow discovery with the use of process mining
• A list of research directions for assessing the role and position of radiology

in the flow effectiveness of healthcare processes

4. How can the data analysis insights be used in practice?
In order to be useful, the insights brought to light in this research need to be
updated, responsive and accessible for all layers of the Elkerliek. To this end, a
responsive dashboard configuration is proposed, resulting in the following deliv-
erables:

• An interactive radiology dashboard
• Practical use cases

1.5 Thesis outline

In this chapter the project context and motivation, as well as the practical and sci-
entific relevance of this research is described. The rest of this report is structured as
follows:

Chapter 2 describes the CRISP-DM framework which forms the basis of this research.
The modelling step of this framework has three components in this research namely
regression, process mining and visualization, all of which will be introduced. Chapter
3 introduces the available data, the data cleaning steps to improve the quality of this
data and takes the first step in answering research question 1.

The answer on research question 2 is provided in three subsequent chapters. Chapter
4 describes the relevant aspects to understand the business at hand, from introducing
resources to performance analysis. Chapter 5 describes the factors that potentially
influence production performance and patient arrival patterns. Section 6.1 aims to
quantify the impact of these factors by means of regression. Together these chapters
provide an answer to research question 2. Also new data quality issues that occurred
in this process are described, complementing the answer to research question 1.

Section 6.2 describes how process mining techniques can be used to discover the role
and position of radiology in healthcare paths. It also provides a list of research di-
rections for assessing the role and position of radiology in the flow effectiveness of
healthcare processes. This section provides answer to research question 3. Section 6.3
introduces the radiology dashboard created in this study and practical use cases of
this dashboard. These use cases show how, for example, the analyzes in chapter 4 and
chapter 5 can be reproduced in order to obtain data analysis insights in practice.
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Methodology

To determine how data analysis in radiology can be used to support continuous im-
provement, an appropriate methodology for both the technical application of the data
analysis and the methodology for its practical implementation is required. As the
term continuous improvement suggests, both methodologies must be highly iterative
and reproducible.

The methodology for the technical application of the data analysis is based on the
CRISP-DM framework[61]. With technical application deployment as input, van
Aken’s Problem Solving Cycle[4] serves as the methodology of choice for the con-
tinuous improvement cycle.

Figure 2.1 depicts how this research has adapted these two methodologies as research
method and which research questions will be addressed in which step of the research
method. Each step of the research method is further explained in this chapter.

Figure 2.1: Research Methodology
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Throughout this research, qualitative research methods such as interviews with man-
agers, medical technologists and radiologists are conducted to gain a thorough under-
standing of internal processes and process / patient characteristics, and to evaluate
methodologies and results.

Data preparation
In order to correctly interpret the results of data analysis, the underlying data set must
be reliable and undisputed. Data cleaning is therefore the basis for every data analysis
process. This is especially important when dealing with poor data quality databases
such as RIS (Radiology Information System) [28]. The data preparation step provides
answers to research question 1.

Business Understanding + Data understanding
An in-depth business understanding can be sketched based on the cleaned data set.
This sketch consists of patient arrival rates, production times, capacity utilization,
performance on key indicators, and tactical and operational decision points. During
this process, iteration with data preparation is insurmountable as business insights will
shed light on (new) data inconsistencies. Combined, the Business understanding and
Data understanding (and later visualization) steps provide answers to question 2.

Modelling
Regression: The hypothesis is that the variance in production times and patient ar-
rival, which has become apparent in the business understanding, can be explained by
influential factors and expert rules [38] such as IF it is snowing THEN the demand is
high. Quantifying the influence and associated significance of these factors is assessed
by regression.

Figure 2.2: Regression Approach

In the regression process, some continuous variables are clustered into logical cate-
gories, because categorical data is often easier to understand and more likely to produce
meaningful results. For technical reasons, these factors are then coded and checked for
multicollinearity. As expected, different examinations respond differently to different
factors. Therefore, Recursive Feature Elimination (RFE) is used to automatically se-
lect the factors relevant to the different examination types. The methodology of the
regression step in the overall Modelling step is displayed in Figure 2.2 and provides
answers to question 2.

Process mining: Due to the extensive work of Van Aalst among others, it is possi-
ble to provide insight into business processes with relative ease.
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Figure 2.3: Process Mining Approach

As described in [1], a typical approach to process mining is to generate event logs (ex-
plained in section 6.2), clean up and enrich these event logs, and then discover general
control flows and potential areas of interest. These control flows and event logs form
the basis for more advanced analyzes such as conformity control, bottleneck analysis
and comparison of process variants. The Process Mining steps (Figure 2.3) in the
overall Modelling step provide answers to question 3.

Visualization: In order to make the insights derived in this research usable in practice,
an analysis layer has been built on the information architecture layer. The methodol-
ogy used for this is loosely based on the design study framework described by [50] and
is displayed in Figure 2.4.

Figure 2.4: Visualization Approach

As stated by [50] it is of the utmost importance to have a clear picture of the research
questions that a design aims to solve. Solving this research question then consists
of several visualization tasks that must be implemented functionally and design-wise.
Then the design with use cases is put to the test. The visualization step in the overall
Modelling step provides answers to question 2 and 4.

Continuous improvement cycle
With the regression, process mining and visualization models deployed, the radiology
department can initiate improvement cycles. The model deployments can support both
the problem/opportunity identification, and analysis and diagnosis. The continuous
improvement cycles will remain an ongoing process, but the setup provides a practical
answer to question 5.

Software
The data cleaning steps, regression analysis, and control flow analysis are all included
in a Python framework. Analyzes related to mammographic studies are the main
theme of this study. However, the Python framework can be tasked with analyzing a
different examination, a series of examinations or all examinations.
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Data exploration and preparation

This chapter introduces the relevant available data, the data cleaning steps taken to
improve the quality of this data and which steps still need to be taken before the data
is suitable for data analyses. This chapter answers research question 1 : Is relevant
data available and of sufficient quality, and how can it be improved?

The main information system of the Elkerliek is the Hospital Information System
(HIX) from Chipsoft. This system records all patient information, diagnostic informa-
tion, operations and more. Together with the laboratory, the radiology department
is the last department that uses its own system for daily practices. In the case of
radiology this system is called Radiology Information System (RIS) from Sectra. RIS
and HIX are connected in the sense that with every order in HIX a copy of the relevant
data in HIX is sent to RIS. After a data mutation in RIS (completion of an examina-
tion for example) again a copy of the data is sent back to HIX. Relevant attributes
and corresponding tables of both HIX and RIS are displayed in Figure 3.2. The PACS
system is used by the radiology department for storage and analysis of performed and
processed scans. The Elkerliek has no query rights in PACS, hence data from this
system cannot be extracted. For resource allocation multiple Excel lists are used. To
support the operational workflow, the Excel schedule of the medical technicians has
been digitized. However, when inspecting these files and considering their complexity,
it had to be concluded that analysis of the realized capacity allocation was not feasi-
ble due to time restraints. A visual representation of the relevant systems is given in
Figure 3.1

Figure 3.1: Relevant Systems for the Radiology Department
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This research requires both detailed radiology data as data regarding overarching
healthcare paths. Since HIX is the leading system of the Elkerliek that records the
whole clinical path of patients, but only RIS captures the process steps (time stamps)
of the radiology department, data from both systems have to be extracted.

Figure 3.2: UML Diagram RIS, HIX, Zorgdomein

In total 518.953 radiology examinations are recorded in RIS for the time span 2016-
2019. 20.700 records have registered values for the attribute Admin. wijziging/afwi-
jking such as ”cancelled by applicant” and should therefore be considered cancelled,
resulting in 498.253 valid examinations. HIX kept track of 497.588 radiology orders.
Despite multiple iterations with RIS system administrators, HIX system administra-
tors and BI specialists, the search for the foreign key between the primary key in RIS
(Ordernummer) and HIX remains inconclusive. It was however possible to join both
data sets on two other attributes, namely Aanvraagnummer and Onderzoeksnummer
in RIS and ExtNummer and Zoekcode in HIX. To secure all data from RIS a left join
was used to connect both datasets (Figure 3.3).
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Figure 3.3: Left Join RIS and HIX

This configuration results in a dataset of 518.953 orders of which 498.253 have not
been cancelled and of which 411.997 could be connected to records in HIX. Records
that could not be connected are records that do not have a valid Aanvraagnummer in
RIS, or are cancelled.

Process knowledge enrichment
After joining HIX and RIS, the data is enriched with domain and process knowledge.

1. General practitioners are recorded based on their last name. For reporting pur-
poses, all consumers, excluding external specialist and health insurers, with Bron-
naam verwijzer not equal to an internal hospital department are clustered as
”General practitioner”;

2. The Onderzoeksnaam attribute defines the specific radiology examination of a
record, contains 591 unique examination types. This attribute is grouped into 14
unique categories. For example, “MR-Pelvis”, “MR-Brain”, “MR-CWK HNP”
and all other categories starting with ”MR” are grouped into one attribute:
“MRI”;

3. The process of radiology in the simplest sense does not contain loops and runs
according to a standard order (order registration, check-in, wait, examination,
authorization). Due to imprecise and manual logging of event timestamps, this
standard order is sometimes mixed up in the data. Therefore, checks are done
on whether the time between an order registration time and examination time
is positive. If not, this record is marked as invalid. The same holds for the
time between the check-in and start examination, and the time between stop
examination and authorization;

4. Also, the exact duration of steps in the radiology process show major inconsis-
tency. To exclude most of the outliers, the upper 10% of the time between the
events in the radiology process is marked as invalid;

5. Since there is more information regarding the expected duration of an exami-
nation, the examination duration undergoes another check on validness. It is
assumed that to be valid, an examination may not exceed the scheduled ex-
amination duration three times over. The same holds when an examination is
completed in one third of the scheduled time;

6. Emergency orders which do not originate from the emergency department are
not registered as emergency. To capture emergency behavior, a new variable
”Suspected Emergency” is introduced which marks all not walk-in records having
an examination start date within 3 hours of its registration date as ”Emergency
orders”. This includes patients who were send by the outpatient clinic for which
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a free spot happened to be available. According to the system administrators of
RIS, however, the number of these patients is very low;

7. Orders with code vervolgonderzoek ”9999 Geen Facturatie”, such as ”CD bran-
den” or ”MG Mammography geimporteerd” are marked as not applicable (N.A).
The same holds for non-relevant orders such as ”Multidiciplinair overleg”;

8. Some orders, such as ”CT Thorax & Abdomen” can be billed twice, but do not
require more time than approximately one CT Thorax because it is one and the
same scan. Because of billing purposes these orders are registered twice in RIS.
To prevent these examinations to be counted twice in utilization calculations
only the first is marked as ”utilization valid”;

9. The practicing medical technician, practicing radiologist and authorizing radiol-
ogist fields are transformed from an unstructured string to a structured set of
medical technicians and radiologists which can be counted;

10. By grouping on registration date, the order intensity of workdays and weeks is
included as a new variable. The same has been done for the examination date,
yielding the production intensity.

For reasons explained in chapter 4, data regarding weather, holidays and school holi-
days are added. Weather data is derived from the Koninklijk Nederlands Meteorolo-
gisch Instituut (KNMI)[27] and holidays from the Rijksoverheid[57]. Since the patient
population of the Elkerliek is strongly centered in the south of the Netherlands, only
school holidays relevant for the south of the Netherlands are included.

Outstanding issues
Despite the greatest efforts there are still outstanding issues regarding the data.

1. The foreign key between HIX and RIS remains unknown;
2. Not all records in HIX have a ZorgpadNummer. The ZorgpadNummers that are

missing are mostly general practitioner orders, and orders with a specific Kamer
field, such as [HZ, HSEH, ZCT, ZBPH, ZDB, ZERA, ZMAM];

3. AfspraakType = A (i.e. a follow up appointment) is not always a reliable field
according to system administrators. This becomes particularly apparent when
deriving the access times of the various examination types (section 4.8.1). As a
temperately solution, the appointments that have an access time higher than 3
months are considered as follow up appointments;

4. The field aanmaakdatum is sometimes misused for administrative workarounds,
resulting in blurred control flows;

5. Human resource allocation of the radiology department is registered in such
cluttered Excel files that analysis upon this allocation is hardly possible;

6. The consultation hours of departments in the hospital (e.g. surgery, neurology)
are not data analysis friendly, resulting in the fact that the radiology department
is not sufficiently aware of consultations hours of other departments. This holds
for OR planning as well;

7. The exact dates of cancellations are not recorded, making it hard to execute
optimization projects in the field of cancellation prevention/prediction;

8. Process characteristics such as ”examination requires sedation”, ”examination
requires contrast liquid”, ”infection hazard” are unreliable/unknown fields, while
these characteristics are of crucial importance for the planning process;

9. Whether a radiologist is required to be present during an examination is not
recorded. This makes analysis on human resource allocation inconclusive;
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10. Choices on scan approaches are not registered in a structured field in RIS, hence
analysis on this behavior cannot be conducted;

11. Due to the lack of a query right in PACS, the assessment time of a medical scan
by a radiologist before authorization is unknown;

12. The patient occupancy of the Elkerliek has not been made transparent, while
this is an important aspect of the expected arrival of patients at the radiology
department.

Data interpretation remarks
In this paper all radiology examinations that have been conducted in 2016-2019 are
included. Since the order is registered before the actual examinations this implies that
also orders ordered before 2016 are included. This also means that all orders with
an examinations date after 2019 are excluded, even when the registration date of the
order is before 2019. Figure 3.4 gives a visual representation of this distinction.

Figure 3.4: Included and excluded radiology examinations

Given the confidential nature of the data, all data identifying patients have been
anonymized before leaving the secured servers of the hospital.

Sub-conclusions
Manual logging clearly has its impact on the data quality of the radiology department.
Cleaning steps on this dataset improved reliability but reduced the total size of the
dataset significantly (total of 518.953 orders (411.997 not cancelled), of which 309.189
with valid timestamps). In conclusion there are some structural issues that obstruct
the radiology department in performing useful data analysis.

1. Using a multitude of other systems besides the main information system HIX,
directly effects the interconnectivity with other departments. In addition, the
systems that are available at the radiology department are not suitable for auto-
matic and responsive reporting due to labor intensive manual querying practices
and memory limits. Moreover, some information, such as the authorization time
of examinations is not accessible at all due to the lack of query rights.

2. Manual logging of timestamps and process/patient characteristics is error prone
and has serious consequences for the reliability of (key) performance analyses.
Not logging important information such as failed scans and cancellation dates
further blur the insights into processes that represent reality.

3. Currently only 270.987 orders (not all with valid timestamps) can have a HIX
ZorgtrajectNummer. This emphasizes the structural problem with determining
the role of radiology examinations in a healthcare process, which is imperative
for a high over management of a hospital.

It may be possible that relevant missing data is logged somewhere in the systems,
but because of the lack of interoperability between systems, this data could not be
located and is therefore currently not accessible for people who rely on this data like
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the radiology department managers.

To escape this situation, the first step is to identify the patient/process attributes
that are important to the performance of the radiology department. This report al-
ready contains many of these features. After that, system administrators need to find
these attributes in the systems and create robust methods to automatically generate
reports containing those attributes. If the data is not present in the systems, a decision
must be made as to whether the information is actually critical and software updates
are therefore required, or whether a different available patient/process characteristic
will suffice. Accelerating the planned migration of the radiology department from RIS
to HIX could very well spur this process. In addition, this acceleration would avoid
unnecessary IT work in RIS.
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Business understanding

This chapter describes, in part, the patient arrival and production patterns, trends
and performance. Section 4.1 to 4.2 provide an overall overview of the current de-
mand flow in absolute numbers and growth. Section 4.3 to 4.6 introduce the radiology
processes, the vast amount of patient and process characteristics and the grouping of
these characteristics as currently used by the radiology department of the Elkerliek.
Thereafter section 4.7 to 4.8.1 describe the key performance indicators relevant for
a radiology department and the current performance of the radiology department of
the Elkerliek. This chapter partially answers research question 2 : How can patient
arrival and production patterns, trends and performance be identified, and how does
the planning process relate to this?

4.1 Patient population base

The distribution of the Elkerliek patient population determines the extent to which
national trends in radiology demand can be adopted and is therefore an important
factor to consider. Most of the patient population of the Elkerliek originates from
Helmond, Deurne and surrounding villages (Appendix B, Figure B.1). The population
of Deurne and Helmond follows the national aging trend. The relative percentage of
elderly (60+) in Deurne has increased with 1.68% since 2015 and in Helmond with
1.22% [12].

This trend is also visible in the relative percentage of elderly that is examined at
the radiology location of the Elkerliek in Deurne. However, the relative percentage of
elderly that is examined in the radiology location of the Elkerliek in Helmond is getting
slightly younger (Appendix B, Table B.2 and Table B.3). This slight difference does
not provide sufficient ground to deviate from assuming the national aging trend, there
is therefore no motive yet to deviate from the general arguments for rising demand for
healthcare and diagnostics.
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4.2 Demand analysis

As described in chapter 1.5, the number of radiology examinations requested and
performed has increased and is expected to increase further in the coming years. Also
in the data of the Elkerliek a big leap in the amount of examinations from 2016 to 2017
can be observed (Table 4.1). However, this significant increase does not continue in
the following years, hinting towards a stagnation in the rise of radiology orders within
the Elkerliek. Important to note is that this is the number of examinations conducted
between 2016 and 2019, not the number of orders requested.

2016 2017 2018 2019

119,238 126,483 124,866 126,939

Table 4.1: Number of radiology examinations conducted within the Elkerliek

To provide more details into the specific growth of the radiology department of the
Elkerliek, the absolute number of examinations conducted per modality is depicted in
Figure 4.1, Figure 4.2, and Figure 4.3. X-ray examinations are following the slight
negative national trend. CT is following the strong positive national trend. More re-
cently MRI has followed a negative trend, which goes beyond the stabilizing national
trend. This deviation can be attributed to the shift from some MRI examinations to
CT examinations within the Elkerliek. In Figure 4.4 the Growth Rate from 2018 to
2019, the Average Annual Growth Rate (AAGR) and the Compound Annual Growth
Rate (CAGR) are summarized.

Figure 4.1: Absolute number of orders, large modalities

Figure 4.2: Absolute number of orders, small modalities 1

Figure 4.3: Absolute number of orders, small modalities 2
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From this summary the conclusion can be drawn that the demand for CT, ultrasound-
MG, DEXA, and nuclear scans has most definitely increased in the past four years.
The only noteworthy decreases are angiography (angio), X-ray, MRI and radioscopy, of
which the reduction in MRI examinations are due to a shift in examinations from MRI
to CT. These trends should be taken into consideration when performing forecasting
analysis.

Figure 4.4: Growth rates in percentages

The vast range of examinations that the radiology department of the Elkerliek provides
are requested by various, internal and external, healthcare providers. Figure 4.5 depicts
the type of examinations and the requested amount per healthcare provider. General
practitioners are the largest consumer, followed by ”orthopedics” and ”surgery”. There
are various examination types which are specifically important for specific departments,
such as the MRI for neurology, nuclear for the cardiology, the angio for surgery and so
on. These specific examination - requesting department combinations will be used in
later analysis and are important for time allocation purposes.

Figure 4.5: Demand per examination type per department - 2019

In Figure 4.6 the AAGR per modality per requesting department is shown for modality-
applicant combination that are conducted more than 50 times in 2019. The specific
reasons behind fluctuations have to be assessed by domain experts. However, some
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overall conclusions can be underlined: significant increase in the amount of exami-
nations conducted for general practitioners, a significant decrease in the amount of
examinations conducted for the internal healthcare department, and for example the
extreme rise in the amount of CTs for cardiology can be underlined.

Figure 4.6: Demand and growth per examination type per department - 2019

4.3 Process understanding

Although each health care path is unique and the various modalities of the radiology
department work differently, a broad sketch of the role of radiology in a healthcare
path can be made. Every healthcare path starts with the indication of symptoms. If
the required healthcare cannot be provided by the first respondent (whether this is a
general practitioner, or a specialist from a clinical department) the patient is referred.
The capable healthcare provider then starts the process of diagnostics and treatment
of which radio diagnostics may be part or not. When needed, a healthcare provider
can ask co-practitioners for support, who in turn can request radio diagnostics as well.

There are various types of radio diagnostic requests. Emergency orders are assessed
by radiologists and, in consultation with other specialists, are directly executed when
possible. The protocol for regular orders differs per examination group and request-
ing party. Orders from general practitioners are for example scheduled centrally by
radiology administrative employees. Outpatient clinic orders for CT examinations are
scheduled by the outpatient clinic administrative employees.

Depending on the examination group and complexity of the examination itself, a ra-
diologist is required to set up an examination plan which might for example include
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the amount of contrast fluid required. Meanwhile, the date of the examination is met
and after check-in and waiting the patient is being called in for examination. With or
without examination plan the examination is conducted and the resulting images are
sent to the radiologists, with PACS as storage and analysis system.

A radiologist then examines the scans made and describes all notable deviations that
can be derived. In this process the (provisory) diagnosis is kept in mind. All these
insights are summarized in a report which is sent to the requesting applicant. Who in
turn will continue the process of diagnostics and treatment, which might include new
radio diagnostics.

This broad sketch of the radiology process in healthcare paths is illustrated in Fig-
ure 4.7 with the use of a Business Process Model and Notation (BPMN) flow chart.
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Currently, the radiology department has no true insights into the flow and bottlenecks
of this overall process. The bottlenecks that do appear, originate often from employ-
ees in an empirical fashion, which is understandable since insights into the healthcare
paths of patients and especially the expected behavior of these paths are hard to clar-
ify. This, in combination with the fact that the radiology department is appraised on
inward-looking KPIs such as its access times (see section 4.7), put the emphasizes of
the radiology department on its own performance rather than the overall healthcare
flows of the hospital.

Important to note is that the examination duration, which will be referred to often
in the rest of this report, is a composition of all orange activities in Figure 4.7. This
therefore includes dressing and undressing of patients.

4.4 Resources

Each modality of the radiology department requires a specific medical machine (Table
4.2) and trained personnel to operate this machine. Just like in many other hospitals,
the Elkerliek has allocated some of her machine capacity for emergency orders. For
example, one X-ray in Helmond is reserved for emergencies, and one ultrasound in
Helmond is reserved for emergencies and clinical orders. Noticeable is the single CT
scan. Given the increase in CT examinations and the vision of the Elkerliek to become
the go to partner for acute healthcare, the CT machine capacity could be a bottleneck
in the realization of this vision (See section 4.8.2). Currently the SPECT from nuclear
medicine is used as a backup for when the CT breaks down or when an emergency CT
is required while a CT examination is already in progress.

Location X-Ray Ultrasound MRI CT Nuclear Mammo OR Radioscopy Angio DEXA Radioscopy

Helmond 3 (+1) 3 (+1) 1 1 1 1 3 1 1 1
Deurne 1 3 1 0 0 0 0 0 0 0

Table 4.2: Amount of Machines

Next to machinery, a functioning radiology department requires human resources.
There are four main types of employees: radiologists, medical technologists, adminis-
trative employees (4.39 FTE) and managers (1.72 FTE). Every radiologist and medical
technologist has his/her own area of expertise.

Due to the increasing technical complexity of the medical machines a medical technol-
ogist can have three areas of expertise at most. There is one set of examinations that
all medical technologist are trained to perform without the necessity of additional cer-
tificates, namely [X-ray, mammo, OR radioscopy]. In total there is 36.68 FTE medical
technicians capacity available of which 12.61 FTE is MRI, 6.01 FTE ultrasound, 7.54
FTE angio, 7.29 FTE CT, and 3.23 FTE nuclear specialized. Whether this capacity
is sufficient will be discussed in section 4.8.2. The CT, MRI, angio, and X-ray are
preferably staffed with two medical technicians. During breaks the staffing per room
is sometimes reduced to one, this supposedly influences the production time.

A total of 9 FTE of radiologist capacity is available. Radiologists have a vast array of
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responsibilities ranging from guiding angioplasty examinations, insertion of contrast
liquid, monitoring veins, and authorizing examination reports. The actual presence of
a radiologist during radiological examinations is subject to many factors and can there-
fore not be assessed in advance. In addition, every radiologist has his own specialty,
in other words, not every examination can be performed by every radiologist. The
specific subdivision of specialties among the radiologists of the Elkerliek is currently
unknown.

The administrative employees, medical technicians and radiologists of the Elkerliek
all work in shifts. One dayshift starts at 08:00 till 12:15 and from 13:00 till 17:00.
The other starts at 08:45 till 13:00 and from 13:45 till 17:45. This capacity allocation
ensures that production can continue during the breaks. During the evening, night and
weekend a reduced capacity is available. For example, during the night and weekends
only the MRI in Helmond is available.

It is important to point out that it is possible for medical technicians and radiologists to
switch between different modalities. For example, a medical technician specialized in
CT can be appointed to conduct X-ray examinations when needed. Therefore, we can
conclude that the radiology department of the Elkerliek has an internal competition
of resources. Simulation of the system behavior should therefore include interaction
between the various modalities in order to simulate real world, and thus practical,
behavior.

4.5 Patient scheduling

The radiology department of the Elkerliek is open 24h a day, 7 days a week. Filling this
time efficient is the task of the planning department of the Elkerliek. The optimization
goal of the planning department is fourfold:

1. Comply to the demand without increasing access times;
2. Retain sufficient capacity for emergency and walk-in examinations;
3. Reduce operational waste such as changeover times;
4. Prioritize flow efficiency.

An example for the latter is aligning (poli-)clinical consults and diagnostics. [49] stud-
ied the problem of patient scheduling and divides it into three problems: capacity
allocation, appointment scheduling, and short-term decisions on the day of service.

Before describing the capacity allocation, appointment scheduling and short-term de-
cision principles of the Elkerliek, it is important to understand how the various unique
patients can be grouped. After all, grouping patients will reduce complexity in schedul-
ing processes. This is especially interesting for a healthcare department of a reason-
able complexity such as radiology with 2 locations (Deurne, Helmond), 12 examination
groups (e.g. X-ray, CT, MRI), 575 examination types (e.g. CR Thorax, MR Brain),
23 applicants (e.g. general practitioner, surgery, neurology), 3 patient types (walk-
in, appointment, emergency), 3 appointment types (clinical, poli-clinical, outpatient),
open 52 weeks a year, 7 days per week and 24 hours a day.

Patient groups can be defined based on similar behavior, required resources, prof-
itability, and disruptive impact. In Table 4.3 the characteristics that define patient
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groups are described.

Attribute Description

Examination type What machine is required?
Urgency Emergency or regular order
Requesting healthcare provider Applicant of the needed appointment
Walk-in Appointment made in advance?
Specialized medical technician Specialist required?
Radiologist needed Radiologist required?
Duration Appointment/examination duration

Table 4.3: Patient scheduling attributes

Capacity allocation
Capacity allocation focuses on the problem of admitting patients and dividing capacity
among these patients. At the Elkerliek this allocation is set for 8 weeks in advance
(which contradicts efficient use of capacity: ”a static allocation of capacity will in-
crease variability and can reduce resource efficiency [49]”). This capacity allocation is
set according to the expected demand based on domain knowledge, and availability of
radiologists. In this process the planning department has to take changeover times be-
tween examinations and several other restrictions, such as limitations of examinations
in Deurne, into consideration. Due to the complexity of this capacity allocation pro-
cess, it takes extensive time. Moreover, (unknown) variability in the demand can cause
down times of machines and medical employees. Ten days in advance the planning is
again revisited and small changes based on the experiences are made to the long-term
planning. During the weeks and days itself the planning department is charged with
deriving ad-hoc optimizations to decrease this unwanted inefficiency, which increases
the workload for the planning department. Some of these ad-hoc optimizations are
described in the short-term decision beneath.

One of the main reasons for inefficiency in the static 8 weeks planning is the lack
of alignment with (poli-)clinical programs and consultation hours. The root cause of
this symptom is the lack of IT interoperability and accessibility, leading to lack of
insights into programs of different departments and thus not optimal aligned capacity
allocation. As a result, the specialists from the different departments start ordering
examinations outside of the reserved timeslots for their department. Leading to un-
necessary lengthy access times.

Appointment scheduling
When capacity is assigned over the different departments, patients can be scheduled.
For this process it is crucial to define an estimated examination duration to allocate
patients to. At this moment some of these timeslots are defined on patient character-
istics such as age and mobility. For example, patients in a wheelchair who are called
up for a mammography examination are scheduled twice the allotted time for regular
mammography examinations. These timeslot decisions and other best practices for
scheduling appointments can be found in the SmartSheet used daily by the planning
department of the radiology department.
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Short-term decisions on the day
After allocating capacity to a specific patient group and deciding on the methodology
of scheduling appointments, unexpected cases give rise to short-term decisions on a day.
These include making room for emergency orders, OR orders, dealing with a variable
number of (poli-)clinical patients, cancellations and no shows. The radiology depart-
ment is in control over these decisions that are mostly based on medical instances i.e.
a more pressing medical situation has priority over a lesser, regardless of the patient
type. The radiology department finds itself often in a difficult spot however, having
to choose between two orders of different requesting departments without having a
full grasp of the two clinical paths. This is again an interoperability and accessibility
issue. A more systematic short-term decision is opening timeslots that were initially
reserved for emergencies. If no pressing medical instances occur the reserved spots for
emergencies will be set open for waitlist patients.

4.6 Separation of concerns

There are various points of interest in the patient scheduling process. First, the ques-
tion is whether the information on which decisions on the 8-week static capacity scheme
allocation is valid and sufficient. Second, the lack of information sharing between hos-
pital departments gives rise to problems in appointment scheduling and short-term
decisions. Third, is whether the time allocated to examinations is optimal. The latter
is discussed in this section.

For a time allocation to an examination patient and process characteristics should
be taken into account. As described in Table 4.3, patients can be identified by patient
and process characteristics (examination type, urgency, requesting healthcare provider,
walk-in, specialized medical technician, radiologist needed, and duration of examina-
tions). Most of these characteristics can be derived from the data. The examination
group (e.g. CT or MRI) is properly registered so this brings no additional challenges.
Urgency of orders has been added to the data in the data processing steps. The re-
questing healthcare provider can be identified in three groups: general practitioner,
outpatient, and clinical. Walk-in examinations are recorded, however the correctness
of this field in the data is questionable. The necessity of specialized medical techni-
cians and radiologists cannot be systematically derived from the systems (Excel lists)
at this point.

Last is the duration of examinations. The way the duration of examinations is grouped
and therefore to which timeslots the examination is allocated, is of paramount impor-
tance for the efficiency of the resulting schedule. A too defensive time allocation results
in spare time, which is a form of waste, although an argument can be made that tak-
ing sufficient time for patients can result in a higher overall efficiency and customer
satisfaction. Too strict time allocation results in increased waiting times when an ex-
amination takes longer than expected, and increases the work pressure on employees.

This section describes a method to check whether the time allocated to examinations
by the planning department of the Elkerliek is not too defensive nor too strict. The
4092 valid mammography orders conducted in Helmond on appointment for general
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practitioners in the time period 2016-2019 are taken as a practical use case of this
method. As displayed in Figure 4.8 these examinations range from 5 minutes to 60
minutes. Take into account that only valid (see chapter 3) examinations durations are
included and thus that these minimal and maximal values are manual cut-off points as
defined in chapter 3. The average time needed for these examinations is 12.5 minutes.

Figure 4.8: Examination duration grouping

Currently the timeslot assigned to mammography orders is 20 minutes, which covers
∼ 93% of the examination cases as highlighted with the orange area in Figure 4.8.
Approximating the distribution of the examination duration can provide the necessary
insights in order to define whether this timeslot is too defensive. Figure 4.9 and Figure
4.10 show that for both the MG Mammography and CR Thorax, a X-ray examination,
a lognormal distribution can be approximated (χ2 = 138, χ2 = 189 ).

Figure 4.9: Production Time MG
Mammography

Figure 4.10: Production Time CR
Thorax

The lognormal distribution fitted on the MG Mammography examination duration has
the parameters µ = 2.47 and σ = 0.33. The probability that the examination duration
exceeds 25 minutes, and thus will go at least 5 minutes in overtime, is according to
this distribution about 1%. Therefore it is safe to assume that most of the 7% of the
cases that require more time, will go at most 5 minutes in overtime. The probability
that an examination will take at most 15 minutes and hence catch-up 5 minutes is
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about 75%. Therefore the current time allocation of 20 minutes provides more than
sufficient capacity to compensate for any delays.

A lower timeslot of 15 minutes will cover approximately 70% of the data. The prob-
ability to exceed this duration with at least 5 minutes and 10 minutes is 5% and 1%
respectively. The probability for the examinations to take at most 10 minutes and
hence catch up 5 minutes is 30%. The probability for the examinations to take at
most 6 minutes and hence catch up 9 minutes is 2%. The 15-minute timeslot therefore
still provides capacity to compensate for delays, but the window becomes smaller.

After deriving the 70th percentile for all examinations and comparing them to the
currently allocated timeslots of these examinations, it becomes clear that MG Mam-
mography is one of the few examinations which has a defensive timeslot allocated.

The CR Thorax is a good example to highlight the pinching timeslot allocation of
some examinations. For X-RAY.Hel.GP.Walkin.CRThorax the time slot allocated is
5 minutes, which is smaller than the mean duration of CR Thoraxes (6 minutes) and
covers only 44% of the cases.

Figure 4.11: Examination duration grouping

Given that the mean of CR Thorax examination durations is longer than the allocated
timeslot already indicates that the timeslot allocation for CR Thorax examinations is
too strict. A 10-minute timeslot covers approximately 70% of the data. Given the
lognormal distribution for CR Thorax examinations with the parameters µ = 1.74 and
σ = 0.43, the probability that the examination duration exceeds at least 15 minutes
can be estimated on 2%. The probability that an examination will take 5 minutes
and hence catch-up 5 minutes is approximately 38%. The 10-minute timeslot offers
therefore sufficient capacity to compensate for any delays.

Ideally the probability that the total duration of a sequence of several (independent)
examinations exceeds a given timeslot should be derived. However, since the exami-
nation durations are lognormal distributed, deriving the sum of such random variables
is challenging [19]. Moreover, any conclusions from this part of the research will only
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be reliable and lead to changes in timeslot allocation when the data quality improves.

Therefore, the exact elaboration of the time required per examination for now is post-
poned to future research. However, there are still a number of sections in this study
that relate to the examination duration. In section 4.8.2 the utilization of resources
will be assessed which will use both the currently allocated timeslots of examinations,
and a safe (70th percentile of actual examination duration) estimation of the required
timeslots of examinations.

Since one size does not fit all, the influence of patient and process characteristics
such as age and mobility on examination duration are assessed in section 6.1. Results
from this section can be used to redefine the allocation of examination timeslots for
specific patients.

4.7 Key Performance Indicators

As an organization, the Elkerliek has multiple Key Performance Indicators (KPIs). The
ones relevant for (the performance of) the radiology department are: enhance provi-
sional discharge date, develop healthcare as a system (Better-in, Better-out), reduce
the amount of repeat visits, and optimize the hospitalization period. The radiology
department itself has only one active KPI, namely ”toegangstijd” or access time; the
amount of time a patient (and applicant) has to wait between ordering and performing
the requested examination. This metric is not only important for internal monitoring
and improvement, but an acceptable access time is also required by the Dutch govern-
ment. Every type of examination has its own acceptable access time registered in the
law [37].

A lot of research is done on the efficiency and effectiveness of the radiology depart-
ment of hospitals. Due to the integral role of radiology in the healthcare path defining
a metric that measures the effectiveness of radio diagnostics is multidimensional and
therefore complex. However, there is one golden rule mentioned by [35]: ”inappro-
priate care and diagnostics can never be efficient”. This paper will touch upon this
subject later in section 6.2. General performance and efficiency performance indicators
are easier to define. [3] did a great job at summarizing them as displayed in Table 4.4.

Next to these operational efficiency metrics, the exposure of radiation remains a touch-
ing subject [52], [20], [5] which could be incorporated as a KPI as well. Although
measuring these inward-looking KPIs is important, it should not divert attention from
the larger goal: Healthcare path efficiency and effectiveness.

To compliment the KPIs of radiology departments of hospitals there are quite a few
institutions that provide benchmark information, such as the ACR [52]. The institu-
tion of choice for the Elkerliek is Performation. Performation compares production
and costs of similar hospitals. The Elkerliek is compared to other small peripheral
hospitals. One of the metrics that is compared is the total number of operations times
the national average cost price of these operations, hence providing insight into the
behavior of a hospital in comparison to another. The assimilated cost of MRI is a lot
higher in the Elkerliek than at similar hospitals, indicating the Elkerliek makes more
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use of MRI examinations or more expensive MRI examinations. Especially in surgery
a big deviation can be found in the assimilated cost of MRI. Zooming in on these costs
shows the largest abnormality is in the ”malignant and benign mamma neoplasms”.
To explain this abnormality, the benign neoplasm process is further investigated in
chapter 6.2.

Key Performance Indicator Reference in this paper

Number of patients scanned Section 4.2
Number of referring clinical and outpatient physicians Section 4.2
Ratio of (specialized) medical technicians and number of machines Section 4.4
Utilization actual examination time Section 4.6
Waiting time patients Section 4.8.1
Throughput time single scan Section 4.8.1
Utilization medical technicians Section 4.8.2
Utilization medical hardware Section 4.8.2
Percentage of open slots for the next 30 days None
Capacity allocation utilization None
Utilization radiologists None
Number of no shows None
Number of cancellations None
Number of reports reviewed per full-time radiologists None
Average (overtime) hours worked per employee None
Administrative personnel peak workload None
Total labor costs to total revenue None
Net return on total assets None

Table 4.4: Possible Radiology Key Performance Indicators

4.8 Performance analysis

Section 4.1 to section 4.7 sketched a broad overview of the radiology department of the
Elkerliek. This section will elaborate on the performance of the radiology department of
the Elkerliek. First the throughput time will be analyzed and thereafter the utilization
of resources.

4.8.1 Throughput time

The radiology department of the Elkerliek does not have a clear overview of the flow
and bottleneck of its internal processes. With the use of process mining, which will be
elaborated upon later, these insights can fairly easy be brought to light. For through-
put time analysis and access time analysis for that matter it is important to exclude
follow-up appointments.

As described in chapter 3, the registration of follow-up appointments is not reliable.
This can also be concluded when examining the access times for non-walk-in or emer-
gency CR Thorax and MG Mammography examinations in Figure 4.12. Clearly follow-
up appointments can be distinguished in the peaks in access times around one year
(365 days) and half a year (186 days). However, these peaks contain regular MG Mam-
mography and CR Thorax orders as well. Moreover, the three small peaks of regular

30 Identifying improvement areas at radiology departments: a data science approach



Chapter 4. Business understanding

MG Mammography orders at 50, 100, and 150 days might indicate follow-up appoint-
ments which are not registered as such. Also, the high density of MG Mammography
follow-up orders with a low access time is noticeable.

Figure 4.12: Access Time Kernel Density Estimation (KDE)

Figure 4.13: Access Time KDE max
200 days

Figure 4.14: Access Time KDE max 30
days

No method for excluding the follow-up orders could be found. To still provide some
insight into the performance of the radiology department, the assumption is made that
every order with an access time less than 3 months is a regular (no follow-up) order.

Based on this assumption there are 4754 MG Mammography examinations ordered
from 2016 to 2019 which are not cancelled, have a valid examination time, of which
the trace is in the expected order (first an order then an examination etcetera), and
do not involve follow-up patient (< 3months access time). The minimal and maximal
duration of MG Mammography of the radiology process steps can be found in Table 4.5.

Clearly also waiting times and authorization times are no reliable fields. No patient
will wait 7 days in the waiting room untill a spot at the medical machine is available.
Also, a radiologist will never wait 7 months until the finished scan is reviewed and
authorized. The median values of all process steps appear more realistic and after con-
sultation with domain experts seem to be plausible. Figure 4.15 shows the throughput
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times per stream.

Based on the same assumption and criteria there are 35.379 CR Thorax examina-
tions ordered from 2016 to 2019. The minimal and maximal duration of CR Thorax
of the radiology process steps can be found in Table 4.6.

Access Time Waiting time Production Time Authorization Time

Min Instant Instant 7 Minutes Instant
Max ∼12 Weeks ∼7 Days 59 Minutes ∼7 Months
Avg ∼13 Days 14 Minutes 13 Minutes ∼19 Hours
Median ∼9 Days 8 Minutes 11 Minutes ∼3 Hours

Table 4.5: Throughput time MG Mammography standard statistics

Access Time Waiting time Production Time Authorization Time

Min Instant Instant 2 Minutes Instant
Max ∼12 Weeks ∼21 Hours 15 Minutes ∼3.5 Months
Avg ∼4.3 Days 5.5 Minutes 6 Minutes ∼12 Hours
Median 11.7 Minutes 3 Minutes 5 Minutes ∼2 Hours

Table 4.6: Throughput time CR Thorax standard statistics

While less excessive, the maximal waiting and authorization times for CR Thorax
examinations seem to be unreliable as well. However the median values of CR Tho-
rax examinations seem plausible as well. Figure 4.16 shows the throughput times per
stream.

Figure 4.15: Throughput Time MG
Mammography

Figure 4.16: Throughput Time CR
Thorax

Given the access times, clearly clinical orders gain the most priority, followed by orders
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from general practitioners and finally outpatient clinical orders. The waiting time for
walk-in orders for CR thorax is short. For MG Mammography the waiting time is in
potential (much) longer. This could indicate that the mammography process is not
set up for walk-in examinations. Of course, the reliability of the data points should be
considered before making such conclusions.

Access times

As described, access times is the one followed KPI of the radiology department. As
Figure 4.15 and Figure 4.16 display, the access times for specific examinations and
for different streams. For reporting purposes, it is useful to define these access times
aggregated on modality level. As can be seen in Figure 4.17, ultrasound, mammo and
X-ray perform excellently on access times. More worrying are the access times for
DEXA, MRI and nuclear examinations. Again, it is important to note to that follow-
up studies are manually filtered out (time between registration and examination >3
months). It is therefore possible that this view on the access times is blurred by follow-
up appointments that take place within 3 months. That is why it is advised to mainly
look at the median values. X-ray has a median access time of less than a day, therefore
the median access time for X-ray is not visible in Figure 4.17.

Figure 4.17: Access times per examination group

For both patient satisfaction and flow efficiency in the hospital it can be important that
a patient is examined on the same day as the examination is requested. In Figure 4.18
the amount of examinations that is done on the same day as requested is displayed.
The same day access metric gives insight into to what extend the idea of a ”one stop
shop” is utilized within the Elkerliek. For X-ray examinations 80% of the patients are
helped the same day as the order was created, for CT 7% and for ultrasound 6%.
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Figure 4.18: Same day access ratio per examination group

Waiting room times

It is also useful to aggregate waiting times on modality level. As can be seen in Figure
4.19, MRI, nuclear and CT have high median waiting times, indicating tight schedules,
or a high change of examinations taking longer than expected.

Figure 4.19: Waiting time per examination group

4.8.2 Utilization analysis

This section is intended to provide insight into the extent to which the available re-
sources are used. The three types of resources that are important here are: machine
capacity, capacity of medical technicians and capacity of radiologists. However, this
section does not answer the question of whether there is sufficient capacity. This ques-
tion can only be answered if the waiting times of patients, based on the stochastic
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(emergency) arrival and production speeds, are acceptable according to the standards
of the Elkerliek.

The yearly demand for examinations per modality has been described earlier in section
4.2. The machine, medical technicians and radiologists capacity is described in 4.4.
The allocated timeslots per examination have been described in section 4.6, as well as
a more safe estimation of the actual production time per examination.

In appendix D the distribution of conducted examinations per modality is provided.
From these patterns the modalities can be clustered into two groups. Group 1 con-
sist of X-ray, ultrasound, mammo, nuclear, (OR) radioscopy and DEXA. This group
is open for regular examinations during hospital opening hours (Mo-Fri, 08:00 AM -
17:00 PM) resulting in 45 available hours per week and approximately 2000 hours per
year. Group 2 consist of MRI and CT. This group is open in the weekends as well and
later in the evening. (Mo-Sun, 06:00 AM - 23:00 PM) resulting in 119 available hours
per week and approximately 5000 hours per year.

The required capacity for the annual demand in hours, the capacity of a medical scan,
the number of available medical scans, the number of required medical technicians
per examination and the number of available specialized medical technicians allow the
calculation of the utilization rate as indicated in Table 4.7.

Group Rqd. capacity Machine Util Rqd. #MT Rqd. MT CPTY

X-ray
5.163 allocated timeslot
10.812 save estimate

5 * 2.000 = 52%
5 * 2.000 = 108%

2
10.326
21.624

n/a

MRI
4.270 allocated timeslot
6.526 save estimate

2 * 5.000 = 43%
2* 5.000 = 65%

2
8530
13052

22.000(12.61 FTE) = 39%
22.000(12.61 FTE = 59%

CT
2.424 allocated timeslot
3.950 save estimate

1 * 5.000 = 48%
1 * 5.000 = 79%

2
4848
7900

12.700(7.29 FTE) = 38%
12.700(7.29 FTE) = 62%

Ultrasound
4.437 allocated timeslot
5.830 save estimate

7 * 2.000 = 32%
7 * 2.000 = 42%

1
4437
5830

10.500(6.01 FTE) = 42%
10.500(6.01 FTE) = 56%

Nuclear
685 allocated timeslot
1.237 save estimate

1 * 2.000 = 34%
1* 2.000 = 62%

1
1370
2474

5.600(3.23 FTE) = 12%
5.600(3.23 FTE) = 22%

Angio
630 allocated timeslot
1.203 save estimate

1 * 2.000 = 32%
1 * 2.000 = 60%

2
1260
2406

13.200(7.54 FTE) = 10%
13.200(7.54 FTE) = 18%

Mammo
1.228 allocated timeslot
928 save estimate

1 * 2.000 = 61%
1 * 2.000 = 46%

1
1.228
928

n/a

OR radioscopy
324 allocated timeslot
944 save estimate

3 * 2.000 = 5%
3 * 2.000 = 16%

1
324
944

n/a

DEXA
724 allocated timeslot
723 save estimate

1 * 2.000 = 36%
1 * 2.000 = 36%

1
724
723

n/a

Radioscopy
213 allocated timeslot
281 save estimate

1 * 2.000 = 11%
1 * 2.000 = 14%

1
213
281

n/a

Table 4.7: Capacity Utilization 2019 During Office Hours

Clearly the utilization of machine capacity is quite low. Note that this does not imply
sufficient capacity since demand can come all at once or that some capacity has to be
reserved for emergency orders. The CT scan faces tight capacity when considering the
save estimated duration of examinations. This is important to notice since the demand
for CT examinations has risen in recent years and can be expected to grow further.
While the machine and medical technician capacity of nuclear, DEXA and OR ra-
dioscopy offers quite a lot of room, the access times for these examinations are quite
long (Figure 4.17). Whether this problem originates from planning or from inefficient
utilization of personnel has to be researched by the radiology team itself.
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For the utilization of medical technicians, the number of working hours per FTE is
used. One FTE stands for 1748 working hours per year (based 36 hours per week, ex-
cluding weekends and 25 holidays). Although the utilization per specialization seems
to be low, keep in mind that some of this capacity has to be divided amongst the
modalities that do not require a specialization.

The total annual required medical technician’s capacity is 33260 hours based on the
allocated timeslots of examinations and 56162 hours when considering more safe es-
timations of the duration of examinations. The total available medical technician’s
capacity is 64000 hours per year, which is a utilization rate of 192% and 113% respec-
tively. Hence the medical technician’s capacity can be expected to be ranging from
nearly perfect to more than sufficient. In addition, there is 4.39 FTE allocated to
PACS administrative work, which is performed by trained medical technicians who
can jump in when needed.

To gain insight in whether the 9 FTE of radiologist capacity is sufficient, the amount
of work for the radiologists must be estimated. Since the array of responsibilities of
radiologists is vast this estimation is challenging. In addition, the times spend on
defining an appropriate scan approach, and reviewing and authorizing medical scans
are not recorded in RIS. Therefore, the capacity utilization of the present radiologist
capacity requires future investigation.

4.9 Conclusions

As shown in chapter 3, it is possible that the quality of the data relevant to radi-
ology is insufficient to allow for interesting data analysis. In this chapter the effect
of these data quality issues on access times, waiting times, production times and au-
thorization times became even more apparent. Tracking key performance indicators
(KPI) on this data, such as the access time KPI, provides an inaccurate view on reality.

There are however some conclusions regarding patient arrivals, production times and
planning that can be stated.

1. Although the overall number of conducted examinations seems to be quite static,
there are some noteworthy trends, for example the strong increase in examina-
tions conducted for general practitioners and CTs in general, or the strong de-
crease from internal medicine department and X-rays in general. These trends
should be taken into account for forecasting purposes.

2. The various radiology modalities have an internal competition for resources,
which means that all modalities and their interactions should be modelled in
simulations to capture practical behavior.

3. Patients can be grouped on process and patient characteristics amongst which is
the expected duration of the concerned examination. Based on this expected du-
ration, time slots are allocated to examinations. Visualizing the true production
times of examinations, deriving the averages, and approximating the distribu-
tions provide insight into whether these timeslots are too defensive or too strict
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in practice.

4. Bottlenecks and performance of process flows are not systematically tracked by
the radiology department. Visualizing the events of a specific radiological exam-
ination in chronological order, proves to be an excellent way to provide a clear
overview of the throughput times of these examinations. These overviews can
be used, for example, to gain insight into the differences in performance times
between applicants, and thus highlight bottlenecks.

If the assumption would be made that the data is reliable it turns out that most of
the expected examination times are structurally underestimated, that outpatient clin-
ical patients have longer access times than clinical orders and general practitioners’
orders (which can indicate imbalanced capacity allocation). Moreover, MRI, CT and
nuclear machine capacity is reaching its capacity limits. Ultrasound capacity on the
other hand is plentiful. If the currently used expected time is assumed only half of the
medical technician capacity is utilized. Also, the medical technicians seem to be over
specialized.

All these conclusions should be rectified when reliable data is available. The approach
on how to define patient arrival and production patterns, trends and performance and
their relation to planning, as described in this chapter, can easily be reconstructed in
the radiology dashboard (see section 6.3).
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In depth business understanding

Fundamental to optimal use of resources is knowledge about the variation in patient
arrivals and production times patterns. This chapter therefore analyzes these patterns
and identifies potentially influential factors on these patterns. This chapter continues
the reasoning of the previous chapter in answering research question 2 : How can pa-
tient arrival and production patterns, trends and performance be identified, and how
does the planning process relate to this?

A lot of research has been done on production times of radiology processes. Therefore,
the in-depth understanding of production times will be largely based on literature re-
search and qualitative research methods. Patterns of patient arrival, however, depend
on a hospital’s patient population, the healthcare provided by the hospital in question,
and internal planning. For this reason, the patient’s arrival patterns are examined
using data analysis.

5.1 Production times

As can be concluded from the previous chapter, service times are stochastic. Patients
and process characteristics are very likely to influence this stochastic process. In this
paper this impact is aimed to be quantified, ultimately to provide insights into more
distinguished production distributions and optimization focus fields.

To this end, interviews were held with medical CT technicians and the management
of the radiology department. They describe that the age of patients, mobility of the
patient, complications during the examination, the urgency of the order, infection haz-
ard of symptoms of the patient, and the amount of urgent orders on a workday are
characteristics that can affect the production time. Both patients age and physical
mobility are endorsed by [11]. [40] describes the difficulty for children to put up the
necessary amount of patience for MRI scans, and also [39] indicates that it can be
assumed that the age of a patient might affect the time needed to scan the patient.

Clinical patients tend to take more time, as the physical mobility of these patients
is often reduced. In addition, these patients are often connected to an IV, which
makes undressing difficult. Therefore, the patient’s origin is recorded as a potentially
influential factor over the study duration. In addition, the waiting time for a required
radiologist is sometimes considerable. And therefore, the dependence of a radiologist

38



Chapter 5. In depth business understanding

is also a potentially influential factor on the duration of the examination.

Waiting for staff (e.g. technicians) and overall resource capacity is also described
in [17] as a form of waste. Therefore, the ratio of realized staff level and the required
staff level should be included as a factor on the variance of production times.

Literature suggests that overweight and specifically obese patients [56] effects the pro-
duction time. Mixing inpatients and outpatients which have different needs increases
the variability on scanning efficiency according to [33]. Limited knowledge and/or ex-
pertise influences the efficiency of production as well[17], [58]. It is suggested that that
anesthetization and sedation increase duration of examinations [59]. Shortening time
slots for MRI improves scheduling mistakes and can positively influence the production
rates[39]. Imaging Technology News stated that improving waiting room facilities and
proper staffing is just as important as faster MRI scanners to improve MRI throughput
[23].

In section 4.4 the ideal number of medical technicians per type of examination is
stated. For many examination types this ideal number was higher than 1. Hence
the number of performing medical technicians could impact the variance in examina-
tion duration. Since the radiology department works with a reduced capacity during
breaks, the night and weekends, it is assumed that the day and time of an examination
influences the duration of an examination as well.

All together, Table 5.1 summarizes patient and process characteristics that are likely
to influence the production time of the various examinations of the radiology depart-
ment of the Elkerliek. Orange marks the factors that could not be found in the data
at this time.
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Patient Characteristics

Name Type No. Values/Range Description

Age Numeric 0 - 106 In years
Gender Nominal 2 Male or Female
Mental factors Nominal - Dementia, Claustrophobia, Fear
Physical factors mixed mixed Mobility, Veins, Weight, Overweight, Height

Process Characteristics

Demand origin Nominal 24
Name of demanding specialist group e.g.
Surgeon, Orthopedics

Demand origin group Nominal 4 GP, ED, OP, IP
Appointment Type Nominal 2 Scheduled or Walk In
Urgency Nominal 2 Acute - Elective
Complications Nominal 2 Referral to IC, medical complications
Ratio realized-needed technicians Numeric 0.0 - 300.0 Proportion of standard resources
Infection hazard Nominal 3 Low - Existing - High
Radiologist required Nominal 2 Yes - No
Location of patient Nominal unk. One of the departments of the hospital

Environment Characteristics

Day of the week Nominal 7 Mon, Tues, Wed, Thurs, Fri, Sat, Sun
Time slot of the day Nominal 6 Early AM, AM, Late AM, PM, Evening, Night
Pressure of the day Nominal 3 Low - Normal - High
Pressure of the week Nominal 3 Low - Normal - High
Distribution by emergencies Nominal 3 Low - Normal - High

Table 5.1: Potentially influential factors on examination duration

5.2 Patient arrival patterns

It is certainly interesting to know the total number of orders per modality, as described
in chapter 4. However, to really support the planning and management of the radi-
ology department, it is crucial to be able to explain the variations in the patient’s
arrival patterns [29]. This section examines patient arrival patterns to gain better
understanding of the variance in these demand patterns. In this process CR Thorax
and MG Mammography examinations are again taken as an example.

The frequency of mammography orders varies per month. For example, the frequency
of requested examinations is higher in March than in April, and higher in June than in
July and August. This phenomenon could be explained by the number of holidays in
that month (1-5 in March, 2-12 in April). The same pattern can be observed for CR
Thorax examinations, where the variance between March and April is 18%. There-
fore the overall hypothesis H0 = Patients’ arrivals are correlated with holidays can
be drawn. In order to capture the behavior during holidays, the variable ”Holiday”
was added for observations that represent typical (Dutch) holidays and the variable
”School holiday” was added to indicate observations recorded in a school holiday pe-
riod. In addition, weeks that consist out of more than three holidays are marked as
”reduction weeks”.

Holidays do not explain all behavior however. October for example has more holidays
than September but the demand for mammography examinations is higher during this
month as well. This behavior could be explained by the fact that orders which are
necessary but not requested during holiday periods have surfaced after the summer
holidays (September, October, November). This behavior is also apparent in the order
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distribution of CR Thorax. Therefore, the overall hypothesis H1 = Patients’ arrivals
are correlated with post-holiday periods can be drawn. In order to capture this be-
havior, the variable ”Post-Holiday” was added for days after a holiday. The months
September, October and November are marked as ”Post-Holiday-Period”.

What does not hold for mammography examinations, but does for CR Thorax exami-
nations is that the amount of examinations varies per season. Indicating that demand
for thorax examinations is slightly higher during winter than during spring (5%) and
summer (30%). How seasons effect the demand differs per examination group, but the
overall hypothesis H2 = Patients’ arrivals are correlated with seasons can be drawn.
In order to capture this behavior, the variable ”season” was added.

5.2.1 Daily and hourly patterns

Because regular (schedulable) orders can be scheduled somewhere in the legally bound
access time of 4 weeks, the exact date and time on which these examinations are re-
quested seem not to be of importance. After all an examination requested on Friday
night 02:00 AM can be scheduled somewhere in the next 4 weeks, any day of the week,
any hour of the day. However, as described in section 4.7, the Elkerliek aims to im-
prove healthcare path throughput time. Hence, alignment of radiology capacity to the
demand of the various health-care departments is crucial.

For emergency and walk-in orders, the daily and hourly patient arrival patterns are of
importance as well. After all, if an emergency patient comes in the required capacity
must be (directly) available, even if this patient comes in at Friday night 02:00 AM.
In order to be able to respond adequately to this emergency and walk-in demand, it
is important to be aware of daily patient arrival patterns. In this subsection the daily
and hourly patient distribution patterns will be explored, with the use of violin plots.

For both mammography (Figure 5.1) and CR Thorax (Figure 5.2) examinations, the
number of orders clearly differs per workday. The mammography orders peak on Tues-
day and Thursday with no orders in the weekend. The CR Thorax examination orders
peak on Monday and steadily decrease throughout the week with a slight increase on
Thursday. In order to find weekdays with similar behavior a simple χ2 grouping can
be conducted. For CR Thorax it can for example be derived that the distribution
of both Saturday and Sunday (χ2 = 2.26) and Tuesday to Friday (χ2 = 5.26) can
be considered similar. However, Monday to Friday (χ2 = 20.93) are not, resulting in
the conclusion that a variable ”type-of-weekday” should consist out of three categories
weekend, post-weekend (Monday) and regular weekdays (Tuesday - Friday). However,
this grouping does not hold for mammography nor all other examinations. For now,
the grouping will therefore be discarded, but nevertheless the hypothesis H3 = Walk-in
patients’ arrivals are correlated with weekdays can be drawn.
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Figure 5.1: Mammography orders per weekday

Figure 5.2: CR Thorax orders per weekday

The distributions displayed in Figure 5.1 and Figure 5.2 indicate that referring spe-
cialist might have dense consultation hours on specific weekdays. From Figure 4.5 in
chapter 4 can be derived that surgery is the largest consumer of mammography exam-
inations. As depicted in Figure 5.3 surgery has consultation hours mainly on Tuesday
and Thursday, explaining the peaks for mammography examinations on these days.
Surgery and orthopedics are the largest consumers of X-ray (CR) examinations. After
filtering on CR Thorax examinations, it becomes apparent that the lung department
and internal medicine department are the main consumers of CR Thorax. As depicted
in Figure 5.3 both the Lung and Internal department have consultation hours mainly
on Monday, hence explaining the peak for CR Thorax examinations on Mondays. From
these finding the hypothesis H4 = Walk-in patients’ arrivals are correlated with con-
sultation hours of medical departments can be drawn.
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The demand for radiology depends not only on outpatient agendas, but also on OR
planning and clinical occupation. The historical OR schedules and clinical occupancy
are currently unknown. Therefore, the exact effects of these characteristics cannot be
determined. To be comprehensive, the hypotheses H5 = Arrivals of walk-in patients
are correlated with OR schedules and H6 = Arrivals of walk-in patients are correlated
with clinical occupancy are formulated.

Figure 5.3: Amount of patient consultations per department

The distribution of CR Thorax emergency orders over the weekdays is quite static. In
fact, none of the most common examinations do deviate from this static daily pattern.
Moreover, holidays and school holidays do not seem to affect the number of emergency
radiology orders. There are too few emergency mammography orders to validate these
patterns for mammography examinations. In Figure 5.4 the day start, lunch, and day
end is clearly visible. Also, specific examinations such as the CR Thorax and non-
outpatient orders follow this distribution. Logical grouping would be Early morning
(7-8, χ2 = 60.40 ), Late morning (9-11, χ2 = 0.20 ), Afternoon (12 - 16, χ2 = 8.98 ),
Evening (17-23, χ2 = 49.95 ), Night (24 - 06, χ2 = 1.32 ). This grouping is used in
the variable ”time-of-the-day” which is used to validate the hypothesis H7 = Patients’
arrivals are correlated with time of the day.
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Figure 5.4: Distribution of All Types of Examinations over Work hours

All together Table 5.2 summarizes process characteristics that are likely to influence
the patient arrival patterns of the various examinations of the radiology department
of the Elkerliek.

Process Characteristics

Consultation hours Numeric 0 - 300 Amount of consultations per specialist group
Day of the week Nominal 7 Mon, Tues, Wed, Thurs, Fri, Sat, Sun
Weather temperature Numeric -10.1 - 40.5 Degrees Celsius
Rainfall Numeric 0 - 41.5 Millimeters
Wind Numeric 10 - 180 Kilometers per Hour
Holiday Nominal 2 Yes, No
School Holiday Nominal 2 Yes, No
Pre and Post-Holiday Nominal 2 Yes, No
Pre and Post-School Holiday Nominal 2 Yes, No
Reduction week Nominal 2 Yes, No

Table 5.2: Potentially influential factors on patient arrival

5.3 Conclusions

For production times, potentially influential factors have been derived based on lit-
erature and qualitative research methods. Potentially influential factors for patient
arrival patterns have been derived from data analysis of two examinations: MG Mam-
mography and CR Thorax. This data analysis method can be easily reconstructed for
other examinations in the radiology dashboard (see section 6.3).

The number of consultation hours of both internal medicine and the lung medicine
department is striking. Both peak on Monday, while both have the same demand for
radiological exams (high on CR Thorax orders). Spreading the demand for radiology
by smart allocation of consultation hours from departments that have a similar demand
for radiology could remove the spikes in the workload of the radiology department.
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Modelling

Section 6.1 of this chapter begins by quantifying the impact of the different charac-
teristics on production times and patient arrival patterns as described in chapter 5
using regression. Section 6.1 completes the work done on Research question 2 : How
can patient arrival and production patterns, trends and performance be identified, and
how does the planning process relate to this?

In section 6.2 process mining techniques are then used to gain insight into the role
and position of radiology in healthcare paths. This section answers Research question
3 : How can the role and position of radiology in the flow effectiveness of a healthcare
process be made transparent?

Lastly, section 6.3 describes how visualization techniques can support the use of
data analysis in practice. This section answers Research question 4 : How can the data
analysis insights be used in practice?

6.1 Regression

Literature research, interviews with domain experts, and thorough examination of the
data have shed light on possible influence factors on production times and patient
arrival. In this chapter these hypotheses are quantified with the use of machine learn-
ing techniques. The goal of this approach is to predict production times and forecast
patient arrivals with as little unexplained variation as possible.

For the latter advanced forecasting methodologies are increasingly capable of com-
ing close to nearly optimal forecasts. However, healthcare workers are increasingly
looking for forecasting methods that deliver results that are easy to understand [16].
Moreover, in some settings simple forecasting methodologies might even make better
predictions than complicated ones [16]. Given its simple nature, regression analysis
is used in this research for both the prediction of production times as for forecasting
patient arrivals.

Since the aim is to reduce variation for all examinations, the regressions should have
a high automated character. It is important to note that such a completely automatic
approach is likely to be sub-optimal. However, precise estimates are for both expected
patient arrivals as for production times not the goal of this research. Hence, such a
automated approach is sufficient. Another important remark is that derived correla-
tion does not imply causation. The resulting correlation findings are solely to support
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discussion making.

6.1.1 Pre-processing

Clustering

Continuous data is often easier understood when grouped into logical categories. More-
over, categorical variables have a higher chance of providing meaningful results towards
defining target variables due to a bounded number of degrees of freedom. Therefore,
numeric variables are grouped with the use of various methods. The variable ”Over-
weight” is classified by the function BodyMassIndex = weight(kg)/height(m)2. A
Body Mass Index between 18.5 -25 is healthy, between 25-30 indicates overweight and
above 30 obese.

Variables that do not have logical cut-off values, and are self-contained (one dimen-
sion) can be grouped with various types of discretization such as equal-width binning,
equal-frequency binning and with the use of the k-means algorithm. In this paper the
k-means algorithm is used for discretization. The k-means algorithm starts with ini-
tializing k centroids with some value. Every data point in the dataset is then assigned
to its nearest centroid. Thereafter the centroids are reset to the mean of the data points
that are assigned to the centroid. This process continues until an acceptable score for
the sum of distances between data points and centroids is found. The pressure of the
day, pressure of the week, and the intensity of consultation hours of specialists are
discretized in this way.

Lastly, there are variables that can be viewed from a multi-dimensional perspective,
such as a combination of rainfall, minimal temperature, and windspeed on a day. These
variables are clustered, after standardization, with the k-means algorithm as well.

Encoding
Although categorical variables are often easier to understand, many classification algo-
rithms require numerical input variables. Therefore, the categorical variables, includ-
ing the variables just generated as described above, must be transformed into numeric
values. There are various methods for this purpose all under the collective name ”En-
coding”. For this research one-hot encoding is used. Label encoding was discarded
because of the possible misinterpretation of assigned weights, and binary encoding
seems to be a bit overkill given the small number of categories per variable.

Multicollinearity
After the encoding, the features have to be checked on multicollinearity. This is a
phenomenal which arises when descriptive features are reciprocally correlated. As a
general rule of thumb, variables that have a correlation coefficient, with other input
variables, greater than 0.8 should to be dropped.

Feature Selection
The number of variables for both the production times and the patient arrival patterns
as defined in Table 5.1 and Table 5.2 is, definitely after encoding, quite large. The
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danger of overfitting a forecasting model is therefore present. This phenomenal is also
known as the curse of dimensionality. To tackle this problem, a subset of the most
relevant features should be extracted. To this end, various approaches can be taken.
[22] for example uses a kernel density estimation to define the number of modes, as-
suming that a feature with a lot of modes will have more predictive power than one
with less. Since different examinations react differently on the divergent variables,
a method which can dynamically select the most influential factors per examination
should be used. For this purpose, Recursive Feature Elimination (RFE) is used. This
method fits a regression model and deletes the least influential factor recursively until
a specific amount of factors is reached.

6.1.2 Implementation: Production Times

In Table 5.1 the factors that are expected to be relevant for predicting the production
times are summarized. In this section these factors will be quantified by means of
regression. To gain meaningful production time results from the regression, the exami-
nations that have invalid examination times are excluded from the dataset. Moreover,
since not all orders in RIS could be linked to HIX and hence some crucial information
regarding patients’ mobility, age, sex and pregnancy are missing, these orders are ex-
cluded from the dataset as well.

The final production times data set is now ready for regression analysis. In the specific
case of MG Mammography examinations, the dataset consists of 2329 records and is
distributed as displayed in Table 6.1:

Low Pressure Medium Pressure High Pressure Not pregnant Emergency B L
23% 59% 18% 100% 2% 0% 99%

O R Helmond M V No holiday Holiday
0% 1% 100% 4% 96% 99% 1%

No schoolholiday Schoolholiday Appointment Walk-in GP. IP. OP.
84% 16% 95% 5% 83% 1% 16%

Healthy Obesitas Overweight Child Adolescent Adult Elder
43% 24% 33% 0% 0% 62% 32%

Old Friday Monday Thursday
6% 11% 23% 22%

Table 6.1: Production time regression input variables MG Mammography

It is important to note that the production time of examinations consists of the exam-
ination itself, guiding patients to dressing rooms and (un)dressing (Figure 4.7). This
compensation of event might blur the results of the regression analysis. While running
the RFE code in the Python framework for mammography examinations indeed barely
any predictive power was found in any of the variables included in the analysis (Figure
6.1).
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Figure 6.1: RFE Mammography Figure 6.2: Regression output

The two variables with some predictive power are patients in a wheelchair and having
appointment type ”Walk-in” (Table 6.2).

Name variable Coefficient Standard deviation of Coefficient P Value

Coef 13 0.1 0.000
Wheelchair 1.7 1.4 0.242
Walk-in -1.7 0.6 0.004

Table 6.2: Regression coefficients production times MG Mammography

As depicted in Figure 6.2, clearly no regression line can be found with the these vari-
ables. The extreme outliers that can be observed have no special patient or process
characteristics such as mobility, age, or emergency order. These results are curious
since medical technician’s state that some significant extra time is needed for patients
in wheelchairs for example. One explanation for the lack of predictive power of vari-
ables could be that examination durations are logged in a too inconsistent manner.

After verification with medical technicians it became indeed apparent that the var-
ious medical technicians were inconsistently registering examination duration. During
the observed CT scans no examination duration is registered. The medical technicians
just start and stop the examinations after the examination is finished. During the
observed angio examination, the examination time was started 28 minutes before the
examination truly took place, granted that some preparation had to be done before
committing to the actual examination and that the examination had to wait for the
radiologist to arrive. While observing DSI examinations it became apparent that no
hardware (PC) is available for registering the start and stop times in time. For the
ultra sound the various medical technicians are sometimes starting the examination
before preparing the patient and other times after the preparation. Start and end times
of X-ray and mammography examinations seem to be registered the most consistent.

Given the inconsistency of the registered examination duration, the regression anal-
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ysis of the production time has not been elaborated further. This analysis can be easily
continued in the Python framework once the examination times have become reliable.

The fact that medical technicians find it unpractical and irrelevant to register these
times more consistently, gives rise to the question how examination duration could be
analyzed in a robust way. Next to the examination duration logged in RIS, the exact
scan duration is logged by the medical scans and thereafter uploaded to PACS. This
time could be used to conduct a regression analysis on the exact scan time duration.
The time between examinations can be assigned to finishing up a previous patient,
preparing the next patient, or to breaks and other forms of waste (Figure 6.3).

Figure 6.3: RIS and PACS registration of examination duration

The alternative would be to ask the medical technicians to register their production
times more accurate and constant. This is already the case in the daily practices of
the nursing staff. They do register their start and stop times for examinations very
precise. Although this is the most practical scenario, it adds to the administrative
burden that medical personnel experience. Another option would be to automatically
request feedback when an examination took longer or shorter than expected, asking
for the cause of this anomaly. In essence, this process is already used when report-
ing incidents (called VIMmen). However, this method uses unstructured data, which
makes quantifying the problems difficult.

6.1.3 Implementation: Patient Arrival Patterns

In Table 5.2 the factors that are expected to be relevant for predicting the patient
arrivals are summarized. In this section these factors will be quantified by means of
regression. All factors that are expected to have impact on patient arrival patterns are
registered in or can be derived from records in RIS. Hence after the data preprocessing
steps no future data cleaning steps are necessary. In the specific case of MG Mam-
mography examinations, the dataset consists of 11974 records and are distributed as
displayed in Table 6.3.
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Monday Tuesday Wednesday Thursday Friday
14% 28% 15% 24% 15%

Saturday Sunday Holiday Next Day Holiday Prev Day Holiday
2% 2% 1% 2% 3%

Reduction week Autumn Spring Summer Winter
16% 27% 25% 25% 23%

Weather 1 Weather 2 Weather 3
47% 11% 42%

MinTemp Wind Rain
Min: -10.1
Max: 23.6
Mean: 6.3

Min: 10
Max: 180
Mean: 57

Min: 0
Max: 41.5
Mean: 1.91

Table 6.3: Patient arrival regression input variables MG Mammography

The RFE code in the Python framework found that the optimal number of features to
be included in the regression analysis for patient arrival patterns is six (Figure 6.4).

Figure 6.4: RFE Mammography Figure 6.5: Regression output

These six features are Tuesday, Thursday, Saturday, Sunday, Holiday, SchoolHoliday
(Table 6.4), which confirms and quantifies the finding in section 5.2. With the use of
the derived variables and the corresponding coefficients, a prediction on the number
of orders on a day can be derived.

Name variable Coefficient Standard deviation of Coefficient P Value

Constant 10 0.1 0.000
Tuesday 8 0.1 0.000
Thursday 6 0.1 0.000
Saturday -9 0.4 0.000
Sunday -9 0.3 0.000
Holiday -5 0.6 0.000
School Holiday -3 0.1 0.000

Table 6.4: Regression coefficients patient arrivals MG Mammography

Using this model, a regression line as displayed in Figure 6.5 can be derived. The
color scale blue to red represents the density of data points. This regression line can
support the planning department with deriving the expected number of patients for
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a day. A Tuesday for example will most likely be 18, almost never less than 8, and
almost never more than 25. Mondays, Wednesdays and Fridays will most likely be 10,
almost never less than 4, and almost never more than 18. Depending on the service
level the Elkerliek is aiming for the resource allocation for MG Mammographys can be
set based on these numbers.

In the Python framework build in this research, this regression analysis can easily be
performed for all other radiology examinations of the Elkerliek. MG Mammography
examinations are often ordered by the surgery department and are often scheduled
orders. CR Thorax examinations are often ordered by general practitioners and are
mostly walk-in orders. Since the success of forecasting methods in hospitals can differ
based on the ratio of planned and unplanned orders [16], the result of the regression
on patient arrival patterns of CR Thorax examinations might be less conclusive.

In the case of CR Thorax examinations, the dataset consist of 67651 records and
are distributed as depicted in Table 6.5.

Monday Tuesday Wednesday Thursday Friday
21% 19% 17% 19% 16%

Saturday Sunday Holiday Next Day Holiday Prev Day Holiday
4% 4% 1% 2% 2%

Reduction week Autumn Spring Summer Winter
18% 24% 26% 23% 27%

Weather 1 Weather 2 Weather 3
43% 12% 45%

MinTemp Wind Rain
Min: -10.1
Max: 23.6
Mean: 6

Min: 10
Max: 180
Mean: 57

Min: 0
Max: 41.5
Mean: 2

Table 6.5: Patient arrival regression input variables CR Thorax

In case of CR Thorax examinations, eight variables that influence patient arrival pat-
terns can be defined, namely Monday, Saturday, Sunday, Holiday, NextDay Holiday,
PrevDay Holiday, Reduction week, and Weather 3.
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Name variable Coef. Std. Dev. P Value

Constant 60 0.1 0.000
Monday 14 0.1 0.000
Saturday -46 0.3 0.000
Sunday -44 0.3 0.000
Holiday -31 0.5 0.000
NextDay Holiday 5 0.4 0.000
PrevDay Holiday 1 0.3 0.000
Reduction week -8 0.1 0.000
Weather 3 5 0.2 0.000

Table 6.6: Regression coefficients patient
arrivals CR Thorax

Figure 6.6: Regression output CR
Thorax

For this model the regression line as displayed in Figure 6.6 can be derived. Again,
the regression line can support the planning department with deriving the expected
number of patients for a day.

6.1.4 Sub-conclusions

The unexplained variance in production times can barely be reduced by means of re-
gression, this is most likely due to inconsistent manual logging of examination start
and stop times. As a solution to this problem the exact scan times can be extracted
from PACS. Alternatively, concrete agreements have to be made on how and when in
the process the start and stop times are registered. After the quality of production
time data is improved the regression analysis can easily be continued in the Python
framework. Which in turn will explain some of the unknown variability in production
times, which can be used to more accurately allocated timeslots to patients and thus
to improve resource optimization.

The regression analysis approach provides more interesting results for explaining the
variance in patient arrivals. The analysis on patient arrivals for MG Mammography
and CR Thorax suggest to use the following formula to estimate the expected or-
ders: Constante + αeWeekdaywd + βeSeasonw + γeHolidayhd + δeReductionweekhd +
ηeWeatherwt + ε. Where e is the examination at hand and α, β, γ, δ, η the coefficients
derived by the regression analysis.

The expected amount of orders of an entire modality is then
i∑

c=1

DemandPerExami-

nation, with c as a specific examination and i as the total of examinations in a modality.

There is, however, still a lot of variation unexplained (MG Mammography R-squared of
0.503, CR Thorax R-squared of 0.644). Although adding new variables into the mix or
using different machine learning techniques might decrease the amount of unexplained
behavior, it will not likely fully close the gap between expected an actual demand due
to lacking insights into patient healthcare paths.
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6.2 Process mining

As described, patient arrivals can be explained to some extent by the day of the week,
holidays and sometimes the weather. However, to truly understand the demand for
radiology, it is imperative to understand the healthcare processes in which radiology or-
ders are embedded. This in-depth understanding is also crucial for the transition from
a supply-driven to a demand-driven care system. Moreover, these insights can also in-
dicate areas of attention for efficiency and effectiveness from a radiological perspective.

In this research process mining techniques are proposed as a method to gain more
insight into this role and position of radiology in care paths. Benign neoplasm mamma
healthcare paths are used as an example to test these techniques. This diagnosis was
specifically chosen because the assimilated costs of these healthcare paths at Elkerliek
are higher than at other comparable hospitals (see section 4.7).

Before committing to process mining, the relevant data should be collected and pre-
pared. As described by [1], the core of process mining requires the data to be structured
as event logs as shown in Table 6.7. Event logs contain essential data for process mining
research: an event ID, an activity, a timestamp (start - stop), and possibly additional
fields such as allocated resources and costs. Events are grouped as cases, a series of
events, also known as trace.

Case ID Event ID
Properties

Timestamp Activity Resource Cost ...

1 1001 30-12-2019 11:02 Beleid Poliklinisch Surgeon 10 ...
1002 31-12-2019 10:06 Radiologie aanvraag Medical technician 30 ...

2 1003 05-01-2019 15:12 Beleid Poliklinisch Surgeon 10 ...
1004 06-01-2019 11:18 Radiologie aanvraag Medical technician 30 ...
1005 07-01-2019 14:24 Opname Nurcing 50 ...

Table 6.7: Event log

The extraction of HIX orders for benign neoplasm mamma is performed with a SQL
query that can be easily run for other diagnosis. However, the extracted data from
HIX and RIS is not saved according to the event log format. Therefore, this data
undergoes the following preparation steps in the Python framework.

• The data is dynamically converted into event logs. Different possible levels of
abstraction can be used in this process. In this chapter the abstraction level
”ZorgtrajectNummer” is used.

• ZorgtrajectNummers that have not yet been completed are excluded from the
final dataset, to ensure that only completed paths are included.

• In consultation with a domain expert (medical specialist) irrelevant orders such
as administrative procedures are removed.

• Similar assignments with minor deviations in the description of the activity, such
as ”Arrange aftercare” and ”Aftercare”, are brought together under one activity
name.

• Activities that occur together with the same timestamp are often arranged in
varying order, for example ”policy outpatient, radiology order” and ”radiology
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order, policy outpatient”. All these orders have been ordered alphabetically in
this study, in order to avoid unnecessary complexity in the control flows.

With the event logs prepared, process mining techniques can be used to discover con-
trol flows. There are various algorithms for doing so. [24] found that the normally
robust algorithm Heuristic Miner is not appropriate for healthcare applications. Due
to the complex cross-functional nature of healthcare processes the inductive miner al-
gorithm is often considered as more reliable. Therefore this algorithm is used to mine
the control flows displayed in for example Figure 6.7 and Figure 6.8.

Of the 2411 benign neoplasm mamma healthcare paths that have started within the
Elkerliek since 2008, 1654 have been completed. The average duration of these health-
care paths is 706.6 days or 2.1 years (median 449 days or 1.3 years). The longest path
took 4,582 days or 13.6 years. The shortest path took 15 days.

During these 1654 healthcare paths, 8050 relevant orders were requested, including
2326 radiological investigations (17 internal radiology examinations, 2244 regular ra-
diology examinations and 65 urgent radiology examinations). On average, a benign
neoplasm mamma healthcare path therefore consists for 30% of radiological research.
The treatment or rather monitoring of benign neoplasm mamma healthcare paths can
be intensive or less intensive. The difference in the amount of radiology examination
is therefore also significant. The maximum number of radiology examinations in a
healthcare path is for example 19 and the minimum 0. To gain more insight into these
deviations in intensity, a more in-depth analysis of these paths is required.

The largest chuck (48.04%) of the benign neoplasm mamma healthcare paths con-
sist of only one outpatient clinical order and one radiology order, as depicted in Figure
6.7.

Figure 6.7: 48.04% of benign neoplasm mamma paths

The abstract benign neoplasm mamma process in Figure 6.7 can be enriched by adding
the exact radiology orders to the eventlog. Only radiology orders with a Zorgtraject-
Nummer could be joined (see chapter 3). This additional data provides a more detailed
view on the control flow in Figure 6.7. 66% of the cases are MG Mammography C,
9% are MG Mammography control after BOBZ, 8% are regular MG Mammography,
8% are ultrasound mamma’s, and 4% are MG Mammography annual controls (Figure
6.8)
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Figure 6.8: 48.04% of benign neoplasm mamma paths extended

The number of radiology examinations does not necessarily depend on the duration of
a healthcare process. Take, for example, the two routes marked with large spheres in
Figure 6.9.

Figure 6.9: Radiology orders and du-
ration Figure 6.10: Cost of healthcare paths

One of these healthcare paths marked with a large sphere has a long duration ∼4500
days, relatively few (10) orders and relatively much (5) radiology orders. As turns out
this path only consists out of a loop of outpatient clinical orders and radiology orders,
as depicted in Figure 6.11.
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Figure 6.11: Petri Net of Long-Term Benign Neoplasm Mamma Paths

The other healthcare path marked with a large sphere is shorter in duration (∼1500
days) and consists of a lot of orders (24) and relatively few radiology orders (5).
As depicted in Figure 6.12 this path is more complex, containing OR orders and
hospitalization.

Figure 6.12: Petri Net of Short-Term Benign Neoplasm Mamma Paths

Only 6% of the benign neoplasm mamma healthcare paths have a complex character
and contain more than 12 events. In most of these cases radiology orders, laboratory
orders, MDO, hospitalization or OR (Operation Room) have a central position. In
these cases, radiological examinations have probably given reason to take action.

From this point on a couple of paths can be taken.

1. The benign neoplasm mamma paths can be clustered in order to reduce com-
plexity of the overall process [55], [26], [9] [53], [60].

2. The actual healthcare paths within the Elkerliek can be compared to text-book
healthcare paths for benign neoplasm mamma, in order to find inconsistencies
between what is actually conducted and what is considered useful [47],[2].

3. The differences in chosen healthcare paths between requesting specialists or prac-
ticing radiologist can be made insightful.

4. Choices going right or left so to speak in a healthcare path could be explained by
decision point mining on patient characteristics and the clinical picture at hand
[47],[2].

5. Score diagnostic choices in healthcare paths with the use of industry best prac-
tices, in order to recognize inappropriate radiology orders [35]. Ultimately to
shift from volume-oriented healthcare to value-oriented healthcare [36].
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Currently however there are several aspects that require attention before these paths
can be taken. First, the data inconsistencies blur the outcome of the clustering al-
gorithms. Second, text-book paths are typically not available in Petri net or BPMN
format and have hence to be derived from domain knowledge. Literature [21], [35] can
provide some basis for the creation of the text-book path Petri nets, but this approach
requires revision by medical specialists. Third, difference between the chosen strategies
of requesting specialist or practicing radiologist can be due to the fact that one spe-
cialist provides care for different type of patients than the other. Lastly, decision point
mining requires in-depth information regarding the clinical picture of a patient which
at this moment is not available nor can correctly be interpreted without assistance.

6.2.1 Conclusions

The basic process mining techniques prove to be able to derive a basic understand-
ing of healthcare paths of specific diagnosis. In addition, technically the application
of clustering, text-book path alignment and decision point mining is possible. Hence
after the data is made completely reliable and extended with the required data fields,
process mining applications can be of practical use for insights into healthcare pro-
cesses, patient grouping and for the forecasting of radiology services.

The methodology on how the role and position of radiology affects the effectiveness
of healthcare paths can be assessed still needs to be derived. However the differences
in the healthcare paths with regards of radiology orders provide incentive to look into
the underlying reasons for these choices more deeply.

6.3 Visualizations

As described in section 6.1 there is still quite a bit of unexplained behavior in radiology
production times and patient arrival patterns. In addition, section 6.2 concluded that
more research is needed to derive patient arrival patterns based on the clinical path
and picture of a patient. This together makes estimating reliable production times and
patient arrival distributions difficult.

Fortunately, the Elkerliek’s radiology department has skilled medical technicians and
is supported by an expertly facilitating management team. Together, the radiology
department can handle the unexpected. However, in the hierarchical structure of a
hospital, it can be difficult for operational personnel to communicate optimization op-
portunities and to request priority for those opportunities. Therefore, an interactive
dashboard that is relevant and accessible for all layers of the hospital is created. The
data in this dashboard is visualized in a way to support the use of data analysis in
practice and to stimulate continues improvement within the radiology department.

It is important to think about the tasks one is going to perform with the data, before
actually starting the visualization process [32]. This chapter will therefore first de-
scribe the research questions answered by this design, which specific tasks the design
can perform, what functionality and design choices have been made, and lastly how
the analysis layer can be used in practice.
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In collaboration with the management of the Elkerliek’s radiology department, re-
search questions concerning this department are derived. At the highest level these
questions touch upon four subjects, namely strategic, operational performance, patient
arrival patterns and integral performance. In Appendix C the research questions, cor-
responding tasks and design choices are described.

The figures used throughout this research (such as 4.1, 4.5 , 4.6, 4.8, 4.17, 4.18, 5.1, and
5.4) are a result of the research questions stated and the design choices made. In sec-
tion 4.8.1 the throughput times of various examinations are systematically visualised
in Figure 4.15. Originally this figure was created with the process mining tool Disco.
For ease of use this systematic visualization of throughput times is also implemented
in the radiology dashboard (Figure 6.13).

Figure 6.13: ”Disco-like” representation of throughput times.

6.3.1 Use Cases

To put the radiology dashboard to the test use cases can be defined. Some of these
use cases have already been tested. These cases are highlighted with an asterisk.

* Corona pandemic
On March 11, 2020 the spread of the Corona virus COVID-19 is officially announced
a pandemic. Hospitals all over the Netherlands have to turn to emergency protocols.
After the first large wave of infections the Elkerliek wanted to restart the ”normal”
healthcare processes, including conducting the radiology orders that have been in the
backlog for quite some time. The analytical layer build in this research helped the
management of the radiology department to create an image of what demand they
could expect from the different requesting parties, and what capacity they should keep
in reserve. This insight empowered the management of the radiology department to
stand up to the demanding specialists.

Throughput time analysis
Once again, the radiology requests from the clinic proved to be challenging. Two walk-
in patients came in for a CR Thorax. Both patients were strapped with IV making it
hard to undress the patients. Meanwhile the scheduled patients had to wait until the
clinical walk-in scans were completed. Afterwards the medical technicians had a look
at the radiology dashboard to see what the impact was on the waiting time of the out-
patient clinical patients that were imaged that day. To this end, they compare today
with another similar Tuesday and found the wait times was twice as long as normal.
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In addition, the examination time for clinical patients was significantly higher. With
these findings the medical technicians went to the radiology manager to indicate the
problem of not prepared clinical walk-in orders.

Time slot allocation
Again, two medical technicians worked overtime because the examinations took longer
than expected. Out of curiosity the medical technicians took a look at the time slot
allocation tap of the radiology dashboard. They searched for ”CT Brain”, which was
the examination they performed the most that day. They selected the moment they
started to notice additional pressure meeting the scheduled timeframe. The radiol-
ogy dashboard provided them with a proposed timeslot which takes the change of
overtime into account. They found out that the scheduled time for this examination
is 5 minutes per examination less than the proposed timeslot by the radiology dash-
board. The medical technicians discussed these findings with the planning department.

Long term capacity allocation
Increasingly often the reserved CT timeslots for internal medicine on Monday late af-
ternoon are not filled. A quick call to the internal medicine department results in the
insight that one specialist has retired hence reducing the required capacity on Mon-
days. To find out which department benefits the most of allocated CT timeslots on
Monday later afternoon, the planning employee utilizes the radiology dashboard to
view daily and hourly demand patterns for CT from different departments and con-
cludes that neurology benefits the most from these timeslots.

Short term capacity allocation
The football world cup final is in three weeks and the personnel of the radiology de-
partment asks whether they could have additional free time during this day. To answer
this question the radiology manager utilizes the radiology dashboard to look up his-
torical dates of big sport events. A significant drop in demand can be viewed in these
days and therefore the radiology manager concludes that a reduced occupation during
the football world cup would be sufficient.

6.3.2 Conclusions

Supported with an accessible data analysis tool, the highly trained and experienced
radiology team can harness the power of data analysis to improve alignment with the
rest of the hospital, optimize capacity allocation and utilization, reduce access times,
waiting times and the number of no-shows, ultimately providing the needed healthcare
in a value-driven way.
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Conclusion

This chapter summarizes the most important conclusions of this research. Section 7.1
of this final chapter provides a summary of the research questions answered in this
research. Section 7.2 describes the practical contribution of this research delivered to
the Elkerliek for the identification of improvements areas in radiology. Section 7.3 and
section 7.4 describe the limitations of this research and future work respectively. The
final section of this report, section 7.5, describes the overall conclusion of this research.

7.1 Conclusions on research questions

Is relevant data available and of sufficient quality, and how can it be im-
proved?
The directly available data for the radiology department is of insufficient quality to
perform of-the-shelf data analysis on. The manual logging of process data such as
timestamps for example is error prone and has serious consequences for the reliabil-
ity of (key) performance analyses. Moreover, not all data relevant for the radiology
department is available. Data such as consultation hours of other departments of the
hospital are not suitable for analysis and reporting standpoints, and data regarding
actual scan times or authorization times cannot be accessed due to system rights.

The whole radiology department will migrate to the HIX environment in two years.
Getting familiar with the mechanics of HIX, making sure all the relevant data is present
in HIX and already migrate all analyses and reporting practices of the radiology de-
partment to HIX will increase the connectivity with other systems and departments of
the Elkerliek, ensures a smooth transition to HIX and provides a more mature analysis
and reporting setup.

Concrete agreements on consistent and robust logging of examination duration and
patient/process characteristics have to be made in order to accurately track perfor-
mance and for planning purposes. Alternatively, the actual scan timestamps registered
by the medical machines in PACS could be used, but this limits insights into exami-
nation preparation times.

How can patient arrival and production patterns, trends and performance
be identified, and how does the planning process relate to this?
Based on literature, this research introduced some useful key performance indicators
backed with relevant data to show how the current performance can be identified. In
addition, a simply understandable regression methodology to predict production times
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and patient arrivals is proposed in this research. Data quality issues make it however
challenging to derive conclusions on the performance of the radiology department and
to explain the differences in production times.

Patient arrival patterns on the other hand are predictable with the use of this
methodology, explaining more than half of the variation that occurs. These insights
can therefore be implemented to support the planning department in their daily prac-
tices. The role of consultation hours of medical specialists is of considerable importance
on patient arrivals. Therefore, the concentration of consultation hours of departments
with the same demand for radiology examinations requires attention.

How can the role and position of radiology in the flow effectiveness of a
healthcare process be made transparent?
From the data present in systems of the Elkerliek event logs can be generated. Pro-
cess mining shows actual behavior of healthcare paths and the role and position of
radiology in these paths. Knowing the expected paths of patients and therefore the
expected radiology demand can help close the gap between the known patient arrivals
as derived by the regression analysis and the actual patient arrivals. Because process
mining algorithms are sensible to order and time, the data quality issues make deriving
conclusions at this moment in time challenging.

After improving the data quality and deriving the role and position of radiology
in specific healthcare paths, trace clustering, text-book path alignment, and decision
point mining can be used to explain differences in flow effectiveness and costs.

How can the data analysis insights be used in practice?
The bottom-up organizational structure of the radiology department requires all em-
ployees to be able to conduct data analysis. This research derived top of mind research
questions, which overlap the KPIs somewhat, and a data visualization tool was set up,
which enables data analysis on these research questions. The setup has yet to be
brought into practice.

7.2 Practical contributions

In the previous section the observations of this research are described. This section
summarizes the practical contributions to the Elkerliek and specifically the radiology
department.

• An iterative radiology dashboard which enables data analysis and supports bottom-
up improvement initiatives with facts;

• A Python framework for data preprocessing, regression analyses, and event log
generation;

• An analysis of the current radiology department performance (all conclusions
should be rectified when reliable data is available). The main takeaways for this
analysis are:

– CT and nuclear modalities are experiencing significant growth.
– There is also a significant increase in all modalities from general practition-

ers.
– Given the growth in CT demand and limited CT capacity, The CT machine

capacity may become dire in the future.
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– The ultrasound machine capacity is overabundant.
– Medical technicians are often over-specialized, but in general terms an ac-

ceptable medical technician utilization is achieved.
– Examination durations are systematically underestimated.
– The current radiology setting results in access times that are well below the

imposed access time standard by the Dutch government.

7.3 Limitations of the project

As described, the regression analysis on production times did not yield fruitful insights.
In addition, conclusions regarding performance and control flows could not be drawn
with confidence. There are some root causes that have limited this research to more
insightful and confident conclusions, namely:

• Such a broad project with high data analysis content requires a predefined high
quality dataset, or excellent knowledge of the systems. During this project nei-
ther was available. This increased the amount of work and complexity of getting
familiar with the data fields (e.g. status codes) and the processes (e.g. realistic
event durations, order of events, decision points).

• In agreement with the Elkerliek the research approach was to first gain insights
from the data and thereafter validate these insights with practical insights. This
approach has proven to be inefficient in such broad projects if the author as no
background in the sector. The impact of this not optimal approach increased
during the COVID-19 pandemic because physical presence at the hospital was
prohibited.

• Data on clinic occupation is not included in this research and outpatient clinic
appointments have been of minor importance during this project. Both are
however crucial for deriving forecast and integral planning purposes.

7.4 Future work

Despite the limitations, this research has stimulated the Elkerliek to take the first steps
towards data science in radiology. This provides a fertile basis for (practical) future
work as a follow-up to this research. Relevant future work includes:

• List all attributes required for management of the radiology department and task
the IT and BI department with providing insight into that data.

• Make concrete agreements on consistent and robust logging of examination du-
ration, or use scan timestamps from PACS to improve the data quality of pro-
duction times. When the latter is chosen a methodology of the assignment of the
time between the stop and the start of two consecutive examinations to events
must be derived.

• After the data quality is improved, the regression analysis can be re-conducted
on production times to quantify the effect of patient and process characteristics
on production times. These insights can then be used to optimize appointment
scheduling and timeslot allocation.

• After the data quality is improved, text-book paths are derived, relevant patient
and process attributes are added and all zorgtrajectNummers are joined with ra-
diology orders, the process mining steps can be redone in the Python framework.
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Trace clustering, alignment analysis and decision point analysis should thereafter
provide insight into the role of radiology in effective healthcare.

• Spread consultation hours of hospital departments which have the same demand
for diagnostics such as radiology and laboratory by clustering hospital depart-
ments, gaining insight into general practitioner’s demand patterns and defining
a central and integral planning.

• The regression analysis can easily be transformed to estimate the chance of no
shows and cancellations based on for example the weather.

• The patient arrival patterns and production times can be used in simulation
models to test and optimize new integral planning setups, new walk-in policies,
alternative capacity allocation and new appointment scheduling guides. It is
important to note that these simulations should be ran for the entire radiology
department because of competition of resources and additional demand that will
be generated by other scans.

7.5 Overall conclusion

The initial goal of providing insight into how data analysis in radiology could be used
to identify areas of improvement, exposed the structural problems in data quality and
accessibility. These problems have put a constraint on basic identification of areas of
improvement. Fixing these problems by consistent logging of process and patient at-
tributes and starting the migration of reporting and analyses to the main information
system of the Elkerliek will therefore improve the learning potential of the radiology
department already quite a lot. This is essential to achieving part of the vision of
the Elkerliek ”quality and transparency in data exchange” between departments and
hospitals as well.

Regression and process mining analysis can be of practical use for planning purposes
in hospitals, however data quality issues blur the insights that are generated with these
techniques. Once the quality of relevant data is improved, process mining techniques
can shed light on the effect of the role and position of radiology in healthcare paths as
well.

Within the Elkerliek the main driver of operational improvement is the supportive
staff. In case of radiology these are the medical technicians, planning and administra-
tive personnel. However, support in making a case for these operation improvement
opportunities is not well established. Therefore, a radiology dashboard is proposed
that compresses a multitude of different visualization techniques which will provide
support for bottom-up improvement initiatives.
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National Trends in Radiology
Demand

Figure A.1: National trend in CT ex-
aminations

Figure A.2: National trend in MRI exami-
nations

Figure A.3: National trend in Ultra-
sound examinations

Figure A.4: National trend in Nuclear ex-
aminations
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Figure A.5: National trend in X-ray ex-
aminations
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Appendix B

Demographics Deurne and
Helmond

Figure B.1: Geo location of patients of the Elkerliek hospital

Figure B.2: Unique patients for radiology examinations at the Helmond location
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Figure B.3: Unique patients for radiology examinations at the Deurne location
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Visualization

In consultation with the radiology staff of the Elkerliek, the research questions stated
in Table C.1 appear to be ”top of mind” and should therefore ideally be incorporated
in the radiology dashboard.

Strategic

What are our high turnover modalities and examinations?
What are our fastest growing modalities and examinations?
What radiology demand can we expect from (the extension of)
the healthcare service portfolio?
Do we have sufficiently trained personnel for the coming years?

Operational performance / KPI’s

How can throughput times be made insightful?
Where are the bottlenecks in our processes?
How are our production times distributed?
What is our capacity utilization rate?
Which outliers can be found and can the underlying reasons be identified?
How many times was a walk-in patient declined?
What was our utilization rate today and this week?
How many overtime hours have we worked?

Patient arrival patterns

Which department orders which examinations?
What trends to we see in the orders?
What is the outpatient clinic schedule?
What is the OR schedule?
What is the composition of the hospitalized patients?
What was the forecasted demand and the actual demand this day / week?
how high should our occupancy be tomorrow / next week?

Integral performance

Which (internal) applicant should receive more radiology capacity?
How often and in what healthcare paths is radiology the bottleneck?
Can (the position of) radiology speed up healthcare paths?
Can (the position of) radiology save costs of healthcare paths?

Table C.1: Visualisation Research Questions
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From the research questions described in Table C.1, more specific tasks that the dash-
board should be able to perform can be defined. For a radiology department the
various ”streams” (clinical, outpatient clinical, general practitioner) of patients are
important to compare and inspect. The dashboard should enable the user to filter
on these streams. The same holds for appointment types (walk-in, appointment and
emergency). For the Elkerliek hospital, and presumably all hospitals with multiple
locations, the location (Deurne, Helmond) of a examination should also be a distinct
feature in any dashboard aspect. Given the large amount of different examinations, it
is easy to get lost in filters. Therefore the five most important examinations should be
callable in every dashboard aspect (see Figure C.1.

Figure C.1: ”Disco-like” representation of throughput times.

In addition, the management of the Elkerliek defined a special group of examinations
consisting out of [Stereotactische mammografie, Coronaire, MRI Cardio] which should
be callable as well.

Other tasks include:

• To put patterns into context it should be possible to filter the data based on a
specific date or a period of time;

• To define the underlying reasons of outliers, process and patient characteristics
should be brought up when inspecting specific outliers;

• Capacity utilization should be derived for both fixed agenda slots, examination
time slots, medical machines, medical technicians and radiologists;

• Troughput times should provide insights into overall throughput of an exami-
nation or modality. On request addition insights into the access times, waiting
times, production times and authorisation times should be brought up;

• Both daily and hourly patient arrival patterns should be insightful to support
the 8 week capacity allocation.

The most important design choices in the radiology dashboard are depicted in Table
C.2. For a full demo of the radiology dashboard please contact caspeeters26@gmail.com.
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Task Type of chart Additional features

Provide insight into production times Barchart & Boxplot
Supports brushing,
Zoom-in function

Provide insight into the planned time slot and required time slot Heatmap

Display general overview of throughput times Control Flow
Color-coding,
Zoom-in function

Provide insight into access times Barchart
Display order frequencies Heatmap & Linechart Zoom-in function
Display order frequency per applicant and modality Heatmap
Display order growth per applicant and modality Heatmap
Provide insight into daily and hourly order patterns Boxplot Color-coding
Display geographical origin of patients Worldmap Color-coding
Display the time slot utilization Heatmap Parameter control
Find correlation between the weather and no shows Scatter plot Color-coding
Provide an overview of access times Barchart
Provide an overview of waiting times Barchart
Provide an overview of access times Barchart

Table C.2: Radiology dashboard design choices
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Production distribution

Figure D.1: Daily and Hourly X-Ray Examination Patterns

Figure D.2: Daily and Hourly Ultrasound Examination Patterns
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Figure D.3: Daily and Hourly MRI Examination Patterns

Figure D.4: Daily and Hourly CT Examination Patterns

Figure D.5: Daily and Hourly Mammo Examination Patterns
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Figure D.6: Daily and Hourly Nuclear Examination Patterns

Figure D.7: Daily and Hourly Angio Examination Patterns

Figure D.8: Daily and Hourly Radioscopy Examination Patterns
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Figure D.9: Daily and Hourly DEXA Examination Patterns

74 Identifying improvement areas at radiology departments: a data science approach



Bibliography

[1] W. Aalst van der. Data Science in Action, pages 3–23. Springer Berlin Heidelberg,
Berlin, Heidelberg, 2016.

[2] W. Aalst van der, J. Nakatumba-Nabende, A. Rozinat, and N. Russell. Business
process simulation: How to get it right? pages 313–338, 01 2010.

[3] H. Abujudeh, R. Kaewlai, B. Asfaw, and J. Thrall. Quality initiatives: Key
performance indicators for measuring and improving radiology department per-
formance1. Radiographics : a review publication of the Radiological Society of
North America, Inc, 30:571–80, 03 2010.

[4] J. E. Aken van and H. Berends. Problem Solving in Organizations: A Method-
ological Handbook for Business and Management Students. Cambridge University
Press, 3 edition, 2018.
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[49] H.-J. Schütz and R. Kolisch. Approximate dynamic programming for capacity
allocation in the service industry. European Journal of Operational Research,
218(1):239 – 250, 2012.

[50] M. Sedlmair, M. Meyer, and T. Munzner. Design study methodology: Reflec-
tions from the trenches and the stacks. IEEE Transactions on Visualization and
Computer Graphics, 18(12):2431–2440, 2012.

[51] S. Shaffie and S. Shahbazi. McGraw-Hill 36-Hour Course: Lean Six Sigma.
McGraw-Hill Education, New York, 2012.

[52] Y.-L. Shyu, Jeffrey, J. Burleson, C. Tallant, D. J. Seidenwurm, and F. J. Rybicki.
Performance measures in radiology. Journal of the American College of Radiology,
11(5):456 – 463, 2014.

[53] M. Song, C. W. Günther, and W. M. P. Aalst van der. Trace clustering in pro-
cess mining. In D. Ardagna, M. Mecella, and J. Yang, editors, Business Process
Management Workshops, pages 109–120, Berlin, Heidelberg, 2009. Springer Berlin
Heidelberg.

[54] J. Stouthard, A. Brussaard, M. Stokkel, A. Stouthard, and Stokkel. Meer
diagnostiek leidt tot minder kosten. https://www.medischcontact.nl/nieuws/
laatste-nieuws/artikel/meer-diagnostiek-leidt-tot-minder-kosten-1.

htm, journal=medischcontact, Nov 2019.

[55] T. Thaler, S. Ternis, P. Fettke, and P. Loos. A comparative analysis of process
instance cluster techniques. 03 2015.

[56] R. N. Uppot. Technical challenges of imaging image-guided interventions in obese
patients. The British Journal of Radiology, May 2018.

[57] M. van Algemene Zaken. Wanneer zijn de officiële feestdagen
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