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Abstract 
This project explores the relationship of temperature and humidity on corrective maintenance 
of Philips’ Allura Machines. This project originates from the maintenance crew noticing that a 
site with high humidity and high temperature outside the hospital needed to be correctively 
maintained more often. The time frame for this project is 2017. First, the relationship that 
temperature and relative humidity outside the locations of the US where the machines are 
installed has on corrective maintenance is explored. The temperature and relative humidity 
information is derived from weather stations of NOAA’s. Second, the relationship that the 
temperature of an electronic component within the room where the electronics of the 
machines are located has on corrective maintenance is studied. Third, the relationship that 
certain log messages that are defined by specific conditions of temperature and relative 
humidity inside the rooms where the machine’s electronics are located and the rooms where 
the machines operate has on corrective maintenance is analyzed. This relationship is explored 
twofold: by testing whether there is a link between corrective maintenance and the number of 
times these log messages occur and by testing whether there is a difference in corrective 
maintenance between machines where these log messages happened and machine where they 
didn’t happen. This project uses linear regressions to test the relationships of the outside 
temperature and relative humidity on corrective maintenance and the relationships of 
temperature in the room where the electronics of the machines are located. It concludes that 
there is no relationship, as it was defined in the methodology, of the temperature and relative 
humidity outside the hospital on corrective maintenance nor is there a relationship of 
temperature of the room where the electronics are placed on corrective maintenance. It also 
concludes that candidate events “can_40001”, “can_40013”, “can_40045” occurring in a 
machine do have an effect on corrective maintenance when compared to machines where the 
candidate events didn’t happen. Furthermore, this project concludes that other log messages 
were close to indicate a relationship and should be studied further to get knowledge on how to 
reduce the costs and frequency of corrective maintenance, namely: “can_40039”, “can_40040”, 
“can_40041”, “can_40043”, “can_40048”, “can_40051”, “can_40055”, “can_40057” and 
“can_40058”.  
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Management Summary 
Introduction 
This project is created after FSEs noticed that a site in India, where an Allura machine was 
located, presented paint scabs and rust in the technical room. The FSEs attributed these 
findings on the high temperature and humidity that were present in the technical and exam 
rooms. The AC units of the rooms didn’t keep the temperature and humidity of the rooms in 
the specified range. As outside the hospital in India, the temperature and humidity were high, it 
seemed that the poor regulations of the conditions inside the technical and exam rooms 
allowed the conditions outside the hospital to affect the machines. It therefore occurred to 
Philips that this may be an opportunity in terms of preventive maintenance, if indeed the 
conditions of temperature and humidity affect the maintenance of machines, then by 
controlling for temperature and humidity one could lower the costs of maintenance. The main 
research question is: 
 
Is there a relationship of temperature and humidity on corrective maintenance of Allura 
machines? 
 

Methodology 
This project checks three things: the relationship that temperature and humidity outside the 
hospitals have on corrective maintenance, the relationship that temperature inside the 
technical room have on corrective maintenance and the relationship that candidate events 
have on corrective maintenance. All of this project works with data collected in 2017. 
 
To test whether temperature and humidity outside the hospital have an effect on corrective 
maintenance. First the data of the temperature and humidity outside the hospitals needed to 
be found, as this data wasn’t available in Philips’s databases. The data was found for sites in the 
United States and thus, the relationship that temperature and humidity outside the hospital 
have on corrective maintenance was tested using machines located in the United Sates. The 
temperature and humidity in 2017 were decomposed into several indicators that represented 
their average, the variance of the average, the average minimum, the average maximum, the 
absolute minimum, the absolute maximum. Then corrective maintenance was represented by 
the cost of parts replaced and by the number of corrective maintenance events, again in 2017. 
The corrective maintenance indicators were then standardized base on the usage of the 
machines to control for this factor. The usage was represented by the number of days the 
machine was turned on and by the number of X-Ray images the machines took. This gave four 
standardized corrective maintenance indicators, the combination of the corrective 
maintenance indicators and the usage indicators that are used to standardize. Linear 
regressions where then carried out using the standardized corrective maintenance indicators as 
the dependent variable and the decomposed temperature and humidity indicators as the 
independent variables.  
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To test whether temperature inside the technical room has an effect on corrective 
maintenance. The data of all Allura machines was gathered using Philips’ databases. Here 
corrective maintenance is represented the same way that it was represented when the focus 
was on whether temperature and humidity outside the hospital have an effect on corrective 
maintenance. Temperature is represented by the measurements on top of the System Interface 
Box located inside one of the technical cabinets inside the technical room. This temperature 
was decomposed on its average and on its variance, bounded by the year 2017. The 
relationships where then tested using linear regression where the dependent variables were 
the standardized corrective maintenance indicators and the decomposed temperature 
indicators were the independent variables.  
 
To test whether candidate events had an effect on corrective maintenance, two different 
methodologies were carried out. The first was a linear regression that used the standardized 
corrective maintenance indicators as the dependent variable and the number of times the 
candidate events happened the independent variables. The second was a Mann-Whitney test 
that checked whether the corrective maintenance of machines where a candidate event 
happened was different than the corrective maintenance of machines where the candidate 
event didn’t happen. Corrective maintenance was again represented by the standardized 
corrective maintenance indicators.  
 

Results 
The project concludes that there is no relationship, as it was defined in the methodology, of the 
temperature and relative humidity outside the hospital on corrective maintenance nor is there 
a relationship of temperature of the room (within the range of the measurements used for this 
project) where the electronics are placed on corrective maintenance. It also concludes that 
candidate events “can_40001”, “can_40013”, “can_40045” occurring in a machine do have an 
effect on corrective maintenance when compared to machines where the candidate events 
didn’t happen. Furthermore, this project concludes that other log messages were close to 
indicate a relationship and should be studied further, namely: “can_40039”, “can_40040”, 
“can_40041”, “can_40043”, “can_40048”, “can_40051”, “can_40055”, “can_40057” and 
“can_40058”.  
 

Insights 
The value of this project to Philips comes as evidence suggesting that there is no relationship of 
temperature and humidity on corrective maintenance (within the range of the measurements 
used for this project). These results may be attributed to the quality of the data used. If data of 
the temperature and humidity outside the hospitals and inside the technical and exam rooms 
was available, these results would be more precise. However, using the temperature on top of 
the System Interface Box was supported by the machine experts, and there was no relationship 
found between this temperature measurements and corrective maintenance. Even though the 
data of temperature and humidity used in this project wasn’t the best possible data that can be 
used to test these hypotheses, it was the best possible data that was available at the moment 
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this project was carried out. It is unlikely that a relationship between temperature inside the 
technical room and corrective maintenance exists (within the range of the measurements used 
for this project), as evidence by the results of objective 2. There may be a relationship between 
humidity inside the technical and examination rooms and corrective maintenance or between 
temperature inside the examination room and corrective maintenance. These hypotheses 
couldn’t be tested and therefore, no conclusions can be drawn about them.  
 
The most promising results, in terms of significant effects on corrective maintenance, came 
from the hypotheses of whether there was a difference between machines where a candidate 
event happened and machines where no candidate events happened. It would be interesting 
for Philips to look into more detail the candidate events which produced significant results, 
namely: “can_40001”, “can_40013”, “can_40045”. These candidate events showed that 
machines where these candidate events happened have higher costs in corrective 
maintenance, in order of appearance: >11%, >7.9%, >13% . And they also showed that 
machines where these candidate events happened had more corrective maintenance events, in 
order of appearance: >12%, 8.8%, 8.2%.   
 
Furthermore, candidate events which were close to produce significant results should also be 
studied further, namely: “can_40039”, “can_40040”, “can_40041”, “can_40043”, “can_40048”, 
“can_40051”, “can_40055”, “can_40057” and “can_40058”. As these candidate events also 
presented results close to be significant.    
 
By investigating the causes of these events, both the costs and frequency of corrective 
maintenance could be decreased. To do this, a methodology is proposed. Create a list of 
possible reasons for these candidate events happening, test if these reasons are indeed what is 
causing the occurrences of these events and then with this information, use it to reduce the 
number of machines where the candidate events happen. 
 

Relevance 
The contributions this project offers to science, come in terms of an amalgamation of different 
techniques which can be used to detect relationships between variables in large data sets: a 
tool to determine relationships between variables in a large multivariate data set. The 
methodology of this project, specially referencing step 8 of sub-chapter 4.1, provides a 
framework on how to search for suspected relationships between variables of a large dataset. 
This project also provides an example of how this methodology can be implemented with the 
data from the Allura machines of Philips.   
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List of Abbreviations and Definitions 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

iXR Interventional X-Ray 

FSE Field Service Engineer 

AC Air Conditioning 
MR Magnetic Resonance 

SWO Service Work Order, a bill of all details and costs of a maintenance event at 
Philips 

Corrective 
Maintenance 

Maintenance done as a consequence of a costumer calling Philips or as 
whenever an FSE detects a component in need of replacement when she is 
doing a bi-annual inspection. 

Relative 
Humidity 

The amount of moisture in the air compared to what the amount of moisture 
that needs to be present in the air for it to condense as dew. 

Heat 
Capacity 

Heat capacity measurable physical quantity equal to the ratio of the heat added 
to (or removed from) an object to the resulting temperature change. 

EMS Enterprise Management System 

CRM Customer Relationship Management 

Event Set of prespecified conditions of temperature and humidity inside the 
technical/exam rooms occurring. 

Case An interaction between Philips and its customer 
DB Data Base 

NOAA National Oceanic and Atmospheric Administration 
EPA Environmental Protection Agency 

Exam Room Room where the medical exams are carried out 

Technical 
Room 

Room where the electronic components are located 

DoF Degrees of Freedom 
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1. Introduction 
The following project is done at Philips Research as a Master Thesis Project. Philips is a 
company founded in Eindhoven, the Netherlands. This project relates to the second biggest 
profit area which is Diagnosis & Treatment (Philips 2018). This area includes Image-Guided 
Therapy. Image Guided Therapy refers to machines that are used for both diagnosis and 
therapy, some of them being Interventional X-Ray (iXR) machines.   
 
The main focus of this project is to understand the effects that temperature and humidity have 
on corrective maintenance of the Allura models of the iXR machines. The goal is that by 
understanding their relationship, the temperature and humidity conditions can be used to 
lower the costs of corrective maintenance. Examples of how this interaction could be used in a 
profitable way; keep the temperature and humidity of the rooms where the machine is located 
within the optimal range so that component degradation is kept at a minimum, modify the 
maintenance contract based on the conditions of temperature and humidity of the hospital 
location (continent, country, city) or on the conditions of room that contains the machine.  

 

1.1 Trigger 
The reason to look at how these factors affect corrective maintenance comes from the 
experience of Field Service Engineers (FSEs) that while servicing an iXR Allura Machines located 
in India, noticed that the frequency of servicing it was higher than the rest. Machines normally 
are serviced bi-annually, extra services may be required whenever the machine stops 
functioning normally. If the machine is not working properly, the machine owner calls Philips 
explaining the situation, then Philips send FSEs to service the machine. The FSEs noticed that 
the machines they serviced more frequently were located in hot and humid areas that had poor 
control of humidity and temperature inside the rooms where the machines were located.  
 
Machines are located in two different rooms due to the size of the machines, these rooms are 
called the technical and exam rooms. The technical room refers to the air-conditioned room 
where the technical cabinets are located. A technical cabinet is a cabinet that houses inside all 
electronic processing computers of the machine. The exam room refers to the room where the 
machine is actually used on a patient, inside the conditions need to be controlled as this room 
may also be used as an operating room. Within the exam room a mechanical arm is located 
which can be moved on six degrees of freedom (three rotational and three translational) to 
accommodate the patient, the head of this arm has an X-Ray emitter and an X-Ray reader which 
combined allow for real time X-Ray visualizations.  
 
It is also necessary to point that within the location in India, the machine looked to present 
several traces of wear due to the temperature and humidity, these traces come in the form of 
rust on the metal frames of the technical cabinets and on paint scabs. As such, it was theorized 
that the supposed effects may come from either the conditions outside of the hospital that 
affect the conditions inside the technical and exam room or by the bad control of the 
conditions of the technical and exam rooms. Because both lines of thought are interesting in 
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terms of the possible insights that may come from them and because they may not be related 
to each other, they will be analyzed separately. 

2. Ideal Project Objectives 
As previously stated in the chapter above, it seems that there is an effect on corrective 
maintenance whenever it is hot and humid outside the hospital and the conditions of the 
technical and exams rooms are not well regulated. It is not known whether this effect is due to 
the conditions outside the hospital directly affecting the conditions of the technical and exam 
rooms, as the conditions of the technical and exam rooms are not well regulated. Whether the 
effects are due to the poor regulation of the technical and exam rooms independently of the 
conditions outside. Whether the effects are completely due to the outside conditions.  
 
To better understand this relationship, and to make the results easier to interpret, the analysis 
will be divided into two deliverables. The first deliverable, which will be referred to as Objective 
1, is the analysis of the relationship of temperature and humidity outside the hospital to 
corrective maintenance. The second deliverable, referred to as Objective 2, is the analysis of 
the relationship of temperature and humidity inside the technical and exam rooms to 
corrective maintenance. 
 
The reader is made aware that these objectives’ hypotheses are described at a high level, 
further down, these hypotheses are described in more detail. This is done so that the reader 
can first understand the objectives without much concern for details and then, once the goals 
are clear, details are considered. This is deemed to be easier to understand. 
 
The goals of these objectives will be described in more detail bellow.  
 

2.1 Objective 1 
The main interest of this objective is to find the effects of high temperature and high humidity 
on corrective maintenance. This comes as a result of people on the field visiting a particular site 
in India that was located in a coastal area (high humidity and high temperature) more 
frequently to do corrective maintenance. When they visited, they saw: a) traces of rust on top 
of the cabinets that house the computers that process the X-Ray images and b) paint scabs on 
the exterior of the same cabinets. Though it may seem counterintuitive to look at the relation 
of conditions outside the hospital on equipment found inside rooms with controlled conditions, 
the frequency of corrective maintenance of this particular site suggests that there may be a 
relation between the conditions outside the hospital, in this case high humidity and high 
temperature, and corrective maintenance.    
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Figure 1 Top View of the Abstracted Location of Machines with Definition of External/Internal Indicators Adapted from Flapper ( 
2018) 

As it can be seen on figure 1, the temperature and humidity conditions outside the hospital 
have several degrees of separation to those of the technical and exam rooms. The reason the 
conditions of the technical room are affected by those outside of the hospital is that there are 
doors between the layers separating the outside to the inside and as such, there will be a flow 
of heat and humidity whenever these doors are opened. Furthermore, even though walls may 
be insulated, heat radiation such as sunshine permeates matter like glass in windows and 
therefore the outside conditions can influence the conditions inside. People can also act as heat 
reservoirs, accumulating heat from the outside and whenever inside the hospital, they radiate 
heat to their surroundings in case they are hotter than the surroundings or they absorb heat if 
they are cooler than their surroundings until there is a thermal equilibrium.   
 
Finding traces of rust and paint scabs is not normal and so the FSEs thought that they were due 
to the technical room not being kept at the specified conditions of temperature and humidity. 
The equipment in the technical room does not develop rust under the specified conditions nor 
does the paint scab, however, the environmental conditions of coastal areas do produce rust 
and paint scabs on machines such as boats, fridges, AC, infrastructure, etc…  that are left 
outside. Therefore, they were suspicious that the outside conditions are what caused both the 
rust and the paint scab in the technical room. The reason for the conditions being out of 
specification can be a combination of the effects of the outside conditions on the conditions of 
the technical and exam room as described on the previous paragraph. The first parameter they 
checked if it was kept within range is humidity. To test if humidity was out of specification, they 
installed an hygrometer in the technical room. After some time passed, the readings of the 
hygrometer showed that the humidity conditions on the technical room were not kept within 
the range specified by Philips. The range specified by Philips comes from the amalgamation of 
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all specifications of the components of the machine. This range ensures that the components 
work within a range that, according to the manufacturer of the component (which may differ 
from Philips), allows for the correct behavior of the component. The AC couldn’t keep the 
humidity within the range as indeed, the door that connects the corridor to the technical room 
was left open. The corridor is connected to rooms with windows that can be opened, as a 
consequence, the humidity of the corridor was similar to the humidity outside the hospital and 
when the door of the technical room was opened, humidity rose in the technical room. In 
hopes to bring the humidity back to the specifications’ range they installed a de-humidifier, 
which as its name suggest lowers humidity, and the frequency of problems on that site 
decreased to a normal level of 9 corrective maintenance calls per year. They didn’t however, 
monitor the humidity level continuously, which may indicate that they lowered the humidity 
levels even further down that what is specified. Therefore, it seems that there is a link between 
corrective maintenance visits and high humidity. As some positive results were obtained by this 
experiment, the effect this and other parameters on corrective maintenance became 
interesting to Philips.  To further explore the profitability of the findings of this experiment, 
Philips placed temperature and relative humidity sensors in the technical rooms of their 
Magnetic Resonance machines (a different machine which similar technical room specification 
as iXR Machines). With the help of these sensors, whenever the temperature or the relative 
humidity of the technical room was out of the specified range, an alert was generated, and the 
conditions were brought back to the specified range through human intervention. This led to 
the conditions in the technical room to be within the specified range and as a consequence, the 
corrective maintenance visits of MR machines decreased.  
 
Because of the previous experiences with temperature and humidity that resulted in a decrease 
of corrective maintenance costs for MR machines, and the apparent influence of the conditions 
outside the hospital on the conditions of the technical room, it may be useful to analyze to 
which degree the conditions outside of the hospital affect corrective maintenance.  
 
This leads to the following hypotheses: 
 
H0 : There is a correlation between corrective maintenance and the average temperature 
outside the hospital 
 
The average temperature outside of the hospital is a good representation of the temperature 
conditions outside of the hospital. This would show if there is a difference between hot 
locations and cold ones. However, variabilities of location temperatures are not accounted by 
this hypothesis. Therefore, the following hypothesis would consider the variability of the 
average temperature as the effects of the variability may be the underlying causality of the 
differences in corrective maintenance. As variability can be measured in many ways, the 
variance is chosen as it seems to represent a good indicator that is easy to calculate.  
 
H1 : There is a correlation between corrective maintenance and the variance of the average 
temperature outside the hospital 
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In order to be more thorough, the effects of the average of the minimum and maximum 
temperatures will also be tested. It may be that frequently having a high temperature or a low 
temperature even though the average temperature remains relatively constant is what actually 
increases the number of corrective maintenance visits.  
 
H2 : There is a correlation between corrective maintenance and the average minimum 
temperature outside the hospital 
 
H3 : There is a correlation between corrective maintenance and the average maximum 
temperature outside the hospital 
 
It can also be that there is a temperature threshold that once it is crossed, the machines 
behavior cannot go back to normality. Thus, the following hypotheses will also be tested. 
 
H4 : There is a correlation between corrective maintenance and the absolute minimum 
temperature outside the hospital 
 
H5 : There is a correlation between corrective maintenance and the absolute maximum 
temperature outside the hospital 
  
The relationship of humidity to corrective maintenance also need to be tested. The same logic 
for the temperature hypotheses applies here, so the following hypotheses are also to be tested: 
 
H6 : There is a correlation between corrective maintenance and the average humidity outside 
the hospital 
 
H7 : There is a correlation between corrective maintenance and the variance of the average 
humidity outside the hospital 
 
H8 : There is a correlation between corrective maintenance and the average minimum humidity 
outside the hospital 
 
H9 : There is a correlation between corrective maintenance and the average maximum humidity 
outside the hospital 
 
H10 : There is a correlation between corrective maintenance and the absolute minimum 
humidity outside the hospital 
 
H11 : There is a correlation between corrective maintenance and the absolute maximum 
humidity outside the hospital 
 
Though, the previous hypotheses will allow for a very small granularity that can help to pinpoint 
the underlying causes of the corrective maintenance relationship to temperature and humidity. 
The effects may be a combination of factors that influence the costs of corrective maintenance. 
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Therefore, more hypotheses need to be tested in order to better understand the relationship 
between costs of corrective maintenance and temperature and humidity. 
 
The average temperature may also be influenced by its variance. As one value of average 
temperature may have very different variances, and one value of the average temperature 
variance may also have very different averages. Consequently, the behavior of these indicators 
on corrective maintenance cannot be fully explained by testing one at a time. So, the following 
hypothesis is also to be tested: 
 
H12 : There is a correlation between corrective maintenance and the average temperature 
outside the hospital and its variance  
 
This also hold for the minimum and maximum temperatures. However, they represent the 
lower and upper bound respectively and thus, their variances will be completely skewed to one 
side and will not give the information about the variability. So, the variance of the average 
temperature will be used instead. This results in the following hypothesis: 
 
H13 : There is a correlation between corrective maintenance and the average minimum 
temperature outside the hospital and the variance of the average temperature outside the 
hospital 
 
H14 : There is a correlation between corrective maintenance and the average maximum 
temperature outside the hospital and the variance of the average temperature outside the 
hospital 
 
When it comes to humidity, the variance and average values may also interact with one 
another under the same reasoning of temperature. As such the following hypotheses will also 
be tested: 
 
 H15 : There is a correlation between corrective maintenance and the average humidity outside 
the hospital and its variance  
 
H16 : There is a correlation between corrective maintenance and the average minimum humidity 
outside the hospital and the variance of the average humidity outside the hospital 
 
H17 : There is a correlation between corrective maintenance and the average maximum 
humidity outside the hospital and the variance of the average humidity outside the hospital 
 
By looking at the effects of temperature and humidity on corrective maintenance separately 
their effects may be understood in a more detailed way. However, condensation depends on 
both temperature and humidity and because water is an electric conductor, water condensed 
in an electric circuit can short it. Therefore, it is also interesting to test the following hypothesis: 
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H18 : There is a correlation between corrective maintenance and the average temperature 
outside the hospital, the variance of the average temperature outside the hospital, the average  
humidity outside the hospital and the variance of the humidity outside the hospital. 
 
The minimum temperature may influence humidity in such a way that creates condensation, 
thus: 
 
H19 : There is a correlation between corrective maintenance and the average temperature 
outside the hospital, variance of the average temperature outside the hospital, the absolute 
minimum temperature outside the hospital, the average minimum temperature outside the 
hospital, the average humidity outside the hospital and the variance of the average humidity 
outside the hospital.  
 
This influence of the minimum temperature on humidity may only happen when a certain 
humidity level is surpassed, so: 
 
 H20 : There is a correlation between corrective maintenance and the average temperature 
outside the hospital, variance of the average temperature outside the hospital, the absolute 
minimum temperature outside the hospital, the average minimum temperature outside the 
hospital, the average humidity outside the hospital, the variance of the average humidity 
outside the hospital and the absolute maximum humidity outside the hospital.  
 
The heat capacity of water is higher than that of air, that is why water is used as a coolant. This 
means that whenever the humidity of the air is low, its heat capacity lowers and thus, less 
energy is needed to bring temperature up.  
 
Thus: 
H21 : There is a correlation between corrective maintenance and the average temperature 
outside the hospital, variance of the average temperature outside the hospital, the absolute 
maximum temperature outside the hospital, the average maximum temperature outside the 
hospital, the average humidity outside the hospital, the variance of the humidity outside the 
hospital, the average minimum humidity outside of the hospital and the absolute minimum 
humidity outside of the hospital.  
  
However, the goal of this objective is not to test the hypotheses but to analyze these results so 
that the relationship that temperature and humidity outside the hospital have on corrective 
maintenance can be understood. Therefore, the real goal is to produce this analysis, the 
hypothesis testing is only done so that there is enough data to be used as a foundation for this 
analysis. Further explanation is not possible as this point as the results cannot be predicted.  
  

2.2 Objective 2 
While the first objective looked upon the influence of the temperature and relative humidity 
outside the hospital on corrective maintenance of iXR Allura machines, this second objective 
will look upon the influence of temperature inside the technical and exam rooms, where the 
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machines are located. These effects may manifest themselves in two different ways. First, the 
direct relationship of temperature and humidity to corrective maintenance. Second, the 
indirect relationship that temperature and humidity have on corrective maintenance through 
the occurrence of certain log messages related to temperature and humidity in the technical 
and exam rooms, that are registered in Philips DBs whenever a set of particular conditions 
occur (such as a when a certain temperature threshold is surpassed by the temperature 
measurement of a component of the machine). These log messages arise when certain 
conditions of temperature and humidity happen, they can be conceptually understood as 
events, and one may find it more intuitive to think of them this way. That is why, from now on, 
the log messages will be referred to as events. A selection of events which are related to 
temperature and humidity in the technical and exam rooms were chosen by machine experts, 
the elements of this selection will be referred to as candidate events. These candidate events 
are candidates insofar as having a possible effect on corrective maintenance. They are events 
that according to the machine experts arise whenever certain conditions of temperature and 
humidity are met and that these conditions, represented by these events, may have a relation 
to corrective maintenance.   
 
The reason to check both effects, direct and indirect, is to better understand the relationship 
that temperature and humidity have on corrective maintenance. It may be so that temperature 
and humidity do not have a direct effect but do have an indirect effect on corrective 
maintenance and that by only looking at the direct relationship, one could wrongly conclude 
that there is no relationship. In case of the reverse, there being no indirect effect but there a 
direct effect; by having both effects tested, one could see whether the selection of the machine 
experts is done correctly or whether the events are actually connected to temperature and/or 
humidity in the technical and exam rooms. Non-conflicting relationships would also be valuable 
to know, there may be an effect of temperature and humidity inside the exam and technical 
rooms on corrective maintenance that can be partially explained by the occurrences of the 
candidate events. Thus, one would know in this example that there is a relationship, that it is 
partially explained by the candidate events (allowing for more precise further analysis which 
may explore this relationship into a more detailed way) and that it is also partially explained by 
the temperature and humidity conditions in the technical and exam rooms. By knowing this, it 
would be easier to further refine future analysis so that the effects can be understood more 
precisely. For example, if there seems to be an increase in corrective maintenance visits 
whenever a certain message of a component not working properly is displayed and there also 
seems to be an increase in corrective maintenance whenever a certain level of humidity is 
reached in the exam room, then one may look at the influence of humidity in the exam on that 
particular component in future analysis. This level of detail is not possible when only analyzing 
one modality (direct or indirect) of the effects. 
 
So, yes, these effects are better analyzed together as they are synergetic. Analyzing the results 
of both objectives at the same time makes analysis more complex, though. And not only does it 
make analysis more complex, but as this analysis is also based on the results of both studies, 
those studies can be analyzed independently. Thus, what seems to be the best way to proceed, 
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is to first analyze them separately and then proceed to combine the individual findings to look 
for further insights.  
 
Following this line of reasoning, it will also be more interesting to analyze the results of 
objective 1 and objective 2 together. So as to get a better understanding of the overall 
influence of temperature and humidity on corrective maintenance. However, as it is the case 
when analyzing the direct and indirect effects together, to reduce complexity of this analysis, it 
is easier to first analyze them separately and then analyzed them together. And, as the focus of 
this sub-chapter is Objective 2, the analysis of both objectives combined will be later described 
in another sub-chapter.  
 
Again, the main reason that this project is carried out is because of the empirical evidence that 
suggests a relationship of temperature and humidity on the corrective maintenance of iXR 
Allura machines. This evidence coming from a machine in India that seemed to be affected by 
these factors. The possible effects that these factors, temperature and humidity, may have on 
corrective maintenance were laid out in form of hypotheses in the previous sub-chapter. 
Hypotheses 0 to 21 were thought out from a physical perspective in which temperature and 
humidity outside the hospital were decomposed on several indicators and in turn these 
indicators were combined so that the resulting hypotheses make physical sense. For example, 
hypotheses were done to test for condensation which happens when humidity is high, and 
temperature is low, this is what is meant when it is said that the hypotheses 0 to 21 were 
thought out from a physical perspective. As the laws of physics do not change from the outside 
of the hospital to inside the hospital, the previous hypotheses can be adapted, changing the 
variables from outside the hospital to inside the technical and exam rooms, to test for the 
direct effects. The technical room is separated from the exam room (i.e. they are different 
rooms with walls between them), so to test the direct effects two new sets of hypotheses need 
to be formulated, one for each room. This would mean that hypotheses 0 to 21 will be adapted 
two times. First, (the order here is just for structural purposes, it does not refer to a ranking of 
importance or any other sorting) the hypotheses will be adapted to the technical room. Second, 
they will be adapted to the exam room. There won’t be hypotheses which make use of the 
temperature and/or humidity in the technical room and temperature and/or humidity in the 
exam room at the same time. This logic may seem contradictory when compared to the goal of 
the sub-chapter above, referencing the first objective, which relates the external 
measurements of temperature and humidity to corrective maintenance of machines which are 
located inside a hospital and thus are separated by more degrees than those that separate the 
technical and exam rooms. This apparent contradiction is not. It is not implied nor is it assumed 
that there is no influence of the temperature and humidity in one room to the temperature and 
humidity of the other room. However, even though this influence may be great, it would be 
reflected in the temperature and humidity of each room. That is to say that by analyzing the 
temperature and humidity of one room, the influence of the temperature and humidity of the 
other room are already represented in the values of temperature and humidity of the one 
room. So, it would not be of any value to create hypotheses that use indicators of both rooms. 
And that is why, hypotheses 0 to 21 will be adapted to test the direct effects that temperature 
and humidity in the technical and exam rooms have on corrective maintenance separately.  



20 
 

 
The hypotheses regarding the direct effects of temperature and humidity inside the technical 
room are: 
 
H22 : There is a correlation between corrective maintenance and the average temperature 
inside the technical room 
 
H23 : There is a correlation between corrective maintenance and the variance of the average 
temperature inside the technical room 
 
H24 : There is a correlation between corrective maintenance and the average minimum 
temperature inside the technical room 
 
H25 : There is a correlation between corrective maintenance and the average maximum 
temperature inside the technical room 
 
H26 : There is a correlation between corrective maintenance and the absolute minimum 
temperature inside the technical room 
 
H27 : There is a correlation between corrective maintenance and the absolute maximum 
temperature inside the technical room 
 
H28 : There is a correlation between corrective maintenance and the average humidity inside 
the technical room 
 
H29 : There is a correlation between corrective maintenance and the variance of the average 
humidity inside the technical room 
 
H30 : There is a correlation between corrective maintenance and the average minimum humidity 
inside the technical room 
 
H31 : There is a correlation between corrective maintenance and the average maximum 
humidity inside the technical room 
 
H32 : There is a correlation between corrective maintenance and the absolute minimum 
humidity inside the technical room 
 
H33 : There is a correlation between corrective maintenance and the absolute maximum 
humidity inside the technical room 
 
H34 : There is a correlation between corrective maintenance and the average temperature 
inside the technical room and its variance  
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H35 : There is a correlation between corrective maintenance and the average minimum 
temperature inside the technical room and the variance of the average temperature inside the 
technical room 
 
H36 : There is a correlation between corrective maintenance and the average maximum 
temperature inside the technical room and the variance of the average temperature inside the 
technical room 
 
H37 : There is a correlation between corrective maintenance and the average humidity inside 
the technical room and its variance  
 
H38 : There is a correlation between corrective maintenance and the average minimum humidity 
inside the technical room and the variance of the average humidity inside the technical room 
 
H39 : There is a correlation between corrective maintenance and the average maximum 
humidity inside the technical room and the variance of the average humidity inside the 
technical room 
 
H40 : There is a correlation between corrective maintenance and the average temperature 
inside the technical room, the variance of the average temperature inside the technical room, 
the average  humidity inside the technical room and the variance of the humidity inside the 
technical room. 
 
H41 : There is a correlation between corrective maintenance and the average temperature 
inside the technical room, variance of the average temperature inside the technical room, the 
absolute minimum temperature inside the technical room, the average minimum temperature 
inside the technical room, the average humidity inside the technical room and the variance of 
the average humidity inside the technical room.  
 
H42 : There is a correlation between corrective maintenance and the average temperature 
inside the technical room, variance of the average temperature inside the technical room, the 
absolute minimum temperature inside the technical room, the average minimum temperature 
inside the technical room, the average humidity inside the technical room, the variance of the 
average humidity inside the technical room and the absolute maximum humidity inside the 
technical room.  
 
H43 : There is a correlation between corrective maintenance and the average temperature 
inside the technical room, variance of the average temperature inside the technical room, the 
absolute maximum temperature inside the technical room, the average maximum temperature 
inside the technical room, the average humidity inside the technical room, the variance of the 
humidity inside the technical room, the average minimum humidity outside of the hospital and 
the absolute minimum humidity outside of the hospital.  
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The hypotheses regarding the direct effects of temperature and humidity inside the exam room 
are: 
 
H44 : There is a correlation between corrective maintenance and the average temperature 
inside the exam room 
 
H45 : There is a correlation between corrective maintenance and the variance of the average 
temperature inside the exam room 
 
H46 : There is a correlation between corrective maintenance and the average minimum 
temperature inside the exam room 
 
H47 : There is a correlation between corrective maintenance and the average maximum 
temperature inside the exam room 
 
H48 : There is a correlation between corrective maintenance and the absolute minimum 
temperature inside the exam room 
 
H49 : There is a correlation between corrective maintenance and the absolute maximum 
temperature inside the exam room 
 
H50 : There is a correlation between corrective maintenance and the average humidity inside 
the exam room 
 
H51 : There is a correlation between corrective maintenance and the variance of the average 
humidity inside the exam room 
 
H52 : There is a correlation between corrective maintenance and the average minimum humidity 
inside the exam room 
 
H53 : There is a correlation between corrective maintenance and the average maximum 
humidity inside the exam room 
 
H54 : There is a correlation between corrective maintenance and the absolute minimum 
humidity inside the exam room 
 
H55 : There is a correlation between corrective maintenance and the absolute maximum 
humidity inside the exam room 
 
H56 : There is a correlation between corrective maintenance and the average temperature 
inside the exam room and its variance  
 



23 
 

H57 : There is a correlation between corrective maintenance and the average minimum 
temperature inside the exam room and the variance of the average temperature inside the 
exam room 
 
H58 : There is a correlation between corrective maintenance and the average maximum 
temperature inside the exam room and the variance of the average temperature inside the 
exam room 
 
H59 : There is a correlation between corrective maintenance and the average humidity inside 
the exam room and its variance  
 
H60 : There is a correlation between corrective maintenance and the average minimum humidity 
inside the exam room and the variance of the average humidity inside the exam room 
 
H61 : There is a correlation between corrective maintenance and the average maximum 
humidity inside the exam room and the variance of the average humidity inside the exam room 
 
H62 : There is a correlation between corrective maintenance and the average temperature 
inside the exam room, the variance of the average temperature inside the exam room, the 
average  humidity inside the exam room and the variance of the humidity inside the exam 
room. 
 
H63 : There is a correlation between corrective maintenance and the average temperature 
inside the exam room, variance of the average temperature inside the exam room, the absolute 
minimum temperature inside the exam room, the average minimum temperature inside the 
exam room, the average humidity inside the exam room and the variance of the average 
humidity inside the exam room.  
 
H64 : There is a correlation between corrective maintenance and the average temperature 
inside the exam room, variance of the average temperature inside the exam room, the absolute 
minimum temperature inside the exam room, the average minimum temperature inside the 
exam room, the average humidity inside the exam room, the variance of the average humidity 
inside the exam room and the absolute maximum humidity inside the exam room.  
 
H65 : There is a correlation between corrective maintenance and the average temperature 
inside the exam room, variance of the average temperature inside the exam room, the absolute 
maximum temperature inside the exam room, the average maximum temperature inside the 
exam room, the average humidity inside the exam room, the variance of the humidity inside 
the exam room, the average minimum humidity outside of the hospital and the absolute 
minimum humidity outside of the hospital.  
 
After defining the hypotheses that will be used to test for the direct effects. The hypotheses 
pertaining the indirect effects will also be defined. 
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Let’s recall that the candidate events are a set of messages that are displayed whenever certain 
conditions occur (such as a component having a malfunction, a high temperature measured in 
one component, when a component stops working) and that these conditions are thought by 
the machine experts to be related to temperature and humidity. These candidate events were 
designed (not by the machine experts who provided the list) to represent particular conditions 
that can later be used for debugging the machine. They are a representation of the state of the 
machine, each message expressing different information. Putting all messages together, at least 
theoretically, expresses the overall state of the machine.  Therefore, these candidate events are 
assumed to be independent from each other. If they were designed and selected properly, 
either they are independent as they manifest different conditions, or they are dependent, and 
this dependency is based on the temperature and humidity conditions. If they are dependent, 
then theses effects will already be studied under objective 1 or under the direct effects’ analysis 
of objective 2. If there is another type of dependency, it wouldn’t be related to temperature 
and humidity and therefore it would not be interesting for this project. So, the events of each 
candidate event will be tested independently. Each candidate event is identified by a code of 
the form “can_400XX” where XX indicates the number of the candidate event. There are 59 
candidate events and thus, codes start from “can_40001” and go up one by one (so 
“can_40002”, “can_40003”, “can_40004”, etc…) till “can_40059”. When testing their effects on 
corrective maintenance, two things are interesting to check. The first thing to check is whether 
the event happening does affect corrective maintenance. That is to check, holding all other 
factors constant, if there is a difference between corrective maintenance of machines that have 
a particular candidate event happening and corrective maintenance of machines that have not 
had that particular candidate event happening. The second thing to check is if the more a 
candidate event happens, the higher the effect on corrective maintenance. This means that for 
every candidate event, two hypotheses need to be tested. One that checks for the effects of 
the candidate happening or not and one that checks for the effects of the number of 
occurrences of the candidate event. These hypotheses are: 
 
H66 : There is a difference in corrective maintenance between machines where candidate event 
“can_40001” has occurred and machines where the event has not.  
 
H67 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40001”. 
 
H68 : There is a difference in corrective maintenance between machines where candidate event 
“can_40002” has occurred and machines where the event has not.  
 
H69 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40002”. 
 
H70 : There is a difference in corrective maintenance between machines where candidate event 
“can_40003” has occurred and machines where the event has not.  
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H71 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40003”. 
 
H72 : There is a difference in corrective maintenance between machines where candidate event 
“can_40004” has occurred and machines where the event has not.  
 
H73 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40004”. 
 
H74 : There is a difference in corrective maintenance between machines where candidate event 
“can_40005” has occurred and machines where the event has not.  
 
H75 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40005”. 
 
H76 : There is a difference in corrective maintenance between machines where candidate event 
“can_40006” has occurred and machines where the event has not.  
 
H77 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40006”. 
 
H78 : There is a difference in corrective maintenance between machines where candidate event 
“can_40007” has occurred and machines where the event has not.  
 
H79 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40007”. 
 
H80 : There is a difference in corrective maintenance between machines where candidate event 
“can_40008” has occurred and machines where the event has not.  
 
H81 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40008”. 
 
H82 : There is a difference in corrective maintenance between machines where candidate event 
“can_40009” has occurred and machines where the event has not.  
 
H83 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40009”. 
 
H84 : There is a difference in corrective maintenance between machines where candidate event 
“can_40010” has occurred and machines where the event has not.  
 
H85 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40010”. 
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H86 : There is a difference in corrective maintenance between machines where candidate event 
“can_40011” has occurred and machines where the event has not.  
 
H87 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40011”. 
 
H88 : There is a difference in corrective maintenance between machines where candidate event 
“can_40012” has occurred and machines where the event has not.  
 
H89 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40012”. 
 
H90 : There is a difference in corrective maintenance between machines where candidate event 
“can_40013” has occurred and machines where the event has not.  
 
H91 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40013”. 
 
H92 : There is a difference in corrective maintenance between machines where candidate event 
“can_40014” has occurred and machines where the event has not.  
 
H93 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40014”. 
 
H94 : There is a difference in corrective maintenance between machines where candidate event 
“can_40015” has occurred and machines where the event has not.  
 
H95 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40015”. 
 
H96 : There is a difference in corrective maintenance between machines where candidate event 
“can_40016” has occurred and machines where the event has not.  
 
H97 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40016”. 
 
H98 : There is a difference in corrective maintenance between machines where candidate event 
“can_40017” has occurred and machines where the event has not.  
 
H99 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40017”. 
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H100 : There is a difference in corrective maintenance between machines where candidate event 
“can_40018” has occurred and machines where the event has not.  
 
H101 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40018”. 
 
H102 : There is a difference in corrective maintenance between machines where candidate event 
“can_40019” has occurred and machines where the event has not.  
 
H103: There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40019”. 
 
H104 : There is a difference in corrective maintenance between machines where candidate event 
“can_40020” has occurred and machines where the event has not.  
 
H105 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40020”. 
 
H106 : There is a difference in corrective maintenance between machines where candidate event 
“can_40021” has occurred and machines where the event has not.  
 
H107 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40021”. 
 
H108 : There is a difference in corrective maintenance between machines where candidate event 
“can_40022” has occurred and machines where the event has not.  
 
H109 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40022”. 
 
H110 : There is a difference in corrective maintenance between machines where candidate event 
“can_40023” has occurred and machines where the event has not.  
 
H111 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40023”. 
 
H112 : There is a difference in corrective maintenance between machines where candidate event 
“can_40024” has occurred and machines where the event has not.  
 
H113 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40024”. 
 
H114 : There is a difference in corrective maintenance between machines where candidate event 
“can_40025” has occurred and machines where the event has not.  
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H115 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40025”. 
 
H116 : There is a difference in corrective maintenance between machines where candidate event 
“can_40026” has occurred and machines where the event has not.  
 
H117 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40026”. 
 
H118 : There is a difference in corrective maintenance between machines where candidate event 
“can_40027” has occurred and machines where the event has not.  
 
H119 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40027”. 
 
H120 : There is a difference in corrective maintenance between machines where candidate event 
“can_40028” has occurred and machines where the event has not.  
 
H121 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40028”. 
 
H122 : There is a difference in corrective maintenance between machines where candidate event 
“can_40029” has occurred and machines where the event has not.  
 
H123 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40029”. 
 
H124 : There is a difference in corrective maintenance between machines where candidate event 
“can_40030” has occurred and machines where the event has not.  
 
H125 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40030”. 
 
H126 : There is a difference in corrective maintenance between machines where candidate event 
“can_40031” has occurred and machines where the event has not.  
 
H127 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40031”. 
 
H128 : There is a difference in corrective maintenance between machines where candidate event 
“can_40032” has occurred and machines where the event has not.  
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H129 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40032”. 
 
H130 : There is a difference in corrective maintenance between machines where candidate event 
“can_40033” has occurred and machines where the event has not.  
 
H131 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40033”. 
 
H132 : There is a difference in corrective maintenance between machines where candidate event 
“can_40034” has occurred and machines where the event has not.  
 
H133 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40034”. 
 
H134 : There is a difference in corrective maintenance between machines where candidate event 
“can_40035” has occurred and machines where the event has not.  
 
H135 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40035”. 
 
H136 : There is a difference in corrective maintenance between machines where candidate event 
“can_40036” has occurred and machines where the event has not.  
 
H137 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40036”. 
 
H138 : There is a difference in corrective maintenance between machines where candidate event 
“can_40037” has occurred and machines where the event has not.  
 
H139 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40037”. 
 
H140 : There is a difference in corrective maintenance between machines where candidate event 
“can_40038” has occurred and machines where the event has not.  
 
H141 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40038”. 
 
H142 : There is a difference in corrective maintenance between machines where candidate event 
“can_40039” has occurred and machines where the event has not.  
 
H143 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40039”. 
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H144 : There is a difference in corrective maintenance between machines where candidate event 
“can_40040” has occurred and machines where the event has not.  
 
H145 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40040”. 
 
H146 : There is a difference in corrective maintenance between machines where candidate event 
“can_40041” has occurred and machines where the event has not.  
 
H147 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40041”. 
 
H148 : There is a difference in corrective maintenance between machines where candidate event 
“can_40042” has occurred and machines where the event has not.  
 
H149 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40042”. 
 
H150 : There is a difference in corrective maintenance between machines where candidate event 
“can_40043” has occurred and machines where the event has not.  
 
H151 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40043”. 
 
H152 : There is a difference in corrective maintenance between machines where candidate event 
“can_40044” has occurred and machines where the event has not.  
 
H153 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40044”. 
 
H154 : There is a difference in corrective maintenance between machines where candidate event 
“can_40045” has occurred and machines where the event has not.  
 
H155 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40045”. 
 
H156 : There is a difference in corrective maintenance between machines where candidate event 
“can_40046” has occurred and machines where the event has not.  
 
H157 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40046”. 
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H158 : There is a difference in corrective maintenance between machines where candidate event 
“can_40047” has occurred and machines where the event has not.  
 
H159 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40047”. 
 
H160 : There is a difference in corrective maintenance between machines where candidate event 
“can_40048” has occurred and machines where the event has not.  
 
H161 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40048”. 
 
H162 : There is a difference in corrective maintenance between machines where candidate event 
“can_40049” has occurred and machines where the event has not.  
 
H163 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40049”. 
 
H164 : There is a difference in corrective maintenance between machines where candidate event 
“can_40050” has occurred and machines where the event has not.  
 
H165 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40050”. 
 
H166 : There is a difference in corrective maintenance between machines where candidate event 
“can_40051” has occurred and machines where the event has not.  
 
H167 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40051”. 
 
H168 : There is a difference in corrective maintenance between machines where candidate event 
“can_40052” has occurred and machines where the event has not.  
 
H169 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40052”. 
 
H170 : There is a difference in corrective maintenance between machines where candidate event 
“can_40053” has occurred and machines where the event has not.  
 
H171 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40053”. 
 
H172 : There is a difference in corrective maintenance between machines where candidate event 
“can_40054” has occurred and machines where the event has not.  
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H173 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40054”. 
 
H174 : There is a difference in corrective maintenance between machines where candidate event 
“can_40055” has occurred and machines where the event has not.  
 
H175 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40055”. 
 
H176 : There is a difference in corrective maintenance between machines where candidate event 
“can_40056” has occurred and machines where the event has not.  
 
H177 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40056”. 
 
H178 : There is a difference in corrective maintenance between machines where candidate event 
“can_40057” has occurred and machines where the event has not.  
 
H179 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40057”. 
 
H180 : There is a difference in corrective maintenance between machines where candidate event 
“can_40058” has occurred and machines where the event has not.  
 
H181 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40058”. 
 
H182 : There is a difference in corrective maintenance between machines where candidate event 
“can_40059” has occurred and machines where the event has not.  
 
H183 : There is a correlation between corrective maintenance and the number of occurrences of 
candidate event “can_40059”. 
 
 
After testing all of these hypotheses, the results are to be interpreted so that they can be 
translated into valuable insights. It is not enough to just test these hypotheses. The hypotheses 
are only a tool that produces information which can then be interpreted and extracted for 
value. The goal of this objective is to produce insight form these results. At this point, it is not 
possible to know how these results will look like and therefore they cannot be explained. 
 

2.3 Combined Analysis 
In sub-chapter 2.4, it is written that the results of objective 1 and objective 2 would be analyzed 
together. So how can these results produced by two very different objectives be combined? 
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First, let’s quickly re-cap on what these objectives are about. Objective 1 studies the 
relationship that temperature and humidity outside the hospitals have on the corrective 
maintenance of iXR machines located inside the hospitals. Objective 2 studies the direct and 
indirect relationships that humidity and temperature inside the technical and exam rooms have 
on corrective maintenance. It can be seen that both objectives consider temperature and 
humidity. In a broad sense, the first objective looks upon the outside temperature and humidity 
and the second objective looks to the inside temperature and humidity. They both look at 
temperature and humidity and how it affects corrective maintenance, this gives at least some 
commonality to these results. The difference being where the temperature and humidity come 
from. This means that these results can support each other, as these results study the same 
variables but have some differences. Let’s for example assume that the results of the first 
objective show that the higher the average of the outside temperature, the higher the number 
of corrective maintenance visits and that the results of the second objective show that the 
direct effect of low temperature in the exam room increases the number of corrective 
maintenance visits. In this example, even though the results may seem contradictory, they 
wouldn’t necessarily be so. These results could indicate that whenever there is a high 
temperature outside, the air-conditioning unit inside the exam room compensates temperature 
more than it should and brings the temperature lower than the specified range, and that this 
lower temperature affects the machine in some way such that more corrective maintenance 
visits are needed.  It is through these types of possible analysis that further insights can be 
discovered from the results of objective 1 and objective 2 combined. If the analysis is done only 
separately, then, it would not be possible to get this extra analysis. That is why the results of 
both objectives are also analyzed together in hopes of more insight. 
  

3. Limitations 
On the previous chapter, the ideal situations of how the objectives could be carried out was 
described. However, some limitations do exist. And these limitations affect what can actually be 
studied by these objectives. Below, these limitations and how they impact the objective will be 
described.  
 

3.1 Objective 1 
As objective 1 looks upon the relationship that temperature and humidity outside the hospital 
have on corrective maintenance, information about temperature and humidity information 
outside the hospital needs to be available. However, this information is not measured by Philips 
and as such cannot be found in the Philips DBs. So, this information needs to be gathered from 
another source. The information gathered would need to be reliable, so the results that use it 
are reliable as well. For the information to be reliable, the measurements of temperature and 
humidity need to be correct, they need to be representative of the conditions outside the 
hospitals, and the measurements of different machines need to be able to be compared with 
one another in the sense that they are measured in similar ways with the same degree of 
precision. 
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3.2 Objective 2 
Objective 2 looks upon the relationship that temperature and humidity inside the technical and 
exam rooms have on corrective maintenance, be it directly or through candidate events. 
However, measurements of temperature and humidity inside the technical and exam room are 
not available in the Philips DBs at the moment this project is carried out (November, 2018). This 
is a mayor limitation for this project as without this information the direct hypotheses cannot 
be tested. And without the hypotheses being tested, the goal of the objective cannot be 
realized. So, this information needs to be retrieved somehow. It is highly unlikely that this 
information can be found from another source as information inside the hospitals are normally 
protected under law due to patient-doctor confidentiality. Thus, a workaround needs to be 
implemented so as to have this information available and have this project completed.  
 
It would make sense to consider this limitation at first, before starting this project. At the start 
of this project, the information of temperature and humidity inside the technical and exam 
rooms was expected to be available. Due to the necessary procedures that needed to be done 
to produce this data in terms of convincing the owners of the machines that recovering this 
data could benefit them, the hassles of securing the recovered data in encrypted DBs with end-
to-end encrypted transmission (as required by law), the logistics of installing temperature and 
humidity sensors in the technical and exam rooms of machines all over the world, the monetary 
costs of such endeavors and the necessary timeframe to have enough data to analyze, this data 
was not available.  
 

4. Modified Objectives 
As the objectives cannot be realized as they were described before due to the limitations 
expressed in sub-chapter 3, they need to be modified to overcome said limitations. In this 
chapter, the methodology followed to carry these objectives will be laid out and within this 
methodology, the limitations will be addressed.  
 

4.1 Modified Objective 1 
Here the methodology to carry out objective 1 will be explained. As it can be seen on Figure 2, 
the methodology is divided into a sequence of 9 different steps. As such, each step will be 
described following that Sequence. 
  

 
Figure 2 Methodology Steps for Objective 1 
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Step 1: Get Data of Weather Stations 
As touched upon in sub-chapter 3.1, the information on temperature and humidity outside the 
hospitals is not found within the DBs of Philips. So, reliable information of temperature and 
humidity outside the hospitals needed to be found. A public search engine was used to find this 
information. While looking for this information, it became apparent that getting weather data 
(which contains temperature and humidity information) that meets the criteria of comparability 
and that are representative of the conditions outside the hospital, was going to be very 
challenging. In terms of precision in measurements, it would not be as difficult as data found 
was measured with several redundant measurement tools. The comparability was challenging 
in the sense that, whenever data that was measured in a similar way was found, the data only 
covered a section of the world (i.e. a country, a state, a city). The representation of the 
conditions outside the hospital was challenging in the sense that, most weather data is 
measured near the airport of a city, so the weather measurements would be representative of 
the hospitals near the airport but not of other hospitals. Other complications come as data 
being available to look in a website but not being able to be downloaded. In the end, a 
compromise was needed. It was decided that instead of looking at the whole world, by looking 
at only one country, these effects could still be studied, and the realization would be easier. 
This would make it so that only weather data that covers one country is needed, this reduces 
the difficulty of acquiring the data.    
 
When doing this study with only one country, some unintended benefits also become apparent. 
There may be some factors that are not considered in the hypotheses that are dependent on 
the country where the machines are located, and which would introduce noise to the results. 
By holding the country constant, it may be that these other factors are held constant as well 
and thus noise is not introduced. An example of such factors can be the quality of the electric 
supply as seen in WorldBank (n.d. ) which may degrade electronic components by having a high 
voltage variability such as sudden peaks of voltage or such as the interruption of the electric 
supply. These machines are very complex in the sense that they are composed of many 
different components, some of these components use electricity. For these electric 
components to work properly, certain conditions of the electric supply need to be met. These 
conditions are normally stable and are defined by the voltage, the intensity and the frequency 
of the electric supply. Some variation is allowed in the components, however, sudden changes 
in any of these parameters (voltage, intensity, frequency) may go out of the specified range for 
which these components were designed. That is why power regulators exist. Two machines 
with equal temperature and humidity outside the hospitals may have differences in 
maintenance costs that are caused by the different qualities of the electric supplies. This would 
distort results and reduce their precision.  
 
Another example of such factors may be the quality system standards of the regulatory body 
for medical devices, as it can been seen in World Health Organization (2003: 14), there are 
different standards in different countries. Having different standards means that machines 
need to be slightly modified to be able to be sold in the different countries. These modifications 
in turn may introduce noise to the data. These differences in machines are not expected to be 
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big (as they are the same product), however, as the effects of the outside temperature and 
humidity on corrective maintenance are expected to be small (due to the several degrees of 
separation between the outside of the hospital and the inside of the technical and exam 
rooms), they may obscure the effects of the outside conditions.  
 
Another example of these factors may come as differences in cultures, that is, different cultures 
do react differently to problems experienced in machines. As it can be seen in Bleuel et al. 
(2013), there are differences in how cultures approach after-sales services. Even though 
customer service may be centralized, the differences do not only come from the service of 
customer care agents, but they also come from the expectations of the machine owners. These 
differences may affect the time it takes for a machine owner to call Philips about the problems 
experienced.   
 
These factors would not affect results (or at least be severely reduced) when only studying one 
country. Having these factors not affect results is a good un-expected consequence of the 
temperature and humidity outside of the hospitals information not being available, however, 
this still does not give any guidance on to which country to select. What is of interest, it to 
check whether there is a relationship of temperature and humidity conditions outside the 
hospitals on corrective maintenance. This cannot be realized if the temperature and humidity 
of the country do not change where the machines are located. A country that has different 
conditions of temperature and humidity has a broader range of combinations of temperature 
and humidity and as such it can more precisely express their relationship on corrective 
maintenance. However, a country with different temperatures and humidity does not warrant 
that machines will be located in places with different temperatures and humidity. Therefore, a 
country that has many hospitals would be the best way to ensure that the locations of the 
hospitals has different temperature and humidity conditions.  As the largest number of 
machines is located in the U.S., this country is an obvious first choice, and as it can be seen on 
images 3,4 and 5 (taking precipitations as an indicator of humidity such that high humidity 
comes from high precipitations and low humidity comes from low precipitations); the variations 
on temperature and humidity are such that there exists many combinations of temperature 
and humidity. There are places with low annual precipitations and high annual maximum and 
minimum temperatures such as the south of Texas, with high annual precipitations and high 
annual maximum and minimum temperatures such as the western North of California. The 
nuance that these combinations provide would prove beneficial for modelling as the different 
combinations of temperature and humidity offer a better representation of their combined 
effect on corrective maintenance. 
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Therefore, the U.S. is a good choice for a country of which information of the temperature and 
humidity outside the hospitals can be gathered from an external source and that can be used to 
explore the effects that temperature and humidity have on corrective maintenance.  

Figure 3 U.S. Chart Showing the Average 
Minimum Temperatures 

Figure 4 U.S. Chart Showing the Average 
Precipitation 

Figure 5 U.S. Chart Showing the Average 
Maximum Temperatures 
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The information or temperature and humidity was found on the National Oceanic and 
Atmospheric Administration’s website, this information is used by the U.S. government in 
several other agencies such as the Environmental Protection Agency (EPA) and all data points 
are measured using several redundant sensors to offer greater reliability. This DB contains 
measurements of temperature and relative humidity from 156 weather stations located along 
the U.S. all gathered information follows the same measurement standards and there is at least 
one station per state. Thus, this DB matches the criterion for the needed DB. In order to use this 
information, it needs to be linked to the machines. In order to do this assignation, a balance 
needs to be found between precision and difficulty. The balance in this project comes from 
using the closest (in terms of cartographic distance) weather station to each machine, this is 
without considering elevation, as the source of the temperature and relative humidity 
information for that machine. This cannot be done right away as there are several stations per 
state which would make the trivial assignation of the weather station on the same state to each 
machine not straightforward. Furthermore, the machine and weather station being in the same 
state does not warranties that this assignation would be the optimal one as a weather station 
that is in another state may be the closest one. That is why a way to measure the distance 
between each weather station and each machine is needed so that the actual closest weather 
station can be assigned to each machine. Again, it must be restated that this may not be the 
optimal assignation methodology as the topology of the terrain may also play a role in the 
temperature and relative humidity conditions and therefore, in case there are two weather 
stations that have similar distances to one machine but between the closest one and the 
machine there are drastic changes in elevation (for example a mountain or a valley) and 
between the other weather station and the machine the elevation remains constant then the 
closest weather station may not be the best fit. This would mean that the results obtained 
through this methodology may not be as precise as the ones that are obtained when taking the 
topology of the terrain into account.  
 
The NOAA’s DB contains files of each weather station which register a series of measurements 
each day. Though these weather stations registered a variety of measurements such as soil 
moisture, precipitation and solar energy; only temperature and humidity measurements will be 
used as per the goal of this project. The relevant fields in these files are: 

•  Longitude: the longitude of the weather station’s location used to georeference the 
weather station. 

• Latitude: the latitude of the weather station’s location used to georeference the 
weather station. 

• Mean Temperature: the mean temperature measured at the weather station in a 
day. 

• Maximum Temperature: the maximum temperature measured at the weather 
station in a day.  

• Minimum Temperature: the minimum temperature measured at the weather 
station in a day. 

• Mean Relative Humidity: the average relative humidity measured at the weather 
station in a day. 
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• Maximum Relative Humidity: the maximum relative humidity at the weather station 
in a day. 

• Minimum Relative Humidity: the minimum relative humidity at the weather station 
in a day. 

 
Because of the information available in the DB of NOAA, instead of using the temperature and 
humidity outside of the hospital, the temperature and relative humidity from the weather 
stations will be used instead. This means that whenever humidity is referenced in hypotheses 0-
21, relative humidity will be used instead. Relative humidity is the amount of moisture in the air 
compared to the amount of moisture present in the air that is needed for it to condense as 
dew. Relative humidity may therefore be an even better indicator for exploring the effects of 
humidity on costs of corrective maintenance as the main problems of humidity are expected to 
come from condensation (as described before in hypotheses 18-20). 
 

Step 2: Get Coordinates 
However, something must be done in order to calculate the distance between the weather 
stations and the machines: 
 
𝑖 ∶= Weather Station         𝑒 ∶= iXR machine 

𝑖𝑙𝑎𝑡 ≔Latitude of weather station i    𝑒𝑙𝑎𝑡 ≔Latitude of machine e 

𝑖𝑙𝑜𝑛 ≔Longitude of weather station i  𝑒𝑙𝑜𝑛 ≔Longitude of machine e 
 
The weather stations have coordinates assigned, so, using the coordinates of the machine’s 
location then the distance between each machine and the weather stations could be 
calculated. The information of latitude and longitude of the machine’s location is not available, 
so it also needs to be retrieved. A DB with the coordinates of 36,000 cities in the US was found 
and used to assign coordinates to each machine.  
 
The relevant fields in this DB are: 

• City: the name of the city. 

• State: the state of the city. 

• Latitude: the latitude of the city. 

• Longitude: the longitude of the city 
 

The granularity of this DB is deemed enough as most machines are installed in big and middle 
cities and therefore, the DB can cover the entirety of the machines. If a machine is not found in 
this DB it is discarded.  
 

Step 3: Assign Coordinates 
This means that the coordinates of each machine are the coordinates of the city where the 
machine is located rather than the actual coordinates of the hospital where the machine is 
located. Again, this comes as a decision that strikes a balance between precision and difficulty. 
This could be solved in a more precise way using Google Maps API which can use the address of 
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the machine’s location and give the coordinates as and output, which would require PHP and 
JavaScript code which would take too long to script considering the timeframe of this project. 
That is why an easier solution was selected. So, in order to assign the coordinates, a 
combination of the city and state (in case there are several cities with the same name but in 
different states) of each machine was used to determine the corresponding coordinates in the 
data base, then those coordinates were assigned to the machine. For each city state element, a 
unique code was created. This code takes the name of the city and appends the abbreviation of 
the state at the end. For example, if the city was “Los Angeles” and the state was “California”, 
the unique code would be “Los AngelesCA”. Then, the addresses of the machines were also 
formatted in the same way and whenever the machine address matched an element of the 
cities DB then that city’s coordinates were assigned to the machine. By having the coordinates 
of each machine, the distance to the weather stations can be calculated.   
 

Step 4: Calculate Haversine Distances 
For each machine, the distances to all weather stations need to be calculated so that the closest 
one can be selected. Each distance is calculated using the Haversine formula, as seen in Sinnott 
(1984: 159), which calculates the distance between two points in a sphere. This is done because 
the Earth is a sphere and latitudes and longitudes also consider the curvature of the Earth. To 
use the Haversine formula for the distances, we need to transform the latitude and longitude to 
radians with:   
 

𝜑𝑒 =  𝑒𝑙𝑎𝑡 𝜋

180
≔ Latitude of machine e in radians       (1) 

𝛾𝑒 =  𝑒𝑙𝑜𝑛 𝜋

180
≔ Longitude of machine e in radians       (2) 

𝜑𝑖 =  𝑖𝑙𝑎𝑡 𝜋

180
≔ Latitude of weather station i in radians      (3) 

𝛾𝑖 =  𝑖𝑙𝑜𝑛 𝜋

180
≔ Longitude of weather station i in radians      (4) 

 
These variables are used in the Haversine formula which will calculate the distance between 
machine e and weather station i: 

𝐻𝑎𝑣𝑒𝑟𝑠𝑖𝑛𝑒 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑖, 𝑒) = 2 × 𝑟 × arcsin (√𝑠𝑖𝑛2 (
𝜑𝑖−𝜑𝑒

2
) + cos (𝜑𝑖)cos (𝜑𝑒)𝑠𝑖𝑛2 (

𝛾𝑖−𝛾𝑒

2
))  

(5) 
 
This distance is calculated for all combinations of machines and weather stations. As distances 
that are too high mean that the weather stations do not represent the conditions outside the 
hospital, the hospitals which have their closest weather station more than 100 kms away will be 
discarded.  
 

Step 5: Assign Weather Data 
After all distances have been calculated, the weather station with the shortest Haversine 
distance to each machine is selected to represent the temperature and relative humidity of that 
machine.  
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This is done with the following function: 
 

𝑓(𝑒) ≔  
𝑎𝑟𝑔𝑚𝑖𝑛

𝑖
(𝐻𝑎𝑣𝑒𝑟𝑠𝑖𝑛𝑒 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑖, 𝑒))

 
      (6)  

 
Each weather station measures the average, minimum and maximum temperatures each day:  
 

𝑇𝑖𝑗
𝑎𝑣𝑔

≔Average temperature recorded at weather station i in day j [℃]   (7) 

𝑇𝑖𝑗
𝑚𝑖𝑛 ≔Minimum temperature recorded at weather station i in day j [℃]   (8) 

𝑇𝑖𝑗
𝑚𝑎𝑥 ≔Maximum temperature recorded at weather station i in day j [℃]   (9) 

 
And, using (6): 
 

𝑇𝑒𝑗
𝑎𝑣𝑔

≔ 𝑇𝑖𝑗
𝑎𝑣𝑔

|(𝑖 = 𝑓(𝑒)) ≔ Average temperature recorded at weather station i assigned to 

machine e in day j [℃]           (10) 

𝑇𝑒𝑗
𝑚𝑖𝑛 ≔ 𝑇𝑖𝑗

𝑚𝑖𝑛|(𝑖 = 𝑓(𝑒)) ≔  Minimum temperature recorded at weather station i assigned to 

machine e in day j [℃]          (11) 

𝑇𝑒𝑗
𝑚𝑎𝑥 ≔ 𝑇𝑖𝑗

𝑚𝑎𝑥|(𝑖 = 𝑓(𝑒)) ≔  Maximum temperature recorded at weather station i assigned to 

machine e in day j [℃]         (12) 
 
Regarding relative humidity, the weather stations also measure the average, minimum and 
maximum relative humidities each day: 
 

𝐻𝑖𝑗
𝑎𝑣𝑔

≔Average relative humidity recorded at weather station i in day j    

 (13) 

𝐻𝑖𝑗
𝑚𝑖𝑛 ≔ Minimum relative humidity recorded at weather station i in day j   

 (14) 
𝐻𝑖𝑗

𝑚𝑎𝑥 ≔Maximum relative humidity recorded at weather station i in day j [℃]  

 (15) 
 
And, using (6): 
 

𝐻𝑒𝑗
𝑎𝑣𝑔

≔ 𝐻𝑖𝑗
𝑎𝑣𝑔

|(𝑖 = 𝑓(𝑒)) ≔ Average relative humidity recorded at weather station assigned to 

machine e in day j          (16) 

𝐻𝑒𝑗
𝑚𝑖𝑛 ≔ 𝐻𝑖𝑗

𝑚𝑖𝑛|(𝑖 = 𝑓(𝑒)) ≔ Minimum relative humidity recorded at weather station assigned 

to machine e in day j          (17) 

𝐻𝑒𝑗
𝑚𝑎𝑥 ≔ 𝐻𝑖𝑗

𝑚𝑎𝑥|(𝑖 = 𝑓(𝑒)) ≔ Maximum relative humidity recorded at weather station assigned 

to machine e in day j          (18) 
 
There are 3427 machines, each of them with three different temperature measurements (10, 
11, 12) and three relative humidity measurements (16, 17, 18) each measurement is done daily. 
This data needs to be transformed so that the hypotheses can be tested and that is why next, 
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indicators will be derived from these measurements such that they can be used to test the 
hypotheses. 
 

Step 6: Calculate Temperature and Relative Humidity Indicators 
Keeping in mind that the goal of objective 1 is to find if there is a correlation between the 
outside conditions, in terms of temperature and relative humidity, and corrective maintenance; 
a large time horizon needs to be considered as the effects of the outside conditions may not be 
immediate and thus, they would not appear in a short time horizon. If the effects slowly 
degrade the components, then, a time horizon that is short wouldn’t express the effects that 
temperature and relative humidity have on corrective maintenance as the components would 
not degrade enough to fail without sufficient time. If the components do not fail or behave in a 
notoriously different way than normal, then the then effects of temperature and relative 
humidity cannot be registered. Therefore, a decision was made to check for the whole year of 
2017. Though a longer time horizon seems like a preferable option, some complications arise 
from this: the number of machines that operate continuously throughout the time horizon 
decreases, the differences between machines increases as well (software releases, modules 
added to the machines, changes in preventive maintenance). By expanding the time horizon, 
extra complications need to be addressed and noise is also introduced to the data. To balance 
both concerns, large enough to manifest the degradation of components and small enough to 
only consider similar machines, one year of data is chosen as the time horizon. To make the 
results that use this data as representative of the present as possible, the most recent year was 
chosen: 2017. 
 
However, this still does not solve the difficulty of dealing with such a large data set comprised 
of several machines and of several measurements of both temperature and humidity. A large 
data set makes modelling more complex, processing more time consuming and interpretation 
of the results more difficult. Furthermore, the size of the data set may not actually provide 
valuable information and its granularity could be reduced in such a way that makes its handling 
easier while keeping the information’s value.  
 
Following this reasoning, the measurements of temperature and humidity will be aggregated by 
the year in such a way that the aggregated indicators still reflect the measurements’ behavior 
during the whole year. This will also reduce the number of dimensions of the data (machines, 
time, temperature, humidity, corrective maintenance) by removing the time dimension, which 
would make its handling easier in further analysis.   
 
From the defined hypotheses, 12 indicators need to be calculated so they can be used to test 
the defined hypotheses. As it was states above, these indicators will be aggregated by the year. 
How they are calculated and aggregated can be seen in the formulas bellow: 
 

1. The average temperature recorded for machine e in 2017 [℃]: 

𝑇𝑒
𝑎𝑣𝑔

≔
∑ 𝑇𝑒𝑗

𝑎𝑣𝑔
𝑗∈2017

365
           (19) 
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2. The variance of the average temperature based on Neter et al. (1996: 27): 

𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) =
∑ (𝑇𝑒𝑗

𝑎𝑣𝑔
−𝑇𝑒

𝑎𝑣𝑔
)𝑗∈2017

2

|𝑗|−1
                     (20) 

 
3. The average minimum temperature recorded for machine e in 2017 [℃]: 

𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

≔
∑ 𝑇𝑒𝑗

𝑎𝑣𝑔
𝑗∈2017

365
          (21) 

 
4. The absolute minimum temperature recorded for machine e in 2017 [℃]: 

𝑇𝑒
𝑚𝑖𝑛 ≔

𝑎𝑟𝑔𝑚𝑖𝑛
𝑗 ∈ 2017

(𝑇𝑒𝑗
𝑚𝑖𝑛)
 

          (22) 

 
5. The average maximum temperature recorded for machine e in 2017 [℃]: 

𝑇𝑒
𝑎𝑣𝑔 𝑚𝑎𝑥

≔
∑ 𝑇𝑒𝑗

𝑚𝑎𝑥
𝑗∈2017

365
          (23) 

 
6. The absolute maximum temperature recorded for machine e in 2017 [℃]:  

𝑇𝑒
𝑚𝑎𝑥 ≔

𝑎𝑟𝑔𝑚𝑎𝑥
𝑗 ∈ 2017

(𝑇𝑒𝑗
𝑚𝑎𝑥)
 

          (24) 

 
7. The average relative humidity recorded for machine e in 2017 [℃]: 

𝐻𝑒
𝑎𝑣𝑔

≔
∑ 𝐻𝑒𝑗

𝑎𝑣𝑔
𝑗∈2017

365
           (25) 

 
8. The variance of the average relative humidity based on Neter et al. (1996: 27): 

𝑉𝐴𝑅(𝐻𝑒
𝑎𝑣𝑔

) =
∑ (𝐻𝑒𝑗

𝑎𝑣𝑔
−𝐻𝑒

𝑎𝑣𝑔
)𝑗∈𝑘

2

|𝑗|−1
                     (26) 

 
9. The average minimum relative humidity recorded for machine e in 2017 [℃]: 

𝐻𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

≔
∑ 𝐻𝑒𝑗

𝑚𝑖𝑛
𝑗∈2017

365
          (27) 

 
10. The absolute minimum relative humidity recorded for machine e in 2017 [℃]: 

𝐻𝑒
𝑚𝑖𝑛 ≔

𝑎𝑟𝑔𝑚𝑖𝑛
𝑗 ∈ 2017

(𝐻𝑒𝑗
𝑚𝑖𝑛)
 

          (28) 

 
11. The average maximum relative humidity recorded for machine e in 2017 [℃]: 

𝐻𝑒
𝑎𝑣𝑔 𝑚𝑎𝑥

≔
∑ 𝐻𝑒𝑗

𝑚𝑎𝑥
𝑗∈2017

365
           (29) 

 
12. The absolute maximum relative humidity recorded for machine e in 2017 [℃]: 

𝐻𝑒
𝑚𝑎𝑥 ≔

𝑎𝑟𝑔𝑚𝑎𝑥
𝑗 ∈ 2017

(𝐻𝑒𝑗
𝑚𝑎𝑥)
 

           (30) 

 
The aggregated indicators represent the central behavior of the measured variable (19, 25), its 
variability from that central behavior (20, 26), its average lower bound (21, 27), its absolute 
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lower bound (22, 28), its average upper bound (23, 29) and its absolute upper bound (24, 30). 
Due to all these indicators, the behavior of the measured variable is represented in a thorough 
way and thus, these indicators will be useful for further analysis. 
 

Step 7: Get Corrective Maintenance Indicators 
In the previous step, the indicators that represent the behavior of temperature and relative 
humidity outside the hospital were defined. Yet, in order to test the defined hypotheses, the 
indicators of corrective maintenance need to be defined and calculated. That is why in this step 
the indicators of corrective maintenance will be defined with the respective formulas used to 
calculate them.  
 
Below are the corrective maintenance indicators with their respective formulas:  
 

1. The costs of parts replaced in 2017 (they will also be referred to as material costs): 
 

Though from a superficial first impression it would make more sense to use the total costs of 
maintenance that include labor costs and costs of downtime, these costs add noise to the 
results rather than actually help the results. This is because labor costs are not standardized for 
a specific task. Thus, these costs depend on the abilities of the FSEs, adding variability to the 
labor costs. As this variability comes from a variable, the FSE’s ability, that is not considered by 
the scope of this project; it cannot be controlled for by the models and thus, only registers as 
noise. Therefore, it wouldn’t be a good addition to the corrective maintenance indicator as this 
variability would only obscure the relationship it may have with temperature and humidity 
outside the hospital. And transport cost of FSEs getting to the machine in need of service can 
also vary greatly as this is dependent on the time taken. Machines being located at different 
distances from the service centers and the different traffic circulations between locations make 
the journey to the machines in need of service, variable. Again, this variability would be 
registered in the corrective maintenance as noise and would reduce the precision of the 
models. The costs of downtime are also variable as the needed part may be available at one 
service center and not another thus, making the machine downtime (a machine not working 
costs money. To the machine owners in terms of opportunity costs and to Philips in terms of 
fees that are due to be payed whenever the service level agreement goes below the specified 
threshold) dependent on the availability of components of their assigned service center. 
Introducing noise to the indicator of corrective maintenance. 
 
To get the costs of parts replaced, the information inside the DBs of Philips is used. Within, all 
preventive and maintenance events are found. These events are registered in Service Work 
Orders (SWOs). A SWO refers to a preventive maintenance event or to a corrective 
maintenance event. With respect to preventive maintenance, visits are scheduled throughout 
the year. During these visits, a series of inspections and calibrations assess the current state of 
the machine. The parts that are replaced during these visits are of two categories. Parts that do 
not affect the state of the machine in a significant way (for example the control remote 
batteries). And parts do affect the state of the machine and that degrade from the usage of the 
machine and are changed according to their usage (which are replaced before they are in risk of 
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breaking). The effects that preventive maintenance may have on corrective maintenance, are 
assumed to be non-significant and will not be considered. In regard to corrective maintenance, 
a case is registered whenever a machine owner (the customer) calls Philips regarding the 
abnormal behavior of the machine. Philips then assesses the state of the machine by analyzing 
the messages that the machine logged and then, in case it is necessary, it sends an FSE to 
physically determine what the problem is. A case then has an SWO assigned whenever an 
action from Philips is required to bring the machine to its normal behavior. If no action is 
required, then the case does not have a SWO registered. 
 
To get the SWOs’ information, the SQL table Development.SPC_swo_material is used. This table 
contains information about the material that is used for each SWO. It is updated daily, and its 
relevant columns are: 

• SapSWO: a varchar, containing the SWO identifier generated by SAP system. 

• Modality: a varchar, a contraction indicating the modality for which the machine is 
designed. 

• QuantityConsumed: a numeric, represents the number of parts consumed in the 
SWO. 

• QuantityReturned: a numeric, represents the number of parts returned in the SWO. 

• AmountAopCurrency: a numeric, containing the costs of parts in AOP format. 

• Part12NC: a varchar, containing the numeric identifier of the part. 
 

By looking at the relevant columns of the table, it may come to the attention of the reader that 
there no column referencing the machines from which SWOs are created. This makes relating 
the information of the SWOs to each machine impossible. Therefore, in order to connect the 
SWO information to each machine, table Development.Teradata_oneems_case (which is later 
described in more detail in this same sub-chapter) will be used as it simultaneously contains the 
ID of each machine and the SWO that are registered to that machine. 
 
Below, the mathematical formulations to calculate the costs of materials are defined. 
 
An SWO will be defined mathematically as: 
 
𝑠𝑒 ≔ Service Work Order s for machine e 
 
The material costs for each machine will be calculated by summing the costs of the replaced 
parts of each Service Work Order of that machine in 2017. 
 
The formula used to get the Material Costs for a machine e in 2017 is: 
 
𝑀𝐶𝑒 ≔  ∑ 𝑀𝐶𝑠𝑒𝑠𝑒∈2017    [Euros]          (31) 
 
The costs for one part may be different from one SWO to another. If those costs were used as 
is, noise would be introduced to the material costs, as costs would differ for two machines that 
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have the same parts replaced. This would make results less meaningful and it would reduce 
their precision. As such, to solve this issue, the costs of each part are averaged (as seen in (34)) 
and this average cost in in turn is used in the calculations (32).    
 
To get the costs of the materials of each SWO, the sum of the products of the parts replaced 
registered in the SWOs and the average cost of the respective part for all SWOs in 2017 will be 
used. Its formula is: 
 

𝑀𝐶𝑠𝑒 ≔  ∑ 𝑁𝑝
𝑠𝑒

𝑝∈𝑠𝑒 ×  𝐶𝑝 ≔ Material Costs of Corrective Maintenance of corrective 

maintenance Service Work Order s for machine e [Euros]     (32)  
 
With: 

𝑁𝑝
𝑠𝑒

≔ Number of Part p consumed in SWO s of machine e [units]    (33) 

𝐶𝑝 ≔  
∑ 𝑁𝑝

𝑠𝑒
× 𝐶𝑝

𝑠𝑒
𝑠𝑒∈2017

∑ 𝑁𝑝
𝑠𝑒

𝑠𝑒∈2017

∶= Average cost of part consumed p [Euros]    (34) 

𝐶𝑝
𝑠𝑒

: = Cost of part consumed p [Euros]       (35) 

 
 
Nonetheless, this does not mean that using the costs of parts replaced is a perfect indicator of 
corrective maintenance to be used for exploration on its relation to temperature and relative 
humidity outside the hospital. Problems of using the costs of material arise when the affected 
components have a small monetary value when compared to other expensive components that 
are not affected by the conditions outside the hospital and thus, if the expensive components 
fail haphazardly, the difference in cost will be buried under the noise generated by the 
replacement of the expensive component. However, using monetary terms in a business setting 
is interesting in the sense that it can be quantified in such a way that people within the business 
can understand the implications of such an affect. That is why the costs of materials for 
corrective maintenance will be used. Nevertheless, in order to have more precise results, the 
following indicator will also be used.   
 

 
2. The number of corrective maintenance events in 2017 

 
Though using material costs of corrective maintenance to determine the influence of the 
outside temperature and humidity on corrective maintenance presents the inherent problems 
of differences in prices between the components and how the effects of temperature and 
humidity may be different for each of them, from a business perspective it is a requirement as 
it speaks of the indicator most people are familiar with: money.  
 
Therefore, in order to mitigate these problems, the number of corrective maintenance events is 
proposed as another indicator. It was seen in the description of the material costs indicator, 
that the different replaced parts have different costs, some being vastly more expensive than 
others. And as it was mentioned, having the different costs for the parts replaced can be a 
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source of noise in the material costs as an expensive part that fails randomly may hide the 
effects that temperature and humidity outside the hospital do have on the failure of less 
expensive parts. This indicator solves this problem by making the price of each component an 
irrelevant factor, by not considering prices, and as such it protects the effects of temperature 
and humidity outside the hospital on corrective maintenance from the noise of random failures 
of expensive components. It was also mentioned that a corrective maintenance event stems 
from a call which results in an intervention that bring a machine to its normal functionality. And 
it was also explained how these corrective maintenance events are represented by SWOs. To 
get the indicator of how many corrective maintenance events happened for each machine in 
2017, data needs to be used. The data that is used for this purpose is found in table 
Development.Teradata_oneems_case (its relevant contents are described after this paragraph).  
 
It is important to mention that this indicator, the number of corrective maintenance events in 
2017, is dependent on the how well do SWOs represent the need for corrective maintenance. 
As it was mentioned, the information of each call between the machine owner and Philips is 
registered and a call that requires an action from Philips to return the machine to its normal 
state results in an SWO assigned to that machine. Still, the selection of whether a call result in a 
SWO being created or not is not an infallible process. The consequences of a call (if it results in 
an SWO or not) depend amongst other things on how soon the machine owner detects an 
abnormality and calls Philips, on how the FSE diagnoses the problem, on how the problem and 
solution are registered in the DB. This means that these factors do affect the number of SWOs, 
which are the foundation to get the number of corrective maintenance events (and all other 
measures stemming from them).  As these other factors that affect the SWOs’ number are not 
considered in this project, the variability that these factors cause on the number of SWOs will 
be interpreted as noise by the models. However, it is assumed that by having a big sample, this 
noise will cancel itself, some machines having a higher number of SWOs and other having a 
lower number. And that the number of corrective maintenance events will therefore be 
representative of the population. Furthermore, as it will be described later, the data will be 
purged of outliers which would reduce this variability in the studied sample. 
 
Development.Teradata_oneems_case is updated daily, and its relevant columns are: 

• ReferencedAssetName: a varchar, usually a number, identifying the machine 

• ProductCode: a varchar, usually a number, identifying the type of machine 

• SerialNumber: a varchar, usually a number, unique to each machine 

• Modality: a varchar, a contraction indicating the modality for which the machine is 
designed 

• AccountShippinCountry: a varchar, containing the shipping address’ country of the 
machine 

• AccountShippingAddress: a varchar, containing the shipping address of the machine 

• SapSwo: a varchar, containing the Service Work Order (SWO) identifier generated by 
SAP system. 

• EventType: a varchar, containing the type of service related to the SWO only 
“Corrective Maintenance” will be considered. 
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• DateTimeOpened: a varchar, containing the date in which the SWO was opened in 
string format. 

• DateTimeOpenedAsDt: a timestamp, containing the date in which the SWO was 
opened in DateTime format. 

• NumberVisits: an integer, representing the number of visits related to the SWO 
 
Next, the variable of corrective maintenance is defined, and its formula presented: 

 
𝑁𝑆𝑒 ≔ #𝑠𝑒 ∈ 2017 ≔ Number of Corrective Maintenance Events of machine e in 2017 (36) 
 
As the goal of objective 1 is to see whether there is a relationship between the temperature 
and relative humidity outside the hospital on corrective maintenance, having factors that make 
this relationship harder to analyze are detrimental. With this in mind, how much a machine is 
used may also have an influence on the corrective maintenance of that machine. Controlling for 
this would make results more reliable by taking its influence out of the model. Standardizing 
the corrective maintenance indicators by the usage of the machines will be a way to control for 
the machine’s usage. However, there are many ways that the use of a machine can be 
measured. Here, two measurements are used: the number of days the machine is turned on 
and the number of X-Ray images the machines takes. Both of which are further explained 
below. After they are explained, how they will be used will be laid out. 
 

𝐿𝑒 ≔ The number of days of available Log messages in 2017 which coincides with the 
number of days the machine is turned on (one day of available messages is equal to a 
day in which the machine is turned on, this does not refer exclusively to on/off cycles 
but also to machines that are on continuously through several days).  (37)  

 
This indicator is used as it manifests the frequency at which a machine is used, the machine 
needs to be turned on to be used. Even if a machine is not turned off in several days it would be 
reasonable to assume that the machine is not kept on by accident and thus, if the machine is 
turned on, the machine is used. It is expected that holding all other influences constant, the 
more a machine is used the higher its material costs and number of service work orders. The 
components of a machine are assumed to be degraded by the use of the machine and as such, 
the more a component is used the more likely it breaks. So, the more a machine is used, the 
more components in that machine break. The more components break, the higher the cost of 
replacing those materials and the higher the number of service work orders for that machine. 
Thus, it is assumed that corrective maintenance is a function of the usage of machines.  
 
A problem that comes from using the number of available log messages of a machine in 2017 is 
that the usage for machines in each day is not equal. Additionally, the usage may not be time 
dependent at all. Therefore, to reduce the risk of standardizing the corrective maintenance 
indicators with a usage variable that does not correctly represent the usage of a machine, 
another variable will also be used to standardize the corrective maintenance indicators. Both 
usage indicators will be used interchangeably, not together. The additional usage indicator is 
described below.  
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𝐴𝑒 ≔ The number of acquisitions in 2017 (an acquisition is an X-Ray machine image taken by 
the machine) of a machine.         (38) 
 
Interventional X-Ray machines are X-Ray machines that instead of just taking an X-Ray image 
(i.e. an acquisition), they take a series of images in real time and display an X-Ray video. To 
produce these videos, the machine needs to make acquisitions which means that main use of 
the machines is to take said acquisitions. Thus, a good indicator of how much a machine is used 
is the number of acquisitions taken by the machine. As this indicator is not influenced by the 
days a machine is used and because this indicator is also a more direct link to the usage of the 
machines, it will be used.   
 
With these two indicators of usage the corrective maintenance indicators, the days a machine is 
turned on and the number of acquisitions, can now be standardized to allow comparisons 
between different machines. By standardizing corrective maintenance of the machines by its 
usage, the effects that temperature and relative humidity outside the hospital have on 
corrective maintenance will be more precise as the variability that the different usage of the 
machine may have will be eliminated. As there are two indicators of usage, that means that for 
every corrective maintenance indicator, two standardized indicators will be created (4 
standardized corrective maintenance indicators in total). One of them using the number of days 
of log messages being available for a machine in 2017 and the other one using the number of 
acquisitions a machine took in 2017.  
The resulting standardized indicators are: 
 

1. Material Costs standardized by days of Log available in 2017 
 
It will be calculated with formula: 
 

𝑀𝐶𝑒
𝐿𝑜𝑔

≔ 𝑀𝐶𝑒
365

𝐿𝑒
 𝑓𝑜𝑟 𝐿𝑒 > 0          (39) 

 
A machine that has no days of available log messages is a machine of which information 
is not completely registered in the Philips DBs or that isn’t used in 2017.  Either way, 
these machines are not considered.  
 
 

2. Material Costs standardized by the number of acquisitions in 2017 
 
It will be calculated with formula: 
 

𝑀𝐶𝑒
𝐴𝑐𝑞𝑢𝑖 ≔

𝑀𝐶𝑒

𝐴𝑒
𝑓𝑜𝑟 𝐴𝑒 > 0           (40) 

 
Having no acquisitions in a machine is also a disqualifying characteristic of a machine. 
Not only is it a disqualifying characteristic in a mathematical sense (as one cannot divide 
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by zero) but it also means that either the information for that machine is not available 
or that that machine is not used in 2017, both causes being non-representative of the 
overall machine population. 
 
 

3. Number of corrective maintenance events in 2017 standardized by days of Log available 
in 2017 
 
It will be calculated with formula: 

𝑁𝑆𝑒
𝐿𝑜𝑔

≔ 𝑁𝑆𝑒
365

𝐿𝑒
𝑓𝑜𝑟 𝐿𝑒 > 0       (41) 

 
As explained on the first corrective maintenance indicator, having no days of available 
log messages in 2017 is a disqualifying criterion for machines.  
 

4. Number of corrective maintenance events in 2017 standardized by the number of 
acquisitions in 2017 
 
It will be calculated with formula: 

𝑁𝑆𝑒
𝐴𝑐𝑞𝑢𝑖 ≔

𝑁𝑆𝑒

𝐴𝑒
𝑓𝑜𝑟 𝐴𝑒 > 0         (42) 

 
Like it was explained on the second corrective maintenance indicator, the machines 
which have no acquisitions will be discarded.  

 
A particular detail to point out is that the cost of different components makes it so that when 
taking all components into account, whenever the most expensive component fails then all 
other component replacements become meaningless in terms of cost. That is to say that 
whenever the material costs are used, and the replacements of the most expensive part are not 
controlled for, the material costs only represent whether the most expensive component has 
failed or not (which is not the goal of objective 1). That is why machines will be separated into 
two datasets according to the number of replacements of the most expensive component. The 
machines that had more than 1 replacement in 2017 will be discarded as these machines are 
outliers. The remaining machines will be separated into machines that had no replacements 
(set 1) and machines that had one replacement (set 2). This will also be done whenever the 
number of corrective maintenance events is used as the corrective maintenance indicator so 
that the results from using on one corrective maintenance indicator can be compared to the 
results of using another corrective maintenance indicator. 
 

Step 8: Do Linear Regressions 
The goal of objective 1 is to test whether hypotheses 0 to 21 are true or not, that is to say, if 
there is a relationship between the variables specified in the hypotheses. These hypotheses test 
whether several indicators of temperature and relative humidity outside the hospital have an 
effect on corrective maintenance of the iXR Allura machines. Corrective maintenance will be 
represented, as it was defined in Step 7, by 4 standardized corrective maintenance indicators 
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(39) - (42). And as it is defined in Step 6, the temperature and humidity outside the hospital of 
hypotheses 0 to 21 will be represented by the temperature and relative humidity of the closest 
weather station to the hospitals. The measurements of the weather stations then are 
transformed into the necessary indicators as seen in (19) - (30). Another way to phrase the goal 
of objective 1 is, to find if corrective maintenance is dependent on temperature and relative 
humidity outside the hospital. Using this phrasing, one could refer to corrective maintenance as 
a dependent variable and to temperature and relative humidity indicators as the independent 
variables. This nomenclature, alongside additional nomenclature, can be seen as it is applied to 
multiple linear regression model on figure 6 below.  
 

 
Figure 6 Multiple Linear Regression Model with Nomenclature 

 
This phrasing is helpful in the sense that it makes it easier to imagine how the tests can be 
tested. One needs to test the dependency of corrective maintenance on temperature and 
relative humidity outside the hospitals. To test this dependency, a linear model will be used, 
more specifically an Ordinary Least Squares (OLS) model.  
The linear regression model can be either between one dependent variable and independent 
variable such as: 
�̂� =  𝛽0 + 𝛽1𝑋 + 𝜀           (43) 

Where: 

�̂� ≔ Dependent variable 
𝛽0 ≔ Intercept 

𝛽1 ≔ Slope 

𝑋 ≔ Independent Variable 
𝜀 ≔ Residuals 
Or between one dependent variable and multiple independent variables, this is called a 
multiple linear regression model and it is of the form: 
 
�̂� =  𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 + 𝜀        (44) 

With:  𝑘 ∈ [2; ∞) 
And, where: 

�̂� ≔ Dependent variable 
𝛽0 ≔ Intercept 

𝛽1 ≔ Slope for first independent variable 𝑋1 

𝑋1 ≔ Independent Variable 1 
𝛽2 ≔ Slope for first independent variable 𝑋2 

𝑋2 ≔ Independent Variable 2 
𝛽𝑘 ≔ Slope for first independent variable 𝑋𝑘 

𝑋𝑘 ≔ Independent Variable k 
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𝜀 ≔ Residuals 
 
However, in case there is a dependency, it may be not linear. It is worth noting that a linear 
model can look for non-linear relationships between the dependent and independent variables 
as long as the variables are transformed (this will be touched upon more detail later on).  
 
Furthermore, whenever the residuals of an OLS follows the Gauss-Markov theorem (which is 
later described), as seen in Shaffer (1991), the estimators of the coefficients of the model are 
the best linear unbiased estimator in terms of minimum variance. This means that whenever 
the assumptions of the Gauss-Markov theorem are met, and the model is significant, then that 
model is the best linear model that can be fitted to the data. So, an OLS model can test any 
relationship (as long as the data is transformed) and its estimators for the intercept and slope(s) 
are the best possible in terms of minimum variance. This the reason to use an OLS model, for 
any type of linearized relationship, the OLS model gives the best fit. Thus, if the fit is not 
significant then one can conclude that there is no such linearized relationship between the 
dependent and independent variables of that model.  
 
Each hypothesis tests if one or more indicators of temperature and relative humidity outside 
the hospital are related to corrective maintenance. As corrective maintenance is represented 
by 4 standardized indicators, then, for each hypothesis four relationships are to be tested, one 
for each standardized indicator. The criteria to accept or reject the hypothesis that will be 
modelled is explained later. At this moment, it is important that the reader understands that for 
each linear relationship that is tested, four models are necessary, one for each of the corrective 
maintenance standardized indicators. 
 
First, in order to make the available data more reliable, outliers will be discarded using Tukey’s 
fences as described in Tukey (1977: 44). Therein, the Boxplot is described and how it is 
composed by the median of the data, the first and third quartile (called hinges) and the inner 
fences; an example of this Boxplot can be seen on figure 7. It also states that the difference 
between the third and first quartile is called the “H-spread” (more commonly known as Inter 
Quartile Range (IQR)) and that the lower inner fence is located at one “H-spread” lower than 
the first quartile and that the upper inner fence is one “H-spread” higher than the third 
quartile. Values that are outside the inner fences are values classified as “outside” and thus, are 
considered outliers (in figure 7 these values are colored in red). For all variables, these outliers 
are identified and discarded.  An example of this can be seen in figure 7, therein, on the upper 
half, a Boxplot can be seen. On the bottom half, some arbitrary height distribution (just used as 
an example) can be seen. The Boxplot is created with the arbitrary height data, each circle 
represents a data point, the ones colored in blue are kept in the sample while the ones colored 
in red are located outside the inner fences and therefore will be discarded. 
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Figure 7 Example of Tukey's fences and Boxplot Nomenclature from Arbitrary Height Data 

 
Then, with the filtered data and using an adapted methodology from Vu et al. (2015), a multiple 
linear regression without collinear regressors is fitted using backwards selection to the 
corrective maintenance indicators. The original methodology described in Vu et al. (2015), as it 
is shown in figure 8, consists of fitting a multiple linear regression OLS model with all available 
dependent variables, then, iteratively taking away the variable with the highest collinearity 
(variables which have its variability already explained through other variables) and refitting the 
model with the remaining variables until all variables are no longer collinear. Then, iteratively 
take away the least significant variable and refit the model until all remaining variables in the 
model are significant. Only then is the model to be analyzed.  
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Figure 8 Original methodology of Vu et al. (2015) 

The OLS linear regression are fitted as seen in Neter et al. (1996: 227). The adapted 
methodology of Vu et al. (2015) can be seen on figure 9, where there are two loops. The first 
one corresponds to the elimination of collinear variables and the second one corresponds to 
the elimination of non-significant variables. 
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Because of the imprecision that comes from the assignation of weather information that can be 
located far away from the actual location where the machine is located, the main interest of 
this objective is not to find the exact relationship between temperature and relative humidity 
outside the hospital to corrective maintenance but rather to find if there is a relationship.  
 
That is to say that the coefficients of the terms (the reader is referred to figure 6 for a refresher 
on the linear regression model nomenclature) of a significant linear regression model are not 
expected to be precise, it is more important to check the terms´ significance. As it can be seen 
in Alin (2010) collinearity affects the significance of the terms as it modifies the partial 
regression coefficients which are used to calculate the F-statistic (as it described in Rawlings et 
al. (1988: 18)) that tests the significance of the term being included in the model: 

“The most serious effect of multicollinearity is that bi’s will have large 

standard errors (σ2
bi 

), i.e., large sampling variability. This makes these 

coefficients unreliable and, therefore, decreases their precision. The more the 
multicollinearity is exact, the less reliable are the estimates.” 

 

Figure 9 Conceptual diagram of the methodology adapted from Vu et al. (2015) 
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These different coefficients (the notation of the coefficients in Allin (2010) is bi while here they 

are referred to as 𝛽𝑖) could make a term insignificant even if it in reality it is actually significant.  

 
Therefore, collinearity needs to be solved to get the insights of which terms are significant on a 
significant model so that knowledge of the relationship of temperature and relative humidity 
outside the hospital to the corrective maintenance indicators can be obtained.   
 
Previously, yearly temperature and yearly relative humidity have been decomposed into the 
average of average daily measurements, average of minimum daily measurements, average of 
maximum daily measurements, absolute minimum daily measurement, absolute maximum 
measurement and the variance of the average daily measurements. This decomposition of 
variables helps to understand which aspects of temperature and relative humidity are 
important. However, even though theoretically there is a reasoning to test the previously 
defined hypotheses as they are (with all regressors included) and the decomposed variables 
represent different attributes of the measured variable, we cannot be sure that there isn’t any 
collinearity in the models using two or more of these variables. Therefore, to produce the 
planned insights, collinearity must be addressed.  
 
There are many ways to test for collinearity. Collinearity, as it was explained before, happens 
whenever the variability of a dependent variable in a linear regression model is already 
explained by the variability of another dependent variable.  
 
For example (this is an arbitrary example, the variables used here have nothing to do with the 
project), if one wanted to test the dependence of sales to the reach of a marketing campaign 
and the marketing budget, one could have a model: 
 

𝑆𝑎𝑙𝑒𝑠 =  𝛽0 + 𝛽1𝑟𝑒𝑎𝑐ℎ + 𝛽2𝑏𝑢𝑑𝑔𝑒𝑡 + 𝜀 
 
But, if the reach of the marketing campaign is determined by how much money is spend on 
marketing (i.e. the marketing budget), the model would basically consider the same variable 
two times. This would lead to problems in estimating 𝛽1 and 𝛽2 (for details the readers is 

directed towards Alin (2010)). This problem is called collinearity. Whenever the variability of 
one variable is explained not by the variability of another variable but by the variability of two 
or more variables, it is called multicollinearity.   
 
As Alin (2010) shows, a popular indicator used for multicollinearity diagnostics is the Variance 
Inflation Factor or VIF for short. The Variance Inflation Factor is a measure of how much 
collinearity inflates the variance of a term’s coefficient in a multiple linear regression model (in 
simple linear regression, there is only one independent variable and therefore there cannot be 
any collinearity). This inflation in turn is what modifies the inference statistics of the term 
whenever an inference statistic uses the term’s variance, such as the partial F -statistic used to 
test if a term should be included in the model. Several values in literature are used as a 
threshold of VIF affecting the model significantly. Neter et al. (1996: 409) suggests using terms 
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with a VIF lower than 10 while Menard (1995: 66) says that terms with a VIF lower than 5 
should be used.  Furthermore, Draper & Smith (1998: 376) states: 

 “In some writings, specific numerical guidelines for VIF values are seen, but 
they are essentially arbitrary. Each person must decide for himself or herself”  

 
What “essentially arbitrary” means in this context is that there aren’t any methods on how to 
select the VIF threshold. As seen in Alin (2010) the Variance Inflation Factor (VIF) is calculated 
with: 
 

𝑉𝐼𝐹𝑖 =
1

1−𝑅𝑖
2         𝑓𝑜𝑟 𝑖 = 1,2, … , 𝑘        (45) 

 
Where, 

 “𝑅𝑖
2 is the coefficient of multiple determination of 𝑋𝑖  on the remaining 

explanatory variables.” 
 

And Neter et al. (1996: 230) describes conceptually 𝑅2 as: 

“It measures the proportionate reduction of total variation in Y associated 
with the use of the set of X variables 𝑋1, … , 𝑋𝑝−1.” 

 

In other words, 𝑅𝑖
2 measures how much of 𝑋𝑖 variability is already explained by the other 

regressors. If, for each independent variable; a 20 percent of unexplained variability is expected 
then, a VIF threshold of 5 is sufficient (from using formula (45)).   
 

(1 − 𝑅𝑖
2|𝑅𝑖

2 = 0.8) = 0.2         (46) 
1

1−0.8
= 5           (47) 

 
This 20 percent of unexplained variability is chosen as it seems to be a big enough percentage, 
this is a completely subjective decision. The literature does not provide any criteria on how to 
choose this value, which makes the decision of a VIF of 5 reasonable. A VIF of 10, would mean 
that the unexplained variability of each independent variable is 10 percent, which seems to be 
too low. 
 
As the VIF of each term in a model depends on the terms of that model, when removing one 
term the VIF of the remaining terms changes. That is why the selection of terms according to 
the VIF is an iterative process where, if there are terms with a VIF higher than 5, the term with 
the highest VIF is taken out and the VIFs are recalculated. This process is repeated until all 
terms have a VIF value under or equal to 5. This algorithm can be seen in figure 10. 
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Figure 10 Algorithm for Selection of Non-Collinear Terms 

 
After the non-collinear terms are selected by the algorithm, a backwards elimination is done so 
that only the significant terms remain in the model. The backwards elimination method is a 
method of term selection that tries to select the terms that create the best regression model. 
The steps of this procedure are as seen in Draper & Smith (1998: 339): 

1. A regression equation containing all regressors is computed.  

2. The partial F-test value is calculated for every regressor treated as though it were the last 

variable to enter the regression equation.  

3. The lowest partial F-test value, say, 𝐹𝐿 , is compared with a preselected or default 

significance level, say, 𝐹0. 

a. If 𝐹𝐿 < 𝐹0 , remove the term 𝑋𝐿, which gave rise to 𝐹𝐿, from consideration and recompute the 

regression equation with the remaining regressors; reenter stage (2).  

b. If 𝐹𝐿 > 𝐹0, adopt the regression equation as calculated.  

 The algorithm fits a multiple linear OLS to the data in stage 1. Then a test statistic is calculated 
for each regressor as if it were the last variable to enter the model. This F-test statistic is 
calculated as described in Neter et al. (1996: 268-269). Then, a critical value is sampled from an 
F distribution with parameters (1- α; p-1, n-p) where the significance level α=0.05, p indicates 
the number of parameters (including the intercept) and n indicates the number of data points.  
 
Then variables are compared to the critical value and taken out of the model if they fail to be 
significant. This continues for as long as there are variables which are less significant than the 
critical level. The critical level is analogous to a p-value of 0.05. From now on, the significance of 
the linear regression will be referred to in terms of p-value for an easier interpretability and to 
homogenize the significance threshold of all tests (tests may have different statistics, however, 
they can all be talked to in terms of p-values; making them easier to understand).  
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Next, the resulting model without collinear terms and with only significant terms is analyzed. 
This model tests whether a linear relationship between the regressors and the regressand 
defined in the hypotheses exists. However, the relationship between the variables may be 
different than linear. To test several relationships, the terms can be transformed. These 
transformations make it so that the fitting methodology stays the same (fitting a line with 
ordinary least squares) while testing a different relationship. This makes it simple to test several 
models and keeps the methodology constant with only one changing parameter. It does make 
the models easier to compare and also to calculate and analyze. As Tukey (1977: 89) states, the 
standard transformations are those that change the power of the dependent variable by [-3; 
+3]. So, if the dependent variable has an original power of 1 then the range of the dependent 
variable powers is [1-3;1+3] = [-2;4]. In Tukey (1977: 89) it is also stated that powers may be 
decreased/increased in halves instead of testing all the different possible powers. Discretizing 
powers in halves. This means that each hypothesis is tested by models of the form (in case 
there is only one regressor, the righthand side of model is a simple linear regression as seen in 
(43) as opposed to the multiple linear regression depicted below): 
 

�̂�−2 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 + 𝜀        (48) 
 

�̂�−3/2 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 + 𝜀      (49) 
 

�̂�−1 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 + 𝜀       (50) 
 

�̂�−1/2 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 + 𝜀      (51) 
 

�̂�1/2 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 + 𝜀       (52) 
 

�̂� = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 + 𝜀       (53) 
 

�̂�3/2 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 + 𝜀       (54) 
 

�̂�2 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 + 𝜀       (55) 
 

�̂�5/2 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 + 𝜀       (56) 
 

�̂�3 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 + 𝜀       (57) 
 

�̂�7/2 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 + 𝜀       (58) 
 

�̂�4 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 + 𝜀       (59) 
 
Now, as it was implied before, the interest of using an OLS linear regression model is to provide 
the best linear unbiased coefficient estimator for each term. Therefore, a model being 
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significant is not interesting for objective 1 if the assumptions of the Gauss-Markov theorem 
are not met. If these assumptions are not met, then the coefficients estimators are not the best 
linear unbiased estimators. Thus, a model where these assumptions are not met, is not 
interesting, despite what it’s p-value may indicate. The assumptions of the Gauss-Markov 
theorem are as Seber (2015) states: 
 
“Before we have confidence in a particular linear model, we need to check on its underlying 
assumptions, which are: (i) the 𝜀𝑖 have mean zero, (ii) the 𝜀𝑖 all have the same variance, (iii) the 
𝜀𝑖 are mutually independent, and (iv) the 𝜀𝑖 are normally distributed” 
 
Where: 
 

𝜀𝑖 = 𝑌𝑖 − �̂�𝑖 = Residual difference between the real value 𝑌𝑖 and the fitted value �̂�𝑖 for data 
point i 
𝑌𝑖 = Real value of independent variable for data point i 

�̂�𝑖 = Fitted value of independent variable for data point i 
 
Therefore, the 4 assumptions need to be tested so that a positive result from the p-value of the 
model fit can actually show that a relationship between the variables exist. Below, way to test 
each assumption is described and what these assumptions mean in terms of their effects on the 
linear regression models is explained.  
 
 
 

(i) the 𝜀 have mean zero also known as strict exogeneity assumption: 
 

The linear regression model assumes that the residuals of the linear regression are not 
conditioned on the values of the regressors, that they are independent of the regressors. As the 
name strict exogeneity implies, the linear regression model assumes the residuals are strictly 
exogenous, having an origin that is external to the regression model. A linear regression model 
is fitted using the least squares method which minimizes the residuals. If the residuals are not 
conditioned on the value of the regressors, a linear model can be fitted such that the mean of 
the residuals is 0. That is to say that the expected value of the residuals in the model 
conditioned on the value of the regressors is 0. In other words, that if the expected value of the 
residuals is written as a function of the regressors, then the function is constant with value 0. If 
this is the case, then there is statistical evidence to suggest that there is no relationship 
between the residuals and the regressors and thus, the coefficients of the linear regression are 
unbiased. 
 

According to 林 (2000: 7) whenever a constant term is used in the linear regression, this 
assumption is met. As the linear regression models that are used contain an intercept then this 

assumption is met. If a model  �̂� = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 + 𝜀 has an 𝜀 which is not 0, 

then the model can be redefined as �̂� = (𝛽0 + 𝜇) + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 + (𝜀 − 𝜇) 



61 
 

making the residuals 0. And as such, no test needs to be conducted so long as the model uses 
an intercept.  
  
 

(ii) the 𝜀𝑖 all have the same variance also known as the homoscedasticity assumption: 
 

The linear regression model assumes that the residuals have a constant variance, meaning that 
when the value of the regressors change the variance of the residuals stays the same. On figure 
11, two scatter plots are presented, the one located on the left-hand side shows a data 
distribution where the variance of the residuals derived from a linear model is constant and the 
one located on the right-hand side shows a data distribution where the variance of the 
residuals derived from a linear model increases as the values of 𝑋1 get higher. Fitting a line to 
the plot with the blue dots, can make the distance of the blue points to the linear model (i.e. 
the residuals) have the same variance throughout the range of 𝑋1. Fitting a line to the plot with 
the red dots, makes it so that the quality of the fit changes according to the values of 𝑋1, the 
variance of the residuals is low for small value of 𝑋1 and larger for big values (as the spread 
between points increases with the value of 𝑋1). If this is the case, then the model formulation is 
wrong, there is no linear relationship between Y and 𝑋1. That is because if the variance of the 
residuals changes based on the values of the regressors then there is a relationship between 
the regressors and the residuals making the tested linear model biased, and so, non-descriptive 
of the real relationship between the regressors and the regressand. In other words, there is no 
linear relationship between the independent variables and the dependent variable. 
 

 
Figure 11 Example of Scatter Plots 

 
To test if the variance of the model is the same for all residuals, that is to say that the variance 
is homoscedastic. The test suggested by Breusch & Pagan (1979) is used. This test checks 
whether the variance of the model can be significantly explained by a fitted function. The 
tested function is a linear regression model of the form (in case there is only one regressor, the 
righthand side of model is a simple linear regression as seen in (43) as opposed to the multiple 
linear regression depicted below): 
 
𝜀2 =  𝛼0 +  𝛼1𝑋1 + 𝛼2𝑋2 + ⋯ + 𝛼𝑘𝑋𝑘 + 𝜂   (60) 
 
Where: 
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𝜀 = Residuals of regression model used to test hypotheses 
𝛼𝑖 = Linear regression coefficient of term i 
𝜂 = Residuals 
   
Basically, this test tests whether a linear regression model, using the same regressors as the 
linear regression model of which residuals are the independent variable of this new model, can 
significantly explain the residuals. Thus, if this is the case the results are heteroscedastic and 
the assumptions of the Gauss-Markov theorem are not met which makes the coefficients of the 
terms of the linear model that test the hypotheses no longer the best linear unbiased 
estimators, thus, making the linear model a bad fit. 
 
This test is based on the assumptions that the residuals of the first model are independent, 
normally distributed and with mean zero. Also, these assumptions are assumed in the first 
model, and are already tested. If any of these assumptions is not supported by statistical 
evidence, the first model is deemed insignificant and therefore, this test’s significance is not an 
issue. Either the assumptions are met for the first model and for this test or they are not met 
and the model is not significant independently of this test’s significance.   
 
A significance level of 0.05 is chosen for this test, meaning that for the test to reject 
homoscedasticity (null hypothesis) there needs to be enough statistical evidence so that the 
rejection can be trusted with a 95% confidence. This significance level implies that there is a 5% 
chance of the results of the Breusch-Pagan falsely rejecting the null hypothesis of the variance 
being homoscedastic. There are no guidelines to choose a significance level for this test. A 0.05 
value is chosen as it seems to be precise enough for this project. This value strikes a balance 
between the significance of the results and preventing a Type I error of rejecting 
homoscedasticity. 
   
Only models with a Breusch-Pagan test’s p-value higher than 0.05 are considered significant. 
The null hypothesis implies that the variance of the residuals is homoscedastic and by its non-
rejection it is implied that there is statistical evidence of the variance of the residuals being 
homoscedastic.  
 
(iii) the 𝜀𝑖 are mutually independent: 
 
The linear regression also assumes that the residuals are independent of each other. As seen in 
Cochrane & Orcutt (1949), having dependencies in the residuals violates the assumption of 
independence on the Gauss-Markov theorem and therefore if it is not met, the estimators of 
the model are no longer unbiased and as such a model cannot be trusted. Dependence in 

regression models is normally defined as autocorrelation 林 (2000: 11). Autocorrelation in the 
residuals means that, for residuals sorted along variable 𝑋1, the value of a residual is dependent 
on the value of the previous residuals. For example, if there was an autocorrelation with a lag 
of 1, the value of 𝜀𝑥+1|(𝑋

1
= 𝑥 + 1)  would be dependent on the value of 𝜀𝑥|(𝑋

1
= 𝑥). The 

complications arise as this autocorrelation depends on how the tested data is sorted, as this 
dependence is defined in sequential terms. If the sequence of the data is changed, so does its 
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autocorrelation. The reason that this dependence is normally defined as autocorrelation is 
because, as seen in Durbin & Watson (1951), the OLS regression models are constantly used in 
time-series data. This however, is not the case in objective 1, as the data used is not a time-
series. One could think that there may be an autocorrelation with the residuals ordered by the 
machine location. And even though there may be a correlation between the residuals of the 
machines that share the regressors derived from the same weather station, the effects of such 
correlation would show in the Breusch-Pagan test described earlier. As the residuals´ variance´s 
dependency on the values of the regressors is tested. Thus, there are no conceptual reasons to 
suggest that there is an autocorrelation in the residuals of the models tested. Nevertheless, to 
make sure that the residuals are indeed independent, two tests are conducted with the data 
ordered by the city of the machine’s location. The first test checks whether residuals are 
autocorrelated with a lag of one. And the second test checks whether the sequence of the 
residuals being higher or lower than the median is random or not. These tests are more 
thoroughly explained below.  
 
The first test is described in Durbin & Watson (1951). This test tests how much of the squared 
deviation of the fitted values (sum of squared errors) is explained by the squared difference 
between a deviation and its previous deviation (sum of the squared differences between errors 
lagged by one) (61). 
 

𝑑 =
∑ (𝜀𝑥−𝜀𝑥−1)2𝑋1

𝑥=2

∑ 𝜀𝑥
2𝑋1

𝑥=1

      this applies for data being ordered on  𝑋1  (61) 

 
Intuitively, this indicator can be understood as measuring the inertia of the errors. This inertia 
can be more intuitively understood when thinking of an economic trend and how they mostly 
go through cycles instead of having a continuous slope as seen on the left plot of figure 12 (the 
line represents the average of the residuals). A perfect negative autocorrelation or perfect 
negative inertia happens whenever residuals alternate between higher and lower values than 
the residual mean, as seen on the right plot of figure 12.  
 

 
Figure 12 Examples of Positive and Negative Autocorrelations 
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As it was written before, in this project, significance is represented by the p-value so that 
results are easier to understand. To transform the inference statistics of the Durbin Watson test 
to a p-value, the procedure in Farebrother (1980) is used. Note that as the alternative 
hypothesis for this test is that the autocorrelation is different from 0 (not that it is bigger or 
lower to zero), a two-tailed test is carried out.  
 
 
The second test is the Wald-Wolfowitz-Runs test as described in Brownlee (1965: 231).  
This test transforms the data into a sequence of dummy variables where each data point’s 
dummy variable expresses whether the residual is above or below the residual’s median.  

For example, the sequence of dummy variables of figure 13 is -+-++-+---+-++-+ where a – 
denotes a residual being below the median and a + denotes a residual being above the median. 
The test also uses the concept of run. A run is defined as a series of the same value. Going back 
to the example of figure 13, the first run has a length of 1 and consists of -, the second has a 
length of 1 and consists of +, the third has a length of 1 and consists of -, the fourth has a length 
of two and consists of ++ and so on. This test then calculates the probability of having such runs 
in the length of the sequence.  Wald & Wolfowitz (1943) also proved that the test statistic is 
normally distributed and as such, its p-value can be derived from the inverse normal 
distribution function. 
 
The null hypothesis for both tests is that there is no correlation within the residuals of the linear 
regression OLS model. As such, and considering the same logic stated in (ii), the chosen 
significance level for these tests is 0.05.   
 
(iv) the 𝜀𝑖 are normally distributed: 
 
Linear regression also assumes that the residuals are normally distributed. This assumption is 
part of the Gauss-Markov theorem and violating it would result in the estimators of the 
coefficients of the model to be no longer the best linear unbiased estimators and thus, the 
insights produced by a significant model could not be trusted as there may be a better model 
which could completely change the analysis.  
 

Figure 13 Example or Residuals Scatterplot 
with a Median Line 
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The chosen test to test this assumption is the Shapiro-Wilk’s test, as seen in Royston (1982), 
which checks whether the variance of the residuals can be explained by a normal distribution. 
Royston (1982) states that the Shapiro-Wilk’s test “arguably provides the best omnibus test of 
normality”. An omnibus test checks whether the variance of the residuals can be significantly 
explained. In this case, the explained variance is compared to a normal distribution. If the 
variance of the residuals can be explained by a normal distribution, then, the residuals are 
normally distributed. Therefore, the Shapiro-Wilk’s test is used to test the normality of the 
residuals. It does not have any assumptions, which makes its use easier. Again, a significance 
level of 0.05 will be used based on the logic stated in (ii).  
 

Step 9: Analyze Results 
After all previous steps have been carried out, one is left with several linear regression models 
and several p-values from tests that check the assumptions of the Gauss-Markov theorem. Each 
hypothesis from 0 to 21 is tested using four standardized corrective maintenance indicators 
that represent the corrective maintenance of the hypotheses, and each standardized corrective 
maintenance indicator is transformed by changing its power from -2 to 4 in half steps, resulting 
in 12 different linear models. This means that for each hypothesis, 48 different linear models 
are tested.  Having 22 hypotheses in objective 1 means that there are 1056 linear regression 
models used to test these hypotheses. And the linear regressions are then fitted to two 
different data sets, one where machine haven’t had any replacements of the most expensive 
component and those that had one replacement (2112 linear regressions).  Analyzing the 
results of each linear regression one by one becomes impossible for the time frame of this 
project. Therefore, linear regressions are filtered. They are filtered, so that only the linear 
regressions that have statistical evidence for meeting the assumptions and for significantly 
fitting the data, are considered.  
 
Let’s for example consider: 
 

H13 : There is a correlation between corrective maintenance and the average minimum 
temperature outside the hospital and the variance of the average temperature outside the 

hospital 
 
In order to test this hypothesis, 4 linear regression models are created, one for each 
standardized corrective maintenance indicator. Which are: 
 
Using formula (39):  

 𝑀𝐶𝑒
𝐿𝑜𝑔

= 𝛽0
𝐻13 + 𝛽1

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

+ 𝛽2
𝐻13𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝛽3

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀   (62) 

 
Using formula (40): 

𝑀𝐶𝑒
𝐴𝑐𝑞𝑢𝑖 = 𝛽0

𝐻13 + 𝛽1
𝐻13𝑇𝑒

𝑎𝑣𝑔 𝑚𝑖𝑛
+ 𝛽2

𝐻13𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝛽3
𝐻13𝑇𝑒

𝑎𝑣𝑔 𝑚𝑖𝑛
𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝜀  (63) 

 
Using formula (41): 

𝑁𝑆𝑒
𝐿𝑜𝑔

= 𝛽0
𝐻13 + 𝛽1

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

+ 𝛽2
𝐻13𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝛽3

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀  (64) 
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Using formula (42) 

𝑁𝑆𝑒
𝐴𝑐𝑞𝑢𝑖 = 𝛽0

𝐻13 + 𝛽1
𝐻13𝑇𝑒

𝑎𝑣𝑔 𝑚𝑖𝑛
+ 𝛽2

𝐻13𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝛽3
𝐻13𝑇𝑒

𝑎𝑣𝑔 𝑚𝑖𝑛
𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝜀  (65) 

 
And each of these linear regressions is transformed by changing the power of the dependent 
variable from -2 to 4 in half steps. For example (62) would become: 
 

𝑀𝐶𝑒
𝐿𝑜𝑔−2

= 𝛽0
𝐻13 + 𝛽1

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

+ 𝛽2
𝐻13𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝛽3

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀   (63) 

 

𝑀𝐶𝑒
𝐿𝑜𝑔−3/2

= 𝛽0
𝐻13 + 𝛽1

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

+ 𝛽2
𝐻13𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝛽3

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀   (64) 

 

𝑀𝐶𝑒
𝐿𝑜𝑔−1

= 𝛽0
𝐻13 + 𝛽1

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

+ 𝛽2
𝐻13𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝛽3

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀   (65) 
 

𝑀𝐶𝑒
𝐿𝑜𝑔−1/2

= 𝛽0
𝐻13 + 𝛽1

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

+ 𝛽2
𝐻13𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝛽3

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀   (66) 

 

𝑀𝐶𝑒
𝐿𝑜𝑔1/2

= 𝛽0
𝐻13 + 𝛽1

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

+ 𝛽2
𝐻13𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝛽3

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀   (67) 

 

𝑀𝐶𝑒
𝐿𝑜𝑔1

= 𝛽0
𝐻13 + 𝛽1

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

+ 𝛽2
𝐻13𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝛽3

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀   (68) 

 

𝑀𝐶𝑒
𝐿𝑜𝑔3/2

= 𝛽0
𝐻13 + 𝛽1

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

+ 𝛽2
𝐻13𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝛽3

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀   (69) 

 

𝑀𝐶𝑒
𝐿𝑜𝑔2

= 𝛽0
𝐻13 + 𝛽1

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

+ 𝛽2
𝐻13𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝛽3

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀   (70) 

 

𝑀𝐶𝑒
𝐿𝑜𝑔5/2

= 𝛽0
𝐻13 + 𝛽1

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

+ 𝛽2
𝐻13𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝛽3

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀   (71) 

 

𝑀𝐶𝑒
𝐿𝑜𝑔3

= 𝛽0
𝐻13 + 𝛽1

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

+ 𝛽2
𝐻13𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝛽3

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀   (72) 

 

𝑀𝐶𝑒
𝐿𝑜𝑔7/2

= 𝛽0
𝐻13 + 𝛽1

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

+ 𝛽2
𝐻13𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝛽3

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀   (73) 

 

𝑀𝐶𝑒
𝐿𝑜𝑔4

= 𝛽0
𝐻13 + 𝛽1

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

+ 𝛽2
𝐻13𝑉𝐴𝑅(𝑇𝑒

𝑎𝑣𝑔
) + 𝛽3

𝐻13𝑇𝑒
𝑎𝑣𝑔 𝑚𝑖𝑛

𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀   (74) 

 
Then these models are tested with the two datasets. Each fit produce one p-value for the 
Breusch-Pagan test, one for the Durbin-Watson test, one for the Wald-Wolfowitz test, one for 
the Shapiro-Wilks test and one for the fit of the linear regression. In order for a model to be 
considered significant and thus analyzed: 

• Its p-value of the Breusch-Pagan test must be higher than 0.05, supporting the null 
hypothesis of homoscedasticity 

• Its p-value for the Durbin-Watson test must be higher than 0.05, supporting the null 
hypothesis that residuals are not autocorrelated with a lag of one 
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• Its p-value for the Wald-Wolfowitz test must be higher than 0.05, supporting the null 
hypothesis that the runs of the residuals are random and thus independent of each 
other 

• Its p-value for the Shapiro-Wilks test must be higher than 0.05, supporting the null 
hypothesis that the residuals are normally distributed 

• Its p-value for the fit must be equal or lower to 0.05, rejecting the null hypothesis that 
the fit is random.  
 

Only after a model meets all of the criteria is it to be analyzed.  
 
 

4.2 Modified Objective 2 
 
Here, the methodology to carry out objective 2 is described. As it can be seen in figure 14, this 
methodology is composed of 10 steps. These steps will be described in sequence. 
 

 
Figure 14 Methodology Steps for Objective 2 

Step 1: Get Machine Information 
While the first objective cared about the machines located in the Unites States, this second 
objective cares about all machines. These machines need to be identified. To do so, the table 
Development.Teradata_IXR_System is used. Herein machines are filtered on “SystemCode” so 
that only Allura machines are considered. And as only 2017 is considered, machines are filtered 
on the year so that only machines that have been installed before 2018 are considered.  
 
 

Step 2: Get Temperature Measurements 
A work around on the temperature data inside the technical was devised. To get the values of 
temperature inside the technical room, the values registered on top of the System Interface 
Box (SIB) are used. However, no work around could be devised to get the temperature inside 
the exam room or to get the humidity inside any of the rooms. This means that hypotheses 28-
33 and 35-43 cannot be tested as the humidity information inside the technical room is not 
available, it also means that hypotheses 44-65 cannot be tested as there is no data about the 
temperature and humidity conditions inside the exam room. 
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As long at the machine is turned on, every 15 minutes the temperature is measured on top of 
the SIB. The SIB is a is an electronic component placed inside a cabinet in the technical room. It 
is assumed that these temperature measurements are representative of the overall 
temperature of the technical room.  
 
The values of temperature inside the technical room show one of the two following behaviors: 
The temperature may increase logarithmically throughout the day and then converging and 
remaining constant (as seen in figure 15) or it may stay constant throughout the day (as seen in 
figure 16). 
 

 
Figure 15 Example of First Expected Behavior of SIB top Temperatures Measured during a Day 

 

 
Figure 16 Example of Second Expected Behavior of SIB top Temperatures Measured during a Day 

 
Due to the low level of variability in the values of the temperature measurements; its 
decomposition on the average, average minimum, average maximum, absolute minimum and 
absolute maximum would not provide any useful information. All decomposed variables would 
have very similar values and therefore would not provide any new information when used in a 
model. Even one single variable, the average, could be used to represent the behavior of these 
measurements. However, just to make sure that the variability, though very low, does not 
influence corrective maintenance it will also be considered in the form of the variance. This 
means that hypotheses 24-27 are discarded. 
 
The average temperature and its variance will be aggregated by the year, so by 2017, just like 
the values of temperature and relative humidity were aggregated in step 6 of objective 1. This 
aggregation results in two variables: 
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1. Average Temperature inside the technical room for machine e in 2017 [℃]: 

The average temperature comes as the result of summing all temperature measurements of 
one machine and dividing it by the number of temperature measurements for that machine.  
 

𝑇𝑒
𝑡𝑒𝑐ℎ 𝑎𝑣𝑔

≔
∑ 𝑇𝑒𝑙

𝑡𝑒𝑐ℎ 
𝑙∈2017

|𝑙|
          (62) 

 
With: 

𝑇𝑒𝑙
𝑡𝑒𝑐ℎ ≔ Temperature Measurement for machine e at timestamp l [℃]     (63) 

 
𝑙 ∶= Timestamp          (64) 
 

 
2. Variance of the Temperature inside the technical room for machine e in 2017 [℃]: 

 

𝑉𝐴𝑅(𝑇𝑒
𝑡𝑒𝑐ℎ 𝑎𝑣𝑔

) =
∑ (𝑇𝑒𝑙

𝑡𝑒𝑐ℎ 𝑎𝑣𝑔
−𝑇𝑒

𝑡𝑒𝑐ℎ 𝑎𝑣𝑔
)𝑙∈2017

2

|𝑙|−1
                   (65) 

 

Step 3: Get Corrective Maintenance Indicators 
The corrective maintenance indicators used for objective 2 are the material costs and the 
number of corrective maintenance events. As the time frame chosen for this project is 2017, 
both the material costs and the number of corrective maintenance events are bounded by the 
year 2017. These indicators are retrieved from Development.SPC_swo_material and 
Development.Teradata_oneems_case as it was described on step 7 of objective 1. Actually, the 
same logic of why these indicators are used for objective 1 is followed for objective 2. Material 
costs are used as they give an indicator of which most people within a business are familiar 
with: money. However, this indicator may not fully describe corrective maintenance of 
machines as the components have different prices. Some components may not be affected by 
temperature and thus in case cheap components are affected by temperature and one 
expensive component is not, if the expensive component fails independently of the 
temperature of the technical room, the relationship of temperature would be obscured if the 
material costs are used as the indicator of corrective maintenance. To mitigate this problem, 
another indicator is used as well, the number of corrective maintenance events. The number of 
corrective maintenance events is independent of the costs of the replaced parts and thus, 
provides another representation of corrective maintenance. Using both indicators provides two 
different perspectives on corrective maintenance and thus, give a better understanding on how 
temperature in the technical room affects corrective maintenance. The reader is referred to 
formulas 31 and 36 for the formulation of the indicators, 31 for the material costs and 36 for 
the number of service work orders, formulas can be found in sub-chapter 4.1 in the step 7. 
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Step 4: Get Usage Metrics 
However, as some machines are used more frequently than others and as some machines are 
used more intensely than others; in order to fairly compare corrective maintenance between 
machines, the corrective maintenance need to be standardized by their use. As usage may be 
defined in different ways, two different usage indicators are used to standardize the corrective 
maintenance indicators: the number of days the machine is used and the number of X-Ray 
images the machine takes (an image is referred as an acquisition). These usage indicators are 
used in objective 1 to standardize the corrective maintenance indicators, for further details the 
reader is referred to sub-chapter 4.1 step 7. 
 
To get the usage indicator of days of available log messages, table Development.IXR_cdf_events 
is used. As long as the machine is turned on, there would be at least one log message 
registered. This means that the days of which a machine logs messages corresponds to the days 
the machine is turned on. It is assumed that machines are only turned on if they are used, thus, 
the number of days of available log message is also the number of days the machine is used. 
The query that was used to get the relevant information of the number of days with available 
log messages, used filters so that it counted the number of days where at least one log message 
was available. As only 2017 is considered then the availability of messages is bounded such that 
only messages in 2017 are taken into account.  
 
To get the usage indicator of the number acquisitions the table Development.IXR_acquisitions 
is used. In this table the filters used are such that the different registries of the same exam 
number (an exam is the whole use of the machine for one patient, one exam may contain 
several acquisitions) are only considered once and as such the acquisitions of that exam are 
only considered once. Other filters bound the timestamps of the exams to only contain 
acquisitions that took place in 2017.  
 
These indicators are the same ones as described in objective 1, the reader is referred to sub-
chapter 4.1 and formulas 37 and 38 for more detail. These usage indicators are then used to 
standardize the corrective maintenance indicators, the resulting standardized corrective 
maintenance indicators are described in formulas 39-42. 

 
The reader is reminded that for each hypothesis that is tested, four standardized corrective 
maintenance indicators are used. That is that four sub-hypotheses are tested, one using each of 
the standardized corrective maintenance indicators. 
 

Step 5: Get Counts of Candidate Events 
Hypotheses 66 to 183 consider the candidate events and their relationship to corrective 
maintenance. These hypotheses come in two different formats, either the hypotheses consider 
whether having a candidate event in a machine affects the corrective maintenance of that 
machine or the hypotheses consider if the number of occurrences of the events affect 
corrective maintenance. Therefore, machines need to be assigned if a candidate event occurred 
and how many times it occurred. If a candidate event occurs at least one time in a machine, 
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that event occurred in that machine, consequently, the information that needs to be assigned 
to each machine to test the hypotheses is the number of occurrences of the candidate events. 
In order to get the count of how many times a candidate event occurs, table 
Development.IXR_cdf_events is used. An occurrence of an event is whenever that event occurs, 
however, candidate events are different that regular events in the sense that for a regular 
event to be considered as a candidate event, not only does it suffice for it to occur but that it 
does occur with certain conditions. These conditions will be discussed later. What matters is 
that the reader is aware that there is a distinction between a regular occurrence of an event 
and an occurrence of a candidate event.  
 
Mathematically an occurrence o of an event f is defined by: 
 

𝑜𝑓 ∶= {𝑜𝑇𝑖𝑚𝑒𝑆𝑡𝑎𝑚𝑝
𝑓

, 𝑜𝐸𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡𝑁𝑢𝑚𝑏𝑒𝑟
𝑓

, 𝑜𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛
𝑓

, 𝑜𝑆𝑦𝑠𝑡𝑒𝑚𝑀𝑜𝑑𝑒
𝑓

, 𝑜𝑅𝑒𝑙𝑒𝑎𝑠𝑒
𝑓

, 𝑜𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙𝐼𝑛𝑓𝑜
𝑓

, 

𝑜𝑅𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑𝑉𝑎𝑙𝑢𝑒
𝑓

, 𝑜𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
𝑓

} ≔ Occurrence o of event f     (66) 

 
With: 

𝑜𝑇𝑖𝑚𝑒𝑆𝑡𝑎𝑚𝑝
𝑓

≔Timestamp of occurrence o of event f      (67) 

𝑜𝐸𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡𝑁𝑢𝑚𝑏𝑒𝑟
𝑓

≔ Equipment number of occurrence o of event f    (68) 

𝑜𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛
𝑓

≔ Description of occurrence o of event f     (69) 

𝑜𝑆𝑦𝑠𝑡𝑒𝑚𝑀𝑜𝑑𝑒
𝑓

≔System mode of occurrence o of event f     (70) 

𝑜𝑅𝑒𝑙𝑒𝑎𝑠𝑒
𝑓

≔ Software release of occurrence o of event f     (71) 

𝑜𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙𝐼𝑛𝑓𝑜
𝑓

≔ Additional information of occurrence o of event f    (72) 

𝑜𝑅𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑𝑉𝑎𝑙𝑢𝑒
𝑓

≔ Value retrieved from the description or from the additional information of 
occurrence o of event f         (73) 

𝑜𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
𝑓

≔ Threshold retrieved from the description or from the additional information of 
occurrence o of event f          (74) 
 
All of these variables are not available or are not required for all candidate events. In case a 
candidate event does not make use of one of these variables, the value of that variable is null 
and is not used in any further calculations. The values are used to determine if the conditions 
that make an event a candidate event are met.  
 
For the used table the relevant fields are: 
 

• Description: VARCHAR description of an event that was raised and part of the definition 
of the event.  

• System Mode: VARCHAR describes the mode of the system at the moment the event 
was raised. 

• Release: VARCHAR software release of the pertinent machine at the moment the event 
occurred.  
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• Additional Info: VARCHAR additional info of an event which can differ per instance of a 
specific event.  
 

VARCHAR is the SQL variable type analogous to a string. As such, both terms will be used 
interchangeably. 
 
In case the candidate event requires a value to be retrieved from the Description and/or 
Additional Info of an event, substrings are retrieved from the strings of Description and 
Additional Info by using string expressions (i.e. a particular text that can be for example a 
parenthesis “)” or a word “degree”) that are found before and after the retrieved value. In 
other words, the string retrieved is surrounded by two strings, as these surrounding strings do 
not present many variations, they are used to retrieve the values. This method was used as the 
length and contents of Description and Additional Info are not constant even for the same 
candidate event. For example, let’s consider the string “This is irrelevant text that is found, here 
is the value that needs to be retrieved: 15 (the previous value is to be retrieved)”. In case the 
value “15” needed to be retrieved, one could use the characters “:” and “(” which surround the 
value that needs to be retrieved as indicators for which substring to extract. If the substring 
that is between “:” and “(” is extracted, its value will be “15”. These string delimiters don’t 
change, the required string is always surrounded by the same delimiters, the length of the 
strings found before and after the value may change. That is why the string delimiters are used 
instead of other type of delimiters.   
 
Some candidate events have an extra filter which is dependent on the retrieved string 
numerical value. This is because some candidate events are only to be considered when the 
retrieved strings pass a certain threshold.  
 
For some events, these thresholds that are compared against the retrieved strings are also 
extracted from the Description and Additional Info strings. They are retrieved in a similar 
fashion as the retrieved strings, with string delimiters. 
 
Whenever the occurrence of an event matches the conditions of a candidate event, the event 
becomes a candidate event. The conditions for an event to become a candidate event are a 
combination of: the event’s description containing a certain string, the system mode of the 
machine being a particular one when the event occurs, that the software release of the 
machine is within some software versions, that a certain string is found inside the event’s 
Additional Info, that the retrieved value passes its threshold. 
 
The occurrences of events that pass the filters necessary for them to be considered as 
candidate events are then put together in a set so that they can be counted and processed 
more easily, the occurrences cannot be counted straight way because of the closeness in time 
between some events in the set (this is further explained later). It should be noted that not all 
candidate events have filters on the description’s content, the system mode, the software 
release, the additional info’s content and the retrieved value. For the candidate events where 
some filters are not needed then those filters are not used. To make things simpler and easier 
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to understand the following mathematical definition has all filters being considered. If the 
reader understands this, which is the most complex of filters, then the reader may think of this 
same formulation without a particular filter or set of filters. The usage will be the same, the 
difference would be the conditions for an event to be considered within the candidate event 
set. This set is defined by: 
 

𝑆𝑐
𝑝𝑟𝑒 ∋  ∀𝑜𝑓, 𝑜𝑓|(𝑜𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛

𝑓
⊇ 𝑐𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛  ⋀ 𝑜𝑆𝑦𝑠𝑡𝑒𝑚𝑀𝑜𝑑𝑒

𝑓
=

𝑐𝑆𝑦𝑠𝑡𝑒𝑚𝑀𝑜𝑑𝑒  ⋀ 𝑐𝑅𝑒𝑙𝑒𝑎𝑠𝑒𝐿𝑜𝑤𝑒𝑟𝐵𝑜𝑢𝑛𝑑 ≤ 𝑜𝑅𝑒𝑙𝑒𝑎𝑠𝑒
𝑓

≤ 𝑐𝑅𝑒𝑙𝑒𝑎𝑠𝑒𝑈𝑝𝑝𝑒𝑟𝐵𝑜𝑢𝑛𝑑  ⋀ 𝑜𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙𝐼𝑛𝑓𝑜
𝑓

 ⊇

 𝑐𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙𝐼𝑛𝑓𝑜  ⋀ 𝑜𝑅𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑𝑉𝑎𝑙𝑢𝑒
𝑓

≥ 𝑜𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
𝑓

) ≔ Set containing all occurrences of event f that 

pass the filters of description, system mode, release, addition information and threshold of 
candidate event c           (75) 
 
With: 

𝑐 ≔ {𝑐𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 , 𝑐𝑆𝑦𝑠𝑡𝑒𝑚𝑀𝑜𝑑𝑒, 𝑐𝑅𝑒𝑙𝑒𝑎𝑠𝑒𝐿𝑜𝑤𝑒𝑟𝐵𝑜𝑢𝑛𝑑 , 𝑐𝑅𝑒𝑙𝑒𝑎𝑠𝑒𝑈𝑝𝑝𝑒𝑟𝐵𝑜𝑢𝑛𝑑 , 𝑐𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙𝐼𝑛𝑓𝑜} ≔ set of 

qualifying conditions for a candidate event         (76) 
𝑐𝐷𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 ≔ description for candidate event c       (77) 

𝑐𝑆𝑦𝑠𝑡𝑒𝑚𝑀𝑜𝑑𝑒 ≔ system mode for candidate event c       (78) 

𝑐𝑅𝑒𝑙𝑒𝑎𝑠𝑒𝐿𝑜𝑤𝑒𝑟𝐵𝑜𝑢𝑛𝑑 ≔ release lower bound for candidate event c     (79) 
𝑐𝑅𝑒𝑙𝑒𝑎𝑠𝑒𝑈𝑝𝑝𝑒𝑟𝐵𝑜𝑢𝑛𝑑 ≔ release upper bound for candidate event c     (80) 

𝑐𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙𝐼𝑛𝑓𝑜 ≔ additional info for candidate event c      (81) 

 
The occurrences of candidate events in this set filter out the occurrences of events which do 
not match the required conditions for them to be considered candidate events. This set is 
created so that counting the occurrences of a particular candidate event becomes easier. A 
candidate event represents whenever specific conditions happen to a machine. The logic is that 
each of these occurrences represents these conditions happening in the machine. If these 
happen, the event is registered in a log message, and they don’t change after the event occurs, 
they may get registered again. Moreover, as the point of having this indicator is so that it can 
be used to link a particular event to a difference in the corrective maintenance indicators, it 
would make sense to only count the occurrences that originate from different causes. If the 
occurrences do not register how many times these conditions happened in a representative 
way, the results that use the number of the occurrences as a variable will not be representative 
of the behavior of the machines. According to the machine expert, whenever the occurrences 
of a candidate event happen within three minutes of each other, these occurrences represent 
the same conditions happening in the machine. So, in order to get the count of candidate 
events that originate from different causes, the events that happen within 3 minutes of a 
counted event are discarded. This is illustrated in Algorithm 1 found below. 
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t = 0  //timestamp variable; 

𝑆𝑐
𝑝𝑟𝑒

  //set of all occurrences of candidate c for machine e coming from formula (75) ordered where 

the occurrences are order on their timestamp from low to high 

 

For(𝑜𝑐  in 𝑆𝑐
𝑝𝑟𝑒

){ 

If(𝑡 == 𝑛𝑢𝑙𝑙){ 

𝑡 = 𝑜𝑇𝑖𝑚𝑒𝑆𝑡𝑎𝑚𝑝
𝑐 ; 

countEvents++; 

} 

If( 𝑚𝑖𝑛𝑢𝑡𝑒𝑠(𝑜𝑇𝑖𝑚𝑒𝑆𝑡𝑎𝑚𝑝
𝑐 − 𝑡) ≥ 3){ 

countEvents++; 

𝑡 = 𝑜𝑇𝑖𝑚𝑒𝑆𝑡𝑎𝑚𝑝
𝑐 ; 

} 

} 

 
Algorithm 1. Get count of occurrences of candidate events 

What this example does is, for all occurrences 𝑜𝑐  in set 𝑆𝑐
𝑝𝑟𝑒, it checks whether the occurrences 

are within 3 minutes from each other. If they are, the occurrence gets discarded as it is a 
redundant occurrence as explained on the previous paragraph. 
 

 For example, let’s have  𝑆𝑐
𝑝𝑟𝑒 = {𝑜1

𝑐, 𝑜2
𝑐, 𝑜3

𝑐, 𝑜4
𝑐 , 𝑜5

𝑐} where the subscript refers to a particular 
occurrence of an event. For simplification of this example let’s ignore the script c so that 𝑆𝑝𝑟𝑒 =
{𝑜1, 𝑜2, 𝑜3, 𝑜4, 𝑜5}. And let’s also have: 
 
 𝑜1 𝑇𝑖𝑚𝑒𝑆𝑡𝑎𝑚𝑝

= "2018 − 01 − 01𝑇00: 00: 00",  

𝑜2 𝑇𝑖𝑚𝑒𝑆𝑡𝑎𝑚𝑝
= "2018 − 01 − 01𝑇00: 01: 20",  

𝑜3 𝑇𝑖𝑚𝑒𝑆𝑡𝑎𝑚𝑝
= "2018 − 01 − 01𝑇00: 02: 13", 

𝑜4 𝑇𝑖𝑚𝑒𝑆𝑡𝑎𝑚𝑝
= "2018 − 01 − 01𝑇00: 03: 07", 

𝑜5 𝑇𝑖𝑚𝑒𝑆𝑡𝑎𝑚𝑝
= "2018 − 01 − 01𝑇00: 28: 54".  

 
Iterating for all five occurrences will result in 𝑜 =  𝑜1 , as the algorithm is initialized 𝑡 == 𝑛𝑢𝑙𝑙 is 
true and so 𝑡 = 𝑜1 𝑇𝑖𝑚𝑒𝑆𝑡𝑎𝑚𝑝

  and 𝑐𝑜𝑢𝑛𝑡𝐸𝑣𝑒𝑛𝑡𝑠 = 1 ; as 𝑚𝑖𝑛𝑢𝑡𝑒𝑠(𝑜1 − 𝑡) = 0 − 0 < 3 the 

iteration ends .  

Then, 𝑜 =  𝑜2 and 𝑡 == 𝑛𝑢𝑙𝑙 is false and as 𝑚𝑖𝑛𝑢𝑡𝑒𝑠(𝑜2 − 𝑡) = 1
1

3
− 0 = 1

1

3
< 3 the iteration 

ends.  

Then, 𝑜 =  𝑜3 and 𝑡 == 𝑛𝑢𝑙𝑙 is false and as 𝑚𝑖𝑛𝑢𝑡𝑒𝑠(𝑜3 − 𝑡) = 2
13

60
− 0 = 2

13

60
< 3 the 

iteration ends.  

Then, 𝑜 =  𝑜4 and 𝑡 == 𝑛𝑢𝑙𝑙 is false and as 𝑚𝑖𝑛𝑢𝑡𝑒𝑠(𝑜4 − 𝑡) = 3
7

60
− 0 = 3

7

60
≥ 3 , 

𝑐𝑜𝑢𝑛𝑡𝐸𝑣𝑒𝑛𝑡𝑠 = 𝑐𝑜𝑢𝑛𝑡𝐸𝑣𝑒𝑛𝑡𝑠 + 1 = 2 and 𝑡 = 𝑜4 𝑇𝑖𝑚𝑒𝑆𝑡𝑎𝑚𝑝
 and the iteration ends.  
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Then, 𝑜 =  𝑜5 and 𝑡 == 𝑛𝑢𝑙𝑙 is false and as 𝑚𝑖𝑛𝑢𝑡𝑒𝑠(𝑜5 − 𝑡) = 28
9

10
− 3

7

60
= 25

47

60
≥ 3 , 

𝑐𝑜𝑢𝑛𝑡𝐸𝑣𝑒𝑛𝑡𝑠 = 𝑐𝑜𝑢𝑛𝑡𝐸𝑣𝑒𝑛𝑡𝑠 + 1 = 3 and 𝑡 = 𝑜5 𝑇𝑖𝑚𝑒𝑆𝑡𝑎𝑚𝑝
 and the iteration ends as well as 

the algorithm as all there are no more occurrences to iterate for.  
 
In this example the first three occurrences where deemed to be caused by the same conditions 
and as such they are only counted as one occurrence. They are counted as one occurrence 
because the difference in their timestamps is not greater than three minutes.  
 
With this algorithm, the number of occurrences of the candidate events is produced. This is the 
variable that is used to test 66 to 183. If the hypothesis requires the number of occurrences 
then the variable is used as the regressor, whenever the hypothesis requires that the candidate 
has occurred, only machines with a number of occurrences greater than 0 for that candidate 
event are considered. 
 

Step 6: Get Number of Replacements 
As seen at the end of step 7 of sub-chapter 4.1, the costs of the replacements of the most 
expensive component may hinder results by obscuring the effect of the costs of materials 
indicators due the differences in prices of the components. To mitigate the effects of the 
replacements of the most expensive part, the machines will be divided into machines that had 
1 replacement of the most expensive part(set 2, the set 2 of objective 1 and set 2 of objective 2 
are different) and those that had no replacements of the most expensive part (set 1, the set 1 
of objective 1 and set 1 of objective 2 are different). The machines that have more than one 
replacement of the most expensive part are discarded as they do not represent the normal 
machines.   
 
The information of the number of replacements a machine had is found in table 
Development.Teradata_swo_material where the machines are assigned the number of 
replacements they had in 2017 by looking for the number of times the part number code is 
registered as being replaced for each machine.  
 

Step 7: Filter Data 
Next, Then the machines are filtered so that only machines with enough data are considered. A 
machine with enough data is one where the information on how to calculate the costs of 
materials, number of SWOs, days of available log messages, number of acquisitions and 
temperature on top of the SIB is found within the Philips DBs. The cause of data missing may 
come from different reasons, the machine may not be serviced by Philips and as such the 
information is not available, the machine may not register the log messages necessary to get 
the temperature value on top of the SIB, etc… .  
 
Some machines are used very little, they may be used only a couple of days in a year or take 
only a couple of tens of thousands of acquisitions. This usage is too low to represent an average 
machine and therefore to represent the effects that the temperature inside the technical room 
may have on corrective maintenance. Based on the knowledge of people familiar with these 
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machines, it was decided that machines where their use is lower than half a year are machines 
that are not representative of the population. When looking how the usage of the machines 
was distributed, 20% of the machines had a usage of less than 175 days or 26146 acquisitions. 
As 20% is a nice round number and the threshold of 175 is very close to 180 (half a year), the 
thresholds of 175 days or 26146 acquisitions were chosen.   
 
As hypotheses are tested using four different standardized corrective maintenance indicators, 
the data sets used for testing the hypothesis are filtered based on the usage variable used to 
standardize the corrective maintenance indicator. For example, if the model used to test a 
hypothesis uses the number of corrective maintenance events standardized by the number of 
acquisitions, then the data set is filtered by the number of acquisitions. If the model used to 
test a hypothesis uses the costs of materials standardized by the number of days the machine is 
used, then the data set is filtered by the number of days the machine is used.  
 
After machines are filtered, the resulting machines have all the necessary information to be 
used later in in the linear regression models, they have all the regressor information as well as 
the regressand information. They have all the information in the sense that they do not have 
any missing data points.   
 
To get a better grasp on how a candidate event affects corrective maintenance, the relationship 
between the number of its occurrences and the standardized corrective maintenance indicators 
is studied. The reason being that it is interesting to see if whenever a candidate event happens 
more often, the corrective maintenance indicator (being material costs or number of SWOs) 
increases, this allows to see if the conditions that are represented by the candidate event affect 
the components of the machine. It allows to see if the more these conditions happen, the 
greater the effect on corrective maintenance, and therefore by reducing how often these 
conditions to occur diminish their effect on corrective maintenance.  Furthermore, as the 
candidate events are related to temperature inside the technical room, this analysis would 
show if indeed temperature inside the technical room has an effect on corrective maintenance 
albeit indirectly through candidate events. 
 
The number of machines which have a particular candidate event occurring at least one time is 
far less than the number of machines which haven’t had the same candidate event happening. 
Fitting a linear regression to that data wouldn’t tell anything of value as the line would be 
biased by all the machines where the event isn’t occurring. Therefore, to have a model that 
actually describes the relationship between the number of times the candidate event occurs 
and corrective maintenance, the linear regression will only be fitted to machines which have 
had the studied candidate event occurring at least once. By only having machines that have the 
candidate event happening, the differences in their standardized corrective maintenance 
indicators can be more easily related to the number of occurrences of the candidate event as 
less factors are considered.  
 
A model that checks the relationship that the number of occurrences of a candidate event has 
on corrective maintenance using the machines where the candidate event occurred at least one 
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time, will infer the relationship between the number of occurrences of a candidate event and 
its effects on corrective maintenance but wouldn’t infer anything about effects of this 
candidate event happening or not. That is why an extra test needs to be conducted so that the 
differences between the machines where the events have happened and the machines where 
they have not happened can be tested. 
 
In order test the differences in corrective maintenance between machines where the candidate 
event has occurred and machines where the candidate event has not occurred, the machines 
have to be identified based on whether the candidate event has occurred. To do so, two 
different samples need to be created, one where the candidate event occurs and one where 
the candidate event does not occur. As there are many candidate events, the sample where a 
particular event has not occurred may have other events occurring and those other events may 
bias the corrective maintenance of the sample. For example, if there are two candidate events 
A and B, where whenever A occurs the number of corrective maintenance events increases and 
where B has no effects on the number of corrective maintenance events. Now if event B is 
being studied and some machines where event B does not occur have event A occurring, then 
one may falsely conclude that event B has an effect on corrective maintenance (the inverse 
effect that A has). Thus, in order to produce better results, the sample of machines where the 
candidate event is not occurring will not have any other candidate event occurring. That is, the 
sample would have no events occurring.   
 

Step 8: Get Differences Between Means 
To check whether there is a difference in corrective maintenance from the candidate events 
happening, the Mann-Whitney-Wilcoxon test will be conducted as seen in Mann & Whitney 
(1947). This test checks whether the distributions of two samples are different from one 
another. It does so by ranking the data points, summing the ranks in each sample and then 
calculating a U statistic. This statistic is then compared to a critical value. The null hypothesis for 
this test is that the distributions of the two samples are equal, comparing the U statistic against 
the critical value allows to reject or not the null hypothesis. The alternative hypothesis chosen 
is that the distributions of the two samples are not equal, therefore this test becomes a two-
tailed test. Below the methodology of the test is explained in more detailed with an example.  
 
Let’s consider the following example depicted in Table 1. 
 

Table 1 Example Data for Mann-Whitney-Wilcoxon Test 

Data Point Condition A Factor X 
1 Happened 8 

2 Happened 6 

3 Happened 11 
4 Didn’t Happen 7 

5 Didn’t Happen 5 

6 Didn’t Happen 4 
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Now let’s create two samples, one where condition A happened (sample 1) and one where 
condition A didn’t happen (sample 2). By using this test, one could check if the distributions of 
factor X are different between sample 1 and sample 2 and consequently, if indeed they are 
different, one could interpret these results as suggesting that condition A occurring has an 
effect on the distribution of factor X. 
 
To test the differences in distributions, this test requires that all the data points of both 
samples are ranked under the same ranking, to calculate the inference statistic U. Continuing 
with the example, this means that the values of factor X would be ranked under one ranking for 
both samples. If sample 1 has values of factor X {8,6,11} and sample 2 has values {7,5,4} these 
values would be sorted as {4,5,6,7,8,11} (increasing order) and they would be assigned ranks 
{1,2,3,4,5,6}. Samples would then have the rank of their values of factor X, {5,3,6} for sample 1 
and {4,2,1} for sample 2, assigned.  
 
Also, the test requires for the ranks of each sample to be added, this gives 14 for sample 1 and 
7 for sample 2. And using these sums of ranks, a test statistic is calculated using the following 
formula from Sheshkin (2004: 447): 
 

𝑈𝑠𝑎𝑚𝑝𝑙𝑒 1 = 𝑛𝑠𝑎𝑚𝑝𝑙𝑒 1 × 𝑛𝑠𝑎𝑚𝑝𝑙𝑒 2 +
𝑛𝑠𝑎𝑚𝑝𝑙𝑒 1(𝑛𝑠𝑎𝑚𝑝𝑙𝑒 1+1)

2
− 𝑅𝑠𝑎𝑚𝑝𝑙𝑒 1 ≔ test statistic U for 

sample 1            (82) 
 
With: 
𝑛𝑠𝑎𝑚𝑝𝑙𝑒 1 ≔ number of data points of sample 1 

𝑛𝑠𝑎𝑚𝑝𝑙𝑒 2 ≔ number of data points of sample 2 

𝑅𝑠𝑎𝑚𝑝𝑙𝑒 1 ≔ sum of ranks of sample 1 

 
This test statistic in turn is compared to a two-tailed critical U value. As it was previously 
written, significance is referred to in terms of p-value within this project. To transform the U 
statistic to a p-value, it can be seen in Mann & Whitney (1947) that as long as the number of 
data points in the samples is greater than 8, one can use a normal distribution to get the p-
value. For further details on which mean and variance to use for the normal approximation the 
reader is referred to chapter 4 of Mann & Whitney (1947). 
 
Now let’s think of condition A as a candidate event occurrence and factor X as corrective 
maintenance. If this was the case, this test can help to understand whether having a candidate 
event occurring in that machine has an effect on the corrective maintenance of that machine.  
 
Sheshkin (2004: 443) says that the Mann-Whitney-Wilcoxon test depends on four assumptions: 

1. Both samples are representative of their populations 
2. The two samples are independent of one another (dependence here means that a data 

point is only considered in one sample) 
3. The variable observed is continuous  
4. The underlying distributions of the two samples are identical in shape 
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The methodology described makes sure that the samples are indeed representative of their 
populations, they are also conformed of the majority of the population as the initial sample 
before filters comprised the entire population. The first assumption is met. 
 
Each machine is only considered in one sample and thus both samples are independent of each 
other. The second assumption is met. 
 
As the corrective maintenance indicators (which are the observed variable in this case) are 
standardized, makes the resulting standardized corrective maintenance indicators continuous. 
The reader is referred to formulas 39-42 to see that the standardized corrective maintenance 
come as a quotient and therefore is continuous. The third assumption is met. 
 
The fourth assumption, as it can be seen in Maxwell & Delaney (1990), checks whether there is 
equal dispersion of the data in each sample. This is done so that the results of the test are 
protected against outliers. As outliers are already considered by the methodology, one can say 
that the fourth assumption is met. Furthermore, as seen in Sheshkin (2004: 444) it can be 
argued that as the rank is used for the test, instead of the real values, that this protects the 
results from outliers.  
 
The selected confidence level for this test is 0.05, the same as all tests. There are no guidelines 
to choose a significance level for this test. A 0.05 value is chosen as it seems to be precise 
enough for this project. This value strikes a balance between the significance of the results and 
preventing a Type I error of rejecting that the distribution of the two samples are equal. 
 

Step 9: Do Linear Regressions 
To check whether there is a relationship between the number of occurrences of candidate 
events and corrective maintenance, and also to check if there is a relationship between 
temperature inside the technical room (i.e. the temperature measure on top of the SIB) and 
corrective maintenance. Linear regressions will be used as described on Step 8 of sub-chapter 
4.1, with the distinction that outliers will be detected by using Cook’s Distance as described in 
Cook (1977) instead of using Tukey’s fences. Cook’s Distance represent how much a data point 
influences the linear regression. It gives a representation on how sensible the estimators of the 
coefficient of the regressors are to each data point. In other words, it represents how much the 
linear regression model is affected by each data point. The reader is referred to Cook (1977) for 
further details on the formulation of the Cook’s distance.  
 
These distances indicate whether data points affect the data, Fox (1991: 30) states that it does 
so by measuring discrepancy (how different the fitted value is from the real value) and leverage 
(how much a data point can affect the data). This means that it measures how distant the fitted 
value is from the value of the data point (i.e. how big is the residual) and how that data point 
influences the model. This distance is a good indication of how much the data point affects the 
model. Fox (1991: 34) also mentions that Chatterjee & Hadi (1988) propose the value of 4/(𝑛 −
𝑘 − 1)  (where 𝑛 is the number of data points and 𝑘 is the number of regressors used in the 
model) as a cutoff value for Cook’s distance. Fox (1991: 33) also warns against the use of cutoff 
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values. However, due to the large number of models tested, it becomes unreasonable to 
explore the influential data points (the ones with a higher Cook’s Distance than 4/(𝑛 − 𝑘 − 1)) 
one by one. Therefore, the cutoff value is used.  
 

Step 10: Analyze Results 
Hypotheses 22-24, 34 and the odd numbered hypotheses in the range 66 to 183 (H67, H69, H71, 
etc..) are analyzed following the same methodology described on Step 9 of sub-chapter 4.1 with 
the addition of considering the size of the studied sample. Whenever the linear regressions are 
fitted, they are fitted to a dataset containing only the machines that had the candidate event 
(used as a regressor in the linear regression model) occur. This data set is a subset of machines 
and in can be very small (less than 15 machines). One needs to consider this small size while 
making inferences about the results. The even numbered hypotheses in the range 66 to 183 
(H66, H68, H70, etc..) are analyzed based on the p-value of the Mann-Whitney-Wilcoxon test and 
on the size of the sample with the candidate events. 
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5. Results 
5.1 Objective 1 

 
Figure 17 Significant Results of Objective 1 
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In figure 17, the significant results of the Gauss-Markov assumptions’ tests and the significant 
results of the linear regression models are shown. On the left hand-side, the standardized 
corrective maintenance indicators are written. They have the prefix “Yearly” which indicates 
that they are representative of 2017. Underneath the standardized corrective maintenance 
indicators, to the right, the data sets are indicated. The dataset containing machines had no 
replacements of the most expensive component is called “NoReplacement” and the dataset 
containing machine that had one replacement is called “OneReplacement”. If the word “NO” is 
written to the right of the data set it means that there are no models that met the assumptions 
and have a significant liner regression that uses that standardized corrective maintenance 
indicator and that dataset.  
 
When looking at the significant models amongst all standardized corrective maintenance 
indicators, it seems that the models of H18, H19 and H20 do describe a relationship between the 
temperature and humidity conditions outside the hospitals and corrective maintenance.  
It is worth nothing that all of these hypotheses use the most regressors amongst the 
hypotheses (besides H21), and that as more regressors are used, the chances of a model being 
significant increase as the model has more degrees of freedom.  
 
In further inspection, depending on the standardized corrective maintenance indicator that is 
used in the modelling, different problems appear. When using the material costs standardized 
by the number of acquisitions, the adjusted R2 for these hypotheses are incredibly high being 
higher than 23%. Let’s remember that the adjusted R2 indicates the degree to which the model 
explains the variability of the dependent variable, which in this case is the material costs 
standardized by the number of acquisitions. They are incredibly high as the value of the 
temperature and humidity outside of the hospital come from weather stations that can be as 
far as 100 kms away from the hospital, even if the conditions of temperature and humidity 
outside the hospitals where measured just outside the hospitals, a value this high wouldn’t 
make sense. If these adjusted R2 where describing the real relationship between the regressors 
and the regressand, it would be unthinkable that this relationship wouldn’t be discovered 
sooner by the experience of the FSEs or even by the people working at the hospitals. Therefore, 
these numbers are deemed not trustworthy and are discarded.  
 
When using the material costs standardized by the number of days of available log messages, 
the same problems occur. Thus, these results are discarded as well. 
 
When using the number of corrective maintenance events standardized by the number of 
acquisitions, no linear regression models are significant. 
 
When using the number of corrective maintenance events standardized by the number of days 
of available log messages, one can see that depending on the dataset, the power 
transformation of the dependent variable changes. This would mean that the nature of the 
relationship of the conditions of temperature and humidity outside the hospitals on corrective 
maintenance change according to whether the most expensive component has been changed. 
With a power of ½ when no replacements happened and with a power of 1 when one 
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replacement happened. This does not make sense, how could the replacement of one 
component affect this relationship? Let’s remember that the expensive component has already 
been replaced, so these results do not imply that the relationship affects the most expensive 
component differently and therefore the discrepancy on the relationship is explained. This 
discrepancy means that the corrective maintenance events standardized by the number of days 
of available log messages are affected one way when the component hasn’t been replaced and 
another when it has. One could think that this is explained by people being more alert after the 
expensive component was replaced, however, a corrective maintenance event only occurs 
when a component needs to be replaced. Which means that people calling Philips more often 
wouldn’t affect the number of corrective maintenance events unless a component needed to 
be replaced. It is not reasonable to believe that replacing the most expensive component 
changes the degradation that all other components have suffered from temperature and 
humidity outside the hospital. Furthermore, the values of the Shapiro-Wilks test are very close 
to the threshold of 0.05 suggesting that this may be indicative of Type II errors (failing to reject 
the normality of the residuals). Considering all these, these results are discarded as well. 
 
This leaves only H1, H4, H12, H13, H14 and H21 when using the material costs standardized by the 
number of acquisitions in the dataset “OneReplacement”. H21 has a too big R2 and following the 
same logic of H18, H19 and H20 of the same standardized corrective maintenance indicator in the 
same dataset and is discarded. When looking closer at the results of these hypotheses, the 
reader may notice that H1, H12, H13 and H14 have the same values. This is caused because the 
collinear terms where removed and because only the significant terms stayed in the model 
after the backwards selection model. Thus, the only remaining regressors in these models is the 
variance of the average temperature, this means that all of these hypotheses are tested by the 
same model: 
 

𝑀𝐶𝑒
𝐴𝑐𝑞𝑢𝑖1/2

= 𝛽0
𝐻1 + 𝛽1

𝐻1𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀 ≈  6.614 × 10−4 + (−3.318 × 10−7)𝑉𝐴𝑅(𝑇𝑒
𝑎𝑣𝑔

) + 𝜀  

            (83) 
 
This model implies that the higher the variance of the average temperature outside the 
hospitals the lower the material costs standardized by the number of acquisitions. This is the 
opposite of what the site in India shows. Moreover, these results are only significant when 
using the “OneReplacement” dataset. If these effects of the variance of the average 
temperature outside the hospitals on corrective maintenance do exist, why are they only 
significant in one dataset? Why are they only significant when using the material costs 
standardized by the number of acquisitions as the regressand? This suggest that this correlation 
is spurious. And thus, is discarded.  
 
The model for H4 when using the material costs standardized by the number of acquisitions and 
the dataset “OneReplacement” is: 
 

𝑀𝐶𝑒
𝐴𝑐𝑞𝑢𝑖1/2

= 𝛽0
𝐻4 + 𝛽1

𝐻4𝑇𝑒
𝑚𝑖𝑛 + 𝜀 ≈  4.859 × 10−4 + (7.889 × 10−6)𝑇𝑒

𝑚𝑖𝑛 + 𝜀   (84) 
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This implies that the higher the absolute lower temperature outside the hospital, the higher the 
material costs standardized by the number of acquisitions. This would mean that the locations 
where the absolute minimum temperature is low have lower material costs standardized by the 
number of acquisitions compared to the locations where the absolute minimum temperature is 
high. This is in line with the findings of the location in India. However, the p-value for the 
Breusch-Pagan test is close to the threshold, this result could be a Type II error. It is strange that 
the absolute minimum temperature would have an effect on corrective maintenance while the 
average temperature and absolute maximum temperature wouldn’t. This increases the 
suspicion of this hypothesis being a Type II error.  
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5.2 Objective 2 
 

 
Figure 18 Significant Results of the Linear Regressions of Objective 2 
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When looking at the significant results of Objective 2 as portrayed in figure 18, the first thing 
that becomes apparent is the degrees of freedom are quite small. The second thing is that 
there seems to be a correlation between the values of the adjusted R2 and the degrees of 
freedom, the lower the degrees of freedom the higher the adjusted R2. This would indicate that 
results may be affected by the number of machines in the sample used to fit the linear 
regressions. Another thing that becomes apparent is that none of the hypotheses that consider 
temperature inside the technical room are significant. Which would suggest that there is not 
relationship between temperature inside the technical room and corrective maintenance.  
 
Let’s look at the scatter plot of H173 which has the largest degrees of freedom for the significant 
models in figure 19.  
 

 
Figure 19 Scatterplot of YearlySWOsLog vs Occurrence of can_40054 

 
Looking at the scatterplot, one thing that stands out is that the values of the number of 
occurrences of the candidate event are discrete. It also appears that holding the number of 
occurrences constant, that the distribution of the number of corrective maintenance events 
standardized by the number of days of available log messages is pretty broad. When there are 
more machines having a particular number of occurrences of the candidate event this becomes 
more obvious, the left most data points (corresponding to having 1 occurrence) being the 
clearest example of this. The range starts from almost the bottom of the YearlySWOsLog axis 
and goes to about 80% of its height. This is also the case for the data points that correspond to 
having 2 occurrences, or 3, or 4, or 5, or 6, or 8. It would be unreasonable to assume that 
whenever there is only one data point for a particular number of occurrences, that this point 
represents all machines, as it is seen from other number of occurrences that machines are 
distributed along the vertical axis. It also makes sense that there is a concentration of machines 
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having low numbers of occurrences of the candidate event as it would be less likely that the 
events occur frequently as the point of these events is for them to represent whenever certain 
special conditions occur. These events are selected so that normal conditions are not 
represented by the candidate events. This means that the results of these linear regressions 
cannot be trusted as they are greatly dependent on the values of the data points on the right-
hand side of the graph. If these values where high then the linear regression would suggest a 
positive linear relationship (provided that the power of the independent variable is 1), if these 
values where low it would suggest a negative linear relationship. And because there is only one 
data point and whenever there is more than one data point the values vary along the vertical 
axis, these results do not seem to provide any information about the relationship of 
temperature and humidity inside the technical room and corrective maintenance. Furthermore, 
it seems that the number of occurrences of the candidate events is not a good variable to be 
used for detecting changes in corrective maintenance. The machines where these candidate 
events happened are very few, here it can be seen that the highest is 167 and considering that 
there are thousands of machines, they cannot be representative of the whole population of 
machines. By looking at the scatterplot in figure 19, one can see that no relationship is 
apparent. Therefore, these results are discarded.   
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Figure 20 Significant Results of Mann-Whitney Tests of Objective 2 
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In figure 20, the significant results of the Mann-Whitney Tests carried out for Objective 2 are 
shown. On the first row, the data sets are specified. This means that one can divide this table 
into two main sections. On the left-hand side, the results of using the “NoReplacement” dataset 
are shown. On the right-hand side, the results of using the “OneReplacement” dataset are 
shown. The results are then further divided by which standardized corrective maintenance 
indicator is used. On each standardized corrective maintenance indicator’s division, the degrees 
of freedom (as DoF), the p-values of the Mann-Whitney tests and the difference between the 
means of both samples are shown. On the left most side, the hypothesis to which each row 
corresponds is shown. When looking at the degrees of freedom of the significant results, three 
different clusters become apparent. In ascending order, the first cluster has a range that goes 
from 21 to 109, the second cluster has a range that goes from 110 to 202 and the third one 
having values higher than 202. The ideal results here are differences that are significant for all 
combinations of data sets and standardized corrective maintenance indicators and that have a 
sample size containing enough machines to be representative of the population (this isn’t 
formally defined, a value of 110 is subjectively chosen to discard the results of the first cluster 
which have a very small sample size, lower than 5%).  
 
Even with these hard selection criteria for a significant hypothesis: H66, H90 and H154 are 
accepted. And therefore, there is enough statistical evidence to accept these hypotheses. Other 
hypotheses are very close to these criteria as well: H92, H104, H106, H142, H144, H146, H150, H160, 
H166, H174, H178, H180. 
 
The reason for these hypotheses to not be accepted fall into three different categories: the 
differences are significant in all combinations of data sets and standardized corrective 
maintenance indicators but their samples are lower than 110, the samples are above 110 but 
the differences are not significant in all combinations of data sets and standardized corrective 
maintenance indicators or the differences are not significant in all combinations of data sets 
and standardized corrective maintenance indicators and their samples are lower than 110. 
The hypotheses that match the first case are: H92, H104, H106. The hypotheses that match the 
second case are: H142, H144, H146, H150. The hypotheses that match the third case are: H160, H166, 
H174, H178, H180. These hypotheses cannot be accepted; however, they are interesting, and they 
should be studied further.  
 
In case the threshold of the sample size increased to 203 so that the second cluster is not 
considered, only the significance of “can_40045” would change as its DoF is lower than 202.   
 

5.3 Combined Objectives 
As the variance of the temperature inside the technical room doesn’t seem to have an effect on 
corrective maintenance (as seen in objective 2), more evidence is collected to discard H1. The 
results of objective 2 imply that there is not relationship between the temperature of the 
technical room and corrective maintenance. This would suggest that the results of H4 are 
indeed spurious.  
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As objectives 1 and 2 show, there is not a direct relationship of temperature and humidity on 
corrective maintenance, the insights produce by the combination of both objectives is that 
indeed there is not relationship that can be explained through a linear regression with the 
methodology followed in this project. 
 

6. Insights for Philips 
The value of this project to Philips comes as evidence suggesting that there is no relationship of 
temperature and humidity on corrective maintenance (within the ranges measured in this 
project). These results may be attributed to the quality of the data used. If data of the 
temperature and humidity outside the hospitals and inside the technical and exam rooms was 
available, these results would be more precise. However, using the temperature on top of the 
SIB was supported by the machine experts, and there was no relationship found between this 
temperature measurements and corrective maintenance. Even though the data of temperature 
and humidity used in this project wasn’t the best possible data that can be used to test these 
hypotheses, it was the best possible data that was available at the moment this project was 
carried out. It is unlikely that a relationship between temperature inside the technical room and 
corrective maintenance exists, as evidence by the results of objective 2. There may be a 
relationship between humidity inside the technical and examination rooms and corrective 
maintenance or between temperature inside the examination room and corrective 
maintenance. These hypotheses couldn’t be tested and therefore, no conclusions can be drawn 
about them.  
 
The most promising results, in terms of significant effects on corrective maintenance, came 
from the hypotheses of whether there was a difference between machines where a candidate 
event happened and machines where no candidate events happened. It would be interesting 
for Philips to look into more detail the candidate events which produced significant results, 
namely: “can_40001”, “can_40013”, “can_40045”. 
 
Furthermore, candidate events which were close to produce significant results should also be 
studied further, namely: “can_40039”, “can_40040”, “can_40041”, “can_40043”, “can_40048”, 
“can_40051”, “can_40055”, “can_40057” and “can_40058”. As these candidate events also 
presented results close to be significant.    
 
“can_40001” happens whenever a sensor in the head of the robotic arm detects a high 
humidity nearby. As the human body is mostly composed of water, detecting a nearby high 
humidity is a way of detecting a nearby human body, consequently, nearby in this context 
refers to a distance where the arm is close enough to impact the patient if the operator is not 
careful. Whenever a high humidity is detected, the speed of the robotic arm decreases 
drastically. If the arm gets too close to the body of the patient it can lead to an accident, by 
detecting the body of the patient through the humidity of the human body, the machine moves 
at a speed that is low enough for not harming a patient if it were to hit them. However, if the 
humidity in the exam room is high enough, this sensor can falsely detect that the head of the 
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arm is near the body of the patient. And the machine would move slowly throughout an exam, 
making the exam longer than it should be and therefore delaying the examination for the 
current patient and for the oncoming patients. As the information on the humidity of the exam 
room is not available, one cannot know the reason for this candidate event occurring. It may be 
that the operator of the machine is not very careful and gets the robotic arm close to the body 
of the patient, it could also be that the humidity conditions in the exam room are not kept 
under control and therefore they affect the functioning of the machine, it could be that the 
sensor has a different humidity threshold because of bad quality control at the sensor factory, 
one cannot know. Therefore, it would be beneficial for Philips to install a humidity sensor inside 
the technical room, the humidity information could then be used alongside the information of 
“can_40001” to better understand if the differences in corrective maintenance detected by this 
project are caused by a high humidity in the exam room. If indeed, this candidate event is 
manifesting the effects that humidity in the exam room has on corrective maintenance, then by 
better controlling the humidity in the exam room one could decrease the costs and frequency 
of corrective maintenance. The results of this project show that there is a difference higher 
than 11% on the cost of corrective maintenance between the machine that have “can_40001” 
occurring and those who don’t. Therefore, if the occurrences of “can_40001” are only caused 
by the high humidity in the exam room, by bringing the humidity in the exam to an acceptable 
value which does not activate the humidity sensor of the robotic arm, the costs of corrective 
maintenance could be lower by 11%. The results also show a difference higher than 12% 
between the machines that had “can_40001” and those that didn’t, following the same logic, 
12% of corrective maintenance events could be saved by reducing the humidity in the exam 
room.   
 
 “can_40013” happens when the machine cannot communicate with the electronic component 
that registers the position of the robotic arm, whenever this happens, the robotic arm is locked. 
When this happens, the machine cannot know which movements the robotic arm can do in the 
position it is at the moment of the occurrence of the candidate event and therefore, as a 
preventive measure the machine locks the robotic arm. If the arm wasn’t locked, movements 
that could hurt the machine could not be blocked and therefore the machine could move in 
ways that degrade its components. The servo motors inside the machine are meant to only 
move within certain ranges, these ranges are controlled by the software of the machine, if 
these ranges cannot be controlled for then the machine can move beyond the established 
ranges and hinder its components. For example, this could mean that the arm collides with the 
patient table. The component that registers the position of the robotic arm is inside the 
technical room. The reasons for not being able to communicate with this component are very 
broad, there can be a problem with the component itself or with a series of cables that connect 
the component that registers the position of the arm to the machine’s computer. According to 
the machine experts, this candidate event is related to temperature inside the technical room. 
This project didn’t find a relationship between temperature in the technical room and 
corrective maintenance. Therefore, the reason for this candidate event happening may be 
other than the temperature in the technical room. However, it is still interesting to understand 
why this event happens as this project shows that there is a difference in the costs of corrective 
maintenance between the machines where this candidate event didn’t happen and the 
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machine where it did happen that is higher than 7.9%. And that the difference in corrective 
maintenance events is 8.8%. One cannot make inferences on the effects of humidity inside the 
technical room on corrective maintenance as they were not tested due to a lack of information 
about humidity inside the technical room. Furthermore, this also means that one cannot make 
inferences about the relationship that the combination of humidity and temperature have on 
corrective maintenance. Whatever the reasons for “can_40013” occurring, being a 
consequence of humidity inside the technical room and/or a combination of humidity and 
temperature inside the technical room or of any other factor, it is interesting to know as it can 
provide a reduction in the costs and frequency of corrective maintenance. To check whether it 
is caused by humidity inside the technical room or a combination of humidity and temperature 
inside the technical room, a sensor could be placed inside the technical room to measure its 
humidity. Then, with this information the causality of this candidate event’s occurrences could 
be more thoroughly studied. Whatever the causality may be, if it is controlled, a reduction on 
the costs of corrective maintenance and the frequency of the corrective maintenance costs 
could be achieved.   
    
 
“can_40045” checks whether the patient table is ready to be used when the machine is turned 
on. If this test fails, it can be for a variety of reasons such as the table being disconnected, the 
table being broken or there being a problem between the connection of the SIB and the table. 
With only having the information on whether the test succeeded or failed, not many inferences 
can be made. Further information is required so that the causality of this event occurring can be 
better understood. This means that the candidate event should be decomposed into other, 
more precise, candidate events that provide more information on the reason for this test 
failing. An example could be that these tests provide information on whether the problem is 
that test cannot be carried out because of a problem in the table or because there is no 
communication to the table. With these decomposed candidate events and with the 
information of humidity inside the technical room (as is suggested for “can_40013”), one could 
explore the relationship that humidity inside the technical room and/or a combination of 
humidity and temperature inside the technical room have on the occurrences of “can_40045”. 
This relationship could then be used to better control the conditions of humidity and 
temperature inside the technical room so that the difference of at least 13% higher costs for 
machine having “can_40045” occurring can disappear. And also, to decrease the difference that 
is higher than 8.2% of the corrective maintenance events between machines where 
“can_40045” and those where it didn’t.   
 
 
 “can_40039”, “can_40040”, “can_40041” and “can_40043” are based on tests that are carried 
out at the moment the machine is turned on. These tests in particular are tests that check the 
connection to the computer were the acquisitions are stored and its different components. This 
computer is necessary to use the machine, the main purpose of this machine is to allow for real 
time display of X-Rays images, if this computer cannot be reached, then the machine cannot 
display the X-Ray images. Therefore, it is important that these tests are carried out. The reason 
for these tests not being done, is not known. It can be that there is not one reason but rather 
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many reasons. Some examples of possible reasons are: the cables connecting this computer to 
the rest of the machine are damaged and therefore hinder the connection to this computer, the 
ports of the computer are badly connected, the computer is not working properly, one of the 
components of the computer is not working properly. Some of these reasons may be caused by 
temperature and humidity inside the technical room, for example: the ports of the computer 
may develop rust because of a high humidity and therefore hinder the connection. To test this, 
and to have enough knowledge about these candidate events so that their occurrences are 
reduced, and the frequency and costs of corrective maintenance are reduced as well as a 
consequence, a list of possible reasons for these events should be created. Then, these reasons 
should be tested and for the reasons that indeed cause these candidate events, solutions 
should be proposed. If no solution for these reasons can be derived, then the cause of these 
can also be tested, one option being temperature and humidity in the technical room. 
 
 
“can_40048” happens whenever the hard drive that stores the X-Ray acquisitions cannot be 
used. As it is the case for previous candidate events, there is not enough information to know 
what causes this candidate event. Again, the reasons may be because one or more cables are 
not working or are not connected properly, and it can also be because the hard drive is not 
working properly. These reasons in turn may be caused by external factors such as temperature 
and humidity. Again, to further gather knowledge from this candidate event occurring, a list of 
possible reason for it occurring should be created and the reasons should be tested to better 
understand what the reason or reasons for this candidate event occurring. And then use this 
information to reduce the number of occurrences and decrease the cost and frequency of 
corrective maintenance. 
  
 
“can_40051” happens when the SIB cannot be reached by the rest of the machine. Again, the 
reasons may be because one or more cables are not working or are not connected properly, 
and it can also be because the SIB is not working properly. These reasons in turn may be caused 
by external factors such as temperature and humidity. Again, to further gather knowledge from 
this candidate event occurring, a list of possible reason for it occurring should be created and 
the reasons should be tested to better understand what the reason or reasons for this 
candidate event occurring. Then with this knowledge, actions can be taken to decrease the 
occurrences of “can_40051” and consequently decrease the costs and frequency of corrective 
maintenance.  
 
 
“can_40055”, “can_40057” and “can_40058” happen when there is an error with the XGEN 
module or one of its components. The reasons for these candidate events happening are not 
known. The same proposed methodology for other candidate events applies here, create a list 
of possible causes, test the significance of said causes and then control those the parameters 
that cause the candidate events so that the costs and frequency of corrective maintenance 
decrease.   
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7. Contributions 
The contributions this project offers to science, come in terms of an amalgamation of different 
techniques which can be used to detect relationships between variables in large data sets: a 
tool to determine relationships between variables in a large multivariate data set. The 
methodology of this project, specially referencing step 8 of sub-chapter 4.1, provides a 
framework on how to search for suspected relationships between variables of a large dataset. 
This project also provides an example of how this methodology can be implemented with the 
data from the Allura machines of Philips.   
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