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“For once you have tasted flight you will 
walk the earth with your eyes turned skywards, 

for there you have been and there you will long to return.” 
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Abstract 
This master thesis is conducted at Fokker Services B.V., an international maintenance, repair and 

overhaul provider in the aviation industry. Fokker Services is seeking ways to improve cost prediction 

of a contract to offer competitive pricing to customers while avoiding losses after recalculation of the 

actual costs. This research uses machine learning methods on historical aircraft component 

maintenance data to gain a better insight into variations in maintenance activities and related 

maintenance costs. The Cross Industry Standard Process for Data Mining (CRISP-DM) is applied as 

structure throughout the thesis. Birch, DBSCAN and Self-Organizing Map clustering techniques are 

used to group together similar work orders.  The activity scope of each group is subsequently 

determined. This information is applied to forecast the total cost of a work order using Random Forest 

Regression. 

The results from this research support product managers in understanding what kind of activities are 

common within a certain component scope. When a product manager or quotation officer is able to 

identify what kind of maintenance activity is likely to be performed, this improves the accuracy of a 

cost forecast. Furthermore, each maintenance activity can be more accurately priced using the 

characteristics of the work order population assigned to a specific activity cluster. Likewise, anomalies 

can be identified and ‘up and above’ pricing applied. 

Some data references are anonymized to protect confidential information.  
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Executive Summary 

Problem Introduction 
Fokker Services B.V., an international maintenance, repair and overhaul (MRO) provider in the 

aerospace industry. There is a need for Fokker Services to improve the cost prediction of a 

maintenance activity to offer competitive pricing to customers, while avoiding losses after 

recalculation of the actual costs. This relates to the need to understand what kind of activities are 

commonly performed within a certain component scope. 

In this thesis project, historic component maintenance data is analyzed. A work order data entry 

contains all data related to such a maintenance activity. All work orders relate to a certain aircraft 

component, traceable by its part number identification. Using the data stored in each work order entry, 

work orders are clustered. This is performed on work orders related to a specific part number, or 

possibly master part number, depending on whether enough data is available. The corresponding 

research question is: 

How to cluster work orders at Fokker Services intended for cost forecasting? 

After identifying work order clusters, a cost forecast for each cluster, or possibly individual work orders 

is created. The following sub-research questions are formulated to guide towards the completion of 

the main research question. 

Which features in the historical work order data are valuable? 

What clustering model gives the most appropriate cluster results? 

Which differences are there between clusters that make them dissimilar, including outliers? 

What effect does the identification of a work scope of a cluster have on cost forecast accuracy? 

Method 
The research applies the Cross Industry Standard Process for Data Mining (CRISP-DM) methodology 

throughout the structure of the report. The project uses multiple iterations where the CRISP-DM model 

is designed to use both feedforward and feedback between phases for optimal information processing. 

Insights gained in a phase can lead to adjustments to a previous phase to improve project outcomes. 

The research starts with a narrow scope, focusing on just one component. On this single part number 

level, work orders are clustered and afterwards results evaluated. A next step is to perform these same 

processes on a broader range of components, and on a family of similar components. 

Three cluster algorithms are applied which all operate from a different philosophy. Birch, a hierarchical 

method, DBSCAN, a density-based method, and Self-Organizing Map, a neural network method. A set 

of internal and external validation metrics are used to validate cluster results. Internal metrics include 

silhouette score, Calinski-Harabasz score and Davies-Bouldin score. External metrics include 

normalized mutual info score, adjusted rand score and completeness score. In addition to these 

metrics, business insights are applied to evaluate obtained cluster results. 

The historic maintenance data is retrieved from the various available databases, and relevant data 

features selected for clustering. Correlation analysis identified seven data features which are relatable 

to the work performed feature of a work order. The labor time feature defines how much time has 

been spend on a certain activity. Material cost defines the amount of material resources spend during 

an activity. Utilization data proves to bring valuable distinctions on work orders as it indicates how 
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much a component has been used over its lifetime and since its last maintenance event. Apart from 

existing data features, some new features are created. The number of labor steps aims to describe the 

trajectory which a work orders has gone through. The number of cheap, average and expensive 

materials used within a work order defines the extensiveness of a maintenance action. 

The data features are normalized as value ranges differed between features using Min-max 

normalization to scale each value in a range between 0 and 1. Missing values are only present at the 

two utilization features, both consisting of two separate features. These gaps have been filled by 

combining flight hours and flight cycles after normalization. Any further missing values are replaced by 

the average value of a feature. Data features with monetary cost data registered in US dollars have 

been recalculated to match prices of work orders in euro. 

Results 
DBSCAN is never selected as giving the most appropriate cluster results for a component. Validation 

index scores were lowest for DBSCAN and obtained clusters do not match with expert insights. Birch 

and SOM both offered appropriate results. Validation scores were consistently higher for the two 

algorithms and both gave appropriate results. The SOM algorithm outperforms Birch in when spread 

between work orders is low whereas Birch outperforms SOM when activities have less overlap. 

Cluster results and applicable cluster labels are presented in Figure 0.1 and Table 0.1 respectively. 

 
Figure 0.1: Cluster results in reduced feature space of the birch algorithm for component 107484 

Cluster Activity label 

0 REP 

1 OMO 

2 OVH 

3 Mix 

4 INT 

5 OMO with MOD 

Table 0.1: Cluster groups and their respective activity label for component 107484 

Internal validation metrics are not able to validate cluster results based on activity distributions. 

External validation metrics perform better in identifying a superior algorithm, although results are not 

perfect. The ground truth, which is the work performed labels, used for calculating the scores are 

known to be faulty as engineers struggle to identify the exact work scope. However, they still assist in 

identifying superior cluster algorithms. 
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These external validation scores can be combined with applying a business evaluation on results. As 

each component has different characteristics, it is not possible to apply the same assumptions over all 

applied components. Maintenance characteristics differ too much between components to ignore 

expert opinion. External validation scores however have been found to help identify the most 

appropriate algorithm. So, external metrics are used as early identification method for finding the most 

appropriate set of cluster groups, after which nosiness insights are applied to further evaluate results. 

Application to Cost Forecasting 
Using cluster labels to identify a certain group of activities, the accuracy of the cost forecast is 

improved. The R-squared score has improved from 0.436 before to 0.886 after cluster label inclusion. 

The error value compared to maximum maintenance costs has decreased from 14% to 5%. Predictions 

for work orders with a low or a high total cost have especially improved, observable in Figure 0.2. 

 
Figure 0.2: Ordered actual costs versus predicted cost for component 107484 with cluster label fed into regression model 

Conclusion 
The improvement in cost forecasting results prove that the clustering of work orders of a component 

(or group of similar components) is useful within business processes. It provides a product manager or 

sales manager with valuable information about what kind of maintenance activities are common 

within a certain component scope. Furthermore, separating groups of activities enables product 

managers to offer more competitive pricing for activities. Currently, activities are proven to be priced 

wrongly as they are calculated using work orders which do not belong in a certain activity class. 

As a product manager or quotation officer now better understands what kind of activities are 

performed, this person is able to identify which activity is most probable on the specific part he or she 

received for maintenance. Applying this knowledge from the product manager to identify the activity 

scope for a work order, a cost estimation can be created. 

Using outlier analysis, future work orders which require similar material repairs can be charged as 

anomalies. When business knowledge is applied, material parts can be identified that cause ‘up and 

above’ cases. These cases may require a very expensive part which is either not worth replacing, or 

should not be billed under specific contract conditions with customers.  

Three future development steps are emphasized. (1) Text mining could prove to be valuable to 

determine what kind of activity is performed. Each work order has a set of memo pads in which 

customers, sales agents and engineers can put notes regarding a work order. Rather than using 

numerical features, it utilizes descriptors to extract information. 
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(2) Utilization data is currently entered into the system by a customer when it requests maintenance 

of a component. Roughly 30% of the work orders had missing utilization features. A project performed 

by Fokker has aimed to extract utilization from ADS-B (Automatic Dependent Surveillance-Broadcast) 

data. From December 2020, all aircraft weighing over 5,700 kilograms will have to be equipped with 

ADS-B capabilities. Preliminary research shows that this application will very likely reduce the amount 

of missing values. 

(3) For product managers the availability of an API in which information on a certain part number can 

be retrieved will be an asset. By integrating the codes on clustering in this API, managers can easily 

understand the activities which are common on a certain part number of master part number level. 
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1. Introduction 
The introduction will include a company description, the project context, problem statement, research 

scope and the report structure. 

1.1 Company Introduction 
Founded as an aircraft manufacturer in 1912 by Anthony Fokker, Fokker Aircraft became one of the 

largest aircraft manufacturers by the late 1920s. After the Second World War, the company became 

successful with the introduction of the Fokker F27 Friendship, and later the Fokker 50, 70 and 100 

models. The manufacturing of aircraft ultimately ceased in 1996 (Fokker Services B.V., 2020). 

 
Figure 1.1: Various Fokker aircraft: the Fokker Spin (1910), Fokker F27 Friendship (1955) and the Fokker 70 (1993) 

Evolving through a series of rebranding, Fokker Technologies is nowadays part of GKN, a British 

automotive and aerospace components company. The organization operates within GKN’s aviation 

division: GKN Aerospace. Not manufacturing whole aircraft anymore, Fokker Technologies nowadays 

specializes into, among other things, design and repair (maintenance) of aircraft parts, electronic 

wiring, and offers aircraft maintenance services. This not only includes the fleet of still-operational 

Fokker aircraft, but also other aircraft types such as the Boeing 737 and Bombardier Q Series. 

The organization is divided into four individual business units: Fokker Aerostructures, Fokker Landing 

Gear, Fokker Elmo and Fokker Services (Fokker Services B.V., 2020). Fokker Services B.V. acts as an 

aerospace service provider for regional, commercial and military aircraft. This includes a broad range 

of activities, such as supplying parts, managing part exchange programs, performing aircraft 

component maintenance activities and component modification programs, such as redesigning aircraft 

parts according to applicable laws. 

1.2 Project Context 
The company has in the past tried to better understand component maintenance activities and related 

maintenance costs. Previous research focused on developing a forecasting model to estimate the 

expected cost of a maintenance action (Massa et al., 2019). A maintenance action is described as a 

work order. The nature of a work order, describing what kind of maintenance action is performed, is 

defined as a work order scope. In general, for sales purposes, work scopes are classified into three 

classes: test, repair or overhaul. 

Test 
 

Testing is an action where a system or component is tested against functional 
requirements and/or specifications. Functions are tested by feeding input signals and 
examining the output. 
 

Repair A repair action is a fix on something that is reported broken. If a component is brought 
in, engineers will aim to restore the part back into a functioning condition. 

 
Overhaul 
 

 
An overhaul action aims to take apart a component in order to examine it and repair it if 
necessary. An overhaul action can be comparable to a repair action but is generally more 
extensive. 
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While various forecast models were built in this previous research project, none was able to accurately 

estimate the cost of a work order. The research concluded that work order scopes are not accurately 

entered into the system by engineers due to various reasons, one of them being subjectivity of 

engineers rather than objective business rules. An issue with this is that the work order scope appears 

to be one of the most important data features for forecast models to define costs. This lack in data 

accuracy causes forecast models to inaccurately estimate costs. Research recommended to improve 

work order scope accuracy (Massa et al., 2019). 

As such, this master thesis project aims to cluster work orders using available historical aircraft 

component maintenance data. By doing this, insight into the nature of a work order is improved. From 

this, work order scoping of clustered work orders should become more accurate. This is a shift from 

the current situation in which the work order scope is fully based on the entered data of an engineer. 

As a result of an increase in accuracy of work order scopes, maintenance costs of work orders become 

more accurate. 

1.3 Problem Statement 
For an airline, one of the most important resources is its fleet of airplanes. In order to operate with 

these airplanes in a safe and efficient way, maintenance activities must be performed regularly. These 

activities must be affordable allowing the airline to make a profit from its operations. Fokker Services 

is an organization that performs component maintenance and modifications services to, for example, 

airlines, OEM (original equipment manufacturers) vendors and MRO (maintenance, repair and 

overhaul) organizations (Fokker Services B.V., 2020). 

Potential customers send a list of components with a yearly expected amount of service. Based on this 

information, Fokker Services is tasked to come up with an up-front price value for a maintenance 

contract. This contracted price can be based on the number of flight hours, but there are many other 

variations on which pricing can be based. The challenge by having to agree on an up-front price is that 

Fokker Services does not know the amount and nature of failures for components during the span of 

a contract. Because of heavy competition in the aircraft (component) maintenance industry, it is key 

to offer low yet profitable pricing. 

As aircraft are build out of many parts, an extensive range of aircraft components is maintained by 

Fokker Services. Some examples are presented in Figure 1.2. Each component can be identified by an 

assigned part number. Sometimes, components will also have a master part number in case they 

belong to a family of similar components. 

 
Figure 1.2: Examples of aircraft components: actuators, valves, pneumatic starters, landing strut and gearbox 

1.4 Thesis Goal and Research Questions 
Derived from the problem definition, there is a need for Fokker Services to improve the cost prediction 

of a contract to offer competitive pricing to customers. This requires an improved maintenance activity 

estimation of work orders within a certain component scope, so estimated costs become more 

accurate. This means that common maintenance activities have to be identified. 
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In this thesis project, historic component maintenance data is analyzed. This data focuses on a 

maintenance activity called a work order. A work order data entry contains all data related to such a 

maintenance activity. All work orders relate to a certain aircraft component, traceable by its part 

number identification. Using the data stored in each work order entry, work orders are clustered. This 

is done for work orders related to a specific part number, or possibly master part number, depending 

on whether enough data is available. This will result in clusters of work orders on a part number level. 

A maintenance activity label is assigned to each work order cluster. Furthermore, outliers are 

identified. 

After identifying the work scope of each cluster, a cost forecast for each cluster, or possibly individual 

work orders, is created. This can originate from, for example, labor data and used material data. Using 

this historical maintenance data, combined with an improved understanding in maintenance activities, 

a more accurate cost prediction for each work order should be obtained. 

As a result, certain work orders, or possibly aircraft components, could be excluded from a contract 

when appearing to be too expensive. With this, expected costs (voca) and actual costs (naca) of a 

contract can be better matched, and the competitive position of Fokker Services can be improved. 

An intertwined research step attempts to reassign each work order cluster to one of the standard TRO 

classes. By using these classes, Fokker Services will stay recognizable. More extensive classes may also 

be required depending on research results. 

As such, the following research question should be answered: 

Q0:  How to cluster work orders at Fokker Services intended for cost forecasting? 

The following sub-research questions are formulated to guide towards the completion of the main 

research question. 

Q1:  Which features in the historical work order data are valuable? 

Q2:  What clustering model gives the most appropriate cluster results? 

Q3:  Which differences are there between clusters that make them dissimilar, including outliers? 

Q4: What effect does the identification of a work scope of a cluster have on cost forecast accuracy? 

1.5 Research Scope 
While the database contains work order data from the year 2000, not all this data is used in this 

research. During the database’s lifetime, data features have been added or removed. Some essential 

data features for the project were only added after 2008. 

Multiple clustering models are developed to cluster work orders. Results of each clustering model are 

be compared to select the best performing method. The applicable clustering methods in this study 

are chosen based on a literature study focusing on cluster method specifications, strengths, 

weaknesses and prior appliances in other research. Three clustering algorithms are selected based on 

the conclusions from the literature review and the data understanding Section, after analyzing which 

data requirements exist.  

The main software used for handling all the data is Anaconda Spider. In this module, cluster models 

and cost forecasting models are developed in Python programming language. 
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1.6 Report Structure 
After this introduction, Chapter 2 describes the research methodology. Chapter 3 includes a summary 

of the literature review that has been performed. The literature review is provided in a separate 

document which is used as a research basis by investigating the knowledge that is readily available on 

the various subjects of this thesis project. Chapter 4 includes the business understanding, where the 

project objectives and requirements are presented from a business perspective. Chapter 5 includes 

the data understanding, focusing on the initial data collection. Chapter 6 focuses on data preparation. 

Chapter 7 describes the model development process and the results of the narrow scope. In Chapter 

8, the cluster results of a broader scope of components is presented. Chapter 9 includes the research 

on cost forecasting. At last, a conclusion is presented including an advice on future research directions. 

The bibliography and appendices can be found at the end of the document. 
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2. Methodology 
Data mining is regarded as a creative process which several different skills and knowledge (Wirth & 

Hipp, 2000). The CRISP-DM (Cross Industry Standard Process for Data Mining) defines a process model 

which provides a framework for data mining projects. The CRISP-DM process model supports data 

mining projects by introducing a manageable process. CRISP-DM is the most widely used analytics 

model in the data mining industry. 

2.1 CRISP-DM Model 
The CRISP-DM methodology is described as a hierarchical process model with four levels of abstraction, 

visualized in Figure 2.1 (Wirth & Hipp, 2000). At the top level, the process model is divided into a small 

number of phases. Each of these phases consists out of several generic tasks that form the second 

level. These tasks guide users through all necessary steps within a phase. The third level introduces 

specialized tasks, which describe how the generic tasks should be carried out in specific situations. The 

fourth level is the process instance level. Here, all actions, decisions and results are recorded. 

 
Figure 2.1: Four level breakdown of the CRISP-DM methodology (Wirth & Hipp, 2000) 

2.1.1 CRISP-DM Phases 
The CRISP-DM process model provides an overview of the life cycle of a data mining project (Chapman 

et al., 1999). This life cycle can be generalized to six phases, shown in Figure 2.2. This sequence is not 

rigid, as moving back and forth between phases is often required. CRISP-DM also includes the cyclical 

nature of data mining itself. Lessons learned during a process step can trigger new or adjust existing 

process steps. 

 
Figure 2.2: Phases of the CRISP-DM methodology (Chapman et al., 1999) 
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Business understanding 
The business understanding will zoom in on why it is important for Fokker Services to cluster work 

orders. Furthermore, the identification of existing cluster methods is performed by means of a 

literature review. A review is likewise be completed concerning cost forecast methods. 

Data understanding 
After the business understanding is completed, a detailed analysis is given on the historical 

maintenance data. This includes describing the nature of the data, what kind of information it includes, 

and what limitations may exist. 

Data preparation 
Data preparation looks at enhancing the data to make it appropriate for modeling. This means that 

data is prepared in such a way that it can be used by cluster and forecast algorithms. 

Modeling 
The modeling phase will look at the actual creation of the algorithms. In this phase, it is analyzed which 

data variables from the dataset should be included in the models. Sometimes, this means taking one 

step back and adjust the data preparation. 

Evaluation 
After clusters are created, they must be evaluated. Each cluster model is expected to create different 

results, so the most appropriate and best-performing cluster method must be identified. Data features 

can be ranked on least to most important. The work scope label of clusters are to be identified as being 

test, repair or overhaul. Results must furthermore tell if the historical maintenance data can indeed be 

used to create meaningful and correct clusters. Effects on cost forecast performance by the gained 

insights can also be evaluated. 

Table 2.1 presents an outline of phases. The generic tasks and outputs are included in this outline. 

 
Table 2.1: Outline of generic tasks (bold) and outputs (italic) of the CRISP-DM model (Chapman et al., 1999) 

The described phases are divided into Chapters to offer structure and visibility into the research 

structure. The deployment phase will not have a specific Chapter, but aspects of this phase can be seen 

in the cost forecasting and conclusion Chapters. 
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2.1.2 CRISP-DM Iterations 
The description of phases and tasks as discrete steps performed in a specific order represents an 

idealized sequence of events. In practice, many of the tasks can be performed in a different order and 

it is often necessary to backtrack to previous tasks and repeat certain actions. The CRISP-DM model is 

designed to use both feedforward and feedback between phases for optimal information processing. 

Insights gained in a phase can lead to adjustments to a previous phase to improve the project 

outcomes. For example, findings during the model building phase can lead to adjustments in the data 

preparation phase. 

2.1.3 Narrow and Broad Scope 
The research will start with a narrow scope, focusing on just one component. On this single part 

number level, its work orders are clustered and results evaluated. Then, a second step is to perform 

the same research for a broader range of components. This does not mean that work orders of 

different parts are combined. The initial focus on one component enables the research to be evaluated 

in more detail so that data and modeling aspects can be tuned and improved for the eventual broad 

analysis. 

2.2 Modeling Techniques 
Clustering is the process of grouping a collection of objects into classes of similar objects. As such, data 

objects within a cluster are meant to have a high similarity in comparison to other objects in a cluster, 

but are very different from objects in other clusters (Patel et al., 2014). Cluster algorithms are used to 

organize data, to categorize data, for data compression and model construction, and for detecting 

outliers, among other uses (Mlambo, 2016). 

There are various clustering algorithms which all operate in a different nature (Oyelade et al., 2016). 

These range from hierarchical clustering, density-based clustering, partitioned clustering, grid-based 

clustering, multiobjective clustering, soft clustering and model based clustering. 

Evaluation of the clusters will conclude whether the data currently available enables the company to 

perform these kind of analysis. It furthermore should look at whether a test, repair or overhaul label 

can be assigned as used by marketing and sales. This is not limited to components which are regularly 

maintained, but specifically applied to components which are less-often handled. 

One of the goals of the literature review is to find the most appropriate clustering techniques to apply 

on the data, as well as finding appropriate cluster validity indices. However, it was found that the 

applicability of different clustering algorithms is dependent on the data that is fed into the models. 

Therefore, the decision on cluster selection is described in Chapter 7. The data understanding and 

preparation phases will result into a better insight into the specific characteristics of the dataset 

leading to the selection of cluster algorithms. The selection of validity indices is likewise related to 

which clusters are selected, and thus will also be selected at the model selection stage. 

After cluster evaluation, gained insights are applied for cost forecasting models, which are utilized to 

predict work order total costs. Cost forecast models are algorithms that estimate the cost of a product 

or project. This estimation is based on the input of parameters that describe the characteristics of the 

product in question, in this case a work order (Lee, 2008).  

Prior research within the company lead to the development of three regression models to estimate 

work order costs. The best performing algorithm for this task is found to be random forest regression. 

Two validation measures for regression results were selected in previous research, namely R2 and 

MAE. It makes sense to, when comparing regression results, to use the same algorithms and validity 

measures. This way, results can be easily compared. 
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3. Literature Review 
The literature review is conducted in order to investigate the literature that is already available on the 

various subjects of this thesis project. Each Chapter will focus on the literature review of one specific 

subject. The two research subjects are (1) Cluster Modeling and (2) Cost Forecast Modeling. 

The goal of the literature review on clustering methods is to delimit the research problem. It looks at 

finding appropriate clustering techniques for multi-dimensional data. Furthermore, the goal is to not 

only find suitable methods, but also to make a distinction between method aspects which may result 

in some methods looking more promising over others. It also enhances the subject vocabulary and 

brings an enhanced understanding of the structure of data clustering. 

The literature review provided in this thesis is reduced to only main learnings which are useful to 

understand made choices. The complete literature review is provided in a separate document. 

3.1 Cluster Modeling 
The first subject of the literature review focuses on data clustering methods. In the thesis project, 

historic aircraft component repair data is analyzed. With this data, groups of work orders with similar 

characteristics are attempted to be found. This is achieved by clustering work orders based on features 

found in the mentioned historical maintenance data. This includes but is not limited to labor cost or 

material cost. By doing this, work orders with similar characteristics may be grouped into more specific 

groups of maintenance activities. 

3.1.1 Introduction into Clustering 
According to Patel, Modi & Sarvakar (2014), by performing data mining, interesting knowledge, 

regularities or high level information can be extracted from databases, data warehouses, or other 

information repositories. This discovered knowledge can be applied to decision making, process 

control, information management and query processing. There are various types of data mining 

modeling, which are shown in Figure 3.1. 

 
Figure 3.1: Types of data modeling (Patel et al., 2014) 

Clustering is the process of grouping a collection of objects into classes of similar objects. As such, 

clustering is the process of grouping the data into clusters, so that data objects within a cluster have a 

high similarity in comparison to other objects in a cluster, but are very different from objects in other 

clusters (Patel et al., 2014). 

In addition, Tan, Steinbach & Kumar (2006) mention that clustering can be performed for two 

purposes, being clustering for understanding and clustering for utility. Clustering for understanding is 

the process of clustering objects into meaningful groups that share common characteristics. In the 

context of understanding the data, cluster analysis is the study of techniques for automatic class 

finding. Meanwhile, in the context of clustering for utility, cluster analysis is the study of techniques 

for finding the most representative cluster prototypes. 

There are various clustering algorithms, which all operate in a different nature. These algorithms can 

be sorted under a range of classifications (Oyelade et al., 2016). However, no clustering algorithm 
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exists with the best performance for all clustering problems. Therefore, the algorithms must be 

reviewed and compared. This includes analyzing cluster algorithm structures, advantages, challenges 

and limitations. An overview of cluster methods is presented in Figure 3.2. 

 
Figure 3.2: Classification of traditional clustering methods (adjusted from Oyelade et al. (2016)) 

Popescu et al. (2012) considers a dataset which exists out of a set of n objects O = {o1, …, on}. Objects 

can be anything, from types of fish species, biological genes, to US states. Numerical object data has 

the form X = {x1, …, xn}. These are data feature values describing an object. In case of objects being fish 

species, object features may be length, weight and swimming depth. Numerical features for each 

object are translated to coordinates by most cluster algorithms to determine its position and (dis-) 

similarity between all the objects. How algorithms achieve this is described in the next Chapter. 

The three main steps involved in a cluster analysis are presented in Figure 3.3. This focuses on 

algorithm development. And verification of the results. 

 
Figure 3.3: The three main steps involved in a cluster analysis (Handl, 2005) 

3.1.2 Types of Clustering Methods 
There are many different clustering algorithms widely available scientists, ranging from traditional 

methods to research-specific developments. Many clustering methods are researched, but only the 

three selected cluster algorithms are described here. The full analysis can be found in the full literature 

review. 
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Balanced Iterative Reducing and Clustering using Hierarchies (BIRCH) is another hierarchical 

clustering method (Oyelade et al., 2016). The algorithm operates in four steps. In step one, the entire 

dataset is scanned to construct a tree-like representation of all objects in the dataset. In step two, the 

algorithm tries to optimize the tree while removing outliers. In step three, the algorithm clusters all 

the leaf entries. With this, the number of clusters is determined. In the last step, the centroids of the 

produced clusters are used to redistribute data points to its closest seeds to obtain the final set of 

clusters. 

Birch clustering is a hierarchical clustering method. This means that the algorithm applies a tree-like 

dendrogram to sort data objects. This is then translated to nested clusters. A cutoff value is used to 

define which nested clusters translate into the final clusters. This is visualized in Figure 3.4. 

 
Figure 3.4: Hierarchical clustering of four objects shown as a dendrogram (left) and as nested clusters (right) (Tan et al., 2006) 

BIRCH has the ability to handle outliers and large datasets. In previous research, synthetic and real 

datasets were used to evaluate the BIRCH algorithm, and results proved to be better in terms of time 

complexity, quality of clusters, and robustness (Oyelade et al., 2016). 

Density-Based Spatial Clustering Application with Noise (DBSCAN) locates regions of high density (i.e. 

many data objects close together) that are separated from one another by regions of low density (i.e. 

little data objects). Density is estimated for a particular data object in the dataset by counting the 

number of points within a specified radius. As DBSCAN uses a density-based definition of a cluster, it 

is relatively resistant to noise and can handle clusters of arbitrary shapes and sizes. 

Figure 3.5 visualizes a density map with five identified clusters. Data objects are visualized as a triangle 

icon, and outliers are identified as round icons. 

 
Figure 3.5: Cluster plot of DBSCAN results (Tan et al., 2006) 

Self-Organizing Map (SOM) is a cluster method based on neural networks. It is typically used for 

datasets where objects are highly connected, meaning a single gene has a high correlation with two 

different clusters. SOM is especially useful for higher-dimensional data with a high number of data 

features compared to the number of data samples (Budayan, Dikmen & Birgonul, 2009). 
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The algorithm starts by assigning weight vector values to each neuron. The training process starts by 

representing an object randomly in the network. The distances between the selected objects and the 

weighted neurons are calculated. The weights of the nearest neurons are then adjusted and gets closer 

to the actual object. Neighboring neuron weights are also updated to satisfy the input space. The 

process is repeated until all data points are assigned to an output neuron. Figure 3.6 visualizes how 

the SOM algorithm adjusts neuron weights to move towards the data objects. 

 
Figure 3.6: SOM algorithm visualization (Ghaseminezhad & Karami, 2011) 

The algorithm has been applied to various datasets, for example, the yeast cell cycle, and the result 

shows that it performs comparably with other methods (Bayesian clustering, HC, K-means clustering). 

Jiang et al. (2004) found that SOM was furthermore used to analyze mitotic cell cycles based on a 

dataset in which genes are spread over different time points. In addition, a real dataset on human 

hematopoietic data was also applied the clustering algorithm.  

Jean-Jules & Hart (2009) demonstrates that a SOM algorithm implemented in a visual data-mining 

approach offers the best performance in interpreting the correct cluster structure in the 2D datasets 

and 2D seismic models. Budayan et al. (2009) conclude that SOM, as well as FCM, can illustrate the 

typology of the Turkish construction industry best. Sinaee & Mansoori (2013) confirm that SOM is used 

for clustering gene expression data. 

3.1.3 Applying Cluster Methods in Software Tools 
Scikit-learn for Python, a Python machine learning library, according to Pedregosa et al. (2011), exposes 

a wide variety of machine learning algorithms, both supervised and unsupervised, using a consistent, 

task-oriented interface. Importantly, the algorithms can be applied as building blocks for approaches 

specific to use cases, being able to be coded in a way to fit datasets and user needs. 

By considering different functional neuro imaging applications, Abraham et al. (2014) illustrates how 

Scikit-learn, can be used to perform some key analysis steps. They successfully applied a clustering 

algorithm in Scikit-learn for the application on neuro imaging data. Raschka & Mirjalili (2019) confirm 

that the Scikit-learn toolkit includes several useful clustering algorithms.  
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3.1.4 Cluster Result Validation 
The main purpose of evaluations indicators is to test the validity of an algorithm (Xu & Tian, 2015).  

Distance, also known as dissimilarity, and similarity form the basis for constructing clustering 

algorithms (Xu & Tian, 2015). For quantitative data features, distance is preferred to recognize 

relationships in data features, while similarity is preferred when dealing with qualitative data features. 

Estivill-Castro & (2003) find that the nature of clustering is exploratory, rather than confirmatory. 

Intuitively, if clusters are isolated from each other and each cluster is compact, the clustering results 

are somehow natural. They state that cluster validity brings a certain amount of confidence that the 

cluster structure found is significant. 

Wang & Zhang (2007) quote that “no matter how good your index is, there is a dataset out there 

waiting to trick it (and you)”. Therefore, cluster validation is a very difficult task. 

There are two criteria proposed for clustering evaluation and selection of an optimal clustering 

scheme, researched by Halkidi et al. (2001b). Compactness validates whether the members of each 

cluster are as close to each other as possible. A common measure of compactness is the variance, 

which should be minimized. The second criteria is separation, meaning that the clusters themselves 

should be widely spaced. There are three common approaches in measuring the distance between two 

different clusters: 

- Single linkage: It measures the distance between the closest members of the clusters. 

- Complete linkage: It measures the distance between the most distant members. 

- Comparison of centroids: It measures the distance between the centers of the clusters. 
 

Validation measures do provide significant amounts of information that cannot be obtained using 

visual inspection alone, as concluded by Handl et al. (2005). Different and complementary validation 

tools exist, and the use of a set of such tools can minimize the risk of misinterpreting results. It is 

concluded that this practice maximizes the confidence in the results obtained. Hardy (1996) confirms 

this approach of using multiple validity indices. 

Various cluster validation indices are found. These can be divided in two groups, being internal or 

external. Internal validation indices use internal information of the clustering process to evaluate the 

correctness of the cluster result. External cluster validation focuses on externally provided data. This 

kind of data is harder to find as it often leads to a supervised environment, while cluster techniques 

are generally unsupervised. Research found that the most used validity indices are Davies-Bouldin (DB) 

index, Rand Score and silhouette width. A high-performing measure furthermore includes the Calinski-

Harabasz (CH) score (Arbelaitz et al., 2013). 

Figueiredo et al. (2019) searched for the most used objective functions and validation indexes. They 

note that the metrics which use the Euclidean distance between the data and the centroids are widely 

utilized as an objective function or validation index.  

Classification measures such as precision, recall, and the F-measure, are commonly used to evaluate 

the performance of classification models, according to Tan et al. (2016). In the case of classification, 

the degree to which predicted class labels correspond to actual class labels are measured. 
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3.1.5 Data Preparation for Cluster Algorithms 
Trebuňa et al. (2014) highlight the importance of normalization and standardization in the clustering 

process. The values of each attribute can differ in ranges because of measurements in different units. 

This introduces the risk that some attributes dominate others. Normalization and standardization of 

data has a significant impact on results of the clustering process. Research however concluded that 

normalization is not always desirable. Researchers have to determine the source of data recording, 

and decide accordingly whether data should be normalized, or whether this will weaken the data. 

According to Milligan & Cooper (1987), care must be exercised in the selection of the variables used in 

the cluster analysis. They warn that researchers should not use as many variables as are available. 

Selecting the correct variables is a critical part of the analysis, and the addition of only one or two 

irrelevant variables can have a serious effect on cluster recovery. 

Standardization is the central preprocessing step in data mining, to standardize values of features or 

attributes from different dynamic range into a specific range. Mohamad & Usman (2013) have 

analyzed the performances of the three standardization methods on the K-means algorithm. By 

comparing the results on infectious diseases datasets, they found that the result obtained by the z-

score standardization method is more effective and efficient than min-max and decimal scaling 

standardization methods. 

Patel & Thakral (2016) note that there are several approaches for normalization. They address that the 

most popular methods are Min-Max data Normalization, data normalization by Decimal Scaling, and 

Z-score data Normalization. The Min-Max Normalization performs a linear transformation on the 

original data. Supposed that there is an attribute A and Maxa, Mina are the maximum and the 

minimum values of that attribute. Min-Max normalization maps the value A in the range 0 to 1. In Z-

score normalization, the values for an attribute (attribute A) is normalized based on the Mean value 

and Standard Deviation of the attribute. In case of Decimal scaling data Normalization the value V of 

attribute A is normalized to V’. The number of decimal points to move is defined by the maximum 

absolute value of the given dataset such that the highest V’ value is lower than 1. 

3.1.6 Conclusion on Clustering 
Traditional algorithms, such as K-means, BIRCH, DENCLUE, AP and SOM, are still the most popular 

clustering techniques as they are easier to implement and have more guidance material and examples 

from other researchers. 

Each clustering algorithm has its advantages and disadvantages, strengths and weaknesses. An 

overview of the algorithms described in this review are presented below in Table 3.2. Here, algorithms 

are scored, with + being very suitable, o being neutral, and - being not suitable for a certain aspect. 

  Aspect 

Method Algorithm  Time 
Complexity 

Scalability Noise / Outlier 
Sensitivity 

Required 
Parameters 

Available in 
Python 

H BIRCH + + + + + 

D DBSCAN o o + + + 

MB SOM - - + + + 

H = Hierarchical, D = Density-Based, MB = Model-Based 

Table 3.2: Scoring of algorithms on several aspects 
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Availability in Python code is also reviewed as this is the platform on which the cluster algorithms are 

developed. If an algorithm is part of a package install, it is deemed very suitable. If it requires manual 

instalment, it is deemed neutral. If it is not readily available, it is deemed not suitable. 

3.2 Cost Forecast Modeling 
The second subject of the literature review focuses on forecasting techniques related to cost 

estimations. After work order clusters have been identified, a cost forecast for each cluster can be 

made. This can originate from, for example, number of man hours and used material. Using this repair 

cost data, a more accurate cost prediction for each work order should be obtained. 

In statistical modeling, regression analysis is a statistical process for estimating the relationship 

between an outcome variable and predictor variables. In the case of this research, the predictor 

variables are the data features which are used to estimate work order costs (Weisberg, 2005).  

3.2.1 Random Forrest Regression 
Random forest is a supervised learning algorithm. A random forest consists out of a large number of 

trees (Grömping, 2009), similar to a real-life forest. Random forests are a combination of tree 

predictors in which each tree depends on random vector values, which are sampled independently 

and with the same distribution for all trees in the forest (Breiman, 2001). 

A random forest is random because of two characteristics. Firstly, each tree is based on a random 

subset of the observations. Secondly, each split within each tree is created based on a random subset 

of candidate variables. Because the trees are unstable, the randomness creates differences in 

individual trees’ predictions (Grömping, 2009). The overall result from the algorithm comes from the 

average of all predictions for the individual trees. This process is visualized in Figure 3.7. 

  
Figure 3.7: Random forest regression process (Verikas, 2016) 

The issue with decision trees, or any supervised learning algorithm, is that they are sensitive to the 

specific data on which they are trained. If the data used for training is changed, the resulting decision 

tree is to be shaped different. This results in cost predictions being different. 

Advantages of random forest is that it is an accurate learning algorithm. Is furthermore has an efficient 

algorithm, allowing the processing of big databases. It can handle high-dimensional data with many 

input variables. Out of all input variables, random forest gives an estimate what data features are 

important in the regression. At last, it has an effective method for estimating missing data, and 

maintains accuracy even when large Sections of data are missing. 
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Some disadvantages are that random forests can over fit for some datasets. Also, for some categorical 

variables with different amount of options, random forests are biased in favor of those attributes with 

more levels. Because of this, the variable importance scores are not reliable for this data. 

3.2.2 Validation of Regression Results 
There are various measures which can be used to validate the results from regression models. Not all 

of these are described in this review as this is outside the scope of this review. 

One validation metric for regression models is R-squared, shortly R2. This score measures how much 

of the variability is caused by the developed statistical model. Ultimately, it is a measure how well 

observed outcomes are replicated by the model. A score of 1 indicates a perfect fit of the model with 

the data (Miles, 2014). 

Another validity measure is the mean absolute error (MAE). This score measures the difference 

between two continuous variables. The MAE is used to measure the closeness of the prediction to the 

eventual outcomes. A low score represents are strong fit of the model (Kleissl, 2013). 

3.2.3 Conclusion on Forecasting 
As stated earlier, the choice of the three regression models was made in previous research. However, 

the research in this literature review confirms that regression models are useful models for cost 

forecasting. This is especially true for cost forecasting project conducted in a business environment. 

The insights in feature importance towards cost estimations is an essential characteristic in this, as it 

is important for companies to have this insight to justify decisions. 

Having a black-box approach, in which results cannot be explained clearly, are commonly useless in a 

business environment. The visibility in model decisions is of such high importance that models which 

may bring a better performance such as artificial neuron network, are not preferred over regression 

models. This is confirmed in various research. 

The availability of random forest regression, linear regression and random gradient boosting 

regression models in the programming language Python is a further advantage of selecting said 

models.  
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4. Business Understanding 
The first phase in the CRISP-DM methodology is gaining a business understanding. Here, the project 

objectives and requirements are presented from a business perspective. These are then translated into 

a data mining project definition. The process of this Chapter is presented in detail in Figure 4.1. 

 
Figure 4.1: Business understanding phase in CRISP-DM (Chapman et al., 1999) 

An extensive explanation about the business objectives driving the research has been presented in the 

introduction in Chapter 1. This is a substantial part of the initial business understanding. 

4.1 Business Objectives 
The project is held within the advanced analytics department, where various data mining projects have 

been completed in the past, leading to a high familiarity to the nature of such research projects. A 

department with much interest in research conclusions is the sales department. If a better 

understanding is gained behind the nature of work orders and specifically work scopes, a product 

manager can determine a more accurate pricing for such a work order. 

An important question leading towards the validation of the clustering models is whether the data 

contains enough information. An important business question is therefore to analyze whether the 

work order data is suitable for clustering. More specifically, it is interesting to determine what data to 

include, and what data not to include.  

Success criteria are based on cluster validation metrics, but also business logic. If validation scores are 

high, meaning a successful cluster model is found, then it is determined that the data fits well with 

cluster algorithms. Business logic must determine if validation indices measure actual desired 

outcomes related to work scope identification. 

Furthermore, findings are applied into a cost forecast model. If this model is able to create more 

accurate cost estimations for work orders, then the results of the clustering models are applied 

successfully for pricing purposes and in other business operations. 
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4.2 Situation Assessment 
The situation assessment focuses on company characteristics which have an influence on the data 

mining project. This includes analyzing applicable software platforms, including the data platform from 

which data is sourced, work order characteristics, and the selection of a component used for the 

narrow research scope. 

4.2.1 Data Source 
The historic component maintenance data applied in this research project is stored in Pentagon 

2000SQL. This is an Enterprise Resource Planning (ERP) software primarily used in the aerospace and 

defense industries. It is used worldwide by airlines, maintenance centers, component repair and 

overhaul shops, distributors, and parts traders. 

A work order represents the maintenance of a component. This maintenance action is completed at 

one of the Fokker Services locations, being either Hoofddorp (The Netherlands), LaGrange (United 

States) or Singapore. Work orders can be identified by their document number. Related information 

stored in other modules of Pentagon can be linked through part numbers (regarding part information), 

customer numbers (regarding customer information), and document numbers (regarding labor and 

material information). 

Maintenance can also be outsourced to other MRO providers. This is stored in purchase orders. This 

information will not be evaluated for clustering. Data is entered into Pentagon by many actors. Labor 

and parts used information is entered by technicians during and after completing maintenance.  

Pentagon has been used since its implementation into Fokker in 2005, and is since used as 

management system for order information at Fokker. The software introduced new features for work 

orders that were stored. This results in missing values for some variables before 2005. This is further 

described in Chapter 5. 

As concluded, Pentagon contains a lot of information. Much of this information is out of the scope for 

this research. Therefore, a selection is made available by the Advanced Analytics department of 

Fokker. This data is further described in Chapter 5. 

4.2.2 Data Accessibility 
The data stored in pentagon can be loaded through SQL queries. In an online machine environment 

used by Fokker, this data can subsequently be loaded into a panda data frame in Python coding 

language. Further data mining steps are performed in this online environment. All models are coded 

in Python 3.5 programming language, the standard used by Fokker. This ensures that the models can 

be accessed and used by the company after the research project is finished. 

4.2.3 Valid Service Cycle 
Work order data stored in Pentagon is updated in real time. This means that once a maintenance 

request comes in and is processed, a work order entry is registered. At this moment, information 

known at arrival is entered into the system. This includes, among other things, the part number, a 

description of the component and customer details. 

Once a component enters the shop floor and is worked upon, more information becomes available. 

This can be a description of what action is performed, or warranty details. At last, when the 

maintenance action is completed, information is entered about, for example, the total labor costs, 

material costs, and completion date. 
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A valid service cycle is a work order where the component condition upon arrival, the work performed, 

and the component condition upon completion are defined in the system. This means that 

maintenance work on the component is completed and the work order is closed. 

Work orders that do not have a valid service cycle will not be used in this research. This amounts to 

7.9% of total work orders not included. 

4.2.4 Narrow Scope Component 
Regarding the narrow scope, a focus is initially set on only one component. Using the work orders of 

only this part number, an initial understanding in data preparation and modeling results can be 

evaluated. Based on previous research, component 107484 is selected. 

This decision is based on the frequency of work orders and their average cost. Together with the 

Advanced Analytics department, it was agree to use this same component. This should results in 

consistency in research for the department, and will help in the cost forecasting phase as the 

component is already analyzed in detail by the department on this subject. 

 
Figure 4.2: Schematic overview of a high-stage regulator 

Component 107484 is a high stage regulator, visualized in Figure 4.2. A high stage regulator ensures a 

continuous and stable pressure of oil for other components to operate on. The component is designed 

to take in any fluctuating pressures, which it then stabilizes to a preset pressure. This enables a 

pressurized component or system to operate properly. Exceeding a predefined limit, the high stage 

regulator closes the inflow, decreasing the pressure to a lower level until pressure is restored to its 

predefined range. 

4.2.5 Work Scopes 
Each work order has its own requested and work performed label. This label, also called the work 

scope, summarizes the nature of the maintenance that is performed on the component by the 

technician. There are eleven different work scopes which are used by Fokker Services. These can be 

found in Table 4.1. 
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Category Activity 

DIS Disassembled 

INS Inspected / tested 

MAN Manufactured 

MOD Modified 

MOR Modified / repaired 

OMO Modified / overhauled 

OVH Overhauled 

RAI Return as-is 

REP Repaired 

RMO Repaired / modified 

SCR Scrap 

Table 4.1: Work Scopes 

When a component is inspected, it is tested for proper functioning. If it does, it is sent back into the 

part pool. If it does not, some other maintenance activity must be performed. When a component is 

scrapped, it either reached the end of its operational life or its economic life, meaning it would be 

cheaper to buy a new component than trying to restore it. When returned as-is, the components is 

found to be working correctly and returned to the customer without performing any further activity. 

When a component is disassembled, it is taken apart for spare parts. A manufactured component is 

created newly from scratch. 

When a component is modified, it is altered to some new specifications, while the base function of the 

component remains the same. This is different from an overhaul, where the component is taken apart 

and restored in the same specifications as it was in originally when manufactured. A mix of these two 

activities is found when a component is modified/overhauled. Here, a modification to a component is 

made while at the same time the component is overhauled, replacing parts not related to the 

modification. Likewise, the same relationship can be observed between a repair activity (REP) and a 

modified/repaired activity, where the latter has parts modified while also repaired. This can be either 

a fault in a design which requires modification before reparation but can also include work on 

unrelated parts. 

For an engineer, it is challenging to determine what kind of activity has been performed due to the 

overlapping natures between activities. This is where some ambiguity is introduced, leading to the 

incorrect documentation of work scopes into the company’s systems, which in turn makes the data 

less accurate for data science tasks such as cost forecasting. 

Each different activity scope brings its own cost statistics, most noticeably on material cost and labor 

cost. These cost figures per work scope can be found in Table 4.2 and Table 4.3 respectively. Note that 

this is focused on the narrow scope using component 107484. 
 

Material Cost 

Work Scope Frequency Minimum 
amount 

Maximal amount Mean amount Median Standard 
deviation 

DIS 6 0 0 0 0 0 

INS 25 0 0 0 0 0 

MOD 48 595.00 9222.61 3962.49 3834.005 1172.06 

MOR 3 3689.12 4612.38 4032.08 3794.76 505.31 

OMO 228 3281.26 10312.40 4861.93 4467.405 1505.80 

OVH 76 7.99 7884.43 2612.73 1898.96 1959.79 

RAI 7 0 46.80 6.68 0 17.68 

REP 61 0 4973.52 1314.38 789.56 1355.52 

RMO 1 2677.76 2677.76 2677.76 2677.76 NaN 

SCR 40 0 681.60 55.80 0 157.78 

Table 4.2: Material costs per work scope 
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Labor Cost 

Work Scope Frequency Minimum 
amount 

Maximal amount Mean amount Median Standard 
deviation 

DIS 6 199.88 614.25 412.88 384.81 163.87 

INS 25 202.16 606.48 416.17 391.05 110.80 

MOD 48 897.75 1869.41 1168.02 1131.48 236.55 

MOR 3 1082.29 1721.83 1311.86 1131.48 355.88 

OMO 228 949.43 1869.41 1197.76 1164.19 121.04 

OVH 76 501.84 1748.95 1078.20 1096.57 266.69 

RAI 7 392.58 1007.95 547.86 483.48 214.00 

REP 61 122.97 4678.02 947.93 885.51 591.69 

RMO 1 949.43 949.43 949.43 949.43 NaN 

SCR 40 126.35 1033.10 519.92 524.68 183.94 

Table 4.3: Labor costs per work scope 

4.3 Data Mining Goals 
The data mining goal is to segment work orders into several clusters. Segmentation, or clustering, aims 

at the separation of the data into interesting and meaningful subgroups or classes (Chapman et al., 

1999). All members of a subgroup share common characteristics. Here, certain subgroups are marked 

as relevant, and further analyzed to determine work scopes.  

The main question in this research is whether the available data allows for successful clustering. 

Evaluation models are selected to determine of cluster algorithms give clusters with significant 

differences between cluster groups. This evaluation is not only based on validity indices, but 

furthermore have some subjective assessment. This is related to the explainability of the model and 

its results. For the company, it is especially important to have traceable results. This explanation 

behind the characteristics of a cluster will use some subjective assessment criteria. 

4.4 Conclusion Business Understanding 
The business understanding familiarized the company to meet the data mining objectives of this 

project. The databases stored in Pentagon 2000SQL offer a lot of information about work orders, 

customers and component characteristics. These databases are accessed through SQL queries. An 

important business question is to analyze whether the work order data is suitable for clustering. 

Success criteria will mainly be based on the cluster validation indices. If these scores are good, meaning 

a successful cluster model is found, then it can be determined that the data fits well with cluster 

algorithms. A valid service cycle is a work order where the component condition upon arrival, the work 

performed, and the component condition upon completion are defined in the system.  

Work orders that do not have a valid service cycle will not be used in this research. This results to 7.9% 

of total work orders being excluded. Component 107484, which is a high stage regulator, is used during 

the narrow scope of this research. After the model is validated for this component, a larger range of 

components are clustered and evaluated. 
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5. Data Understanding 
The second phase in the CRISP-DM methodology starts with the initial data collection. Research then 

proceeds to gain a better familiarity of the available datasets and its contents. Here, a first insight in 

the data is gained. Throughout this process, there is a close relationship with that has been defined in 

the business understanding phase. The process of this Chapter is presented in detail in Figure 5.1. 

 
Figure 5.1: Data understanding phase in CRISP-DM (Chapman et al., 1999) 

Data is further explored to select initial data categories with relating data features which are related 

to a work order’s work scope. At last, some data verification steps are performed on the selected data. 

5.1 Data Collection 
The Advanced Analytics department provided a dataset containing information about work orders. 

Related to this, datasets with labor activity details and part material cost details are also provided. 

These datasets provide additional information about the activities and resources used for a work order. 

Furthermore, customer information applying to a work order is also included in a dataset. This provides 

information about the customer of a work order. At last, a dataset with information about the master 

part numbers is also included. This contains information about the component which is maintained in 

a work order. 

All the datasets mentioned above is stored in Pentagon 2000SQL, the ERP of Fokker Services, which is 

described in the previous Section 4.2.1. 

Each dataset is linked to each other through various identifiers. Each work order has a document 

number, identified as HDR_DOC_NO. This document number can also be found in each entry of the 

work order labor and work order parts datasets, as WO_DOC_NO and DOC_NO, respectively. A work 

order is related to a customer through the account number and sub customer number, being ACCTNO 

and SUBC respectively. Master part data is related to a component in a work order through the part 

number and sub part number, PARTNUMBER and SUBP respectively. A schematic overview can be 

found in Figure 5.2. 

 
Figure 5.2: Relationships between datasets 



22 
 

5.2 Data Description 
In this Section, the acquired data is described. This includes the format of data features, the quantity 

of data available, and some basic statistics. Appendix C includes a comprehensive list of all data 

features in the various datasets. 

5.2.1 Work Order Dataset 
The work order dataset contains 263,008 work orders, of which 20,818 work order (7.9%) do not have 

a valid service cycle. This leaves 242,190 work orders with a valid service cycle which are used in this 

research. 

The dataset contains 73 data attributes, so-called data features. Some of these features act as the keys 

between datasets, such as the HDR_DOC_NO or HDR_ACCTNO, with which associations between 

entries in different datasets are made. Other features describe information about the progress of a 

work order. These are, for example, the date of shipment, date of arrival, and date of completion. 

Furthermore, information about the condition of a component, the labor, material and other costs, 

and applied currency are defined. 

5.2.2 Work Order Labor Dataset 
There are 750,476 labor activities which are related to the dataset of work orders with a valid service 

cycle. Of these 242,190 work orders, 240,913 (> 99%) work orders have one or more labor activities. 

1,277 (< 1%) work orders do not have a labor activity, and thus no associated labor costs. On average, 

there are 3.12 labor activities per work order. The most common number of labor activities per work 

order is 2. Other statistics describing the number of labor activities can be found in Table 5.1. 

Dataset Mean Min Max Standard dev Median Mode 

Work Order Labor Dataset 3.12 0 30 1.85 3 2 

Work order Material Dataset 7.76 0 215 11.46 4 1 

Customer Dataset 264.35 1 25,995 1336.73 7 1 

Master Part Number Dataset 30.6 1 3,726 127.55 3 1 

Table 5.1: Basic statistics between work order dataset and other datasets 

5.2.3 Work Order Material Dataset 
There are 1,279,952 material resource entries which are related to the dataset of work orders with a 

valid service cycle. Of these 242,190 work orders, 164,926 (68.1%) work orders have one or more 

material entries. 77,264 (31.9%) work orders did not require materials, and thus have no material 

costs. For example, when a component is required to be scrapped, no materials, for example a bolt or 

some sheet metal, are used. On average, there are 7.76 material entries per work order. The most 

common amount of resource entries for a work order is 0, followed by 1 entry per work order. Some 

other basic statistics describing the number of material entries can be found in Table 5.1. 

5.2.4 Customer Dataset 
There is information about 3,404 unique customers in the database. Of this, 831 customers have once 

put in a work order. The highest number of maintenance activities a customer has ordered is 25,995. 

Some other basic statistics describing the number of material entries can be found in Table 5.1. 

5.2.5 Master Part Number Dataset 
There is information about 923,571 unique part numbers in the database. Of this, 7,913 part numbers 

are referenced to a work order. The most common part number is 622-7925-303, which is a servo 

motor, is maintained in 3,726 work order cases. Some other basic statistics describing the number of 

material entries can be found in Table 5.1.  
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Figure 5.3 visualizes the number of work orders of the 500 most frequent components. The 500th 

component has 104 work order entries. This information is useful to analyze how much data is 

available for clustering on a part number level. Too little data can cause incorrect or meaningless 

cluster results. An insufficient amount of data can be resolved by clustering on a master part number 

level instead of on part number level.  

 
Figure 5.3: Amount of work orders per components (top 500) 

5.3 Data Exploration 
In this Section, the data is further evaluated by zooming in on the data features within the various 

datasets. This evaluation focuses on determining which data features are appropriate to feed into the 

clustering algorithm. 

From this Section onwards, the data understanding Chapter will focus on the narrow scope, using 

the work order data of component 107484. 

Cluster algorithms can use any data feature to group together work orders. In this process, an 

algorithm can also use data which does not contribute towards identifying work orders with a similar 

work scope. If a data feature does not contain any information towards the maintenance activities 

performed in a work order, then it negatively impacts the cluster results. Therefore, each data feature 

must be analyzed to determine if it contains information leading to finding the work scope. 

The data is transformed into a correlation matrix to identify which data features are and are not 

relevant to identifying the work scope. The results from the correlation matrix is analyzed for each 

feature. In addition, each analysis contains an evaluation from a business perspective. This helps to 

explain why a feature is or is not correlated, or cannot be used even with high correlation. 

The correlation matrix can be found in Figure 5.4. 
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Figure 5.4: Correlation Matrix 

In this matrix, the work scope is identified by the data feature QFINISH_WORK_PERFORMED 

highlighted within the Figure. A correlation score approaching 1 means that there is a high correlation 

between data features. A correlation score approaching zero identifies features with low mutual 

correlation. Dark colored boxes likewise identify low correlations, while higher scores move from 

purple to yellow as correlation increases. Each of the other data features is identified in each applicable 

Section below. 

The correlation matrix in Figure 5.4 is constructed using only work order data for component 107484. 

Other components will have varying correlation scores, but research showed that the same set of data 

features continuously showed the highest correlation scores. 
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5.3.1 Order Identification Data 
Identification data in the context of identifying usable data features are the features used to identify 

a work order entry. It contains information about the work order document number and provides a 

description of the part number and the quantity of components. While this data is critical to identify a 

work order entry, it does not contain any information about what is performed during a work order. It 

is not included in the correlation matrix as they are simply randomized ID numbers. 

5.3.2 Customer Data 
Customer data is used to identify a part owner and, in most cases, the company giving the instruction 

to perform maintenance actions. Similar to the order identification data, it is important for the 

company to register this information. But regarding the maintenance activities, it does not bring added 

value, and should thus not be included in the clustering algorithm. Like before, this data is not included 

in the correlation matrix as they are simply randomized ID numbers. 

If customer data were to be added, the data would yield many random terms in the distance 

calculation, and therefore hide useful information from other data features. The cluster algorithm 

would combine work orders on customers instead of work scopes. 

5.3.3 Utilization Data 
Utilization data is data registered by Fokker about how much a component has been used. The 

utilization is measured in flight cycle numbers and flight hours. A flight cycle is the operation of an 

aircraft from the moment it leaves the ground until it touches the ground at the end of a flight. This is 

particularly useful for, for example, landing gear utilization. Flight hour is the number of hours an 

aircraft has been flying in the air. Two kind of utilizations are considered: since new and since 

installation. As components can rotate between aircraft, there can be a difference between the 

utilization since new and the utilization since installation. 

Utilization data is useful for determining the activity that has to be performed when a work order is 

requested. If a component has had a high utilization rate, it is more likely to require more extensive 

repairs or be completely overhauled. 

As can be observed from the correlation matrix, there is a relatively high correlation between the 

utilization data and the work scope. This is identified by identifying the WHTC_TSN, WHTC_CSN, 

WHTC_TSI and WHTC_CSI features with the QFINISH_WORK_PERFORMED feature. 

Other utilization features, WHTC_POST_TSO and WHTC_POST_CSO, are not correlated to the work 

performed. This is data measuring utilization before and after the overhaul of a component. 

5.3.4 In-House Data 
In this context, in-house data contains information about the characteristics a work order has in the 

company. It contains information whether a work order is created in-house, or created because a 

customer requested this. The part owner can be either Fokker or a customer. This is possible as Fokker 

owns aircraft components as part of the company’s parts pool, with which customers can exchange 

components. This enables customers to operate their aircraft without having to ground the plane while 

a component is repaired. 

A work order can also be outsourced within Fokker. For example, a component can be received in the 

United States, and then send to The Netherlands for specialized repairs. 

Using the in-house data feature in the dataset will influence the clustering results as work orders are 

grouped based on whether they are interchanged within the company, for example. This will take away 

the result from being useful for work scope determination. 
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Extensive analysis could find that a certain set of expensive work orders, grouped together by the 

algorithm, are always interchanged. This information can then be used for future decision making. But 

including the information into the dataset used for clustering only harvests weaker results. 

As can be observed in the correlation matrix, correlation between INTERCOMPANY or 

HDR_INHOUSE_WO_PO and QFINISH_WORK_PERFORMED is low at 0.20 each. 

5.3.5 Contract Characteristics Data 
Each customer has their own contract characteristics which are determined before signing the 

contract. One of these aspects is whether a customer pays by the hour, or pays a fixed rate irrelevant 

to the actual utilization of a component. This is captured in the CUSTOMER_CONTRACT feature. As can 

be observed, correlation is low at 0.08. This makes sense from a business point of view, as the nature 

of a contract does not predict the required maintenance activity. 

Warranty requests are likewise not correlated to the required maintenance activity, as the correlation 

between WARRANTY_REQUEST and WARRANTY_PERC_PM at 0.06 and 0.03 respectively. While less 

obvious, it also makes sense that warranty requests do not closely related to the nature of a 

maintenance activity. An interesting note is however that it is correlated to the utilization features, 

which is explained in the fact that components failing early are more often still within the warranty 

period if there is such a clause.  

5.3.6 Work Performed Data 
The work performed data defines two aspects. The expedite condition and finish condition defines if a 

component is serviceable or unserviceable. A component can be serviceable or unserviceable when it 

comes in for maintenance. After maintenance, a component can again be either of both. For example, 

if a component is scraped, it can obviously not be put into service anymore. Correlation between 

QFINISH_COND and QFINISH_WORK_PERFORMED is high at 0.56. This makes sense as described 

above, the work scope is closely related to whether a component can be used or not. 

From a business point of view, however, it becomes clear that this data feature is in fact not suitable 

for inclusion into the cluster model. The reason behind this is that the condition after maintenance is 

influenced by a lot of factors. For example, if a test fails and it destroys the component, it is left in an 

unserviceable condition. As a result, inspection/test activities are grouped into a different cluster. This 

can likewise happen for other work scope categories. In addition, the data feature is a boolean which 

can be either 0 or 1 (unserviceable or serviceable), which makes differences more significant compared 

to continuous values. Applying this data into the algorithm resulted in less accurate work order 

groupings from the business goal perspective of clustering work scopes. 

The other aspect is work requested and work performed, which in fact is the work scope this research 

focuses on. An interesting note is that the requested work by a customer, the 

DEFAULTS_WORK_REQUESTED feature, is not strongly correlated to work scope (actual work 

performed), at only a score of 0.15. This indicates that what is requested by a customer is often not 

representative of what maintenance activity has to be performed. 

5.3.7 Duration 
The duration of a work order could be calculated by counting the days between the moment a work 

order is requested and the moment of completion. While duration can explain what kind of activity 

has been performed, applying this method will not yield desired results. Some work orders can get 

priority over others, which influences the duration. Likewise, resource availability or maintenance 

demand also delays or speed up duration times. 
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A different and more effective way to measure work order duration is by taking into account the 

number of labor hours spend on a job. As a work order can have multiple labor entries (3.12 on average 

as determined before), all entries have to be summed up to reach one data feature containing labor 

hours. As this described data feature does not exist in the original work_order dataset, it is created 

manually using the work_order_labor dataset. This process is described Section 6.2.3. 

There is a correlation score of 0.52 between ACT_TIME_DURATION and QFINISH_WORK_PERFORMED. 

5.3.8 Cost Data 
Previously it is determined that the time span of a work order is not a precise measure to apply to a 

cluster algorithm. A more accurate measure is the number of labor hours spend on a work order. The 

amount of labor hours is closely related to labor costs. An hourly rate is applied for each labor hour, 

coming to a final labor cost Figure. This hourly rate is based on the business division in which a work 

order is worked on. 

Material costs can also be a good indicator of what has happened during a work order. For example, if 

no material costs are applied, it may indicate a component is scrapped or only needed some simple 

repairs such as tightening some bolts, for example. If material costs have a high value, it may indicate 

a more expensive maintenance action, such as an overhaul. 

Cost data features appear to be very useful for clustering from a business point of view. This is 

confirmed when observing the correlation matrix. A correlation score between 

QFINISH_WORK_PERFORMED and LABOR_COST of 0.78 is observed, while PM_COST has a correlation 

score of 0.87. These are the highest correlation scores with the work scope, which makes the two data 

features very promising to apply in a cluster algorithm. 

   
Figure 5.5: Distribution for cost features (for work orders with euro as currency) 

   
Figure 5.6: Distribution for cost features (for work orders with US dollar as currency) 

Within the 242,190 work order entries, only 167 have any assigned OTHER_COST, which is less than 

0.07% of all work orders. With so little other costs registered, the data feature is ignored as it has too 

many zero values for it to be useful in a cluster algorithm for most components. 
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5.4 Verifying Data Quality 
Two aspects must be analyzed when looking at data quality. Missing data occurrences must be 

adjusted. Furthermore, there must be a spread in work scopes in order to be able to separate work 

orders and assign a class scope to each cluster group. 

5.4.1 Missing Data 
As for any kind of machine learning technique, cluster algorithms are sensitive to missing data. For the 

complete work order dataset with a valid service cycle, there are fourteen data features which have 

missing data entries. 

All eight utilization data features have some data missing. This can be explained for various reasons. 

Some customers are able or willing to provide more information than others. Also, if a contract price 

is based on price per flight hour, this data has to be shared. 

Days since previous shipment is another data feature which has a significant amount of missing data 

entries. This can be explained as with some components, it has not been in maintenance at Fokker in 

its lifetime. 

At last, there are also some dates missing from some work orders. These include estimates on when a 

work order is completed, or the invoice date.  

In this Section, all data in the various data sets is analyzed. Not all data features are used however, as 

explained previously. Further explanation on missing data, and how to handle these, are explained in 

the data preparation Chapter. 

A comprehensive statistical overview about missing data entries for the different datasets can be 

found in Table 5.2. 

Dataset Rows Columns Missing Data Entries 

Work_Order 240,418 73 7.26 % 

Work_Order_Labor 752,588 11 1.86 % 

Work_Order_Material 1,361,420 25 30.50 % 

Master_Part_Number 242,163 41 0.20 % 

Table 5.2: Missing data in complete data sets 

Regarding the narrow scope, focusing on component 107484, missing data information is shown in 

Table 5.3. 

Dataset Rows Columns Missing Data Entries 

Work_Order 487    73 8.55 % 

Work_Order_Labor 3,143 11 0      % 

Work_Order_Material 10,356 25 17.43 % 

Master_Part_Number 1 41 0      % 

Table 5.3: Missing data in narrow scope data sets 

5.4.2 Work Scope Distribution 
In order to be able to train cluster algorithms to create clusters with different underlying work scopes, 

there has to be a strong enough mix between the various work scopes in the work order population. 

If there are only a few overhaul/modifications in a population with many regular overhauls, it is harder 

for a cluster algorithm to identify this group and find correct work scope groups. 

Figure 5.7 shows the work scope distribution within the narrow scope focus. Here it is observed that 

component 107484 has a mix with all eleven work scopes. Of these, OMO, OVH, REP, MOD and SCR 

are the majority classes making up roughly 93% of the total population. This provides a sufficiently 

distinctive population which can be used by a machine learning algorithm.  
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Figure 5.7: Work scope distribution for component 107484 

Unbalanced data, where there is no balance between work scopes, introduces issues in classification. 

Where there is one majority class, other work scope classes will have a lesser impact to the cluster 

results, or majority classes are split up, creating too many groups of one activity. 

5.5 Conclusion Data Understanding 
The data understanding Chapter analyzed some basic information of each of the datasets. An 

important observation which can be taken from this is that each work order has a different number of 

registered material parts resources and labor entries. This information is not included in the work order 

maintenance data dataset. 

Further analysis determined which data features should be included into the final dataset used for 

work order clustering. The data categories most related to the work order scope are duration data, in 

particular ACT_TIME_DURATION cost data and utilization data. 

Furthermore, the work order population is analyzed to determine if there is a spread in work scopes. 

This is essential in order to be able to separate work orders and assign a class scope to each created 

cluster group. 

The determination of what kind of data aspects are valuable for work order clustering is the first step 

in selecting data features. This selection is made in the next Chapter. 
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6. Data Preparation 
The next phase in the CRISP-DM methodology is data preparation. Here, all steps to construct the final 

dataset are be described. Tasks include data feature selection and the construction of custom data 

features, data cleaning, data normalization, and the creation of datasets appropriate for cluster 

algorithm requirements. This process step in CRISP-DM is presented in Figure 6.1. 

 
Figure 6.1: Data preparation phase in CRISP-DM (Chapman et al., 1999) 

The model selection is described in the next Chapter. However, each clustering algorithm has its own 

data requirements. The creation of these final datasets is described in this Chapter. 

6.1 Data Selection 
Section 5.3 made a start about analyzing which data feature should or should not be included in the 

dataset fed into the cluster algorithms. This task is performed by analyzing the correlation matrix 

together with using a business perspective to rationale some of the outcomes. In this Section, the data 

features which are selected are highlighted. 

6.1.1 Material Resource Data 
Material resource data are the data features which are related to the materials applied into a work 

order. One of these data features is the material cost, called PM_COST. This data feature is a 

continuous variable which indicates the sum of how much all of the materials which have been used 

during a work order cost. Together with labor costs, and sometimes some other costs, it makes up the 

cost of a work order. 
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But material costs are not the only interesting feature which contains information about material 

resources. The work_order_parts dataset contains information about each individual piece of material 

applied for a work order. This ranges from small, cheap screws to valve levers and more expensive 

aluminum housings. An overhaul will generally have more expensive materials applied compared to a 

repair, for example. So, next to the material costs, the amount of materials used can also be an 

interesting feature. 

Correlation scores between the number of low, medium and high value parts, and the work scope are 

0.42, 0.25 and 0.36 respectively.  

The three data features are constructed using the work_order_parts dataset. For each work order 

number, a material entry is selected and its price analyzed and compared to the average material price 

for the component, in this case the high stage regulator. If the material has a cost of two euros or less, 

it is counted as a cheap material. If the price exceeds the average cost plus two times the standard 

deviation of all the materials, it is regarded an expensive material. Materials between these two 

thresholds are regarded as medium value. 

In the pair plot of Figure 6.2, relationships between each feature is visualized. If a linear relationship 

exists it can be identified by observing a near-straight line from one side to the other. 

 
Figure 6.2: Pair plot showing relationships between material resource data features 

As can be observed, no linear relation is identified in the pair plot. The addition of material counts and 

total material costs each brings distinctive information about activities. Therefore, all data features are 

applied in the cluster dataset. 
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6.1.2 Labor Resource Data 
Labor resource data are the data features which are related to the labor applied into a work order. 

This can be split into three features, which are monetary costs, labor hour requirements, and the 

number of labor jobs. 

The labor hour feature, called ACT_TIME_DURATION, contains the amount of time spend on a job 

entry. It is not included in the Work_Order dataset, but instead is a data feature in the 

Work_Order_Labor dataset, which contains information on all labor jobs. To create the data feature, 

all ACT_TIME_DURATION features for a specific work order are summed up. 

The labor cost feature, called LABOR_COST, is calculated using two features, both from the 

Work_Order_Labor dataset. One, it uses the ACT_TIME_DURATION feature as amount of hours spend 

on a work order. Secondly, it takes the cost per hour from the specific job entry. When used together, 

it creates a cost Figure for a labor job entry. Because a work order can have multiple labor job entries, 

the total sum of all job cost create the final labor cost data feature for the work order. The cost per 

hour can differ between jobs, depending on the cost code of the division at which the component is 

maintained for the specific job entry. The hydraulics department can have a different hourly rate per 

hour than, for example, the avionics department. 

The number of labor jobs is another source of information about a work order activity but is not 

included in any dataset. In order to create this data feature, the labor job entries for a work order are 

summed up. This creates the date feature n_steps. This information can be used to distinguish complex 

work order activities from more simplistic activities which require less steps. 

The data features n_steps and ACT_TIME_DURATION have a correlation score of 0.53 and 0.55 with 

QFINISH_WORK_PERFORMED respectively, which is high compared to other existing data features in 

the original dataset. Furthermore, there is a high correlation between ACT_TIME_DURATION and 

LABOR_COST. Refering to the pair plot, a linear relationship between LABOR_COST and 

ACT_TIME_DURATION is identified. An advantage of using ACT_TIME_DURATION over LABOR_COST is 

that it can be used between the different geographical companies in The Netherlands, the US and 

Singapore without any currency conversion. Therefore, ACT_TIME_DURATION is used in the final 

cluster dataset. 

6.1.3 Utilization Data 
The third category of data features is data containing information about component utilization. This 

includes information on flight hours and flight cycles, both in the component’s lifetime and since its 

installment into the aircraft. As was found in Section 5.3.3, these four data features have the biggest 

relation with the work scope, where other utilization features do not. 

Flight hours and flight cycles are, however, related to each other. Flight cycles are, simply put, the 

number of take-offs and landings an aircraft made, where flight hours is the time it took between take-

off and landing. Differences in the ratio between hours and cycles are caused by the length of a flight. 

A component fitted on a Boeing 747-400 performing continental flights will have a high number of 

flight hours compared to a low number of cycles. Likewise, a component fitted on an Airbus A320 

performing domestic flights will have a lower number of flight hours compared to flight cycles. As can 

be seen, 99% of all components coming in for maintenance are Boeing 737 aircraft. While slight 

differences are present between operators using their aircraft in different kind of routes, all aircraft 

types present are typically used for domestic or continental flights. 
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Figure 6.3: Aircraft type distribution for component 107484 

The correlation scores between flight hours and flight cycles since new is 0.75 which is high. This is 

confirmed in the pair plot which indicates a near-linear relationship. 

Therefore, the two utilization features, both since new and since installed, are transformed into one 

data feature. WHTC_TSN and WHTC_CSN are transformed into a new data feature called 

period_since_new. WHTC_TSI and WHTC_CSI are transformed into a new data feature called 

period_since_installed. The features are created by adding together the two original data features and 

dividing the number by two. This gives the average between the two values. Where there are missing 

values, only one score is used and not divided. The two new data features have a correlation score 

with the work scope label of 0.53 and 0.44 respectively.  

More information on how missing values are handled are further explained in Section 6.2. Values are 

normalized before added together, which is explained in Section 6.3. 

6.2 Data Cleaning 
As explained previously, cluster algorithms are sensitive to missing data. Within the data features 

which are selected for use in the cluster dataset, only the utilization data has missing data which has 

to be dealt with. Also, as the component 107484 has maintenance in both The Netherlands and the 

US, some currency conversion has to be performed to balance differences between euro and US dollar 

values. 

All data features are made up from continuous numerical data. This data type is suitable to feed into 

clustering algorithms. No steps must be taken to convert categorical, boolean or date time data into a 

continuous numerical data type. 

6.2.1 Missing Utilization Data 
As has been observed previously, some data entries are missing in the utilization data. Merging the 

four data features together in two features, the amount of missing data is slightly reduced. However, 

there is still a proportional amount of missing data in the dataset, as can be observed from Table 6.1. 

Data feature Missing data  

WHTC_TSN 44%  

WHTC_CSN 48%  Data feature Missing data 

WHTC_TSI 49%  Period_since_new 35% 

WHTC_CSI 41%  Period_since_installed 32% 

Table 6.1: Missing data in utilization data features (left) and missing data in adapted utilization data features (right) 

There are multiple methods to deal with missing data. Complete case analysis, imputation and nearest 

neighbor assignment are all inappropriate as there are no data features in the dataset which are 

correlated to the utilization data. As can be seen in the correlation matrix in Section 5.3, no feature 

other than labor and material cost has a high correlation score with any of the utilization features. 
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Furthermore, research found that imputing continuous values using other continuous values as 

opposed to categorical data can result in incorrect or biased results. This limits the option to apply 

imputation or nearest neighbor assignment to the case. 

In this case, replacing missing values is dealt with by taking the average utilization rate. This means 

that regarding the period_since_new feature, its average is used to fill in a blank value. The same is 

done for the period_since_installed feature. This method is not ideal, but it will minimize its influence 

on distance measures created by a cluster algorithm, as its distance is based on an average value as 

opposed to some more extremity value. 

After replacing missing values by the average utilization value, a correlation score of 0.54 is achieved 

between both period_since_new and period_since_installed related to QFINISH_WORK_PERFORMED, 

compared to 0.53 and 0.44 respectively before dealing with missing values. 

6.2.2 Currencies 
An important factor in the data features related to some cost function is that different currencies are 

applied to certain work orders. The three currencies which are used throughout the company are euros 

(EUR), US dollars (USD) and Singaporese dollars (SGD). The application of a certain currency is based 

on where the component is serviced. If a component is serviced in The Netherlands, euros are applied 

as currency. If a work order is serviced at Fokker’s US branch, US dollars are applied. Singaporese 

dollars are applied if a component is serviced at the Singapore branch. 

Figure 6.4 shows the conversion rates of EUR to USD over the past 20 years, the same timespan as the 

historic work order data in the datasets. This indicates a challenge with comparing work orders of a 

component between regions. 

 
Figure 6.4: EUR to USD conversion rate over past 20 years 

For example, two work orders with the same material cost are completed two months after each other. 

One is billed at €628 on July 2008, while the other work order is billed at €703 on September 2008. If 

a work order’s price is not converted based on the moment it left the shop, two identical work orders 

may get separated into different clusters based on their cost, while both should be valued at $ 1,000. 

By re-valuating the costs of a work order based on the month they were finished in, the effects of 

developing currency rates are minimized. 

Regarding the narrow scope, 91% of the work orders have euro as applicable currency, with 9% of work 

orders having USD as applicable currency. This corresponds to the location where a work order has 

been processed, with 91% of work orders processed in The Netherlands and 9% of work orders 

processed in the US. This comes down to 407 and 40 work orders respectively. 
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The data features which are affected by this currency conversion are PM_COST, n_parts_lowvalue, 

n_parts_medvalue and n_parts_highvalue. The work orders valued in USD are converted to EUR. As 

EUR is the biggest population, this will mean that most work order data will not be affected. 

6.3 Data Construction 
All data features are constructed at this point in the research. To maintain a clear overview of which 

data features are included in the final dataset, and the reasons behind this, the construction of features 

not originally in the dataset is explained in the previous Sections. Data features which are manually 

constructed are ACT_TIME_DURATION, n_parts_lowvalue, n_parts_medvalue, n_parts_highvalue, 

n_steps, period_since_installed and period_since_new. 

6.3.1 Data Normalization 
After all data features are selected, there is a final step in preparing the dataset suitable for clustering. 

As cluster algorithms create cluster groups based on distances between nodes, whether this depends 

on distance between a node and a cluster center or densities between nodes. While all data features 

share the same data type, being continuous numerical data, they all have different value ranges. This 

can be observed in Table 6.2. 

Data feature Value range 

ACT_TIME_DURATION [   1.15   ;            19        ] 

n_parts_lowvalue [   0        ;             34        ] 

n_parts_medvalue [   0        ;             14        ] 

n_parts_highvalue [   0        ;               3        ] 

n_steps [   1        ;             12        ] 

period_since_installed [   0        ;   419,500        ] 

period_since_new [   0        ;     72,529        ] 

PM_COST [   0        ;       9,707.73   ] 

Table 6.2: Value ranges of data features 

If left unchanged, this will cause a challenge with clustering the data. Because some value ranges are 

larger, some even by a factor of over 100.000, a cluster algorithm will try to minimize distances on the 

data feature with the biggest value range, as this is the feature which most impacts the total sum of 

distances. A data feature with range size of 4 will be mostly left unnoticed by the algorithm compared 

to features with a range size of 10,000. To illustrate this issue, Figure 6.5 illustrates this effect.  

 
Figure 6.5: A sample cluster results with (left) and without (right) data normalization 

In order to make sure that all data features are equally important for a cluster algorithm, the data will 

have to be normalized. There are multiple ways to normalize. In this research, the min-max 

normalization method is used. With this method, values are scaled on a range between 0 and 1. The 

mathematical formula for this method is: 

 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 =
selected value − minimum value

maximum value − minimum value
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6.4 Data Integration 
In order to cluster together work orders, the data features within the final DataFrame are aggregated 

on the level of documented work order number. This has already been completed when constructing 

the data features. Thus, the number of rows in the DataFrame fed into a cluster algorithm is equal to 

the amount of work orders for a component. If a different component is selected for clustering, a new 

DataFrame has to be created containing only work order data regarding that specific component. No 

work orders of different components shall be inserted in the same DataFrame for clustering purposes. 

6.5 Data Formatting 
Cluster algorithms are taken from two Python machine learning packages, namely the Scikit-learn 

pyclustering library and from the Pyclustering library. All data which is fed into the algorithm has to be 

numerical, which corresponds with the data features constructed and selected. 

Algorithms from the Scikit-learn library requires data features to be in a list. Within this list, each work 

order entry is inserted as another list, creating a number of lists equal to the amount of work orders. 

For algorithms within Pyclustering library, data has to be loaded into a numPy array. 

To create these two data sources, first a DataFrame is created which includes all the normalized data 

features. The first feature is the documented work order number. This enables users to identify a work 

order before and after it is clustered. The original DataFrame, with 447 work order entries included, 

will thus have a size of 447 rows and 9 columns, 1 for work order identification and 8 data features. 

After formatting the DataFrame, it is transformed into a list and a numPy array. After a work order is 

clustered, cluster labels are added to the original DataFrame, together with other data features 

required for further processing, such as cluster fitness scores and company identification. The list and 

numPy array data containment will only be used during the clustering process. 

6.6 Conclusion Data Preparation 
The data aspects which are determined to be valuable to the clustering of work orders based on work 

scopes was used to further analyze which exact data features have to be used in the final dataset used 

in the clustering models.  

The data features selected from the historic maintenance data are ACT_TIME_DURATION and 

PM_COST. Furthermore, six data features are created manually. N_parts_lowvalue, n_parts_medvalue 

and n_parts_highvalue include information on what kind of material resources are applied. N_steps 

registers how many labor steps have been taken during the maintenance process. 

Period_since_installed and period_since_new include information on utilization rates of a component. 

The data features must be normalized as value ranges differed between features. If this step is skipped, 

some features will not affect cluster results as distances are too small compared to other features. 

Min-max normalization was used to scale each value in a range between 0 and 1. 

Data entries ware only missing at the two utilization features. These gaps have been filled by combining 

flight hours and flight cycles after normalization. Any further missing values are replaced by the 

average value of a feature. 

Data features with monetary cost data registered in US dollars have been recalculated to match prices 

of work orders in euro. As exchange rates differ over a period of time, this is an essential step to avoid 

having similar work orders with different costs purely based on currency fluctuations. 
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7. Model Development 
In the model development phase, three clustering models are selected, developed, applied, and initial 

results assessed. This process step in the CRIDSP-DM methodology is visualized in Figure 7.1. 

 
Figure 7.1: Model development phase in CRISP-DM (Chapman et al., 1999) 

Based on the selection of the clustering algorithms, data must be prepared to specific requirements in 

order to be fed into the models. This data preparation process is described in the previous Chapter. 

7.1 Model Selection 
From the literature review, a long list of cluster algorithms have been reviewed on functionality, prior 

application, strengths and weaknesses, and availability in Python programming language. Of all cluster 

methods reviewed, three algorithms are selected for implementation. These are Birch, DBSCAN and 

Self-Organizing Map. Their model aspects are presented in Table 7.1. 

  Aspect 

Method Algorithm  Time 
Complexity 

Scalability Noise / Outlier 
Sensitivity 

Required 
Parameters 

Available in 
Python 

H BIRCH + + + + + 

D DBSCAN o o + + + 

M SOM - - + + + 

H = Hierarchical, D = Density-Based, M = Model-Based 

Table 7.1: Scoring of selected cluster algorithms on several aspects 

Balanced Iterative Reducing and Clustering using Hierarchies (BIRCH) is a hierarchical clustering 

method. The algorithm operates in four steps. The algorithm scans the entire dataset to construct a 

tree-like representation of all objects in the dataset. The centroids of the clusters are used to 

redistribute data points to its closest seeds to obtain the final set of clusters (Oyelade et al., 2016). 
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Density-Based Spatial Clustering Application with Noise (DBSCAN) locates regions with a high density 

of data objects (nodes) that are separated from other regions with a lower node density. Density of an 

area is calculated for a particular nude by counting the number of points within a specified radius. As 

DBSCAN uses a density-based identification of clusters, it is relatively resistant to noise and can handle 

clusters of arbitrary shapes and sizes (Tan et al., 2006). 

Self-Organizing Map (SOM) is a cluster method based on neural networks. It is typically used for 

datasets where objects are highly connected, meaning a single gene has a high correlation with two 

different clusters. The algorithm commences by assigning weight vector values to each neuron. Then, 

the training process represents a node randomly in the network. The distances between the selected 

nodes and the weighted neurons are calculated. The weights of the nearest neurons are then adjusted 

and gets closer to the actual node. The process is repeated until all data points are assigned to an 

output neuron (Budayan, Dikmen & Birgonul, 2009). 

By selecting three cluster algorithms that use different methods of clustering, there is a bigger chance 

of finding a method that works for the dataset at hand. It is likewise interesting to be able to compare 

cluster methods between one another and identify strengths and weaknesses when applied to data 

science projects within an (aviation-oriented) business environment. 

Clustering is an unsupervised machine learning process. While the work order scope could be seen as 

a pre-existing label, there is an essential difference in that these labels are not to be predicted by a 

cluster algorithm. Rather, the algorithm groups together work orders which have similar 

characteristics. Then, the work scope of a group is determined by using the spread in population of 

work order scopes within the group. 

7.2 Model Design 
Each cluster algorithm has certain parameters which have to be set before the algorithms can be run. 

The determination of parameter value are explained in this Section. 

7.2.1 Number of Clusters 
Several parameters have to be determined before they can be entered into the model set-up. One of 

these parameters is the number of clusters. The DBSCAN algorithm does not require this amount to 

be predetermined before model initialization, as it will find an appropriate number of clusters during 

processing. Birch and SOM do however require a predetermined number of clusters. 

There are several ways of determinate a proper amount of clusters. The number of clusters can 

theoretically be calculated using internal or external validation indices (Tan et al., 2006). Internal 

evaluation indices use the data that was used during clustering to assess a clustering result. External 

validity indices calculate scores not by referring to the data used for clustering, but by pre-assigned 

labels, which is the work performed label. 

The appropriate number of clusters could be determined by calculating the validity score for a range 

of cluster numbers. Using the Birch cluster algorithm, some internal and external validation scores are 

plotted with regard to the amount of clusters. Scores are plotted in Figure 7.2. 
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Figure 7.2: Validation scores relative to amount of clusters 

Validation scores are transformed into graphs to identify the cluster number at which the graph bends. 

Selecting the cluster number at this bending point, called the "knee" value, will ensure that a number 

of clusters is selected which do not over fit the data. 

As observed, no true one knee value can be identified as every validity index “bends” at a different 

cluster number. The three internal validation indices all have relatively common scores between all 

numbers of clusters, not showing a preferred number. External validation techniques do appear to give 

some better indication of the optimal amount of clusters, but do not provide a single best number.  

Additionally, none of the scores indicates a number of clusters useful from a company perspective. If 

there are five majority classes which you need to identify, such is the case for component 107484, this 

cannot be successfully completed using a proposed number of clusters of two, three or four, even 

while this may mean that certain scopes share certain characteristics. 

Thus another method has to be found. An effective method within this research has proven to be 

analyzing how many majority classes there are in the work performed population. This term was first 

explained in Section 5.4.2. The method counts the work performed labels which are represented most 

often. For component 107484, there are five majority classes and several classes with only a few work 

order entries. This is visualized in Figure 7.2. 

 
Figure 7.2: Work performed label distribution for component 107484 

From a business perspective, it makes sense to use a number of clusters equal to the number of 

majority classifications there are. The reason behind this should not be found in what kind of label is 

used. But because an engineer uses different labels for certain jobs, it means that he or she has 

identified that there are differences between activities. 
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If an engineer has entered an OMO activity and a MOD activity, this does not mean that these activities 

are indeed these activities. What it does indicate is that there is a difference between the two work 

orders which made an engineer use different scope labels. He or she has identified that different 

activities have been performed. The goal of clustering work orders is to identify what range of activities 

exist within a component. If four work performed labels are used often, it will mean that there are four 

kind of activities, even though it may still be unclear that kind of activities these are exactly. 

To summarize, the number of clusters should depend on the total number of work scopes present in a 

population. This has proven to be an effective method for a large scope of components. In addition to 

counting the most-used labels, attention is also given to the remaining group of labels. If the group of 

remaining labels in itself is big, another cluster should be added. In all cases, these remaining classes 

are DIS, INS, INT and RAI. If no group is created for these remaining scopes, they will negatively impact 

the other clusters of repair, overhaul and modification classes. A size threshold of 5% is used for these 

remaining scopes. If the sum of percentages of the minority label groups is less than this threshold, no 

extra cluster is created as the population of work orders will have too little influence on the results. 

The number of clusters are defined in the nclus_BR and nclus_BR variable presented in the parameter 

definitions presented in Section 7.2.3. The variables are used for Birch and SOM respectively, as both 

algorithms require a different numerical input style. 

7.2.2 Distance Setting 
Another parameter which depends on characteristics of dataset feature values is the distance 

parameter used by Birch and DBSCAN. More precisely, this value is used to determine the threshold in 

birch and eps in DBSCAN. These parameters are used to determine the maximum distance between 

two work orders to be considered within the neighborhood of the other. A distance parameter that is 

too small will yield too many (sub) clusters. 

A popular approach is to create a k-nearest neighbor matrix. In this matrix, the distance between all 

data objects are calculated. The distance between a data object the second closest neighboring data 

object is used. These distance values are transformed into a knn distance histogram to identify a 

distance value at which the graph bends. Selecting the distance value at this bending point, called the 

"knee" value, will ensure that most data objects have at least one neighbor. Data objects with a larger 

distance to its closest neighbor than this knee value are assigned as outlier points. 

Within the Python Sklearn library, the sklearn.neighbors package enables fast calculation of the 

nearest neighbor distance for all data objects, which are visualized in the graph as shown in Figure 7.4. 

 
Figure 7.4: knn distance histogram for component 107484 

The knn distance histogram for component 107484 indicates that an appropriate distance threshold 

d_threshold value is determined at the “knee”, and is set at 0.262. 
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7.2.3 Model Set-up 
For the creation of the three cluster models, some parameters settings must be defined. Two of these 

parameters, the distance threshold and the number of clusters, have been described above.  

 
Figure 7.5: Birch algorithm settings 

Parameter settings regarding Birch can be found in Figure 7.5. The threshold parameter defines the 

maximum radius of a sub cluster, which is obtained by merging a new sample into a sub cluster. A low 

setting promotes sub-cluster splitting. The branching factor defines the maximum number of sub 

clusters in each node. Its default setting is 50. As Birch is a hierarchical cluster method, it defines how 

many successors may be contained by a branch in this hierarchical tree. The determination of the 

number of clusters is defined above and is based on an agglomerative clustering method. At last, labels 

should be computed, and a copy of the data is made so that the original data is not overwritten.  

 
Figure 7.6: DBSCAN algorithm settings 

Parameter settings regarding DBSCAN can be observed in Figure 7.6. The maximum distance between 

two samples (eps) for them to be considered into each other’s neighborhood is defined by the distance 

spread in the data. The min_samples parameter defines the number of samples which must be in the 

neighborhood of a point to be regarded as a core point. Its default setting is 5. The distance metric 

used to calculate distances between samples is Euclidean distance. No additional metric arguments 

are given. The algorithm used to compute pointwise distances is set to auto, meaning that the model 

will automatically find the most appropriate setting. 

The leaf size affects the speed and memory requirements of the construction of the tree. The default 

setting is 30. No Minkowski metric is used while calculating distances. This metric could be used to 

create a distance calculation mix between Euclidian distance and Manhattan distance, but in this 

project, only using Euclidian distance has proven effective. No parallel jobs processing is selected by 

default.  

 
Figure 7.7: SOM algorithm settings 

Parameter settings regarding SOM can be found in Figure 7.7. The size of the map is determined by 

the number of neurons in the rows and columns. This depends on the number of clusters, which is 

defined in the nclus_SOM variable. The type of connection between oscillators represent grid where 

one oscillator can be connected with a number of neighbor oscillators. At default this is set at eight, 

with neighbors to the right, right-upper, upper, upper-left, left, left-lower, lower, lower-right. No 

additional parameters are used. The simulation is performed by CCORE library by default. A default of 

100 epochs are used to fit the neural network to the data. An epoch is one cycle through the full 

training dataset. By feeding the training data into the algorithm for more than one epoch but in 

different patterns, the neural network implements improved generalization. 
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7.3 Model Initial Result 
After the three cluster algorithms have been correctly set-up, the prepared, normalized dataset is fed 

into each model. Because the data has eight features and thus eight dimensions, efforts have been 

taken to clearly visualize cluster results and their correlation to each data feature. 

T-Distributed Stochastic Neighbor Embedding (t-SNE) is applied as a dimensionality reduction 

technique for visualizing the high-dimensional dataset in a low-dimensional space of two dimensions. 

T-SNE creates a reduced feature space where similar work orders are modeled by nearby points and 

dissimilar samples are modeled by distant points with high probability. The technique is available as a 

package in the Sklearn library. Every time t-SNE is ran, it produces a different result. Efforts have been 

taken to use the same modelled 2D data points, but in future applications, differences in plots cannot 

be avoided. 

Cluster results from the DBSCAN and the Birch model can be observed in Figure 7.8. Figure 7.9 presents 

the results of the SOM model. The work scope of a work order as filed by an engineer is likewise 

presented in a reduced feature space. 

   
Figure 7.8: Cluster results for DBSCAN (left) and Birch (right) in reduced feature space 

   
Figure 7.9: Cluster results for SOM (left) and the original scope distribution (right) in reduced feature space 
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An observation can be made regarding the relation between work scope and cluster class. DBSCAN has 

been able to successfully identify the four main visual clusters. It also identified outliers which are too 

spread from its original cluster. However, as can be observed in the scope distribution plot, work orders 

with varying work scopes are positioned close to each other. As these scope groups have a similar 

density, DBSCAN cannot successfully filter one scope group from the other. As can be seen in Figure 

7.9, there is a foremost population of OMO and MOD, and some REP and OVH, inside cluster class two. 

Another interesting observation is that there are two main OMO group. One is very separated from 

most other work scopes, with only a few REP, OVH and MOD cases. This means that these work order 

scopes all share the characteristics of a modification/overhaul activity. A second, bigger OMO group is 

much more intertwined with REP and OVH jobs. It especially flows from a single-scope population into 

a population of REP, OVH and MOD activities. SOM appears to separate the intertwined scopes. 

7.4 Result Evaluation 
Cluster validation will focus on two aspects. Validation metrics are applied to measure the 

performance of the cluster algorithms in separating groups based on density and distances. Results 

are also validated using business insights. These are based on expert information and use the work 

scope distributions per cluster. 

7.4.1 Validation Scores 
Cluster validation scores exist in two categories, being internal and external evaluation. Internal 

evaluation indices use the data that was used during clustering to assess a clustering result. It is usual 

for these indices to assign a high score to cluster results where high similarity exists in cluster groups. 

In this project, three internal validity indices are applied, being Davies-Bouldin index, Calinski-Harabasz 

index and Silhouette coefficient. The validation scores of the three indices are presented in Table 7.2. 

Validity Index DBSCAN Birch SOM 

Davies-Bouldin index 0.965 0.895 0.995 

Calinski-Harabasz Index 425.596 364.235 401.680 

Silhouette coefficient 0.411 0.502 0.442 

Table 7.2: Internal validation scores 

As can be observed, the Davies-Bouldin index is highest for SOM. This indicates that separation 

between clusters is highest. Calinski-Harabasz index is highest for DBSCAN, meaning that there is a 

higher density within clusters. The silhouette coefficient is highest for Birch, meaning that work orders 

assigned to a cluster are similar to its cluster population compared to other clusters. All three methods 

are superior in a certain index, making it difficult to identify the best-performing algorithm. 

External validity indices calculate scores not by referring to the data used for clustering, but by pre-

assigned labels. In this research, the work performed labels which are pre-assigned to each work order 

can be used. These labels are then compared to the cluster class given by the cluster model. 

Validity Index DBSCAN Birch SOM 

Adjusted Rand Score 0.348 0.455 0.492 

Completeness Score 0.541 0.560 0.523 

Normalized Mutual Info Score 0.444 0.485 0.515 

Table 7.3: External validation scores 

As can be observed in table 7.3, the adjusted rand score is highest for SOM. This indicates that the 

similarity of assigned group of a work order is high when compared to the pre-defined work performed 

class. This means that, for example, a group of work orders with a REP label stay mostly together in a 

created cluster. The score is adjusted for chance normalization. The completeness score is highest for 

Birch, meaning that most work orders of a given scope are assigned to identical cluster classes. The 
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normalized mutual info score is highest for SOM. The score indicates that there is a mutual similarity 

between predicted and actual class. Overall, Birch and SOM seem to match each other’s performance, 

with DBSCAN trailing behind. 

An issue with external cluster validation methods is that it uses a ground truth, the work scope labels, 

to evaluate effective clustering. The challenge with this is that it is known that these scopes are 

wrongfully entered. The aim of this research is to cluster work orders with similar characteristics to 

identify groups of similar work orders. As a result, the scores will never become high (e.g. close to 1). 

If it would get to its maximum value, it would mean that a cluster method has actually failed. Therefore, 

lower scores are acceptable. The use of external indices should not be used to determine the overall 

success of the project, but merely to compare results between algorithms using the pre-determined 

parameters. 

As can be seen from the scores, Birch and SOM are the highest scoring algorithms. Section 7.5.3 further 

analyzes the different cluster algorithm results, but from a business point of view. This is used to, 

together with the validity index results, determine the most appropriate cluster model. 

7.4.2 Outlier Identification 
While DBSCAN has an internal outlier detection algorithm, Birch and SOM do not share this ability. 

Thus, these must be identified after the initial clusters are formed. This is done using individual 

silhouette coefficients. This technique measures how similar a data object, a work order, is to its own 

cluster compared to the other existing clusters. Objects with a low score do not fit well in their cluster 

and are regarded as outliers of their cluster. 

The plotted silhouette scores for Birch and SOM are presented in appendix E. 

After the work orders with a low score are emitted, the cluster results are visualized in Figure 7.10 for 

Birch and SOM. The black-colored dots indicate outliers, with is labeled as class -1. 

 
Figure 7.10: Cluster results with outlier identification for Birch (left) and SOM (right) in reduced feature space 

The identification of outliers have multiple purposes for Fokker. Having work orders within a class with 

do not fit well with their class population will negatively influence results in further steps, such as cost 

calculations. If an unusual cheap or expensive job remains in a cluster, it will impact the clusters’ 

population characteristics such as material cost statistics. 
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The work scope population of the outlier classes, which are presented in Figure 7.11, indicate that 

there is no one predefined work scope that is sensitive to be assigned as outlier, but rather a range of 

multiple majority classes such as REP, OVH and MOD. There are 73, 37 and 62 outlying work orders for 

Birch, DBSCAN and SOM respectively. These outliers do not fit well enough within any identified cluster 

group and are subsequently ejected. Because they do not fit in any group, it means that they are not 

part of any common activities which occur within the range of activities within a component. 

    
Figure 7.11: Work scope distribution in the outlier class for DBSCAN (left), Birch (center) and SOM (right) 

Outliers can also be further analyzed to determine why it was flagged as an outlier. This requires some 

business knowledge about a component and maintenance processes. When this knowledge is applied, 

material parts can be identified that cause ‘up and above’ cases. This means that the work order is an 

expensive job compared to other jobs with a similar activity. For example, some overhauls may require 

a very expensive part which is either not worth replacing, or should not be billed under specific contract 

conditions with customers. Using outlier analysis, future work orders which require similar material 

repairs can be charged as anomalies. 

7.4.3 Work Scope per Cluster Class 
After analyzing the cluster results from a mathematical perspective using a variety of cluster validation 

indices, the business perspective also has valuable input into cluster validation. For this process, the 

work scope distribution per cluster class is used. These distributions can be found in Appendix F. 

 
DBSCAN 
DBSCAN has four clusters groups, referred to as group zero, one two and three. Cluster zero has the 

biggest variety of work scopes. These are mainly low cost, low effort activities. These include scraps 

(47%), tests (14%), inspections (9%), return as-is (9%), disassembly (8%), and some cheap repair (12%) 

activities. Cluster one has some scraps (7%), but mainly repair (52%) and overhaul (39%) activities. 

Cluster two exists for the biggest part out of modification/overhaul (69%) activities. In addition, it has 

modification (18%) activities, and some overhauls (9%), among other neglectable scopes (<3%). Group 

three consists for 89% out of modification/overhaul activities, with only 6% modification and 4% 

overhaul jobs. 

Certain observations are made from this analysis. There appear to be two OMO classes (group two and 

three), caused by the fact that there are in fact two different types of modifications for the component. 

Group zero is identified as a test class, while group one has mainly repair-like activities. A disadvantage 

is that the main population of REP and OVH jobs in cluster one could not be separated, which means 

that two essential activity scopes could not be properly analyzed and used in future research. Because 

both populations are substantial in size, a desired result would see an overhaul group be identified. 

This is also because an overhaul label is commonly used by sales as one of the three TRO classes. This 

results from the common request of customers how much a test, repair or overhaul costs. 
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Birch 
When analyzing the cluster results from the Birch algorithm, some differences appear. Here, six cluster 

groups with names ranging from zero to five are identified. Cluster zero has a majority population of 

repair jobs (58%), trailed by an overhaul population (36%). This already shows an improvement over 

cluster one of DBSCAN, with better separation of repair jobs. 

Cluster one is identified as being a modification/overhaul group, with some leaning towards overhaul 

and modification activities. Cluster two is identified with overhaul activities. It is promising to have a 

separated overhaul class, but care must be taken to observe that the class only has 4 work orders in 

its population. Analysis did show that the work orders are indeed overhauls, and even though its 

population is small, it shows that these work orders show characteristics which are very similar to each 

other. 

Cluster three forms another group of repair (48%), overhaul (31%), modification (25%) and 

repair/modification (8%). This group, similar to the previous cluster, is rather small with 13 work 

orders. The nature of work orders in this cluster do not fit into any activity type, so no clear activity 

label can be assigned to this group. Cluster four is identified as a test and scrap cluster. 

The last cluster, cluster five, exists for 77% out of modification/overhaul activities, with minority scopes 

being modification (14%) and overhaul (9%). This could be regarded as a cluster which has OMO 

activities closer in similarity towards a MOD activity. This contrasts with cluster one, where the nature 

of the jobs have a much closer similarity towards a more comprehensive OMO job. Both clusters have 

modification activities, but the scope of the modification differs between the two. 

The advantage of the Birch results over DBSCAN is that there now appears to be a separate repair 

cluster and overhaul cluster. Together with the test cluster, all three TRO classes are identified. 

Furthermore, two types of modification activities are identified.  

SOM 
The results from this algorithm are similar to that of Birch, with six cluster groups with similar scope 

distributions. But like DBSCAN, it struggles to separate repair and overhaul activities. Both scopes are 

assigned into cluster group one. Cluster group two consists mainly out of modification jobs (53%), with 

smaller proportions of repair (27%) and overhaul (18%) activities. Cluster group three, four and five all 

are identified as activities with modification/overhaul activities. This makes it challenging to determine 

the extent of each modification/overhaul scope (e.g. being able to identify the type of modification). 

7.4.4 Conclusions on Algorithms and Component 107484 
One conclusion is that it appears that repair and overhaul activities, at least for this component, are 

very similar to each other. All algorithms struggled to identify separate repair and overhaul groups. At 

first, this may appear to be a weakness, but this is not necessarily the case. Because repair and overhaul 

activities share many similarities to one another, it does not have to be negative to have them in the 

same class. This could be specific to the nature of component 107484. 

SOM and Birch appear as the best options from both the mathematical validity scores and the business 

perspective. While these two algorithms have similar results, a preference is given to Birch over SOM, 

as it provided more clear results with respect towards two OMO classes and a REP class, whereas SOM 

presented three OMO classes with little deviations in the nature of work orders. 

The next step now is to broaden the component scope and analyze more components to look for 

trends in which single algorithm outperforms the other algorithms. Result analysis will follow the same 

tactics as used in the narrow scope focusing on component 107484. To avoid repetition, only the key 

results of this analysis is explained. The analysis itself will not be described. 
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Regarding component 107484, the results from Birch are selected as the superior result. Each cluster 

is given an activity label, which can be found in Table 7.4. These labels can be used by product 

managers to understand what kind of activities are common within a certain component scope. For a 

product manager, this information is very valuable to understand what kind of services customers 

desire for a certain component. 

Cluster Activity label 

0 REP 

1 OMO 

2 OVH 

3 Mix 

4 INT 

5 OMO with MOD 

Table 7.4: Cluster groups and their respective activity label 

7.5 Conclusion Model Development 
Balanced Iterative Reducing and Clustering using Hierarchies (BIRCH), Density-Based Spatial Clustering 

Application with Noise (DBSCAN) and Self-Organizing Map (SOM) are selected as appropriate cluster 

models for the clustering of work scopes. Using three different cluster methods yield different results, 

enabling methods to be compared. 

Several parameters have been determined before running the cluster algorithms. An appropriate 

distance threshold is calculated using the knn distance histogram and identifying an elbow value. The 

number of clusters is determined by the number of majority classes. If this is ignored, work scopes 

cannot be separated into cluster classes, but will have to share classes. With the research goal to 

identify wrongfully entered work scopes, having a class for every scope is an essential step into 

identification. 

Each cluster algorithm has successfully created clusters, but some algorithms perform better over 

others. While DBSCAN is able to cluster work orders according to population density, it often occurs 

that groups of activities are nested close to each other and do not share similar data density patterns. 

Birch and SOM are more effective to identify and separate work scopes into separate cluster classes. 

Their performances lie very close together. 

Using outlier analysis, future work orders which require similar material repairs can be charged as 

anomalies. When business knowledge is applied, material parts can be identified which cause ‘up and 

above’ cases. These cases may require a very expensive part which is either not worth replacing, or 

should not be billed under specific contract conditions with customers. By not applying outlier work 

orders in the cluster analysis the work scope of a cluster group is more accurately determined, and 

further application of the cluster results will be more accurate. 

The cluster validation process in the next Chapter will determine on a superior cluster algorithm by 

analyzing the results of more components. 
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8. Review and Scope Broadening 
After the development of the models, results can be evaluated. Here, the developed models are more 

thoroughly validated. This has a close relationship with the model assessment in the previous phase. 

Furthermore, clustering results are evaluated related to the project objectives. At the end, a conclusion 

on the data mining results is reached. The process of this Chapter is presented in Figure 8.1. 

 
Figure 8.1: Model evaluation phase in CRISP-DM (Chapman et al., 1999) 

8.1 Process Review 
The past Chapters have described the data selection and preparation steps which result into the 

creation of the cluster algorithms. Data selection criteria have ensured that only data features relatable 

to the work scope are used in the final dataset. The selection process also concluded that all selected 

features should be equally important to determine a work scope. The data preparation stage ensures 

that all features are equally important to one another, as opposed to some features having little 

influence on the general outcome.  

Three cluster models have been build using appropriate settings concerning distance thresholds and 

the number of clusters, specific to the characteristics in the data of a component. This is necessary as 

each component has different characteristics concerning the nature of how a component is 

maintained. Naturally, components with different levels of complexity have different maintenance 

requirements, and thus will yield different data from the work orders.   

The main challenge is related to the validation of the cluster results from each algorithm. Some 

validation indices, especially internal scores, do not properly reflect on the goals that are desired from 

a business point of view. Especially in the case where activities share similar characteristics, it appears 

challenging to assign a majority scope to a cluster group. One should not be misled by this finding. Just 

because scopes are different, it does not mean that they should not be clustered in a group, as long as 

this can be explained from a business point of view.  

The narrow scope focusing on component 107484 has now been completed. The next logical step is to 

apply the cluster algorithms on different components. As has been determined, there are a few aspects 

which are critical to model setup and evaluation. 
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One aspect is to successfully identify the number of majority work scopes in order to determine the 

appropriate number of clusters. A knn distance histogram has to be drawn to set an appropriate 

distance threshold value. 

When results are created, results have to be analyzed from a business perspective together with 

validation scores. External validation scores are more important over internal validation indices. 

8.2 Broaden the Component Scope 
After completing the narrow scope, the task at hand now is to broaden the component scope to test 

algorithm performance on and results for other components. A selection of components has been 

taken to apply a similar analysis on. While the analysis process is not as extensively described as was 

the case in the narrow scope, more emphasis is given to the algorithm results, again both from a 

business perspective and by using validation scores. 

Each of the below Sections will focus on one component. Furthermore, Section 8.2.6 will, instead of 

focusing on a single part number, use a family of similar parts. This is especially interesting for parts 

which have too little work order data to be analyzed individually. 

8.2.1 Component 541674 
Component 541674 has seven different preassigned work scope labels. No modification activities are 

performed on the component. The majority classes are repair, overhaul and scrap, resulting in four 

clusters to be created. What can be observed from the visualized data set with reduced dimensions in 

Figure 8.2 is that the preassigned repair and overhaul jobs seems to share some similarities. This can 

also be observed in the cluster creation. These clusters are created by the SOM algorithm, which had 

the highest validity scores for all three external indices.  

 
Figure 8.2: Scope distribution (left) and cluster results with outlier identification from SOM (right) in reduced feature space 

From a business point of view, results from the SOM algorithm best fit the distribution for this 

component. Cluster group zero contains is assigned as a group with test activities. Group one contains 

a mix of repair and overhaul jobs. Group two is identified as a repair class with the majority of jobs 

having such scope. Cluster group three in contrary consists for the majority out of overhaul activities. 

From these results, it is concluded that next to the test activity, there are three maintenance types 

which gradually become more extensive. Between simpler repair jobs and extensive overhauls, there 

is a third group of activities which are extensive repair jobs. 
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8.2.2 Component 3289562 
Component 3289562 has seven preassigned work scope labels. Similar to the previous component, no 

modification activities are performed on the component. There are two majority classes, being repair 

(60%) and overhaul (32%). Unlike the previous component, Figure 8.3 visualizes that repair and 

overhaul jobs seem be slightly more grouped together, although work order similarities are more 

tightly together. The SOM algorithm again had the highest scores for all three external validity indices. 

  
Figure 8.3: Scope distribution (left) and cluster results with outlier identification from SOM (right) in reduced feature space 

From a business logic, results from the SOM algorithm best fit the distribution of the component. 

Cluster group zero is identified as a cluster of repairs. Cluster one includes tests and scraps, among 

minor repair jobs. These are minor repairs compared to the repair activities performed in group zero. 

This specific component is a control valve. The nature a repair can range from minor to more complex 

internal reparations. The final group, cluster two, is identified as an overhaul cluster. This results in all 

three TRO classes used for sales purposes being identified 

8.2.3 Component 392530 
Comparable to the previous component, component 392530 has two majority preassigned scopes, 

with repairs (79%) and overhaul (14%) activities. In the plots shown in, it emerges that there is little 

spread in data. The component is a pressure regulator.  
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Figure 8.4: Scope distribution (left) and cluster results with outlier identification from SOM (right) in reduced feature space 

A small overhaul cluster is identified in cluster group two. Group zero is labeled as a repair cluster, 

including many preassigned overhaul labels. Other, minor repair activities are captured the same group 

shared with scraps and tests in cluster one. This is labeled as test.  

An essential remark in the definition of the identified clusters is that the group of overhauls, cluster 

two, has significantly higher material costs compared to the cluster class zero. This means that the 

SOM cluster algorithm has been able to successfully separate expensive work orders from work orders 

with less material resource requirements. For product managers, the knowledge that one group of 

maintenance activities require more material resources than a second group is essential information 

to understand what kind of activities are undertaken at a certain component level. 

8.2.4 Component 702504 
Component 702504 is a strobe light. This is correlated to the work scope population, with 86% of work 

orders being repair jobs, and a smaller population of scraps and tests. Three clusters are created. An 

important remark for the following result analysis is that a strobe light consists out of two main parts; 

the light bulb head and an electronic component. 

    
Figure 8.5: Scope distribution (left) and cluster results with outlier identification from SOM (right) in reduced feature space 
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The Birch algorithm has the highest external validation score over all three indices. In the cluster 

groups, two repair clusters are identified being group zero and two. These two repair clusters have 

different cost functions. This can be related to the nature of the component as disclaimed previously. 

One group of repair is probably specific to light bulb changes, and the other, more expensive repair 

class, is concentrated on the electronic component. Thus, two different kind of repairs are identified. 

Cluster group three is labeled a test cluster with some minor repairs, but also scraps. 

An observation is that there is no overhaul class. Possibly, the more extensive repair class could be 

rebranded as an overhaul if a product manager would desire the creation of all three TRO classes. This 

would mean that a repair activity focuses on the lightbulb itself, and an overhaul activity focuses on a 

more extensive repair activity on the fitting. Or, if desired, they could also be classified as minor repair 

and major repair, depending on what a product manager prefers. 

8.2.5 Component 761574B 
The fifth component scope analyzed shows more similarity to that of the initial narrow scope when 

looking at pre-assigned work scope labels. Six majority scopes are identified, with overhauls, repairs, 

modification/overhaul, modification/repair, and tests and inspections. 

Birch shows the highest scores across all external validation indices. Birch is also regarded most optimal 

from a business point of view as explained below. Scope distribution and the obtained clusters are 

visualized in Figure 8.6. 

      
Figure 8.6: Scope distribution (left) and cluster results with outlier identification from SOM (right) in reduced feature space 

There are four cluster groups with very little work orders assigned in it. These classes can be regarded 

as either outlier classes or classes with very specific activities. This is confirmed by analyzing the costs 

of the work orders within these clusters, which show very distinctive characteristics. Separating these 

work orders into different clusters helps in identifying work order groups with true similar 

characteristics. If less clusters are created, these work orders are labeled as outliers. 

There are two cluster groups with a big population. Cluster zero contains minor repair activities and 

tests. Observed is that most modified/repair activities are also assigned in this class, meaning that 

these identified activities by engineers are actual minor in nature. Cluster one has overhaul and 

modification/overhaul activities in its scope population. Something to be observed is that 

modified/overhaul and overhaul activities seem to share many characteristics. The same goes for the 

modified/repair and repair scope. 
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It should be questioned if there are actual differences in activities, or whether they share the same 

nature of activities which are very intertwined, making an engineer unsure about what scope to use 

on a certificate. One engineer may use a different label compared to his colleague for the same activity. 

In essence, both activities share similar characteristics including cost characteristics. 

8.2.6 Family of Integrated Drive Generator Components 
Until now, all cluster model runs have used work order data from one part number at the time. This is 

useful for product managers to gain insight into what kind of maintenance demands and activities 

there are for a specific part number. This is especially true for parts which are less frequent and 

unknown to a product manager. As research explores into these less frequent parts, a concern arises 

as data entries become too little to perform proper clustering. To counter this, the component scope 

is broadened to include more components of a certain family. 

Work order data has been collected at a part number level, but it can also be collected on a master 

part number level or component family level. An example of this is an Integrated Drive Generator used 

in Boeing 747 aircraft. The components related to these part numbers are of similar nature in 

characteristics and complexity. 

The most essential part to successful clustering of this higher-level aggregation is that maintenance 

actions and component complexion are similar. If one type of component is much more complex to 

repair, this will yield irrelevant grouping of work orders. For example, if a minor repair for one 

component comes equal in complexity compared to the overhaul of another component, then these 

work orders are clustered while they are in fact very different in nature. 

The components selected within this integrated drive generator scope are similar in complexity. The 

count of present part numbers are equal within the work order population selected. The same goes 

for the cost spread, indicating that maintenance activities share similar patterns. There is no one single 

part number which has distinctive cost patterns compared to the population. Figure 8.7 visualizes this. 

                      
Figure 8.7: Part number distribution (left) and cost characteristics of work orders within on part number level (right) 

Evaluation the cluster results, SOM shows the highest scores for most external evaluation metrics. The 

work orders show relatively little spread as no clear visual clusters emerge. The component scope has 

mainly repair and overhaul activities in its portfolio. Scope distribution and part number distribution is 

visualized in Figure 8.8. The obtained cluster results are visualized in Figure 8.9. 
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Figure 8.8: Scope distribution (left) and part number distribution (right) in reduced feature space 

 
Figure 8.9: Cluster results with outlier identification from SOM in reduced feature space 

A first and foremost conclusion is that each cluster has a mix of part numbers assigned. This indicates 

that the nature of the selected parts are similar. More importantly, it shows that clusters are not 

created based on specific part number characteristics, but on actual work performed. It proves that 

clustering work orders on a higher scope level of part numbers, like master part number, is possible as 

long as these components share similar maintenance characteristics. 

Cluster group zero contains work orders which are identified as repairs. Scraps and tests are also 

included in this group. As is observed, tests, scraps and a selection of repair jobs are all intertwined 

across the plot. Repairs assigned in this group are minor repairs compared to the repair activities 

assigned to the other groups. 

Cluster group two has many repair jobs with are more extensive as the previously described minor 

repair activities. These also include MOR labels instead of the more common REP label, noting that 

engineers felt the need to identify a different kind of activity to the work scope. This means that the 

nature of these activities differ from the previous group of minor repairs. 
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Cluster groups one and three both have OVH activities. Again, a difference can be observed where 

engineers also applied the OMO label in the third group, meaning that different types of maintenance 

activities are identified. 

For product managers, it is valuable to understand that there exist different repair and overhaul 

activities with different complexity levels. One activity group requires more material resources 

whereas the other activity requires more labor input. 

8.3 Conclusion Model Evaluation 
Evaluation of the cluster algorithms have determined that both SOM and Birch perform well in 

separating work orders based on work scope. DBSCAN hurts from the fact that activity scopes do not 

correspond to density distributions. This negatively impacts DBSCAN into finding an appropriate 

number of clusters. Using majority class count to determine the amount of clusters is a more 

appropriate method which yields better results. 

Internal validation metrics are not able to validate cluster results based on scope distributions. External 

validation metrics perform better in identifying a superior algorithm, although results are not perfect. 

The ground truth, which is the work order scope labels, used for calculating the scores are known to 

be faulty as engineers struggle to identify the exact work scope. However, they still assist in identifying 

superior cluster algorithms. 

These external validation scores are combined with applying a business evaluation on results. As each 

component has different characteristics, it is not possible to apply the same assumptions over all 

applied components. Maintenance characteristics differ too much between components to ignore 

expert opinion. External validation scores however have been found to help identify the most 

appropriate algorithm. So, external metrics are used as early identification method for finding the most 

appropriate set of cluster groups, after which nosiness insights are applied to further evaluate results. 

From the analysis of the various components, it is determined that Birch is the best-performing cluster 

algorithm when there are apparent distance dissimilarities between groups of work orders. When work 

orders share a high similarity in characteristics, SOM outperforms Birch into finding more subtle 

differences between work orders. This is explained as Birch relies more on distances between data 

objects, while SOM uses a neural network map to cluster together work orders. 

For a product manager, the created knowledge will help in daily decision making processes as the data 

identifies what kind of common maintenance activities are performed within a certain component 

scope. This is especially useful for components with less work orders of which product managers 

generally have less understanding about. 

Cluster results of work orders on a master part number level instead of a single part number have 

shown to be an effective way to increase data availability. As long as all components within this master 

part number scope share similar technical characteristics. This further assists product managers to gain 

insights into less-frequent components, what kind of maintenance activities are commonly requested, 

and what kind of characteristics these work orders have. 
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9. Cost Forecasting 
Cost forecasting is performed in two ways. Statistics can help to understand how much a certain 

maintenance activity costs. This is calculated using the cost of each work order within a cluster and the 

cluster activity label added in the cluster analysis. The second method is applying a regression model 

to estimate the costs of a work order. 

9.1 Basic Cost Statistics 
To understand what effects the clustering of work orders has on business processes, such as cost 

forecasting, basic cost statistics are first analyzed. The thirteen original work scopes as entered by the 

engineers all have its own mean material (PM_cost) and labor cost structure. Table 9.1 shows the basic 

statistics behind these cost structures for each work scope. 

 
Table 9.1: Cost structure behind work scopes 

Comparing the different work scopes, it becomes apparent that various work scope classes have similar 

cost structures. Especially MOD, MOR, OMO, and to a degree OVH, all have similar statistics. This 

corresponds with the conclusions made in the cluster model evaluation, where it was determined that 

engineers struggle to apply an unambiguous scope for similar work orders. 

 
Table 9.2: Cost structure behind cluster groups 

As can be observed in Table 9.2, standard deviation between classes are smaller compared to using 

work scopes, even while the number of work scopes is more than double the number of cluster classes. 

This can partly be explained by the cluster algorithm using data features based on work order 

expenses. But it does show that there is a lot of spread of expenses within the originally assigned work 

scopes. The comparison of cost spreads between original scopes and the work order clusters is further 

visualized in Figure 9.1. 

 

 



57 
 

 
Figure 9.1: Comparison of material cost and labor cost spread between original work scopes (left) and cluster groups (right) 

By constructing standard expense rates based on original work scopes, average rates will be higher or 

lower than the actual costs. As can be observed in the above Figure 9.1, there are two sorts of 

maintenance activities which are both described by engineers as overhaul/modification activities. One 

group has higher material expenses compared to the second batch of work orders within the scope, 

which share more commonality with a modification activity. 

Three common maintenance labels applied by sales agents are the so-called TRO-classes, which are 

test, repair and overhaul. Using the original scope labels, an average expense rate is calculated. These 

are € 418, € 2,074 and € 4,350 for test, repair and overhaul respectively. 

From the cluster evaluation, it is determined that cluster 4 has a test scope, cluster 0 has a repair scope, 

and cluster 2 has an overhaul scope. The average expense rates for these groups are € 529, € 1,810 

and € 2,582 respectively. 

This means that overhaul activities are commonly overpriced because in the expense calculation the 

price is influenced by modification activities, which raises the calculated expense rate. 

9.2 Cost Forecasting Model 
Within a previous research project, Fokker has made an effort to estimate the cost of a work order 

using three regressive models (Massa et al., 2019). These models are random forest regression, 

gradient boosting and linear regression. The data used to feed these models originates from the same 

work order dataset which was used in this research, although different data features were applied. 

During the course of the research project, it became apparent that the work scope was an important 

data feature within the forecast model (Massa et al., 2019). Efforts were taken to improve the accuracy 

of this label. A separate regression model was build, which aimed at estimating the work scope of a 

work order based on text analytics. An accuracy score of 54% and 60% was obtained to estimate the 

work performed label. 

In the research, it was determined that random forest regression yielded the most accurate cost 

estimation results, and was subsequently used in further evaluations (Massa et al., 2019). 
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In this thesis project, the cost forecast model as applied previously by Fokker has been recreated. Using 

this same model, the effects of the cluster scopes are measured. For this comparison, more data is 

available as the database expanded with more recent work orders over the course of a year. This 

explains the differences between evaluation scores between the original research paper, and results 

in this thesis. 

Recreating the original results from the research without applying cluster labels yields slightly different 

results compared to the findings in previous research. This originates from the fact that between the 

moments the previous research was completed and this research began, more work orders have been 

completed and added in the database. Figure 9.2 visualizes the separation of errors among the actual 

price of a work order. This figure represents results from the test set of 40% of the data. 

 
Figure 9.2: Ordered actual costs versus predicted cost for component 107484 

It is observed that the cost of work orders with a low total cost cannot be accurately predicted by the 

regression model. The model predicts with large errors, and predictions are scattered. When work 

order costs exceed € 5,000, the model tends to estimate maintenance costs too low. A final group of 

very expensive work orders has a very large error between predicted and actual costs as the model 

cannot properly forecast these work order. 

Importance of features is measured as the total decrease in node impurity, weighted by the probability 

of reaching that node, which is approximated by the proportion of samples reaching that node, 

averaged over all trees of the ensemble (Massa et al., 2019). The ten most important features are listed 

in figure 9.3. 
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Figure 9.3: Feature importance without applying cluster labels 

The regression model yields a MAE score of around € 1,454.67 for component 107484, which has a 

maintenance cost range between € 0 and € 11,000. This means that on average the error made by the 

prediction model is almost 14% of the maximum maintenance cost. The calculated R-squared score of 

the random forest regression model without cluster labels is 0.436. 

The main conclusion from the cost forecast research was that the predicted work scope label is not 

accurate enough. The cluster result from this thesis research can be applied as scope label in the 

regression model. This label replaces the predicted scope feature. Figure 9.4 visualizes the separation 

of errors among the actual price of a work order. This figure once again represents results from the 

test set of 40% of the data. 

 
Figure 9.4 Ordered actual costs versus predicted cost for component 107484 with cluster label fed into regression model 

It is observed that the predicted costs, the red dots, follows the actual cost line more accurate 

compared to the first forecast run without cluster label included. The cost of the cheaper group of 

work orders is more accurately estimated by the model using the class label, where it was not able to 

do so at first. The same goes for the group of expensive work orders which could not be identified by 

the prediction model previously. At last, the group of averagely-priced work orders also has a lower 

spread. 
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Figure 9.5: Feature importance with cluster labels 

The new list of most important features, included in Figure 9.5, shows that the cluster labels have a 

substantial influence on the prediction of the total cost of a work order. 

The regression model yields a MAE score of around € 562.29, meaning that on average the error made 

by the prediction model has decreased to 5% of the maximum maintenance cost. The calculated R-

squared score of the random forest regression model with cluster labels has subsequently improved 

to 0.886. 

An explanation for the improvement of results is that the cluster labels are partly based on costs. It 

thus makes sense that a cost forecast benefits from these labels. The original dataset which is fed into 

the cost forecast model only includes data which is known before a work order is completed. Makes 

sense because at the moment a price has to be determined, no other information is known. 

For a product manager, knowing what kind of maintenance activities are common for a component 

will help to estimate the cost. If a product manager is able to categorize a work order into a cluster 

class, costs can be accurately predicted. 

9.3 Conclusion Cost Forecasting 
Using cluster labels to identify a certain group of activities, the accuracy of the cost forecast is improved 

significantly. Whereas the prediction accuracy of the regression model without labels was 0.436, this 

has risen to an R-squared score of 0.886. The error value compared to maximum maintenance costs 

have decreased from 14% to 5%. Predictions for work orders with either a low or a high total cost have 

especially improved using the cluster group labels. 

The improvement in cost forecasting results prove that the clustering of work orders of a component 

(or group of similar components) is useful within business processes. It provides a product manager or 

sales manager with valuable information about what kind of maintenance activities are common for a 

certain component. Basic cost statistics are applied to understand the cost structures behind these 

maintenance scopes, which can help a product manager set up a standard price rate per maintenance 

scope, based on the defined work scope of a cluster group. 

A more advanced application of this knowledge is to apply this information into a cost forecast model. 

Once a product manager is able to recognize what maintenance action is requested by a customer, this 

knowledge can be fed into the forecast model and, together with the application of other known 

features, present an accurate cost estimation for a specific work order. 
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10. Conclusions 
The problem statement by Fokker Services is to investigate whether it is possible to group together 

work orders based on component and maintenance characteristics. The resulting clusters of work 

orders must be particularly suitable for cost forecasting purposes. Related to these goals is the 

question which cluster algorithms yield the most promising results. 

To discover the best suitable data cluster model, three machine learning algorithms are applied which 

all operate from a different philosophy. Birch, a hierarchical method, DBSCAN, a density-based 

method, and SOM, a neural network method. A set of internal and external validation metrics are used 

to validate cluster results. Internal metrics include silhouette score, Calinski-Harabasz score and 

Davies-Bouldin score. External metrics include normalized mutual info score, adjusted rand score and 

completeness score. In addition to these metrics, business insights are also used to evaluate the 

obtained cluster results. The most appropriate result is then selected. 

DBSCAN is never selected as giving the most appropriate cluster results for a component. Validation 

index scores were lowest for DBSCAN and obtained clusters do not match with expert insights. Birch 

and SOM both offered appropriate results. Validation scores were consistently higher for the two 

algorithms and both gave appropriate results. 

Analysis shows that there is a difference between the spread of work order characteristics between 

components. Some components have little distinctive spread whereas others show larger spreads with 

a few denser work order concentrations. The SOM algorithm outperforms Birch in when spread 

between work orders is low whereas Birch outperforms SOM when orders are distinctively grouped. 

Several existing features in the historical maintenance database prove interesting for clustering work 

orders based on performed activities. The labor time defines how much time has been spend on a 

certain activity. Material costs defines the amount of material resources spend during an activity. 

Utilization data also proves to bring valuable distinctions on work orders as it indicates how much a 

component has been used over its lifetime and since its last maintenance event. Apart from existing 

data features, some new features are created. The number of labor steps aims to describe the 

trajectory which a work orders has gone through. The number of cheap, average and expensive 

materials used within a work order defines the extensiveness of a maintenance action. 

Outliers have been identified using the silhouette score for each data object. Work orders that do not 

fit well within their assigned cluster group are ejected and marked as an outlier. In order to define 

activity classes, ejecting work orders which do not fit well results in the final population of a group 

being more reliable and of higher value for product managers. In this way noise from work orders 

which fall in between different cluster groups, or on the edges of a group are removed. DBSCAN has 

an internal outlier detection method, but as the algorithm could not successfully identify the correct 

number of cluster groups, outlier results are likewise not representative. Both Birch and SOM marked, 

on average, roughly 10% of the total population as outliers. 

Using cluster labels to identify a certain group of activities, the accuracy of the cost forecast is improved 

significantly. Whereas the prediction accuracy of the regression model without labels was 0.436, this 

has risen to an R-squared score of 0.886. The error value compared to maximum maintenance costs 

have decreased from 14% to 5%. Predictions for work orders with either a low or a high total cost have 

especially improved using the cluster group labels. 

For the company, insights are gained on what kind of maintenance activities exist within a component 

scope, and to understand the costs related to each of these activities. This leads to more accurate 

pricing as anomalies and other influencing work orders are separated from representative activity 
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clusters. Furthermore, separating groups of different activities, like modifications and overhauls, 

enables product managers to offer more competitive pricing for these activities. Currently, overhauls 

are proven to be priced too expensive as they are calculated using work orders which do not belong in 

this class, but are rather other activity, like a modification. 

For cost forecasting, the addition of activity identification labels prove valuable. Even though they use 

data which is not known in advance, it is still possible to use this information within cost estimations. 

Because a product manager or quotation officer now understands what kind of activities are 

performed, this person is able to identify which activity is most probable on the specific part that was 

sent in for maintenance. Combining the cluster results with the expert knowledge of a product 

manager, an accurate cost estimation can be created. 

Using outlier analysis, future work orders which require similar material repairs can be charged as 

anomalies. When business knowledge is applied, material parts can be identified which cause ‘up and 

above’ cases. These cases may for example require a very expensive part which is either not worth 

replacing, or should not be billed under specific contract conditions with customers. Identifying these 

work order early lead to more specific pricing options. Furthermore, by not applying outlier work 

orders in the cluster analysis, the work scope of a cluster group is more accurately determined 

10.1 Research Limitations 
Like any machine learning technique, performance commonly improves once more data becomes 

available. The 500th most frequent component has roughly 100 work order entries. This has been 

proven to be sufficient for successful clustering, but having a higher amount of work order entries 

would benefit results. This is likewise the case for evaluating cluster results, especially as the business 

perspective proved very valuable in this process. The more work orders are present in a group, the 

easier it is to identify trends within that group. 

Aggregation on master part number or a family of products has proved to be an effective method to 

obtain more data objects while still being able to identify groups of similar activities. An important 

requirement for this is that components within this scope are similar in maintenance complexity and 

performed activities. There exist components that simply cannot be aggregated because they have 

unique characteristics which cannot be compared. 

Another limitation is that in order to do proper result evaluations, a business perspective has proven 

to be especially important to properly interpret the provided results. This made it hard to generalize 

results to compare it with other fields of research, or for outsiders to fully grasp why certain results 

are desired over others. 

This is especially true since validation metrics fail to fully identify results which have practical relevance 

for Fokker Services. Because groups of activities do not follow data structures, internal validation 

metrics in particular perform poorly. This is one of the reasons why DBSCAN in particular could not 

identify proper clusters. But because validation scores cannot be followed blindly, determining which 

results are more relevant over others using expert opinions becomes more subjective. 
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10.2 Future Work 

10.2.1 Text Clustering 
Text mining could prove to be valuable to determine what kind of activity is performed. Each work 

order has a set of memo pads in which customers, sales agents and engineers can put notes regarding 

a work order. Performing text data mining, work order clustering could be achieved. This is not based 

on distance metrics and numerical values like the cluster algorithms in our research is performed. 

Rather it uses descriptors to extract information. 

10.2.2 Utilization Data 
Utilization data is currently entered into the system by a customer when it requests maintenance of a 

component. Like analyzed, not all customers share this information. Roughly 30% of the work orders 

had missing utilization features. A project performed by Fokker has aimed to extract utilization from 

ADS-B (Automatic Dependent Surveillance-Broadcast) data. From December 2020, all aircraft weighing 

over 5,700 kilograms will have to be equipped with ADS-B capabilities (EASA, 2020). 

While research results from the initial research on ADS-B data proved to not be accurate enough, the 

increase in availability of data once airlines are required to equip aircraft with this technology will likely 

result in accurate utilization predictions. This data can then be used as utilization parameters instead 

of the data features currently used which rely on the accuracy or willingness from a customer. 

Especially as utilization data is regarded as an important data feature which brings distinctive 

characteristics about a part within the work scope, making the data feature more accurate is believed 

to positively influence cluster results. 

10.2.3 Integration into Business Applications 
For this research to bring added value to business processes at Fokker, the findings from the research 

have to be transformed into usable applications. For product managers, the availability of an API in 

which information on a certain part number can be retrieved is a valuable asset. By integrating the 

codes on clustering in this API, managers can easily understand the activities which are common on a 

certain part number of master part number level. 

10.2.4 Outlier Detection Assistance 
The outlier detection results can be transformed into an assistance tool for invoicing purposes. Using 

the knowledge of a product manager who has expert knowledge on a certain component, this person 

can identify why exactly a work order is marked as an outlier. By understanding what exactly causes a 

work order to become an outlier, these work orders can be identified early and charged as “up-and-

above” maintenance activities. 
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Appendices 
 

Appendix A Literature Review Data Handling Process 
 

Clustering Methods 

The goal of the literature review on clustering methods is to delimit the research problem. It looks at 

finding appropriate clustering techniques for multi-dimensional data. Furthermore, the goal is to not 

only find suitable methods, but also to make a distinction between method aspects which may result 

in some methods looking more promising over others. It also enhances the subject vocabulary and 

brings an enhanced understanding of the structure of data clustering. 

Literature Research Questions for Clustering Methods 
Based on the above, the following main (cluster methods) literature research question are defined: 

C_LRQ1:    Which clustering techniques are most promising for the data of Fokker? 

To assist in answering this research question, the following sub-questions are defined: 

C_LRSQ1:    What clustering techniques exist? 

C_LRSQ2:    What are the structures behind the found clustering methods? 

C_LRSQ3:    Which cluster validation techniques do exist? 

C_LRSQ4:    What data pre-processing actions are required for successful clustering? 

C_LRSQ5:    What advantages and disadvantages do the found clustering methods have? 

C_LRSQ6:    What software platforms are suitable for coding cluster algorithms? 

As the company in which the research project is completed has a focus on Python programming 

language for their projects, the main focus lies on identifying software packages for this platform. 

However, other platforms will still be evaluated to gain an improved overall understanding of the 

possibilities available. 

Data Sources 
Two sources of literature are used to collect any relevant research papers. Two data source libraries 

are selected: ACM Digital Library, a library for computing topics, and Web of Science, a multiple-

database accessible search engine for many different academic disciplines. The selection of these two 

sources is based on recommendations and findings from courses taken at the University of Technology 

Eindhoven (TU/e). After the initial list of literature sources, Google Scholar is used during exploration 

of the results, which will result in a representative literature list to be used during data evaluation. 

Google Scholar is used as the exploration platform as it enables easy searching and downloading in 

PDF files. 

Search Terms 
The following search terms are defined for searching literature for the initial data collection. Table B.1 

lists the keywords along with associating synonyms. 
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Index Keyword Synonyms and variants 

1 Cluster Clustering 

2 Validation Validity 

3 Review Compare 

4 Model Method, technique 

Table A.1: Keywords with synonyms and variants for cluster technique literature search 

Data Collection 
The second step is to collect the initial data. All found literature is listed in an initial literature list. Then, 

literature is separated between potentially relevant or obviously irrelevant studies. This will result in a 

representative literature list. 

The first step is to translate the search terms defined previously into search queries for both data 

libraries. Then, the search query can be run into each respective library. The query will search into the 

abstract of a paper. Each paper must be in English, as having to translate research papers would be 

too time consuming for the research scope of this literature review. 

In addition to the two literature databases, the snowballing method is utilized to discover other related 

papers which may be of interest. The paper of Kaushik & Mathur (Kaushik & Mathur, 2014) has been 

used as a basis for his snowballing and resulted in an additional 31 sources. This includes additional 

sources on programming platforms suitable for developing clustering algorithms. 

The database search queries and obtained results can be found in Table B.2. 

 ACM Digital Library Web of Science Snowballing 

Search Query [[Abstract: "cluster"] OR [Abstract: 

"clustering"]] AND [[Abstract: "validation"] 

OR [Abstract: "validity"]] AND [[Abstract: 

"review"] OR [Abstract: "compare"]] AND 

[[Abstract: "model"] OR [Abstract: 

"method"] OR [Abstract: "technique"]] 

TITLE: ("cluster" OR "clustering") 

AND TOPIC: (validation OR validity) 

AND TOPIC: ("review" OR "compare") 

AND TOPIC: ("model*" OR 

"method*" OR "technique*") 

- 

Search in Abstract Topic (abstract, title, keyword) - 

Language English English English 

Results 63 318 31 

Unique results 412 

Table A.2: Search execution results for cluster technique literature 

The search queries ran on both ACM and Web of Science databases resulted in 63 and 318 hits 

respectively. With the 31 additional papers through snowballing, a total of 412 results were obtained. 

The resulting literature are listed in the initial literature list presented in Appendix C. 

Data Evaluation 
The third step is to evaluate the literature from the initial literature list, and reduce the results into a 

representative list which only includes useful literature. 

In this extensive list of papers obtained by the data collection process, not all papers will have an added 

value in answering the research questions. Therefore, as suggested by Randolph (2009), selection 

criteria are used to reduce the number of papers from the initial list into a representative list. 

This representative list is constructed through scanning the title, abstract and conclusion. A further 

criteria for papers to be included is that they must be available in PDF. Papers making it to this list 

contain evaluations which help in answering one or multiple research questions. Preferably, papers 
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contain an explanation on data preparation, model development and model validation. A process map 

containing the literature evaluation process is presented in Figure B.1. 

 

 
Figure A.1: Process map of literature evaluation 

Relevant papers which make it through the above described selection strategy are analyzed and 

interpreted in the next part of the literature review. In total, 67 literature items made it into the 

representative list. These are identified in the literature list in Appendix B are being marked with a “2” 

are category identification. Papers in this list are further evaluated next. 
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Cost Forecasting Methods 

The goal of the literature review on forecasting techniques is to look at finding appropriate techniques 

for cost forecasting. It is important to, like in the first literature review, make a distinction between 

methods to decide which techniques appear more promising over others. It also enhances the subject 

vocabulary and brings an enhanced understanding on the subject of forecasting. 

Literature Research Questions for Forecasting Methods 
The clustering models, described prior in this review, will lead to a work scope assignment for each 

work order. This was proposed by prior research on cost forecasting by Massa et al. (2019). To analyze 

if this really results in better cost forecast estimations, it is interesting to apply the data to the same 

models as used in this prior research. 

Based on the above, the following main literature research question is defined: 

F_LRQ1:    What are the structures behind the three forecasting methods? 

To assist in answering this research question, the following sub-questions are defined: 

F_LRSQ1:    What are the advantages and disadvantages for each forecast method? 

F_LRSQ2:    How to validate the results of forecasting techniques? 

Data Collection 
The sourcing of literature will be completed differently compared to the first part of this review. 

Because of the scope of the review, snowballing will be applied to find appropriate literature. For each 

cost forecast method, an initial research paper is found on Google Scholar. From here, additional 

literature will be sourced. 

Data Evaluation 
Prior research developed three regression models to estimate work order costs. For each of these 

three cost forecast models, an initial paper was selected through Google Scholar. These are: 

Random Forest Regression 
Grömping, U. (2009). Variable importance assessment in regression: linear regression versus 
random forest. The American Statistician, 63(4), 308-319. 

Linear Regression 
Kim, J. M., Kim, T., Yu, Y. J., & Son, K. (2018). Development of a maintenance and repair cost 
estimation model for educational buildings using regression analysis. Journal of Asian 
Architecture and Building Engineering, 17(2), 307-312. 

Gradient Boosting Regression 
Singh, H. (2018). Understanding Gradient Boosting Machines. Towards Data Science. 

Snowballing from the three initial papers resulted in 14 papers being reviewed. Some further articles 

were found on regression validation measures. 
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Appendix B Literature Review Initial and Representative List 
 

* 1 = paper belongs to initial list, 2 = paper belongs to representative list and will be further evaluated. 

Nr Title Year Authors Cat* 

399 

A Cluster Randomized Controlled Non-Inferiority Trial Of 5-Day Dose 
Adjustment For Normal Eating ( Dafne) Training Delivered Over 1 
Week Versus 5-Day Dafne Training Delivered Over 5 Weeks: The 
Dafne 5 X 1-Day Trial 

2015 Elliott et al. 1 

115 
A Cluster Validity Framework Based On Induced Partition 
Dissimilarity 

2013 Popescu et al. 2 

260 
A Cluster-Based Approach To Web Adaptation In Context-Aware 
Applications 

2007 De Virgilio et al. 1 

156 
A Clustering Based Methodology To Support The Translation Of 
Medical Specifications To Software Models 

2018 
Gargiulo, F; Silvestri, S; 
Ciampi, M 

1 

47 
A comparative analysis of hierarchical and partitioning clustering 
algorithms for outlier detection in data streams 

2015 Christopher, T; Divya, MT 2 

41 
A Comparative Study of Clustering Data Mining: Techniques and 
Research Challenges 

2014 Patel, D; Modi, R; Sarvakar, K 2 

43 
A Comparative Study of Data Analysis Techniques in the domain of 
Medicative care for Disease Predication 

2017 Zaveri, SH; Joshi, N 1 

144 A Comparative Study On Text Clustering Methods 2006 Zheng et al. 1 

278 
A Comparison Of Cluster And Factor Analytic Techniques For 
Identifying Symptom-Based Dimensions Of Obsessive-Compulsive 
Disorder 

2019 Cameron et al. 1 

161 
A Comparison Study Of Validity Indices On Swarm-Intelligence-Based 
Clustering 

2012 Xu, R; Xu, J; Wunsch, DC 2 

189 A Comprehensive Survey of Clustering Algorithms 2015 Tian, Y; Xu, D 2 

136 
A Comprehensive Survey Of Traditional, Merge-Split And 
Evolutionary Approaches Proposed For Determination Of Cluster 
Number 

2017 Hancer, E; Karaboga, D 2 

385 
A Comprehensive Tool For Efficient Design And Operation Of 
Polygeneration-Based Energy Mu Grids Serving A Cluster Of 
Buildings. Part II: Analysis Of The Applicative Potential 

2013 Piacentino, A; Barbaro, C 1 

59 A cross-comparison of two clustering methods 2001 
Ferret, O; Grau, B; 
Jardino, M 

1 

151 A Data Clustering Tool with Cluster Validity Indices 2009 Edwards, B; Qiao, H 2 

74 
A framework for architecture-level power, area, and thermal 
simulation and its application to network-on-chip design exploration 

2011 Hsieh, M et al. 1 

193 A Fully Autonomous Data Density Based Clustering Technique 2014 Hyde, R; Angelov, P 1 

12 
A Fuzzy Cluster Algorithm Based on Mutative Scale Chaos 
Optimization 

2008 Li et al. 1 

155 A Genetic K-Medoids Clustering Algorithm 2006 Sheng, WG; Liu, XH 1 

247 
A Machine Learning Approach To Cluster The Users Of Stack 
Overflow Forum 

2015 
Anusha, J; Rekha, VS; 
Sivakumar, PB 

1 

368 

A Majority Of Anterior Cruciate Ligament Injuries Can Be Prevented 
By Injury Prevention Programs: A Systematic Review Of Randomized 
Controlled Trials And Cluster-Randomized Controlled Trials With 
Meta-Analysis 

2019 Huang et al. 1 

233 
A Message Delivery Method For Highly Mobile Agents Based On 
Clustering 

2006 Ohta et al. 1 

227 
A Method For Extension Of Generative Topographic Mapping For 
Fuzzy Clustering 

2009 Bose, I; Chen, X 1 
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Nr Title Year Authors Cat* 

395 
A Multicomponent Intervention To Improve Primary Care Provider 
Adherence To Chronic Opioid Therapy Guidelines And Reduce Opioid 
Misuse: A Cluster Randomized Controlled Trial Protocol 

2016 Lasser et al. 1 

390 
A Multi-Level, Mobile-Enabled Intervention To Promote Physical 
Activity In Older Adults In The Primary Care Setting (Icanfit 2.0): 
Protocol For A Cluster Randomized Controlled Trial 

2017 Hong et al. 1 

197 
A Neuro-Fuzzy Classification Technique Using Dynamic Clustering 
And Gss Rule Generation 

2017 
Singh, HR; Biswas, SK; 
Purkayastha, B 

1 

113 
A New Cluster Validity Index Using Maximum Cluster Spread Based 
Compactness Measure 

2016 Wani, MA; Riyaz, R 2 

261 
A New Clustering Algorithm For Scanning Electron Microscope 
Images 

2016 
Yousef, A; Duraisamy, P; 
Karim, M 

1 

199 
A New Similarity Measure By Combining Formal Concept Analysis 
And Clustering For Case-Based Reasoning 

2015 Asghari, M; Alizadeh, S 1 

324 
A Nonparametric And Scale-Independent Method For Cluster-
Analysis .1. The Univariate Case 

1993 Pisani, A 1 

373 
A Pharmacist-Led Intervention For Increasing The Uptake Of Home 
Medicines Review (Hmr) Among Residents Of Retirement Villages 
(Pharmer): Protocol For A Cluster Randomised Controlled Trial 

2011 Lee et al. 1 

19 A quantitative comparison of functional MRI cluster analysis 2004 Dimitriadou, E et al. 2 

58 
A Regularization Approach to Combining Keywords and Training Data 
in Technology-Assisted Review 

2019 
Yang, E; Lewis, DD; 
Frieder, O 

1 

131 
A Review Of Computational Methods For Clustering Genes With 
Similar Biological Functions 

2019 Nies et al. 2 

230 
A Review Of Psychopathy And Cluster B Personality Traits And Their 
Neural Correlates In Female Offenders 

2019 
Edwards, BG; Carre, JR; 
Kiehl, KA 

1 

141 
A Review On Cluster Estimation Methods And Their Application To 
Neural Spike Data 

2018 Zhang et al. 1 

198 A Review On Modal Clustering 2016 Menardi, G 1 

44 A Review: Comparative Study of Image Clustering Algorithms 2014 Kaur, J; Daap, G 1 

33 
A review: Comparative study of various clustering techniques in data 
mining 

2013 Aastha, J; Kaur, R 2 

61 
A sensitivity study of the clustering approach to workload modeling 
(extended abstract) 

1985 Calzarossa, M; Ferrari, D 1 

70 
A Study on Features for Improving Performance of Chinese OCR by 
Machine Learning 

2019 Kim, C; Kim, JS, Kim, UJ 1 

271 A Survey of Clustering Techniques 2010 Rai, P; Singh, S 2 

36 A survey of clustering techniques and algorithms 2015 Puneet Jai, K 2 

408 A Survey on STING and CLIQUE Grid Based Clustering Methods 2017 Saini, S; Rani, P 1 

62 
A system for detecting xml similarity in content and structure using 
relational database 

2009 Viyanon, W; Madria, SK 1 

205 A Two-Layer Model For Gene Clustering Using Poly(A) Site Data 2017 Ji et al. 1 

304 
A Visual Data-Mining Methodology For Seismic-Facies Analysis: Part 
1-Testing And Comparison With Other Unsupervised Clustering 
Methods 

2009 
Marroquin, ID; Brault, JJ; 
Hart, BS 

2 

265 
Accurate And Efficient Query Clustering Via Top Ranked Search 
Results 

2016 Hong et al. 1 

109 
ACM SIGMIS Database: the DATABASE for Advances in Information 
Systems, From the editors 

2006 Chin, WW; Leidner, D 1 

380 
Active Versus Passive Adverse Event Reporting After Pediatric 
Chiropractic Manual Therapy: Study Protocol For A Cluster 
Randomized Controlled Trial 

2017 Pohlman et al. 1 
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311 
Adapting Interrelated Two-Way Clustering Method For Quantitative 
Structure-Activity Relationship (QSAR) Modeling Of 
Mutagenicity/Non-Mutagenicity Of A Diverse Set Of Chemicals 

2013 
Majumdar, S; Basak, SC; 
Grunwald, GD 

1 

240 
Adaptive Hausdorff Distances And Dynamic Clustering Of Symbolic 
Interval Data 

2006 de Carvalho et al. 1 

180 
Advancing Health-Related Cluster Analysis Methodology: 
Quantification Of Pairwise Activity Cluster Similarities 

2015 Ferrar et al. 1 

411 Affinity propagation: clustering data by passing messages 2009 Dueck, D 2 

357 
Aged Care Clinical Mentoring Model Of Change In Nursing Homes In 
China: Study Protocol For A Cluster Randomized Controlled Trial 

2018 Feng et al. 1 

202 
Algorithms And Tools For Protein-Protein Interaction Networks 
Clustering, With A Special Focus On Population-Based Stochastic 
Methods 

2014 Pizzuti, C; Rombo, SE 1 

37 Algorithms for Opinion Mining and Sentiment Analysis: An Overview 2016 Sneka, G; Vidhya, CT 1 

290 
Allocation Techniques For Balance At Baseline In Cluster Randomized 
Trials: A Methodological Review 

2012 Ivers et al. 1 

386 
Ambulatory Toxicity Management (Atom) In Patients Receiving 
Adjuvant Or Neo-Adjuvant Chemotherapy For Early Stage Breast 
Cancer-A Pragmatic Cluster Randomized Trial Protocol 

2019 Krzyzanowska et al. 1 

102 An experimental evaluation of Giraph and GraphCHI 2016 Lu, J; Thomo, A 1 

124 
An Improved Clustering Validity Index For Determining The Number 
Of Malware Clusters 

2009 Wang et al. 1 

220 
An Improved Functional Link Artificial Neural Networks With 
Intuitionistic Fuzzy Clustering For Software Cost Estimation 

2016 Kaushik, A; Soni, A; Soni, R 1 

309 
An Information-Theoretic-Cluster Visualization For Self-Organizing 
Maps 

2018 da Silva, LEB; Wunsch, DC 1 

268 
An Intelligent Water Drops Algorithm To Supply-Demand Hub In 
Industrial Cluster Considering Transportation Mode 

2018 
Kayvanfar, V; Sheikh, S; 
Komaki, GM 

1 

253 
An Unsupervised Method Of Classifying Remotely Sensed Images 
Using Kohonen Self-Organizing Maps And Agglomerative Hierarchical 
Clustering Methods 

2008 Goncalves et al. 1 

295 
Analysing Data From A Cluster Randomized Trial (Crct) In Primary 
Care: A Case Study 

2011 
Walters, SJ; Morrell, CJ; 
Slade, P 

1 

212 
Analysing Temporal Performance Profiles Of Uav Operators Using 
Time Series Clustering 

2017 
Rodriguez-Fernandez, V; 
Menendez, HD; Camacho, D 

1 

283 
Analysis And Evaluation Of Hard And Fuzzy Clustering Segmentation 
Techniques In Burned Patient Images 

2000 
Betanzos, AA; Varela, BA; 
Martinez, AC 

1 

108 Analysis of Controls in ChIP-seq 2017 Awdeh, A; Perkins, TJ 1 

333 
Analysis Of Low-Correlated Spatial Gene Expression Patterns: A 
Clustering Approach In The Mouse Brain Data Hosted In The Allen 
Brain Atlas 

2018 
Rosati, P; Lupascu, CA; 
Tegolo, D 

1 

16 
Analysis of Similarity Measures in Times Series Clustering for the 
Discovery of Building Energy Patterns 

2013 Iglesias, F; Kastner, W 1 

103 
Analysis of topological characteristics of huge online social 
networking services 

2007 Ahn, YY et al. 1 

218 
Analyzing High Dimensional Toxicogenomic Data Using Consensus 
Clustering 

2012 Gao et al. 1 

67 
Anomaly Detection for Container Cluster based on JointCloud 
Platform 

2019 Li et al. 1 

120 
Application Of Fuzzy-Based Pattern Recognition Techniques For 
Cluster Finding In A Preshower Detector In High Energy Heavy Ion 
Experiments 

2011 
Pal, SK; Chattopadhyay, S; 
Viyogi, YP 

1 

23 Applying Cluster Analysis to Segment Construction Steel Market 2009 
Shahrabi, J; Najafabadi, SM; 
Sahebnasagh, M 

2 

123 
Approximating Dunn's Cluster Validity Indices For Partitions Of Big 
Data 

2019 Rathore et al. 1 
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68 
Approximating Model Equivalence in Interactive Dynamic Influence 
Diagrams Using Top K Policy Paths 

2011 Zeng, Y; Chen, Y; Doshi, P 1 

330 
Are Missing Data Adequately Handled In Cluster Randomised Trials? 
A Systematic Review And Guidelines 

2014 Diaz-Ordaz et al. 1 

397 
Are There Efficacious Treatments For Treating The Fatigue-Sleep 
Disturbance-Depression Symptom Cluster In Breast Cancer Patients? 
A Rapid Evidence Assessment Of The Literature (Real (C)) 

2015 Jain et al. 1 

398 

Artificial Intelligence Based Hierarchical Clustering Of Patient Types 
And Intervention Categories In Adult Spinal Deformity Surgery 
Towards A New Classification Scheme That Predicts Quality And 
Value 

2019 Ames et al. 1 

194 
Assessment Of Clustering Tendency Through Progressive Random 
Sampling And Graph-Based Clustering Results 

2013 Prasad, KR; Reddy, BE 2 

362 
Association Of Inflammatory Cytokines With The Symptom Cluster Of 
Pain, Fatigue, Depression, And Sleep Disturbance In Chinese Patients 
With Cancer 

2017 Ji et al. 1 

331 
Automatic Clustering Constraints Derivation From Object-Oriented 
Software Using Weighted Complex Network With Graph Theory 
Analysis 

2017 Chong, CY; Lee, SP 1 

209 
Automatic Clustering Of Multipath Arrivals In Radio-Frequency 
Channels Using Kurtosis 

2013 Gentile, C 1 

55 
Automatic Generation and Validation of Road Maps from GPS 
Trajectory Data Sets 

2016 
Li, H; Kulik, L; 
Ramamohanarao, K 

1 

140 
Automatic Scientific Document Clustering Using Self-Organized 
Multi-Objective Differential Evolution 

2019 
Saini, N; Saha, S; 
Bhattacharyya, P 

1 

229 
Auto-Validation Of Fluorescent Primer Extension Genotyping Assay 
Using Signal Clustering And Neural Networks 

2004 Huang et al. 1 

208 Avoiding Common Pitfalls When Clustering Biological Data 2016 Ronan, T; Qi, ZJ; Naegle, KM 2 

254 
Based On K-Means Clustering And CNN Algorithm Research In Hail 
Cloud Determination 

2015 Wang et al. 1 

349 
Calculations Of Non-Adiabatic Couplings Within Equation-Of-Motion 
Coupled-Cluster Framework: Theory, Implementation, And Validation 
Against Multi-Reference Methods 

2018 
Faraji, S; Matsika, S; Krylov, 
AI 

1 

256 
Challenges From Clustering Analysis To Knowledge Discovery In 
Molecular Biomechanics 

2012 Ping, LW 2 

132 
Choosing Models In Model-Based Clustering And Discriminant 
Analysis 

1999 Biernacki, C; Govaert, G 1 

274 Client Satisfaction: Traditional Care Versus Cluster Care 1997 Gray, YL; Sedhom, L 1 

389 

Clinical Effectiveness Of A Staff Training Intervention In Mental 
Health Inpatient Rehabilitation Units Designed To Increase Patients' 
Engagement In Activities (The Rehabilitation Effectiveness For 
Activities For Life [Real] Study): Single-Blind, Cluster-Randomised 
Controlled Trial 

2015 Killaspy et al. 1 

48 Cluster analysis and workload classification 1993 Raatikainen, KEE 2 

31 Cluster Analysis Basic Concepts and Algorithms 2018 Tan, S 2 

294 Cluster Analysis For Gene Expression Data: A Survey 2004 Jiang, DX; Tang, C; Zhang, AD 2 

252 
Cluster Analysis In Empirical Om Research: Survey And 
Recommendations 

2017 Brusco et al. 2 

30 
Cluster Analysis: Unsupervised Learning via Supervised Learning with 
a Non-convex Penalty 

2013 Pan, W; Shen, XT; Liu, BH 1 

170 
Cluster Based Regression Model On Dengue Incidence Using Dual 
Climate Variables 

2016 Mathulamuthu et al. 2 

288 Cluster Policy Based On Key National Clusters - A Case Of Poland 2019 Jankowiak, AH 1 

128 Cluster Validation Measures for Label Noise Filtering 2018 Boeva et al. 1 
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116 Cluster Validity Indices For Graph Partitioning 2004 Boutin, F; Hascoet, M 2 

18 Cluster Validity Measures for Data with Tolerance 2010 
Hamasuna, Y; Endo, Y; 
Miyamoto, S 

1 

188 Cluster Validity Measurement Techniques 2006 
Babos, A; Juhász, S; 
Legány, C 

2 

125 Cluster Validity Methods: Part I 2002 
Halkidi, M; Batistakis, Y; 
Vazirgiannis, M 

2 

135 Cluster Validity Using Support Vector Machines 2003 Estivill-Castro, V; Yang, JH 2 

118 Clustering Algorithms And Validity Measures 2001 
Halkidi, M; Batistakis, Y; 
Vazirgiannis, M 

2 

57 Clustering algorithms for wireless ad hoc networks 2000 Ramachandran, L et al. 1 

273 Clustering Algorithms: Their Application To Gene Expression Data 2016 Oyelade et al. 2 

154 
Clustering And Classification Of Kepler's Confirmed Exoplanets Based 
On Mixture Models 

2019 Jana, S; Pal, C 1 

184 
Clustering And Selection Of Boundary Conditions For Limited-Area 
Ensemble Prediction 

2018 Bouttier, F; Raynaud, L 1 

1 Clustering and validation for very large databases (VLDB) 2006 Momin, BF 2 

38 Clustering in data mining: A brief review 2014 Sharma, M; Borana, K 2 

5 Clustering Methods Applied for Gene Expression Data: A Study 2016 
Gupta, S; Singh, SN; 
Kumar, D 

2 

251 
Clustering Motion Trajectories Based On Isoperimetric Graph 
Partitioning Algorithm And Directional Trimmed Mean Distance 

2009 Wen, J; Wen, DS 1 

255 Clustering Of High-Dimensional Data Via Finite Mixture Models 2010 McLachlan, GJ; Baek, J 1 

262 Clustering Of Time Series Data - A Survey 2005 Liao, TW 1 

312 
Clustering Of Whole-Brain White Matter Short Association Bundles 
Using Hardi Data 

2017 Roman et al. 1 

15 Clustering of Wikipedia Texts Based on Keywords 2016 
Karyak, JG; Sisakht, FY; 
Abbasi, S 

1 

291 
Clustering Of Wind Resource Data For The South African Renewable 
Energy Development Zones 

2019 
van Vuuren, CYJ; 
Vermeulen, HJ 

1 

122 Clustering Stability For Automated Color Image Segmentation 2017 
Baya, AE; Larese, MG; 
Namias, R 

1 

14 
Clustering Stability via Concept-based Nonnegative Matrix 
Factorization 

2019 
Nghia, DT; Nguyen, MH; 
Nguyen, HTH 

1 

53 Clustering test cases to achieve effective test selection 2010 Sapna, PG; Mohanty, H 1 

110 Clustering Validity Checking Methods: Part II 2002 
Halkidi, M; Batistakis, Y; 
Vazirgiannis, M 

2 

238 
Co-Clustering And Visualization Of Gene Expression Data And Gene 
Ontology Terms For Saccharomyces Cerevisiae Using Self-Organizing 
Maps 

2007 Brameier, M; Wiuf, C 1 

79 Collaborative Web caching based on proxy affinities 2000 Yang, J; Wang, W; Muntz, R 1 

402 

Collecting And Using Reliable Vaccination Coverage Survey Estimates: 
Summary And Recommendations From The "Meeting To Share 
Lessons Learnt From The Roll-Out Of The Updated Who Vaccination 
Coverage Cluster Survey Reference Manual And To Set An 
Operational Research Agenda Around Vaccination Coverage Surveys" 

2018 Danovaro-Holliday et al. 1 

77 Combining email models for false positive reduction 2005 Hershkop, S; Stolfo, SJ 1 

369 
Community Interventions To Prevent Violence Against Women And 
Girls In Informal Settlements In Mumbai: The Sneha-Tara Pragmatic 
Cluster Randomised Controlled Trial 

2019 Daruwalla et al. 1 

10 
Comparative Analysis of Cluster Validity Indices in Identifying Some 
Possible Genes Mediating Certain Cancers 

2013 Ghosh, A; Dhara, BC; De, RK 2 

306 
Comparative Analysis Of Clustering And Biclustering Algorithms For 
Grouping Of Genes: Co-Function And Co-Regulation 

2012 
Bhattacharya, A; 
Chowdhury, N; De, RK 
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302 
Comparative Effectiveness Of Treatments To Prevent Dental Caries 
Given To Rural Children In School-Based Settings: Protocol For A 
Cluster Randomised Controlled Trial 

2018 Ruff, RR; Niederman, R 1 

159 
Comparative Study Of Clustering Based Colour Image Segmentation 
Techniques 

2012 Chebbout, S; Merouani, HF 1 

32 Comparative study of K-means and hierarchical clustering techniques 2014 Kaushik, M; Mathur, B 2 

235 Comparing Clustering Solutions: The Use Of Adjusted Paired Indices 2015 
Amorim, MJ; 
Cardoso, MGMS 

1 

145 Comparing The Performance Of Biomedical Clustering Methods 2015 
Wiwie, C; Baumbach, J; 
Rottger, R 

2 

275 
Comparing The Performance Of Traditional Cluster Analysis, Self-
Organizing Maps And Fuzzy C-Means Method For Strategic Grouping 

2009 
Budayan, C; Dikmen, I; 
Birgonul, MT 

2 

270 
Comparison And Evaluation Of Clustering Algorithms For Tandem 
Mass Spectra 

2017 Rieder et al. 1 

46 
Comparison Between K-Means and Genetic Algorithm in Text 
Document Clustering 

2015 Divyashree, G; Rayar, G 1 

249 
Comparison Of Cluster Expansion Fitting Algorithms For Interactions 
At Surfaces 

2015 
Herder, LM; Bray, JM; 
Schneider, WF 

1 

25 
Comparison of Clustering Algorithms for Learning Analytics with 
Educational Datasets 

2018 Navarro, AM; Moreno-Ger, P 2 

39 
Comparison of data mining techniques for forecasting diabetes 
mellitus 

2014 
Thangaraju, P; Deepa, B; 
Karthikeyan, T 

2 

305 
Comparison Of Multianalyte Proficiency Test Results By Sum Of 
Ranking Differences, Principal Component Analysis, And Hierarchical 
Cluster Analysis 

2013 
Skrbic, B; Heberger, K; 
Durisic-Mladenovic, N 

1 

95 
Comparison of multi-modal optimization algorithms based on 
evolutionary algorithms 

2006 Singh, G; Deb, K 1 

223 
Comparison Of Semantic And Single Term Similarity Measures For 
Clustering Turkish Documents 

2007 Yuecesoy, B; Oguducu, SG 1 

126 

Comparison Of Spectral Clustering, K-Clustering And Hierarchical 
Clustering On E-Nose Datasets: Application To The Recognition Of 
Material Freshness, Adulteration Levels And Pretreatment 
Approaches For Tomato Juices 

2014 Hong, XZ; Wang, J; Qi, GD 1 

143 
Comparison Of The Data-Based And Gene Ontology-Based 
Approaches To Cluster Validation Methods For Gene Microarrays 

2006 
Bolshakova, N; 
Zamolotskikh, A; 
Cunningham, P 

1 

54 Comparisons Between Data Clustering Algorithms 2008 Abbas, O 2 

310 
Comparisons Of Particle Cluster Diameter And Concentration In 
Circulating Fluidized Bed Riser And Downer Using Computational 
Fluid Dynamics Simulation 

2013 
Chalermsinsuwan, B; 
Gidaspow, D; 
Piumsomboon, P 

1 

340 
Comprehensive Technology-Assisted Training And Supervision 
Program To Enhance Depression Management In Primary Care In 
Santiago, Chile: Study Protocol Cluster Randomized Controlled Trial 

2015 Rojas et al. 1 

127 Computational Cluster Validation In Post-Genomic Data Analysis 2005 Handl, J; Knowles, J; Kell, DB 2 

307 
Configurational Thermodynamics Of Alloys From First Principles: 
Effective Cluster Interactions 

2008 Ruban, AV; Abrikosov, IA 1 

216 
Controlling The False Positive Rate In Fuzzy Clustering Using 
Randomization: Application To Fmri Activation Detection 

2004 Jahanian et al. 1 

111 Conventional And Bayesian Validation For Fuzzy Clustering Analysis 2010 Limam, O; Ben Abdelaziz, F 1 

121 Correlation Cluster Validity 2011 Popescu et al. 1 

76 COTSon: infrastructure for full system simulation 2009 Argollo, E et al. 1 

232 
Coupled-Cluster Raman Intensities: Assessment And Comparison 
With Multiconfiguration And Density Functional Methods 

2002 
Neugebauer, J; Reiher, M; 
Hess, BA 

1 

112 Cross Validation Issues In Multiobjective Clustering 2009 Brusco, MJ; Steinley, D 1 
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318 
Cross Validation Of Cluster-Analysis Using Immunostained Multi-
Tissue Tumor Block Slides 

1991 Manderino et al. 1 

85 
Cross-project defect prediction using a connectivity-based 
unsupervised classifier 

2016 Zhang, F et al. 1 

341 
Dark Energy Survey Year 1 Results: Validation Of Weak Lensing 
Cluster Member Contamination Estimates From P(Z) Decomposition 

2019 Varga et al. 1 

139 Data Clustering: 50 Years Beyond K-means 2008 Jain, AK 2 

158 Data Density Based Clustering 2014 Hyde, R; Angelov, P 1 

40 
Data Mining: Techniques, Key Challenges and Approaches for 
Improvement 

2016 Mlambo, N 2 

231 
Data-Analytical Stability Of Cluster-Wise And Peak-Wise Inference In 
Fmri Data Analysis 

2015 Roels et al. 1 

219 
Data-Driven Feature Word Selection For Clustering Online News 
Comments 

2016 Cho, H; Lee, JS 1 

164 
Deep Learning Vs Spectral Clustering Into An Active Clustering With 
Pairwise Constraints Propagation 

2016 Voiron et al. 1 

217 
Defuzzified Clustering Algorithms Derived From The Method Of 
Entropy-Based Fuzzy C-Means 

2005 
Miyamoto, S; Yasukochi, T; 
Inokuchi, R 

1 

292 
Delineation Of River Bed-Surface Patches By Clustering High-
Resolution Spatial Grain Size Data 

2014 
Nelson, PA; Bellugi, D; 
Dietrich, WE 

1 

388 
Delirium Diagnosis Defined By Cluster Analysis Of Symptoms Versus 
Diagnosis By Dsm And Icd Criteria: Diagnostic Accuracy Study 

2016 Sepulveda et al. 1 

165 Denoised Kernel Spectral Data Clustering 2016 Mall et al. 1 

99 
Depth judgment measures and occluders in near-field augmented 
reality 

2009 Singh, G et al. 1 

73 Designing mobility models based on social network theory 2007 Musolesi, M; Mascolo, C 1 

350 
Development And Optimization Of Spect Gated Blood Pool Cluster 
Analysis For The Prediction Of Crt Outcome 

2014 Lalonde et al. 1 

313 
Development Of Effective Stokesian Dynamics Method For 
Ferromagnetic Colloidal Dispersions (Cluster-Based Stokesian 
Dynamics Method) 

2002 Satoh, A 1 

266 
Distinct Asthma Phenotypes With Low Maximal Attainment Of Lung 
Function On Cluster Analysis 

2019 Bhargava et al. 1 

176 Distributed Clustering Of Ubiquitous Data Streams 2014 Rodrigues, PP; Gama, J 1 

178 Distributed Data Clustering Over Networks 2019 
Altilio, R; Di Lorenzo, P; 
Panella, M 

1 

281 
DMCM: A Data-Adaptive Mutation Clustering Method To Identify 
Cancer-Related Mutation Clusters 

2019 Lu et al. 1 

60 DOM block clustering for enhanced sampling and evaluation 2015 Harper, S et al. 1 

177 
Dual-Centers Type-2 Fuzzy Clustering Framework And Its Verification 
And Validation Indices 

2016 
Golsefid, SMM; 
Zarandi, MHF 

1 

401 
Effect Of A Stepped-Care Intervention Delivered By Lay Health 
Workers On Major Depressive Disorder Among Primary Care Patients 
In Nigeria (Stepcare): A Cluster-Randomised Controlled Trial 

2019 Gureje et al. 1 

337 

Effect Of Breastfeeding Education And Support Intervention (Bfesi) 
Versus Routine Care On Timely Initiation And Exclusive Breastfeeding 
In Southwest Ethiopia: Study Protocol For A Cluster Randomized 
Controlled Trial 

2018 
Abdulahi, M; Fretheim, A; 
Magnus, JH 

1 

190 Effective Image Clustering Based On Human Mental Search 2019 
Mousavirad, SJ; 
Ebrahimpour-Komleh, H; 
Schaefer, G 

1 

344 
Effectiveness Of A Lumbopelvic Monitor And Feedback Device To 
Change Postural Behaviour: A Protocol For The Elf Cluster 
Randomised Controlled Trial 

2017 
Ribeiro, DC; Milosavljevic, S; 
Abbott, JH 
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363 
Effectiveness Of A Multifaceted Intervention For Potentially 
Inappropriate Prescribing In Older Patients In Primary Care: A 
Cluster-Randomized Controlled Trial (Opti-Script Study) 

2015 Clyne et al. 1 

134 E-Means: An Evolutionary Clustering Algorithm 2008 Lu, W; Tong, HJ; Traore, I 1 

192 Energy-Based Function To Evaluate Data Stream Clustering 2013 Albertini, MK; de Mello, RF 1 

241 
Energy-Efficient Self-Organized Clustering With Splitting And Merging 
For Wireless Sensor Networks 

2013 Lee, K; Lee, H 1 

264 Ensemble Based Rough Fuzzy Clustering For Categorical Data 2015 Saha, I; Sarkar, JP; Maulik, U 1 

183 
Equal Partition Based Clustering Approach For Event Summarization 
In Videos 

2016 
Kumar, K; Shrimankar, DD; 
Singh, N 

1 

168 Estimating Generalized Dunn's Cluster Validity Indices For Big Data 2018 Rathore et al. 1 

366 

Evaluating The Clinical And Cost Effectiveness Of A Behaviour Change 
Intervention For Lowering Cardiovascular Disease Risk For People 
With Severe Mental Illnesses In Primary Care (Primrose Study): Study 
Protocol For A Cluster Randomised Controlled Trial 

2016 Osborn et al. 1 

322 
Evaluation Of Climate Patterns In A Regional Climate Model Over 
Italy Using Long-Term Records From Synop Weather Stations And 
Cluster Analysis 

2015 Calmanti et al. 1 

206 
Evolutionary And Swarm Intelligence Methods For Partitional Hard 
Clustering 

2014 Prakash, J; Singh, PK 1 

280 
Expansion Schemes For Gravitational Clustering: Computing Two-
Point And Three-Point Functions 

2008 Valageas, P 1 

237 
Exploring Brain Activation Patterns During Heuristic Problem Solving 
Using Clustering Approach 

2011 Liu, DZ 1 

245 
Exploring The Relationships Among Icts: A Scalable Computational 
Approach Using Kl Divergence And Hierarchical Clustering 

2010 Tsui et al. 1 

323 
Exponents Of Non-Linear Clustering In Scale-Free One-Dimensional 
Cosmological Simulations 

2013 
Benhaiem, D; Joyce, M; 
Sicard, F 

1 

138 
fastcluster: Fast Hierarchical, Agglomerative Clustering Routines for R 
and Python 

2013 Müllner, D 1 

29 
Feature Selection with Attributes Clustering by Maximal Information 
Coefficient 

2013 Zhao, X; Deng, W; Shi, Y 1 

83 Feature words that classify problem sentence in scientific article 2012 Sakai, T; Hirokawa, S 1 

359 
Finding The Primary Care Providers In The Specialist-Dominant 
Primary Care Setting Of Korea: A Cluster Analysis 

2016 Lee et al. 1 

236 
Fish: Finding Of Identical Spectra Set For Homogenous Peptide Using 
Two-Stage Clustering Algorithm 

2010 Lee et al. 1 

410 
FLAME, a novel fuzzy clustering method for the analysis of DNA 
microarray data 

2007 Fu, L.; Medico, E. 2 

285 
Flood Season Division With An Improved Fuzzy C-Mean Clustering 
Method In The Taihu Lake Basin In China 

2012 Wang et al. 1 

224 
Forecast Bankruptcy Using A Blend Of Clustering And Mars Model: 
Case Of Us Banks 

2019 Affes, Z; Hentati-Kaffel, R 1 

71 
Functional feasibility analysis of variability-intensive data flow-
oriented applications over highly-configurable platforms 

2018 Lazreg, S; Collet, P; Mosser, S 1 

3 Fuzzy Cluster Validation Using the Partition Negentropy Criterion 2009 
Lago-Fernandez, LF; 
Sanchez-Montanes, M; 
Corbacho, F 

1 

28 Fuzzy Clustering Algorithms - Review of the Applications 2016 Li, JM; Lewis, HW 2 

130 Fuzzy Clustering As Rational Partition Method For QSAR 2017 Perez-Garrido et al. 1 

175 Fuzzy Clustering For Knowledge Discovery In Oceanographic Data 2006 Liu, ZJ; Wu, B; George, R 1 

7 Fuzzy Clustering for Microarray Data Analysis: A Review 2011 Liu, J; Pham, TD 1 

213 Fuzzy Clustering Of Human Motor Motion 2011 Naghdy, F 1 

181 Fuzzy Rule Based Clustering For Gene Expression Data 2013 Sinaee, M; Mansoori, EG 2 
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20 Fuzzy Shared Nearest Neighbor Clustering 2019 Sharma, R; Verma, K 1 

335 
Galaxy Cluster Searches Based On Photometric Redshifts In The Four 
Cfhtls Wide Fields 

2011 Durret et al. 1 

328 
Galaxy Clustering Constraints On Deviations From Newtonian Gravity 
At Cosmological Scales. Ii. Perturbative And Numerical Analyses Of 
Power Spectrum And Bispectrum 

2007 Shirata et al. 1 

215 General C-Means Clustering Model 2005 Yu, J 1 

221 
Genetic Based Feed-Forward Neural Network Training For Chaff 
Cluster Detection 

2012 Lee et al. 1 

4 
GMM Clustering-Based Decision Trees Considering Fault Rate and 
Cluster Validity for Analog Circuit Fault Diagnosis 

2019 Shi, JY; He, QJ; Wang, ZL 1 

148 Graph-Based Hierarchical Conceptual Clustering 2002 
Jonyer, I; Cook, DJ; 
Holder, LB 

1 

94 
Graphical Representation and Similarity Analysis of Protein 
Sequences Based on Fractal Interpolation 

2017 Hu, H et al. 1 

191 
Hierarchical Clustering Algorithms With Automatic Estimation Of The 
Number Of Clusters 

2017 Abe et al. 1 

383 
High- Versus Low-Intensity Interventions For Perinatal Depression 
Delivered By Non-Specialist Primary Maternal Care Providers In 
Nigeria: Cluster Randomised Controlled Trial (The Exponate Trial) 

2019 Gureje et al. 1 

342 
High-Frequency Sequence Stratigraphy Using Syntactic Methods And 
Clustering Applied To The Upper Limestone Coal Group (Pendleian, 
E1) Of The Kincardine Basin, United Kingdom 

2001 
Duan, TZ; Griffiths, CM; 
Johnsen, SO 

1 

98 Hybrid Preemptive Scheduling of MPI Applications on the Grids 2004 Bouteiller, A et al. 1 

317 
Identification Of Clinical Phenotypes Using Cluster Analyses In COPD 
Patients With Multiple Comorbidities 

2014 
Burgel, PR; Paillasseur, JL; 
Roche, N 

1 

119 
Identifying Cluster Number For Subspace Projected Functional Data 
Clustering 

2011 Li, PL; Chiou, JM 1 

370 
Impact Of Booster Breaks And Computer Prompts On Physical 
Activity And Sedentary Behavior Among Desk-Based Workers: A 
Cluster-Randomized Controlled Trial 

2016 Taylor et al. 1 

381 
Implementing Shared Decision-Making In Interprofessional Home 
Care Teams (The Ipsdm-Sw Study): Protocol For A Stepped Wedge 
Cluster Randomised Trial 

2016 Legare et al. 1 

406 
Improved algorithms for clustering ASML event log data fast 
hierarchical clustering by a combination of cosine similarity and 
Fiedler vectors 

2014 Slenders, T 1 

150 
Improved Clustering Criterion For Image Clustering With Artificial Bee 
Colony Algorithm 

2015 
Ozturk, C; Hancer, E; 
Karaboga, D 

1 

87 Improved Nyström low-rank approximation and error analysis 2008 
Zhang, K; Tsang, IW; 
Kwok, JT 

1 

182 Improving Accuracy Of Decision Trees Using Clustering Techniques 2013 Torres-Nino et al. 1 

50 Improving cluster availability using workstation validation 2002 
Heath, T; Martin, RP; 
Nguyen, TD 

1 

228 
Improving Clustering Algorithms For Image Segmentation Using 
Contour And Region Information 

2006 Oliver et al. 1 

107 Improving expert prediction of issue resolution time 2016 
Pfahl, D; Karus, S; 
Stavnycha, M 

1 

263 Impulsivity And Cluster B Personality Disorders 2017 
Turner, D; Sebastian, A; 
Tuscher, O 

1 

234 
Integrating Fitness Predator Optimizer With Multi-Objective PSO For 
Dynamic Partitional Clustering 

2019 
Prakash, J; Singh, PK; 
Kishor, A 

1 

169 Interactive Data Analysis And Clustering Of Genomic Data 2008 Ciaramella et al. 1 

196 
Interactive Visual Exploration And Refinement Of Cluster 
Assignments 

2017 Kern et al. 1 
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325 
Interdisciplinary COPD Intervention In Primary Care: A Cluster 
Randomised Controlled Trial 

2019 Liang et al. 1 

347 

Interdisciplinary Model Of Care (Radicals) For Early Detection And 
Management Of Chronic Obstructive Pulmonary Disease (Copd) In 
Australian Primary Care: Study Protocol For A Cluster Randomised 
Controlled Trial 

2017 Liang et al. 1 

163 
Internal And External Validity Of Cluster Randomised Trials: 
Systematic Review Of Recent Trials 

2008 Eldridge et al. 1 

242 
Introducing And Comparing Recent Clustering Methods For Massive 
Data Management In The Internet Of Things 

2019 Guyeux et al. 1 

64 JMT: performance engineering tools for system modeling 2009 
Bertoli, M; Casale, G; 
Serazzi, G 

1 

201 
Kernel Based Automatic Clustering Using Modified Particle Swarm 
Optimization Algorithm 

2007 Abraham, A; Das, S; Konar, A 1 

279 
Kinetic-Theory Predictions Of Clustering Instabilities In Granular 
Flows: Beyond The Small-Knudsen-Number Regime 

2014 Mitrano et al. 1 

42 
K-Mean Evaluation in Weka Tool and Modifying It using Standard 
Score Method 

2014 Bhiwani, BCB 1 

374 
Knowledge Translation On Dementia: A Cluster Randomized Trial To 
Compare A Blended Learning Approach With A "Classical" Advanced 
Training In GP Quality Circles 

2007 Vollmar et al. 1 

106 Large scale debugging of parallel tasks with AutomaDeD 2011 Laguna, I et al. 1 

78 Learning entailment rules for unary templates 2008 Szpektor, I; Dagan, I 1 

89 Learning kernels from indefinite similarities 2009 Chen, Y; Gupta, MR 1 

104 
Learning uncertainty models from weather forecast performance 
databases using quantile regression 

2013 Zarnani, A; Musilek, P 1 

96 
Leveraging Users for Efficient Interruption Management in Agent-
User Systems 

2009 
Shrot, T; Rosenfeld, A; 
Kraus, S 

1 

81 
Linguistically-based sub-sentential alignment for terminology 
extraction from a bilingual automotive corpus 

2008 
Macken, L; Lefever, E; 
Hoste, V 

1 

400 
Low Physical Activity, High Television Viewing And Poor Sleep 
Duration Cluster In Overweight And Obese Adults; A Cross-Sectional 
Study Of 398,984 Participants From The Uk Biobank 

2017 Cassidy et al. 1 

207 
Low-Kappa And High-Kappa Breakdown Statistics With Variability: 
Clustering Model Versus Reconstruction Methodology (Invited) 

2015 Wu, E; Li, BZ; Stathis, J 1 

6 Lung Nodule Segmentation through Unsupervised Clustering Models 2012 
Sivakumar, S; 
Chandrasekar, C 

1 

407 Managing the Demand for Spare Parts 2015 Mikalsen, M 1 

226 
Manga Character Clustering With DBSCAN Using Fine-Tuned CNN 
Model 

2019 
Yanagisawa, H; Yamashita, T; 
Watanabe, H 

1 

258 Merger Types Forming The Virgo Cluster In Recent Gigayears 2018 Olchanski, M; Sorce, JG 1 

403 Methodology Review: Clustering Methods 1987 Milligan, W; Cooper, M 2 

56 Metric clustering via consistent labeling 2008 
Krauthgamer, R; 
Rougharden, T 

1 

97 Metric embedding for kernel classification rules 2008 
Sriperumbudur, BK; 
Lang, OA; Lanckriet, GRG 

1 

90 Metrics for Phylogenetic Networks II: Nodal and Triplets Metrics 2009 Cardona, G et al. 1 

276 
Mineral Identification In LWIR Hyperspectral Imagery Applying 
Sparse-Based Clustering 

2019 Yousefi et al. 1 

88 
Mining and analyzing the topological structure of protein-protein 
interaction networks 

2006 Wu, DD; Hu, X 1 

65 
Mining Hidden Concepts for Ontology Extension Using Multivariate 
Probabilistic Modeling 

2009 
Ye, N; Pudhiyeetil, A; 
Gauch, S 

1 

248 
Missing Value Estimation For Microarray Data Based On Fuzzy C-
Means Clustering 

2005 Luo, JW; Yang, T; Wang, Y 1 
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162 Model-Based Clustering And Analysis Of Video Scenes 2002 Tan, YP; Lu, H 1 

299 
Modulated Modularity Clustering As An Exploratory Tool For 
Functional Genomic Inference 

2009 Stone, EA; Ayroles, JF 1 

296 
Monte Carlo Simulations Of Globular Cluster Evolution. IV. Direct 
Integration Of Strong Interactions 

2007 Fregeau, JM; Rasio, FA 1 

298 
Monte Carlo Simulations Of Globular Cluster Evolution. V. Binary 
Stellar Evolution 

2010 Chatterjee et al. 1 

101 Multi-class Protein Classification Using Adaptive Codes 2007 Melvin, I et al. 1 

105 
Multi-hop scheduling and local data link aggregation dependant QOS 
in modeling and simulation of power-aware wireless sensor networks 

2009 Iyer, V et al. 1 

267 
Multi-Objective Artificial Immune Algorithm For Fuzzy Clustering 
Based On Multiple Kernels 

2017 Shang et al. 1 

160 
Multi-Objective Clustering Ensemble For Gene Expression Data 
Analysis 

2009 Faceli et al. 1 

409 
Multiobjective clustering with automatic k-determination for large-
scale data 

2007 
Matake, N.; Hiroyasu, T.; 
Miki, M.; Senda, T. 

2 

187 
Multi-Sentiment Modeling With Scalable Systematic Labeled Data 
Generation Via Word2vec Clustering 

2016 
Mayank, D; 
Padmanabhan, K; Pal, K 

1 

321 
NAP SACC UK: Protocol For A Feasibility Cluster Randomised 
Controlled Trial In Nurseries And At Home To Increase Physical 
Activity And Healthy Eating In Children Aged 2-4 Years 

2016 Kipping et al. 1 

8 
Noise Resistant Generalized Parametric Validity Index of Clustering 
for Gene Expression Data 

2014 Fa, R; Nandi, AK 1 

243 
Non-Dominated Sorting Genetic Algorithm Using Fuzzy Membership 
Chromosome For Categorical Data Clustering 

2015 Yang et al. 1 

69 
Non-work-conserving effects in MapReduce: diffusion limit and 
criticality 

2014 Tan, J et al. 1 

117 On Clustering Validation Techniques 2001 
Halkidi, M; Batistakis, Y; 
Vazirgiannis, M 

2 

114 On Fuzzy Cluster Validity Indices 2007 Wang, WN; Zhang, YJ 2 

84 On Subset Seeds for Protein Alignment 2009 Roytberg, M et al. 1 

405 On the Number of Clusters 1996 Hardy, A 2 

289 On The Power Of The Test For Cluster Bias 2015 Jak, S; Oort, FJ 1 

82 On the predictive power of sequence similarity in yeast 2001 Bilu, Y; Linial, M 1 

2 On Validation of Clustering Techniques for Bibliographic Databases 2014 Mishra, S; Saha, S; Mondal, S 1 

13 
OptCluster: an R package for determining the optimal clustering 
algorithm and optimal number of clusters 

2017 Sekula, M 2 

334 

Optimising Design And Cost-Effective Implementation Of Future Pan-
African Dietary Studies: A Review Of Existing Economic Integration 
And Nutritional Indicators For Scenario-Based Profiling And 
Clustering Of Countries 

2018 Aglago et al. 1 

257 
Paranoia And Anxiety: A Cluster Analysis In A Non-Clinical Sample 
And The Relationship With Worry Processes 

2018 Sun et al. 1 

259 
Partially Supervised Hierarchical Clustering Of SAR And Multispectral 
Imagery For Urban Areas Monitoring 

2004 Gomez-Chova et al. 1 

185 
Particle Swarm Clustering In Clustering Ensembles: Exploiting Pruning 
And Alignment Free Consensus 

2017 
de Oliveira, JV; Szabo, A; 
de Castro, LN 

1 

314 
Patients' Perceptions Of The Quality Of Palliative Care And 
Satisfaction - A Cluster Analysis 

2019 
Sandsdalen, T; Wilde-
Larsson, B; Grondahl, VA 

1 

147 Pattern Recognition Comparisons With Fuzzy Clustering Algorithms 2001 Li, ZY; Looney, CG 1 

329 
Patterns Of Self-Care In Adults With Heart Failure And Their 
Associations With Sociodemographic And Clinical Characteristics, 
Quality Of Life, And Hospitalizations A Cluster Analysis 

2017 Vellone et al. 1 
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244 
Perceptual Analysis Of Haptic Icons: An Investigation Into The Validity 
Of Cluster Sorted Mds 

2006 Pasquero et al. 1 

35 Performance analysis of clustering algorithms in data mining in weka 2015 Prakash, S; Surya, A 2 

51 
Performance Evaluation of Cluster Validity Methods: an Energy 
Optimization in Wireless Sensor Networks Using Hybrid K-Medoids 
Algorithm 

2017 Mahboub, A et al. 1 

286 
Perturbative Growth Of Cosmological Clustering .2. The Two-Point 
Correlation 

1996 Bharadwaj, S 1 

365 
Phenomapping Of Subgroups In Hypertensive Patients Using 
Unsupervised Data-Driven Cluster Analysis: An Exploratory Study Of 
The Sprint Trial 

2019 Yang et al. 1 

152 
Picturing Agreement Between Clustering Solutions Using 
Multidimensional Unfolding: An Application To Greenhouse Gas 
Emissions Data 

2020 
Martins, AAAF; 
Cardoso, MGMS 

1 

293 
Potential Approach For Constrained Autonomous Manoeuvres Of A 
Spacecraft Equipped With A Cluster Of Control Moment Gyroscopes 

2009 Avanzini, G; Radice, G; Ali, I 1 

91 Power and energy-aware processor scheduling 2011 Brochard, L et al. 1 

387 

Pragmatic Cluster Randomised Controlled Trial Of Facilitated Family 
Case Conferencing Compared With Usual Care For Improving End Of 
Life Care And Outcomes In Nursing Home Residents With Advanced 
Dementia And Their Families: The Ideal Study Protocol 

2015 Agar et al. 1 

375 
Prevention Of Adverse Drug Reactions In Hospitalised Older Patients 
Using A Software-Supported Structured Pharmacist Intervention: A 
Cluster Randomised Controlled Trial 

2016 O'Sullivan et al. 1 

49 Probabilistic Metrics for Soft-Clustering and Topic Model Validation 2010 
Ramirez, EH; Brena, R; 
Magatti, D; and Stella, F 

1 

204 Projected Clustering Using Particle Swarm Optimization 2012 Gajawada, S; Toshniwal, D 1 

142 
Properties Of Analysis Methods That Account For Clustering In 
Volume-Outcome Studies When The Primary Predictor Is Cluster Size 

2007 Panageas et al. 1 

179 
Proposal Of New Hybrid Fuzzy Clustering Algorithms - Application To 
Breast Cancer Dataset 

2017 
Coutinho, PHS; 
das Chagas, TP 

1 

371 
Protocol For A Cluster Randomised Trial Of A Communication Skills 
Intervention For Physicians To Facilitate Survivorship Transition In 
Patients With Lymphoma 

2016 Parker et al. 1 

339 
Protocol Of A Cluster Randomized Trial To Investigate The Impact Of 
A Type 2 Diabetes Risk Prediction Model On Change In Physical 
Activity In Primary Care 

2018 Jacobs et al. 1 

377 
Protocolled Practice Nurse-Led Care For Children With Asthma In 
Primary Care: Protocol For A Cluster Randomised Trial 

2019 Bousema et al. 1 

354 
Proton Temperature Anisotropy In The Magnetosheath: Comparison 
Of 3-D Mhd Modelling With Cluster Data 

2007 Samsonov et al. 1 

379 
Pseudoprogression In Patients With Glioblastoma: Assessment By 
Using Volume-Weighted Voxel-Based Multiparametric Clustering Of 
Mr Imaging Data In An Independent Test Set 

2015 Park et al. 1 

129 
PyMix - The Python mixture package - a tool for clustering of 
heterogeneous biological data 

2010 
Georgi, B; Costa, IG; 
Schliep, A 

2 

355 
Receiver-Operated Characteristic Curve Analysis Of 2 Algorithms 
Assessing Human Growth-Hormone Pulsatile Secretion (Pulsar, 
Cluster) - Comparison Of Peak Detection Efficacy 

1994 Hauffa, BP; Stolecke, H 1 

326 
Recognizing Upper Limb Movements With Wrist Worn Inertial 
Sensors Using K-Means Clustering Classification 

2015 Biswas et al. 1 

364 
Relationship Between The Magnitude Of Symptoms And The Quality 
Of Life: A Cluster Analysis Of Lung Cancer Patients In Brazil 

2013 Franceschini et al. 1 

133 
Reliability And Validity Assessment Of Cluster Sampling On 
Multinomial Sensitive Question By Monte Carlo Simulation 

2013 Shi et al. 1 
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300 
Reporting Non-Adherence In Cluster Randomised Trials: A Systematic 
Review 

2018 Agbla, SC; DiazOrdaz, K 1 

137 Resampling Approach For Cluster Model Selection 2011 Volkovich et al. 1 

173 
Research And Application On A Novel Clustering Algorithm Of 
Quantum Optimization In Server Load Balancing 

2014 Dong et al. 1 

412 Review and Comparative Study of Clustering 2014 Popat, S. K.; Emmanuel, M. 2 

203 
Robust Optimal Fuzzy Clustering Algorithm Applicable To 
Multispectral And Polarimetric Synthetic Aperture Radar Images 

1999 
Chitroub, S; Houacine, A; 
Sansal, B 

1 

195 Rough Set-Based Clustering Utilizing Probabilistic Memberships 2018 Ubukata et al. 1 

100 
Runtime optimization of vector operations on large scale SMP 
clusters 

2008 Iancu, C; Hofmeyr, S 1 

287 
Sample Size In Cluster-Randomized Trials With Time To Event As The 
Primary Endpoint 

2013 
Jahn-Eimermacher, A; 
Ingel, K; Schneider, A 

1 

24 Scalable Clustering and Applications 2016 Shahid, KI; Chaudhury, S 1 

172 
Segmentation Of Breast Ultrasound Image Using Regularized K-
Means (REKM) Clustering 

2016 
Samundeeswari, ES; 
Saranya, PK; Manavalan, R 

1 

171 
Self-Validated And Spatially Coherent Clustering With Net-Structured 
MRF And Graph Cuts 

2006 Feng, W; Liu, ZQ 1 

63 Semi-automatic mapping of source code using naive Bayes 2019 
Olsson, T; Ericsson, M; 
Wingkvist, A 

1 

222 
Semi-Automatic Polarimetric Sar Image Classification By Md Pso 
Based Dynamic Clustering 

2013 
Ince, T; Kiranyaz, S; 
Gabbouj, M 

1 

26 
Semi-Supervised Clustering Algorithms for Grouping Scientific 
Articles 

2017 
Vallejo-Huanga, D; 
Morillo, P; Ferri, C 

1 

11 Shape-Influenced Clustering of Dynamic Patterns of Gene Profiles 2012 Skreti, G; Bei, ES; Zervakis, M 1 

225 
Should Intranasal Lidocaine Be Used In Patients With Acute Cluster 
Headache? 

2013 Morgan, A; Jessop, V 1 

345 
Similarity-Based Attribute Weighting Methods Via Clustering 
Algorithms In The Classification Of Imbalanced Medical Datasets 

2018 Polat, K 1 

86 Similarity-based Classification: Concepts and Algorithms 2009 Chen, Y et al. 1 

358 
Single Surface Beyond Born-Oppenheimer Equation For A Three-
State Model Hamiltonian Of Na-3 Cluster 

2009 Paul et al. 1 

392 
Smartphone-Based Screening For Visual Impairment In Kenyan 
School Children: A Cluster Randomised Controlled Trial 

2018 Rono et al. 1 

360 
Social Support, Depression And Self-Esteem In Older Persons: Cluster 
Analysis Results 

2012 
Altintas, E; Gallouj, K; 
Guerrien, A 

1 

211 
Soft Bootstrapping In Cluster Analysis And Its Comparison With Other 
Resampling Methods 

2014 Mucha, HJ; Bartel, HG 1 

269 
Soft Clustering - Fuzzy And Rough Approaches And Their Extensions 
And Derivatives 

2013 Peters et al. 2 

153 Speaker Clustering Using Dominant Sets 2018 Hibraj et al. 1 

174 Spectral Clustering In Multi-Agent Systems 2010 Takacs, B; Demiris, Y 1 

52 Speculation-aware Cluster Scheduling 2015 Ren et al. 1 

75 
Splitting-While-Merging Framework for Clustering High-Dimension 
Data with Component-Wise Expectation Conditional Maximisation 

2014 Fa et al. 1 

157 
Standard And Genetic K-Means Clustering Techniques In Image 
Segmentation 

2007 Malyszko, D; Wierzchon, ST 1 

17 Standardization and Its Effects on K-Means Clustering Algorithm 2013 Ismail Bin, M; Usman, D 2 

382 

Statistical Analysis Plan For A Cluster-Randomized Crossover Trial 
Comparing The Effectiveness And Safety Of A Flexible Family 
Visitation Model For Delirium Prevention In Adult Intensive Care 
Units (The Icu Visits Study) 

2018 Sganzerla et al. 1 
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22 
Study of Ensemble Method of Classifiers for Neural Networks Based 
on K-Means Clustering 

2008 Li, K; Chang, SL 1 

384 
Study Protocol For A Self-Controlled Cluster Randomised Trial Of The 
Alert Program To Improve Self-Regulation And Executive Function In 
Australian Aboriginal Children With Fetal Alcohol Spectrum Disorder 

2018 Wagner et al. 1 

393 
Study Protocol For The Sofia Project: Swallowing Function, Oral 
Health, And Food Intake In Old Age: A Descriptive Study With A 
Cluster Randomized Trial 

2017 Hagglund et al. 1 

372 

Study Protocol To Assess The Effectiveness And Safety Of A Flexible 
Family Visitation Model For Delirium Prevention In Adult Intensive 
Care Units: A Cluster-Randomised, Crossover Trial (The ICU Visits 
Study) 

2018 Rosa et al. 1 

361 
Subtyping Of Children With Developmental Dyslexia Via Bootstrap 
Aggregated Clustering And The Gap Statistic: Comparison With The 
Double-Deficit Hypothesis 

2007 
King, WM; Giess, SA; 
Lombardino, LJ 

1 

320 
Supervised Classification Of Dermoscopic Images Using Optimized 
Fuzzy Clustering Based Multi-Layer Feed-Forward Neural Network 

2015 
Mehta, A; Parihar, AS; 
Mehta, N 

1 

45 Survey of Cluster Analysis and its Various Aspects 2015 Kaur, H; Singh, J 2 

166 
Swarm Intelligence For Clustering - A Systematic Review With New 
Perspectives On Data Mining 

2019 Figueiredo et al. 2 

272 
Technology Clustering Based On Evolutionary Patterns: The Case Of 
Information And Communications Technologies 

2011 Lee, HJ; Lee, S; Yoon, B 1 

146 
Testing Prediction Methods: Earthquake Clustering Versus The 
Poisson Model 

1997 Michael, AJ 1 

80 Text-to-text semantic similarity for automatic short answer grading 2009 Mohler, M; Mihalcea, R 1 

353 
The Active For Life Year 5 (AFLY5) School Based Cluster Randomised 
Controlled Trial: Study Protocol For A Randomized Controlled Trial 

2011 Lawlor et al. 1 

21 
The Applications of Clustering Methods in Predicting Protein 
Functions 

2019 
Chen, WY; Li, WW; Huang, G; 
Flavel, M 

1 

34 The best clustering algorithms in data mining 2016 Patel, K. A.; Thakral, P 2 

186 The Clustering Instability In Rapid Granular And Gas-Solid Flows 2017 Fullmer, WD; Hrenya, CM 1 

396 

The Comparative Effectiveness Of Decision Aids In Diverse 
Populations With Early Stage Prostate Cancer: A Study Protocol For A 
Cluster-Randomized Controlled Trial In The NCI Community Oncology 
Research Program (NCORP) 

2018 Pacyna et al. 1 

167 
The Development And Validation Of The Cluster Headache Quality Of 
Life Scale (CHQ) 

2016 Abu Bakar et al. 1 

378 
The Devon Active Villages Evaluation (DAVE) Trial Of A Community-
Level Physical Activity Intervention In Rural South-West England: A 
Stepped Wedge Cluster Randomised Controlled Trial 

2014 Solomon et al. 1 

346 
The Distribution Function Of The Phase Sum As A Signature Of Phase 
Correlations Induced By Nonlinear Gravitational Clustering 

2004 
Hikage, C; Matsubara, T; 
Suto, Y 

1 

376 

The Effect Of Motivational Interviewing On Oral Healthcare 
Knowledge, Attitudes And Behaviour Of Parents And Caregivers Of 
Preschool Children: An Exploratory Cluster Randomised Controlled 
Study 

2015 Naidu, R; Nunn, J; Irwin, JD 1 

338 
The Fuzzy Cognitive Pairwise Comparisons For Ranking And Grade 
Clustering To Build A Recommender System: An Application Of 
Smartphone Recommendation 

2017 Yuen, KKF 1 

149 The Generalized C Index For Internal Fuzzy Cluster Validity 2016 Bezdek et al. 1 

343 
The Impact Of Collaborations Between Universities And Private 
Organizations On Cluster Development And Competitiveness In 
Romania 

2017 Stoicovici et al. 1 

352 
The Impact Of Nurse-Driven Targeted HIV Screening In 8 Emergency 
Departments: Study Protocol For The DICI-VIH Cluster-Randomized 
Two-Period Crossover Trial 

2016 Leblanc et al. 1 
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9 
The importance of normalization and standardization in the process 
of clustering 

2014 Trebuňa, P 2 

303 
The Irish Dafne Study Protocol: A Cluster Randomised Trial Of Group 
Versus Individual Follow-Up After Structured Education For Type 1 
Diabetes 

2009 Dinneen et al. 1 

277 
The Mice Grand Challenge Lightcone Simulation - I. Dark Matter 
Clustering 

2015 Fosalba et al. 1 

200 The Poisson Processes In Cluster Analysis 2011 Hardy, A 1 

92 
The Research of Imbalanced Data Set of Sample Sampling Method 
Based on K-Means Cluster and Genetic Algorithm 

2012 Yong, Y 1 

284 The Search For Subtypes Of DCD: Is Cluster Analysis The Answer? 2001 
Macnab, JJ; Miller, LT; 
Polatajko, HJ 

1 

332 
The Sources Of Strength Australia Project: Study Protocol For A 
Cluster Randomised Controlled Trial 

2016 Calear et al. 1 

27 The Three Steps of Clustering in the Post-Genomic Era A Synopsis 2010 Raffaele et al. 1 

315 
The Use Of Cluster Analysis To Derive Dietary Patterns: 
Methodological Considerations, Reproducibility, Validity And The 
Effect Of Energy Mis-Reporting 

2012 Devlin et al. 1 

319 
The Use Of Permutation Tests For The Analysis Of Parallel And 
Stepped-Wedge Cluster-Randomized Trials 

2017 Wang, R; De Gruttola, V 1 

348 
Time-Frequency Analysis Of Atrial Fibrillation Comparing 
Morphology-Clustering Based QRS-T Cancellation With Blind Source 
Separation In Multi-Lead Surface ECG Recordings 

2011 Di Marco et al. 1 

356 
Trial For The Prevention Of Depression (TriPoD) In Final-Year 
Secondary Students: Study Protocol For A Cluster Randomised 
Controlled Trial 

2015 Perry et al. 1 

316 
Two Different Approaches To The Affective Profiles Model: Median 
Splits (Variable-Oriented) And Cluster Analysis (Person-Oriented) 

2015 
Garcia, D; MacDonald, S; 
Archer, T 

1 

336 
Types Of Personality Based On The Big Five Model: Comparison Of 
Solutions Obtained By Cluster Analysis And Latent Profile Analysis 

2015 
Colovic, P; Jordanov, M; 
Nenadic, F 

1 

394 

Unravelling Effectiveness Of A Nurse-Led Behaviour Change 
Intervention To Enhance Physical Activity In Patients At Risk For 
Cardiovascular Disease In Primary Care: Study Protocol For A Cluster 
Randomised Controlled Trial 

2017 Westland et al. 1 

301 
Unsupervised Analysis Of Classical Biomedical Markers: Robustness 
And Medical Relevance Of Patient Clustering Using Bioinformatics 
Tools 

2012 
Gordon, MM; Moser, AM; 
Rubin, E 

1 

239 
Unsupervised Data And Histogram Clustering Using Inclined Planes 
System Optimization Algorithm 

2014 Mozaffari, MH; Zahiri, SH 1 

351 
Use Of Cluster Analysis To Delineate Symptom Profiles In An Ehlers-
Danlos Syndrome Patient Population 

2019 Schubart et al. 1 

327 
Using The Noninteracting Cluster Theory To Predict The Properties Of 
Real Vapor 

1994 SALTZ, D 1 

282 
Using The Self-Regulatory Model To Cluster Chronic Pain Patients: 
The First Step Towards Identifying Relevant Treatments? 

2004 
Hobro, N; Weinman, J; 
Hankins, M 

1 

93 Using web-search results to measure word-group similarity 2008 Gledson, A; Keane, J 1 

297 
Validation Of A French-Language Version Of The Spatial Hearing 
Questionnaire, Cluster Analysis And Comparison With The Speech, 
Spatial, And Qualities Of Hearing Scale 

2016 Moulin, A; Richard, C 1 

391 
Validation Of Genotype Cluster Investigations For Mycobacterium 
Tuberculosis: Application Results For 44 Clusters From Four 
Heterogeneous United States Jurisdictions 

2016 Teeter et al. 1 

250 
Validation Of Hierarchical Cluster Analysis For Identification Of 
Bacterial Species Using 42 Bacterial Isolates 

2015 Ghebremedhin et al. 1 

66 
Validation of microeconomic simulation (extended abstract): a 
comparison of sampling theory and Bayesian methods 

1986 Andrews, R et al. 1 
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308 
Validity Of Cluster Headache Diagnoses In An Electronic Health 
Record Data Repository 

2016 Rizzoli, P; Loder, E; Joshi, S 1 

210 
Vector Quantized Spectral Clustering Applied To Whole Genome 
Sequences Of Plants 

2019 Shastri et al. 1 

246 
Visualization Techniques And Automation Of Cluster Analysis With 
Self-Organizing Maps For Decision Support In Customer 
Segmentation 

2004 Richartz, J 1 

214 
Web Bots Detection Using Particle Swarm Optimization Based 
Clustering 

2014 Alam et al. 1 

367 
Would Older Adults With Mild Cognitive Impairment Adhere To And 
Benefit From A Structured Lifestyle Activity Intervention To Enhance 
Cognition?: A Cluster Randomized Controlled Trial 

2015 Lam et al. 1 

72 YARNsim: simulating hadoop YARN 2015 Liu, N et al. 1 
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Appendix C Feature Description of Datasets 
 

Feature name # Data type Explanation 

HDR_DOC_NO 1 int . 

HDR_DOC_CATEGORY 2 nchar(2) . 

HDR_USER_DOC 3 nchar(20) . 

HDR_PARTNUMBER 4 nchar(30) . 

HDR_SUBP 5 nchar(5) . 

HDR_DESCRIPTN 6 nchar(50) . 

HDR_QTY 7 float . 

HDR_SERIAL_NO 8 nvarchar(30) . 

HDR_SERIAL_NO_ORIGINAL 9 nvarchar(30) . 

QFINISH_PARTNUMBER 10 nchar(30) . 

QFINISH_SUBP 11 nchar(5) . 

QFINISH_SERIAL_NO 12 nvarchar(30) . 

WHTC_TSN 13 decimal . 

WHTC_CSN 14 decimal . 

WHTC_TSI 15 decimal . 

WHTC_CSI 16 decimal . 

WHTC_DATE_REMOVED 17 datetime . 

WHTC_PRE_TSO 18 decimal . 

WHTC_PRE_CSO 19 decimal . 

WHTC_POST_TSO 20 decimal . 

WHTC_POST_CSO 21 decimal . 

HDR_ACCTNO 22 nchar(12) . 

HDR_SUBC 23 nchar(5) . 

INTERCOMPANY 24 nchar(20) . 

HDR_INHOUSE_WO_PO 25 bit . 

HDR_SUB_WO_PO 26 bit . 

PART_OWNER 27 nchar(12) . 

CUSTOMER_CONTRACT 28 bit . 

CONTRACT_PBH_FIXED 29 bit . 

VALID_SERVICE_CYCLE 30 bit Indicator if the repair cycle is  normal and completed 

SRCV_RMA_PART_SSN 31 int . 

SRCV_RMA_WARRANTY_REQUESTED 32 bit . 

WARRANTY_REQUEST 33 bit . 

WARRANTY_PERC_PM 34 smallint . 

HDR_COMPANYNO 35 smallint . 

HDR_DIVISION 36 nchar(5) . 

HDR_DEPART 37 nchar(5) . 

QFINISH_COND 38 nchar(5) . 

EXPEDITE_RCV_COND 39 nchar(5) . 

DEFAULTS_WORK_REQUESTED 40 nchar(5) . 

QFINISH_WORK_PERFORMED 41 nchar(5) . 

HDR_DOC_DATE 42 datetime . 

HDR_SHIP_DATE 43 datetime . 

FPD 44 datetime . 

LPD 45 datetime . 

QFINISH_QFINISH_DATE 46 datetime . 

DAYS_PREV_SHIP 47 bigint . 

SO_DOC_NO 48 int . 

SO_LINE 49 decimal . 

HDR_DOC_STATUS 50 smallint . 

INV_DOC_TOTAL 51 decimal . 

INV_RMA_DOC_TOTAL 52 decimal . 

INV_POST_GL_DATE 53 datetime . 

SRCV_RMA_INV_DOC_TOTAL 54 decimal . 
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SRCV_RMA_RMA_DOC_TOTAL 55 decimal . 

PM_COST 56 decimal . 

LABOR_COST 57 decimal . 

OTHER_COST 58 decimal . 

HDR_CURRENCY 59 nchar(5) . 

HDR_CUST_PO 60 nvarchar(MAX) . 

HDR_CUST_REF1 61 nchar(22) . 

HDR_CUST_REF4 62 nchar(22) . 

MEMO_MSG 63 nvarchar(MAX) Message field in work order 

MEMO_MEMO_PAD1 64 nvarchar(MAX) Memo field in work order 

MEMO_MEMO_PAD2 65 nvarchar(MAX) 
Reported by Customer field in work order, Reason for 
Removal 

MEMO_MEMO_PAD3 66 nvarchar(MAX) Receiving condition field in work order 

MEMO_MEMO_PAD4 67 nvarchar(MAX) Inspection field in work order 

MEMO_MEMO_PAD5 68 nvarchar(MAX) Corrective Action field in work order 

MEMO_MEMO_PAD6 69 nvarchar(MAX) Action Taken field in work order 

MEMO_MEMO_PAD7 70 nvarchar(MAX) Warranty Field in work order 

MEMO_MEMO_PAD8 71 nvarchar(MAX) Certificaat notes, block 11 FAA 8130-3 

MEMO_MEMO_PAD9 72 nvarchar(MAX) Certificaat notes, block 13 EASA Form one 

MEMO_MEMO_PAD10 73 nvarchar(MAX) PN alert text at the time order was received 

Table C.1: Explanation of Work_Order dataset features 

 

 

 

 

 

 

 

Feature name # Data type Explanation 

WO_DOC_NO 1 Integer Document number of related work order 

WO_DOCCATEGORY 2 String Category given to a work order 

DESCRIPTION 3 String Description of the activity 

COST_CODE 4 Integer  

EMPLOYEE_CODE 5 String Employee who performed the task 

ACT_TIME_DURATION 6 String Time duration of activity 

ACT_COST_PER_HOUR 7 String Cost per hour 

OVER_TIME_DURATION 8 String Overtime duration of activity 

OVER_COST_PER_HOUR 9 String Overtime cost per hour 

Table C.2: Explanation of Work_Order_Labor dataset features 
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Feature name # Data type Explanation 

USER_DOC 1 nchar(20)  

DOC_NO 2 int  

LINE 3 decimal  

UNDER_WARRANTY 4 bit  

PARTNUMBER 5 nchar(30)  

SUBP 6 nchar(5)  

COND 7 nchar(5)  

QTY_UM 8 nchar(5)  

QORDER 9 decimal  

QSHIP 10 decimal  

COST 11 decimal  

WHCODE 12 nchar(4)  

FIGURE_NO 13 nvarchar(30)  

DISCREPANCY 14 nvarchar(100)  

WO_RESERVED_DT 15 datetime  

WO_RELEASED_DT 16 datetime  

MATREQ_REQUEST_DT 17 datetime  

SOURCE 18 nchar(12)  

SUBS 19 nchar(5)  

SOURCEDT 20 datetime  

REPAIREDBY 21 nchar(12)  

SUBR 22 nchar(5)  

REPAIREDT 23 datetime  

IN_STOCK_DT 24 datetime  

PO_ORDER_DT 25 datetime  

Table C.3: Explanation of Work_Order_Parts dataset features 
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Feature name # Data type Explanation 

ACCTNO 1 nchar(12) Customer account number 

SUBC 2 nchar(5) Customer account number differentiator 

COMPANYNO 3 smallint Pentagon Company# to which the Customer belongs to 

NAME 4 nvarchar(60) Customer Name 

ADR1 5 nvarchar(50) first Address line 

ADR2 6 nvarchar(50) second Address line 

ADR3 7 nvarchar(50) third Address line 

CITY 8 nvarchar(30) City, free format field in Pentagon 

STATE 9 nchar(4) State, free format field in Pentagon 

COUNTY 10 nvarchar(20) County, free format field in Pentagon 

ZIP 11 nchar(12) Zip or Postalcode, free format field in Pentagon 

COUNTRY 12 nvarchar(40) Country, drop down field in Pentagon 

REGION 13 nchar(5) Region, drop down field in Pentagon filled with sales 
rep 

LONGITUDE 14 decimal Longitude of the address geolocation 

LATITUDE 15 decimal Latitude of the address geolocation 

EMAIL 16 nvarchar(100) . 

WEB_SITE 17 nvarchar(100) . 

TIME_ZONE 18 smallint . 

SUPERSEDED 19 nchar(12) . 

SUPERSEDED_SUBC 20 nchar(5) . 

ALT1_CODE_C 21 nchar(15) ICAO Code, free format field in Pentagon 

ALT2_CODE_C 22 nchar(15) Type of customer, free format field in Pentagon 

ALT3_CODE_C 23 nchar(15) Rating of customer, free format field in Pentagon 

ALT4_CODE_C 24 nchar(15) Fleet a/c fleet of the customer, free format field in 
Pentagon 

OUR_ACCT_C 25 nvarchar(20) Our Code field in Pentagon, free format field. Used to 
explain subc of accounts 

HOLD 26 bit Boolean stating the Customer is On-Hold to do 
business 

APPROVED 27 bit Boolean stating Customer is Approved to do business 

TERM_CODE 28 nchar(5) Customer account number 

ACCOUNT_TYPE 29 nchar(5) Customer account number differentiator 

ACCOUNT_RATE 30 nchar(5) Pentagon Company# to which the Customer belongs to 

CURENCY_CONV 31 nchar(5) Customer Name 

DISC_PERC 32 decimal first Address line 

EXCH_CORE_RETURN 33 smallint second Address line 

Table C.4: Explanation of Master_Customer dataset features 
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Feature name # Data type Explanation 

MPN 1 nvarchar(50) . 

PARTNUMBER 2 nvarchar(255) . 

SUBP 3 nchar(5) . 

PARTNUMBER_ATA 4 nvarchar(50) . 

PARTNUMBER_NUM 5 nvarchar(50) . 

PARTNUMBER_PUNCT 6 nvarchar(50) . 

PROD_ID 7 nvarchar(30) . 

MODEL 8 nvarchar(30) . 

SPEC 9 varchar(255) . 

STK_TYPE 10 nchar(10) P/N Type of the Part Number, drop down tabel in 
Pentagon 

PMA_PART 11 bit . 

OEM_PN 12 nvarchar(255) . 

PMA_ALT 13 bigint The amount of different alternative PMA parts for this 
Partnumber 

FAB_PART 14 bit . 

DESCRIPTN 15 nchar(50) . 

KEYWORD 16 nvarchar(30) . 

MFG 17 nchar(12) . 

MFG_SUBC 18 nchar(5) . 

MAIN_OEM 19 nvarchar(255) . 

PROD_GRP 20 nvarchar(30) . 

ATA2 21 nchar(2) ATA-Chapter of the Part Number, drop down table in 
Pentagon + ATA4 code in Pentagon, free format field in 
the extended tab. Combined and Highly enhanced with 
Alteryx 

CAPABILITY 22 varchar(3) . 

ABC 23 nvarchar(1) . 

UN_ID 24 nvarchar(6) . 

ONCONDITION 25 bit if the part number is on-condition, when false it is time 
controlled 

ROTABLE 26 bit If the part number is a rotable 

PIECEPART_SUBASSY 27 bit . 

STD_PART 28 bit . 

NON_AIRCRAFT 29 bit . 

IP_CONTRACT 30 nvarchar(255) . 

PN_PROGRAM 31 varchar(50) . 

PN_AC_EFF 32 nvarchar(500) . 

PN_ENG_APU_EFF 33 nvarchar(500) . 

PN_ROTORCRAFT_EFF 34 nvarchar(500) . 

MSLP_PRICE 35 float . 

MSLP_CURRENCY 36 nchar(5) . 

MSLP_DATE 37 datetime . 

REC_VENDOR_DISCOUNT 38 float . 

STD_COST_EUR 39 float . 

BER_COST_EUR 40 float . 

COMP2_4_PRICE 41 float . 

COMP2_4_CURRENCY 42 nchar(5) . 

Table C.5: Explanation of Master_Part_Number dataset features 
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Appendix D Pair Plots Cluster Dataset 
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Appendix E Silhouette Scores for Outlier Detection 
 

 

Table G.1: Silhouette plot of Birch 
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Table G.2: Silhouette plot of SOM 
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Appendix F  Original Scope Distribution per Cluster 
 

Scope distribution per cluster class for a) DBSCAN, b) Birch and c) SOM 

 
 


