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Abstract

Widespread application of distributed control systems and measurement technologies in chemical plants are

prerequisites for quality control and safety monitoring of processes. This consequently has prompted large-

scale data acquisition and storage from different processes and various sectors of a plant. The collected

data holds information about the behavior of the process which can further assist in developing data-driven

methods for detection and diagnosis of process anomalies (faults). Considering the recognition data-driven

modeling has received in the past decades, additional studies on incorporation of data mining techniques for

knowledge discovery from chemical process data would seem to be a useful practice.

Data mining methods can be used to identify different groups or classes present in a dataset, or in the

context of process systems engineering, distinguish faulty states from normal process operation in historical

datasets. Two key tools used in this practice are dimension reduction techniques and clustering methods.

The former helps with feature extraction from the data and the latter detects groups within the data,

therefore, a productive combination of these two tools can be promising in facilitating the fault detection

and diagnosis applications. The first part of this research studies the performance of different combinations

of dimension reduction techniques and clustering methods to evaluate their ability in detection process faults,

and demonstrates the higher compatibility of some of these methods with others.

While performing clustering, detecting the number of clusters present in the dataset is either a direct aim

of the study, or it can be beneficial in choosing the most suitable parameters and/or labelling. Motivated

by the first part of the research, performance of clustering methods on a dataset before and after different

dimensionality reduction techniques is studied using internal metrics for clustering performance. Based on

multi-objective optimization, an approach is proposed to detect the cluster numbers in an unsupervised

manner which successfully presents the expected cluster numbers in three distinct applications.

In summary, this research aims to assist data-driven fault detection practices in chemical processes by

elucidating the synergy between two data mining techniques; dimension reduction and clustering methods.

Also, the introduced approach to detect the expected cluster number in a dataset contributes to the progress

of unsupervised state-isolation studies for any application and generic datasets.
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1 Introduction

1.1 Background

Computers, internet, and more importantly, technology, have played an undeniable role in the evolution of

data storage and data processing, impacting personal, social and corporate environments. Now, in almost

every aspect of life, data is being extracted and stored with the goal to improve the current structures

and strategies. With the rise of Internet of Things (IoT), systems are now able to access raw data from

various sources over a network and analyze this information to extract knowledge [1]. Big Data has found

its place in diverse applications in such a manner that by utilizing the potential of data availability, paths to

process/product improvement can be discovered. Accomplishments such as recommendation engines, speech

recognition and image classification are just some examples of significant applications that became possible

due to abundance of data and advancement of technology [2]. To take advantage of this potential provided

by data storage, one important matter after gathering the relevant data is the availability of tools to study

them [3].

The process of studying gathered data is closely related to the data characteristics. Data properties such

as volume, variety and velocity are defining features in determining the manner in which the data can be

approached and analyzed [1]. Since data gathered from different domains are inherently different, general-

izing courses of action for such analysis can be a difficult task. Evidently, many opportunities arise from

the challenges posed by the development of information extraction. Furthermore, data mining techniques

emerged to extract information, patterns, behaviors and in general, knowledge from the datasets and has

evolved as database and information technology proceeded systematically. Data mining can be viewed as one

of the steps of Knowledge Discovery from Data (KDD), which includes other steps such as data selection and

knowledge presentation [3], or can be viewed as the KDD itself. Various techniques from other domains have

also contributed to data mining in order to develop models to handle different data characteristics; some

examples of these domains are statistics and visualization. Data mining has a deep-rooted connection with

statistics due to its data-driven approach, and many methods such as regression models and Bayesian net-

works are now widely used for data mining tasks. Integration of visualization in data mining process is also

explored frequently, since in application of visualization, data are treated as objects and can be represented

in projections comprehensible to humans for examination steps [4].

A dataset might contain numerous hidden patterns, therefore different types of functions, techniques and

algorithms can be used to extract information. Data mining functions are concerned with the type of patterns

which can be extracted during the process, and some major data mining functions are classification, clustering

and summarization, for which by using different data mining techniques such as machine learning and neural

1



networks, a selection of algorithms would be available to work with in the data mining process [4]. While as

a data mining technique, machine learning applications might use the same algorithms as other data mining

applications, the main focus of machine learning is to adapt the algorithms in such a way to make predictions

for future datasets, however, data mining is used to extract knowledge from existing data. Moreover, data

mining techniques can be classified into three categories of supervised learning, unsupervised learning and

reinforcement learning. Supervised learning utilizes a labeled dataset for training purposes to learn the

patterns for classification and prediction purposes, whereas in unsupervised learning, data is not labeled and

the method aims to discover and learn the classes and labels, such as in clustering. Reinforcement learning

uses data and some critic for a given objective, to learn the relationship with critic while self-optimizing

[3]. Hence, due to the capabilities of data mining, it has become an essential task in various domains of

research, such as medical, environmental and traffic control [5, 6, 7]. Various methods and algorithms have

been introduced throughout the years, and are continuing to improve and develop. However, the data mining

process is not straightforward. Processing and preparation of the data is a challenging task and selection of

an algorithm highly depends on the application and data characteristics.

One of the applications of data mining is in chemical engineering process systems, as it is an excellent

domain by having two important features required for data mining applications: data availability and oppor-

tunities for enhancement. Chemical process systems are immensely complex and require constant monitoring

of all variables throughout a chemical plant to ensure the safety of the plant and prevent accidents which

may be caused by faults and abnormal operational states. Industrial statistics showed that about 70% of

industrial accidents are caused by human errors [8]. Although recent developments are improving these

statistics, there are still accidents that result in injuries and incur costs [9]. Therefore, ensuring a reliable

control system to observe the behavior of different plant sections, as well as the overall process is vital.

A fault (or an abnormal operational state) can be defined as an unacceptable deviation from at least

one characteristic property of the system, which can happen regularly if a well-founded control system is

not in place. Constant monitoring and measuring of process variables in the system via sensors will help

in detecting the faults and anomalies in a timely manner to improve productivity and increase safety. This

is usually done by comparing the process state with the normal process behavior, and setting alarms based

on the expected values for different measurements [10]. Moreover, process information obtained from the

fault is crucial in returning the system to normal operation and also, it can be used to further analyze the

nature of the fault [11]. In the end, by storing all the acquired data, the process monitoring strategies result

in massive databases containing the process behavior. These large datasets constitute the basis of fault

detection and diagnostics framework and future control strategies for chemical plants [12].

Fault detection methods can be classified into three main categories: model-based methods [13], knowledge-
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based methods [14], and process history-based methods [8]. The first category of methods, models are devel-

oped to observe deviations and require the process system models to be as exact as possible in order to detect

faults. These models can be difficult to obtain and indeed, not entirely possible in real-life cases, due to

system complexity and development cost. The second category, knowledge-based methods, use the captured

knowledge from observations from the process behavior to develop a qualitative model for fault detection and

diagnostics. In contrast to these two approaches where information about the process is required to create

a model, in the third category, large amount of historical data from the process is sufficient for developing

fault detection methods. One of the benefits of the third category compared to modelling approaches other

than ease of implementation, is their flexibility in utilizing a variety of data types [9].

Chemical plants use distributed sensor networks for monitoring the operation of the system, and therefore

large amounts of process data can be recorded and used for developing data-driven methods [10]. Therefore,

data mining and machine learning approaches can offer solutions for fault detection challenges by utilizing

the available data. Thus, data-driven approaches have caught much attention in research and industry. A

comprehensive review on the historical-based methods for fault detection and diagnosis is available in the

work of Venkatasubramanian et al. [8] where they discuss relative strengths and weaknesses of different

approaches. Data-driven process monitoring is also a subject of research, and it is called statistical process

monitoring (SPM). It benefits from the use of multivariate statistics and machine learning methods as well.

Due to the nature of these methods, they are easier to use for fault detection and fault identification, and

require less a priori knowledge compared to other monitoring approaches [10, 15].

Data-driven methods essentially contemplate the fault detection process as a pattern recognition problem

in order to classify the data points and identify different states and therefore, recognize possible faults. The

ultimate goal is to extract major trends, which can also be beneficial in process design [8]. Data-driven fault

detection methods can be categorized into two main groups, supervised and unsupervised approaches. Many

important fault detection methods in chemical engineering use supervised learning strategies such as neural

networks [16] and support vector machines [17] meaning groups of labeled data should be available for at least

training purposes. While in some cases labeled data from plants might be available, properly labeling data

from long-term operations is a time consuming task, assuming the operational state of different sensors is

known. Moreover, this labeling requires much familiarity with measurements and different operating regimes

of a plant [18]. However, using unsupervised learning strategies requires less a priori information about the

data, if any. Therefore, these methods can be more favorable in separating the faulty data from normal

data. One important example of the unsupervised learning approaches is principal component analysis [19].

Each category of data-driven fault detection approaches have their advantages and disadvantages and no

single method is applicable in all cases. Nevertheless, due to the increasing complexity of process systems
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and their performance and the constant need for improvement, there is always a demand for development of

new methods.

1.2 Research motivation

Unsupervised learning strategies help discovering hidden patterns and behaviors within the data, and two

approaches of these strategies are clustering methods and dimension reduction techniques. In simple terms,

for clustering methods, the aim is to identify the number of clusters in a dataset and extract classes or groups.

For dimension reduction techniques, the purpose is to extract information from high-dimensional data and

represent them in lower number of dimensions [18]. These methods fit into the category of unsupervised

learning, however, they can also be used for training purposes if the data is labeled. Nevertheless, in

utilization of any data mining method, an extent of knowledge is required about the dataset, the application

and available methods to select the best one, and this process can be time-consuming for non-(domain)

experts in data science.

Many studies have been performed to help select the best matching method for different purposes. For

example, Espadoto et al. [20] compared 44 dimension reduction techniques for 18 datasets and 7 quality

metrics to answer the question how to choose the best technique for a given context. In a work done by

Caruana et al. [21], after discussing the difficulty of evaluating the clustering performance, they present an

approach in which instead of finding one optimal clustering, the user examines a small number of clusterings

to decide which clustering is the most useful one. However, these comparison studies only consider individual

applications of different data mining techniques, whereas in many cases a combination of these techniques

can be more useful for information extraction and machine learning purposes. Each data mining method

can be useful for discovering specific patterns, and while studying the performance of their combinations

can be difficult, it can lead to new guidelines on how to extract information more efficiently and more

accurately. There are studies such as the work done by Tang et al. [22] who have compared the performance

of a dimension reduction technique when combined with clustering methods for text clustering purposes.

Another work performed by Thomas et al. [18], studies combination of 5 dimension reduction techniques

and 4 clustering methods for industrial chemical process data. Altogether, performing a comprehensive study

which covers comparison of all combinations of categories of clustering methods and dimension reduction

techniques for chemical engineering purposes seems promising, and is the motivation for the first part of this

research.

Many data mining methods require hyperparameter selection or initialization. After the appropriate

method has been selected, the next step is to find the suitable parameters. The results of the methods
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highly depend on these parameters, and their determination is a difficult task. Parameters may be data-

specific and the selection requires a deep understanding of the data [3]. For some clustering methods, such

as the well-known k -means, the required parameter to perform the clustering is the number of clusters. This

information is rarely available; indeed, one of the main objectives of clustering usually is to find the number

of classes present in the data, as this number is an important characteristic of the dataset. Hence, one

important research direction is to facilitate parameter tuning of the efficient algorithms. Studies have been

performed to develop solutions that require less effort from the user in the process. For example, Belkina et

al. [23] introduced automated optimized parameters for t-distributed Stochastic Neighbor Embedding (opt-

SNE) for automatically finding t-SNE parameters via fine-tuning. Their approach eliminates the need for

trial and error runs for empirically finding the t-SNE parameters and allows faster t-SNE implementations.

As another example, Beaver et al. [24] presented a graphical solution to determine the appropriate range for

the number of clusters, after introducing aggregated k -means to overcome the shortcomings of traditional

clustering algorithms.

In cases of high-dimensional data, detection of the number of clusters becomes more challenging due to

the high number of measurements and increased level of correlations among them. Therefore, finding the

appropriate number of clusters, apart from the clustering analysis, needs to be specifically addressed. Various

studies have provided approaches to determine the number of clusters, and a comprehensive review of them

is presented in a survey done by Hancer and Karaboga [25]. Based on their comparison, approaches to find

the cluster number fit into one of three categories: traditional approaches, merge-split based approaches

and computation based approaches. In one type of traditional approach, it is assumed that by changing the

parameter of cluster number and fixing all other parameters, there is a significant change in an evaluation

graph. The graph shows the changes in a validity index versus the number of clusters, and the significant

change in the evaluation parameter is concerned with the correct number of clusters, i.e., the knee point [26].

In another type of traditional approach, the detection is performed using resampling of the data, assuming

different copies of data should provide similar results in terms of number of clusters [27]. Merge-split based

approaches try to split or merge clusters iteratively according to some criteria. These criteria are either based

on statistical rules, as seen in X-means [28] or are homogeneity based, i.e., based on cluster-related distances,

where in the latter, split-merge thresholds need to be specified by the user. An example of homogeneity based

methods is ISODATA [29]. Computation based methods are widely applied to evolutionary computation

(EC) problems with different encoding schemes, and are placed in two groups of single-objective and multi-

objective approaches. In this category, one or multiple validation metrics are optimized in order to find

the optimum number of clusters. Although single-objective approaches contributed to the advancement

of detecting the cluster number and many algorithms were introduced such as GCUK [30] and CGA [31],
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a single objective may not be enough to correctly judge the structure of the data. Thus, multi-objective

optimization approaches try to simultaneously optimize more than one validity criterion and incorporate

different characteristics of the data. There are several studies carried out by computation-based problems

utilizing multi-objective optimization to detect cluster numbers [25], and they have performed well in terms of

clustering quality and number of clusters due to their global approach. This research direction has potential

and studies on applications of multi-objective clustering in fields other than EC should be explored, which

is the aim of second part of this research.

1.3 Research goals

The first part of this research aims to provide a broader study on combinations of dimension reduction

techniques and clustering methods in order to facilitate the fault detection and isolation strategies. The

methods that have been selected for this study are from a wide range to assure a comprehensive comparison,

and it has been tried to select at least one method from different categories of clustering and dimension

reduction techniques. It is demonstrated that some methods from each technique are more compatible with

each other, and judicious pairing of methods will lead to more successful detection of faults present in the

dataset.

The second part of this research was performed with the aim of detecting the number of clusters in

an unsupervised manner. Based on the first part, the behavior of combinations of dimension reduction

techniques and clustering methods were motivating to study the manner in which the structure of the data

is preserved after performing different dimension reduction techniques, and this structure was studied using

clustering. In other words, it is assumed that the global structure of a dataset preserves after dimensionality

reduction, and comparison of various dimensionally reduced versions of the dataset and the original data can

be beneficial. Thus, comparison of number of classes from clustering analysis found using different versions

of data can provide insight into the original structure and cluster number. An approach is suggested for

clustering method to be performed over the space of its hyperparameters to obtain a number of solutions,

and a multi-objective optimization to be used on the calculated internal metrics for these clustering solutions

to search for the solutions which optimize the clustering metrics, without any knowledge of the true labels.

These solutions were then compared across all dimensionally reduced datasets to find the most frequent

number of clusters within the solution, i.e., the number of groups which preserved their structure the most.
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1.4 Thesis structure

It is noted that parts of this research is either published [32] or is submitted for publication [33] for publication

as of the time of composing this thesis. Following the preceding introduction, the structure of this documented

research is as follows:

• In Chapter 2 data mining methods used for this research are presented. First, dimension reduction

categories, methods and examples are presented. Clustering categories and different methods are then

introduced, and metrics to evaluate the performance of clusterings are then discussed.

• Chapter 3 presents the study on synergy between dimension reduction techniques and clustering meth-

ods. Previously discussed methods are tested on a case study from the benchmark Tennessee Eastman

Process simulation introduced in this chapter. After the description of the approach, the results are

presented and discussed at the end.

• Chapter 4 discusses the potential of combining dimension reduction techniques and clustering, with

the aim of detecting the cluster number in a dataset. This chapter focuses on the methodology of the

presented approach at the beginning, three case studies are introduced and the results and discussion

are followed.

• Chapter 5 discusses the conclusions of this work and future directions of study for further investigations.
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2 Utilized Data Mining Methods

Data mining tools play an important role in process control and monitoring systems [12]. The collected data

from Distributed Control Systems (DCS) stores knowledge about the process and its behavior. If the process

deviates from its normal operation, this anomaly is expected to be captured by the process measurements.

Therefore, process monitoring can help avoid accidents and abnormal events in real time [12]. Furthermore,

the stored data combined with data mining tools can help develop models and control strategies for further

analysis of the process behavior and improve our understanding of the process. Hence, considering paths to

leverage this massive data seems crucial. By allowing to study the behavior of systems through the stored

data, the process can be explored in order to develop models and fault detection/diagnosis procedures and

overall, improve the process operation.

Data mining tools such as clustering and dimension reduction, have proven beneficial in previous research

to study faults, such as the works done by Barragan et al. [34], Thornhill et al. [35], and Gajjar et al. [36].

In general, dimension reduction techniques can be used for projection and more importantly, removing

redundant and correlated data to present extracted features in lower dimensions, and enhance any following

processing steps. Data clustering algorithms can be used to partition the data into groups which potentially

contain data points similar to each other to identify similar classes, and using the clustering metrics on the

results, the performance can be evaluated.

To use these traditional data science tools for extracting knowledge from chemical process databases,

in this chapter, the methods and techniques which were used to address the research questions at hand

are introduced, their approach is explained and demonstrated by examples. An example synthetic dataset

has been created to demonstrate the performance of each method. Section 2.1 presents the guiding dataset

which is used throughout this chapter. Section 2.2 discusses dimension reduction techniques and its categories

demonstrated with examples. Section 2.3 covers clustering methods and its categories, with examples for

each, and then introduces metrics to evaluate the performance of clustering outcomes.

2.1 Guiding dataset

A dataset has been created using the make blobs command in Python. This function creates multiclass

datasets, each class generated as a Gaussian blob. The three-dimensional dataset will be used in the sub-

sequent sections to demonstrate the performance differences between introduced methods. The code for

dataset generation and method demonstration is available in Appendix B.1. This dataset contains three

classes (blobs), each containing 4 members. Two three-dimensional representations of this dataset are avail-

able in Figure 2.1. Each blob (cluster) is represented with a different color. The yellow and purple clusters
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Figure 2.1: Three-dimensional projections of the guiding dataset

have a standard deviation of 0.5, and the blue cluster has a standard deviation of 1.

2.2 Dimension reduction (DR) techniques

Data acquisition from different processes resulting in large-sized datasets is not sufficient if not followed

by further steps of information extraction. These datasets include multiple measurements from various in-

stances, resulting in high-dimensional datasets. One frequently-used approach is the utilization of dimension

reduction techniques. These methods belong to the category of data-visualization techniques, but are favor-

able compared to other methods such as parallel coordinate plots [37] and scatter plot matrices [38] because

of their scalability. They can be used for information extraction and/or visualization purposes, and in the

last decades, many techniques have been proposed and studied [20].

The main use of dimension reduction techniques is to remove redundant data and represent meaningful

features of the raw process data in 2 or 3 dimensions (2D or 3D). Some benefits of applying dimension

reduction techniques are reducing the computational complexity and avoiding the curse of dimensionality

[18]. Because of these mentioned abilities, dimension reduction techniques have found a place in a variety

of domains such as health sciences [39], water resource research [40] and civil engineering [41]. On top of

that, while having lower number of variables facilitates data analysis, these techniques can also be used for

projection purposes in 2D or 3D.

To formulate the application of DR techniques, let X = [x1, . . . ,xn]T be any m-dimensional dataset,

and xi = [x1, . . . , xm] ∈ Rm be the ith vector of X. Therefore, X is a matrix of n ×m. A DR technique

is a function F which represents the projection Y = F (X) where Y is an n × p matrix, p ≤ m. p is
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usually selected equal to 2 for visualization purposes, but for some methods other values can also be selected

based on the study objectives. In other words, the acceptable level of retained information after the DR

would be the feature deciding p. Based on the traits of DR techniques which are commonly used, three

different categories have been introduced. The considered attributes leading to choose these categories are

the input type of the methods, meaning whether in the high dimensions they use a distance matrix or the

data points for projection, and their examined neighborhood, meaning whether local points are taken into

account or they are examined globally [20]. These categories are correlation-preserving, distance-preserving

and neighborhood-preserving. Details of each category and their examples are discussed next.

2.2.1 Correlation-preserving techniques

Principal Component Analysis (PCA)

Principal Component Analysis (PCA) [42, 43] is by far the most well-known dimension reduction tech-

nique. PCA tries to extract the most information of the data by analyzing the correlation structure of the

variables and keeping only the most important information [44]. The general basis of PCA assumes there

exists a new set of variables, Principal Components (PCs), fewer than the original dimensions, through

which the original correlated data can be expressed. These new variables are uncorrelated, and they are con-

structed in a way to preserve the maximum variation possible from the original data, i.e., extract information.

Principal components are obtained as linear combinations of the original variables [44].

The steps of PCA for a dataset requires normalization of the dataset to zero mean and unit variance,

first, due to its dependence on scale. It is noted that the components can also be found using Eigenvalue

Decomposition of the original data X. The steps to find the PCs and to project to lower dimensions are as

follows:

• Calculation of the covariance matrix of the dataset

cov(X) = S =
XTX

n− 1
(1)

• Eigenvalue Decomposition of the covariance matrix

V−1S = ΛV (2)

where V is a matrix containing the eigenvectors of matrix S. Eigenvectors are the principal directions

of the data.

Then, after sorting the eigenvalues by descending order,
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• the first p eigenvectors are chosen to form a p dimensional matrix, V and

• using this new matrix the samples are projected onto the new space to obtain Y, where the principal

components correspond to the the columns of Y:

Y = XV (3)

PCA and all its derivatives are considered to be correlation-preserving. The correlation between a variable

and a component is an indicator of their shared information, and it is called a loading. Also, the percentage of

the total variance which is expressed through the selected number of principal components can be calculated

using the cumulative percent variance (CPV), where the variance explained by each principal component is

the ratio of the variance of that PC to the total variance. Total variance in case of PCA is calculated as the

trace of covariance matrix (sum of elements on the main diagonal). If all the PCs are selected, CPV will be

equal to 1.

CPV =
cov(Y)

tr(S)
(4)

Application of PCA on the guiding dataset introduced previously is demonstrated in Figure 2.2. The

figure visualizes the second PC vs. the first PC. To further investigate the performance of PCA, as one

could see in Figure 2.1, the maximum variance of the data is in the direction of 45 degrees from the x-plane

starting from the purple towards the yellow cluster. Therefore, even before applying PCA, the direction of

the first PC can be assessed. The next orthogonal direction which can express the next maximum variance

between the data would be the direction of the second PC. So, even though points of the purple cluster can

be considered close to each other in the original space, their representation in Figure 2.2 is not. The reason

is that their closeness was not in the direction of the selected PCs. However, 97% of the variance of the

original dataset is preserved using this representation by the first 2 PCs.

2.2.2 Distance-preserving techniques

Multidimensional Scaling (MDS)

Multidimensional Scaling [42, 45] is an example from the distance-preserving category. It is assumed that

the relative distance between points in original data is more informative than their correlation, therefore

the goal is to preserve that distance during the dimension reduction. Given the proximity matrix (which

is simply the table of Euclidean distances), a map displaying the relative positions of the data points is

constructed and is used to find the points in the lower dimensions. The general steps of the classical MDS
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Figure 2.2: Guiding dataset - PCA reduced
PC 2 (4% variance) vs. PC 1 (93% variance)

are as follows:

• Calculation of the proximity matrix D using the Euclidean distance, where the (r, s) element of D is

calculated using δrs for each pair of vectors xr and xs in X:

δrs = δsr =
[ m∑
t=1

(xrt − xst)2]1/2 (5)

Where the diagonal elements are zeros.

• Finding the new distance matrix D with the following steps:

– Finding the Gram matrix which is B = XTX

– Calculating Gram matrix from

B = −1

2
CDCT (6)

where D is the original distance matrix and C is the centering matrix (this matrix has the same

effect as subtracting the mean of each vector from all its components), defined as following:

C = In −
1

n
Jn (7)
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In is the identity matrix and Jn is an n× n matrix of all ones.

Since the work is done based on solely the distance, any shift/rotation of the data will produce

the same proximity matrix, therefore there can be many solutions. Hence, the centering step is

preformed to pin down one solution.

– D is found using the eigenvalue decomposition of B, i.e., the eigenvalue matrix.

• The top p eigenvectors of the distance matrix represent the new coordinates to find Y where the rows

of Y are the coordinates of points in new dimensions.

A variation of MDS is the non-metric MDS, which is more suitable for quantitative data. The algorithm

has a few differences, as mentioned in the following:

• The new distance matrix D is assumed to be a monotonic function of the original:

f(D) ≈ D

This monotonic transformation, f(D), needs to be determined in order to find D.

• The loss function (stress) is minimized by finding a new set of points

StressD = (
Σ(D−D)2

ΣD2
)1/2 (8)

• Again, the assumption of centered configuration is applied

n∑
i=1

xi = 0 (9)

Performance of MDS on the guiding dataset is presented in Figure 2.3. Points are mapped based on their

relative Euclidean distances in the original space. Therefore, it can be seen that members of the blue cluster

are mostly scattered and a clear cluster structure is not detectable for the blue points.

An important matter which has been considered in the recent years is the importance of the data structure

rather than the Euclidean distance. Two points may be close to each other by calculating their Euclidean

distance, but they may be far in the data manifold by calculating their geodesic distance. Therefore, it

is useful to also consider nonlinear manifold dimension reduction techniques to compare their results with

linear methods, which is what has been mentioned up to this point.

Isometric Mapping (ISOMAP)
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Figure 2.3: Guiding dataset - MDS reduced
Second dimension vs. first dimension

An example of the manifold learning DR techniques is ISOMAP [46], which is considered a distance-

preserving technique and closely related to non-metric MDS. By assuming the inefficiency of Euclidean

distance, this method tries to preserve the geodesic distance by constructing a neighborhood graph using

the nearest neighbors of each point and following the steps of MDS by constructing a distance matrix. The

calculation of geodesic distance depends whether two points are in the neighborhood of each other or not.

The algorithm for this technique follows these steps:

• Constructing a neighborhood graph in which the neighboring points are connected. This is performed

considering the nearest neighbors of each point, using a distance threshold. Instead of a distance

threshold, this graph can also be created using a number for the nearest neighbors.

• Computing the shortest path between two nodes using this graph

– Distance of two neighbors which are connected is calculated using their Euclidean distance

– Distance of two faraway points is the sum of a series of neighbor distances, along their shortest

path

• Creating the distance matrix D from the shortest paths

• Following the steps of classical MDS, creating a new distance matrix

• Computing the lower-dimensional embedding using the top p eigenvectors

14



Figure 2.4: Guiding dataset - ISOMAP reduced
Second dimension vs. first dimension

As it is evident from the ISOMAP algorithm, the method’s ability to detect underlying structures of a

dataset is higher compared to methods which only utilize Euclidean distance. While sustaining computational

efficiency, one issue with ISOMAP regards the placement of possible noise effects in the dataset. If there are

outliers present which are far from the data manifold, the connectivity graph will result in a very different

low dimensional embedding and can be distorted by the noise [47].

Result of dimension reduction on the guiding dataset using ISOMAP is presented in Figure 2.4. During

this mapping, the blue point farthest from its cluster in the original space is close to the points of the purple

cluster and is represented that way, however, the farthest yellow point from its cluster is not close to any

other points of the dataset in the original space. This results in its mapping with a higher distance from

other points, even members of its own cluster.

2.2.3 Neighborhood-preserving techniques

t-Stochastic Neighborhood Embedding (t-SNE)

Next category is neighborhood preserving techniques. t-Stochastic Neighborhood Embedding (t-SNE)

[48] is an example of this category, which assumes local neighborhoods are more important in revealing the

inner structure of the data. This method tries to preserve the local neighborhoods by creating a Gaussian

probability distribution of each and projecting them to the lower dimensions using a t-student distribution

while minimizing a cost function. In other words, this method tries to maximize the probability of closeness of
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local points in lower dimensions based on their placements in the original space. Because of the “heavy tails”

probability of the t-distribution, the relative distances get more extreme, thus highlighting the neighborhoods

more clearly. Since this algorithm works only with local neighborhoods, any global structure, or in other

words, distance between clusters in the high dimensions gets lost in the low-dimensional representation. The

method follows these general steps:

• Calculating the conditional probability of each point belonging to the neighborhood of point j us-

ing their Euclidean distance in high dimensions (meaning how likely they are to be neighbors if the

distribution is Gaussian)

Pk|j =
exp(−djk/2σ2

j )∑
k 6=j

exp(−djk/2σ2
j )

(10)

djk is the Euclidean distance between points xj and its neighbors xk, and σj is the standard deviation

of the Gaussian distribution.

• Calculating the joint probability distribution

Pjk =
Pk|j + Pj|k

2n
(11)

• Building a dataset of points in a low-dimensional space

• Calculating the joint probability distribution, assuming the distribution is t-student in lower dimensions

Qk|j =
exp(−djk)∑

k 6=j

exp(−djk)
(12)

• Calculating how different the distributions from high and low dimensions are from each other, and

minimizing this difference using the Kullback-Leiber divergence

DKL(P ||Q) =
∑
x∈X

P (x)log(
P (x)

Q(x)
) (13)

This expression shows how much information would be lost if some data with distribution P (x) is

expressed using distribution Q(x), i.e., projecting from higher dimensions to lower dimensions.

Because of the non-symmetrical property of the cost function, differences between pairwise distances in

lower dimensions are not treated equally. In particular, there is a large cost if highly separated points are
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Figure 2.5: Guiding dataset - t-SNE reduced
Second dimension vs. first dimension

represented by nearby points, and there is a small cost if nearby points are represented by separated points.

Therefore, most of the focus in this method is to preserve the local structure of the data.

t-SNE dimension reduction of the guiding dataset is demonstrated in Figure 2.5. In this case, features of

the dataset are extracted in terms of local neighborhoods, resulting in separation of yellow points and purple

points. However, the farthest blue point is closer to the purple cluster than to members of the same color

and in the end it is considered in the purple neighborhood. In this representation, the distance between

clusters does not have any meaning and as demonstrated, closeness of points, whether inside clusters or

between clusters, is only regarding the local neighborhoods.

Uniform Manifold Approximation and Projection (UMAP)

Uniform Manifold Approximation and Projection (UMAP) [49] is in the same category of neighborhood-

preserving techniques and it is similar to t-SNE, while having some differences in conditional probability

calculations and cost function in order to try to preserve the global structure as well. Overall, UMAP uses

manifold approximations to construct a topological representation of the high-dimensional data. Then, given

some low-dimensional representation of the data, UMAP optimizes the lower dimensional data to minimize

the cross-entropy between these two representations. Generally, the approach of UMAP is very similar to

t-SNE, with the differences of UMAP and t-SNE as mentioned:

• Calculation of the conditional probability in high dimensions is not limited to using Euclidean distance,
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it utilizes exponential probability distribution, and the probabilities are not normalized. Also, the

calculation of joint probability is different:

Pk|j = exp(
−djk − ρj

σj
) (14)

where ρj for the neighborhood of point xj is defined as following:

ρj = min{djk|djk > 0} (15)

• A number for nearest neighbors is calculated to create a weighted neighborhood graph to represent the

topology of the data

• The distribution in low dimensions is of the following form:

Qjk = (1 + a(yj − yk)2b)−1 (16)

where a and b are calculated using a minimum distance parameter, and yj and yk are coordinates of

points in the lower dimensions.

• Binary cross-entropy is minimized as the cost function between two sets of distributions:

CE(X,Y) =
∑
j

∑
k

[
Pjk(X)log

Pjk(X)

Qjk(X)
+
(
1− Pjk(X)

)
log

1− Pjk(X)

1−Qjk(X)

]
(17)

Applying the last dimension reduction technique on the guiding dataset creates Figure 2.6. Again, by

using a neighborhood-preserving technique one blue point is placed into the purple neighborhood. That being

said, it is visible that blue and yellow neighborhoods are closer to each other than to purple neighborhood.

This signifies the UMAP attempt to balance the local-global structure in contrast to t-SNE.

2.2.4 DR summary

It was tried to cover the most widely used DR techniques in the first part of this section. The techniques were

categorized based on their approach to transform the dimensions of a dataset. Evidently, each technique

has its own advantages and disadvantages, and no single technique is successful in feature extraction for all

applications. Applying dimension reduction requires knowledge about the underlying approach of techniques,

as well as familiarity with the dataset. Each technique can unveil different characteristics of the data, but

may not be able to capture all the features.
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Figure 2.6: Guiding dataset - UMAP reduced
Second dimension vs. first dimension

2.3 Clustering Techniques

Clustering is one of the most important unsupervised learning methods, in which a dataset is partitioned into

a number of clusters (classes) with similar characteristics, where the class label information is not known a

priori. It has been widely used in many applications throughout the years and has been applied to different

types of data. Some applications of clustering analysis include web search [50], biology [51], and image

pattern recognition [52]. Clustering can be used to gain insight into the distribution of data and to observe

characteristics of different clusters. The process of discovering groups within data can be done using various

algorithms [3].

To formulate, given a dataset X = [x1, . . . ,xn]T of size n×m, clustering can be formulated as a function

G depending on the method, where z = G(X). z is a n × 1 vector and z ∈ C = [C1, . . . , CNT ], where

the aim of clustering is to find NT , which is the total number of clusters and also to find the membership

(assignment) of each data point. In addition, it is assumed that there exists true (or expected) set of labels

defined by a n× 1 vector u, where the elements are of the subsets of true labels L = {L1, . . . , Lj , . . . , LNL}.

These true labels can be available or unavailable in different cases. In cases where true labels are available,

they can be used for conducting supervised analysis (classification), or they can be used for performance

assessment of unsupervised clustering. Different clustering methods can lead to different clusterings based

on their approach. Some methods are also capable of detecting outliers, and can be used for such purposes.
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The methods discussed in this chapter partition the data into mutually exclusive clusters. Five different

major categories of clustering methods have been introduced in the current section, and the categories

are based on the partitioning criteria of the algorithms. These categories are connectivity-based, centroid-

based, distribution-based, density-based and grid-based. After that, the metrics to evaluate the clustering

performance are discussed.

2.3.1 Connectivity-based clustering

The methods in the connectivity-based category take the distance between data points into account to assign

cluster memberships, where each data point is a vector. Closer data points are assumed to be in similar

clusters as opposed to farther data points. The most well-known method in this category is the agglomerative

hierarchical clustering [53], using a number of possible closeness measures (linkages). This method uses a

bottom-up merging strategy, starting by considering every data point as a single cluster and then merging

the two closest clusters together, and this merging process (fusion) is repeated until the whole dataset is one

cluster. The hierarchy of these combinations is represented in a dendrogram in the shape of a tree. This

tree shows how objects are grouped together. After the process is terminated, the user can choose where to

cut the dendrogram, therefore defining the final number of clusters.

Assuming r and r′ are two data points in Rm, ml is the mean for cluster Cl and |Cl| is the number of

objects in that cluster, five distance measures (linkages) are most widely used for this method as mentioned

below. However, other metrics can also be defined to indicate the merging threshold of different clusters

together.

• Minimum distance (single linkage using Euclidean distance): = min{drr′} where r ∈ Cl, r
′ ∈ Co

• Maximum distance (complete linkage using Euclidean distance): = max{drr′} where r ∈ Cl, r
′ ∈ Co

• Mean distance: = dmlmo

• Average distance: = 1
|Cl||Co|

|Cl|∑
1

|Co|∑
1
drr′ where r ∈ Cl, r

′ ∈ Co

• Ward’s linkage: = min{ESSlo − [ESSl + ESSo]} where

ESSl =
|Cl|∑
1
d2rml

for all r ∈ Cl

ESSo =
|Co|∑
1
d2r′mo

for all r′ ∈ Co

and for merged cluster Clo resulting from fusion of clusters Co and Cl:

ESSlo =
|Clo|∑
1
d2r′′mlo

for all r′′ ∈ Clo
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(a) Clusters found using hierarchical clustering (b) Dendrogram of hierarchical clustering

Figure 2.7: Guiding dataset - application of hierarchical clustering

As a demonstration, hierachical clustering using average linkage was applied to the guiding dataset and

the results are presented in Figure 2.7. In this case, each data point is assumed as a single cluster in the

beginning and in each step, closest points (closeness defined using average linkage) are merged together,

until there are three clusters left. For clustering demonstrations, blobs are represented with the same colors

as before and their clustering assignments for each method are represented using different shapes. In Figure

2.7(a), yellow and purple points are correctly assigned to separate clusters, however, one point of the blue

class is assigned to the purple cluster. Figure 2.7(b) shows the merging steps vs. the index of points. In this

case, the dendrogram has been cut on three clusters at a vertical distance of about 3.

2.3.2 Centroid-based clustering

Methods in the centroid-based category find centroids in order to partition the data into a specific number

of clusters. This is done by minimizing the distance of points from their closest centroid, where the centroid

is the center point of the cluster. The examples chosen for this category are k -means [54] and k -medoids

[55]. The main difference between these two methods is their selection of the centroid. For k -means, the

algorithm uses the number of clusters, N , as the input by the user, and tries to separate the data into N

groups of equal variance, while minimizing the Sum of Squared Errors (distances) for members of a cluster

from the centroid of that cluster (el):

SSE =

N∑
l=1

∑
r∈Cl

dist(r, el)
2 (18)
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Figure 2.8: Guiding dataset - application of k -means clustering

In other words, the distance from the points in the cluster to their centroid is squared, and the distances

are summed. This objective function tries to detect N clusters as compact and as separate as possible. The

centroids are randomly chosen in the beginning and get updated through each iteration of the algorithm to

be the mean of their cluster members (iterative relocation technique). This randomness slightly affects the

results in every run. The k -means algorithm follows these steps:

• Selection of N centroids randomly

• and, until no change, repeating these steps:

– assigning each point to its closest centroid

– updating the centroid to be the mean of the cluster members

Clusters detected in the guiding dataset using k -means are presented in Figure 2.8. Each cluster centroid

is represented in black using the same shape of its cluster members. Again in this case, the farthest blue

point has been assigned to the same cluster as the purple points, all presented with a circle.

k -medoids is similar to k -means, but instead minimizes a sum of general pairwise dissimilarities, and

the medoids (centroids) are from the points in the dataset. k -medoids is more robust than k -means when

outliers are present in the data, because a medoid is less influenced by outliers than a mean [3]. k -medoids

algorithm includes the following steps:

• Random selection of N initial representatives from the objects in the data

22



Figure 2.9: Guiding dataset - application of k -medoids clustering

• and, until no change, repeating these steps:

– assigning each point to its closest representative

– computing the cost of swapping the representative object with a random nonrepresentative object

– If the cost is negative, updating the representative with the nonrepresentative to be form a new

set

Figure 2.9 demonstrates the performance of k -medoids. It is visible that the centroids in this case are

from the data points (marked in black). To point out another difference from k -means, using this method,

one blue point is clustered with the yellow point, since it is closer to the x cluster centroid than to the square

cluster centroid.

2.3.3 Distribution-based clustering

The main idea exploited in the third category, distribution-based clustering, is the assumption that members

of a cluster most likely belong to the same distribution. In other words, different categories of data form

latent distributions. Points are assigned to clusters based on their probability of belonging to a distribution.

Gaussian mixture model (GMM) [56] is an example that assumes that the data is constructed of multiple

Gaussian distributions. The method follows an algorithm as described below:

Assume there are N Gaussian distributions, each with a center, µl, and standard deviation, σl, such that
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Figure 2.10: Guiding dataset - application of GMM clustering

Θl = (µl, σl) and Θ = [Θ1, . . . ,ΘN ]. For the dataset X we have:

P (xi|Θl) =
1√

2πσl
e−

(xi−µl)
2

2σ2 (19)

Assuming each cluster has the same probability ω1 = ω2 = · · · = ωN = 1
N , where each probability is an

indicator of some instance is sampled from that cluster, Eq. (19) can be written as:

P (X|Θ) =
1

N

|X|∏
i=1

N∑
l−1

1√
2πσl

e−
(xl−µl)

2

2σ2 (20)

Then, Eq. (20) is maximized using the Expectation-Maximization (EM) algorithm to find the parameters

of each Gaussian to finally find the probabilities of each sample belonging to any Gaussian, where |X| is

the number of all elements in the dataset. In general, EM algorithm tries to estimate the parameters in a

statistical model a posteriori. In this algorithm, a set of initial parameters are selected and the algorithm

iterates until the clustering cannot be improved (i.e., the results converge). This is also similar to the k -means

algorithm. Each iteration of EM has two steps [3]:

1. The Expectation step, where objects are assigned to clusters based on the current parameters.

2. The Maximization step where new parameter are searched for based on the expected likelihood in the

probabilistic model.

Clusters found using GMM are presented in Figure 2.10. Based on three Gaussian distributions, yellow
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Figure 2.11: Guiding dataset - application of DBSCAN clustering

points are assigned to a single cluster, purple points with the closest blue point are assigned to another

cluster and the rest of the blue points are members of another cluster.

2.3.4 Density-based clustering

In the fourth category, which includes density-based methods, clusters are defined as areas of high density

separated by areas of low density. Higher density is defined as smaller regions with higher number of samples,

and based on this definition, all methods in this category are able to perform outlier detection and can work

with clusters which are not convex.

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) [57] is one example of this

category. This method finds core samples as data points which have a minimum number of samples MinPts

within a specified distance eps around them, and therefore finding dense areas using that distance, where

the dense regions are clusters. DBSCAN algorithm is described below:

Starting with an unvisited object r, and repeating until are objects are marked as visited:

• if there are at least MinPts within a eps distance of r, a new cluster is created with r as a member

• for each unvisited point r′ in the neighborhood of r, if there are MinPts within a eps distance, add r′

to the created cluster and add combine its neighbors with neighbors of r

• if the density around r does not meet the threshold, mark r as noise or an outlier

Clusters found using DBSCAN are presented in Figure 2.11. Using a proper density threshold with

MinPts and eps hyperparameters, the method is able to correctly detect clusters and assign points, while
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Figure 2.12: Guiding dataset - application of OPTICS clustering

this correct clustering was not possible with any of the methods introduced till now. This demonstrates the

potential of density-based clustering methods. However, selection of the hyperparameters is not straight-

forward.

Ordering Points To Identify the Clustering Structure (OPTICS) [58] is very similar to DBSCAN, while

trying to overcome the difficulty of parameter selection. DBSCAN parameters are not very intuitive to

select, but the results of the clustering is highly dependent on them. This method has a major difference

from DBSCAN: OPTICS orders the points to prioritize the memberships, so that objects are sorted by their

reachability distance of their respective closest core samples. The reachability-distance of an object is the

smallest distance from a core object. Similar to algorithm of DBSCAN, points are visited and marked as

core samples (or outliers) based on their neighborhood density; Meanwhile, points in a neighborhood are

sorted based on their reachability distance as well. This relaxes the eps threshold and allows for variable

density cluster identification in a single dataset using a min samples parameter.

OPTICS clustering relaxes the eps by setting it to infinity as a default, and by adjusting only the

min samples using integer values the most accurate clustering assignment is presented in Figure 2.12. In

this case, one blue point is again assigned to the same cluster as purple points, and other points are correctly

clustered.

Hierarchical density-based clustering (HDBSCAN) [59] also works similar to DBSCAN, but it has a

hierarchical approach. The clusters are searched for using a range of distances, but instead of the size of the

region determining this separation cut, the cut is placed where the number of small clusters and outliers are
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reasonable, i.e., the formed clusters are more stable. The input parameter is the minimum cluster size to

help the algorithm make the cut in the dendrogram. The algorithm for this method starts with transforming

the space according to the density/sparsity based on the populations, then building the minimum spanning

tree to connect or merge dense areas. Dense areas are detected using the minimum cluster size and connected

to each other one by one in a hierarchy to create a tree. This is performed using a distance weighted graph,

which assigns more weight to closer dense areas, and less weight to clusters which are far from each other.

In the end, the algorithm extracts the stable clusters from the condensed tree, by cutting the edges which

have a small weight.

Best performance achieved by HDBSCAN is presented in Figure 2.13. This method separated the dataset

into two clusters, splitting the blue points between the other two clusters. Using a minimum cluster size of

2, top 3 blue points are merged with the yellow cluster and the bottom blue point is assigned to the purple

cluster.

2.3.5 Grid-based clustering

Methods in the last category divide the space into finite number of cells to form a grid structure and calculate

the density of each grid to find the clusters. Therefore, they can be viewed as space-driven methods,

as opposed to the methods discussed so far which are data-driven. These methods are called grid-based

clustering methods [3].

An example is CLustering In QUEst (CLIQUE) [60]. This method partitions high-dimensional data into

Figure 2.13: Guiding dataset - application of HDBSCAN clustering
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non-overlapping subspaces and uses these subspaces to find clusters. It tries to identify dense cells where

their number of objects exceeds the density threshold (dth), and sparse cells which are less likely to contain

clusters. This identification is done by based on dth and interval, which determines the partitioning of each

dimension. After that, the method iteratively joins two dense cells if they share the same intervals and

dimensions in the space. This is repeated until a cluster cannot be further extended in any dimension.

CLIQUE has a greedy approach, in which it starts with an arbitrary dense cell and then tries to extend it

to a maximal region covering more cells. It should be noted that the selection of the intervals, i.e., grids, is

particularly important in this algorithm in order to extract stable clusters. Also, if the clusters have varying

density, the selection of the threshold is rather influential in the final detection of shapes [3].

Figure 2.14 shows the results of CLIQUE clustering using an interval of 5 and each dimension of the

original space has been separated into 5 intervals. Threshold is used to determine the minimum number

of points a cell can contain to be considered a dense cell. In this case, the threshold has been set to zero,

meaning any cell which contains as minimum as one point can be a part of a cluster. As demonstrated, this

method has detected four clusters in total, successfully assigning yellow and purple points and splitting the

blue points into two different clusters. This indicates that an interval of 5 does not merge the cell containing

the farthest blue point with any other cells and their points.

Figure 2.14: Guiding dataset - application of CLIQUE clustering
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2.3.6 Performance evaluation metrics

After performing clustering, it is important to assess the labelling generated by the analysis, and in some

cases to compare the performance of different clustering methods. Consider two assignments of the same

vector x = [x1, x2, . . . , xn], C = [C1, . . . , Cl, . . . , CnC ] with nC clusters and L = [L1, . . . , Lo, . . . , LnL ] with

nL clusters. Performance assessment of clustering methods depends on an important piece of information

about the data; whether the true assignments of data points are known or not. If true labels are known,

the clustering assignments (C) are compared with these true labels (L). Cases with known true labels are

usually used for training and classification purposes. There are a number of important metrics which are

calculated using the true labels and clustering assignments, and are called external metrics [3]. The ones

introduced in this research are AMI, ARI and V-measure. For the objectives of this research, these external

indices are only used for performance assessment and not for supervised learning. Obviously, these indices

provide a more accurate assessment of how the clustering was performed.

Adjusted Mutual Information (AMI)

AMI [61] is the adjustment of Mutual Information score to measure the agreement between true labels

and assignments while accounting for chance, and is an external metric. The mathematical description

follows the steps below:

Considering C and L and selecting an object randomly from x, the probability of the object falling into

cluster Cl is expressed as:

P (l) =
|Cl|
n

(21)

where |Cl| is the number of elements in cluster Cl. The entropy φ of a set represents the amount of uncertainty

for a partition set:

φ(C) = −
nC∑
l=1

P (l)log(P (l)) (22)

φ(L) = −
nL∑
o=1

P (o)log(P (o)) (23)

The mutual information between the sets C and L is then expressed as:

MI(C,L) =

nC∑
l=1

nL∑
o=1

P ′(l, o)log(
P ′(l, o)

P (l)P (o)
) (24)
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where P ′(l, o) is the probability that a sample point belongs to cluster Cl in the assignment C and to cluster

Lo in the assignment L. The expected value of MI is calculated according to the following:

E[MI(C,L)] =

nC∑
l=1

nL∑
o=1

min(al,bo)∑
nlo=(al+bo−n)+

nlo
n
log(

n · nlo
albo

)
al!bo!(n− al)!(n− bo)!

n!nlo!(al − nlo)!(bo − nlo)!(n− al − bo + nlo)!
(25)

For an easier notation, al = |Cl| is the number of elements in Cl and bo = |Lo| is the number of elements in

Lo. nlo = |Cl ∩ Lo| denotes the number of objects common to clusters Cl and Lo. The variables al and bo

are the partial sums of the contingency table of predicted and true (expected) labels: al =
∑nC

o=1 = nlo and

bo =
∑nL

l=1 = nlo. (al + bo − n)+ denotes max(1, al + bo − n)). The final AMI score is calculated as

AMI =
MI − E[MI]

mean(φ(C), φ(L))− E[MI]
(26)

The AMI score is bounded between 0 and 1, where assuming that one of the assignments contains the

true cluster labels, the higher values correspond to a better performing clustering assignments.

Adjusted Rand Index (ARI)

ARI [62] is another external metric, which measures the similarity between clustering assignments and

true labels. This score is bounded between 0 and 1, and 1 is the perfect match score.

Given C and L, their similarity can be represented in a contingency table where each entry nlo shows

the number of samples in common between each Cl and Lo as in Table 2.1.

Table 2.1: Contingency table of ARI calculation

C \ L L1 L2 . . . LnL sums
C1 n11 n12 . . . n1nL a1
C2 n21 n22 . . . n2nL a2
...

...
...

. . .
...

...
CnC nnC1 nnC2 . . . nnCnL anC
sums b1 b2 . . . bnL

And ARI is calculated using the permutation method as:

ARI =

∑
lo

(
nlo
2

)
−
[∑

l

(
al
2

)∑
o

(
bo
2

)]
/
(
n
2

)
1
2

[∑
l

(
al
2

)
+
∑

o

(
bo
2

)]
−
[∑

l

(
al
2

)∑
o

(
bo
2

)]
/
(
n
2

) (27)
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V-measure

Another external metric is calculated using two other performance metrics: Homogeneity (h) and Com-

pleteness (c). The former is calculated based on whether each cluster only contains members of a single

class and the latter regards whether all members of a given class are assigned to the same cluster. Each are

calculated as follows:

h = 1− φ(C|L)

φ(C)
(28)

c = 1− φ(L|C)

φ(L)
(29)

where φ(C) and φ(L) are the entropy values of sets C and L, while φ(C|L) is the conditional entropy of the

classes, given the cluster assignment:

φ(C|L) = −
|C|∑
l=1

|L|∑
o=1

ao,L
N
· log(

al,L
bo

) (30)

Here al,L is the number samples belonging to class C and assigned to class L. The harmonic mean of these

scores is called the V-measure [63], bounded between 0 and 1, where higher values represent more accurate

clustering assignments:

v = 2 · h · c
h+ c

(31)

As most cases have to deal with unsupervised situations, in other words, the true labels of the data are

not known, the performance assessment of the clustering is done using the internal features of the found

clusters. These features can be placed into two categories: cohesion measures and separation measures [64].

Cohesion can be interpreted as the tightness of the found clusters, and separation is how “far” the clusters

are from each other. Clusters are ideally defined as groups of points which have high cohesion and high sep-

aration. Although, the tightness of each of clusters and distance of pair of clusters are the same metrics that

the clustering methods optimize to detect clusters. Therefore, these evaluation metrics and most clustering

methods confirm each other’s results, hence the results might not correctly represent the actual clusters and

structure of the data. Next, internal metrics are introduced.

Silhouette Coefficient

The most well-known internal metric is the Silhouette coefficient [65]. Similar to most of the internal

validation metrics, this metric is the ratio of cohesion to separation, and maximization of the metric is
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favorable. For a data point r in cluster Cl, the simplified formula is:

sc(r) =
B −A

max(A,B)
(32)

where A is the mean distance between a sample and all other points in the same cluster Cl:

A(r) =
1

|Cl| − 1

∑
k∈Cl,r 6=k

d(r, k) (33)

and B is the smallest mean distance between a sample and all other points in the next nearest cluster Co:

B(r) = min
o6=l

1

|Co|
∑
k∈Co

d(r, k) (34)

For this metric to be maximized (it has an upper bound of 1 and a lower bound of -1), it is ideal for A

to be much smaller than B. A high value indicates that the object is well matched to its own cluster and

poorly matched to neighboring clusters. The Silhouette coefficient, sc, is calculated for all points and the

overall sc is the mean over all data points.

Davies-Bouldin (DB) Index

Another example of internal metrics is the Davies-Bouldin (DB) index [66], which compares the distance

between clusters with the size of the clusters themselves. Two scores are calculated, T and M . T is the

average distance between each point of cluster and the centroid of that cluster (cluster diameter).

Tl =

 1

|Cl|

|Cl|∑
j=1

|xj − el|p
 1

p

(35)

where xj is the feature vector assigned to the cluster, el is the centroid of the cluster, |Cl| is the size of

the cluster and p is usually 2 to consider a Euclidean distance (2-norm). M is the distance between cluster

centroids:

Ml,o = ||el − eo||p (36)

A value of Rij is then calculated for each pair of clusters:

Rlo =
Tl + To
Ml,o

(37)

The DB index is found using the maximum of Rlo values:
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DB =
1

k

k∑
l=1

max
l 6=o

Rlo (38)

where k is the number of clusters.

Based on previous definitions, it would be ideal to have a high value of M and a low value of T , therefore

a low value of DB index. The lower values would then indicate a model with better separation between

clusters. The score has a minimum of zero.

Also, there are some other examples such as Dunn index [67] and Calisnki-Harabasz index [68] with

similar structures. Clearly, a problem arises in cases that do not have convex clusters, including cases with

elongated or arbitrary-shaped clusters, as these clusters will not achieve good scores regarding these metrics.

Also, most of these metrics do not account for any possible unclustered data points (outliers) which might

have been found using some of the clustering methods. Hence, a need for an internal clustering evaluation

metric with different features becomes necessary.

Density-Based Clustering Validation (DBCV) Index

There have been some developments in proposing new metrics which work with other features of the

clusters, thus could be more suitable to assess the performance of density-based clustering methods. The

most well-developed one is Density-Based Clustering Validation Index (DBCV) [69].

Similar to the objectives of density-based clustering methods, this metric considers the relative density

connections between pairs of objects. The all-points-core-distance, which is the inverse of the density of each

object with respect to all other objects inside its cluster, is calculated using the following formula:

aptscoredist(r) =

(∑nk
k=2( 1

KNN(r,k) )
d

nk − 1

)− 1
d

(39)

This value is calculated for each point. KNN(r, k) is the distance between object r and its kth nearest

neighbors, in this case all other objects in its cluster, and therefore 1/KNN could be interpreted as a density

measurement. Then, for all pairs of r and r′ objects in the cluster, the Mutual Reachability Distance (MRD)

is found as:

dmreach(r, r′) = max{aptscoredist(r), aptscoredist(r′), d(r, r′)} (40)

Based on this calculation, dense points (with low core distance) remain with the same distance and

sparser points are moved further away to be at least one core distance away form each other. Then, a

Mutual Reachability Distance Graph is created, which is a complete graph with objects in the dataset as
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vertices and the MRD between pairs as the weight of each edge. From the graph, a Minimum Spanning Tree

(MST) is built to decide where and how clusters should be defined. The tree is built one edge at a time,

starting and moving forward with the lowest weight edges that connect the tree to a disconnected vertex,

such that in the end, there is no disconnection of components. This process is repeated for all clusters.

Two features are defined here: the Density Sparseness of a cluster, DSC, defined as the maximum edge

of its corresponding MST, and the Density Separation of a Pair of Clusters, DSPC, defined as the minimum

MRD (dmreach) between objects of a cluster and objects from the other clusters. Both can be interpreted as

density-equivalents of cohesion and separation which was mentioned previously. Then, the Validity Index of

a cluster is calculated as follows:

VC(Cl) =
min1≤o≤j,o 6=l

(
DSPC(Cl, Co)

)
−DSC(Cl)

max

(
min1≤o≤j,o 6=l

(
DSPC(Cl, Co), DSC(Cl)

)) (41)

And the DBCV index is found using the weighted average of the Validity Index of all clusters:

DBCV =

i=k∑
l=1

|Cl|
N

VC(Cl) (42)

where |Cl| is the size of a cluster and N is the total number of objects under evaluation. This score is

bounded between -1 and +1, where negative values are cases when density inside a cluster is lower than the

between-cluster density and greater values indicate better solutions.

Overall, since any clustering method has a set of parameters to adjust in order to run, these metrics can

also be used for hyperparameter tuning of clustering algorithms as well.
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3 Studying the Synergy between Dimension Reduction and Clus-

tering Methods to Facilitate Fault Classification

3.1 Introduction

Detection of abnormal behaviors (faults) in chemical process systems is a challenging task due to the vast

amount of data collected through measurements associated with distributed sensor networks. In these

multivariate systems, gaining insight into the inner structure of collected high-dimensional data is essential

for exploring and discovering paths to assist big data technologies. This exploration is facilitated by the

use of many tools, such as dimension reduction techniques and clustering methods. Many fault detection

methods utilizing high-dimensional historical data have been developed throughout the years and benefit

from the use of dimension reduction techniques and clustering methods, or both. Each of these tools have

separately been studied in the context of various applications and evaluated based on their success in class

representation [20, 70]. It should be pointed out that the attributes of dimension reduction and clustering

methods have a direct effect on the outcomes. Therefore, a study on such attributes will help discovering

how dimension reduction techniques and a common unsupervised learning tool, clustering, can complement

each other in the field of fault detection. Utilizing combinations which complement each other improves

information extraction from the data and the fault detection process. There have been previous studies such

as the work in [18] demonstrating some methods are more compatible with each other. The reason of such

observations is explored and discussed in the current chapter by studying a wider range of methods.

In the present chapter, to help discovering methods which complement each other in the field of fault

detection and to demonstrate the performance of a fault detection strategy, the synergy between dimension

reduction techniques and clustering methods is studied. As shown in Figure 3.1, the proposed approach

consists of a first step where the data containing different states are normalized, followed by a dimension

Figure 3.1: A step-wise summary to study the synergy of DR and clustering methods
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reduction step then a clustering step, ending with the evaluation of the results. Different combinations of

categories are tested and characteristics of each group of methods is taken into account to match each class

of dimension reduction technique with one or more groups of clustering methods to achieve the best overall

functionality of the fault detection process. A case study has been carried out on a dataset containing three

different types of faults from the Tennessee Eastman Process simulator. The outcomes can be substantially

improved by judiciously pairing the dimension reduction approach with a method from the appropriate group

of clustering methods.

Tennessee Eastman Simulator and its dataset, the proposed approach and the discussion of the results

are presented next.

3.2 Case study: Tennessee Eastman Process

Process monitoring systems are used to identify the operating states of a plant through a large number

of sensors. Extensive amounts of variables are measured to detect and manage faults in real-time, most-

importantly for safety purposes. The collected data from these sensors are useful for data-driven approaches

to develop and implement effective fault detection and classifications. In order to compare the performance

of different data-driven fault detection methods, a benchmark is required.

The Tennessee Eastman Process (TEP) is a popular benchmark for fault detection and monitoring studies.

It is a simulation of a multimode continuous chemical process plant which was first introduced in 1993 [71],

and has played an important role in the area of control design and process monitoring. A revised model of

the process simulator implemented in MATLAB was introduced in 2015 [72] which included improvements

compared to previous models. The datasets utilized for this research were generated using this simulator.

TEP consists of five major units (a reactor, a product condenser, a recycle compressor, a vapor-liquid

separator, and a product stripper) and eight components in total. Four reactants A, C, D, E, and inert B

are fed to the reactor to produce two products G and H and a by-product F. The reactor product stream

is then cooled through a condenser and then fed to the separator. The vapor from the separator is recycled

to the reactor through the compressor, and the liquid from the separator is transferred to the stripper. The

original simulation has 41 measured variables and 12 manipulated variables, 53 variables in total, as well as

20 predefined faults of different types that can be introduced to the system, such as step changes, random

variations and slow drift in reaction kinetics. The process flow of this chemical plant is presented in Figure

3.2. Details of the system variables and system faults are provided in Appendix A.

From the revised simulator, three different faults of varying types were selected to create a dataset to

be utilized in different parts of this study. The dataset was generated specifically to study two systems, (i)
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containing multiple states, meaning faults as well as normal operation, and (ii) containing different types of

faults. The selected faults were Fault 2 which is a step change in component B composition in stream 4, Fault

13, a slow drift in the reaction kinetics taking place in the reactor, and Fault 14, the sticking of the reactor

cooling water valve. In order to assess and study the synergy of different methods, faults were selected from

the ones which are simpler to detect. Each of these faults were separately active for a constant 20 minutes,

and then turned off right before the next period started. The dataset also contains 20 minutes of normal

operation (without any faults). For all periods, the sampling time is 1/3 second, which corresponds to a

frequency of 180 samples a minute. The storage sampling frequency (which creates the historical database)

is 1 minute, which corresponds to a frequency of 1 sample in one minute. Time constant is 1 at all times for

all changes. This high-dimensional dataset contains four states in total, without transitional states between

different operations. All 53 variables where initially included in the dataset before any preprocessing. It

should be noted that selection of different sets of variables for studies such as clustering can lead to different

clustering results. Therefore, no variables were omitted during dataset generation.

3.3 Proposed approach

In order to study the synergy between categories of dimension reduction techniques and clustering methods,

the methods mentioned in Chapter 2 were tested on the dataset generated using the Tennessee Eastman

Figure 3.2: Process flow of the Tennessee Eastman Process
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Process (TEP) simulator introduced previously. After the data generation, the rest of the steps are car-

ried out using Python programming language, and the code is available in Appendix B.2, mostly using the

scikit-learn package [73]. Dimension reduction techniques in this work include all examples from correlation-

preserving methods, distance-preserving methods and neighborhood-preserving methods, the 5 techniques

mentioned previously. The categories of clustering methods are the connectivity-based clustering (agglomera-

tive hierarchical), centroid-based clustering (k -means and k -medoids), distribution-based clustering (GMM),

density-based clustering (DBSCAN and OPTICS) and grid-based clustering (CLIQUE), 7 methods in total.

The generated dataset consisting of the three faults and one normal operational state (without any

faults) is first preprocessed by removing the constant variables which didn’t change in time throughout the

process, and normalizing the rest of dataset to a zero mean and unit variance . A dimension reduction

technique is applied to the dataset followed by a clustering method. In this manner, every combination of

dimension reduction techniques and clustering methods were tested to find the categories that complement

each other more successfully in isolating the different faults. All the dimension reduction techniques were

used to obtain two-dimensional data, and the parameters for each clustering method were searched for based

on the external metrics described in Chapter 2. They were selected such that the clustering would result

in the highest possible scores for maximum number of metrics; In other words, the clustering assignments

would match the true labels of the four different states as much as possible. Hence, better scores (closer to

1) do not necessarily correspond to correct number of clusters, but they may contain some extra clusters

or some combined clusters. This study is only intending to discover the complementary methods, and it is

not researching the abilities of each individual method. Hence, the study is supervised, meaning that true

labelings of dataset were used to maximize the ability of clustering methods in detecting different states.

This supervised clustering is slightly different from the definition of classification in a detail: the clustering

is not using training data to predict new data, meaning all data is used at once to detect classes. Whereas

in classification, new data is classified into defined groups based on previous training.

3.4 Results and discussion

The ability of a clustering method to accurately detect different states and faults as separate clusters is highly

dependent on the ability of the dimension reduction technique to extract the inner structure and information

from the original high-dimensional data. Therefore, if some states are not distinguished from each other

after the first step of dimension reduction, complete fault isolation in clustering is almost impossible. For

example, in the visualization of the two-dimensional data, it was observed that data points of Fault 14 were

close to those of the normal state or even were indistinguishable in most of the cases. Fault 14 is one of the
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Table 3.1: AMI Scores for Cluster Assignments After Dimension Reduction

Hierarchical k-Means k-Medoids GMM DBSCAN OPTICS CLIQUE
PCA 0.511 0.513 0.455 0.630 0.645 0.683 0.373
MDS 0.539 0.510 0.427 0.553 0.600 0.501 0.433
ISO 0.655 0.589 0.573 0.440 0.707 0.700 0.426

t-SNE 0.766 0.610 0.716 0.642 0.785 0.668 0.766
UMAP 0.685 0.595 0.575 0.628 0.704 0.673 0.433

Table 3.2: ARI Scores for Cluster Assignments After Dimension Reduction

Hierarchical k-Means k-Medoids GMM DBSCAN OPTICS CLIQUE
PCA 0.346 0.350 0.292 0.502 0.505 0.513 0.165
MDS 0.385 0.413 0.355 0.421 0.470 0.287 0.210
ISO 0.513 0.436 0.445 0.209 0.568 0.565 0.193

t-SNE 0.635 0.492 0.617 0.545 0.766 0.520 0.635
UMAP 0.525 0.450 0.513 0.555 0.579 0.555 0.244

”inconclusive” faults, which are successfully detected only by some methods, and are not detectable easily

using others [12]. Two-dimensional projections of this dataset for all DR techniques are presented in subplots

of Figure 3.3. In this figure, different colors represent the true labels of the data points for visualization

purposes, and no clustering has been performed.

The results of the case study are summarized in Tables 3.1 through 3.3. Table 3.1 presents AMI scores,

Table 3.2 presents ARI scores and Table 3.3 displays the V-measure scores. The results demonstrate the

obtained scores for each of the clustering methods for each DR technique. The best score for each dimensional

reduction technique is highlighted in bold.

A brief overview of the Tables 3.1 through 3.3 shows that the best performing clustering methods for all

DR techniques were in the density-based category (the reason is addressed later in this section). To explore

in more detail, as presented in Table 3.1, for the correlation-preserving category (e.g., PCA), a density-based

clustering had the best performance, and the distribution-based clustering was the method with the second-

best performance. For the distance-preserving category (e.g., MDS and Isomap), DBSCAN achieved the

highest AMI score for both techniques. The best clustering result for the neighborhood-preserving category

was also DBSCAN. For both methods in this category, hierarchical clustering also produced results which

Table 3.3: V-measure Scores for Cluster Assignments After Dimension Reduction

Hierarchical k-Means k-Medoids GMM DBSCAN OPTICS CLIQUE
PCA 0.512 0.514 0.456 0.630 0.645 0.638 0.373
MDS 0.539 0.511 0.427 0.553 0.600 0.501 0.433
ISO 0.655 0.589 0.573 0.440 0.707 0.700 0.426

t-SNE 0.767 0.610 0.717 0.642 0.785 0.668 0.767
UMAP 0.685 0.595 0.575 0.629 0.705 0.673 0.434
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Figure 3.3: Two-dimensional projections of the TEP dataset for all DR techniques
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Table 3.4: Performance Rankings of Clustering Categories for Each DR

1 (Best) 2 3 4 5 (Worst)
Correlation-preserving Density-based Distribution-based Distance-based Centroid-based Grid-based

Distance-preserving Density-based Distance-based Centroid-based Distribution-based Grid-based
Neighborhood-preserving Density-based Distance-based Distribution-based Centroid-based Grid-based

were relatively close to the highest scores. These behaviors were also observed in other scores and these

results can be confirmed.

To summarize, the performance of each clustering category was ranked for each category of DR and

the rankings are presented in Table 3.4, with 1 being the best-performing category and 5 being the worst-

performing category.

For all three categories of DR, density-based methods had the best performance and for two out of three

categories, distance-based methods ranked second. For all three categories grid-based methods had the worst

performance and for two of three categories, centroid-based methods ranked fourth. Grid-based methods

and centroid-based methods do not work well with elongated clusters and tend to separate a long cluster

into several smaller ones, because of their optimization objectives. In this case, Fault 13 has such a feature

as presented in Figure 3.3.

Overall consideration of the results demonstrates that density-based clustering methods lead to higher

scores in general, therefore more accurate cluster assignments. Most of the tested DR techniques represent

similarity of data points in terms of their closeness, therefore the clusters can be found using a method which

searches for areas with high density or clusters them based on the relative distance of data points more easily.

An additional observation can be made by comparison of DR techniques, stating that the clustering results

obtained after t-SNE demonstrate better performance compared to all other techniques for the dataset at

hand.

(a) Isomap Dimension Reduction (b) t-SNE Dimension Reduction

Figure 3.4: DBSCAN clustering applied on (a) Isomap and (b) t-SNE results
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Highest AMI scores were achieved using t-SNE followed by DBSCAN clustering and using Isomap followed

by DBSCAN. These results are presented in Figure 3.4. In this figure, different colors represent different

clusters found through the mentioned steps, and the true classes of faults are demonstrated using arrows.

Three clusters can be seen in Figure 3.4(a). Two faults (2 and 13) were detected successfully and two of the

states (Fault 14 and no fault) are almost overlapping and combined into a single cluster in color blue. Figure

3.4(b) shows five different clusters in addition to outliers (in black) found by DBSCAN. All four different

states were detected almost perfectly, with the exception of the yellow and gray clusters which are labeled

separately but both are Fault 14. It can be seen that Fault 14 is mapped very closely to the normal state

with no faults, and Fault 13 has an elongated shape.

3.5 Conclusions

This chapter focused on studying the performance of categories of clustering methods when used in conjunc-

tion with categories of DR techniques to enhance the fault detection process. The tests were carried out on

a case study from the TEP simulator to find the DR techniques and clustering methods that complement

each other. Different combinations of DR techniques followed by clustering methods were applied to the

dataset to obtain the highest similarity in cluster assignments to true data labels. The study shows that

different categories of DR tend to produce results with specific characteristics leading to their higher compat-

ibility with categories of clustering methods. More specifically, the results show that the density-based and

distance-based clustering categories have a promising performance in identifying isolated states and possible

faults used along with all DR categories.
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4 Performing Multi-objective Optimization alongside Dimension

Reduction to Determine Number of Clusters

4.1 Introduction

Constant monitoring of operational variables throughout the systems of manufacturing processes results in

massively archived databases. As this historical record of operations is high-dimensional and complex, it

presents a valuable opportunity to discover operational patterns and behaviors, and, thus, to detect possible

faults and anomalies. In most cases, the adequate analysis of failures or anomalies is only possible after the

event, therefore carrying out a post mortem study of historical data becomes critical. As a result, many

fault detection methods utilizing high-dimensional historical data have been developed throughout the years

and benefited from the use of many data science tools [15, 74].

The historical data collected as such ideally contains information which can be exploited for modeling,

prediction and anomaly detection/isolation in various industries. Depending on the size and the complexity

of operations, such data can be low-dimensional or high-dimensional, where in the latter, the process of

information extraction becomes more challenging. Hence, Big Data analysis has drawn more attention in

search of ways to help this knowledge discovery [75]. The approach presented in this study is generic and

can be applied to historical datasets from a variety of industries and technologies.

Two tools which are frequently used in information extraction from complex datasets are dimension

reduction and clustering methods. Over the years, a variety of approaches have been developed for each

of these tools and one needs to be cognizant of the underlying science that makes them appropriate for

some datasets and not necessarily others. Often times, a certain amount of insight is required to select the

best-performing method, however, this becomes problematic in many real-life cases. Hence, understanding

the approach behind each technique can help in guiding the analyst towards the appropriate selection from

the available methods. Such lack of clarity led to the use of these methods often in an unsupervised manner

[76]. As mentioned previously, DR techniques are one category of highly useful tools which can transform

the original high-dimensional dataset to a dataset with lower (thus more manageable) dimensions by pre-

serving specific characteristics of the original data, with the goal to retain the most important features and

information. The other aforementioned tool, clustering, serves the purpose of information extraction by

finding groups or clusters within the data (classification). These clusters of data points are identified based

on the similar characteristics of their members, where each cluster would try to represent a physically mean-

ingful class. The definition of similarity for clustering the points varies among different approaches. These

methods have proven to be beneficial in developing data-driven methods for process monitoring and fault
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detection/diagnosis as compiled by [12] and [10]. After studying the synergy between DR techniques and

clustering methods through consideration various combinations and permutations, the matter of obtaining

optimal results is a subject that requires further discussion, especially if these methods are used in cases

without any prior knowledge about the data.

The most common observation in performing clustering analysis on a dataset is that the odds of obtaining

satisfactory results is low, especially if there is not enough prior knowledge about the dataset. This is an

outcome of the parametric dependence of the clustering methods on dataset features. In addition, as in

most real-life scenarios, since a priori information is not available, performance evaluation can only be done

using internal metrics. Most of these validation metrics optimize parameters which are also the objective

of the clustering methods [64], so these metrics might not offer a true representation of the data under

scrutiny. For example, Silhouette coefficient is more compatible with k -means and Density-Based Clustering

Validation (DBCV) index is more compatible with HDBSCAN. Therefore, evaluating internal validation

criteria is a matter which has been examined through various studies to measure the ability of these metrics

in representing the success of clustering results [77].

Multiple studies have been performed in the last few decades addressing the performance of internal

validation criteria, each focusing on different information to report, such as the ability to identify the correct

number of clusters, assessing the correct grouping of data points and selecting the best parameter settings for

each algorithm [77]. One of the first studies was carried out by [78], and 108 small, artificial datasets were used

to identify the correct number of clusters for hierarchical clustering. They reported that Calinski-Harabasz

(CH) index was the best-performing one. In a more recent study by [79], four validation criteria, Silhouette,

Davies-Bouldin, CH, and DBCV Index were used on 27 datasets to identify the highest scoring solution

and the best parameters for each of the six clustering algorithms; k -means, DBSCAN, Ward, Expectation-

Minimization (EM), mean-shift and spectral clustering. Their results indicate higher compatibility of specific

clustering methods with some internal metrics compared to others.

When faced with multiple indices in assessing performance, a reasonable approach would be to consider

an ensemble of these indices. Then, naturally, the matter of partial weights and metrics combinations arise.

Another approach would then lie in exploring a framework in which more than one index is considered at a

time to discover the patterns underlying the data, hence the best possible clustering solution. As a result,

it seems appropriate to formulate the problem as a multi-objective optimization problem. Multi-objective

optimization, or Pareto optimization, is an optimization problem which has, as the name suggests, more

than one objective function to optimize. Pareto optimal or non-dominated solutions are the solutions in

which none of the objective functions can be improved without degrading another one, thus producing the

set of most acceptable solutions. Realistically, this also means that there exists no solution that has every
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objective simultaneously optimized (maximized or minimized). Therefore, in the end, a set of solutions are

deemed equally acceptable and presented to the decision maker [80]. There are three major approaches to

multi-objective optimization problems: (i) using a weighted sum to combine a set of objectives into a single

objective, (ii) ordering the objectives based on their importance, or (iii) optimizing the multiple objectives

simultaneously with a Pareto based approach [81]. The latter provides a set of solutions from which the

decision maker will select.

Multi-objective clustering (MOC) has become of growing interest in the recent years, especially in the field

of genetic algorithms [82]. Keeping in mind that, realistically, optimizing no single objective can completely

capture the clusters present in a dataset, MOC performs a search over the search space of all parameters of

the algorithm while simultaneously optimizing a number of validity indices. An algorithm named MOCK

(Multi-Objective Clustering with automatic determination of the number of clusters) presented by [83], offers

a multi-objective evolutionary algorithm to detect the correct number of clusters in a genetic encoding, and

its objective functions are overall deviation of partitioning (which is the overall summed distances between

data points and their cluster centers) and connectivity (which measures the degree that neighboring data

points have been placed in the same cluster). In another work performed by [84], NSGA-II algorithm has

been used on numeric image datasets to simultaneously optimize the Xie-Beni (XB) index (which is a ratio of

global to local variation) and Jm (which calculates the global cluster variance), and the results are compared

to two other scenarios, each optimizing only one of these scores using other clustering methods. The final

results are evaluated using another index which is not included before, and suggests that the multi-objective

clustering outperforms the other methods.

Considering the previous work and aforementioned advantages of MOC, this chapter considers a clustering

strategy using Pareto optimization to simultaneously optimize a number of different metrics to reveal the

behavior of the data. Hence, the clustering result will not depend on only one metric (and one type of

cluster feature), but a more holistic view is taken into account to assign the memberships. In more detail,

the clustering would be treated as an unsupervised step of data analysis, with none of the parameters

selected. The clustering is performed multiple times while varying the parameters over their ranges, and

multiple internal metrics are calculated for each run. A multi-objective optimization is then performed, with

these metrics as objectives, to find the best solutions and the final number of present clusters. To get a better

insight, the previous step is then combined with DR techniques to further assist the information extraction.

Depending on how the mapping is carried out from high dimensions to low dimensions, different clusters can

be created or lost. Therefore, considering representations of the dataset at hand in various versions in lower

dimensions would help in identifying the patterns/clusters which are preserved during the mapping, i.e., the

most persistent features of the data. Finally, MOC is performed multiple times on different projections of
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the data to assess the results of the clustering step.

In comparison to previous studies focusing on multi-objective clustering, the novel features of the current

study are the consideration of a density-based validity metric as well as cohesion-based and separation-based

indices simultaneously, as well as the utilization of DR techniques and application of multi-objective clustering

in tandem to discover the most important features of a dataset. In the next section, problem formulation,

details of the datasets for the case studies and the steps of the proposed approach are presented. Results

and discussion of the numerical experiments on the mentioned datasets are followed, and in the end the

conclusions are offered.

4.2 Methodology

In this section, the general mathematical formulation of the problem is presented, followed by the utilized

methods, then the datasets are introduced. The section concludes with the specific steps of the proposed

method.

4.2.1 Problem formulation

The schematic representation of the proposed methodology is depicted in Figure 4.1. To formulate the

problem, let us assume a n×m data matrix X = [x1, . . . ,xn]T , where n denotes the number of samples and

m is the number of variables. During the first step, the aim of dimension reduction is to map the matrix X

onto Y = [y1, . . . ,yn]T where the set of vectors is of a reduced dimension p (p 6 m) by preserving as much

of the intrinsic structure of the data set as possible:

Y = F (X) (43)

In this expression, the function F can take different forms depending on the selected dimension reduction

technique.

Next, let us assume there are nL distinguishable categories/clusters in the data set, and let them represent

different operational states, faults, chemical samples, etc. dictated by the features expressed by the data set.

Clustering aims to categorize (classify) the data samples into these nL separate subsets in an unsupervised

manner, aiming to group similar instances together, while different instances should belong to different

categories (classes). In the present work, clustering is performed on the Y matrix of reduced dimension,

however, it must be noted that it can be performed on the original data set as well, at least for purposes of

comparison. This step is represented as,
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Figure 4.1: The schematic representation of the proposed methodology with its four main steps: dimension
reduction, t types of clustering, the characterization of the clustering solutions by nq metrics and the

selection of the best solutions
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z = G(Y) (44)

Again, the function G is defined based on the selected method. Here, z is a n× 1 vector, where the elements

correspond to the subsets C = {C1, ..., Ci, ..., Ck} with the number of clusters k. In addition, it is assumed

that there exists true set of labels defined by a n× 1 vector u, where the elements are of the subsets of true

labels L = {L1, ..., Lj , ..., LnL} with the number of labels represented by nL.

Recognizing that clustering is an unsupervised machine learning technique, the determination of the

number of clusters is often based on the expert knowledge of the application domain and in several cases

may be required as an input to the clustering algorithm. The aim of the present chapter is to determine the

optimal number of clusters, k, in an unsupervised manner. Therefore, during step two, t different possible

clustering solutions are created, resulting in a total of t vector z’s. Subsequently, nq internal metrics are

calculated for these solutions in the third step and stored in a t× nq matrix Q = [Q1(z), Q2(z) . . . , Qt(z)]T .

This is followed by the determination of the optimal solutions from the t solutions and further analysis reveals

the optimal number of subsets, where the number of found clusters and the number of true (distinguishable)

subsets in the data set are equal, i.e., k = nL. Now the general formulation of the multi-objective optimization

problem in the fourth step with nq objective functions can be presented as,

max
t
{Q = [q1(z), q2(z) . . . , qnq(z)]} (45)

Due to the often conflicting objective functions, the solution of a multi-objective optimization problem is

typically not a single point but a group of points called the Pareto-optimal or non-dominated set of solutions.

A dominated solution is defined as the solution which is strictly better than the rest of the solutions in at

least one criterion and is no worse than the rest in all objectives. In other words, non-dominated solution

cannot improve in any of the objectives without degrading at least another one, and are accordingly selected

as a member of the final solution set. This set of non-dominated solutions is called Pareto-optimal [85].

In the present work, the goal is to analyze the Pareto optimal solutions of the t solutions that are found

through clustering. The form of the applied dimension reduction functions, F , the approaches for clustering,

therefore, the form of the function G and the objective functions, or in other words, the internal evaluation

metrics (indices) of clustering performance, are provided in Chapter 2, as well as external metrics for result

assessment of the proposed approach.

4.2.2 Utilized methods

Dimension reduction techniques
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The main use of DR techniques is to remove redundant information (data) and represent meaningful

features of the raw process data in fewer, often, two or three dimensions. Some benefits of applying DR

techniques are reducing the computational complexity and avoiding the curse of dimensionality. While

having a lower number of (transformed) variables facilitates data analysis, these techniques can also be

used for visualization purposes in 2D or 3D. For the case at hand, all DR techniques have been used to

transform the original m-dimensional dataset into a two-dimensional manifold. All DR techniques intro-

duced in Chapter 2.2, 5 techniques in total, are used in this part of study, with focus on their definitive

attributes which classifies them into three different categories of correlation-preserving, distance-preserving

and neighborhood-preserving.

Clustering methods

All clustering methods introduced in Chapter 2.3 in any of the four different categories of clustering

methods of connectivity-based, centroid-based, distribution-based and density-based are utilized in this part

of study, with a total of 7 methods.

It is important to note that the performance assessment of clustering methods depends on an impor-

tant piece of information about the data; whether the true assignments of data points (i.e., true labels) are

known or not. Cases with known true labels are usually used for training and classification (supervised)

purposes and metrics are called external. There are a number of important metrics which are calculated

using the true labels and clustering assignments, as introduced in Chapter 2.3.6. The ones considered in

this study are Adjusted Mutual Information (AMI) and V-measure. These indices provide a more accu-

rate assessment of how the clustering was performed. For the purposes of this study, external metrics are

only introduced and later utilized to demonstrate the performance of the approach, and are not objective

functions for the optimization process. However, for the reasons mentioned previously, the performance as-

sessment of the clustering assignments is carried out with the help of internal features of the found clusters.

Internal metrics such as Silhouette coefficient, Davies-Bouldin index and DBCV index are the objective func-

tions of optimization to find the expected number of clusters and are the calculated metrics for each solution.

Multi-Objective (MO) optimization

While Single-Objective (SO) optimization is easy to implement, in most cases the problem contains more

than one influential objective to make a decision. As opposed to SO optimizations in which only a single

function is aimed to be optimized, MO optimizations can be challenging. These objectives often can be

conflicting, hence, resulting in a set of solutions known as Pareto-optimal solutions. Any two solutions from

this set present a trade-off between the objectives, therefore, the selection of the final solution requires the
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decision maker’s knowledge and further investigations. Optimization in the context of this research can be

defined as the process of finding the best solution(s) possible from the available ones [86]. Therefore, based

on some criteria, multiple objective functions are defined. Then, a search algorithm is utilized to maximize

the objective functions. Realistically, there is no unique solution which optimizes all objective functions at

the same time. Hence, a set of solutions are presented in the end with an acceptable level of trade-off [80].

This set of solutions contains two groups of dominant and non-dominant solutions. A solution is considered

dominant if:

1. Is no worse than other solutions in all objectives

and

2. Is strictly better than other solutions in at least one objective

Therefore, MO optimization is performed using the concept of dominance. If a number of solutions are

non-dominant, meaning one of the conditions above is violated, one cannot decide on the supremacy of the

solutions. Each solution may be optimizing one of the objective functions and performing poorly in the

other, and since all objective functions are important, all such solutions are deemed acceptable. Therefore,

the set of Pareto-optimal solutions are the non-dominant ones [86]. In this study, objective functions are

internal clustering metrics and the solution set are the clustering labels found for each clustering method.

Therefore, to perform MO optimization. following algorithm has been used:

• Start enumerating through all members of the decision space

• Compare the solution with all the ones after it for domination:

– If later solutions dominate the current one, keep them

– If not, remove any solution that is not better in at least one objective than the current one

The algorithm leads to a set of non-dominant solutions which can be equally accepted. It is important

to note that the solutions which are optimizing the objective functions might not be the guaranteed optimal

solutions, yet they are the best solutions which could be selected [86].

4.2.3 Datasets

Three different datasets with distinct features were tested using the approach presented later in section 4.2.4.

• Wine dataset

The first dataset is the well-known and broadly used “Wine dataset”, containing the results of the

chemical analysis of wines grown in a specific area of Italy, available on the UCI repository [87].
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The dataset contains three different wine types represented by overall 178 samples, with 13 variables

recorded for each sample. Based on the dataset, it is desirable to detect three individual groups after

performing clustering, i.e., when using clustering methods that do not perform outlier detection, the

expected number of clusters is three.

• Synthetic dataset

The idea to explore in the second dataset is to evaluate the performance of this approach on 2D

datasets. The dataset is synthetic and created using make blobs function of the scikit-learn package

[88]. It contains 5 clusters, each with a 0.6 standard deviation and is in 2D as mentioned. There

would be no dimension reduction in this case, but the DR techniques are used still to produce different

projections of the data. In this case, using the clustering methods that do not detect outliers, the

expected number of clusters would be five.

• Fault detection in the Tennessee Eastman Process

Third dataset is generated using the revised Tennessee Eastman Process (TEP) simulator introduced

in Chapter 3.2, and is the same dataset utilized in the previous chapter. As an overview, TEP is a

benchmark chemical plant consisting of five major units (a reactor, a product condenser, a recycle

compressor, a vapor-liquid separator, and a product stripper) and eight chemical components. For this

dataset, three different faults of varying types were selected; Fault 2 is a step change in a component

composition; Fault 13 is a slow drift in the reaction kinetics, and Fault 14 represents the sticking of the

reactor cooling water valve. Each of these faults were separately active for a constant 20 minutes, and

then turned off right before the next period started. The dataset also contains 20 minutes of normal

operation (without any faults).

As demonstrated in Chapter 3.4 in the visualization of the 2D data, it was observed that data points

of Fault 14 were close to those of the normal state or even were indistinguishable in most of the cases,

which makes it difficult for the clustering methods to detect two different states. During the mapping

from high dimensions to low dimensions, these two states are considered to have similar features,

hence, they are overlapping in the lower dimensions. Therefore, if it can be deemed acceptable for the

clustering methods to consider Fault 14 and normal state as 1 cluster because of the DR performance,

then the expected number of clusters can be considered 3. Also, as demonstrated, the average number

of points per cluster in this dataset is higher compared to previous datasets and is much higher than the

possible outliers, because of the simulation runs. In other words, there are not many outliers present

in the data, and the expected number of clusters would be 3 for any method.
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Figure 4.2: A step-wise summary of the proposed method to detect the number of clusters

One important feature of this dataset is the presence of an elongated cluster belonging to Fault 13,

which is a slow drift in the reaction kinetics. As mentioned previously, methods such as the ones

in centroid-based category do not perform well when encountered with elongated clusters. Hence,

methods such as DBSCAN or HDBSCAN, would be expected to perform better for datasets with

elongated clusters, such as this one.

4.2.4 Proposed method

To start with, after normalization of the data, multiple lower-dimensional forms of the dataset are created

using different DR techniques, while also keeping the original high-dimensional version. Then, for each

clustering method discussed above, a clustering analysis is performed over the search space of its hyper-

parameters. This is followed by Pareto optimization to choose the best set of solutions while optimizing

the internal metrics, hence selecting the best number of clusters without any prior knowledge. Due to the

varying nature (and goals) of clustering methods, it is not meaningful to compare the final results, since

methods have different capabilities in terms of outlier and cluster shape detection; some methods detect

outliers while others are unable to detect them, and some methods cannot work with elongated clusters

while others are more compatible with different shapes of clusters. Therefore, one universal element which

can be compared over all clustering results is the final number of clusters found. Hence, that will be the

focus of the comparative study. Figure 4.2 presents a roadmap of the steps included in the current approach.

The process of transforming the dimensions is not at study here. It is assumed the dimension reduction

with suitable parameters is feasible and the parameter selection for DR (if needed) is performed based on

available studies, or other heuristics. All the dimension reduction techniques have been used to obtain 2D

datasets. All five mentioned DR techniques have been applied paired with each clustering, so for each dataset

there are 6 versions available in total. More DR techniques can be used, and this number has been selected

as a minimum. Also, all four categories of previously mentioned clustering (seven methods in total) were
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utilized for a more thorough study.

As mentioned, in order to emphasize the unsupervised nature of this study, only internal metrics are

considered for optimization and calculation of any external metrics is solely for the purpose of result com-

parison. These internal metrics are Silhouette coefficient, DB and DBCV indices. The first two are to be

maximized but for the latter metric, lower values indicate better performance. Moreover, the DB index,

in the context of this study, is in the order of 1000, while other indices are between 0-1. Therefore, the

reciprocal of the DB index is maximized in the optimization process to uniformly maximize all the metrics

in the same range.

After Pareto optimization, the number of presented solutions varies among different clustering methods

and different dimension-reduced datasets. In some cases, the number of Pareto solutions is very high and

sometimes only a handful of solutions are acceptable. Hence, in order to balance the number of presented

solutions in each case, and remove the solutions with the poorest performance, a filter is placed after the

optimization step. This filter removes the solutions which have any internal score with an absolute value

lower than 0.01. Since the closeness of the calculated scores to zero is an indicator of their poor performance,

this value has been selected as a heuristic threshold to eliminate any possible substandard solutions.

4.3 Results

In this section, the results of the study are presented in individual graphs. For each dataset, the results

are grouped based on the category of clustering methods (distance-based, centroid-based, distribution-based

and density-based), resulting in four subplots. Each plot demonstrates the fraction of Pareto solutions

representing different number of clusters. The plots contain the performance of each DR technique and an

overall performance, considering all the Pareto front solutions found for the dataset. In the end of each part,

an example of the actual clustering with the calculated AMI and V-measure is presented. Final part of this

chapter is dedicated to key findings and discussion of the results. Details of results containing all dominant

and non-dominant solutions for every dataset and each clustering method are available in Appendix C.

4.3.1 Wine dataset

As an example of the optimization outcome, a three dimensional space is presented in Figure 4.3, which

summarizes the solution set for the PCA-reduced wine dataset, with metrics calculated using DBSCAN

clustering. The figure shows all the solutions obtained for optimizing the three metrics, i.e., Silhouette

coefficient, Davies-Bouldin index and DBCV index. The solid dots are the dominated solutions and the

points marked with x are the non-dominated solutions (Pareto front). The threshold regions to remove the
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Figure 4.3: A three dimensional representation of the optimization space.

solutions with poor performance resulted in removing the points which are marked in red. As demonstrated,

in this case, three non-dominated solutions were removed, and the rest of the Pareto front is considered in

the cluster number detection to calculate the fraction of solutions suggesting each number of clusters.

Different high-dimensional and low-dimensional versions of the dataset suggest different number of clus-

ters as their most repeated solution, while it should be kept in mind that each version presented a different

number of Pareto front solutions. For example, as shown in Figure 4.4, for the distance-based category, all

solutions found after ISOMAP dimension reduction suggested that there are two clusters present and t-SNE

results indicated that there are equal possibilities for the presence of 3 clusters and 4 clusters. Therefore,

considering all the solutions overall leaves out the effects of each individual DR technique, and helps to ex-

amine the features of the dataset which persisted throughout all the high-dimensional and low-dimensional

versions, i.e., the number of clusters.

Figure 4.4 indicates that, considering distance-based clustering methods, which includes agglomerative

hierarchical clustering, 0.53 of the solutions suggest there are 3 clusters in the dataset. For the centroid-based

clustering, i.e., considering both k-means and k-medoids, this number is 0.44 and for the distribution-based

category including GMM, this fraction is 0.46. Density-based methods, DBSCAN, OPTICS and HDBSCAN

considered all together, suggest 4 clusters in 0.60 of their solutions. It can be seen that first three categories of

clustering methods detected 3 clusters, expected number of clusters, and the last category detected 4 clusters.

It should be noted that the methods in the final category are able to isolate outliers, hence ending up with
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Figure 4.4: Fraction of solutions representing found number of clusters in the wine dataset for each DR
technique.
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Figure 4.5: GMM clustering of the wine dataset with ISOMAP.

expected number of clusters+1. Although no outliers were reported explicitly in this particular dataset, some

points were not assigned to any of the clusters, suggesting this possibility.

The selection of a solution(s) from the Pareto set is called post-Pareto optimality analysis [89], which

is not pursued in this work, but to observe an example of the clustering performance itself, one solution

is displayed in Figure 4.5. The dataset is converted to two dimensions using Isomap, and clustering is

performed using GMM. Colors represent clusters found by the method, and the true labels are marked with

different shapes. The AMI obtained by this solution is 0.833 and V-measure is 0.835, indicating a satisfactory

outcome.

4.3.2 Synthetic dataset

For this dataset, Figure 4.6 shows how each clustering method performed in the determination of the number

of clusters. The distance-based category suggests 5 clusters with 0.50 of the solutions, the centroid based

suggests 5 clusters with 0.46 of the solutions, and distribution-based category indicates 5 clusters with 0.38

of the solutions. In all these cases, the cluster number with the highest fraction of the solutions does not

have the majority (more than half), but it is the most-repeated outcome compared to others. On the other

hand, the density-based category suggests 6 clusters with 0.76 of the solutions. The first three categories

correctly detect 5 clusters in the dataset, same as the expected number of clusters. For the last category

(three methods), the proposed approach suggests that there are 6 clusters in total, including the cluster of
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outliers. Again, the final results are consistent with the expected number of clusters+1. In the first three

plots there are no solutions with more than 5 clusters, meaning that no non-dominated solutions detected

more than 5 clusters.

Figure 4.6: Fraction of solutions representing found number of clusters in the synthetic dataset for each DR
technique.

An example of clustering performance for this dataset is demonstrated in Figure 4.7. The DR technique

is MDS and clustering is performed using DBSCAN. The five obtained clusters are in different colors, with

the outliers in gray. The true labels are marked with different shapes, and the AMI for this clustering result

is 0.835 and V-measure is 0.835.

4.3.3 TEP dataset

For the final dataset, it can be seen that the distance-based category suggests the presence of 3 clusters

or 9 clusters, each with a 0.16 probability, the centroid-based suggests 8 clusters with 0.16 probability,

the distribution-based category suggests 8 clusters with 0.16 and 3 clusters with 0.15 probability. In the
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Figure 4.7: DBSCAN clustering of the synthetic dataset with MDS.

last category, the density-based, the final number is presented with a higher confidence compared to other

categories, which is 3 clusters with 0.37 of all solutions.

Based on what was noted for the expected number of clusters for this dataset, the density-based category

performed well. Their final results indicate 3 clusters which is equal to the expected number of clusters.

Another category which suggested the presence of 3 clusters in the dataset, but with a lower confidence,

was the distance-based category. This is in confirmation with the results of [32] demonstrating this category

had the second-best performance in state isolation. From one of the solutions, the clusters found using

hierarchical clustering on the t-SNE reduced data are presented in Figure 4.9, with an AMI of 0.766 and

V-measure of 0.767. As it can be seen in this figure, the normal state and Fault 14 are combined in one

cluster in yellow.

4.3.4 Discussion

Overall, this method demonstrates an outstanding performance in the determination of the number of clusters

present in a dataset. Key observations and further discussion of the results are listed below:

• Using any method which is not from the density-based category, the expected number of clusters is

obtained. In cases where density-based category detect one cluster more than the other categories, the

final number can be interpreted as expected number of clusters+1.

• In cases where different categories present inconsistent results, there is a possibility that an elongated
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Figure 4.8: Fraction of solutions representing found number of clusters in the TEP dataset for each DR
technique.

cluster is present. In this case, further examination of the original dataset and its lower-dimensional

versions is needed to choose the final number of clusters.

• Although, with all the attempt to emphasize carrying out all the steps in an unsupervised manner, in

the end, the selection of the final number depends on a level of familiarity with the dataset and/or the

method as mentioned. A basic knowledge is required to decide whether the final number is with or

without the outliers depending on the method, and whether any number of clusters have overlapped

during the DR or not. It should be noted that the required level of information can be easily obtained

by visualization of the dimensionally-reduced versions of the dataset, since these features can be pointed

out in the comparison of the different versions.

• Despite the advantages of overall consideration of solutions in finding the number of clusters in a

dataset, it can be interesting and beneficial to look at the individual performances of DR techniques in

detecting the clusters. As seen in Figure 4.4, for all categories of clusterings, MDS, t-SNE and UMAP
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Figure 4.9: Hierarchical clustering of the TEP dataset with t-SNE.

were the DR techniques which suggested the expected number of clusters, either with the highest

probability or one of highest probabilities. For the synthetic dataset in Figure 4.6, it is demonstrated

that t-SNE and UMAP lead to the same results as the overall performance in three out of four clustering

categories, with the exception of density-based category. Performance of PCA and MDS is consistent

with the overall performance in another three out of four clustering categories, with the exception

being distribution-based methods. For the case with elongated cluster, by looking at the Density-

based category in Figure 4.8, PCA, MDS and UMAP suggest the same number of clusters as the

overall performance. In conclusion, UMAP can deliver good results in almost every case. In the

quantitative survey on dimension reduction techniques by [20], UMAP was also suggested as one of

the techniques yielding the best quality of projection based on their considered quality metrics.

• Looking at the no DR solutions obtained for each clustering category, there is no specific pattern of

behavior in the results of the wine dataset and TEP datase, and the clustering of the original dataset

was only able to detect the number of clusters in at most two categories, still not with a high probability

compared to other numbers. However, the clustering of the original dataset for the synthetic data lead

to the same result of the overall performance. This can be explained by the dimensionality of the

data at hand. Synthetic dataset was two-dimensional while the other dataset were high-dimensional,

and in the latter, clustering methods utilizing traditional distance measure, such as Euclidean, may be

ineffective in detecting the clusters, since such distance measures may be dominated by noise in many
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dimensions [3].

4.4 Conclusions

In exploring and extracting information from high-dimensional datasets, clustering plays an important role.

Most of the clustering methods need some information about internal features of the dataset, if not the actual

number of clusters. In order to utilize clustering as an unsupervised data analysis tool, a method has been

proposed in this study to simultaneously optimize a number of internal cluster validation metrics to detect

the number of clusters present in the data. This process is also carried out on dimensionally reduced versions

of the dataset, since it is assumed that the most important features of the data will preserve after dimension

reductions. This approach was carried out on three datasets with different features. In all three cases the

approach was able to correctly detect the expected number of clusters, and is important to mention that

the results were achievable irrespective of the selection of clustering method. Overall, this method can be a

useful step to detect the number of clusters in a dataset as it requires none or basic preliminary examinations

of features of the data.
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5 Conclusions and Future Work

Plant-wide process monitoring provides opportunities for developing state-of-the-art methods and improving

current models for fault detection and diagnosis by exploiting the collected data from the chemical plants.

Data mining tools are the basis of these data-driven approaches using historical process data. Each of

data mining tools have distinct inherent characteristics, and therefore, have different abilities in detecting

different patterns in datasets. Although some of these tools, such as clustering methods and dimension

reduction techniques have an excellent performance in information extraction individually, combinations of

them can increase the performance for further investigations. Therefore, it is necessary to study combinations

of clustering and dimension reduction techniques to assist fault detection processes.

In this thesis, a wide variety of dimension reduction techniques and clustering methods are selected to

study. Different pairings are tested in conjunction to find the DR techniques and clustering methods which

are more compatible with each other for state isolation purposes. Tests were carried out on a dataset from

Tennessee Eastman Process simulator and the results indicated a higher performance in state isolation could

be achieved by judiciously pairing dimension reduction techniques and clustering methods. Overall, t-SNE

was the DR technique with the highest compatibility with all clustering methods, and density-based and

distance-based clustering categories had the best performance in identifying faults when combined with all

DR categories.

As another part of the research, the ability of dimension reduction techniques in preserving and extracting

the underlying structure of a dataset has been studied. Each DR technique has different abilities in extracting

these features, therefore, a comparison of results of different DR techniques along with the original dataset can

help identify the features that are common in all of them, hence detecting the most important characteristics

of the data. This comparison is performed using clustering methods in order to identify the number of states

that are detectable without any prior knowledge. In this process, multi-objective optimization has been used

to assist with the clusterings. Several internal metrics are simultaneously optimized to find the clusters in

an unsupervised manner. This approach performed successfully on three datasets with distinct features, and

demonstrated an excellent capability in finding the expected cluster number irrespective of the clustering

method and the type of dataset.

Considering the findings of this research, a number of ways can be noted for future studies and investiga-

tions. Although the results of this research contributes to improvements in fault detection and diagnosis, it

is important to propose potential future directions to build on this basis and lead to further enhancements.

The first is to study the solutions and clustering labels suggested by the Pareto front in cluster number

detection process. More specifically, a study on the quality of the individual solutions and how to select the
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most appropriate one is valuable. Inspection of all final solutions in order to select the most appropriate one

can be exhausting and not necessarily simple. Therefore, utilizing data mining and machine learning meth-

ods for the purpose of searching for patterns is beneficial. Also, comparison of different clustering solutions

found using different methods may be helpful in this process. In case of discovering similar clusters from

different clustering methods, the presence of a particular cluster can be confirmed. For example, if a number

of clustering methods have proposed the same labeling for a dataset, cluster assignments can be accepted

with a higher confidence.

Another direction for future research can involve studying additional dimension reduction techniques.

Although it has been tried to utilize at least one DR technique from each of the three categories, using

other DR techniques can be insightful and helpful to detect the number of clusters with a higher certainty.

Moreover, studying different combinations of DRs can lead to finding the optimum number of techniques

and/or finding the techniques which can sufficiently provide the required information without performing

excessive studies. The same direction can be pursued with studying additional internal metrics.
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[32] M. Mollaian, G. Dörgő, and A. Palazoglu, “Studying the synergy between dimension reduction and

clustering methods to facilitate fault classification,” in 31st European Symposium on Computer Aided

Process Engineering (M. Türkay and R. Gani, eds.), vol. 50 of Computer Aided Chemical Engineering,

pp. 819–824, Elsevier, 2021.

[33] M. Mollaian, G. Dörgő, and A. Palazoglu, “Performing multi-objective optimization and dimension

reduction to detect the number of clusters.” Manuscript submitted for publication, N.D.
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A Tennessee Eastman Process variables and faults

Table A.1: TEP manipulated variables

Variable name Base case value (%) Low limit High limit Units
D feed flow (stream 2) 63.053 0 5811 kgh−1

E feed flow (stream 3) 53.980 0 8354 kgh−1

A feed flow (stream 1) 24.644 0 1.017 kscmh
A and C feed flow (stream 4) 61.302 0 15.25 kscmh

Compressor recycle valve 22.210 0 100 %
Purge valve (stream 9) 40.064 0 100 %

Separator pot liquid flow (stream 10) 38.100 0 65.71 m3h−1

Stripper liquid product flow (stream 11) 46.534 0 49.10 m3h−1

Stripper steam valve 47.446 0 100 %
Reactor cooling water flow 41.106 0 227.1 m3h−1

Condenser cooling water flow 18.114 0 272.6 m3h−1

Agitator speed 50.000 150 250 rpm
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Table A.2: TEP measured variables

Variable name Base case value Units
A feed (stream 1) 0.25052 kscmh
D feed (stream 2) 3664.0 kgh−1

E feed (stream 3) 4509.3 kgh−1

A and C feed (stream 4) 9.6477 kscmh
Recycle flow (stream 8) 26.902 kscmh

Reactor feed rate (stream 6) 42.339 kscmh
Reactor pressure 2705.0 kPa gauge

Reactor level 75.000 %
Reactor temperature 120.40 ◦C
Purge rate (stream 9) 0.33712 kscmh

Product separator temperature 80.109 ◦C
Product separator level 50.000 %

Product separator pressure 2633.7 kPa gauge
Product separator underflow (stream 10) 25.160 m3h−1

Stripper level 50.000 %
Stripper pressure 3102.2 kPa gauge

Stripper underflow (stream 11) 22.949 m3h−1

Stripper temperature 65.731 ◦C
Stripper steam flow 230.31 kgh−1

Compressor work 341.43 kW
Reactor cooling water outlet temperature 94.599 ◦C

Separator cooling water outlet temperature 77.297 ◦C

Table A.3: TEP faults

Fault number Process variable Type
IDV (1) A/C feed ratio, B composition constant (stream 4) Step
IDV (2) B composition, A/C ratio constant (stream 4) Step
IDV (3) D feed temperature (stream 2) Step
IDV (4) Reactor cooling water inlet temperature Step
IDV (5) Condenser cooling water inlet temperature Step
IDV (6) A feed loss (stream 1) Step
IDV (7) C header pressure loss - reduced availability (stream 4) Step
IDV (8) A, B, C feed composition (stream 4) Random variation
IDV (9) D feed temperature (stream 2) Random variation
IDV (10) C feed temperature (stream 4) Random variation
IDV (11) Reactor cooling water inlet temperature Random variation
IDV (12) Condenser cooling water inlet temperature Random variation
IDV (13) Reaction kinetics Slow drift
IDV (14) Reactor cooling water valve Sticking
IDV (15) Condenser cooling water valve Sticking
IDV (16) Unknown Unknown
IDV (17) Unknown Unknown
IDV (18) Unknown Unknown
IDV (19) Unknown Unknown
IDV (20) Unknown Unknown
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B Codes

B.1 Code to demonstrate utilized methods

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

# %matplotlib inline

from sklearn.preprocessing import scale

import io

from sklearn.decomposition import PCA

from sklearn.manifold import Isomap

from sklearn.manifold import MDS

from sklearn.manifold import TSNE

from sklearn.manifold import LocallyLinearEmbedding

import sklearn.cluster as cluster

from scipy.cluster.hierarchy import dendrogram

from sklearn.datasets import make_blobs

from sklearn import mixture

import time

import sklearn.metrics as metrics

from sklearn.metrics import davies_bouldin_score

"""# prep """

np.random.seed(0)

centers = [[7,0,-1], [10,3,-2], [6,-1,1]]

cluststd=[1,.5,.5]

df, t = make_blobs(n_samples=12 , centers=centers ,n_features=3, cluster_std=cluststd)

import plotly.express as px

import plotly.graph_objects as go

fig = px.scatter_3d(df , x=df[:,0], y=df[:,1], z=df[:,2], color=t)

fig.update_traces(marker={’size’: 6})

fig.update_layout(

scene=dict(
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xaxis=dict(showticklabels=False),

yaxis=dict(showticklabels=False),

zaxis=dict(showticklabels=False),

))

fig.show()

"""# PCA """

pca = PCA(n_components=2)

pca_2d = pd.DataFrame(pca.fit_transform(df))

np.sum(pca.explained_variance_ratio_.round(2))

fig , ax = plt.subplots(sharex=False , figsize=(9,7))

plt.scatter(pca_2d[0][:], pca_2d[1][:], s=80, c=t, cmap=’plasma ’)

plt.xticks (())

plt.yticks (())

"""# ISO """

iso = Isomap(n_components=2, n_neighbors=3)

iso_2d = pd.DataFrame(iso.fit_transform(df))

fig , ax = plt.subplots(sharex=False , figsize=(9,7))

plt.scatter(iso_2d[0][:], iso_2d[1][:],cmap=’plasma ’, s=80, c=t)

plt.xticks (())

plt.yticks (())

"""# MDS """

mds = MDS(n_components=2,metric=True)

mds_2d = pd.DataFrame(mds.fit_transform(df))

fig , ax = plt.subplots(sharex=False , figsize=(9,7))

plt.scatter(mds_2d[0][:], mds_2d[1][:],cmap=’plasma ’, s=80, c=t)

plt.xticks (())

plt.yticks (())

"""# t-SNE """

tsne = TSNE(n_components=2, perplexity=2)

tsn_2d = pd.DataFrame(tsne.fit_transform(df))
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fig , ax = plt.subplots(sharex=False , figsize=(9,7))

plt.scatter(tsn_2d[0][:], tsn_2d[1][:],cmap=’plasma ’, s=80, c=t)

plt.xticks (())

plt.yticks (())

"""# UMAP """

!pip install umap-learn

import umap

um = umap.UMAP(n_components=2, n_neighbors=3)

um_2d = pd.DataFrame(um.fit_transform(df))

fig , ax = plt.subplots(sharex=False , figsize=(9,7))

plt.scatter(um_2d[0][:], um_2d[1][:],cmap=’plasma ’, s=80, c=t)

plt.xticks (())

plt.yticks (())

"""# Clust prep """

def plot_clusters(data , algorithm , args , kwds):

start_time = time.time()

labels = algorithm(*args , ** kwds).fit_predict(data)

end_time = time.time()

fig = px.scatter_3d(data , x=data[:,0], y=data[:,1], z=data[:,2], color=t, symbol =labels

, symbol_sequence= [’circle ’, ’x’, ’square

’, ’circle -open’])

fig.update_traces(marker={’size’: 6})

fig.update_layout(

scene=dict(

xaxis=dict(showticklabels=False),

yaxis=dict(showticklabels=False),

zaxis=dict(showticklabels=False),

))

fig.show()

return labels

# Commented out IPython magic to ensure Python compatibility .

def measure(data , labels , estimatorlabels_):

print(82 * ’_’)
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print(’homo\tcompl\tv-meas\tARI\tAMI\tsilhouette\tcalinski\tdb’)

print(’%.3f\t%.3f\t%.3f\t%.3f\t%.3f\t%.3f\t\t%.3f\t%.3f’

# % (metrics. homogeneity_score (labels , estimatorlabels_ ),

metrics.completeness_score(labels , estimatorlabels_),

metrics.v_measure_score(labels , estimatorlabels_),

metrics.adjusted_rand_score(labels , estimatorlabels_),

metrics.adjusted_mutual_info_score(labels , estimatorlabels_),

metrics.silhouette_score(data , estimatorlabels_ ,

metric=’euclidean ’),

metrics.calinski_harabasz_score(data , estimatorlabels_),

davies_bouldin_score(data , estimatorlabels_)))

"""# Hiearchical """

hward=plot_clusters(df, cluster.AgglomerativeClustering , (), {’n_clusters ’:3,’linkage ’:’

average ’})

measure(df,t, hward)

def plot_dendrogram(model , ** kwargs):

counts = np.zeros(model.children_.shape[0])

n_samples = len(model.labels_)

for i, merge in enumerate(model.children_):

current_count = 0

for child_idx in merge:

if child_idx < n_samples:

current_count += 1 # leaf node

else:

current_count += counts[child_idx - n_samples]

counts[i] = current_count

linkage_matrix = np.column_stack([model.children_ , model.distances_ ,

counts]).astype(float)

# Plot the corresponding dendrogram

dendrogram(linkage_matrix , ** kwargs , color_threshold=0)

# setting distance_threshold =0 ensures we compute the full tree.

model = cluster.AgglomerativeClustering(distance_threshold=0, n_clusters=None)

model = model.fit(df)

plt.title(’Hierarchical Clustering Dendrogram ’)

# plot the top three levels of the dendrogram
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plt.plot(figsize=)

plot_dendrogram(model)

plt.xlabel("Index of point if no parenthesis")

plt.show()

"""# KMeans """

mod = cluster.KMeans(n_clusters=3, random_state=0).fit(df)

labels=mod.labels_

fig = px.scatter_3d(df , x=df[:,0], y=df[:,1], z=df[:,2], color=t, symbol =labels ,

symbol_sequence= [’circle ’, ’x’, ’square ’])

fig.update_traces(marker={’size’: 6})

cent=mod.cluster_centers_

fig.add_traces(go.Scatter3d(x=cent[:,0],y=cent[:,1],z=cent[:,2],mode=’markers ’, marker=dict(

size=4,color=’black’,symbol=[’circle ’, ’square

’, ’x’])))

fig.update_layout(

scene=dict(

xaxis=dict(showticklabels=False),

yaxis=dict(showticklabels=False),

zaxis=dict(showticklabels=False),

))

fig.show()

measure(df,t, labels)

"""# KMedoids """

!pip install scikit-learn-extra

from sklearn_extra.cluster import KMedoids

mod = KMedoids(n_clusters=3, random_state=0).fit(df)

labels=mod.labels_

fig = px.scatter_3d(df , x=df[:,0], y=df[:,1], z=df[:,2], color=t, symbol =labels ,

symbol_sequence= [’circle ’, ’x’, ’square ’])

fig.update_traces(marker={’size’: 6})

cent=mod.cluster_centers_

fig.add_traces(go.Scatter3d(x=cent[:,0],y=cent[:,1],z=cent[:,2],mode=’markers ’, marker=dict(

size=3,color=’black’,symbol=[’circle ’, ’square

’, ’x’])))

fig.update_layout(

scene=dict(
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xaxis=dict(showticklabels=False),

yaxis=dict(showticklabels=False),

zaxis=dict(showticklabels=False),

))

fig.show()

measure(df,t, labels)

"""# dbscan grid search """

def s1(est ,X, y=t):

model = est.fit(X)

labels=model.labels_

score = metrics.adjusted_rand_score(labels ,t)

return score

scoring= {’s1’: s1}

from sklearn.model_selection import GridSearchCV

param_grid = {"min_samples": [1,2,3,4,5],’eps’: [.2,.4,.6,.8,1,1.2,1.4,1.6]}

cv = [(slice(None), slice(None))]

search = GridSearchCV(

cluster.DBSCAN (),

param_grid ,

scoring=scoring ,

cv= cv, refit=False)

search.fit(df)

r=pd.DataFrame(search.cv_results_)

colors=[’red’,’blue’, ’green’, ’yellow ’, ’purple ’, ’orange ’, ’black ’, ’lavender ’, ’aqua’, ’

lawngreen ’, ’crimson ’, ’silver ’, ’bisque ’]

e=[.2,.4,.6,.8,1,1.2,1.4,1.6]

s=[1,2,3,4,5]

for er,m in zip(e,colors):

es=r[r[’param_eps ’]==er]

y=es[’mean_test_s1 ’]

x=es[’param_min_samples ’]

plt.plot(x,y,c=m)

plt.xlabel("min_samples")

plt.plot([], [], c=m, label=’eps= %.1f’%(er))

plt.legend(bbox_to_anchor=(1.05, 1))

plt.show()
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"""# DBSCAN """

db=plot_clusters(df, cluster.DBSCAN , (), {’min_samples ’:4, ’eps’:1.6}) #eps

measure(df,t, db)

"""# optics grid search """

from sklearn.model_selection import GridSearchCV

param_grid = {"min_samples": [1,2,3,4,5]}

cv = [(slice(None), slice(None))]

search = GridSearchCV(

cluster.OPTICS (),

param_grid ,

scoring=scoring ,

cv= cv, refit=False)

search.fit(df)

r=pd.DataFrame(search.cv_results_)

colors=[’red’,’blue’, ’green’, ’yellow ’, ’purple ’, ’orange ’, ’black ’, ’lavender ’, ’aqua’, ’

lawngreen ’, ’crimson ’, ’silver ’, ’bisque ’]

s=[1,2,3,4,5]

y=r[’mean_test_s1 ’]

x=r[’param_min_samples ’]

plt.plot(x,y,c=m)

plt.show()

plt.plot

"""# OPTICS """

op=plot_clusters(df, cluster.OPTICS , (), {’min_samples ’:2})

measure(df,t, op)

"""# GMM """

def s2(est ,X, y=t):

labels = est.fit_predict(X)

score = metrics.adjusted_rand_score(labels ,t)

return score

scoring2= {’s2’: s2}
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param_grid = {"n_components": [1,2,3,4,5],’covariance_type ’:[’full’, ’tied’, ’diag’, ’

spherical ’]}

cv = [(slice(None), slice(None))]

search = GridSearchCV(

mixture.GaussianMixture (),

param_grid ,

scoring=scoring2 ,

cv= cv, refit=False)

search.fit(df)

r=pd.DataFrame(search.cv_results_)

colors=[’red’,’blue’, ’green’, ’yellow ’, ’purple ’, ’orange ’, ’black ’, ’lavender ’, ’aqua’, ’

lawngreen ’, ’crimson ’, ’silver ’, ’bisque ’]

e=[’full’, ’tied’, ’diag’, ’spherical ’]

s=[1,2,3,4,5]

for er,m in zip(e,colors):

es=r[r[’param_covariance_type ’]==er]

y=es[’mean_test_s2 ’]

x=es[’param_n_components ’]

plt.plot(x,y,c=m)

plt.plot([], [], c=m, label=er)

plt.legend(bbox_to_anchor=(1.05, 1))

plt.show()

gmm=plot_clusters(df , mixture.GaussianMixture , (), {’n_components ’:3, ’covariance_type ’:’

full’})

measure(df,t, gmm)

"""#HDBSCAN """

!pip install hdbscan

import hdbscan

param_grid = {"min_cluster_size": [2,3,4,5,6], ’min_samples ’:[1,2,3,4,5,6]}

cv = [(slice(None), slice(None))]

search = GridSearchCV(

hdbscan.HDBSCAN (),

param_grid ,

scoring=scoring ,

cv= cv, refit=False)

search.fit(df)
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r=pd.DataFrame(search.cv_results_)

colors=[’red’,’blue’, ’green’, ’yellow ’, ’purple ’, ’orange ’, ’black ’, ’lavender ’, ’aqua’, ’

lawngreen ’, ’crimson ’, ’silver ’, ’bisque ’]

e=[1,2,3,4,5,6]

s=[1,2,3,4,5]

for er,m in zip(e,colors):

es=r[r[’param_min_samples ’]==er]

y=es[’mean_test_s1 ’]

x=es[’param_min_cluster_size ’]

plt.plot(x,y,c=m)

plt.xlabel("min_cs")

plt.plot([], [], c=m, label=’min_samples= %.1f’%(er))

plt.legend(bbox_to_anchor=(1.05, 1))

plt.show()

hd=plot_clusters(df, hdbscan.HDBSCAN , (), {’min_cluster_size ’:3}) #eps

measure(df,t, hd)

hd.max()-hd.min()+1

"""#CLIQUE """

! pip3 install pyclustering

from pyclustering.cluster.clique import clique , clique_visualizer

dat=np.array(df)

i=[2,3,4,5,6,7,8,9,10]

th=[0,1,2,3,4,5,6]

for ii in i:

for tt in th:

clique_instance = clique(dat , ii, tt)

clique_instance.process ()# start clustering process and obtain results

clusters = clique_instance.get_clusters () # allocated clusters

cl=np.zeros((1, len(dat)))

for i in range(len(clusters)):

for j in clusters[i]:

cl[0][j]=i

print(’ii"’,ii , ’\ntt:’,tt)

print(’ami’,(metrics.adjusted_mutual_info_score(t,cl[0])))

print(’vm’,(metrics.v_measure_score(t, cl[0])))

#print(’sc ’,(metrics. silhouette_score (dat ,cl[0])))

#print(’db ’,( davies_bouldin_score (dat , cl[0])))
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print(’------------------------’)

clique_instance = clique(df, 5, 0)

clique_instance.process ()# start clustering process and obtain results

clusters = clique_instance.get_clusters () # allocated clusters

cl=np.zeros((1, len(df)))

for i in range(len(clusters)):

for j in clusters[i]:

cl[0][j]=i

cl[0]

fig = px.scatter_3d(df , x=df[:,0], y=df[:,1], z=df[:,2], color=t, symbol =cl[0],

symbol_sequence= [’circle ’, ’x’, ’square ’, ’

circle -open’])

fig.update_traces(marker={’size’: 6})

fig.update_layout(

scene=dict(

xaxis=dict(showticklabels=False),

yaxis=dict(showticklabels=False),

zaxis=dict(showticklabels=False),

))

fig.show()

B.2 Code to study the synergy between dimension reduction and clustering

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

# %matplotlib inline

from sklearn.preprocessing import scale

import io

from sklearn.decomposition import PCA

from sklearn.manifold import Isomap

from sklearn.manifold import MDS

from sklearn.manifold import TSNE

from sklearn.manifold import LocallyLinearEmbedding

import sklearn.cluster as cluster

from scipy.cluster.hierarchy import dendrogram
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from sklearn import mixture

import time

import sklearn.metrics as metrics

from sklearn.metrics import davies_bouldin_score

"""# Data preparation """

from google.colab import files

uploaded = files.upload () #or anyother method to upload

df = pd.read_excel(io.BytesIO(uploaded[’TEP_dataset_4states.xlsx’]), header=None)

truelabels=pd.read_excel(io.BytesIO(uploaded[’TEP_dataset_4states_labels.xlsx’]), header=

None)

df=df.drop(df.apply(lambda x: min(x)==0 & max(x)==0, axis=1))

df=pd.DataFrame(scale(df))

"""# PCA """

pca = PCA(n_components=2)

pca_2d = pca.fit_transform(df)

"""# MDS """

mds = MDS(n_components=2,metric=True)

mds_2d=mds.fit_transform(df)

"""# ISO """

iso = Isomap(n_components=2, n_neighbors=200)

iso_2d = pd.DataFrame(iso.fit_transform(df))

"""# t-SNE """

tsne = TSNE(n_components=2, perplexity=100 , random_state=12)

tsn_2d = pd.DataFrame(tsne.fit_transform(df))

"""# UMAP """

!pip install umap-learn

import umap
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um = umap.UMAP(n_components=2, n_neighbors=500 ,min_dist=5, spread=5, metric=’euclidean ’)

um_2d = pd.DataFrame(um.fit_transform(df))

"""# Clustering preparation """

def plot_clusters(data , algorithm , args , kwds):

DR=’-’

start_time = time.time()

labels = algorithm(*args , ** kwds).fit_predict(data)

end_time = time.time()

#palette = sns. color_palette (’bright ’, np.unique(labels).max () + 1)

#colors = [palette[x] if x >= 0 else (0.0, 0.0, 0.0) for x in labels]

plt.figure(figsize=(7,5))

plt.scatter(data[0], data[1], c=labels , cmap=’jet’,s=8)

frame = plt.gca()

frame.axes.get_xaxis ().set_visible(False)

frame.axes.get_yaxis ().set_visible(False)

plt.title(’Clusters found by {}\n Data: {}’.format(str(algorithm.__name__), str(DR)),

fontsize=24)

#plt.text(’ Clustering took {:.2f} s ’.format(end_time - start_time ), fontsize=20 ,

verticalalignment =’best ’,)

return labels

def measure(data , labels , estimatorlabels_):

print(82 * ’_’)

print(’homo\tcompl\tv-meas\tARI\tAMI\tsilhouette\tcalinski\tdb’)

print(’%.3f\t%.3f\t%.3f\t%.3f\t%.3f\t%.3f\t\t%.3f\t%.3f’

# % (metrics. homogeneity_score (labels , estimatorlabels_ ),

metrics.completeness_score(labels , estimatorlabels_),

metrics.v_measure_score(labels , estimatorlabels_),

metrics.adjusted_rand_score(labels , estimatorlabels_),

metrics.adjusted_mutual_info_score(labels , estimatorlabels_),

metrics.silhouette_score(data , estimatorlabels_ ,

metric=’euclidean ’),

metrics.calinski_harabasz_score(data , estimatorlabels_),

davies_bouldin_score(data , estimatorlabels_)))

"""# parameter search """

def s1(est ,X, y=truelabels):

labels=est.fit_predict(X)
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score=metrics.v_measure_score(truelabels , labels)

return score

def s2(est ,X, y=truelabels):

labels=est.fit_predict(X)

score=metrics.adjusted_rand_score ((truelabels , labels)

return score

def s3(est ,X, y=truelabels):

labels=est.fit_predict(X)

score=metrics.adjusted_mutual_info_score ((truelabels , labels)

return score

scoring= {’s1’: s1 , ’s2’:s2, ’s3’: s3}

from sklearn.model_selection import GridSearchCV

DR=[’pca’, ’mds’, ’iso’, ’tsn’, ’um’]

"""#each method search """

param_grid = {"n_clusters": [2,3,4,5,6,7],’linkage ’: [’ward’,’single ’,’complete ’,’average ’]}

cv = [(slice(None), slice(None))]

search = GridSearchCV(

cluster.AgglomerativeClustering (),

param_grid ,

scoring=scoring ,

cv= cv, refit=False)

heirarchical_result=[]

for i in DR:

method=(’{}_2d’.format(i))

search.fit(method)

hierarchical_result.append(pd.DataFrame(search.cv_results_))

for i in range(len(hierarchical_result)):

print(’hierarchical ’, ’method ’,DR[i],’\n’, hierarchical_result[i].loc[

hierarchical_result[i].mean_test_s1==

hierarchical_result[i].mean_test_s1.max(),’\

n’, hierarchical_result[i].loc[

hierarchical_result[i].mean_test_s2==

hierarchical_result[i].mean_test_s2.max(), ’

\n’, hierarchical_result[i].loc[

hierarchical_result[i].mean_test_s3==

hierarchical_result[i].mean_test_s3.max())
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param_grid = {"n_clusters": [2,3,4,5,6,7,8]}

cv = [(slice(None), slice(None))]

search = GridSearchCV(

cluster.KMeans (),

param_grid ,

scoring=scoring ,

cv= cv, refit=False)

kmeans_result=[]

for i in DR:

method=(’{}_2d’.format(i))

search.fit(method)

kmeans_result.append(pd.DataFrame(search.cv_results_))

for i in range(len(kmeans_result)):

print(’kmeans ’, ’method ’,DR[i],’\n’, kmeans_result[i].loc[kmeans_result[i].mean_test_s1=

=kmeans_result[i].mean_test_s1.max(),’\n’,

kmeans_result[i].loc[kmeans_result[i].

mean_test_s2==kmeans_result[i].mean_test_s2.

max(), ’\n’, kmeans_result[i].loc[

kmeans_result[i].mean_test_s3==kmeans_result

[i].mean_test_s3.max())

!pip install scikit-learn-extra

from sklearn_extra.cluster import KMedoids

param_grid = {"n_clusters": [2,3,4,5,6,7,8]}

cv = [(slice(None), slice(None))]

search = GridSearchCV(

KMedoids (),

param_grid ,

scoring=scoring ,

cv= cv, refit=False)

kmedoids_result=[]

for i in DR:

method=(’{}_2d’.format(i))

search.fit(method)

kmedoids_result.append(pd.DataFrame(search.cv_results_))
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for i in range(len(kmedoids_result)):

print(’kmedoids ’,’method ’,DR[i],’\n’, kmedoids_result[i].loc[kmedoids_result[i].

mean_test_s1==kmedoids_result[i].

mean_test_s1.max(),’\n’, kmedoids_result[i].

loc[kmedoids_result[i].mean_test_s2==

kmedoids_result[i].mean_test_s2.max(), ’\n’,

kmedoids_result[i].loc[kmedoids_result[i].

mean_test_s3==kmedoids_result[i].

mean_test_s3.max())

param_grid = {"n_components": [2,3,4,5,6,7,8], "covariance_type":[’full’, ’tied’, ’diag’, ’

spherical ’]}

cv = [(slice(None), slice(None))]

search = GridSearchCV(

mixture.GaussianMixture (),

param_grid ,

scoring=scoring ,

cv= cv, refit=False)

gmm_result=[]

for i in DR:

method=(’{}_2d’.format(i))

search.fit(method)

gmm_result.append(pd.DataFrame(search.cv_results_))

for i in range(len(gmm_result)):

print(’gmm’,’method ’,DR[i],’\n’, gmm_result[i].loc[gmm_result[i].mean_test_s1==

gmm_result[i].mean_test_s1.max(),’\n’,

gmm_result[i].loc[gmm_result[i].mean_test_s2

==gmm_result[i].mean_test_s2.max(), ’\n’,

gmm_result[i].loc[gmm_result[i].mean_test_s3

==gmm_result[i].mean_test_s3.max())

param_grid = {"min_samples": [100 ,200 ,300 ,400 ,500 ,600 ,700],’eps’: [.5,2,3.5,5,6.5,8]}

cv = [(slice(None), slice(None))]

search = GridSearchCV(

cluster.DBSCAN (),
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param_grid ,

scoring=scoring ,

cv= cv, refit=False)

dbs_result=[]

for i in DR:

method=(’{}_2d’.format(i))

search.fit(method)

dbs_result.append(pd.DataFrame(search.cv_results_))

for i in range(len(dbs_result)):

print(’dbs’,’method ’,DR[i],’\n’, dbs_result[i].loc[dbs_result[i].mean_test_s1==

dbs_result[i].mean_test_s1.max(),’\n’,

dbs_result[i].loc[dbs_result[i].mean_test_s2

==dbs_result[i].mean_test_s2.max(), ’\n’,

dbs_result[i].loc[dbs_result[i].mean_test_s3

==dbs_result[i].mean_test_s3.max())

param_grid = {"min_samples": [100 ,200 ,300 ,400 ,500 ,600],’max_eps ’: [.5,2,3.5,6.5,8]}

cv = [(slice(None), slice(None))]

search = GridSearchCV(

cluster.OPTICS (),

param_grid ,

scoring=scoring ,

cv= cv, refit=False)

dbs_result=[]

for i in DR:

method=(’{}_2d’.format(i))

search.fit(method)

ops_result.append(pd.DataFrame(search.cv_results_))

for i in range(len(ops_result)):

print(’ops’,’method ’,DR[i],’\n’, ops_result[i].loc[ops_result[i].mean_test_s1==

ops_result[i].mean_test_s1.max(),’\n’,

ops_result[i].loc[ops_result[i].mean_test_s2

==ops_result[i].mean_test_s2.max(), ’\n’,

ops_result[i].loc[ops_result[i].mean_test_s3

==ops_result[i].mean_test_s3.max())
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! pip3 install pyclustering

from pyclustering.cluster.clique import clique , clique_visualizer

intervals=[5,10 ,15,20,25 ,30,35,40]

threshold=[0,1,2,3,4,5,7]

for i in DR:

method=(’{}_2d’.format(i))

for ii in intervals:

sc_1=0

sc_2=0

sc_3=0

for tt in thresholds:

clique_instance = clique(method , ii, tt)

clique_instance.process ()# start clustering process and obtain results

clusters = clique_instance.get_clusters () # allocated clusters

cl=np.zeros((1, len(df)))

for iii in range(len(clusters)):

for j in clusters[iii]:

cl[0][j]=iii

if metrics.adjusted_mutual_info_score(cl[0],truelabels)> sc_1:

sc_1=metrics.adjusted_mutual_info_score(cl[0],truelabels)

if metrics.adjusted_rand_score(cl[0],truelabels)> sc_2:

sc_2=metrics.adjusted_rnad_score(cl[0],truelabels)

if metrics.v_measure_score(cl[0],truelabels)> sc_3:

sc_3=metrics.v_measure_score(cl[0],truelabels)

for s in range(1,4):

print(’clique ’,’method ’,DR[i],’\n’, ’max_ami ’:, sc_1 ,’max_ari ’:,’\n’, sc_2 ,’\n’, ’max_v’

:, sc_3)

B.3 Code to find the number of clusters using multi-objective optimization

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

# %matplotlib inline

from sklearn.preprocessing import scale

import io

from sklearn.decomposition import PCA

from sklearn.manifold import Isomap
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from sklearn.manifold import MDS

from sklearn.manifold import TSNE

from sklearn.manifold import LocallyLinearEmbedding

import sklearn.cluster as cluster

from scipy.cluster.hierarchy import dendrogram

from sklearn import mixture

import time

import sklearn.metrics as metrics

from sklearn.metrics import davies_bouldin_score

from sklearn.datasets import make_blobs

from sklearn import datasets

from sklearn.model_selection import GridSearchCV

!pip install umap-learn

import umap

!pip install scikit-learn-extra

from sklearn_extra.cluster import KMedoids

"""# Data Preparation """

#to create the synthetic dataset

np.random.seed(0)

centers = [[.5, 2], [-1.5, 0], [1, -1], [-4,-3],[-1.7,-5]]

n_clusters = len(centers)

df, truelabels = make_blobs(n_samples=3000 , centers=centers , cluster_std=0.6)

plt.scatter(df[:,0], df[:,1], c=truelabels , alpha=.5)

plt.title(’Synthetic data’)

plt.xticks (())

plt.yticks (())

#to upload any other dataset: wine

from google.colab import files

uploaded = files.upload () #or anyother uploading method

df = pd.read_csv(io.BytesIO(uploaded[’wine.data’]), header=None)

truelabels = df[0]

df=df.iloc[:,1:]

df=scale(df)

pd.DataFrame(t).value_counts ()
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#to upload any other dataset: TEP

df = pd.read_excel(io.BytesIO(uploaded[’TEP_dataset_4states.xlsx’]), header=None)

truelabels=pd.read_excel(io.BytesIO(uploaded[’TEP_dataset_4states_labels.xlsx’]), header=

None)

df=df.drop(df.apply(lambda x: min(x)==0 & max(x)==0, axis=1))

df=pd.DataFrame(scale(df))

"""# DBCV initialization """

!pip install hdbscan

import hdbscan

import numpy as np

from sklearn.metrics import pairwise_distances

from scipy.spatial.distance import cdist

from hdbscan._hdbscan_linkage import mst_linkage_core

from hdbscan.hdbscan_ import isclose

def all_points_core_distance(distance_matrix , d=2.0):

"""

Compute the all -points -core -distance for all the points of a cluster.

Parameters

----------

distance_matrix : array (cluster_size , cluster_size )

The pairwise distance matrix between points in the cluster.

d : integer

The dimension of the dataset , which is used in the computation

of the all -point -core -distance as per the paper.

Returns

-------

core_distances : array (cluster_size ,)

The all -points -core -distance of each point in the cluster

References

----------

Moulavi , D., Jaskowiak , P.A., Campello , R.J., Zimek , A. and Sander , J.,

2014. Density -Based Clustering Validation . In SDM (pp. 839 -847).
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"""

distance_matrix[distance_matrix != 0] = (1.0 / distance_matrix[

distance_matrix != 0]) ** d

result = distance_matrix.sum(axis=1)

result /= distance_matrix.shape[0] - 1

result **= (-1.0 / d)

return result

def all_points_mutual_reachability(X, labels , cluster_id ,

metric=’euclidean ’, d=None , ** kwd_args):

"""

Compute the all -points -mutual - reachability distances for all the points of

a cluster.

If metric is ’precomputed ’ then assume X is a distance matrix for the full

dataset. Note that in this case you must pass in ’d’ the dimension of the

dataset.

Parameters

----------

X : array (n_samples , n_features ) or (n_samples , n_samples )

The input data of the clustering . This can be the data , or , if

metric is set to ‘precomputed ‘ the pairwise distance matrix used

for the clustering .

labels : array (n_samples )

The label array output by the clustering , providing an integral

cluster label to each data point , with -1 for noise points.

cluster_id : integer

The cluster label for which to compute the all -points

mutual - reachability (which should be done on a cluster

by cluster basis).

metric : string

The metric used to compute distances for the clustering (and

to be re -used in computing distances for mr distance). If

set to ‘precomputed ‘ then X is assumed to be the precomputed

distance matrix between samples.
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d : integer (or None)

The number of features (dimension ) of the dataset. This need only

be set in the case of metric being set to ‘precomputed ‘, where

the ambient dimension of the data is unknown to the function.

** kwd_args :

Extra arguments to pass to the distance computation for other

metrics , such as minkowski , Mahanalobis etc.

Returns

-------

mutual_reachaibility : array (n_samples , n_samples )

The pairwise mutual reachability distances between all points in ‘X‘

with ‘label ‘ equal to ‘cluster_id ‘.

core_distances : array (n_samples ,)

The all -points - core_distance of all points in ‘X‘ with ‘label ‘ equal

to ‘cluster_id ‘.

References

----------

Moulavi , D., Jaskowiak , P.A., Campello , R.J., Zimek , A. and Sander , J.,

2014. Density -Based Clustering Validation . In SDM (pp. 839 -847).

"""

if metric == ’precomputed ’:

if d is None:

raise ValueError(’If metric is precomputed a ’

’d value must be provided!’)

distance_matrix = X[labels == cluster_id , :][:, labels == cluster_id]

else:

subset_X = X[labels == cluster_id , :]

distance_matrix = pairwise_distances(subset_X , metric=metric ,

** kwd_args)

d = X.shape[1]

core_distances = all_points_core_distance(distance_matrix.copy(), d=d)

core_dist_matrix = np.tile(core_distances , (core_distances.shape[0], 1))

result = np.dstack(
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[distance_matrix , core_dist_matrix , core_dist_matrix.T]).max(axis=-1)

return result , core_distances

def internal_minimum_spanning_tree(mr_distances):

"""

Compute the ’internal ’ minimum spanning tree given a matrix of mutual

reachability distances . Given a minimum spanning tree the ’internal ’

graph is the subgraph induced by vertices of degree greater than one.

Parameters

----------

mr_distances : array (cluster_size , cluster_size )

The pairwise mutual reachability distances , inferred to be the edge

weights of a complete graph. Since MSTs are computed per cluster

this is the all -points -mutual - reacability for points within a single

cluster.

Returns

-------

internal_nodes : array

An array listing the indices of the internal nodes of the MST

internal_edges : array (?, 3)

An array of internal edges in weighted edge list format; that is

an edge is an array of length three listing the two vertices

forming the edge and weight of the edge.

References

----------

Moulavi , D., Jaskowiak , P.A., Campello , R.J., Zimek , A. and Sander , J.,

2014. Density -Based Clustering Validation . In SDM (pp. 839 -847).

"""

single_linkage_data = mst_linkage_core(mr_distances)

min_span_tree = single_linkage_data.copy()

for index , row in enumerate(min_span_tree[1:], 1):

candidates = np.where(isclose(mr_distances[int(row[1])], row[2]))[0]

candidates = np.intersect1d(candidates ,

single_linkage_data[:index , :2].astype(

int))
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candidates = candidates[candidates != row[1]]

assert len(candidates) > 0

row[0] = candidates[0]

vertices = np.arange(mr_distances.shape[0])[

np.bincount(min_span_tree.T[:2].flatten ().astype(np.intp)) > 1]

# A little "fancy" we select from the flattened array reshape back

# (Fortran format to get indexing right) and take the product to do an and

# then convert back to boolean type.

edge_selection = np.prod(np.in1d(min_span_tree.T[:2], vertices).reshape(

(min_span_tree.shape[0], 2), order=’F’), axis=1).astype(bool)

# Density sparseness is not well defined if there are no

# internal edges (as per the referenced paper). However

# MATLAB code from the original authors simply selects the

# largest of *all* the edges in the case that there are

# no internal edges , so we do the same here

if np.any(edge_selection):

# If there are any internal edges , then subselect them out

edges = min_span_tree[edge_selection]

else:

# If there are no internal edges then we want to take the

# max over all the edges that exist in the MST , so we simply

# do nothing and return all the edges in the MST.

edges = min_span_tree.copy()

return vertices , edges

def density_separation(X, labels , cluster_id1 , cluster_id2 ,

internal_nodes1 , internal_nodes2 ,

core_distances1 , core_distances2 ,

metric=’euclidean ’, ** kwd_args):

"""

Compute the density separation between two clusters. This is the minimum

all -points mutual reachability distance between pairs of points , one from

internal nodes of MSTs of each cluster.

Parameters

----------

X : array (n_samples , n_features ) or (n_samples , n_samples )
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The input data of the clustering . This can be the data , or , if

metric is set to ‘precomputed ‘ the pairwise distance matrix used

for the clustering .

labels : array (n_samples )

The label array output by the clustering , providing an integral

cluster label to each data point , with -1 for noise points.

cluster_id1 : integer

The first cluster label to compute separation between.

cluster_id2 : integer

The second cluster label to compute separation between.

internal_nodes1 : array

The vertices of the MST for ‘cluster_id1 ‘ that were internal vertices.

internal_nodes2 : array

The vertices of the MST for ‘cluster_id2 ‘ that were internal vertices.

core_distances1 : array (size of cluster_id1 ,)

The all -points - core_distances of all points in the cluster

specified by cluster_id1 .

core_distances2 : array (size of cluster_id2 ,)

The all -points - core_distances of all points in the cluster

specified by cluster_id2 .

metric : string

The metric used to compute distances for the clustering (and

to be re -used in computing distances for mr distance). If

set to ‘precomputed ‘ then X is assumed to be the precomputed

distance matrix between samples.

** kwd_args :

Extra arguments to pass to the distance computation for other

metrics , such as minkowski , Mahanalobis etc.

Returns

-------

The ’density separation ’ between the clusters specified by
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‘cluster_id1 ‘ and ‘cluster_id2 ‘.

References

----------

Moulavi , D., Jaskowiak , P.A., Campello , R.J., Zimek , A. and Sander , J.,

2014. Density -Based Clustering Validation . In SDM (pp. 839 -847).

"""

if metric == ’precomputed ’:

sub_select = X[labels == cluster_id1 , :][:, labels == cluster_id2]

distance_matrix = sub_select[internal_nodes1 , :][:, internal_nodes2]

else:

cluster1 = X[labels == cluster_id1][internal_nodes1]

cluster2 = X[labels == cluster_id2][internal_nodes2]

distance_matrix = cdist(cluster1 , cluster2 , metric , ** kwd_args)

core_dist_matrix1 = np.tile(core_distances1[internal_nodes1],

(distance_matrix.shape[1], 1)).T

core_dist_matrix2 = np.tile(core_distances2[internal_nodes2],

(distance_matrix.shape[0], 1))

mr_dist_matrix = np.dstack([distance_matrix ,

core_dist_matrix1 ,

core_dist_matrix2]).max(axis=-1)

return mr_dist_matrix.min()

def validity_index(X, labels , metric=’euclidean ’,

d=None , per_cluster_scores=False , ** kwd_args):

"""

Compute the density based cluster validity index for the

clustering specified by ‘labels ‘ and for each cluster in ‘labels ‘.

Parameters

----------

X : array (n_samples , n_features ) or (n_samples , n_samples )

The input data of the clustering . This can be the data , or , if

metric is set to ‘precomputed ‘ the pairwise distance matrix used

for the clustering .

labels : array (n_samples )
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The label array output by the clustering , providing an integral

cluster label to each data point , with -1 for noise points.

metric : optional , string (default ’euclidean ’)

The metric used to compute distances for the clustering (and

to be re -used in computing distances for mr distance). If

set to ‘precomputed ‘ then X is assumed to be the precomputed

distance matrix between samples.

d : optional , integer (or None) (default None)

The number of features (dimension ) of the dataset. This need only

be set in the case of metric being set to ‘precomputed ‘, where

the ambient dimension of the data is unknown to the function.

per_cluster_scores : optional , boolean (default False)

Whether to return the validity index for individual clusters.

Defaults to False with the function returning a single float

value for the whole clustering .

** kwd_args :

Extra arguments to pass to the distance computation for other

metrics , such as minkowski , Mahanalobis etc.

Returns

-------

validity_index : float

The density based cluster validity index for the clustering . This

is a numeric value between -1 and 1, with higher values indicating

a ’better ’ clustering .

per_cluster_validity_index : array (n_clusters ,)

The cluster validity index of each individual cluster as an array.

The overall validity index is the weighted average of these values.

Only returned if per_cluster_scores is set to True.

References

----------

Moulavi , D., Jaskowiak , P.A., Campello , R.J., Zimek , A. and Sander , J.,

2014. Density -Based Clustering Validation . In SDM (pp. 839 -847).

"""

core_distances = {}
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density_sparseness = {}

mst_nodes = {}

mst_edges = {}

max_cluster_id = labels.max() + 1

density_sep = np.inf * np.ones(( max_cluster_id , max_cluster_id),

dtype=np.float64)

cluster_validity_indices = np.empty(max_cluster_id , dtype=np.float64)

for cluster_id in range(max_cluster_id):

if np.sum(labels == cluster_id) == 0:

continue

mr_distances , core_distances[

cluster_id] = all_points_mutual_reachability(

X,

labels ,

cluster_id ,

metric ,

d,

** kwd_args

)

mst_nodes[cluster_id], mst_edges[cluster_id] = \

internal_minimum_spanning_tree(mr_distances)

density_sparseness[cluster_id] = mst_edges[cluster_id].T[2].max()

for i in range(max_cluster_id):

if np.sum(labels == i) == 0:

continue

internal_nodes_i = mst_nodes[i]

for j in range(i + 1, max_cluster_id):

if np.sum(labels == j) == 0:

continue

internal_nodes_j = mst_nodes[j]

density_sep[i, j] = density_separation(
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X, labels , i, j,

internal_nodes_i , internal_nodes_j ,

core_distances[i], core_distances[j],

metric=metric , ** kwd_args

)

density_sep[j, i] = density_sep[i, j]

n_samples = float(X.shape[0])

result = 0

for i in range(max_cluster_id):

if np.sum(labels == i) == 0:

continue

min_density_sep = density_sep[i].min()

cluster_validity_indices[i] = (

(min_density_sep - density_sparseness[i]) /

max(min_density_sep , density_sparseness[i])

)

cluster_size = np.sum(labels == i)

result += (cluster_size / n_samples) * cluster_validity_indices[i]

if per_cluster_scores:

return result , cluster_validity_indices

else:

return result

"""# Pareto Optimization """

def is_pareto_efficient(costs , return_mask = True):

"""

Find the pareto -efficient points

:param costs: An (n_points , n_costs) array

:param return_mask : True to return a mask

:return: An array of indices of pareto -efficient points.

If return_mask is True , this will be an (n_points , ) boolean array

Otherwise it will be a (n_efficient_points , ) integer array of indices.

"""

is_efficient = np.arange(costs.shape[0])

n_points = costs.shape[0]
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next_point_index = 0 # Next index in the is_efficient array to search for

while next_point_index<len(costs):

nondominated_point_mask = np.any(costs>costs[next_point_index], axis=1) #true false

mide

nondominated_point_mask[next_point_index] = True

is_efficient = is_efficient[nondominated_point_mask] # Remove dominated points ,

adade unai ke truan

costs = costs[nondominated_point_mask] #khode unai ke true budn

next_point_index = np.sum(nondominated_point_mask[:next_point_index])+1

if return_mask:

is_efficient_mask = np.zeros(n_points , dtype = bool)

is_efficient_mask[is_efficient] = True

return is_efficient_mask

else:

return is_efficient

"""# Create lower dimensional data """

pca = PCA(n_components=2)

pca_2d = pca.fit_transform(df)

mds = MDS(n_components=2,metric=True , random_state=310)

mds_2d=mds.fit_transform(df)

iso = Isomap(n_components=2, n_neighbors=70)

iso_2d = iso.fit_transform(df)

tsne = TSNE(n_components=2, perplexity=100 , random_state=12)

tsn_2d = np.array(tsne.fit_transform(df))

tsn_2d=tsn_2d.astype(’float64 ’)

um = umap.UMAP(n_components=2, n_neighbors=400 ,metric=’euclidean ’, random_state=310 ,

min_dist=2.5, spread=3, local_connectivity=1)

um_2d = um.fit_transform(df)

um_2d=um_2d.astype(’float64 ’)

"""# Search and optimization """

def s1(est ,X, y=truelabels): #ami
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labels=est.fit_predict(X)

score = metrics.adjusted_mutual_info_score(labels ,y)

return score

def s2(est ,X, y=truelabels): #vmeasure

labels=est.fit_predict(X)

score = metrics.v_measure_score(y, labels)

return score

def s3(est ,X, y=None): # silhouette

labels=est.fit_predict(X)

try:

score = metrics.silhouette_score(X, labels)

except:

score=0

return score

def s4(est ,X, y=None): #db

labels=est.fit_predict(X)

try:

score = davies_bouldin_score(X, labels)

score=.1/score

except:

score=0

return score

def s5(est ,X, y=None): #dbcv

labels=est.fit_predict(X)

try:

score = validity_index(X,labels)

except:

score=0

return score

def s6 (est ,X,y=None): #clust number for density based methods

labels=est.fit_predict(X)

score=labels.max()-labels.min()+1

return score

scoring= {’ami’: s1 ,’v’: s2, ’sil’:s3, ’db’:s4 , ’dbcv’:s5, ’count’:s6}

#select the parameter search space , depending on the clustering method

# param_grid = {" n_clusters ": [2,3,4,5,6, 7,8,9,10],’linkage ’: [’ward ’,’single ’,’complete ’,’

average ’]} # heirarchical

# param_grid = {" n_clusters ": [2,3,4,5,6,7,8,9,10 ,11]} #kmeans , kmedoids
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# param_grid = {" n_components ": [2,3,4,5,6,7,8, 9, 10 ,11], " covariance_type ":[’ full ’, ’tied ’,

’diag ’, ’spherical ’]} #gmm

param_grid = {"min_samples": [5,10 ,15,20,25 ,30,35,40 ,45,50],’eps’: [.1,.3,.5,.7,.9,1.1,1.3,1

.5,1.7,1.9,2.1]} #dbscan

# param_grid = {" min_samples ": [20 ,40 ,60 ,80 ,100],’max_eps ’: [5,10 ,15 ,20 ,25]} #optics

# param_grid = {" min_samples ": [2,5,10 ,15 ,20 ,30 ,40],’ min_cluster_size ’: [5,20 ,25 ,30 ,35]} #

hdbscan

cv = [(slice(None), slice(None))]

search = GridSearchCV(

cluster.DBSCAN( ),

param_grid ,

scoring=scoring ,

cv= cv, refit=False)

new_clustering_solutions=[]

df_2d=df #for the sake of loop. DF is NOT 2d

DR=[’df’, ’pca’, ’mds’, ’iso’, ’tsn’, ’um’]

for i in DR:

method=(’{}_2d’.format(i))

search.fit(method)

all_solutions=pd.DataFrame(search.cv_results_)

all_needed=[’params ’,’mean_test_ami ’, ’mean_test_v ’, ’mean_test_sil ’, ’mean_test_db ’, ’

mean_test_dbcv ’, ’mean_test_count ’]

overview=all_solutions[all_needed]

objectives=[’mean_test_sil ’,’mean_test_db ’, ’mean_test_dbcv ’]

for_pareto=all_solutions[objectives]

for_pareto[’mean_test_dbcv ’]=for_pareto[’mean_test_dbcv ’].fillna(0)

nondominated = is_pareto_efficient(for_pareto.values , return_mask = True)

overview[’pareto ’]=nondominated

threshold_check=[]

for x in range(len(overview)):

if overview.pareto.loc[x] and (abs(for_pareto.loc[x])>=0.01).all():

threshold_check.append(’useful_solution ’)

elif ~overview.pareto.loc[x]:

threshold_check.append(’not_solution ’)

else:

threshold.append(’not_useful_solution ’)
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overview[’threshold_check ’]=threshold_check

new_clustering_solutions.append(overview)

for (each_dr , i) in zip(new_clustering_solutions , DR):

solution_count=pd.DataFrame(each_dr.groupby(’mean_test_count ’)[’mean_test_count ’].count())

solution_count[’fraction ’]=solution_count.mean_test_count/len(solution_count)

solution_count.rename(columns={"mean_test_count": "how many"}, inplace=True)

print(i, solution_count)

"""# plot a specific solution set """

from matplotlib.ticker import StrMethodFormatter

x=overview[’mean_test_sil ’]

y=overview[’mean_test_db ’]

plt.rcParams["figure.figsize"] = (20 ,20)

markers = [’o’, ’x’]

vals=[False ,True]

for marker , val in zip(markers , vals):

toUse = overview.pareto == val

plt.scatter(x[toUse],y[toUse], c=’k’, marker=marker , s=70)

plt.gca().set_aspect(’equal’, adjustable=’box’)

plt.axhline(y=0.01, color="black", linestyle="--")

plt.axhline(y=-0.01 , color="black", linestyle="--")

plt.axvline(x=0.01, color="black", linestyle="--")

plt.axvline(x=-0.01 , color="black", linestyle="--")

plt.xlabel(’Silhouette Cofficient ’, fontsize=15)

plt.xticks(fontsize=15)

plt.ylabel(’Davies -Bouldin Index’, fontsize=15)

plt.gca().yaxis.set_major_formatter(StrMethodFormatter(’{x:,.2f}’))

plt.gca().xaxis.set_major_formatter(StrMethodFormatter(’{x:,.2f}’))

plt.yticks(fontsize=15)

plt.plot([], [],"o", label="Dominated solution", color=’black’)

plt.plot([],[], "x", label="Non -dominated solution", color=’black’)

plt.legend(fontsize=’large ’)

plt.show()

plt.rcParams["figure.figsize"] = (10 ,3)

plt.plot([], [],"o", label="Dominated solution", color=’black’)

plt.plot([],[], "x", label="Nondominated solution , meeting the threshold", color=’black’)
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plt.plot([],[], "x", label="Nondominated solution , not meeting the threshold", color=’red’)

plt.legend(fontsize=’large ’, markerscale=1)

plt.show()

#plot 3d

import plotly.express as px

fig = px.scatter_3d(overview , x=’mean_test_sil ’, y=’mean_test_db ’, z=’mean_test_dbcv ’,

symbol = overview.pareto ,

symbol_sequence= [’circle ’, ’x’], color=overview.threshold_check ,

color_discrete_sequence=[’

black’, ’black ’, ’red’])

fig.update_traces(marker={’size’: 3})

fig.update_layout(

scene = dict(

xaxis = dict(nticks=12, range=[-0.2,0.6],),

yaxis = dict(nticks=8, range=[-0.1,0.3],),

zaxis = dict(nticks=10, range=[-0.2,0.45])))

fig.update_layout(scene = dict(

xaxis_title=’Silhouette Coefficient ’,

yaxis_title=’Davies -Bouldin Index’,

zaxis_title=’DBCV Index ’))

from itertools import cycle

names = cycle([’Dominated solution ’, ’Nondominated solution , meeting the threshold ’, ’

Nondominated solution , not meeting the

threshold ’])

fig.for_each_trace(lambda t: t.update(name = next(names)))

fig.show()

import plotly.io as pio

bh=pio.write_html(fig , file=’index.html’, auto_open=True) #save the interactive 3d plot

"""# plotting numbers vs fractions """

#for desired dataset

#for desired clustering method

labels=[’No DR’,’PCA’,’MDS’,’ISOMAP ’,’t-SNE’,’UMAP’]
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plt.rcParams["figure.figsize"] = (9,7)

for (each_dr , i) in zip(new_clustering_solutions , DR):

solution_count=pd.DataFrame(each_dr.groupby(’mean_test_count ’)[’mean_test_count ’].count())

solution_count[’fraction ’]=solution_count.mean_test_count/len(solution_count)

solution_count.rename(columns={"mean_test_count": "how_many"}, inplace=True)

solution_count.reset_index(inplace=True)

x1=np.arange(solution_count.mean_test_count.min(), solution_count.mean_test_count.max())

y1=solution_count.fraction

plt.plot(x1 ,y1, ’--’, linewidth=’2’, label=labels[i], marker=’o’, markersize=7)

plt.xticks(fontsize=15)

plt.yticks( fontsize=15)

plt.legend ()

plt.xlabel(’Number of clusters ’, fontsize=15)

plt.ylabel(’Fraction of solutions ’, fontsize=15)

C Results of Multi-Objective Clustering

Current section contains all the solutions found from studying clustering hyperparameters over their search

space for Chapter 4. Each table is representing the results of a clustering method. The rows are present-

ing different solutions indicated with their respective parameters. The columns show all calculated scores

(whether internal or external), number of found clusters, whether the solution is a Pareto solution or not

and if it is outside the limiting threshold. The solution was used for finding the cluster number if both

Dominant and Threshold values were True.
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Table C.1: Wine dataset - Hierarchical clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.56 0.56 0.27 0.07 -0.33 2.00 True True
’linkage’: ’ward’, ’n clusters’: 3 0.78 0.79 0.28 0.07 -0.28 3.00 True True
’linkage’: ’ward’, ’n clusters’: 4 0.71 0.71 0.23 0.06 -0.28 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.67 0.67 0.19 0.05 -0.32 5.00 False False
’linkage’: ’ward’, ’n clusters’: 6 0.66 0.67 0.18 0.06 -0.31 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.64 0.65 0.19 0.06 -0.26 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.62 0.63 0.19 0.06 -0.27 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.59 0.61 0.19 0.06 -0.26 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.58 0.60 0.20 0.07 -0.25 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 0.01 0.03 0.22 0.10 0.18 2.00 True True
’linkage’: ’single’, ’n clusters’: 3 0.01 0.03 0.18 0.11 0.00 3.00 False False
’linkage’: ’single’, ’n clusters’: 4 0.01 0.04 0.18 0.12 0.00 4.00 False False
’linkage’: ’single’, ’n clusters’: 5 0.01 0.05 0.14 0.13 0.00 5.00 False False
’linkage’: ’single’, ’n clusters’: 6 0.01 0.06 0.12 0.13 0.00 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.01 0.06 0.05 0.13 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.02 0.08 0.02 0.13 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.01 0.08 0.02 0.14 0.00 9.00 False False
’linkage’: ’single’, ’n clusters’: 10 0.01 0.09 -0.01 0.14 0.00 10.00 False False

’linkage’: ’complete’, ’n clusters’: 2 0.35 0.35 0.16 0.05 -0.46 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.61 0.61 0.20 0.05 -0.38 3.00 False False
’linkage’: ’complete’, ’n clusters’: 4 0.66 0.67 0.19 0.06 -0.36 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.70 0.71 0.19 0.06 -0.33 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.69 0.69 0.18 0.07 0.00 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.71 0.72 0.19 0.07 0.00 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.70 0.71 0.19 0.07 0.00 8.00 False False
’linkage’: ’complete’, ’n clusters’: 9 0.67 0.68 0.18 0.07 0.00 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.63 0.64 0.17 0.07 0.00 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 -0.00 0.01 0.26 0.17 0.00 2.00 True False
’linkage’: ’average’, ’n clusters’: 3 -0.00 0.02 0.16 0.10 0.00 3.00 False False
’linkage’: ’average’, ’n clusters’: 4 0.02 0.05 0.15 0.09 0.00 4.00 False False
’linkage’: ’average’, ’n clusters’: 5 0.53 0.54 0.23 0.09 0.00 5.00 False False
’linkage’: ’average’, ’n clusters’: 6 0.52 0.53 0.21 0.09 0.00 6.00 False False
’linkage’: ’average’, ’n clusters’: 7 0.50 0.52 0.19 0.09 0.00 7.00 False False
’linkage’: ’average’, ’n clusters’: 8 0.78 0.78 0.27 0.10 0.00 8.00 True False
’linkage’: ’average’, ’n clusters’: 9 0.77 0.78 0.26 0.11 0.00 9.00 False False
’linkage’: ’average’, ’n clusters’: 10 0.76 0.77 0.21 0.11 0.00 10.00 False False
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Table C.2: Wine dataset - Hierarchical clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.63 0.63 0.47 0.14 0.06 2.00 True True
’linkage’: ’ward’, ’n clusters’: 3 0.86 0.86 0.56 0.17 -0.07 3.00 True True
’linkage’: ’ward’, ’n clusters’: 4 0.78 0.78 0.48 0.14 -0.03 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.72 0.72 0.39 0.12 -0.21 5.00 False False
’linkage’: ’ward’, ’n clusters’: 6 0.67 0.68 0.38 0.12 -0.26 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.63 0.64 0.40 0.12 -0.12 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.61 0.62 0.39 0.12 -0.19 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.58 0.60 0.38 0.11 -0.14 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.57 0.58 0.37 0.12 -0.10 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 0.00 0.01 0.19 0.14 0.00 2.00 False False
’linkage’: ’single’, ’n clusters’: 3 0.00 0.02 0.02 0.16 0.00 3.00 False False
’linkage’: ’single’, ’n clusters’: 4 0.01 0.04 -0.20 0.15 0.00 4.00 False False
’linkage’: ’single’, ’n clusters’: 5 0.01 0.05 -0.30 0.11 0.00 5.00 False False
’linkage’: ’single’, ’n clusters’: 6 0.01 0.06 -0.38 0.12 0.00 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.57 0.59 -0.12 0.15 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.59 0.61 -0.21 0.15 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.58 0.60 -0.20 0.15 0.00 9.00 False False
’linkage’: ’single’, ’n clusters’: 10 0.57 0.60 -0.25 0.15 0.00 10.00 False False

’linkage’: ’complete’, ’n clusters’: 2 0.49 0.49 0.47 0.12 -0.27 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.70 0.70 0.51 0.16 -0.12 3.00 False False
’linkage’: ’complete’, ’n clusters’: 4 0.67 0.68 0.46 0.14 -0.13 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.63 0.63 0.36 0.12 -0.21 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.68 0.69 0.37 0.12 -0.16 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.64 0.65 0.39 0.12 -0.19 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.63 0.64 0.38 0.13 0.00 8.00 False False
’linkage’: ’complete’, ’n clusters’: 9 0.59 0.60 0.38 0.12 0.00 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.57 0.58 0.35 0.11 0.00 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.63 0.63 0.47 0.14 0.06 2.00 False False
’linkage’: ’average’, ’n clusters’: 3 0.78 0.78 0.55 0.17 -0.15 3.00 False False
’linkage’: ’average’, ’n clusters’: 4 0.77 0.77 0.50 0.19 0.00 4.00 True False
’linkage’: ’average’, ’n clusters’: 5 0.75 0.75 0.41 0.18 0.00 5.00 False False
’linkage’: ’average’, ’n clusters’: 6 0.75 0.76 0.36 0.17 0.00 6.00 False False
’linkage’: ’average’, ’n clusters’: 7 0.69 0.70 0.35 0.16 0.00 7.00 False False
’linkage’: ’average’, ’n clusters’: 8 0.68 0.69 0.35 0.16 0.00 8.00 False False
’linkage’: ’average’, ’n clusters’: 9 0.64 0.65 0.36 0.15 0.00 9.00 False False
’linkage’: ’average’, ’n clusters’: 10 0.60 0.62 0.37 0.14 0.00 10.00 False False
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Table C.3: Wine dataset - Hierarchical clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.49 0.49 0.42 0.11 -0.25 2.00 False False
’linkage’: ’ward’, ’n clusters’: 3 0.66 0.66 0.44 0.13 -0.33 3.00 False False
’linkage’: ’ward’, ’n clusters’: 4 0.61 0.62 0.41 0.13 -0.39 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.58 0.59 0.38 0.13 -0.30 5.00 False False
’linkage’: ’ward’, ’n clusters’: 6 0.63 0.64 0.38 0.12 -0.21 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.58 0.59 0.33 0.11 -0.32 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.56 0.57 0.35 0.12 -0.30 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.55 0.57 0.34 0.12 -0.23 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.53 0.54 0.33 0.11 -0.26 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 -0.00 0.01 0.30 0.19 0.00 2.00 True False
’linkage’: ’single’, ’n clusters’: 3 -0.00 0.02 0.09 0.19 0.00 3.00 False False
’linkage’: ’single’, ’n clusters’: 4 -0.00 0.03 0.00 0.19 0.00 4.00 False False
’linkage’: ’single’, ’n clusters’: 5 -0.01 0.03 -0.04 0.18 0.00 5.00 False False
’linkage’: ’single’, ’n clusters’: 6 -0.01 0.04 -0.08 0.18 0.00 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 -0.00 0.06 -0.21 0.15 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.00 0.07 -0.20 0.15 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.00 0.07 -0.26 0.15 0.00 9.00 False False
’linkage’: ’single’, ’n clusters’: 10 0.01 0.09 -0.24 0.15 0.00 10.00 False False

’linkage’: ’complete’, ’n clusters’: 2 0.50 0.50 0.38 0.10 -0.48 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.65 0.66 0.44 0.13 -0.27 3.00 True True
’linkage’: ’complete’, ’n clusters’: 4 0.66 0.66 0.42 0.13 -0.12 4.00 True True
’linkage’: ’complete’, ’n clusters’: 5 0.69 0.70 0.41 0.13 -0.15 5.00 True True
’linkage’: ’complete’, ’n clusters’: 6 0.68 0.69 0.40 0.13 0.00 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.69 0.69 0.35 0.14 0.00 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.64 0.66 0.32 0.13 0.00 8.00 False False
’linkage’: ’complete’, ’n clusters’: 9 0.60 0.61 0.31 0.13 0.00 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.57 0.58 0.30 0.12 0.00 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.60 0.60 0.38 0.11 -0.34 2.00 False False
’linkage’: ’average’, ’n clusters’: 3 0.78 0.78 0.46 0.13 -0.29 3.00 True True
’linkage’: ’average’, ’n clusters’: 4 0.79 0.79 0.43 0.13 -0.27 4.00 True True
’linkage’: ’average’, ’n clusters’: 5 0.73 0.73 0.41 0.13 -0.20 5.00 False False
’linkage’: ’average’, ’n clusters’: 6 0.71 0.72 0.40 0.14 0.00 6.00 True False
’linkage’: ’average’, ’n clusters’: 7 0.71 0.72 0.37 0.14 0.00 7.00 True False
’linkage’: ’average’, ’n clusters’: 8 0.71 0.72 0.35 0.14 0.00 8.00 True False
’linkage’: ’average’, ’n clusters’: 9 0.66 0.67 0.33 0.14 0.00 9.00 False False
’linkage’: ’average’, ’n clusters’: 10 0.62 0.64 0.33 0.13 0.00 10.00 False False
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Table C.4: Wine dataset - Hierarchical clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.63 0.63 0.49 0.14 -0.03 2.00 False False
’linkage’: ’ward’, ’n clusters’: 3 0.84 0.84 0.55 0.16 0.12 3.00 False False
’linkage’: ’ward’, ’n clusters’: 4 0.76 0.76 0.49 0.14 -0.03 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.71 0.71 0.49 0.14 -0.01 5.00 False False
’linkage’: ’ward’, ’n clusters’: 6 0.68 0.68 0.44 0.14 -0.11 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.63 0.64 0.38 0.12 -0.18 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.61 0.62 0.40 0.12 -0.10 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.58 0.59 0.39 0.12 -0.06 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.56 0.58 0.37 0.12 -0.13 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 0.00 0.01 0.27 0.17 0.00 2.00 False False
’linkage’: ’single’, ’n clusters’: 3 0.00 0.02 -0.05 0.14 0.00 3.00 False False
’linkage’: ’single’, ’n clusters’: 4 0.00 0.03 -0.29 0.11 0.00 4.00 False False
’linkage’: ’single’, ’n clusters’: 5 0.46 0.47 0.01 0.16 0.00 5.00 False False
’linkage’: ’single’, ’n clusters’: 6 0.58 0.60 0.05 0.15 0.00 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.60 0.61 -0.03 0.16 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.59 0.60 -0.07 0.16 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.58 0.60 -0.12 0.16 0.00 9.00 False False
’linkage’: ’single’, ’n clusters’: 10 0.56 0.58 -0.17 0.14 0.00 10.00 False False

’linkage’: ’complete’, ’n clusters’: 2 0.59 0.59 0.49 0.14 -0.14 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.83 0.84 0.55 0.16 0.24 3.00 True True
’linkage’: ’complete’, ’n clusters’: 4 0.77 0.78 0.49 0.15 0.19 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.71 0.71 0.48 0.13 0.05 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.70 0.71 0.47 0.15 0.00 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.64 0.65 0.34 0.11 0.00 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.61 0.62 0.33 0.12 0.00 8.00 False False
’linkage’: ’complete’, ’n clusters’: 9 0.59 0.60 0.34 0.13 0.00 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.57 0.58 0.32 0.13 0.00 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.63 0.63 0.49 0.14 -0.03 2.00 False False
’linkage’: ’average’, ’n clusters’: 3 0.86 0.86 0.55 0.16 0.19 3.00 True True
’linkage’: ’average’, ’n clusters’: 4 0.85 0.85 0.51 0.19 0.00 4.00 True False
’linkage’: ’average’, ’n clusters’: 5 0.77 0.77 0.47 0.16 0.00 5.00 False False
’linkage’: ’average’, ’n clusters’: 6 0.71 0.72 0.49 0.16 0.00 6.00 False False
’linkage’: ’average’, ’n clusters’: 7 0.67 0.68 0.45 0.16 0.00 7.00 False False
’linkage’: ’average’, ’n clusters’: 8 0.64 0.65 0.41 0.14 0.00 8.00 False False
’linkage’: ’average’, ’n clusters’: 9 0.62 0.63 0.42 0.15 0.00 9.00 False False
’linkage’: ’average’, ’n clusters’: 10 0.62 0.63 0.40 0.15 0.00 10.00 False False
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Table C.5: Wine dataset - Hierarchical clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.61 0.61 0.53 0.14 0.36 2.00 False False
’linkage’: ’ward’, ’n clusters’: 3 0.78 0.78 0.63 0.19 0.46 3.00 True True
’linkage’: ’ward’, ’n clusters’: 4 0.70 0.70 0.56 0.14 0.23 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.65 0.65 0.48 0.13 0.11 5.00 False False
’linkage’: ’ward’, ’n clusters’: 6 0.61 0.62 0.41 0.11 -0.08 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.59 0.60 0.42 0.13 -0.03 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.56 0.58 0.45 0.14 0.02 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.53 0.55 0.47 0.14 0.00 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.51 0.53 0.45 0.12 0.05 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 0.61 0.61 0.53 0.14 0.36 2.00 False False
’linkage’: ’single’, ’n clusters’: 3 0.78 0.78 0.63 0.19 0.46 3.00 False False
’linkage’: ’single’, ’n clusters’: 4 0.79 0.80 0.56 0.21 0.48 4.00 True True
’linkage’: ’single’, ’n clusters’: 5 0.76 0.76 0.45 0.18 0.40 5.00 False False
’linkage’: ’single’, ’n clusters’: 6 0.74 0.74 0.32 0.17 0.24 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.68 0.69 0.36 0.16 0.30 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.67 0.68 0.30 0.16 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.66 0.67 0.31 0.16 0.00 9.00 False False
’linkage’: ’single’, ’n clusters’: 10 0.61 0.62 0.30 0.14 0.00 10.00 False False

’linkage’: ’complete’, ’n clusters’: 2 0.61 0.61 0.53 0.14 0.36 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.78 0.78 0.63 0.19 0.46 3.00 False False
’linkage’: ’complete’, ’n clusters’: 4 0.70 0.70 0.53 0.13 0.19 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.66 0.66 0.44 0.10 -0.00 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.62 0.63 0.47 0.12 0.05 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.60 0.61 0.49 0.14 0.10 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.56 0.57 0.43 0.13 -0.06 8.00 False False
’linkage’: ’complete’, ’n clusters’: 9 0.58 0.60 0.44 0.14 0.03 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.55 0.57 0.46 0.14 0.01 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.61 0.61 0.53 0.14 0.36 2.00 False False
’linkage’: ’average’, ’n clusters’: 3 0.78 0.78 0.63 0.19 0.46 3.00 False False
’linkage’: ’average’, ’n clusters’: 4 0.70 0.70 0.56 0.14 0.23 4.00 False False
’linkage’: ’average’, ’n clusters’: 5 0.68 0.69 0.43 0.14 0.08 5.00 False False
’linkage’: ’average’, ’n clusters’: 6 0.66 0.67 0.44 0.16 0.13 6.00 False False
’linkage’: ’average’, ’n clusters’: 7 0.62 0.63 0.48 0.16 0.12 7.00 False False
’linkage’: ’average’, ’n clusters’: 8 0.58 0.59 0.45 0.14 -0.00 8.00 False False
’linkage’: ’average’, ’n clusters’: 9 0.60 0.61 0.45 0.15 0.09 9.00 False False
’linkage’: ’average’, ’n clusters’: 10 0.57 0.58 0.46 0.15 0.10 10.00 False False
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Table C.6: Wine dataset - Hierarchical clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.61 0.61 0.57 0.19 -0.20 2.00 False False
’linkage’: ’ward’, ’n clusters’: 3 0.80 0.80 0.65 0.22 -0.16 3.00 True True
’linkage’: ’ward’, ’n clusters’: 4 0.72 0.72 0.54 0.15 -0.15 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.67 0.68 0.44 0.11 -0.21 5.00 False False
’linkage’: ’ward’, ’n clusters’: 6 0.65 0.66 0.39 0.11 -0.14 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.61 0.62 0.34 0.10 -0.20 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.59 0.60 0.34 0.11 -0.19 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.59 0.60 0.34 0.12 -0.14 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.57 0.58 0.35 0.12 -0.16 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 0.61 0.61 0.57 0.19 -0.20 2.00 False False
’linkage’: ’single’, ’n clusters’: 3 0.60 0.60 0.16 0.07 0.00 3.00 False False
’linkage’: ’single’, ’n clusters’: 4 0.60 0.61 -0.11 0.08 0.00 4.00 False False
’linkage’: ’single’, ’n clusters’: 5 0.58 0.59 -0.14 0.03 0.00 5.00 False False
’linkage’: ’single’, ’n clusters’: 6 0.60 0.61 -0.17 0.03 0.00 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.77 0.78 0.22 0.17 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.77 0.78 0.25 0.17 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.76 0.77 0.20 0.17 0.00 9.00 False False
’linkage’: ’single’, ’n clusters’: 10 0.76 0.77 0.17 0.17 0.00 10.00 False False

’linkage’: ’complete’, ’n clusters’: 2 0.54 0.55 0.62 0.22 0.18 2.00 True True
’linkage’: ’complete’, ’n clusters’: 3 0.74 0.74 0.65 0.22 -0.04 3.00 True True
’linkage’: ’complete’, ’n clusters’: 4 0.76 0.76 0.54 0.19 -0.01 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.71 0.72 0.41 0.13 -0.04 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.65 0.66 0.39 0.11 -0.10 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.62 0.63 0.34 0.10 -0.16 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.58 0.59 0.36 0.11 -0.12 8.00 False False
’linkage’: ’complete’, ’n clusters’: 9 0.59 0.61 0.35 0.12 -0.10 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.57 0.59 0.36 0.12 -0.07 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.54 0.55 0.62 0.22 0.18 2.00 False False
’linkage’: ’average’, ’n clusters’: 3 0.74 0.74 0.65 0.22 -0.04 3.00 False False
’linkage’: ’average’, ’n clusters’: 4 0.76 0.76 0.54 0.19 -0.01 4.00 False False
’linkage’: ’average’, ’n clusters’: 5 0.74 0.75 0.40 0.15 -0.04 5.00 False False
’linkage’: ’average’, ’n clusters’: 6 0.69 0.69 0.41 0.13 -0.02 6.00 False False
’linkage’: ’average’, ’n clusters’: 7 0.64 0.65 0.41 0.12 0.01 7.00 False False
’linkage’: ’average’, ’n clusters’: 8 0.60 0.61 0.36 0.11 -0.05 8.00 False False
’linkage’: ’average’, ’n clusters’: 9 0.58 0.59 0.37 0.12 -0.05 9.00 False False
’linkage’: ’average’, ’n clusters’: 10 0.55 0.57 0.36 0.12 -0.06 10.00 False False

Table C.7: Wine dataset - k -means clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.50 0.48 0.26 0.07 -0.44 2.00 False False
’n clusters’: 3 0.87 0.88 0.28 0.07 -0.27 3.00 True True
’n clusters’: 4 0.81 0.79 0.26 0.06 -0.23 4.00 True True
’n clusters’: 5 0.72 0.72 0.23 0.06 -0.19 5.00 True True
’n clusters’: 6 0.65 0.61 0.19 0.06 -0.26 6.00 False False
’n clusters’: 7 0.62 0.61 0.19 0.05 -0.17 7.00 True True
’n clusters’: 8 0.64 0.63 0.18 0.06 -0.26 8.00 True True
’n clusters’: 9 0.59 0.56 0.16 0.06 -0.27 9.00 False False
’n clusters’: 10 0.59 0.59 0.14 0.06 -0.31 10.00 False False
’n clusters’: 11 0.54 0.58 0.14 0.06 -0.28 11.00 False False

Table C.8: Wine dataset - k -means clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.47 0.48 0.46 0.11 -0.44 2.00 False False
’n clusters’: 3 0.88 0.87 0.56 0.17 -0.07 3.00 True True
’n clusters’: 4 0.72 0.73 0.49 0.13 -0.31 4.00 False False
’n clusters’: 5 0.69 0.67 0.45 0.13 -0.10 5.00 False False
’n clusters’: 6 0.61 0.63 0.44 0.13 -0.31 6.00 False False
’n clusters’: 7 0.62 0.63 0.42 0.13 -0.15 7.00 False False
’n clusters’: 8 0.60 0.60 0.41 0.12 -0.22 8.00 False False
’n clusters’: 9 0.58 0.62 0.41 0.12 -0.08 9.00 False False
’n clusters’: 10 0.58 0.58 0.40 0.12 -0.11 10.00 False False
’n clusters’: 11 0.54 0.57 0.40 0.12 -0.06 11.00 True True
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Table C.9: Wine dataset - k -means clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.46 0.47 0.41 0.10 -0.38 2.00 False False
’n clusters’: 3 0.83 0.83 0.48 0.14 -0.24 3.00 True True
’n clusters’: 4 0.71 0.69 0.43 0.13 -0.33 4.00 False False
’n clusters’: 5 0.65 0.69 0.41 0.12 -0.36 5.00 False False
’n clusters’: 6 0.61 0.64 0.34 0.11 -0.36 6.00 False False
’n clusters’: 7 0.57 0.61 0.37 0.12 -0.16 7.00 True True
’n clusters’: 8 0.55 0.56 0.37 0.12 -0.21 8.00 True True
’n clusters’: 9 0.56 0.58 0.35 0.12 -0.26 9.00 False False
’n clusters’: 10 0.54 0.55 0.34 0.11 -0.22 10.00 False False
’n clusters’: 11 0.53 0.54 0.34 0.11 -0.12 11.00 True True

Table C.10: Wine dataset - k -means clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.49 0.50 0.50 0.13 0.08 2.00 False False
’n clusters’: 3 0.83 0.83 0.56 0.16 0.19 3.00 True True
’n clusters’: 4 0.78 0.78 0.51 0.14 -0.11 4.00 False False
’n clusters’: 5 0.71 0.70 0.48 0.14 -0.14 5.00 False False
’n clusters’: 6 0.65 0.65 0.47 0.14 -0.19 6.00 False False
’n clusters’: 7 0.63 0.63 0.44 0.13 -0.16 7.00 False False
’n clusters’: 8 0.61 0.64 0.44 0.14 -0.09 8.00 False False
’n clusters’: 9 0.59 0.61 0.42 0.12 -0.16 9.00 False False
’n clusters’: 10 0.57 0.61 0.42 0.12 -0.13 10.00 False False
’n clusters’: 11 0.58 0.56 0.41 0.13 -0.15 11.00 False False

Table C.11: Wine dataset - k -means clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.51 0.60 0.50 0.13 -0.54 2.00 False False
’n clusters’: 3 0.78 0.78 0.63 0.19 0.46 3.00 True True
’n clusters’: 4 0.70 0.70 0.56 0.14 0.23 4.00 False False
’n clusters’: 5 0.66 0.66 0.47 0.12 0.06 5.00 False False
’n clusters’: 6 0.60 0.61 0.42 0.10 -0.09 6.00 False False
’n clusters’: 7 0.59 0.60 0.43 0.11 -0.01 7.00 False False
’n clusters’: 8 0.56 0.57 0.45 0.13 -0.12 8.00 False False
’n clusters’: 9 0.54 0.55 0.47 0.14 -0.05 9.00 False False
’n clusters’: 10 0.52 0.53 0.48 0.14 -0.02 10.00 False False
’n clusters’: 11 0.50 0.55 0.48 0.14 0.07 11.00 False False

Table C.12: Wine dataset - k -means clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.47 0.47 0.60 0.19 -0.31 2.00 False False
’n clusters’: 3 0.79 0.80 0.66 0.22 0.03 3.00 True True
’n clusters’: 4 0.77 0.77 0.57 0.16 -0.06 4.00 False False
’n clusters’: 5 0.70 0.70 0.47 0.12 -0.11 5.00 False False
’n clusters’: 6 0.64 0.64 0.38 0.10 -0.09 6.00 False False
’n clusters’: 7 0.60 0.61 0.40 0.12 -0.08 7.00 False False
’n clusters’: 8 0.59 0.60 0.38 0.11 -0.02 8.00 False False
’n clusters’: 9 0.56 0.58 0.37 0.13 0.03 9.00 True True
’n clusters’: 10 0.55 0.56 0.38 0.12 -0.07 10.00 False False
’n clusters’: 11 0.53 0.54 0.39 0.13 -0.04 11.00 False False
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Table C.13: Wine dataset - k -medoids clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.45 0.45 0.26 0.07 -0.30 2.00 True True
’n clusters’: 3 0.75 0.76 0.27 0.07 -0.37 3.00 True True
’n clusters’: 4 0.69 0.69 0.20 0.05 -0.31 4.00 False False
’n clusters’: 5 0.63 0.63 0.18 0.05 -0.36 5.00 False False
’n clusters’: 6 0.62 0.63 0.17 0.06 -0.31 6.00 False False
’n clusters’: 7 0.55 0.56 0.11 0.05 -0.35 7.00 False False
’n clusters’: 8 0.55 0.56 0.14 0.05 -0.26 8.00 True True
’n clusters’: 9 0.55 0.56 0.12 0.05 -0.27 9.00 True True
’n clusters’: 10 0.51 0.53 0.12 0.05 -0.20 10.00 True True
’n clusters’: 11 0.51 0.53 0.11 0.05 -0.20 11.00 True True

Table C.14: Wine dataset - k -medoids clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.50 0.50 0.46 0.12 -0.31 2.00 False False
’n clusters’: 3 0.84 0.85 0.56 0.17 -0.05 3.00 True True
’n clusters’: 4 0.73 0.73 0.48 0.14 -0.21 4.00 False False
’n clusters’: 5 0.68 0.69 0.42 0.12 -0.22 5.00 False False
’n clusters’: 6 0.63 0.64 0.42 0.13 -0.03 6.00 True True
’n clusters’: 7 0.65 0.65 0.36 0.10 -0.02 7.00 False False
’n clusters’: 8 0.63 0.64 0.37 0.11 -0.01 8.00 False False
’n clusters’: 9 0.61 0.62 0.40 0.13 -0.10 9.00 False False
’n clusters’: 10 0.59 0.60 0.40 0.13 -0.02 10.00 True True
’n clusters’: 11 0.57 0.59 0.39 0.13 0.00 11.00 True False

Table C.15: Wine dataset - k -medoids clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.47 0.47 0.41 0.10 -0.10 2.00 True True
’n clusters’: 3 0.74 0.75 0.47 0.14 -0.19 3.00 True True
’n clusters’: 4 0.69 0.69 0.43 0.12 -0.33 4.00 False False
’n clusters’: 5 0.63 0.64 0.37 0.11 -0.34 5.00 False False
’n clusters’: 6 0.56 0.57 0.33 0.11 -0.46 6.00 False False
’n clusters’: 7 0.54 0.56 0.30 0.10 -0.41 7.00 False False
’n clusters’: 8 0.55 0.56 0.31 0.11 -0.30 8.00 False False
’n clusters’: 9 0.54 0.55 0.30 0.11 -0.34 9.00 False False
’n clusters’: 10 0.52 0.54 0.32 0.11 -0.15 10.00 True True
’n clusters’: 11 0.53 0.54 0.32 0.12 -0.23 11.00 False False

Table C.16: Wine dataset - k -medoids clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.49 0.50 0.48 0.12 -0.04 2.00 False False
’n clusters’: 3 0.79 0.80 0.55 0.17 0.20 3.00 True True
’n clusters’: 4 0.76 0.77 0.49 0.14 0.07 4.00 False False
’n clusters’: 5 0.67 0.68 0.42 0.12 0.05 5.00 False False
’n clusters’: 6 0.62 0.62 0.46 0.13 -0.00 6.00 False False
’n clusters’: 7 0.63 0.64 0.42 0.12 -0.01 7.00 False False
’n clusters’: 8 0.62 0.63 0.40 0.13 -0.00 8.00 False False
’n clusters’: 9 0.59 0.61 0.35 0.12 -0.08 9.00 False False
’n clusters’: 10 0.57 0.59 0.38 0.12 -0.15 10.00 False False
’n clusters’: 11 0.55 0.57 0.39 0.13 -0.06 11.00 False False
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Table C.17: Wine dataset - k -medoids clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.61 0.61 0.53 0.14 0.36 2.00 False False
’n clusters’: 3 0.78 0.78 0.63 0.19 0.46 3.00 True True
’n clusters’: 4 0.70 0.70 0.55 0.14 0.18 4.00 False False
’n clusters’: 5 0.66 0.66 0.48 0.11 0.01 5.00 False False
’n clusters’: 6 0.69 0.70 0.46 0.12 -0.16 6.00 False False
’n clusters’: 7 0.61 0.62 0.46 0.13 -0.18 7.00 False False
’n clusters’: 8 0.59 0.61 0.46 0.12 -0.11 8.00 False False
’n clusters’: 9 0.57 0.58 0.42 0.12 0.08 9.00 False False
’n clusters’: 10 0.56 0.58 0.40 0.12 0.00 10.00 False False
’n clusters’: 11 0.54 0.56 0.38 0.12 0.00 11.00 False False

Table C.18: Wine dataset - k -medoids clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.47 0.47 0.60 0.19 -0.31 2.00 False False
’n clusters’: 3 0.79 0.80 0.66 0.22 0.03 3.00 True True
’n clusters’: 4 0.72 0.72 0.51 0.09 -0.10 4.00 False False
’n clusters’: 5 0.71 0.72 0.52 0.13 0.06 5.00 True True
’n clusters’: 6 0.70 0.71 0.50 0.14 -0.07 6.00 False False
’n clusters’: 7 0.65 0.66 0.46 0.13 -0.08 7.00 False False
’n clusters’: 8 0.61 0.62 0.40 0.12 -0.03 8.00 False False
’n clusters’: 9 0.65 0.66 0.41 0.13 0.06 9.00 True True
’n clusters’: 10 0.60 0.62 0.39 0.12 0.11 10.00 True True
’n clusters’: 11 0.57 0.58 0.41 0.12 -0.05 11.00 False False
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Table C.19: Wine dataset - GMM clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 2 0.48 0.49 0.26 0.07 -0.45 2.00 False False
’covariance type’: ’full’, ’n ’: 3 0.87 0.88 0.28 0.07 -0.27 3.00 True True
’covariance type’: ’full’, ’n ’: 4 0.76 0.83 0.27 0.06 -0.14 4.00 True True
’covariance type’: ’full’, ’n ’: 5 0.74 0.77 0.21 0.06 -0.33 5.00 False False
’covariance type’: ’full’, ’n ’: 6 0.64 0.71 0.13 0.05 -0.28 6.00 False False
’covariance type’: ’full’, ’n ’: 7 0.63 0.64 0.12 0.06 -0.32 7.00 False False
’covariance type’: ’full’, ’n ’: 8 0.61 0.60 0.12 0.05 -0.35 8.00 False False
’covariance type’: ’full’, ’n ’: 9 0.55 0.57 0.11 0.06 -0.31 9.00 False False
’covariance type’: ’full’, ’n ’: 10 0.58 0.55 0.11 0.05 -0.25 10.00 False False
’covariance type’: ’full’, ’n ’: 11 0.54 0.51 0.09 0.06 -0.25 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.49 0.49 0.27 0.06 -0.33 2.00 False False
’covariance type’: ’tied’, ’n ’: 3 0.94 0.95 0.28 0.07 -0.33 3.00 True True
’covariance type’: ’tied’, ’n ’: 4 0.83 0.78 0.24 0.06 -0.32 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.71 0.75 0.23 0.05 -0.23 5.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.76 0.84 0.19 0.06 -0.27 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.70 0.72 0.20 0.04 -0.30 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.71 0.67 0.10 0.05 -0.30 8.00 False False
’covariance type’: ’tied’, ’n ’: 9 0.66 0.66 0.11 0.05 0.00 9.00 False False
’covariance type’: ’tied’, ’n ’: 10 0.62 0.65 0.12 0.05 -0.27 10.00 False False
’covariance type’: ’tied’, ’n ’: 11 0.62 0.60 0.11 0.05 0.00 11.00 False False
’covariance type’: ’diag’, ’n ’: 2 0.46 0.51 0.26 0.07 -0.40 2.00 False False
’covariance type’: ’diag’, ’n ’: 3 0.85 0.85 0.28 0.07 -0.29 3.00 False False
’covariance type’: ’diag’, ’n ’: 4 0.78 0.75 0.25 0.06 -0.16 4.00 False False
’covariance type’: ’diag’, ’n ’: 5 0.74 0.73 0.21 0.06 -0.19 5.00 False False
’covariance type’: ’diag’, ’n ’: 6 0.67 0.65 0.18 0.05 -0.22 6.00 False False
’covariance type’: ’diag’, ’n ’: 7 0.60 0.62 0.12 0.05 -0.21 7.00 False False
’covariance type’: ’diag’, ’n ’: 8 0.61 0.65 0.11 0.06 -0.32 8.00 False False
’covariance type’: ’diag’, ’n ’: 9 0.59 0.64 0.08 0.05 -0.26 9.00 False False
’covariance type’: ’diag’, ’n ’: 10 0.59 0.66 0.10 0.05 -0.22 10.00 False False
’covariance type’: ’diag’, ’n ’: 11 0.58 0.66 0.10 0.05 -0.26 11.00 False False

’covariance type’: ’spherical’, ’n ’: 2 0.49 0.49 0.26 0.07 -0.32 2.00 True True
’covariance type’: ’spherical’, ’n ’: 3 0.85 0.86 0.27 0.07 -0.27 3.00 True True
’covariance type’: ’spherical’, ’n ’: 4 0.77 0.82 0.28 0.04 -0.26 4.00 True True
’covariance type’: ’spherical’, ’n ’: 5 0.71 0.76 0.21 0.04 -0.22 5.00 False False
’covariance type’: ’spherical’, ’n ’: 6 0.67 0.71 0.22 0.05 -0.24 6.00 False False
’covariance type’: ’spherical’, ’n ’: 7 0.68 0.64 0.21 0.05 -0.17 7.00 False False
’covariance type’: ’spherical’, ’n ’: 8 0.59 0.64 0.11 0.06 -0.26 8.00 True True
’covariance type’: ’spherical’, ’n ’: 9 0.58 0.64 0.12 0.06 0.00 9.00 True False
’covariance type’: ’spherical’, ’n ’: 10 0.55 0.61 0.13 0.06 -0.23 10.00 False False
’covariance type’: ’spherical’, ’n ’: 11 0.57 0.61 0.11 0.06 -0.25 11.00 False False
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Table C.20: Wine dataset - GMM clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 2 0.49 0.49 0.47 0.12 -0.38 2.00 False False
’covariance type’: ’full’, ’n ’: 3 0.84 0.88 0.56 0.16 -0.13 3.00 False False
’covariance type’: ’full’, ’n ’: 4 0.69 0.69 0.49 0.14 -0.16 4.00 False False
’covariance type’: ’full’, ’n ’: 5 0.68 0.69 0.46 0.12 -0.14 5.00 False False
’covariance type’: ’full’, ’n ’: 6 0.68 0.67 0.41 0.12 -0.15 6.00 False False
’covariance type’: ’full’, ’n ’: 7 0.65 0.65 0.35 0.12 -0.13 7.00 False False
’covariance type’: ’full’, ’n ’: 8 0.58 0.65 0.39 0.13 -0.25 8.00 False False
’covariance type’: ’full’, ’n ’: 9 0.61 0.62 0.37 0.11 0.09 9.00 True True
’covariance type’: ’full’, ’n ’: 10 0.58 0.58 0.39 0.13 -0.05 10.00 False False
’covariance type’: ’full’, ’n ’: 11 0.54 0.59 0.37 0.09 -0.19 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.64 0.48 0.46 0.12 0.06 2.00 True True
’covariance type’: ’tied’, ’n ’: 3 0.88 0.88 0.56 0.17 0.02 3.00 True True
’covariance type’: ’tied’, ’n ’: 4 0.77 0.77 0.50 0.14 -0.14 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.74 0.73 0.45 0.13 -0.15 5.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.62 0.69 0.41 0.13 -0.25 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.66 0.64 0.42 0.13 -0.11 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.60 0.62 0.39 0.13 -0.11 8.00 False False
’covariance type’: ’tied’, ’n ’: 9 0.59 0.60 0.37 0.12 -0.11 9.00 False False
’covariance type’: ’tied’, ’n ’: 10 0.56 0.57 0.40 0.12 -0.16 10.00 False False
’covariance type’: ’tied’, ’n ’: 11 0.56 0.56 0.36 0.12 0.00 11.00 False False
’covariance type’: ’diag’, ’n ’: 2 0.44 0.44 0.47 0.14 0.04 2.00 True True
’covariance type’: ’diag’, ’n ’: 3 0.88 0.88 0.56 0.17 -0.07 3.00 True True
’covariance type’: ’diag’, ’n ’: 4 0.71 0.72 0.49 0.15 -0.17 4.00 False False
’covariance type’: ’diag’, ’n ’: 5 0.64 0.67 0.43 0.13 -0.46 5.00 False False
’covariance type’: ’diag’, ’n ’: 6 0.59 0.68 0.41 0.13 -0.21 6.00 False False
’covariance type’: ’diag’, ’n ’: 7 0.62 0.66 0.42 0.13 -0.19 7.00 False False
’covariance type’: ’diag’, ’n ’: 8 0.61 0.63 0.39 0.13 -0.15 8.00 False False
’covariance type’: ’diag’, ’n ’: 9 0.59 0.59 0.37 0.11 -0.17 9.00 False False
’covariance type’: ’diag’, ’n ’: 10 0.58 0.59 0.35 0.11 -0.05 10.00 False False
’covariance type’: ’diag’, ’n ’: 11 0.58 0.58 0.34 0.11 -0.02 11.00 False False

’covariance type’: ’spherical’, ’n ’: 2 0.45 0.46 0.40 0.13 -0.47 2.00 False False
’covariance type’: ’spherical’, ’n ’: 3 0.83 0.83 0.55 0.17 -0.09 3.00 False False
’covariance type’: ’spherical’, ’n ’: 4 0.73 0.77 0.49 0.13 -0.17 4.00 False False
’covariance type’: ’spherical’, ’n ’: 5 0.68 0.68 0.45 0.13 -0.03 5.00 False False
’covariance type’: ’spherical’, ’n ’: 6 0.67 0.70 0.41 0.13 -0.19 6.00 False False
’covariance type’: ’spherical’, ’n ’: 7 0.63 0.67 0.42 0.13 -0.07 7.00 False False
’covariance type’: ’spherical’, ’n ’: 8 0.61 0.67 0.40 0.13 -0.15 8.00 False False
’covariance type’: ’spherical’, ’n ’: 9 0.60 0.59 0.39 0.13 -0.10 9.00 False False
’covariance type’: ’spherical’, ’n ’: 10 0.58 0.61 0.37 0.14 -0.12 10.00 False False
’covariance type’: ’spherical’, ’n ’: 11 0.56 0.58 0.37 0.12 -0.10 11.00 False False
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Table C.21: Wine dataset - GMM clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 2 0.47 0.47 0.41 0.10 -0.37 2.00 False False
’covariance type’: ’full’, ’n ’: 3 0.82 0.82 0.48 0.14 -0.28 3.00 False False
’covariance type’: ’full’, ’n ’: 4 0.76 0.76 0.40 0.07 -0.28 4.00 False False
’covariance type’: ’full’, ’n ’: 5 0.72 0.65 0.40 0.13 -0.23 5.00 False False
’covariance type’: ’full’, ’n ’: 6 0.67 0.58 0.31 0.07 -0.28 6.00 False False
’covariance type’: ’full’, ’n ’: 7 0.62 0.67 0.32 0.12 -0.37 7.00 False False
’covariance type’: ’full’, ’n ’: 8 0.57 0.61 0.27 0.09 -0.32 8.00 False False
’covariance type’: ’full’, ’n ’: 9 0.60 0.61 0.31 0.12 -0.28 9.00 False False
’covariance type’: ’full’, ’n ’: 10 0.56 0.56 0.26 0.11 -0.27 10.00 False False
’covariance type’: ’full’, ’n ’: 11 0.53 0.58 0.20 0.11 -0.09 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.47 0.47 0.41 0.10 -0.25 2.00 False False
’covariance type’: ’tied’, ’n ’: 3 0.63 0.63 0.42 0.13 -0.30 3.00 False False
’covariance type’: ’tied’, ’n ’: 4 0.77 0.66 0.43 0.13 -0.25 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.68 0.70 0.41 0.11 -0.27 5.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.65 0.71 0.36 0.13 -0.21 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.62 0.67 0.33 0.11 -0.30 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.65 0.63 0.34 0.11 -0.15 8.00 False False
’covariance type’: ’tied’, ’n ’: 9 0.61 0.61 0.35 0.11 -0.15 9.00 True True
’covariance type’: ’tied’, ’n ’: 10 0.59 0.60 0.29 0.12 -0.19 10.00 False False
’covariance type’: ’tied’, ’n ’: 11 0.57 0.56 0.34 0.13 0.00 11.00 True False
’covariance type’: ’diag’, ’n ’: 2 0.58 0.57 0.40 0.11 -0.45 2.00 False False
’covariance type’: ’diag’, ’n ’: 3 0.80 0.81 0.48 0.14 -0.26 3.00 False False
’covariance type’: ’diag’, ’n ’: 4 0.80 0.78 0.43 0.13 -0.17 4.00 True True
’covariance type’: ’diag’, ’n ’: 5 0.69 0.74 0.39 0.13 -0.35 5.00 False False
’covariance type’: ’diag’, ’n ’: 6 0.67 0.66 0.34 0.10 -0.22 6.00 False False
’covariance type’: ’diag’, ’n ’: 7 0.72 0.66 0.36 0.11 -0.27 7.00 False False
’covariance type’: ’diag’, ’n ’: 8 0.58 0.63 0.34 0.11 -0.23 8.00 False False
’covariance type’: ’diag’, ’n ’: 9 0.62 0.59 0.32 0.11 0.00 9.00 False False
’covariance type’: ’diag’, ’n ’: 10 0.58 0.56 0.29 0.11 -0.25 10.00 False False
’covariance type’: ’diag’, ’n ’: 11 0.58 0.58 0.32 0.11 0.00 11.00 False False

’covariance type’: ’spherical’, ’n ’: 2 0.48 0.48 0.41 0.10 -0.31 2.00 False False
’covariance type’: ’spherical’, ’n ’: 3 0.82 0.85 0.48 0.14 -0.24 3.00 True True
’covariance type’: ’spherical’, ’n ’: 4 0.72 0.76 0.43 0.13 -0.31 4.00 False False
’covariance type’: ’spherical’, ’n ’: 5 0.68 0.73 0.40 0.12 -0.24 5.00 False False
’covariance type’: ’spherical’, ’n ’: 6 0.73 0.66 0.38 0.13 -0.29 6.00 False False
’covariance type’: ’spherical’, ’n ’: 7 0.62 0.68 0.34 0.12 -0.24 7.00 False False
’covariance type’: ’spherical’, ’n ’: 8 0.60 0.61 0.35 0.12 -0.15 8.00 True True
’covariance type’: ’spherical’, ’n ’: 9 0.56 0.59 0.31 0.11 -0.21 9.00 False False
’covariance type’: ’spherical’, ’n ’: 10 0.55 0.57 0.33 0.11 -0.16 10.00 False False
’covariance type’: ’spherical’, ’n ’: 11 0.53 0.53 0.31 0.12 0.00 11.00 False False
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Table C.22: Wine dataset - GMM clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 2 0.49 0.47 0.48 0.12 0.08 2.00 False False
’covariance type’: ’full’, ’n ’: 3 0.86 0.87 0.55 0.16 0.48 3.00 True True
’covariance type’: ’full’, ’n ’: 4 0.74 0.78 0.50 0.14 -0.04 4.00 False False
’covariance type’: ’full’, ’n ’: 5 0.69 0.64 0.44 0.12 -0.04 5.00 False False
’covariance type’: ’full’, ’n ’: 6 0.66 0.67 0.39 0.11 -0.15 6.00 False False
’covariance type’: ’full’, ’n ’: 7 0.64 0.64 0.37 0.11 -0.12 7.00 False False
’covariance type’: ’full’, ’n ’: 8 0.62 0.62 0.38 0.10 -0.10 8.00 False False
’covariance type’: ’full’, ’n ’: 9 0.57 0.59 0.38 0.12 0.01 9.00 False False
’covariance type’: ’full’, ’n ’: 10 0.58 0.60 0.29 0.12 -0.03 10.00 False False
’covariance type’: ’full’, ’n ’: 11 0.56 0.57 0.25 0.11 -0.17 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.63 0.63 0.49 0.14 -0.14 2.00 False False
’covariance type’: ’tied’, ’n ’: 3 0.83 0.83 0.56 0.16 0.19 3.00 True True
’covariance type’: ’tied’, ’n ’: 4 0.79 0.71 0.49 0.14 -0.04 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.72 0.75 0.48 0.14 -0.20 5.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.69 0.71 0.48 0.14 -0.09 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.64 0.65 0.45 0.12 -0.19 6.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.62 0.64 0.40 0.12 0.00 8.00 False False
’covariance type’: ’tied’, ’n ’: 9 0.60 0.60 0.41 0.14 -0.13 9.00 False False
’covariance type’: ’tied’, ’n ’: 10 0.57 0.61 0.41 0.13 -0.08 10.00 False False
’covariance type’: ’tied’, ’n ’: 11 0.59 0.59 0.36 0.10 0.00 11.00 False False
’covariance type’: ’diag’, ’n ’: 2 0.56 0.56 0.49 0.13 -0.14 2.00 False False
’covariance type’: ’diag’, ’n ’: 3 0.88 0.88 0.55 0.16 0.19 3.00 False False
’covariance type’: ’diag’, ’n ’: 4 0.80 0.78 0.48 0.14 -0.07 4.00 False False
’covariance type’: ’diag’, ’n ’: 5 0.71 0.66 0.43 0.14 -0.15 5.00 False False
’covariance type’: ’diag’, ’n ’: 6 0.61 0.66 0.49 0.15 -0.13 6.00 False False
’covariance type’: ’diag’, ’n ’: 7 0.64 0.65 0.46 0.12 -0.14 7.00 False False
’covariance type’: ’diag’, ’n ’: 8 0.61 0.64 0.41 0.13 0.00 8.00 False False
’covariance type’: ’diag’, ’n ’: 9 0.58 0.63 0.32 0.14 -0.15 9.00 False False
’covariance type’: ’diag’, ’n ’: 10 0.57 0.56 0.37 0.10 -0.00 10.00 False False
’covariance type’: ’diag’, ’n ’: 11 0.55 0.58 0.36 0.11 -0.09 11.00 False False

’covariance type’: ’spherical’, ’n ’: 2 0.61 0.61 0.49 0.12 -0.03 2.00 False False
’covariance type’: ’spherical’, ’n ’: 3 0.77 0.77 0.54 0.16 -0.11 3.00 False False
’covariance type’: ’spherical’, ’n ’: 4 0.79 0.80 0.48 0.15 0.04 4.00 False False
’covariance type’: ’spherical’, ’n ’: 5 0.72 0.75 0.48 0.15 -0.19 5.00 False False
’covariance type’: ’spherical’, ’n ’: 6 0.68 0.70 0.42 0.15 -0.16 6.00 False False
’covariance type’: ’spherical’, ’n ’: 7 0.62 0.66 0.44 0.12 -0.09 7.00 False False
’covariance type’: ’spherical’, ’n ’: 8 0.63 0.63 0.40 0.14 -0.15 8.00 False False
’covariance type’: ’spherical’, ’n ’: 9 0.60 0.60 0.37 0.12 -0.06 9.00 False False
’covariance type’: ’spherical’, ’n ’: 10 0.60 0.61 0.37 0.15 -0.09 10.00 False False
’covariance type’: ’spherical’, ’n ’: 11 0.56 0.57 0.35 0.13 0.02 11.00 False False
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Table C.23: Wine dataset - GMM clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 2 0.50 0.59 0.53 0.13 0.12 2.00 False False
’covariance type’: ’full’, ’n ’: 3 0.78 0.78 0.63 0.19 0.46 3.00 True True
’covariance type’: ’full’, ’n ’: 4 0.70 0.74 0.56 0.16 0.30 4.00 False False
’covariance type’: ’full’, ’n ’: 5 0.67 0.65 0.48 0.10 0.07 5.00 False False
’covariance type’: ’full’, ’n ’: 6 0.62 0.61 0.49 0.13 0.14 6.00 False False
’covariance type’: ’full’, ’n ’: 7 0.58 0.59 0.44 0.10 0.17 7.00 False False
’covariance type’: ’full’, ’n ’: 8 0.57 0.57 0.39 0.11 0.00 8.00 False False
’covariance type’: ’full’, ’n ’: 9 0.56 0.56 0.41 0.12 -0.06 9.00 False False
’covariance type’: ’full’, ’n ’: 10 0.52 0.57 0.42 0.12 -0.14 10.00 False False
’covariance type’: ’full’, ’n ’: 11 0.51 0.51 0.46 0.12 -0.14 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.61 0.61 0.51 0.14 0.36 2.00 False False
’covariance type’: ’tied’, ’n ’: 3 0.78 0.78 0.63 0.19 0.46 3.00 False False
’covariance type’: ’tied’, ’n ’: 4 0.70 0.72 0.55 0.14 0.25 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.65 0.68 0.47 0.12 0.06 5.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.63 0.62 0.46 0.10 -0.09 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.58 0.62 0.40 0.09 -0.14 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.60 0.57 0.45 0.13 -0.06 8.00 False False
’covariance type’: ’tied’, ’n ’: 9 0.54 0.56 0.47 0.14 -0.07 9.00 False False
’covariance type’: ’tied’, ’n ’: 10 0.54 0.54 0.46 0.14 0.14 10.00 False False
’covariance type’: ’tied’, ’n ’: 11 0.54 0.56 0.44 0.15 0.05 11.00 False False
’covariance type’: ’diag’, ’n ’: 2 0.58 0.54 0.50 0.16 -0.09 2.00 False False
’covariance type’: ’diag’, ’n ’: 3 0.78 0.78 0.63 0.19 0.46 3.00 False False
’covariance type’: ’diag’, ’n ’: 4 0.70 0.71 0.53 0.14 0.22 4.00 False False
’covariance type’: ’diag’, ’n ’: 5 0.65 0.67 0.46 0.11 0.09 5.00 False False
’covariance type’: ’diag’, ’n ’: 6 0.64 0.66 0.45 0.13 -0.07 6.00 False False
’covariance type’: ’diag’, ’n ’: 7 0.59 0.60 0.39 0.11 0.10 7.00 False False
’covariance type’: ’diag’, ’n ’: 8 0.64 0.61 0.41 0.12 -0.02 8.00 False False
’covariance type’: ’diag’, ’n ’: 9 0.59 0.57 0.47 0.13 0.10 9.00 False False
’covariance type’: ’diag’, ’n ’: 10 0.54 0.59 0.45 0.13 0.02 10.00 False False
’covariance type’: ’diag’, ’n ’: 11 0.52 0.54 0.45 0.14 -0.02 11.00 False False

’covariance type’: ’spherical’, ’n ’: 2 0.65 0.65 0.49 0.15 -0.35 2.00 False False
’covariance type’: ’spherical’, ’n ’: 3 0.78 0.78 0.63 0.19 0.46 3.00 False False
’covariance type’: ’spherical’, ’n ’: 4 0.71 0.73 0.54 0.15 0.34 4.00 False False
’covariance type’: ’spherical’, ’n ’: 5 0.67 0.67 0.41 0.14 0.05 5.00 False False
’covariance type’: ’spherical’, ’n ’: 6 0.62 0.62 0.36 0.14 0.05 6.00 False False
’covariance type’: ’spherical’, ’n ’: 7 0.59 0.61 0.42 0.12 -0.04 7.00 False False
’covariance type’: ’spherical’, ’n ’: 8 0.57 0.58 0.39 0.13 -0.12 8.00 False False
’covariance type’: ’spherical’, ’n ’: 9 0.54 0.55 0.48 0.14 -0.10 9.00 False False
’covariance type’: ’spherical’, ’n ’: 10 0.53 0.59 0.48 0.14 0.03 10.00 False False
’covariance type’: ’spherical’, ’n ’: 11 0.51 0.53 0.47 0.14 0.04 11.00 False False
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Table C.24: Wine dataset - GMM clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 2 0.64 0.65 0.59 0.22 -0.15 2.00 False False
’covariance type’: ’full’, ’n ’: 3 0.86 0.86 0.65 0.22 -0.10 3.00 False False
’covariance type’: ’full’, ’n ’: 4 0.75 0.76 0.57 0.16 -0.09 4.00 False False
’covariance type’: ’full’, ’n ’: 5 0.66 0.69 0.39 0.13 -0.09 5.00 False False
’covariance type’: ’full’, ’n ’: 6 0.64 0.64 0.37 0.12 -0.16 6.00 False False
’covariance type’: ’full’, ’n ’: 7 0.62 0.61 0.42 0.11 -0.13 7.00 False False
’covariance type’: ’full’, ’n ’: 8 0.57 0.59 0.32 0.12 -0.20 8.00 False False
’covariance type’: ’full’, ’n ’: 9 0.58 0.59 0.32 0.12 0.07 9.00 False False
’covariance type’: ’full’, ’n ’: 10 0.57 0.57 0.37 0.10 0.01 10.00 False False
’covariance type’: ’full’, ’n ’: 11 0.53 0.55 0.34 0.10 -0.12 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.52 0.52 0.61 0.21 0.04 2.00 True True
’covariance type’: ’tied’, ’n ’: 3 0.79 0.80 0.66 0.22 0.03 3.00 True True
’covariance type’: ’tied’, ’n ’: 4 0.78 0.75 0.56 0.17 -0.02 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.79 0.73 0.43 0.11 -0.18 5.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.63 0.63 0.33 0.09 -0.09 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.64 0.66 0.29 0.11 -0.14 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.58 0.61 0.36 0.12 -0.06 8.00 False False
’covariance type’: ’tied’, ’n ’: 9 0.58 0.60 0.35 0.12 -0.09 9.00 False False
’covariance type’: ’tied’, ’n ’: 10 0.55 0.57 0.34 0.12 -0.03 10.00 False False
’covariance type’: ’tied’, ’n ’: 11 0.56 0.55 0.37 0.12 -0.01 11.00 False False
’covariance type’: ’diag’, ’n ’: 2 0.62 0.62 0.57 0.19 -0.20 2.00 False False
’covariance type’: ’diag’, ’n ’: 3 0.83 0.83 0.65 0.22 -0.18 3.00 False False
’covariance type’: ’diag’, ’n ’: 4 0.75 0.74 0.57 0.12 -0.13 4.00 False False
’covariance type’: ’diag’, ’n ’: 5 0.70 0.68 0.45 0.12 -0.06 5.00 False False
’covariance type’: ’diag’, ’n ’: 6 0.62 0.63 0.37 0.13 -0.13 6.00 False False
’covariance type’: ’diag’, ’n ’: 7 0.62 0.61 0.38 0.12 -0.05 7.00 False False
’covariance type’: ’diag’, ’n ’: 8 0.60 0.58 0.35 0.10 0.01 8.00 False False
’covariance type’: ’diag’, ’n ’: 9 0.56 0.58 0.35 0.10 -0.08 9.00 False False
’covariance type’: ’diag’, ’n ’: 10 0.55 0.55 0.37 0.12 -0.05 10.00 False False
’covariance type’: ’diag’, ’n ’: 11 0.52 0.55 0.35 0.13 0.03 11.00 False False

’covariance type’: ’spherical’, ’n ’: 2 0.60 0.60 0.60 0.22 -0.14 2.00 False False
’covariance type’: ’spherical’, ’n ’: 3 0.79 0.80 0.66 0.22 0.03 3.00 False False
’covariance type’: ’spherical’, ’n ’: 4 0.75 0.73 0.52 0.13 0.08 4.00 True True
’covariance type’: ’spherical’, ’n ’: 5 0.70 0.73 0.42 0.12 -0.08 5.00 False False
’covariance type’: ’spherical’, ’n ’: 6 0.68 0.66 0.37 0.13 -0.02 6.00 False False
’covariance type’: ’spherical’, ’n ’: 7 0.61 0.62 0.36 0.14 -0.07 7.00 False False
’covariance type’: ’spherical’, ’n ’: 8 0.60 0.59 0.38 0.13 -0.09 8.00 False False
’covariance type’: ’spherical’, ’n ’: 9 0.59 0.59 0.37 0.13 -0.06 9.00 False False
’covariance type’: ’spherical’, ’n ’: 10 0.53 0.58 0.34 0.12 0.02 10.00 False False
’covariance type’: ’spherical’, ’n ’: 11 0.54 0.56 0.34 0.13 -0.05 11.00 False False
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Table C.25: Wine dataset - DBSCAN clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 2.7, ’min samples’: 10 0.12 0.12 0.14 0.02 nan 2.00 False False
’eps’: 2.7, ’min samples’: 20 0.48 0.49 0.20 0.04 0.08 3.00 False False
’eps’: 2.7, ’min samples’: 30 0.50 0.50 0.18 0.06 nan 2.00 True False
’eps’: 2.7, ’min samples’: 40 0.35 0.36 0.09 0.05 nan 2.00 False False
’eps’: 2.7, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 2.7, ’min samples’: 60 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 2.8, ’min samples’: 10 0.10 0.10 0.16 0.02 nan 2.00 False False
’eps’: 2.8, ’min samples’: 20 0.51 0.52 0.22 0.03 -0.13 3.00 False False
’eps’: 2.8, ’min samples’: 30 0.49 0.49 0.16 0.05 0.22 3.00 True True
’eps’: 2.8, ’min samples’: 40 0.52 0.52 0.17 0.06 nan 2.00 False False
’eps’: 2.8, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 2.8, ’min samples’: 60 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 2.9, ’min samples’: 10 0.06 0.07 0.19 0.02 nan 2.00 False False
’eps’: 2.9, ’min samples’: 20 0.05 0.06 0.16 0.02 nan 2.00 False False
’eps’: 2.9, ’min samples’: 30 0.48 0.49 0.21 0.03 0.02 3.00 True True
’eps’: 2.9, ’min samples’: 40 0.33 0.34 0.17 0.05 nan 2.00 False False
’eps’: 2.9, ’min samples’: 50 0.42 0.42 0.14 0.06 nan 2.00 False False
’eps’: 2.9, ’min samples’: 60 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 3.0, ’min samples’: 10 0.05 0.06 0.20 0.03 nan 2.00 False False
’eps’: 3.0, ’min samples’: 20 0.06 0.07 0.18 0.02 nan 2.00 False False
’eps’: 3.0, ’min samples’: 30 0.51 0.51 0.23 0.03 -0.13 3.00 False False
’eps’: 3.0, ’min samples’: 40 0.39 0.40 0.20 0.05 nan 2.00 False False
’eps’: 3.0, ’min samples’: 50 0.41 0.41 0.15 0.05 nan 2.00 False False
’eps’: 3.0, ’min samples’: 60 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 3.1, ’min samples’: 10 0.04 0.05 0.23 0.03 nan 2.00 True False
’eps’: 3.1, ’min samples’: 20 0.06 0.06 0.20 0.03 nan 2.00 False False
’eps’: 3.1, ’min samples’: 30 0.48 0.49 0.23 0.03 -0.21 3.00 False False
’eps’: 3.1, ’min samples’: 40 0.53 0.54 0.21 0.04 0.11 3.00 True True
’eps’: 3.1, ’min samples’: 50 0.37 0.38 0.20 0.05 nan 2.00 False False
’eps’: 3.1, ’min samples’: 60 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 3.2, ’min samples’: 10 0.04 0.05 0.23 0.03 nan 2.00 False False
’eps’: 3.2, ’min samples’: 20 0.05 0.06 0.22 0.03 nan 2.00 False False
’eps’: 3.2, ’min samples’: 30 0.05 0.06 0.22 0.03 nan 2.00 False False
’eps’: 3.2, ’min samples’: 40 0.58 0.59 0.24 0.03 -0.13 3.00 True True
’eps’: 3.2, ’min samples’: 50 0.41 0.41 0.22 0.05 nan 2.00 False False
’eps’: 3.2, ’min samples’: 60 0.31 0.31 0.18 0.05 nan 2.00 False False
’eps’: 3.3, ’min samples’: 10 0.04 0.05 0.23 0.03 nan 2.00 False False
’eps’: 3.3, ’min samples’: 20 0.04 0.05 0.23 0.03 nan 2.00 False False
’eps’: 3.3, ’min samples’: 30 0.05 0.06 0.22 0.03 nan 2.00 False False
’eps’: 3.3, ’min samples’: 40 0.59 0.60 0.25 0.03 -0.14 3.00 True True
’eps’: 3.3, ’min samples’: 50 0.44 0.44 0.23 0.05 nan 2.00 True False
’eps’: 3.3, ’min samples’: 60 0.33 0.33 0.19 0.05 nan 2.00 False False
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Table C.26: Wine dataset - DBSCAN clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 0.3, ’min samples’: 5 0.34 0.35 -0.11 0.10 0.28 6.00 True True
’eps’: 0.3, ’min samples’: 10 0.07 0.08 -0.03 0.08 nan 2.00 False False
’eps’: 0.3, ’min samples’: 15 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.3, ’min samples’: 20 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.3, ’min samples’: 25 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.3, ’min samples’: 30 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.3, ’min samples’: 35 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.3, ’min samples’: 40 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.3, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.3, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.5, ’min samples’: 5 0.49 0.50 0.32 0.07 -0.11 6.00 False False
’eps’: 0.5, ’min samples’: 10 0.39 0.40 0.04 0.09 0.36 5.00 True True
’eps’: 0.5, ’min samples’: 15 0.26 0.27 -0.05 0.09 0.19 3.00 False False
’eps’: 0.5, ’min samples’: 20 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.9, ’min samples’: 5 -0.00 0.01 0.23 0.01 nan 2.00 False False
’eps’: 0.9, ’min samples’: 10 -0.01 0.00 0.26 0.04 nan 2.00 False False
’eps’: 0.9, ’min samples’: 15 0.60 0.61 0.39 0.02 0.22 3.00 True True
’eps’: 0.9, ’min samples’: 20 0.59 0.59 0.36 0.07 0.34 4.00 True True
’eps’: 0.9, ’min samples’: 25 0.47 0.47 0.27 0.09 0.31 3.00 True True
’eps’: 0.9, ’min samples’: 30 0.34 0.34 0.32 0.12 nan 2.00 False False
’eps’: 0.9, ’min samples’: 35 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.9, ’min samples’: 40 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.9, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.9, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.1, ’min samples’: 5 0.00 0.01 0.19 0.14 nan 2.00 False False
’eps’: 1.1, ’min samples’: 10 -0.00 0.01 0.23 0.01 nan 2.00 False False
’eps’: 1.1, ’min samples’: 15 -0.00 0.01 0.23 0.01 nan 2.00 False False
’eps’: 1.1, ’min samples’: 20 0.59 0.59 0.37 0.01 0.24 3.00 True False
’eps’: 1.1, ’min samples’: 25 0.68 0.68 0.47 0.06 0.17 4.00 True True
’eps’: 1.1, ’min samples’: 30 0.61 0.62 0.34 0.07 0.25 4.00 False False
’eps’: 1.1, ’min samples’: 35 0.50 0.50 0.39 0.11 nan 2.00 True False
’eps’: 1.1, ’min samples’: 40 0.32 0.33 0.31 0.12 nan 2.00 False False
’eps’: 1.1, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.1, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.3, ’min samples’: 5 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.3, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.3, ’min samples’: 15 0.00 0.01 0.19 0.14 nan 2.00 False False
’eps’: 1.3, ’min samples’: 20 0.00 0.01 0.19 0.14 nan 2.00 False False
’eps’: 1.3, ’min samples’: 25 0.00 0.01 0.19 0.14 nan 2.00 False False
’eps’: 1.3, ’min samples’: 30 0.63 0.63 0.37 0.04 0.04 3.00 False False
’eps’: 1.3, ’min samples’: 35 0.76 0.76 0.48 0.06 0.14 4.00 True True
’eps’: 1.3, ’min samples’: 40 0.54 0.54 0.39 0.11 nan 2.00 False False
’eps’: 1.3, ’min samples’: 45 0.54 0.54 0.39 0.11 nan 2.00 False False
’eps’: 1.3, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.5, ’min samples’: 5 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.5, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.5, ’min samples’: 15 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.5, ’min samples’: 20 0.00 0.01 0.19 0.14 nan 2.00 False False
’eps’: 1.5, ’min samples’: 25 0.00 0.01 0.19 0.14 nan 2.00 False False
’eps’: 1.5, ’min samples’: 30 0.00 0.01 0.19 0.14 nan 2.00 False False
’eps’: 1.5, ’min samples’: 35 0.59 0.59 0.37 0.16 0.04 3.00 True True
’eps’: 1.5, ’min samples’: 40 0.73 0.74 0.48 0.07 -0.14 4.00 True True
’eps’: 1.5, ’min samples’: 45 0.62 0.62 0.44 0.10 0.11 3.00 True True
’eps’: 1.5, ’min samples’: 50 0.56 0.56 0.40 0.11 nan 2.00 False False
’eps’: 1.7, ’min samples’: 5 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.7, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.7, ’min samples’: 15 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.7, ’min samples’: 20 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.7, ’min samples’: 25 0.00 0.01 0.19 0.14 nan 2.00 False False
’eps’: 1.7, ’min samples’: 30 0.00 0.01 0.19 0.14 nan 2.00 False False
’eps’: 1.7, ’min samples’: 35 0.00 0.01 0.19 0.14 nan 2.00 False False
’eps’: 1.7, ’min samples’: 40 0.00 0.01 0.19 0.14 nan 2.00 False False
’eps’: 1.7, ’min samples’: 45 0.60 0.61 0.35 0.06 0.04 3.00 False False
’eps’: 1.7, ’min samples’: 50 0.58 0.58 0.45 0.11 nan 2.00 True False
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Table C.27: Wine dataset - DBSCAN clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 0.5, ’min samples’: 5 0.29 0.32 -0.21 0.07 0.17 9.00 True True
’eps’: 0.5, ’min samples’: 10 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.5, ’min samples’: 15 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.5, ’min samples’: 20 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.5, ’min samples’: 25 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.5, ’min samples’: 30 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.5, ’min samples’: 35 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.5, ’min samples’: 40 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.5, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.5, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.7, ’min samples’: 5 0.65 0.66 0.33 0.04 0.24 4.00 True True
’eps’: 0.7, ’min samples’: 10 0.09 0.10 0.03 0.10 nan 2.00 False False
’eps’: 0.7, ’min samples’: 15 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.7, ’min samples’: 20 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.7, ’min samples’: 25 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.7, ’min samples’: 30 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.7, ’min samples’: 35 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.7, ’min samples’: 40 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.7, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.7, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.9, ’min samples’: 5 0.02 0.02 0.22 0.03 nan 2.00 False False
’eps’: 0.9, ’min samples’: 10 0.60 0.61 0.27 0.06 0.41 4.00 True True
’eps’: 0.9, ’min samples’: 15 0.22 0.22 0.09 0.09 nan 2.00 False False
’eps’: 0.9, ’min samples’: 20 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.9, ’min samples’: 25 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.9, ’min samples’: 30 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.9, ’min samples’: 35 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.9, ’min samples’: 40 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.9, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.9, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.1, ’min samples’: 5 0.02 0.03 0.25 0.03 nan 2.00 False False
’eps’: 1.1, ’min samples’: 10 0.51 0.52 0.29 0.01 -0.17 3.00 False False
’eps’: 1.1, ’min samples’: 15 0.55 0.56 0.25 0.06 0.43 4.00 True True
’eps’: 1.1, ’min samples’: 20 0.23 0.23 0.12 0.09 nan 2.00 False False
’eps’: 1.1, ’min samples’: 25 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.1, ’min samples’: 30 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.1, ’min samples’: 35 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.1, ’min samples’: 40 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.1, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.1, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.3, ’min samples’: 5 0.04 0.05 0.30 0.03 nan 2.00 False False
’eps’: 1.3, ’min samples’: 10 0.03 0.04 0.27 0.03 nan 2.00 False False
’eps’: 1.3, ’min samples’: 15 0.52 0.53 0.35 0.03 0.11 3.00 True True
’eps’: 1.3, ’min samples’: 20 0.60 0.61 0.29 0.05 0.16 4.00 True True
’eps’: 1.3, ’min samples’: 25 0.43 0.44 0.22 0.08 nan 2.00 False False
’eps’: 1.3, ’min samples’: 30 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.3, ’min samples’: 35 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.3, ’min samples’: 40 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.3, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.3, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.5, ’min samples’: 5 0.03 0.04 0.30 0.02 nan 2.00 False False
’eps’: 1.5, ’min samples’: 20 0.72 0.72 0.43 0.04 -0.03 4.00 True True
’eps’: 1.5, ’min samples’: 25 0.64 0.65 0.34 0.05 0.12 4.00 True True
’eps’: 1.5, ’min samples’: 30 0.46 0.46 0.23 0.08 nan 2.00 False False
’eps’: 1.7, ’min samples’: 30 0.68 0.68 0.39 0.04 0.02 4.00 True True
’eps’: 1.9, ’min samples’: 5 -0.00 0.01 0.30 0.19 nan 2.00 True False
’eps’: 1.9, ’min samples’: 10 0.01 0.02 0.34 0.00 nan 2.00 False False
’eps’: 1.9, ’min samples’: 15 0.02 0.03 0.31 0.03 nan 2.00 False False
’eps’: 1.9, ’min samples’: 20 0.02 0.03 0.31 0.03 nan 2.00 False False
’eps’: 1.9, ’min samples’: 25 0.02 0.03 0.27 0.02 nan 2.00 False False
’eps’: 1.9, ’min samples’: 30 0.04 0.05 0.24 0.02 nan 2.00 False False
’eps’: 1.9, ’min samples’: 35 0.69 0.70 0.41 0.04 -0.09 4.00 True True
’eps’: 2.1, ’min samples’: 45 0.53 0.54 0.32 0.09 nan 2.00 True False
’eps’: 2.1, ’min samples’: 50 0.52 0.52 0.30 0.09 nan 2.00 True False
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Table C.28: Wine dataset - DBSCAN clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 0.9, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.1, ’min samples’: 5 0.00 0.01 0.27 0.17 nan 2.00 True False
’eps’: 1.1, ’min samples’: 10 0.60 0.61 0.34 0.09 -0.12 3.00 False False
’eps’: 1.1, ’min samples’: 15 0.53 0.54 0.25 0.07 0.14 4.00 False False
’eps’: 1.1, ’min samples’: 20 0.53 0.54 0.31 0.08 0.48 4.00 True True
’eps’: 1.1, ’min samples’: 25 0.45 0.46 0.38 0.13 nan 2.00 False False
’eps’: 1.1, ’min samples’: 30 0.43 0.43 0.33 0.12 nan 2.00 False False
’eps’: 1.1, ’min samples’: 35 0.34 0.34 0.27 0.12 nan 2.00 False False
’eps’: 1.1, ’min samples’: 40 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.1, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.1, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.3, ’min samples’: 5 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 1.3, ’min samples’: 10 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 1.3, ’min samples’: 15 0.59 0.59 0.42 0.17 0.26 3.00 True True
’eps’: 1.3, ’min samples’: 20 0.57 0.58 0.29 0.06 0.03 3.00 False False
’eps’: 1.3, ’min samples’: 25 0.63 0.64 0.40 0.08 0.45 4.00 True True
’eps’: 1.3, ’min samples’: 30 0.53 0.54 0.36 0.11 0.25 3.00 False False
’eps’: 1.3, ’min samples’: 35 0.52 0.52 0.42 0.13 nan 2.00 False False
’eps’: 1.3, ’min samples’: 40 0.46 0.46 0.35 0.12 nan 2.00 False False
’eps’: 1.3, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.3, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.5, ’min samples’: 5 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 1.5, ’min samples’: 10 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 1.5, ’min samples’: 15 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 1.5, ’min samples’: 20 0.65 0.66 0.42 0.17 -0.03 3.00 True True
’eps’: 1.5, ’min samples’: 25 0.76 0.76 0.48 0.08 0.31 4.00 True True
’eps’: 1.5, ’min samples’: 30 0.62 0.63 0.48 0.15 0.22 3.00 True True
’eps’: 1.5, ’min samples’: 35 0.66 0.67 0.44 0.12 nan 2.00 False False
’eps’: 1.5, ’min samples’: 40 0.60 0.60 0.42 0.12 nan 2.00 False False
’eps’: 1.5, ’min samples’: 45 0.50 0.50 0.38 0.12 nan 2.00 False False
’eps’: 1.5, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.7, ’min samples’: 5 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 1.7, ’min samples’: 10 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 1.7, ’min samples’: 15 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 1.7, ’min samples’: 20 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 1.7, ’min samples’: 25 0.61 0.61 0.40 0.15 -0.03 3.00 False False
’eps’: 1.7, ’min samples’: 30 0.63 0.63 0.38 0.08 0.09 3.00 False False
’eps’: 1.7, ’min samples’: 35 0.74 0.74 0.49 0.11 0.31 4.00 True True
’eps’: 1.7, ’min samples’: 40 0.61 0.61 0.45 0.12 nan 2.00 False False
’eps’: 1.7, ’min samples’: 45 0.62 0.62 0.44 0.12 nan 2.00 False False
’eps’: 1.7, ’min samples’: 50 0.52 0.52 0.39 0.12 nan 2.00 False False
’eps’: 1.9, ’min samples’: 5 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.9, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.9, ’min samples’: 15 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 1.9, ’min samples’: 20 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 1.9, ’min samples’: 25 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 1.9, ’min samples’: 30 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 1.9, ’min samples’: 35 0.58 0.59 0.39 0.15 0.26 3.00 False False
’eps’: 1.9, ’min samples’: 40 0.56 0.56 0.50 0.14 nan 2.00 True False
’eps’: 1.9, ’min samples’: 45 0.56 0.56 0.45 0.12 nan 2.00 False False
’eps’: 1.9, ’min samples’: 50 0.58 0.59 0.45 0.12 nan 2.00 False False
’eps’: 2.1, ’min samples’: 5 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 2.1, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 2.1, ’min samples’: 15 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 2.1, ’min samples’: 20 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 2.1, ’min samples’: 25 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 2.1, ’min samples’: 30 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 2.1, ’min samples’: 35 0.00 0.01 0.27 0.17 nan 2.00 False False
’eps’: 2.1, ’min samples’: 40 0.58 0.59 0.39 0.15 0.26 3.00 False False
’eps’: 2.1, ’min samples’: 45 0.63 0.63 0.49 0.14 nan 2.00 True False
’eps’: 2.1, ’min samples’: 50 0.61 0.61 0.49 0.14 nan 2.00 False False
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Table C.29: Wine dataset - DBSCAN clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 10, ’min samples’: 5 0.79 0.80 0.56 0.21 0.54 4.00 True True
’eps’: 10, ’min samples’: 10 0.75 0.75 0.56 0.04 0.53 4.00 False False
’eps’: 12, ’min samples’: 15 0.75 0.75 0.57 0.08 0.58 4.00 True True
’eps’: 14, ’min samples’: 10 0.79 0.80 0.56 0.21 0.54 4.00 False False
’eps’: 14, ’min samples’: 15 0.80 0.80 0.57 0.15 0.56 4.00 True True
’eps’: 14, ’min samples’: 20 0.80 0.80 0.57 0.15 0.56 4.00 False False
’eps’: 14, ’min samples’: 25 0.77 0.77 0.55 0.10 0.58 4.00 True True
’eps’: 14, ’min samples’: 30 0.62 0.62 0.44 0.08 0.53 4.00 False False
’eps’: 14, ’min samples’: 35 0.29 0.29 0.06 0.04 nan 2.00 False False
’eps’: 14, ’min samples’: 40 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 14, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 14, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 16, ’min samples’: 5 0.78 0.78 0.63 0.19 0.46 3.00 True True
’eps’: 16, ’min samples’: 10 0.78 0.79 0.53 0.20 0.46 4.00 False False
’eps’: 16, ’min samples’: 15 0.78 0.79 0.53 0.20 0.46 4.00 False False
’eps’: 16, ’min samples’: 20 0.78 0.79 0.53 0.20 0.46 4.00 False False
’eps’: 16, ’min samples’: 25 0.79 0.80 0.56 0.21 0.54 4.00 False False
’eps’: 16, ’min samples’: 30 0.80 0.80 0.57 0.15 0.56 4.00 False False
’eps’: 16, ’min samples’: 35 0.73 0.73 0.55 0.08 0.60 4.00 True True
’eps’: 16, ’min samples’: 40 0.59 0.59 0.35 0.08 0.36 3.00 False False
’eps’: 16, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 16, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 20, ’min samples’: 5 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 20, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 20, ’min samples’: 15 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 20, ’min samples’: 20 0.61 0.61 0.52 0.15 -0.22 2.00 False False
’eps’: 20, ’min samples’: 25 0.61 0.61 0.52 0.15 -0.22 2.00 False False
’eps’: 20, ’min samples’: 30 0.61 0.61 0.52 0.15 -0.22 2.00 False False
’eps’: 20, ’min samples’: 35 0.81 0.81 0.62 0.19 -0.06 3.00 False False
’eps’: 20, ’min samples’: 40 0.82 0.82 0.55 0.20 0.01 4.00 False False
’eps’: 20, ’min samples’: 45 0.79 0.80 0.56 0.21 0.54 4.00 False False
’eps’: 20, ’min samples’: 50 0.74 0.75 0.58 0.17 0.43 3.00 False False
’eps’: 22, ’min samples’: 5 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 22, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 22, ’min samples’: 15 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 22, ’min samples’: 20 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 22, ’min samples’: 25 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 22, ’min samples’: 30 0.63 0.63 0.51 0.16 -0.35 2.00 False False
’eps’: 22, ’min samples’: 35 0.63 0.63 0.51 0.16 -0.35 2.00 False False
’eps’: 22, ’min samples’: 40 0.63 0.63 0.51 0.16 -0.35 2.00 False False
’eps’: 22, ’min samples’: 45 0.83 0.83 0.55 0.20 -0.06 4.00 False False
’eps’: 22, ’min samples’: 50 0.75 0.76 0.57 0.09 0.53 4.00 False False
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Table C.30: Wine dataset - DBSCAN clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 2, ’min samples’: 5 -0.00 0.00 0.00 0.00 nan 1.00 True False
’eps’: 2, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 2, ’min samples’: 15 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 2, ’min samples’: 20 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 2, ’min samples’: 25 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 2, ’min samples’: 30 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 2, ’min samples’: 35 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 2, ’min samples’: 40 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 2, ’min samples’: 45 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 2, ’min samples’: 50 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 3, ’min samples’: 5 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 3, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 3, ’min samples’: 15 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 3, ’min samples’: 20 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 3, ’min samples’: 25 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 3, ’min samples’: 30 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 3, ’min samples’: 35 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 3, ’min samples’: 40 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 3, ’min samples’: 45 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 3, ’min samples’: 50 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 4, ’min samples’: 5 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 4, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 4, ’min samples’: 15 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 4, ’min samples’: 20 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 4, ’min samples’: 25 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 4, ’min samples’: 30 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 4, ’min samples’: 35 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 4, ’min samples’: 40 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 4, ’min samples’: 45 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 4, ’min samples’: 50 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 5, ’min samples’: 5 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 5, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 5, ’min samples’: 15 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 5, ’min samples’: 20 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 5, ’min samples’: 25 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 5, ’min samples’: 30 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 5, ’min samples’: 35 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 5, ’min samples’: 40 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 5, ’min samples’: 45 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 5, ’min samples’: 50 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 6, ’min samples’: 5 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 6, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 6, ’min samples’: 15 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 6, ’min samples’: 20 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 6, ’min samples’: 25 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 6, ’min samples’: 30 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 6, ’min samples’: 35 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 6, ’min samples’: 40 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 6, ’min samples’: 45 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 6, ’min samples’: 50 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 7, ’min samples’: 5 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 7, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 7, ’min samples’: 15 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 7, ’min samples’: 20 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 7, ’min samples’: 25 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 7, ’min samples’: 30 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 7, ’min samples’: 35 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 7, ’min samples’: 40 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 7, ’min samples’: 45 -0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 7, ’min samples’: 50 -0.00 0.00 0.00 0.00 nan 1.00 False False
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Table C.31: Wine dataset - OPTICS clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 2.7, ’min samples’: 14 0.52 0.52 0.19 0.04 0.09 3.00 False False
’max eps’: 2.7, ’min samples’: 15 0.52 0.52 0.19 0.04 0.09 3.00 True True
’max eps’: 2.7, ’min samples’: 16 0.50 0.51 0.18 0.04 0.08 3.00 True True
’max eps’: 2.7, ’min samples’: 17 0.50 0.51 0.18 0.04 0.08 3.00 False False
’max eps’: 2.7, ’min samples’: 18 0.50 0.51 0.18 0.04 0.08 3.00 False False
’max eps’: 2.7, ’min samples’: 19 0.43 0.44 0.15 0.03 0.08 3.00 False False
’max eps’: 2.7, ’min samples’: 20 0.43 0.44 0.15 0.03 0.08 3.00 False False
’max eps’: 2.7, ’min samples’: 21 0.43 0.44 0.15 0.03 0.08 3.00 False False
’max eps’: 2.8, ’min samples’: 14 0.54 0.55 0.21 0.03 0.04 3.00 True True
’max eps’: 2.8, ’min samples’: 15 0.54 0.55 0.21 0.03 0.04 3.00 False False
’max eps’: 2.8, ’min samples’: 16 0.53 0.54 0.21 0.03 0.04 3.00 True True
’max eps’: 2.8, ’min samples’: 17 0.53 0.54 0.21 0.03 0.04 3.00 False False
’max eps’: 2.8, ’min samples’: 18 0.51 0.52 0.20 0.04 0.09 3.00 True True
’max eps’: 2.8, ’min samples’: 19 0.51 0.52 0.20 0.04 0.09 3.00 True True
’max eps’: 2.8, ’min samples’: 20 0.50 0.51 0.19 0.04 0.08 3.00 True True
’max eps’: 2.8, ’min samples’: 21 0.50 0.51 0.19 0.04 0.08 3.00 False False

Table C.32: Wine dataset - OPTICS clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 1.2, ’min samples’: 5 0.32 0.36 -0.09 0.07 0.32 11.00 False False
’max eps’: 1.2, ’min samples’: 10 0.47 0.48 0.13 0.10 0.31 6.00 True True
’max eps’: 1.2, ’min samples’: 15 0.37 0.38 0.02 0.09 0.32 4.00 True True
’max eps’: 1.2, ’min samples’: 20 0.69 0.69 0.42 0.08 0.37 4.00 True True
’max eps’: 1.2, ’min samples’: 25 0.67 0.67 0.38 0.07 0.50 4.00 False False
’max eps’: 1.2, ’min samples’: 30 0.62 0.63 0.42 0.10 -0.01 3.00 False False
’max eps’: 1.2, ’min samples’: 35 0.49 0.49 0.38 0.11 nan 2.00 False False
’max eps’: 1.2, ’min samples’: 40 0.50 0.50 0.37 0.11 nan 2.00 False False
’max eps’: 1.2, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.2, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.5, ’min samples’: 5 0.32 0.36 -0.09 0.07 0.32 11.00 False False
’max eps’: 1.5, ’min samples’: 10 0.47 0.48 0.13 0.10 0.31 6.00 False False
’max eps’: 1.5, ’min samples’: 15 0.37 0.38 0.02 0.09 0.32 4.00 False False
’max eps’: 1.5, ’min samples’: 20 0.69 0.69 0.42 0.08 0.37 4.00 False False
’max eps’: 1.5, ’min samples’: 25 0.67 0.68 0.40 0.07 0.51 4.00 True True
’max eps’: 1.5, ’min samples’: 30 0.67 0.67 0.39 0.06 0.37 4.00 False False
’max eps’: 1.5, ’min samples’: 35 0.60 0.60 0.47 0.14 nan 2.00 True False
’max eps’: 1.5, ’min samples’: 40 0.72 0.72 0.50 0.15 -0.19 3.00 True True
’max eps’: 1.5, ’min samples’: 45 0.45 0.45 0.39 0.10 nan 2.00 False False
’max eps’: 1.5, ’min samples’: 50 0.47 0.47 0.35 0.10 nan 2.00 False False
’max eps’: 1.8, ’min samples’: 5 0.32 0.36 -0.09 0.07 0.32 11.00 False False
’max eps’: 1.8, ’min samples’: 10 0.47 0.48 0.13 0.10 0.31 6.00 False False
’max eps’: 1.8, ’min samples’: 15 0.37 0.38 0.02 0.09 0.32 4.00 False False
’max eps’: 1.8, ’min samples’: 20 0.69 0.69 0.42 0.08 0.37 4.00 False False
’max eps’: 1.8, ’min samples’: 25 0.70 0.70 0.40 0.07 0.51 4.00 True True
’max eps’: 1.8, ’min samples’: 30 0.67 0.67 0.39 0.06 0.37 4.00 False False
’max eps’: 1.8, ’min samples’: 35 0.00 0.01 0.19 0.14 nan 2.00 True False
’max eps’: 1.8, ’min samples’: 40 0.50 0.50 0.41 0.11 nan 2.00 False False
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Table C.33: Wine dataset - OPTICS clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 1.2, ’min samples’: 5 0.25 0.27 -0.27 0.06 0.19 6.00 False False
’max eps’: 1.2, ’min samples’: 10 0.34 0.35 -0.09 0.07 0.24 4.00 False False
’max eps’: 1.2, ’min samples’: 15 0.66 0.66 0.31 0.05 0.37 4.00 True True
’max eps’: 1.2, ’min samples’: 20 0.43 0.44 0.22 0.08 nan 2.00 False False
’max eps’: 1.2, ’min samples’: 25 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.2, ’min samples’: 30 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.2, ’min samples’: 35 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.2, ’min samples’: 40 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.2, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.2, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.3, ’min samples’: 5 0.25 0.27 -0.27 0.06 0.19 6.00 False False
’max eps’: 1.3, ’min samples’: 10 0.34 0.35 -0.09 0.07 0.24 4.00 False False
’max eps’: 1.3, ’min samples’: 15 0.58 0.58 0.29 0.08 0.21 3.00 True True
’max eps’: 1.3, ’min samples’: 20 0.60 0.60 0.26 0.05 0.10 4.00 False False
’max eps’: 1.3, ’min samples’: 25 0.42 0.43 0.21 0.08 nan 2.00 False False
’max eps’: 1.3, ’min samples’: 30 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.3, ’min samples’: 35 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.3, ’min samples’: 40 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.3, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.3, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.4, ’min samples’: 5 0.25 0.27 -0.27 0.06 0.19 6.00 False False
’max eps’: 1.4, ’min samples’: 10 0.34 0.35 -0.09 0.07 0.24 4.00 False False
’max eps’: 1.4, ’min samples’: 15 0.56 0.57 0.27 0.08 0.24 3.00 True True
’max eps’: 1.4, ’min samples’: 20 0.68 0.68 0.37 0.05 0.16 4.00 True True
’max eps’: 1.4, ’min samples’: 25 0.60 0.61 0.20 0.08 0.29 3.00 True True
’max eps’: 1.4, ’min samples’: 30 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.4, ’min samples’: 35 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.4, ’min samples’: 40 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.4, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.4, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.5, ’min samples’: 5 0.25 0.27 -0.27 0.06 0.19 6.00 False False
’max eps’: 1.5, ’min samples’: 10 0.34 0.35 -0.09 0.07 0.24 4.00 False False
’max eps’: 1.5, ’min samples’: 15 0.56 0.57 0.27 0.08 0.24 3.00 False False
’max eps’: 1.5, ’min samples’: 20 0.71 0.72 0.42 0.04 0.03 4.00 True True
’max eps’: 1.5, ’min samples’: 25 0.64 0.64 0.32 0.05 0.11 4.00 True True
’max eps’: 1.5, ’min samples’: 30 0.45 0.45 0.22 0.08 nan 2.00 False False
’max eps’: 1.5, ’min samples’: 35 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.5, ’min samples’: 40 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.5, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.5, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.6, ’min samples’: 5 0.25 0.27 -0.27 0.06 0.19 6.00 False False
’max eps’: 1.6, ’min samples’: 10 0.34 0.35 -0.09 0.07 0.24 4.00 False False
’max eps’: 1.6, ’min samples’: 15 0.56 0.57 0.27 0.08 0.24 3.00 False False
’max eps’: 1.6, ’min samples’: 20 0.58 0.59 0.33 0.09 nan 2.00 True False
’max eps’: 1.6, ’min samples’: 25 0.69 0.69 0.38 0.04 0.06 4.00 False False
’max eps’: 1.9, ’min samples’: 35 0.66 0.67 0.38 0.05 0.18 4.00 True True
’max eps’: 1.9, ’min samples’: 40 0.48 0.49 0.27 0.08 nan 2.00 False False
’max eps’: 1.9, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.9, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False

’max eps’: 2, ’min samples’: 5 0.25 0.27 -0.27 0.06 0.19 6.00 False False
’max eps’: 2, ’min samples’: 10 0.34 0.35 -0.09 0.07 0.24 4.00 False False
’max eps’: 2, ’min samples’: 15 0.56 0.57 0.27 0.08 0.24 3.00 False False
’max eps’: 2, ’min samples’: 20 0.58 0.59 0.33 0.09 nan 2.00 False False
’max eps’: 2, ’min samples’: 25 0.03 0.04 0.28 0.02 nan 2.00 False False
’max eps’: 2, ’min samples’: 30 0.02 0.02 0.25 0.03 nan 2.00 False False
’max eps’: 2, ’min samples’: 35 0.02 0.02 0.21 0.02 nan 2.00 False False
’max eps’: 2, ’min samples’: 40 0.49 0.49 0.29 0.08 nan 2.00 False False
’max eps’: 2, ’min samples’: 45 0.38 0.38 0.20 0.07 nan 2.00 False False
’max eps’: 2, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
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Table C.34: Wine dataset - OPTICS clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 1.2, ’min samples’: 5 0.33 0.36 -0.03 0.08 0.23 12.00 False False
’max eps’: 1.2, ’min samples’: 10 0.33 0.35 -0.10 0.08 0.25 5.00 False False
’max eps’: 1.2, ’min samples’: 15 0.63 0.64 0.34 0.09 0.47 4.00 True True
’max eps’: 1.2, ’min samples’: 20 0.59 0.60 0.33 0.09 0.40 4.00 False False
’max eps’: 1.2, ’min samples’: 25 0.50 0.50 0.41 0.13 nan 2.00 False False
’max eps’: 1.2, ’min samples’: 30 0.50 0.50 0.41 0.13 nan 2.00 False False
’max eps’: 1.2, ’min samples’: 35 0.42 0.42 0.36 0.12 nan 2.00 False False
’max eps’: 1.2, ’min samples’: 40 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.3, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.3, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.5, ’min samples’: 5 0.33 0.36 -0.03 0.08 0.23 12.00 False False
’max eps’: 1.5, ’min samples’: 10 0.33 0.35 -0.10 0.08 0.25 5.00 False False
’max eps’: 1.5, ’min samples’: 15 0.62 0.62 0.34 0.08 0.49 4.00 False False
’max eps’: 1.5, ’min samples’: 20 0.68 0.68 0.41 0.07 0.51 4.00 True True
’max eps’: 1.5, ’min samples’: 25 0.72 0.73 0.42 0.06 0.31 4.00 False False
’max eps’: 2, ’min samples’: 10 0.33 0.35 -0.10 0.08 0.25 5.00 False False
’max eps’: 2, ’min samples’: 15 0.63 0.64 0.34 0.08 0.49 4.00 True True
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Table C.35: Wine dataset - OPTICS clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 15, ’min samples’: 5 0.34 0.38 0.17 0.10 0.40 18.00 False False
’max eps’: 15, ’min samples’: 10 0.42 0.43 0.09 0.07 0.21 8.00 False False
’max eps’: 15, ’min samples’: 15 0.37 0.38 0.08 0.10 0.36 4.00 False False
’max eps’: 15, ’min samples’: 20 0.58 0.59 0.31 0.07 0.43 4.00 False False
’max eps’: 15, ’min samples’: 25 0.75 0.75 0.52 0.09 0.56 4.00 True True
’max eps’: 15, ’min samples’: 30 0.63 0.64 0.41 0.08 0.52 4.00 False False
’max eps’: 15, ’min samples’: 35 0.43 0.43 0.21 0.06 nan 2.00 False False
’max eps’: 15, ’min samples’: 40 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 15, ’min samples’: 45 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 15, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 17, ’min samples’: 5 0.34 0.38 0.17 0.10 0.40 18.00 False False
’max eps’: 17, ’min samples’: 10 0.42 0.43 0.09 0.07 0.21 8.00 False False
’max eps’: 17, ’min samples’: 15 0.37 0.38 0.08 0.10 0.36 4.00 False False
’max eps’: 17, ’min samples’: 20 0.59 0.59 0.31 0.07 0.44 4.00 False False
’max eps’: 17, ’min samples’: 25 0.76 0.76 0.52 0.10 0.51 4.00 True True
’max eps’: 17, ’min samples’: 30 0.76 0.77 0.52 0.09 0.56 4.00 True True
’max eps’: 17, ’min samples’: 35 0.64 0.65 0.49 0.13 0.39 3.00 True True
’max eps’: 17, ’min samples’: 40 0.62 0.62 0.47 0.12 0.39 3.00 False False
’max eps’: 17, ’min samples’: 45 0.41 0.42 0.20 0.06 nan 2.00 False False
’max eps’: 17, ’min samples’: 50 -0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 19, ’min samples’: 5 0.34 0.38 0.17 0.10 0.40 18.00 False False
’max eps’: 19, ’min samples’: 10 0.42 0.43 0.09 0.07 0.21 8.00 False False
’max eps’: 19, ’min samples’: 15 0.37 0.38 0.08 0.10 0.36 4.00 False False
’max eps’: 19, ’min samples’: 20 0.59 0.59 0.31 0.07 0.44 4.00 False False
’max eps’: 19, ’min samples’: 25 0.81 0.81 0.44 0.18 -0.06 4.00 True True
’max eps’: 19, ’min samples’: 30 0.76 0.77 0.50 0.09 0.51 4.00 False False
’max eps’: 19, ’min samples’: 35 0.79 0.79 0.51 0.09 0.56 4.00 False False
’max eps’: 19, ’min samples’: 40 0.75 0.76 0.50 0.08 0.55 4.00 False False
’max eps’: 19, ’min samples’: 45 0.61 0.61 0.46 0.11 0.38 3.00 False False
’max eps’: 19, ’min samples’: 50 0.56 0.56 0.40 0.10 0.38 3.00 False False
’max eps’: 21, ’min samples’: 5 0.35 0.39 0.21 0.09 0.43 19.00 False False
’max eps’: 21, ’min samples’: 10 0.44 0.45 0.19 0.06 0.24 8.00 False False
’max eps’: 21, ’min samples’: 15 0.37 0.38 0.08 0.10 0.36 4.00 False False
’max eps’: 21, ’min samples’: 20 0.58 0.59 0.31 0.07 0.45 4.00 False False
’max eps’: 21, ’min samples’: 25 0.82 0.82 0.62 0.19 -0.13 3.00 True True
’max eps’: 21, ’min samples’: 30 0.78 0.78 0.52 0.09 0.30 4.00 False False
’max eps’: 21, ’min samples’: 35 0.77 0.77 0.49 0.10 0.32 4.00 False False
’max eps’: 21, ’min samples’: 40 0.75 0.75 0.51 0.09 -0.14 4.00 False False
’max eps’: 21, ’min samples’: 45 0.75 0.76 0.50 0.08 0.55 4.00 False False
’max eps’: 21, ’min samples’: 50 0.63 0.64 0.48 0.12 0.39 3.00 False False
’max eps’: 23, ’min samples’: 5 0.35 0.39 0.21 0.09 0.43 19.00 False False
’max eps’: 23, ’min samples’: 10 0.44 0.45 0.19 0.06 0.24 8.00 False False
’max eps’: 23, ’min samples’: 15 0.37 0.38 0.08 0.10 0.36 4.00 False False
’max eps’: 23, ’min samples’: 20 0.58 0.59 0.31 0.07 0.45 4.00 False False
’max eps’: 23, ’min samples’: 25 0.82 0.82 0.62 0.19 -0.13 3.00 False False
’max eps’: 23, ’min samples’: 30 0.79 0.79 0.52 0.09 0.30 4.00 True True
’max eps’: 23, ’min samples’: 35 0.77 0.77 0.50 0.09 0.31 4.00 False False
’max eps’: 23, ’min samples’: 40 0.79 0.79 0.51 0.09 0.61 4.00 True True
’max eps’: 23, ’min samples’: 45 0.76 0.76 0.36 0.14 -0.54 4.00 False False
’max eps’: 23, ’min samples’: 50 0.68 0.68 0.53 0.16 -0.32 3.00 False False
’max eps’: 25, ’min samples’: 5 0.35 0.39 0.21 0.09 0.43 19.00 False False
’max eps’: 25, ’min samples’: 10 0.44 0.45 0.19 0.06 0.24 8.00 False False
’max eps’: 25, ’min samples’: 15 0.37 0.38 0.08 0.10 0.36 4.00 False False
’max eps’: 25, ’min samples’: 20 0.58 0.59 0.31 0.07 0.45 4.00 False False
’max eps’: 25, ’min samples’: 25 0.82 0.82 0.62 0.19 -0.13 3.00 False False
’max eps’: 25, ’min samples’: 30 0.79 0.79 0.52 0.09 0.30 4.00 False False
’max eps’: 25, ’min samples’: 35 0.73 0.73 0.50 0.09 0.30 4.00 False False
’max eps’: 25, ’min samples’: 40 0.75 0.75 0.51 0.09 0.64 4.00 True True
’max eps’: 25, ’min samples’: 45 0.72 0.72 0.49 0.08 0.23 4.00 False False
’max eps’: 25, ’min samples’: 50 0.70 0.70 0.56 0.17 -0.45 3.00 False False
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Table C.36: Wine dataset - OPTICS clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 4, ’min samples’: 5 0.27 0.32 -0.25 0.04 0.18 13.00 False False
’max eps’: 4, ’min samples’: 10 0.30 0.31 -0.24 0.02 0.25 4.00 False False
’max eps’: 4, ’min samples’: 15 0.74 0.74 0.52 0.13 0.05 4.00 False False
’max eps’: 4, ’min samples’: 20 0.80 0.80 0.57 0.01 0.11 4.00 True True
’max eps’: 4, ’min samples’: 25 0.80 0.80 0.58 0.05 0.06 4.00 True True
’max eps’: 4, ’min samples’: 30 0.77 0.78 0.50 0.08 -0.03 4.00 False False
’max eps’: 4, ’min samples’: 35 0.77 0.77 0.57 0.02 0.13 4.00 True True
’max eps’: 4, ’min samples’: 40 0.73 0.73 0.55 0.04 0.33 4.00 True True
’max eps’: 4, ’min samples’: 45 0.77 0.77 0.58 0.02 0.06 4.00 True True
’max eps’: 4, ’min samples’: 50 0.70 0.70 0.55 0.15 0.29 3.00 True True
’max eps’: 5, ’min samples’: 5 0.27 0.32 -0.25 0.04 0.18 13.00 False False
’max eps’: 5, ’min samples’: 10 0.30 0.31 -0.24 0.02 0.25 4.00 False False
’max eps’: 5, ’min samples’: 15 0.74 0.74 0.52 0.13 0.05 4.00 False False
’max eps’: 5, ’min samples’: 20 0.80 0.80 0.57 0.01 0.11 4.00 False False
’max eps’: 5, ’min samples’: 25 0.80 0.80 0.58 0.05 0.06 4.00 False False

Table C.37: Wine dataset - HDBSCAN clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 5, ’min samples’: 5 0.17 0.19 -0.13 0.06 0.06 5.00 True True
’min cluster size’: 5, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’min cluster size’: 5, ’min samples’: 15 -0.00 0.00 0.00 0.00 nan 1.00 False False
’min cluster size’: 5, ’min samples’: 20 0.25 0.26 0.15 0.07 nan 2.00 True False
’min cluster size’: 5, ’min samples’: 25 0.45 0.46 0.22 0.07 nan 2.00 True False
’min cluster size’: 5, ’min samples’: 30 0.33 0.33 0.17 0.07 nan 2.00 False False
’min cluster size’: 5, ’min samples’: 35 0.33 0.33 0.18 0.07 nan 2.00 False False
’min cluster size’: 10, ’min samples’: 5 0.52 0.53 0.22 0.07 nan 2.00 True False
’min cluster size’: 10, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’min cluster size’: 10, ’min samples’: 15 -0.00 0.00 0.00 0.00 nan 1.00 False False
’min cluster size’: 10, ’min samples’: 20 0.25 0.26 0.15 0.07 nan 2.00 False False
’min cluster size’: 10, ’min samples’: 25 0.45 0.46 0.22 0.07 nan 2.00 False False
’min cluster size’: 10, ’min samples’: 30 0.33 0.33 0.17 0.07 nan 2.00 False False
’min cluster size’: 10, ’min samples’: 35 0.33 0.33 0.18 0.07 nan 2.00 False False
’min cluster size’: 15, ’min samples’: 5 0.52 0.53 0.22 0.07 nan 2.00 False False
’min cluster size’: 15, ’min samples’: 10 -0.00 0.00 0.00 0.00 nan 1.00 False False
’min cluster size’: 15, ’min samples’: 15 -0.00 0.00 0.00 0.00 nan 1.00 False False
’min cluster size’: 15, ’min samples’: 20 0.25 0.26 0.15 0.07 nan 2.00 False False
’min cluster size’: 15, ’min samples’: 25 0.45 0.46 0.22 0.07 nan 2.00 False False
’min cluster size’: 15, ’min samples’: 30 0.33 0.33 0.17 0.07 nan 2.00 False False
’min cluster size’: 15, ’min samples’: 35 0.33 0.33 0.18 0.07 nan 2.00 False False
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Table C.38: Wine dataset - HDBSCAN clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 10, ’min samples’: 5 0.42 0.44 0.06 0.10 0.29 6.00 False False
’min cluster size’: 10, ’min samples’: 10 0.47 0.48 0.13 0.10 0.31 6.00 False False
’min cluster size’: 10, ’min samples’: 15 0.43 0.44 0.05 0.10 0.30 5.00 False False
’min cluster size’: 10, ’min samples’: 20 0.69 0.69 0.42 0.08 0.37 4.00 False False
’min cluster size’: 10, ’min samples’: 25 0.70 0.70 0.40 0.07 0.51 4.00 True True
’min cluster size’: 10, ’min samples’: 30 0.68 0.68 0.39 0.06 0.37 4.00 False False
’min cluster size’: 10, ’min samples’: 35 0.41 0.41 0.37 0.13 nan 2.00 False False
’min cluster size’: 20, ’min samples’: 5 0.45 0.45 0.24 0.07 -0.09 4.00 False False
’min cluster size’: 20, ’min samples’: 10 0.53 0.54 0.25 0.07 0.36 4.00 False False
’min cluster size’: 20, ’min samples’: 15 0.37 0.38 0.02 0.09 0.32 4.00 False False
’min cluster size’: 20, ’min samples’: 20 0.69 0.69 0.42 0.08 0.37 4.00 False False
’min cluster size’: 20, ’min samples’: 25 0.70 0.70 0.40 0.07 0.51 4.00 False False
’min cluster size’: 20, ’min samples’: 30 0.68 0.68 0.39 0.06 0.37 4.00 False False
’min cluster size’: 20, ’min samples’: 35 0.41 0.41 0.37 0.13 nan 2.00 False False
’min cluster size’: 30, ’min samples’: 5 0.62 0.63 0.47 0.12 0.42 3.00 True True
’min cluster size’: 30, ’min samples’: 10 0.68 0.69 0.44 0.08 0.29 4.00 False False
’min cluster size’: 30, ’min samples’: 15 0.69 0.69 0.44 0.12 0.39 3.00 True True
’min cluster size’: 30, ’min samples’: 20 0.69 0.69 0.42 0.08 0.37 4.00 False False
’min cluster size’: 30, ’min samples’: 25 0.70 0.70 0.40 0.07 0.51 4.00 False False
’min cluster size’: 30, ’min samples’: 30 0.68 0.68 0.39 0.06 0.37 4.00 False False
’min cluster size’: 30, ’min samples’: 35 0.41 0.41 0.37 0.13 nan 2.00 False False
’min cluster size’: 40, ’min samples’: 5 0.62 0.63 0.47 0.12 0.42 3.00 False False
’min cluster size’: 40, ’min samples’: 10 0.68 0.69 0.44 0.08 0.29 4.00 False False
’min cluster size’: 40, ’min samples’: 15 0.69 0.69 0.44 0.12 0.39 3.00 False False
’min cluster size’: 40, ’min samples’: 20 0.74 0.75 0.48 0.13 0.38 3.00 False False
’min cluster size’: 40, ’min samples’: 25 0.76 0.76 0.49 0.14 0.39 3.00 True True
’min cluster size’: 40, ’min samples’: 30 0.74 0.74 0.47 0.13 0.37 3.00 False False
’min cluster size’: 40, ’min samples’: 35 -0.00 0.00 0.00 0.00 nan 1.00 False False

Table C.39: Wine dataset - HDBSCAN clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 10, ’min samples’: 5 0.27 0.29 -0.19 0.08 0.20 4.00 False False
’min cluster size’: 10, ’min samples’: 10 0.34 0.35 -0.09 0.07 0.24 4.00 False False
’min cluster size’: 10, ’min samples’: 15 0.56 0.57 0.27 0.08 0.24 3.00 False False
’min cluster size’: 10, ’min samples’: 20 0.58 0.59 0.33 0.09 nan 2.00 True False
’min cluster size’: 10, ’min samples’: 25 0.22 0.22 0.10 0.09 nan 2.00 False False
’min cluster size’: 10, ’min samples’: 30 -0.00 0.00 0.00 0.00 nan 1.00 False False
’min cluster size’: 10, ’min samples’: 35 -0.00 0.00 0.00 0.00 nan 1.00 False False
’min cluster size’: 20, ’min samples’: 5 0.70 0.70 0.36 0.03 0.00 4.00 True False
’min cluster size’: 20, ’min samples’: 10 0.65 0.66 0.27 0.06 0.37 4.00 True True
’min cluster size’: 20, ’min samples’: 15 0.56 0.57 0.27 0.08 0.24 3.00 False False
’min cluster size’: 20, ’min samples’: 20 0.58 0.59 0.33 0.09 nan 2.00 False False
’min cluster size’: 20, ’min samples’: 25 0.22 0.22 0.10 0.09 nan 2.00 False False
’min cluster size’: 20, ’min samples’: 30 -0.00 0.00 0.00 0.00 nan 1.00 False False
’min cluster size’: 20, ’min samples’: 35 -0.00 0.00 0.00 0.00 nan 1.00 False False
’min cluster size’: 30, ’min samples’: 5 0.70 0.70 0.36 0.03 0.00 4.00 False False
’min cluster size’: 30, ’min samples’: 10 0.65 0.66 0.27 0.06 0.37 4.00 False False
’min cluster size’: 30, ’min samples’: 15 0.56 0.57 0.27 0.08 0.24 3.00 False False
’min cluster size’: 30, ’min samples’: 20 0.58 0.59 0.33 0.09 nan 2.00 False False
’min cluster size’: 30, ’min samples’: 25 -0.00 0.00 0.00 0.00 nan 1.00 False False
’min cluster size’: 30, ’min samples’: 30 -0.00 0.00 0.00 0.00 nan 1.00 False False
’min cluster size’: 30, ’min samples’: 35 -0.00 0.00 0.00 0.00 nan 1.00 False False
’min cluster size’: 40, ’min samples’: 5 0.70 0.70 0.36 0.03 0.00 4.00 False False
’min cluster size’: 40, ’min samples’: 10 0.71 0.71 0.29 0.08 0.35 3.00 True True
’min cluster size’: 40, ’min samples’: 15 0.52 0.52 0.33 0.03 0.11 3.00 True True
’min cluster size’: 40, ’min samples’: 20 0.58 0.59 0.33 0.09 nan 2.00 False False
’min cluster size’: 40, ’min samples’: 25 -0.00 0.00 0.00 0.00 nan 1.00 False False
’min cluster size’: 40, ’min samples’: 30 -0.00 0.00 0.00 0.00 nan 1.00 False False
’min cluster size’: 40, ’min samples’: 35 -0.00 0.00 0.00 0.00 nan 1.00 False False
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Table C.40: Wine dataset - HDBSCAN clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 5, ’min samples’: 5 0.33 0.36 -0.03 0.08 0.23 12.00 False False
’min cluster size’: 5, ’min samples’: 10 0.35 0.36 -0.09 0.09 0.20 6.00 False False
’min cluster size’: 5, ’min samples’: 15 0.61 0.62 0.29 0.09 0.41 5.00 False False
’min cluster size’: 5, ’min samples’: 20 0.70 0.71 0.41 0.07 0.52 4.00 True True
’min cluster size’: 5, ’min samples’: 25 0.70 0.70 0.41 0.09 0.35 4.00 False False
’min cluster size’: 5, ’min samples’: 30 0.74 0.74 0.50 0.14 0.18 3.00 False False
’min cluster size’: 5, ’min samples’: 35 0.56 0.56 0.42 0.13 nan 2.00 False False
’min cluster size’: 10, ’min samples’: 5 0.31 0.33 -0.11 0.07 0.23 6.00 False False
’min cluster size’: 10, ’min samples’: 10 0.33 0.35 -0.10 0.08 0.25 5.00 False False
’min cluster size’: 10, ’min samples’: 15 0.63 0.64 0.34 0.08 0.49 4.00 True True
’min cluster size’: 10, ’min samples’: 20 0.70 0.71 0.41 0.07 0.52 4.00 False False
’min cluster size’: 10, ’min samples’: 25 0.70 0.70 0.41 0.09 0.35 4.00 False False
’min cluster size’: 10, ’min samples’: 30 0.74 0.74 0.50 0.14 0.18 3.00 False False
’min cluster size’: 10, ’min samples’: 35 0.56 0.56 0.42 0.13 nan 2.00 False False
’min cluster size’: 15, ’min samples’: 5 0.55 0.55 0.13 0.11 0.29 5.00 False False
’min cluster size’: 15, ’min samples’: 10 0.58 0.59 0.17 0.12 0.20 5.00 False False
’min cluster size’: 15, ’min samples’: 15 0.63 0.64 0.34 0.08 0.49 4.00 False False
’min cluster size’: 15, ’min samples’: 20 0.70 0.71 0.41 0.07 0.52 4.00 False False
’min cluster size’: 15, ’min samples’: 25 0.70 0.70 0.41 0.09 0.35 4.00 False False
’min cluster size’: 30, ’min samples’: 5 0.63 0.63 0.39 0.13 0.40 3.00 False False
’min cluster size’: 30, ’min samples’: 10 0.66 0.66 0.39 0.14 0.38 3.00 False False
’min cluster size’: 30, ’min samples’: 15 0.68 0.69 0.44 0.14 0.42 3.00 False False
’min cluster size’: 30, ’min samples’: 20 0.77 0.77 0.51 0.15 0.47 3.00 True True
’min cluster size’: 30, ’min samples’: 25 0.70 0.70 0.41 0.09 0.35 4.00 False False
’min cluster size’: 30, ’min samples’: 30 0.74 0.74 0.50 0.14 0.18 3.00 False False
’min cluster size’: 30, ’min samples’: 35 0.56 0.56 0.42 0.13 nan 2.00 False False

Table C.41: Wine dataset - HDBSCAN clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 10, ’min samples’: 5 0.42 0.44 0.11 0.09 0.31 10.00 False False
’min cluster size’: 10, ’min samples’: 10 0.44 0.45 0.19 0.06 0.24 8.00 False False
’min cluster size’: 10, ’min samples’: 15 0.37 0.38 0.08 0.10 0.36 4.00 False False
’min cluster size’: 10, ’min samples’: 20 0.58 0.59 0.31 0.07 0.45 4.00 False False
’min cluster size’: 10, ’min samples’: 25 0.82 0.82 0.62 0.19 -0.13 3.00 True True
’min cluster size’: 10, ’min samples’: 30 0.79 0.79 0.52 0.09 0.30 4.00 False False
’min cluster size’: 10, ’min samples’: 35 0.73 0.73 0.50 0.09 0.30 4.00 False False
’min cluster size’: 20, ’min samples’: 5 0.34 0.35 -0.00 0.05 0.33 4.00 False False
’min cluster size’: 20, ’min samples’: 10 0.38 0.39 0.07 0.05 0.36 4.00 False False
’min cluster size’: 20, ’min samples’: 15 0.55 0.56 0.31 0.08 0.46 4.00 False False
’min cluster size’: 20, ’min samples’: 20 0.58 0.59 0.31 0.07 0.45 4.00 False False
’min cluster size’: 20, ’min samples’: 25 0.82 0.82 0.62 0.19 -0.13 3.00 False False
’min cluster size’: 20, ’min samples’: 30 0.79 0.79 0.52 0.09 0.30 4.00 False False
’min cluster size’: 20, ’min samples’: 35 0.73 0.73 0.50 0.09 0.30 4.00 False False
’min cluster size’: 30, ’min samples’: 5 0.46 0.47 0.25 0.06 0.44 4.00 False False
’min cluster size’: 30, ’min samples’: 10 0.58 0.59 0.35 0.07 0.42 4.00 False False
’min cluster size’: 30, ’min samples’: 15 0.70 0.71 0.53 0.12 0.50 4.00 True True
’min cluster size’: 30, ’min samples’: 20 0.58 0.59 0.31 0.07 0.45 4.00 False False
’min cluster size’: 30, ’min samples’: 25 0.82 0.82 0.62 0.19 -0.13 3.00 False False
’min cluster size’: 30, ’min samples’: 30 0.79 0.79 0.52 0.09 0.30 4.00 False False
’min cluster size’: 30, ’min samples’: 35 0.73 0.73 0.50 0.09 0.30 4.00 False False
’min cluster size’: 40, ’min samples’: 5 0.64 0.65 0.49 0.10 0.42 4.00 False False
’min cluster size’: 40, ’min samples’: 10 0.78 0.79 0.45 0.19 0.49 4.00 True True
’min cluster size’: 40, ’min samples’: 15 0.79 0.80 0.48 0.18 0.52 4.00 True True
’min cluster size’: 40, ’min samples’: 20 0.81 0.81 0.44 0.18 -0.06 4.00 False False
’min cluster size’: 40, ’min samples’: 25 0.82 0.82 0.62 0.19 -0.13 3.00 False False
’min cluster size’: 40, ’min samples’: 30 0.79 0.79 0.52 0.09 0.30 4.00 False False
’min cluster size’: 40, ’min samples’: 35 0.73 0.73 0.50 0.09 0.30 4.00 False False
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Table C.42: Wine dataset - HDBSCAN clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 10, ’min samples’: 5 0.45 0.46 -0.02 0.04 0.33 5.00 False False
’min cluster size’: 10, ’min samples’: 10 0.30 0.31 -0.24 0.02 0.25 4.00 False False
’min cluster size’: 10, ’min samples’: 15 0.74 0.74 0.52 0.13 0.05 4.00 True True
’min cluster size’: 10, ’min samples’: 20 0.80 0.80 0.57 0.01 0.11 4.00 False False
’min cluster size’: 10, ’min samples’: 25 0.80 0.80 0.58 0.05 0.06 4.00 True True
’min cluster size’: 10, ’min samples’: 30 0.77 0.78 0.50 0.08 -0.03 4.00 False False
’min cluster size’: 10, ’min samples’: 35 0.77 0.77 0.57 0.02 0.13 4.00 False False
’min cluster size’: 20, ’min samples’: 5 0.74 0.74 0.51 0.07 0.40 4.00 True True
’min cluster size’: 20, ’min samples’: 10 0.75 0.76 0.47 0.05 0.48 4.00 True True
’min cluster size’: 20, ’min samples’: 15 0.74 0.74 0.52 0.13 0.05 4.00 False False
’min cluster size’: 20, ’min samples’: 20 0.80 0.80 0.57 0.01 0.11 4.00 False False
’min cluster size’: 20, ’min samples’: 25 0.80 0.80 0.58 0.05 0.06 4.00 False False
’min cluster size’: 20, ’min samples’: 30 0.77 0.78 0.50 0.08 -0.03 4.00 False False
’min cluster size’: 20, ’min samples’: 35 0.77 0.77 0.57 0.02 0.13 4.00 False False
’min cluster size’: 30, ’min samples’: 5 0.74 0.74 0.51 0.07 0.40 4.00 False False
’min cluster size’: 30, ’min samples’: 10 0.81 0.81 0.57 0.06 -0.08 4.00 False False
’min cluster size’: 30, ’min samples’: 15 0.81 0.81 0.58 0.06 0.04 4.00 True True
’min cluster size’: 30, ’min samples’: 20 0.80 0.80 0.57 0.01 0.11 4.00 False False
’min cluster size’: 30, ’min samples’: 25 0.80 0.80 0.58 0.05 0.06 4.00 False False
’min cluster size’: 30, ’min samples’: 30 0.77 0.78 0.50 0.08 -0.03 4.00 False False
’min cluster size’: 30, ’min samples’: 35 0.77 0.77 0.57 0.02 0.13 4.00 False False
’min cluster size’: 40, ’min samples’: 5 0.79 0.79 0.58 0.04 0.42 4.00 True True
’min cluster size’: 40, ’min samples’: 10 0.81 0.81 0.57 0.06 -0.08 4.00 False False
’min cluster size’: 40, ’min samples’: 15 0.81 0.81 0.58 0.06 0.04 4.00 False False
’min cluster size’: 40, ’min samples’: 20 0.80 0.80 0.57 0.01 0.11 4.00 False False
’min cluster size’: 40, ’min samples’: 25 0.80 0.80 0.58 0.05 0.06 4.00 False False
’min cluster size’: 40, ’min samples’: 30 0.77 0.78 0.50 0.08 -0.03 4.00 False False
’min cluster size’: 40, ’min samples’: 35 0.77 0.77 0.57 0.02 0.13 4.00 False False
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Table C.43: Synthetic dataset - Hierarchical clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.59 0.59 0.59 0.15 0.06 2.00 True True
’linkage’: ’ward’, ’n clusters’: 3 0.73 0.73 0.57 0.20 -0.09 3.00 False False
’linkage’: ’ward’, ’n clusters’: 4 0.87 0.87 0.52 0.15 -0.07 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.95 0.96 0.62 0.19 -0.04 5.00 True True
’linkage’: ’ward’, ’n clusters’: 6 0.92 0.92 0.54 0.13 -0.10 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.89 0.89 0.49 0.11 -0.21 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.86 0.86 0.44 0.10 -0.40 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.83 0.83 0.35 0.09 -0.59 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.81 0.81 0.36 0.09 -0.58 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 -0.00 0.00 0.17 0.16 0.00 2.00 False False
’linkage’: ’single’, ’n clusters’: 3 -0.00 0.00 -0.06 0.17 0.00 3.00 False False
’linkage’: ’single’, ’n clusters’: 4 0.59 0.59 0.31 0.18 0.00 4.00 False False
’linkage’: ’single’, ’n clusters’: 5 0.59 0.59 0.27 0.18 0.00 5.00 False False
’linkage’: ’single’, ’n clusters’: 6 0.59 0.59 0.07 0.16 0.00 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.59 0.59 0.04 0.16 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.59 0.59 -0.06 0.15 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.58 0.59 -0.12 0.12 0.00 9.00 False False
’linkage’: ’single’, ’n clusters’: 10 0.58 0.59 -0.12 0.13 0.00 10.00 False False

’linkage’: ’complete’, ’n clusters’: 2 0.59 0.59 0.59 0.15 0.06 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.73 0.73 0.57 0.20 -0.26 3.00 False False
’linkage’: ’complete’, ’n clusters’: 4 0.80 0.80 0.45 0.14 -0.60 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.89 0.89 0.57 0.18 -0.57 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.86 0.86 0.50 0.13 -0.63 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.83 0.84 0.44 0.11 -0.62 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.81 0.81 0.36 0.10 -0.66 8.00 False False
’linkage’: ’complete’, ’n clusters’: 9 0.79 0.79 0.36 0.10 -0.65 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.76 0.76 0.29 0.09 -0.72 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.59 0.59 0.59 0.15 0.06 2.00 False False
’linkage’: ’average’, ’n clusters’: 3 0.72 0.73 0.57 0.20 -0.09 3.00 False False
’linkage’: ’average’, ’n clusters’: 4 0.87 0.87 0.52 0.15 -0.07 4.00 False False
’linkage’: ’average’, ’n clusters’: 5 0.95 0.95 0.61 0.19 -0.04 5.00 False False
’linkage’: ’average’, ’n clusters’: 6 0.95 0.95 0.60 0.21 0.00 6.00 True False
’linkage’: ’average’, ’n clusters’: 7 0.95 0.95 0.57 0.22 0.00 7.00 True False
’linkage’: ’average’, ’n clusters’: 8 0.95 0.95 0.55 0.21 0.00 8.00 False False
’linkage’: ’average’, ’n clusters’: 9 0.94 0.94 0.50 0.19 0.00 9.00 False False
’linkage’: ’average’, ’n clusters’: 10 0.94 0.94 0.45 0.19 0.00 10.00 False False

137



Table C.44: Synthetic dataset - Hierarchical clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.59 0.59 0.59 0.15 0.06 2.00 True True
’linkage’: ’ward’, ’n clusters’: 3 0.73 0.73 0.57 0.20 -0.09 3.00 False False
’linkage’: ’ward’, ’n clusters’: 4 0.87 0.87 0.52 0.15 -0.07 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.95 0.96 0.62 0.19 -0.04 5.00 True True
’linkage’: ’ward’, ’n clusters’: 6 0.92 0.92 0.54 0.13 -0.10 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.89 0.89 0.49 0.11 -0.21 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.86 0.86 0.44 0.10 -0.40 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.83 0.83 0.35 0.09 -0.59 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.81 0.81 0.36 0.09 -0.58 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 -0.00 0.00 0.17 0.16 0.00 2.00 False False
’linkage’: ’single’, ’n clusters’: 3 -0.00 0.00 -0.06 0.17 0.00 3.00 False False
’linkage’: ’single’, ’n clusters’: 4 0.59 0.59 0.31 0.18 0.00 4.00 False False
’linkage’: ’single’, ’n clusters’: 5 0.59 0.59 0.27 0.18 0.00 5.00 False False
’linkage’: ’single’, ’n clusters’: 6 0.59 0.59 0.07 0.16 0.00 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.59 0.59 0.04 0.16 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.59 0.59 -0.06 0.15 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.58 0.59 -0.12 0.12 0.00 9.00 False False
’linkage’: ’single’, ’n clusters’: 10 0.58 0.59 -0.12 0.13 0.00 10.00 False False

’linkage’: ’complete’, ’n clusters’: 2 0.59 0.59 0.59 0.15 0.06 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.73 0.73 0.57 0.20 -0.26 3.00 False False
’linkage’: ’complete’, ’n clusters’: 4 0.80 0.80 0.45 0.14 -0.60 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.89 0.89 0.57 0.18 -0.57 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.86 0.86 0.50 0.13 -0.63 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.83 0.84 0.44 0.11 -0.62 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.81 0.81 0.36 0.10 -0.66 8.00 False False
’linkage’: ’complete’, ’n clusters’: 9 0.79 0.79 0.36 0.10 -0.65 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.76 0.76 0.29 0.09 -0.72 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.59 0.59 0.59 0.15 0.06 2.00 False False
’linkage’: ’average’, ’n clusters’: 3 0.72 0.73 0.57 0.20 -0.09 3.00 False False
’linkage’: ’average’, ’n clusters’: 4 0.87 0.87 0.52 0.15 -0.07 4.00 False False
’linkage’: ’average’, ’n clusters’: 5 0.95 0.95 0.61 0.19 -0.04 5.00 False False
’linkage’: ’average’, ’n clusters’: 6 0.95 0.95 0.60 0.21 0.00 6.00 True False
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Table C.45: Synthetic dataset - Hierarchical clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.59 0.59 0.59 0.15 0.06 2.00 True True
’linkage’: ’ward’, ’n clusters’: 3 0.73 0.73 0.57 0.20 -0.09 3.00 False False
’linkage’: ’ward’, ’n clusters’: 4 0.87 0.87 0.52 0.15 -0.07 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.95 0.96 0.62 0.19 -0.04 5.00 True True
’linkage’: ’ward’, ’n clusters’: 6 0.92 0.92 0.54 0.13 -0.10 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.89 0.89 0.49 0.11 -0.21 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.85 0.85 0.44 0.10 -0.42 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.83 0.83 0.35 0.09 -0.62 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.81 0.81 0.36 0.09 -0.61 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 -0.00 0.00 0.17 0.16 0.00 2.00 False False
’linkage’: ’single’, ’n clusters’: 3 -0.00 0.00 -0.06 0.17 0.00 3.00 False False
’linkage’: ’single’, ’n clusters’: 4 0.59 0.59 0.31 0.18 0.00 4.00 False False
’linkage’: ’single’, ’n clusters’: 5 0.59 0.59 0.27 0.18 0.00 5.00 False False
’linkage’: ’single’, ’n clusters’: 6 0.59 0.59 0.07 0.16 0.00 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.59 0.59 0.04 0.16 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.59 0.59 -0.06 0.15 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.58 0.59 -0.07 0.15 0.00 9.00 False False
’linkage’: ’single’, ’n clusters’: 10 0.58 0.59 -0.13 0.15 0.00 10.00 False False

’linkage’: ’complete’, ’n clusters’: 2 0.59 0.59 0.59 0.15 0.06 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.73 0.73 0.57 0.20 -0.26 3.00 False False
’linkage’: ’complete’, ’n clusters’: 4 0.80 0.80 0.45 0.14 -0.60 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.89 0.89 0.57 0.18 -0.57 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.86 0.86 0.50 0.13 -0.63 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.83 0.84 0.44 0.11 -0.62 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.81 0.81 0.36 0.10 -0.66 8.00 False False
’linkage’: ’complete’, ’n clusters’: 9 0.79 0.79 0.36 0.10 -0.64 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.76 0.76 0.29 0.09 -0.72 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.59 0.59 0.59 0.15 0.06 2.00 False False
’linkage’: ’average’, ’n clusters’: 3 0.72 0.73 0.57 0.20 -0.09 3.00 False False
’linkage’: ’average’, ’n clusters’: 4 0.87 0.87 0.52 0.15 -0.07 4.00 False False
’linkage’: ’average’, ’n clusters’: 5 0.95 0.95 0.61 0.19 -0.04 5.00 False False
’linkage’: ’average’, ’n clusters’: 6 0.95 0.95 0.60 0.21 0.00 6.00 True False
’linkage’: ’average’, ’n clusters’: 7 0.95 0.95 0.57 0.22 0.00 7.00 True False
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Table C.46: Synthetic dataset - Hierarchical clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.59 0.59 0.59 0.15 0.10 2.00 True True
’linkage’: ’ward’, ’n clusters’: 3 0.74 0.74 0.59 0.22 0.05 3.00 True True
’linkage’: ’ward’, ’n clusters’: 4 0.88 0.88 0.54 0.15 -0.12 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.96 0.96 0.64 0.21 0.07 5.00 True True
’linkage’: ’ward’, ’n clusters’: 6 0.93 0.93 0.57 0.14 -0.15 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.89 0.89 0.50 0.11 -0.25 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.86 0.86 0.42 0.10 -0.41 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.84 0.84 0.36 0.09 -0.56 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.81 0.81 0.30 0.08 -0.72 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 -0.00 0.00 0.15 0.16 0.00 2.00 False False
’linkage’: ’single’, ’n clusters’: 3 -0.00 0.00 -0.11 0.16 0.00 3.00 False False
’linkage’: ’single’, ’n clusters’: 4 0.59 0.59 0.28 0.17 0.00 4.00 False False
’linkage’: ’single’, ’n clusters’: 5 0.59 0.59 0.09 0.15 0.00 5.00 False False
’linkage’: ’single’, ’n clusters’: 6 0.59 0.59 0.06 0.15 0.00 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.59 0.59 0.00 0.12 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.59 0.59 -0.12 0.11 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.58 0.59 -0.12 0.11 0.00 9.00 False False
’linkage’: ’single’, ’n clusters’: 10 0.58 0.59 -0.14 0.12 0.00 10.00 False False

’linkage’: ’complete’, ’n clusters’: 2 0.59 0.59 0.59 0.15 0.10 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.73 0.73 0.59 0.22 0.01 3.00 False False
’linkage’: ’complete’, ’n clusters’: 4 0.87 0.87 0.51 0.14 -0.12 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.92 0.92 0.62 0.20 -0.21 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.89 0.89 0.55 0.14 -0.23 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.86 0.86 0.46 0.11 -0.47 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.86 0.86 0.45 0.11 -0.47 8.00 False False
’linkage’: ’complete’, ’n clusters’: 9 0.83 0.83 0.38 0.10 -0.54 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.81 0.81 0.38 0.10 -0.51 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.59 0.59 0.59 0.15 0.10 2.00 True True
’linkage’: ’average’, ’n clusters’: 3 0.72 0.72 0.59 0.21 0.01 3.00 False False
’linkage’: ’average’, ’n clusters’: 4 0.86 0.86 0.54 0.15 -0.16 4.00 False False
’linkage’: ’average’, ’n clusters’: 5 0.94 0.94 0.63 0.20 -0.23 5.00 False False
’linkage’: ’average’, ’n clusters’: 6 0.94 0.94 0.62 0.22 0.00 6.00 True False
’linkage’: ’average’, ’n clusters’: 7 0.94 0.94 0.58 0.23 0.00 7.00 True False
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Table C.47: Synthetic dataset - Hierarchical clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.59 0.59 0.52 0.12 0.16 2.00 False False
’linkage’: ’ward’, ’n clusters’: 3 0.74 0.74 0.58 0.19 0.47 3.00 False False
’linkage’: ’ward’, ’n clusters’: 4 0.88 0.88 0.61 0.17 0.59 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.97 0.97 0.75 0.28 0.78 5.00 True True
’linkage’: ’ward’, ’n clusters’: 6 0.93 0.93 0.67 0.17 0.55 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.89 0.89 0.59 0.13 0.36 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.86 0.86 0.52 0.11 0.13 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.83 0.83 0.44 0.10 -0.08 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.80 0.80 0.37 0.09 -0.28 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 0.47 0.47 0.33 0.12 0.28 2.00 False False
’linkage’: ’single’, ’n clusters’: 3 0.74 0.74 0.58 0.19 0.47 3.00 False False
’linkage’: ’single’, ’n clusters’: 4 0.88 0.88 0.61 0.17 0.59 4.00 False False
’linkage’: ’single’, ’n clusters’: 5 0.97 0.97 0.75 0.28 0.78 5.00 False False
’linkage’: ’single’, ’n clusters’: 6 0.96 0.96 0.57 0.16 0.00 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.96 0.96 0.44 0.15 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.96 0.96 0.42 0.15 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.96 0.96 0.29 0.14 0.00 9.00 False False
’linkage’: ’single’, ’n clusters’: 10 0.96 0.96 0.23 0.12 0.00 10.00 False False

’linkage’: ’complete’, ’n clusters’: 2 0.59 0.59 0.52 0.12 0.16 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.74 0.74 0.58 0.19 0.47 3.00 False False
’linkage’: ’complete’, ’n clusters’: 4 0.88 0.88 0.61 0.17 0.59 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.97 0.97 0.75 0.28 0.78 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.93 0.93 0.66 0.16 0.58 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.89 0.89 0.59 0.13 0.35 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.86 0.86 0.51 0.11 0.12 8.00 False False
’linkage’: ’complete’, ’n clusters’: 9 0.83 0.83 0.44 0.10 -0.10 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.80 0.80 0.36 0.09 -0.35 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.59 0.59 0.52 0.12 0.16 2.00 False False
’linkage’: ’average’, ’n clusters’: 3 0.74 0.74 0.58 0.19 0.47 3.00 False False
’linkage’: ’average’, ’n clusters’: 4 0.88 0.88 0.61 0.17 0.59 4.00 False False
’linkage’: ’average’, ’n clusters’: 5 0.97 0.97 0.75 0.28 0.78 5.00 False False

Table C.48: Synthetic dataset - Hierarchical clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.59 0.59 0.73 0.21 0.55 2.00 False False
’linkage’: ’ward’, ’n clusters’: 3 0.77 0.77 0.70 0.22 0.57 3.00 False False
’linkage’: ’ward’, ’n clusters’: 4 0.88 0.88 0.75 0.29 0.72 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.97 0.97 0.85 0.43 0.91 5.00 True True
’linkage’: ’ward’, ’n clusters’: 6 0.93 0.93 0.76 0.21 0.75 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.89 0.89 0.68 0.16 0.49 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.86 0.86 0.58 0.12 0.26 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.83 0.83 0.50 0.11 0.02 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.80 0.80 0.40 0.09 -0.21 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 0.59 0.59 0.73 0.21 0.55 2.00 False False
’linkage’: ’single’, ’n clusters’: 3 0.77 0.77 0.70 0.22 0.57 3.00 False False
’linkage’: ’single’, ’n clusters’: 4 0.88 0.88 0.75 0.29 0.72 4.00 False False
’linkage’: ’single’, ’n clusters’: 5 0.97 0.97 0.85 0.43 0.91 5.00 False False
’linkage’: ’single’, ’n clusters’: 6 0.97 0.97 0.68 0.23 0.00 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.96 0.96 0.61 0.17 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.96 0.96 0.60 0.15 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.96 0.96 0.42 0.11 0.00 9.00 False False
’linkage’: ’single’, ’n clusters’: 10 0.94 0.94 0.29 0.11 0.00 10.00 False False

’linkage’: ’complete’, ’n clusters’: 2 0.59 0.59 0.73 0.21 0.55 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.77 0.77 0.70 0.22 0.57 3.00 False False
’linkage’: ’complete’, ’n clusters’: 4 0.88 0.88 0.75 0.29 0.72 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.97 0.97 0.85 0.43 0.91 5.00 False False
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Table C.49: Synthetic dataset - k -means clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.59 0.59 0.59 0.15 0.17 2.00 True True
’n clusters’: 3 0.72 0.72 0.57 0.20 -0.47 3.00 True True
’n clusters’: 4 0.87 0.87 0.53 0.15 -0.38 4.00 False False
’n clusters’: 5 0.97 0.97 0.62 0.19 -0.03 5.00 True True
’n clusters’: 6 0.92 0.92 0.55 0.13 -0.09 6.00 False False
’n clusters’: 7 0.88 0.89 0.47 0.11 -0.25 7.00 False False
’n clusters’: 8 0.85 0.85 0.42 0.10 -0.72 8.00 False False
’n clusters’: 9 0.82 0.82 0.37 0.09 -0.48 9.00 False False
’n clusters’: 10 0.80 0.79 0.32 0.08 -0.71 10.00 False False
’n clusters’: 11 0.77 0.78 0.32 0.09 -0.71 11.00 False False

Table C.50: Synthetic dataset - k -means clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.59 0.59 0.59 0.15 0.17 2.00 True True
’n clusters’: 3 0.72 0.72 0.57 0.20 -0.47 3.00 True True
’n clusters’: 4 0.87 0.87 0.53 0.15 -0.38 4.00 False False
’n clusters’: 5 0.97 0.97 0.62 0.19 -0.03 5.00 True True
’n clusters’: 6 0.92 0.92 0.54 0.13 -0.09 6.00 False False
’n clusters’: 7 0.88 0.89 0.46 0.11 -0.47 7.00 False False
’n clusters’: 8 0.85 0.85 0.41 0.10 -0.38 8.00 False False
’n clusters’: 9 0.81 0.82 0.36 0.09 -0.51 9.00 False False
’n clusters’: 10 0.79 0.79 0.32 0.08 -0.72 10.00 False False
’n clusters’: 11 0.77 0.78 0.32 0.09 -0.74 11.00 False False

Table C.51: Synthetic dataset - k -means clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.59 0.59 0.59 0.15 0.17 2.00 True True
’n clusters’: 3 0.72 0.72 0.57 0.20 -0.47 3.00 True True
’n clusters’: 4 0.87 0.87 0.53 0.15 -0.38 4.00 False False
’n clusters’: 5 0.97 0.97 0.62 0.19 -0.03 5.00 True True
’n clusters’: 6 0.92 0.92 0.55 0.13 -0.10 6.00 False False
’n clusters’: 7 0.88 0.88 0.48 0.11 -0.33 7.00 False False
’n clusters’: 8 0.84 0.84 0.42 0.10 -0.38 8.00 False False
’n clusters’: 9 0.82 0.82 0.36 0.09 -0.60 9.00 False False
’n clusters’: 10 0.79 0.80 0.32 0.08 -0.74 10.00 False False
’n clusters’: 11 0.77 0.78 0.32 0.09 -0.72 11.00 False False

Table C.52: Synthetic dataset - k -means clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.59 0.59 0.59 0.15 0.10 2.00 True True
’n clusters’: 3 0.72 0.72 0.59 0.21 -0.32 3.00 True True
’n clusters’: 4 0.86 0.86 0.54 0.15 -0.03 4.00 False False
’n clusters’: 5 0.97 0.97 0.64 0.21 0.06 5.00 True True
’n clusters’: 6 0.93 0.92 0.57 0.14 -0.04 6.00 False False
’n clusters’: 7 0.89 0.89 0.50 0.11 -0.35 7.00 False False
’n clusters’: 8 0.85 0.85 0.47 0.10 -0.45 8.00 False False
’n clusters’: 9 0.83 0.82 0.37 0.09 -0.57 9.00 False False
’n clusters’: 10 0.80 0.79 0.33 0.08 -0.73 10.00 False False
’n clusters’: 11 0.78 0.78 0.34 0.09 -0.72 11.00 False False
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Table C.53: Synthetic dataset - k -means clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.52 0.52 0.51 0.12 -0.81 2.00 False False
’n clusters’: 3 0.72 0.72 0.57 0.19 -0.52 3.00 False False
’n clusters’: 4 0.88 0.88 0.61 0.17 0.59 4.00 False False
’n clusters’: 5 0.97 0.97 0.75 0.28 0.78 5.00 True True
’n clusters’: 6 0.93 0.93 0.67 0.17 0.58 6.00 False False
’n clusters’: 7 0.89 0.89 0.60 0.13 0.36 7.00 False False
’n clusters’: 8 0.86 0.86 0.52 0.11 0.05 8.00 False False
’n clusters’: 9 0.83 0.83 0.45 0.10 -0.13 9.00 False False
’n clusters’: 10 0.80 0.80 0.38 0.09 -0.38 10.00 False False
’n clusters’: 11 0.78 0.78 0.39 0.10 -0.39 11.00 False False

Table C.54: Synthetic dataset - k -means clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.59 0.59 0.73 0.21 0.55 2.00 False False
’n clusters’: 3 0.77 0.77 0.70 0.22 0.57 3.00 False False
’n clusters’: 4 0.88 0.88 0.75 0.29 0.72 4.00 False False
’n clusters’: 5 0.97 0.97 0.85 0.43 0.91 5.00 True True
’n clusters’: 6 0.93 0.93 0.76 0.21 0.66 6.00 False False
’n clusters’: 7 0.89 0.89 0.68 0.16 0.35 7.00 False False
’n clusters’: 8 0.86 0.86 0.57 0.13 0.15 8.00 False False
’n clusters’: 9 0.83 0.83 0.48 0.11 -0.11 9.00 False False
’n clusters’: 10 0.80 0.80 0.39 0.09 -0.36 10.00 False False
’n clusters’: 11 0.78 0.78 0.42 0.10 -0.47 11.00 False False

Table C.55: Synthetic dataset - k -medoids clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.59 0.59 0.59 0.15 0.06 2.00 True True
’n clusters’: 3 0.73 0.73 0.48 0.12 -0.23 3.00 False False
’n clusters’: 4 0.85 0.85 0.51 0.14 -0.27 4.00 False False
’n clusters’: 5 0.97 0.97 0.62 0.19 -0.03 5.00 True True
’n clusters’: 6 0.93 0.93 0.55 0.13 -0.14 6.00 False False
’n clusters’: 7 0.90 0.90 0.54 0.14 -0.18 7.00 False False
’n clusters’: 8 0.86 0.87 0.50 0.12 -0.21 8.00 False False
’n clusters’: 9 0.85 0.85 0.49 0.13 -0.22 9.00 False False
’n clusters’: 10 0.83 0.83 0.48 0.12 -0.35 10.00 False False
’n clusters’: 11 0.82 0.82 0.48 0.12 -0.24 11.00 False False

Table C.56: Synthetic dataset - k -medoids clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.59 0.59 0.59 0.15 0.06 2.00 True True
’n clusters’: 3 0.73 0.73 0.48 0.12 -0.23 3.00 False False
’n clusters’: 4 0.85 0.85 0.51 0.14 -0.27 4.00 False False
’n clusters’: 5 0.97 0.97 0.62 0.19 -0.03 5.00 True True
’n clusters’: 6 0.93 0.93 0.55 0.13 -0.14 6.00 False False
’n clusters’: 7 0.90 0.90 0.54 0.14 -0.18 7.00 False False
’n clusters’: 8 0.86 0.87 0.50 0.12 -0.21 8.00 False False
’n clusters’: 9 0.85 0.85 0.49 0.13 -0.22 9.00 False False
’n clusters’: 10 0.83 0.83 0.48 0.12 -0.35 10.00 False False
’n clusters’: 11 0.82 0.82 0.48 0.12 -0.24 11.00 False False
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Table C.57: Synthetic dataset - k -medoids clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.59 0.59 0.59 0.15 0.06 2.00 True True
’n clusters’: 3 0.73 0.73 0.48 0.12 -0.23 3.00 False False
’n clusters’: 4 0.85 0.85 0.51 0.14 -0.27 4.00 False False
’n clusters’: 5 0.97 0.97 0.62 0.19 -0.03 5.00 True True
’n clusters’: 6 0.93 0.93 0.55 0.13 -0.14 6.00 False False
’n clusters’: 7 0.90 0.90 0.54 0.14 -0.18 7.00 False False
’n clusters’: 8 0.86 0.87 0.50 0.12 -0.21 8.00 False False
’n clusters’: 9 0.85 0.85 0.49 0.13 -0.22 9.00 False False
’n clusters’: 10 0.83 0.83 0.48 0.12 -0.35 10.00 False False
’n clusters’: 11 0.82 0.82 0.48 0.12 -0.24 11.00 False False

Table C.58: Synthetic dataset - k -medoids clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
n clusters’: 2 0.59 0.59 0.59 0.15 0.10 2.00 True True
’n clusters’: 3 0.75 0.75 0.50 0.13 -0.09 3.00 False False
’n clusters’: 4 0.86 0.86 0.54 0.15 -0.03 4.00 False False
’n clusters’: 5 0.97 0.97 0.64 0.21 0.06 5.00 True True
’n clusters’: 6 0.92 0.92 0.57 0.14 -0.12 6.00 False False
’n clusters’: 7 0.88 0.88 0.52 0.12 -0.22 7.00 False False
’n clusters’: 8 0.87 0.87 0.51 0.12 -0.19 8.00 False False
’n clusters’: 9 0.73 0.74 0.39 0.11 -0.46 9.00 False False
’n clusters’: 10 0.84 0.84 0.49 0.12 -0.18 10.00 False False
’n clusters’: 11 0.83 0.83 0.47 0.12 -0.36 11.00 False False

Table C.59: Synthetic dataset - k -medoids clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.49 0.49 0.49 0.12 -0.83 2.00 False False
’n clusters’: 3 0.70 0.70 0.43 0.10 -0.50 3.00 False False
’n clusters’: 4 0.87 0.87 0.59 0.16 0.46 4.00 False False
’n clusters’: 5 0.97 0.97 0.75 0.28 0.78 5.00 True True
’n clusters’: 6 0.93 0.93 0.65 0.15 0.54 6.00 False False
’n clusters’: 7 0.74 0.74 0.35 0.10 -0.44 7.00 False False
’n clusters’: 8 0.87 0.87 0.60 0.15 0.31 8.00 False False
’n clusters’: 9 0.86 0.86 0.59 0.14 0.33 9.00 False False
’n clusters’: 10 0.85 0.85 0.59 0.13 0.33 10.00 False False
’n clusters’: 11 0.87 0.87 0.64 0.15 0.59 11.00 False False

Table C.60: Synthetic dataset - k -medoids clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.59 0.59 0.73 0.21 0.55 2.00 False False
’n clusters’: 3 0.77 0.77 0.58 0.14 0.23 3.00 False False
’n clusters’: 4 0.87 0.87 0.78 0.34 0.76 4.00 True True
’n clusters’: 5 0.84 0.84 0.70 0.18 0.51 5.00 False False
’n clusters’: 6 0.81 0.81 0.70 0.20 0.48 6.00 False False
’n clusters’: 7 0.80 0.80 0.70 0.18 0.46 7.00 False False
’n clusters’: 8 0.79 0.80 0.68 0.15 0.46 8.00 False False
’n clusters’: 9 0.79 0.79 0.69 0.16 0.49 9.00 False False
’n clusters’: 10 0.78 0.78 0.69 0.16 0.51 10.00 False False
’n clusters’: 11 0.78 0.78 0.68 0.15 0.49 11.00 False False
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Table C.61: Synthetic dataset - GMM clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 11 0.80 0.81 0.32 0.11 -0.50 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.58 0.58 0.59 0.15 -0.11 2.00 False False
’covariance type’: ’tied’, ’n ’: 3 0.75 0.73 0.57 0.20 -0.18 3.00 True True
’covariance type’: ’tied’, ’n ’: 4 0.86 0.86 0.54 0.15 -0.37 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.97 0.97 0.62 0.19 -0.27 5.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.93 0.93 0.54 0.13 -0.13 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.90 0.91 0.45 0.11 -0.28 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.87 0.89 0.42 0.11 -0.38 8.00 False False
’covariance type’: ’tied’, ’n ’: 9 0.84 0.83 0.36 0.10 -0.63 9.00 False False
’covariance type’: ’tied’, ’n ’: 10 0.82 0.81 0.36 0.09 -0.42 10.00 False False
’covariance type’: ’tied’, ’n ’: 11 0.79 0.79 0.33 0.10 -0.75 11.00 False False
’covariance type’: ’diag’, ’n ’: 2 0.59 0.59 0.59 0.15 0.06 2.00 True True
’covariance type’: ’diag’, ’n ’: 3 0.75 0.69 0.49 0.20 0.04 3.00 True True
’covariance type’: ’diag’, ’n ’: 4 0.86 0.87 0.52 0.13 -0.08 4.00 False False
’covariance type’: ’diag’, ’n ’: 5 0.97 0.97 0.62 0.19 -0.03 5.00 True True
’covariance type’: ’diag’, ’n ’: 6 0.93 0.94 0.54 0.13 -0.14 6.00 False False
’covariance type’: ’diag’, ’n ’: 7 0.89 0.89 0.46 0.11 -0.32 7.00 False False
’covariance type’: ’diag’, ’n ’: 8 0.88 0.86 0.42 0.10 -0.45 8.00 False False
’covariance type’: ’diag’, ’n ’: 9 0.84 0.83 0.38 0.09 -0.56 9.00 False False
’covariance type’: ’diag’, ’n ’: 10 0.81 0.81 0.36 0.09 -0.65 10.00 False False
’covariance type’: ’diag’, ’n ’: 11 0.80 0.78 0.32 0.09 -0.65 11.00 False False

’covariance type’: ’spherical’, ’n ’: 2 0.59 0.59 0.59 0.15 0.06 2.00 False False
’covariance type’: ’spherical’, ’n ’: 3 0.73 0.69 0.45 0.13 -0.26 3.00 False False
’covariance type’: ’spherical’, ’n ’: 4 0.81 0.83 0.56 0.15 0.03 4.00 False False
’covariance type’: ’spherical’, ’n ’: 5 0.97 0.97 0.62 0.19 -0.03 5.00 True True
’covariance type’: ’spherical’, ’n ’: 6 0.93 0.93 0.54 0.14 -0.14 6.00 False False
’covariance type’: ’spherical’, ’n ’: 7 0.91 0.90 0.46 0.14 -0.32 7.00 False False
’covariance type’: ’spherical’, ’n ’: 8 0.86 0.86 0.48 0.10 -0.48 8.00 False False
’covariance type’: ’spherical’, ’n ’: 9 0.83 0.84 0.43 0.09 -0.61 9.00 False False
’covariance type’: ’spherical’, ’n ’: 10 0.81 0.81 0.38 0.11 -0.72 10.00 False False
’covariance type’: ’spherical’, ’n ’: 11 0.81 0.82 0.31 0.09 -0.63 11.00 False False
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Table C.62: Synthetic dataset - GMM clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 10 0.82 0.81 0.35 0.08 -0.61 10.00 False False
’covariance type’: ’full’, ’n ’: 11 0.78 0.78 0.32 0.09 -0.68 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.58 0.58 0.59 0.15 -0.11 2.00 False False
’covariance type’: ’tied’, ’n ’: 3 0.73 0.75 0.57 0.20 -0.27 3.00 True True
’covariance type’: ’tied’, ’n ’: 4 0.83 0.84 0.51 0.15 -0.17 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.97 0.97 0.62 0.19 -0.03 5.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.93 0.93 0.53 0.13 -0.20 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.90 0.90 0.50 0.11 -0.32 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.87 0.89 0.39 0.10 -0.30 8.00 False False
’covariance type’: ’tied’, ’n ’: 9 0.85 0.85 0.36 0.09 -0.55 9.00 False False
’covariance type’: ’tied’, ’n ’: 10 0.81 0.81 0.31 0.11 -0.54 10.00 False False
’covariance type’: ’tied’, ’n ’: 11 0.81 0.80 0.37 0.09 -0.49 11.00 False False
’covariance type’: ’diag’, ’n ’: 2 0.58 0.58 0.59 0.15 0.06 2.00 False False
’covariance type’: ’diag’, ’n ’: 3 0.73 0.73 0.49 0.13 -0.08 3.00 False False
’covariance type’: ’diag’, ’n ’: 4 0.88 0.88 0.45 0.15 0.09 4.00 True True
’covariance type’: ’diag’, ’n ’: 5 0.97 0.97 0.62 0.19 -0.03 5.00 True True
’covariance type’: ’diag’, ’n ’: 6 0.93 0.93 0.55 0.13 -0.15 6.00 False False
’covariance type’: ’diag’, ’n ’: 7 0.90 0.89 0.49 0.11 -0.42 7.00 False False
’covariance type’: ’diag’, ’n ’: 8 0.86 0.86 0.41 0.12 -0.38 8.00 False False
’covariance type’: ’diag’, ’n ’: 9 0.83 0.83 0.42 0.08 -0.54 9.00 False False
’covariance type’: ’diag’, ’n ’: 10 0.81 0.83 0.35 0.09 -0.54 10.00 False False
’covariance type’: ’diag’, ’n ’: 11 0.80 0.79 0.36 0.08 -0.60 11.00 False False

’covariance type’: ’spherical’, ’n ’: 2 0.59 0.59 0.59 0.15 0.06 2.00 True True
’covariance type’: ’spherical’, ’n ’: 3 0.68 0.73 0.48 0.20 -0.18 3.00 True True
’covariance type’: ’spherical’, ’n ’: 4 0.83 0.83 0.48 0.18 -0.35 4.00 False False
’covariance type’: ’spherical’, ’n ’: 5 0.97 0.97 0.62 0.19 -0.03 5.00 True True
’covariance type’: ’spherical’, ’n ’: 6 0.93 0.93 0.54 0.13 -0.20 6.00 False False
’covariance type’: ’spherical’, ’n ’: 7 0.89 0.91 0.45 0.11 -0.29 7.00 False False
’covariance type’: ’spherical’, ’n ’: 8 0.86 0.86 0.41 0.09 -0.46 8.00 False False
’covariance type’: ’spherical’, ’n ’: 9 0.83 0.83 0.36 0.09 -0.39 9.00 False False
’covariance type’: ’spherical’, ’n ’: 10 0.82 0.82 0.39 0.09 -0.50 10.00 False False
’covariance type’: ’spherical’, ’n ’: 11 0.78 0.80 0.36 0.10 -0.73 11.00 False False

Table C.63: Synthetic dataset - GMM clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 2 0.58 0.59 0.59 0.15 0.06 2.00 False False
’covariance type’: ’full’, ’n ’: 3 0.73 0.76 0.49 0.20 -0.08 3.00 True True
’covariance type’: ’full’, ’n ’: 4 0.88 0.88 0.53 0.14 -0.07 4.00 False False
’covariance type’: ’full’, ’n ’: 5 0.97 0.97 0.62 0.19 -0.03 5.00 False False
’covariance type’: ’full’, ’n ’: 6 0.93 0.93 0.54 0.13 -0.14 6.00 False False
’covariance type’: ’full’, ’n ’: 7 0.90 0.89 0.49 0.11 -0.37 7.00 False False
’covariance type’: ’full’, ’n ’: 8 0.87 0.86 0.40 0.10 -0.35 8.00 False False
’covariance type’: ’full’, ’n ’: 9 0.84 0.84 0.36 0.09 -0.61 9.00 False False
’covariance type’: ’full’, ’n ’: 10 0.83 0.80 0.36 0.08 -0.54 10.00 False False
’covariance type’: ’full’, ’n ’: 11 0.78 0.80 0.31 0.09 -0.69 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.58 0.58 0.59 0.15 -0.11 2.00 False False
’covariance type’: ’tied’, ’n ’: 3 0.75 0.75 0.49 0.12 -0.18 3.00 False False
’covariance type’: ’tied’, ’n ’: 4 0.86 0.86 0.52 0.15 -0.17 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.97 0.79 0.44 0.19 -0.03 5.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.93 0.93 0.53 0.13 -0.24 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.90 0.90 0.48 0.11 -0.27 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.88 0.86 0.42 0.10 -0.46 8.00 False False
’covariance type’: ’tied’, ’n ’: 9 0.83 0.83 0.36 0.10 -0.46 9.00 False False
’covariance type’: ’tied’, ’n ’: 10 0.80 0.82 0.34 0.09 -0.60 10.00 False False
’covariance type’: ’tied’, ’n ’: 11 0.81 0.80 0.38 0.09 -0.62 11.00 False False
’covariance type’: ’diag’, ’n ’: 2 0.59 0.59 0.59 0.15 0.06 2.00 True True
’covariance type’: ’diag’, ’n ’: 3 0.73 0.73 0.57 0.12 0.05 3.00 False False
’covariance type’: ’diag’, ’n ’: 4 0.81 0.87 0.56 0.15 -0.08 4.00 False False
’covariance type’: ’diag’, ’n ’: 5 0.97 0.97 0.62 0.19 -0.03 5.00 True True
’covariance type’: ’diag’, ’n ’: 6 0.95 0.94 0.53 0.13 -0.20 6.00 False False
’covariance type’: ’diag’, ’n ’: 7 0.90 0.89 0.47 0.11 -0.17 7.00 False False
’covariance type’: ’diag’, ’n ’: 8 0.88 0.88 0.39 0.09 -0.40 8.00 False False
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Table C.64: Synthetic dataset - GMM clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 2 0.58 0.59 0.59 0.15 0.10 2.00 True True
’covariance type’: ’full’, ’n ’: 3 0.76 0.77 0.49 0.22 -0.05 3.00 True True
’covariance type’: ’full’, ’n ’: 4 0.88 0.88 0.53 0.15 -0.03 4.00 False False
’covariance type’: ’full’, ’n ’: 5 0.97 0.97 0.64 0.21 0.06 5.00 True True
’covariance type’: ’full’, ’n ’: 6 0.93 0.93 0.57 0.14 -0.06 6.00 False False
’covariance type’: ’full’, ’n ’: 7 0.89 0.89 0.52 0.11 -0.25 7.00 False False
’covariance type’: ’full’, ’n ’: 8 0.87 0.86 0.52 0.09 -0.42 8.00 False False
’covariance type’: ’full’, ’n ’: 9 0.84 0.83 0.42 0.09 -0.57 9.00 False False
’covariance type’: ’full’, ’n ’: 10 0.81 0.81 0.38 0.10 -0.71 10.00 False False
’covariance type’: ’full’, ’n ’: 11 0.80 0.79 0.36 0.09 -0.67 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.58 0.58 0.59 0.15 0.19 2.00 True True
’covariance type’: ’tied’, ’n ’: 3 0.73 0.73 0.48 0.21 -0.22 3.00 False False
’covariance type’: ’tied’, ’n ’: 4 0.87 0.85 0.53 0.15 -0.21 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.97 0.97 0.64 0.21 0.06 5.00 True True
’covariance type’: ’tied’, ’n ’: 6 0.93 0.93 0.55 0.14 -0.05 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.90 0.90 0.43 0.11 -0.26 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.88 0.88 0.42 0.12 -0.34 8.00 False False
’covariance type’: ’tied’, ’n ’: 9 0.84 0.84 0.40 0.11 -0.58 9.00 False False
’covariance type’: ’tied’, ’n ’: 10 0.83 0.82 0.37 0.08 -0.67 10.00 False False
’covariance type’: ’tied’, ’n ’: 11 0.79 0.79 0.32 0.10 -0.60 11.00 False False
’covariance type’: ’diag’, ’n ’: 2 0.58 0.58 0.59 0.15 0.10 2.00 False False
’covariance type’: ’diag’, ’n ’: 3 0.75 0.74 0.59 0.12 -0.44 3.00 False False
’covariance type’: ’diag’, ’n ’: 4 0.88 0.82 0.49 0.15 0.10 4.00 False False
’covariance type’: ’diag’, ’n ’: 5 0.97 0.97 0.64 0.21 0.06 5.00 True True
’covariance type’: ’diag’, ’n ’: 6 0.93 0.94 0.57 0.13 -0.06 6.00 False False
’covariance type’: ’diag’, ’n ’: 7 0.90 0.89 0.50 0.12 -0.31 7.00 False False
’covariance type’: ’diag’, ’n ’: 8 0.87 0.87 0.43 0.10 -0.44 8.00 False False
’covariance type’: ’diag’, ’n ’: 9 0.84 0.83 0.37 0.09 -0.52 9.00 False False
’covariance type’: ’diag’, ’n ’: 10 0.81 0.81 0.32 0.08 -0.61 10.00 False False
’covariance type’: ’diag’, ’n ’: 11 0.80 0.78 0.32 0.12 -0.53 11.00 False False

’covariance type’: ’spherical’, ’n ’: 2 0.59 0.59 0.59 0.15 0.10 2.00 True True
’covariance type’: ’spherical’, ’n ’: 3 0.73 0.69 0.46 0.14 -0.36 3.00 False False
’covariance type’: ’spherical’, ’n ’: 4 0.82 0.82 0.50 0.15 0.08 4.00 False False
’covariance type’: ’spherical’, ’n ’: 5 0.97 0.97 0.64 0.21 0.06 5.00 False False

Table C.65: Synthetic dataset - GMM clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 11 0.78 0.78 0.36 0.10 -0.35 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.53 0.53 0.51 0.12 -0.81 2.00 False False
’covariance type’: ’tied’, ’n ’: 3 0.74 0.74 0.49 0.12 0.47 3.00 False False
’covariance type’: ’tied’, ’n ’: 4 0.87 0.88 0.59 0.15 -0.14 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.97 0.97 0.75 0.28 0.78 5.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.93 0.93 0.67 0.16 0.53 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.89 0.89 0.58 0.13 0.30 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.87 0.86 0.53 0.11 0.03 8.00 False False
’covariance type’: ’tied’, ’n ’: 9 0.83 0.83 0.52 0.12 -0.17 9.00 False False
’covariance type’: ’tied’, ’n ’: 10 0.82 0.81 0.46 0.10 -0.16 10.00 False False
’covariance type’: ’tied’, ’n ’: 11 0.78 0.78 0.36 0.09 -0.16 11.00 False False
’covariance type’: ’diag’, ’n ’: 2 0.59 0.59 0.52 0.12 0.16 2.00 False False
’covariance type’: ’diag’, ’n ’: 3 0.74 0.77 0.51 0.19 0.47 3.00 False False
’covariance type’: ’diag’, ’n ’: 4 0.88 0.88 0.61 0.16 0.59 4.00 False False
’covariance type’: ’diag’, ’n ’: 5 0.97 0.97 0.75 0.28 0.78 5.00 True True
’covariance type’: ’diag’, ’n ’: 6 0.93 0.93 0.67 0.15 0.50 6.00 False False
’covariance type’: ’diag’, ’n ’: 7 0.89 0.89 0.60 0.13 0.28 7.00 False False
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Table C.66: Synthetic dataset - GMM clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 2 0.59 0.59 0.73 0.21 0.55 2.00 False False
’covariance type’: ’full’, ’n ’: 3 0.74 0.77 0.70 0.22 0.57 3.00 False False
’covariance type’: ’full’, ’n ’: 4 0.87 0.88 0.75 0.29 0.72 4.00 False False
’covariance type’: ’full’, ’n ’: 5 0.97 0.97 0.85 0.43 0.91 5.00 True True
’covariance type’: ’full’, ’n ’: 6 0.93 0.93 0.76 0.17 0.68 6.00 False False
’covariance type’: ’full’, ’n ’: 7 0.89 0.90 0.66 0.14 0.32 7.00 False False
’covariance type’: ’full’, ’n ’: 8 0.86 0.86 0.57 0.13 0.42 8.00 False False
’covariance type’: ’full’, ’n ’: 9 0.83 0.83 0.48 0.10 -0.26 9.00 False False
’covariance type’: ’full’, ’n ’: 10 0.81 0.81 0.48 0.09 -0.46 10.00 False False
’covariance type’: ’full’, ’n ’: 11 0.79 0.79 0.50 0.10 -0.39 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.59 0.59 0.73 0.21 0.55 2.00 False False
’covariance type’: ’tied’, ’n ’: 3 0.77 0.77 0.70 0.22 0.70 3.00 False False
’covariance type’: ’tied’, ’n ’: 4 0.88 0.88 0.75 0.29 0.72 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.97 0.97 0.85 0.43 0.91 5.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.93 0.93 0.75 0.18 0.62 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.89 0.89 0.66 0.16 0.37 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.86 0.87 0.57 0.12 0.05 8.00 False False
’covariance type’: ’tied’, ’n ’: 9 0.83 0.83 0.46 0.10 -0.21 9.00 False False
’covariance type’: ’tied’, ’n ’: 10 0.81 0.82 0.47 0.10 -0.54 10.00 False False

Table C.67: Synthetic dataset - DBSCAN clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 0.4, ’min samples’: 50 0.83 0.83 0.51 0.06 0.25 6.00 True True
’eps’: 0.4, ’min samples’: 100 0.57 0.57 0.13 0.06 0.39 6.00 True True
’eps’: 0.4, ’min samples’: 150 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 250 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 100 0.91 0.91 0.59 0.06 0.05 6.00 False False
’eps’: 0.6, ’min samples’: 150 0.84 0.84 0.52 0.06 0.23 6.00 True True
’eps’: 0.6, ’min samples’: 200 0.72 0.72 0.37 0.06 0.38 6.00 True True
’eps’: 0.6, ’min samples’: 250 0.27 0.27 -0.09 0.12 0.16 3.00 True True
’eps’: 0.6, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 200 0.92 0.92 0.60 0.06 0.05 6.00 True True
’eps’: 0.8, ’min samples’: 250 0.90 0.90 0.58 0.06 0.13 6.00 True True
’eps’: 0.8, ’min samples’: 300 0.83 0.84 0.52 0.06 0.19 6.00 True True
’eps’: 0.8, ’min samples’: 350 0.67 0.67 0.29 0.08 0.37 5.00 True True
’eps’: 0.8, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1, ’min samples’: 300 0.85 0.85 0.52 0.05 -0.34 5.00 False False
’eps’: 1, ’min samples’: 350 0.92 0.92 0.60 0.06 0.04 6.00 True True
’eps’: 1, ’min samples’: 400 0.90 0.90 0.58 0.06 0.12 6.00 True True
’eps’: 1, ’min samples’: 450 0.80 0.80 0.48 0.06 0.29 6.00 True True

’eps’: 1.2, ’min samples’: 100 0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.2, ’min samples’: 150 -0.00 0.00 0.17 0.16 nan 2.00 True False
’eps’: 1.2, ’min samples’: 400 0.72 0.72 0.57 0.04 -0.06 4.00 False False
’eps’: 1.2, ’min samples’: 450 0.91 0.91 0.60 0.06 -0.31 6.00 True True
’eps’: 1.2, ’min samples’: 500 0.92 0.92 0.59 0.06 0.07 6.00 True True
’eps’: 1.4, ’min samples’: 350 0.58 0.59 0.42 0.16 0.06 3.00 False False
’eps’: 1.4, ’min samples’: 400 0.59 0.59 0.42 0.16 0.06 3.00 True True
’eps’: 1.4, ’min samples’: 450 0.59 0.59 0.54 0.03 0.06 3.00 False False
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Table C.68: Synthetic dataset - DBSCAN clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 0.2, ’min samples’: 650 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 50 0.83 0.83 0.51 0.06 0.25 6.00 True True
’eps’: 0.4, ’min samples’: 100 0.57 0.57 0.13 0.06 0.39 6.00 True True
’eps’: 0.4, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 550 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 650 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 50 0.71 0.71 0.55 0.06 -0.08 4.00 False False
’eps’: 0.6, ’min samples’: 100 0.91 0.91 0.59 0.06 0.05 6.00 False False
’eps’: 0.6, ’min samples’: 150 0.84 0.84 0.52 0.06 0.23 6.00 True True
’eps’: 0.6, ’min samples’: 200 0.72 0.72 0.37 0.06 0.38 6.00 True True
’eps’: 0.6, ’min samples’: 250 0.27 0.27 -0.09 0.12 0.16 3.00 True True
’eps’: 0.6, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 550 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 650 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 50 0.59 0.59 0.54 0.03 0.06 3.00 False False
’eps’: 0.8, ’min samples’: 100 0.58 0.58 0.54 0.03 0.06 3.00 False False
’eps’: 0.8, ’min samples’: 150 0.85 0.85 0.52 0.06 -0.13 5.00 False False
’eps’: 0.8, ’min samples’: 200 0.92 0.92 0.60 0.06 0.05 6.00 True True
’eps’: 0.8, ’min samples’: 250 0.90 0.90 0.58 0.06 0.13 6.00 True True
’eps’: 0.8, ’min samples’: 300 0.83 0.84 0.52 0.06 0.19 6.00 True True
’eps’: 0.8, ’min samples’: 350 0.67 0.67 0.29 0.08 0.37 5.00 True True
’eps’: 0.8, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False

’eps’: 1, ’min samples’: 50 -0.00 0.00 0.30 0.01 nan 2.00 False False
’eps’: 1, ’min samples’: 100 0.58 0.58 0.56 0.03 0.06 3.00 False False
’eps’: 1, ’min samples’: 150 0.59 0.59 0.54 0.03 0.06 3.00 False False
’eps’: 1, ’min samples’: 200 0.59 0.59 0.55 0.03 0.06 3.00 False False
’eps’: 1, ’min samples’: 250 0.71 0.71 0.55 0.05 -0.05 4.00 False False
’eps’: 1, ’min samples’: 300 0.85 0.85 0.52 0.05 -0.34 5.00 False False
’eps’: 1, ’min samples’: 350 0.92 0.92 0.60 0.06 0.04 6.00 True True
’eps’: 1, ’min samples’: 400 0.90 0.90 0.58 0.06 0.12 6.00 True True
’eps’: 1, ’min samples’: 450 0.80 0.80 0.48 0.06 0.29 6.00 True True

’eps’: 1.2, ’min samples’: 100 0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.2, ’min samples’: 150 -0.00 0.00 0.17 0.16 nan 2.00 True False
’eps’: 1.2, ’min samples’: 200 0.58 0.58 0.42 0.16 0.06 3.00 False False
’eps’: 1.2, ’min samples’: 250 0.59 0.59 0.56 0.03 0.06 3.00 False False
’eps’: 1.2, ’min samples’: 300 0.59 0.59 0.54 0.03 0.06 3.00 False False
’eps’: 1.2, ’min samples’: 350 0.59 0.59 0.56 0.04 0.06 3.00 False False
’eps’: 1.2, ’min samples’: 400 0.72 0.72 0.57 0.04 -0.06 4.00 False False
’eps’: 1.2, ’min samples’: 450 0.91 0.91 0.60 0.06 -0.31 6.00 True True
’eps’: 1.2, ’min samples’: 500 0.92 0.92 0.59 0.06 0.07 6.00 True True
’eps’: 1.4, ’min samples’: 200 0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.4, ’min samples’: 250 0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.4, ’min samples’: 300 0.58 0.58 0.42 0.16 0.06 3.00 False False
’eps’: 1.4, ’min samples’: 350 0.58 0.59 0.42 0.16 0.06 3.00 False False
’eps’: 1.4, ’min samples’: 400 0.59 0.59 0.42 0.16 0.06 3.00 True True
’eps’: 1.4, ’min samples’: 450 0.59 0.59 0.54 0.03 0.06 3.00 False False
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Table C.69: Synthetic dataset - DBSCAN clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 0.2, ’min samples’: 650 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 50 0.83 0.83 0.51 0.06 0.25 6.00 True True
’eps’: 0.4, ’min samples’: 100 0.57 0.57 0.13 0.06 0.39 6.00 True True
’eps’: 0.4, ’min samples’: 150 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 250 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 650 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 50 0.71 0.71 0.55 0.06 -0.08 4.00 False False
’eps’: 0.6, ’min samples’: 100 0.91 0.91 0.59 0.06 0.05 6.00 False False
’eps’: 0.6, ’min samples’: 150 0.84 0.84 0.52 0.06 0.23 6.00 True True
’eps’: 0.6, ’min samples’: 200 0.72 0.72 0.37 0.06 0.38 6.00 True True
’eps’: 0.6, ’min samples’: 250 0.27 0.27 -0.09 0.12 0.16 3.00 True True
’eps’: 0.6, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 550 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 650 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 50 0.59 0.59 0.54 0.03 0.06 3.00 False False
’eps’: 0.8, ’min samples’: 100 0.58 0.58 0.52 0.02 0.06 3.00 False False
’eps’: 0.8, ’min samples’: 150 0.85 0.85 0.52 0.06 -0.13 5.00 False False
’eps’: 0.8, ’min samples’: 200 0.92 0.92 0.60 0.06 0.05 6.00 True True
’eps’: 0.8, ’min samples’: 250 0.90 0.90 0.58 0.06 0.13 6.00 True True
’eps’: 0.8, ’min samples’: 300 0.83 0.84 0.52 0.06 0.19 6.00 True True
’eps’: 0.8, ’min samples’: 350 0.67 0.67 0.29 0.08 0.37 5.00 True True
’eps’: 0.8, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 550 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 650 0.00 0.00 0.00 0.00 0.00 1.00 False False

’eps’: 1, ’min samples’: 50 -0.00 0.00 0.30 0.01 nan 2.00 False False
’eps’: 1, ’min samples’: 100 0.58 0.58 0.56 0.03 0.06 3.00 False False
’eps’: 1, ’min samples’: 150 0.59 0.59 0.54 0.03 0.06 3.00 False False
’eps’: 1, ’min samples’: 200 0.59 0.59 0.55 0.03 0.06 3.00 False False
’eps’: 1, ’min samples’: 250 0.71 0.71 0.56 0.05 -0.05 4.00 False False
’eps’: 1, ’min samples’: 300 0.85 0.85 0.52 0.05 -0.34 5.00 False False
’eps’: 1, ’min samples’: 350 0.92 0.92 0.60 0.06 0.04 6.00 True True
’eps’: 1, ’min samples’: 400 0.90 0.90 0.58 0.06 0.12 6.00 True True
’eps’: 1, ’min samples’: 450 0.80 0.80 0.48 0.06 0.29 6.00 True True

’eps’: 1.2, ’min samples’: 100 0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.2, ’min samples’: 150 -0.00 0.00 0.17 0.16 nan 2.00 True False
’eps’: 1.2, ’min samples’: 200 0.58 0.58 0.42 0.16 0.06 3.00 False False
’eps’: 1.2, ’min samples’: 250 0.59 0.59 0.56 0.03 0.06 3.00 False False
’eps’: 1.2, ’min samples’: 300 0.59 0.59 0.54 0.03 0.06 3.00 False False
’eps’: 1.2, ’min samples’: 350 0.59 0.59 0.56 0.04 0.06 3.00 False False
’eps’: 1.2, ’min samples’: 400 0.72 0.72 0.57 0.04 -0.06 4.00 False False
’eps’: 1.2, ’min samples’: 450 0.91 0.91 0.60 0.06 -0.31 6.00 False False
’eps’: 1.2, ’min samples’: 500 0.92 0.92 0.59 0.06 0.07 6.00 True True
’eps’: 1.4, ’min samples’: 250 0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.4, ’min samples’: 300 0.58 0.58 0.42 0.16 0.06 3.00 False False
’eps’: 1.4, ’min samples’: 350 0.58 0.59 0.42 0.16 0.06 3.00 False False
’eps’: 1.4, ’min samples’: 400 0.59 0.59 0.42 0.16 0.06 3.00 True True
’eps’: 1.4, ’min samples’: 450 0.59 0.59 0.54 0.03 0.06 3.00 False False
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Table C.70: Synthetic dataset - DBSCAN clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 0.2, ’min samples’: 650 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 50 0.86 0.86 0.56 0.06 0.45 6.00 True True
’eps’: 0.4, ’min samples’: 100 0.63 0.63 0.24 0.06 0.46 6.00 True True
’eps’: 0.4, ’min samples’: 150 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.4, ’min samples’: 650 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 50 0.72 0.72 0.57 0.06 0.04 4.00 False False
’eps’: 0.6, ’min samples’: 100 0.92 0.92 0.62 0.05 0.20 6.00 True True
’eps’: 0.6, ’min samples’: 150 0.87 0.87 0.57 0.05 0.37 6.00 True True
’eps’: 0.6, ’min samples’: 200 0.76 0.76 0.44 0.06 0.50 6.00 True True
’eps’: 0.6, ’min samples’: 250 0.47 0.48 0.04 0.06 0.28 4.00 False False
’eps’: 0.6, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.6, ’min samples’: 650 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 50 0.59 0.59 0.56 0.03 0.10 3.00 False False
’eps’: 0.8, ’min samples’: 100 0.72 0.72 0.59 0.04 0.01 4.00 False False
’eps’: 0.8, ’min samples’: 150 0.86 0.86 0.54 0.05 -0.25 5.00 False False
’eps’: 0.8, ’min samples’: 200 0.94 0.94 0.63 0.05 0.13 6.00 True True
’eps’: 0.8, ’min samples’: 250 0.92 0.92 0.62 0.05 0.19 6.00 False False
’eps’: 0.8, ’min samples’: 300 0.87 0.87 0.58 0.05 0.37 6.00 True True
’eps’: 0.8, ’min samples’: 350 0.76 0.76 0.44 0.05 0.50 6.00 False False
’eps’: 0.8, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 550 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 650 0.00 0.00 0.00 0.00 0.00 1.00 False False

’eps’: 1, ’min samples’: 50 -0.00 0.00 0.15 0.16 nan 2.00 False False
’eps’: 1, ’min samples’: 100 0.59 0.59 0.41 0.16 0.10 3.00 True True
’eps’: 1, ’min samples’: 150 0.59 0.59 0.41 0.16 0.10 3.00 True True
’eps’: 1, ’min samples’: 200 0.72 0.72 0.59 0.03 0.08 4.00 False False
’eps’: 1, ’min samples’: 250 0.72 0.72 0.57 0.05 0.12 4.00 False False
’eps’: 1, ’min samples’: 300 0.94 0.94 0.63 0.06 -0.19 6.00 True True
’eps’: 1, ’min samples’: 350 0.94 0.94 0.63 0.05 0.13 6.00 True True
’eps’: 1, ’min samples’: 400 0.92 0.92 0.62 0.04 0.13 6.00 False False
’eps’: 1, ’min samples’: 450 0.85 0.85 0.54 0.05 0.28 6.00 False False
’eps’: 1, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1, ’min samples’: 550 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1, ’min samples’: 650 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.2, ’min samples’: 50 0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.2, ’min samples’: 100 0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.2, ’min samples’: 150 0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.2, ’min samples’: 200 0.58 0.59 0.41 0.16 0.10 3.00 False False
’eps’: 1.2, ’min samples’: 250 0.59 0.59 0.41 0.16 0.10 3.00 False False
’eps’: 1.2, ’min samples’: 300 0.59 0.59 0.41 0.16 0.10 3.00 False False
’eps’: 1.2, ’min samples’: 350 0.72 0.72 0.59 0.04 0.04 4.00 False False
’eps’: 1.2, ’min samples’: 400 0.73 0.73 0.58 0.05 0.01 4.00 False False
’eps’: 1.2, ’min samples’: 450 0.93 0.93 0.63 0.06 -0.22 6.00 True True
’eps’: 1.4, ’min samples’: 150 0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.4, ’min samples’: 200 0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.4, ’min samples’: 250 0.00 0.00 0.00 0.00 nan 1.00 False False
’eps’: 1.4, ’min samples’: 300 0.58 0.58 0.59 0.15 0.10 2.00 True True
’eps’: 1.4, ’min samples’: 350 0.58 0.59 0.41 0.16 0.10 3.00 False False
’eps’: 1.4, ’min samples’: 400 0.59 0.59 0.41 0.16 0.10 3.00 False False
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Table C.71: Synthetic dataset - DBSCAN clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 4, ’min samples’: 50 0.97 0.97 0.75 0.28 0.78 5.00 True True
’eps’: 4, ’min samples’: 100 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 4, ’min samples’: 150 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 4, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 4, ’min samples’: 250 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 4, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 4, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 4, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 4, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 5, ’min samples’: 50 0.97 0.97 0.75 0.28 0.78 5.00 False False
’eps’: 5, ’min samples’: 100 0.96 0.96 0.74 0.07 0.78 6.00 False False
’eps’: 5, ’min samples’: 150 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 5, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 5, ’min samples’: 250 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 5, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 5, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 5, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 5, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 6, ’min samples’: 50 0.97 0.97 0.75 0.28 0.78 5.00 False False
’eps’: 6, ’min samples’: 100 0.97 0.97 0.75 0.28 0.78 5.00 False False
’eps’: 6, ’min samples’: 150 0.94 0.94 0.71 0.07 0.77 6.00 False False
’eps’: 6, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 6, ’min samples’: 250 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 6, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 6, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False

Table C.72: Synthetic dataset - DBSCAN clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 0.5, ’min samples’: 50 0.97 0.97 0.85 0.43 0.91 5.00 True True
’eps’: 0.5, ’min samples’: 100 0.97 0.97 0.85 0.43 0.91 5.00 False False
’eps’: 0.5, ’min samples’: 150 0.92 0.92 0.73 0.20 0.65 7.00 False False
’eps’: 0.5, ’min samples’: 200 0.39 0.39 -0.14 0.10 0.15 5.00 False False
’eps’: 0.5, ’min samples’: 250 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.5, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.5, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.5, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.5, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False

’eps’: 1, ’min samples’: 50 0.97 0.97 0.85 0.43 0.91 5.00 False False
’eps’: 1, ’min samples’: 100 0.97 0.97 0.85 0.43 0.91 5.00 False False
’eps’: 1, ’min samples’: 150 0.97 0.97 0.85 0.43 0.91 5.00 False False
’eps’: 1, ’min samples’: 200 0.97 0.97 0.85 0.43 0.91 5.00 False False
’eps’: 1, ’min samples’: 250 0.97 0.97 0.85 0.43 0.91 5.00 False False
’eps’: 1, ’min samples’: 300 0.97 0.97 0.85 0.43 0.91 5.00 False False
’eps’: 1, ’min samples’: 350 0.97 0.97 0.85 0.43 0.91 5.00 False False
’eps’: 1, ’min samples’: 400 0.97 0.97 0.85 0.43 0.91 5.00 False False
’eps’: 1, ’min samples’: 450 0.97 0.97 0.85 0.43 0.91 5.00 False False
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Table C.73: Synthetic dataset - OPTICS clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 0.5, ’min samples’: 50 0.84 0.84 0.51 0.05 -0.08 5.00 False False
’max eps’: 0.5, ’min samples’: 100 0.82 0.82 0.50 0.06 0.42 6.00 True True
’max eps’: 0.5, ’min samples’: 150 0.63 0.63 0.24 0.06 0.43 6.00 False False
’max eps’: 0.5, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 250 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.7, ’min samples’: 50 0.72 0.72 0.57 0.19 0.29 3.00 False False
’max eps’: 0.7, ’min samples’: 100 0.71 0.71 0.55 0.06 0.02 4.00 False False
’max eps’: 0.7, ’min samples’: 150 0.91 0.91 0.59 0.06 0.05 6.00 True True
’max eps’: 0.7, ’min samples’: 200 0.87 0.87 0.55 0.06 0.09 6.00 False False
’max eps’: 0.7, ’min samples’: 250 0.78 0.78 0.46 0.06 0.41 6.00 False False
’max eps’: 0.7, ’min samples’: 300 0.53 0.53 0.08 0.08 0.32 5.00 False False
’max eps’: 0.7, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.7, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.7, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.7, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False

’max eps’: 1, ’min samples’: 50 0.72 0.72 0.57 0.20 0.29 3.00 False False
’max eps’: 1, ’min samples’: 100 0.71 0.71 0.57 0.20 0.30 3.00 True True
’max eps’: 1, ’min samples’: 150 0.59 0.59 0.54 0.03 0.06 3.00 False False
’max eps’: 1, ’min samples’: 200 0.59 0.59 0.55 0.03 0.06 3.00 False False
’max eps’: 1, ’min samples’: 250 0.71 0.71 0.55 0.05 -0.06 4.00 False False
’max eps’: 1, ’min samples’: 300 0.85 0.85 0.52 0.06 -0.32 5.00 False False
’max eps’: 1, ’min samples’: 350 0.92 0.92 0.60 0.06 0.02 6.00 True True
’max eps’: 1, ’min samples’: 400 0.90 0.90 0.58 0.06 0.04 6.00 False False
’max eps’: 1, ’min samples’: 450 0.78 0.78 0.45 0.06 0.33 6.00 False False
’max eps’: 1, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.2, ’min samples’: 50 0.72 0.72 0.57 0.20 0.29 3.00 False False
’max eps’: 1.2, ’min samples’: 100 0.72 0.72 0.57 0.20 0.30 3.00 False False
’max eps’: 1.2, ’min samples’: 150 0.58 0.58 0.48 0.02 0.06 3.00 False False
’max eps’: 1.2, ’min samples’: 200 0.58 0.58 0.42 0.16 0.06 3.00 False False
’max eps’: 1.2, ’min samples’: 250 0.59 0.59 0.56 0.03 0.06 3.00 False False
’max eps’: 1.2, ’min samples’: 300 0.59 0.59 0.54 0.03 0.06 3.00 False False
’max eps’: 1.2, ’min samples’: 350 0.73 0.73 0.48 0.13 0.48 3.00 True True
’max eps’: 1.2, ’min samples’: 400 0.82 0.82 0.49 0.14 0.05 4.00 False False
’max eps’: 1.2, ’min samples’: 450 0.91 0.91 0.60 0.06 -0.34 6.00 False False
’max eps’: 1.2, ’min samples’: 500 0.90 0.90 0.58 0.06 0.12 6.00 True True
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Table C.74: Synthetic dataset - OPTICS clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 0.5, ’min samples’: 50 0.84 0.84 0.51 0.05 -0.08 5.00 False False
’max eps’: 0.5, ’min samples’: 100 0.82 0.82 0.50 0.06 0.42 6.00 True True
’max eps’: 0.5, ’min samples’: 150 0.63 0.63 0.24 0.06 0.43 6.00 False False
’max eps’: 0.5, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 250 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.7, ’min samples’: 50 0.72 0.72 0.57 0.19 0.29 3.00 False False
’max eps’: 0.7, ’min samples’: 100 0.71 0.71 0.55 0.06 0.02 4.00 False False
’max eps’: 0.7, ’min samples’: 150 0.91 0.91 0.59 0.06 0.05 6.00 True True
’max eps’: 0.7, ’min samples’: 200 0.87 0.87 0.55 0.06 0.09 6.00 False False
’max eps’: 0.7, ’min samples’: 250 0.78 0.78 0.46 0.06 0.41 6.00 False False
’max eps’: 0.7, ’min samples’: 300 0.53 0.53 0.08 0.08 0.32 5.00 False False
’max eps’: 0.7, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.7, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.7, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.7, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False

’max eps’: 1, ’min samples’: 50 0.72 0.72 0.57 0.20 0.29 3.00 False False
’max eps’: 1, ’min samples’: 100 0.71 0.71 0.57 0.20 0.30 3.00 True True
’max eps’: 1, ’min samples’: 150 0.59 0.59 0.54 0.03 0.06 3.00 False False
’max eps’: 1, ’min samples’: 200 0.59 0.59 0.55 0.03 0.06 3.00 False False
’max eps’: 1, ’min samples’: 250 0.71 0.71 0.55 0.05 -0.06 4.00 False False
’max eps’: 1, ’min samples’: 300 0.85 0.85 0.52 0.06 -0.32 5.00 False False
’max eps’: 1, ’min samples’: 350 0.92 0.92 0.60 0.06 0.02 6.00 True True
’max eps’: 1, ’min samples’: 400 0.90 0.90 0.58 0.06 0.04 6.00 False False
’max eps’: 1, ’min samples’: 450 0.78 0.78 0.45 0.06 0.33 6.00 False False
’max eps’: 1, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.2, ’min samples’: 50 0.72 0.72 0.57 0.20 0.29 3.00 False False
’max eps’: 1.2, ’min samples’: 100 0.72 0.72 0.57 0.20 0.30 3.00 False False
’max eps’: 1.2, ’min samples’: 150 0.58 0.58 0.48 0.02 0.06 3.00 False False
’max eps’: 1.2, ’min samples’: 200 0.58 0.58 0.42 0.16 0.06 3.00 False False
’max eps’: 1.2, ’min samples’: 250 0.59 0.59 0.56 0.03 0.06 3.00 False False
’max eps’: 1.2, ’min samples’: 300 0.59 0.59 0.54 0.03 0.06 3.00 False False
’max eps’: 1.2, ’min samples’: 350 0.73 0.73 0.48 0.13 0.48 3.00 True True
’max eps’: 1.2, ’min samples’: 400 0.82 0.82 0.49 0.14 0.05 4.00 False False
’max eps’: 1.2, ’min samples’: 450 0.91 0.91 0.60 0.06 -0.34 6.00 False False
’max eps’: 1.2, ’min samples’: 500 0.90 0.90 0.58 0.06 0.12 6.00 True True
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Table C.75: Synthetic dataset - OPTICS clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 0.5, ’min samples’: 50 0.84 0.84 0.51 0.06 -0.08 5.00 False False
’max eps’: 0.5, ’min samples’: 100 0.82 0.82 0.50 0.06 0.42 6.00 True True
’max eps’: 0.5, ’min samples’: 150 0.63 0.63 0.24 0.06 0.43 6.00 False False
’max eps’: 0.5, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 250 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.7, ’min samples’: 50 0.69 0.69 0.29 0.12 0.34 3.00 False False
’max eps’: 0.7, ’min samples’: 100 0.71 0.71 0.55 0.06 0.02 4.00 False False
’max eps’: 0.7, ’min samples’: 150 0.91 0.91 0.59 0.06 0.05 6.00 True True
’max eps’: 0.7, ’min samples’: 200 0.87 0.87 0.55 0.06 0.09 6.00 False False
’max eps’: 0.7, ’min samples’: 250 0.78 0.78 0.46 0.06 0.41 6.00 False False
’max eps’: 0.7, ’min samples’: 300 0.53 0.53 0.08 0.08 0.32 5.00 False False
’max eps’: 0.7, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.7, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.7, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.7, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False

’max eps’: 1, ’min samples’: 50 0.69 0.69 0.29 0.12 0.34 3.00 False False
’max eps’: 1, ’min samples’: 100 0.71 0.71 0.57 0.20 0.30 3.00 True True
’max eps’: 1, ’min samples’: 150 0.59 0.59 0.54 0.03 0.06 3.00 False False
’max eps’: 1, ’min samples’: 200 0.59 0.59 0.55 0.03 0.06 3.00 False False
’max eps’: 1, ’min samples’: 250 0.71 0.71 0.56 0.05 -0.06 4.00 False False
’max eps’: 1, ’min samples’: 300 0.85 0.85 0.52 0.06 -0.32 5.00 False False
’max eps’: 1, ’min samples’: 350 0.92 0.92 0.60 0.06 0.02 6.00 True True
’max eps’: 1, ’min samples’: 400 0.90 0.90 0.58 0.06 0.04 6.00 False False
’max eps’: 1, ’min samples’: 450 0.78 0.78 0.45 0.06 0.33 6.00 False False
’max eps’: 1, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.2, ’min samples’: 50 0.69 0.69 0.29 0.12 0.34 3.00 False False
’max eps’: 1.2, ’min samples’: 100 0.72 0.72 0.57 0.20 0.30 3.00 False False
’max eps’: 1.2, ’min samples’: 150 0.58 0.58 0.48 0.02 0.06 3.00 False False
’max eps’: 1.2, ’min samples’: 200 0.58 0.58 0.42 0.16 0.06 3.00 False False
’max eps’: 1.2, ’min samples’: 250 0.59 0.59 0.56 0.03 0.06 3.00 False False
’max eps’: 1.2, ’min samples’: 300 0.59 0.59 0.54 0.03 0.06 3.00 False False
’max eps’: 1.2, ’min samples’: 350 0.74 0.74 0.49 0.13 0.48 3.00 True True
’max eps’: 1.2, ’min samples’: 400 0.82 0.82 0.49 0.14 0.05 4.00 False False
’max eps’: 1.2, ’min samples’: 450 0.91 0.91 0.60 0.06 -0.34 6.00 False False
’max eps’: 1.2, ’min samples’: 500 0.90 0.90 0.58 0.06 0.12 6.00 True True
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Table C.76: Synthetic dataset - OPTICS clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 0.5, ’min samples’: 50 0.93 0.93 0.62 0.06 0.13 6.00 True True
’max eps’: 0.5, ’min samples’: 100 0.85 0.85 0.55 0.06 0.37 6.00 False False
’max eps’: 0.5, ’min samples’: 150 0.68 0.68 0.33 0.06 0.49 6.00 True True
’max eps’: 0.5, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.7, ’min samples’: 50 0.72 0.73 0.59 0.21 0.44 3.00 False False
’max eps’: 0.7, ’min samples’: 100 0.85 0.85 0.53 0.15 0.16 4.00 False False
’max eps’: 0.7, ’min samples’: 150 0.93 0.93 0.62 0.05 0.13 6.00 True True
’max eps’: 0.7, ’min samples’: 200 0.89 0.89 0.59 0.05 0.16 6.00 True True

’max eps’: 1, ’min samples’: 50 0.73 0.73 0.59 0.21 0.44 3.00 True True
’max eps’: 1, ’min samples’: 100 0.68 0.68 0.26 0.10 0.26 3.00 False False
’max eps’: 1, ’min samples’: 150 0.85 0.85 0.53 0.15 0.23 4.00 False False
’max eps’: 1, ’min samples’: 200 0.72 0.72 0.59 0.03 0.08 4.00 False False
’max eps’: 1, ’min samples’: 250 0.85 0.85 0.53 0.16 0.12 4.00 False False
’max eps’: 1, ’min samples’: 300 0.94 0.94 0.63 0.06 -0.12 6.00 True True
’max eps’: 1, ’min samples’: 350 0.94 0.94 0.63 0.05 0.11 6.00 True True

’max eps’: 1.2, ’min samples’: 100 0.68 0.68 0.26 0.10 0.26 3.00 False False
’max eps’: 1.2, ’min samples’: 150 0.84 0.84 0.53 0.15 0.23 4.00 False False
’max eps’: 1.2, ’min samples’: 200 0.71 0.71 0.53 0.10 0.11 4.00 False False
’max eps’: 1.2, ’min samples’: 250 0.67 0.67 0.25 0.10 0.26 3.00 False False
’max eps’: 1.5, ’min samples’: 300 0.65 0.65 0.25 0.10 0.26 3.00 False False
’max eps’: 1.5, ’min samples’: 350 0.70 0.70 0.59 0.21 0.45 3.00 True True
’max eps’: 1.5, ’min samples’: 400 0.63 0.63 0.24 0.10 0.26 3.00 False False
’max eps’: 1.5, ’min samples’: 450 0.62 0.62 0.24 0.10 0.26 3.00 False False
’max eps’: 1.5, ’min samples’: 500 0.70 0.70 0.58 0.21 0.46 3.00 True True

Table C.77: Synthetic dataset - OPTICS clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 4, ’min samples’: 50 0.96 0.96 0.73 0.07 0.77 6.00 False False
’max eps’: 4, ’min samples’: 100 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 4, ’min samples’: 150 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 4, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 4.5, ’min samples’: 50 0.97 0.97 0.75 0.28 0.78 5.00 True True
’max eps’: 4.5, ’min samples’: 100 0.27 0.27 -0.29 0.07 0.18 5.00 False False
’max eps’: 4.5, ’min samples’: 150 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 4.5, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False

’max eps’: 5, ’min samples’: 50 0.97 0.97 0.75 0.28 0.78 5.00 False False
’max eps’: 5, ’min samples’: 100 0.95 0.95 0.74 0.06 0.77 6.00 False False
’max eps’: 5, ’min samples’: 150 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 5, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 5.5, ’min samples’: 50 0.97 0.97 0.75 0.28 0.78 5.00 False False
’max eps’: 5.5, ’min samples’: 100 0.96 0.96 0.73 0.07 0.77 6.00 False False
’max eps’: 5.5, ’min samples’: 150 0.10 0.10 -0.14 0.04 nan 2.00 False False
’max eps’: 5.5, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False

’max eps’: 6, ’min samples’: 50 0.97 0.97 0.75 0.28 0.78 5.00 False False
’max eps’: 6, ’min samples’: 100 0.96 0.96 0.73 0.07 0.77 6.00 False False
’max eps’: 6, ’min samples’: 150 0.93 0.93 0.70 0.07 0.75 6.00 False False
’max eps’: 6, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
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Table C.78: Synthetic dataset - OPTICS clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 0.5, ’min samples’: 50 0.33 0.34 -0.43 0.09 0.13 13.00 False False
’max eps’: 0.5, ’min samples’: 100 0.93 0.93 0.76 0.22 0.80 6.00 False False
’max eps’: 0.5, ’min samples’: 150 0.88 0.88 0.61 0.14 0.53 7.00 False False
’max eps’: 0.5, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 250 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 0.5, ’min samples’: 450 0.00 0.00 0.00 0.00 0.00 1.00 False False

’max eps’: 1, ’min samples’: 50 0.33 0.34 -0.43 0.09 0.13 13.00 False False
’max eps’: 1, ’min samples’: 100 0.93 0.93 0.76 0.22 0.80 6.00 False False
’max eps’: 1, ’min samples’: 150 0.84 0.84 0.45 0.13 0.68 6.00 False False
’max eps’: 1, ’min samples’: 200 0.97 0.97 0.85 0.43 0.91 5.00 True True
’max eps’: 1, ’min samples’: 250 0.97 0.97 0.85 0.43 0.91 5.00 False False
’max eps’: 1, ’min samples’: 300 0.96 0.96 0.70 0.04 0.90 6.00 False False
’max eps’: 1, ’min samples’: 350 0.96 0.96 0.84 0.09 0.90 6.00 False False
’max eps’: 1, ’min samples’: 400 0.96 0.96 0.84 0.08 0.90 6.00 False False
’max eps’: 1, ’min samples’: 450 0.95 0.95 0.83 0.09 0.89 6.00 False False

Table C.79: Synthetic dataset - HDBSCAN clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 5, ’min samples’: 5 0.74 0.74 0.48 0.03 0.09 4.00 False False
’min cluster size’: 5, ’min samples’: 7 0.82 0.82 0.49 0.07 -0.04 5.00 False False
’min cluster size’: 5, ’min samples’: 10 0.92 0.92 0.59 0.05 0.13 6.00 True True
’min cluster size’: 5, ’min samples’: 20 0.87 0.87 0.56 0.06 0.13 6.00 True True
’min cluster size’: 5, ’min samples’: 30 0.86 0.86 0.54 0.07 0.24 6.00 True True
’min cluster size’: 5, ’min samples’: 40 0.85 0.85 0.54 0.06 0.19 6.00 False False
’min cluster size’: 10, ’min samples’: 5 0.86 0.86 0.45 0.06 0.12 7.00 False False
’min cluster size’: 10, ’min samples’: 7 0.82 0.82 0.49 0.07 -0.04 5.00 False False
’min cluster size’: 10, ’min samples’: 10 0.92 0.92 0.59 0.05 0.13 6.00 False False
’min cluster size’: 10, ’min samples’: 20 0.87 0.87 0.56 0.06 0.13 6.00 False False
’min cluster size’: 10, ’min samples’: 30 0.86 0.86 0.54 0.07 0.24 6.00 False False
’min cluster size’: 10, ’min samples’: 40 0.85 0.85 0.54 0.06 0.19 6.00 False False
’min cluster size’: 15, ’min samples’: 5 0.87 0.87 0.55 0.06 0.19 6.00 True True
’min cluster size’: 15, ’min samples’: 7 0.86 0.86 0.55 0.07 0.19 6.00 True True
’min cluster size’: 15, ’min samples’: 10 0.92 0.92 0.59 0.05 0.13 6.00 False False
’min cluster size’: 15, ’min samples’: 20 0.87 0.87 0.56 0.06 0.13 6.00 False False
’min cluster size’: 15, ’min samples’: 30 0.86 0.86 0.54 0.07 0.24 6.00 False False
’min cluster size’: 15, ’min samples’: 40 0.85 0.85 0.54 0.06 0.19 6.00 False False
’min cluster size’: 20, ’min samples’: 5 0.87 0.87 0.55 0.06 0.19 6.00 False False
’min cluster size’: 20, ’min samples’: 7 0.86 0.86 0.55 0.07 0.19 6.00 False False
’min cluster size’: 20, ’min samples’: 10 0.92 0.92 0.59 0.05 0.13 6.00 False False
’min cluster size’: 20, ’min samples’: 20 0.87 0.87 0.56 0.06 0.13 6.00 False False
’min cluster size’: 20, ’min samples’: 30 0.86 0.86 0.54 0.07 0.24 6.00 False False
’min cluster size’: 20, ’min samples’: 40 0.85 0.85 0.54 0.06 0.19 6.00 False False
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Table C.80: Synthetic dataset - HDBSCAN clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 5, ’min samples’: 5 0.74 0.74 0.48 0.03 0.09 4.00 False False
’min cluster size’: 5, ’min samples’: 7 0.73 0.73 0.57 0.05 -0.08 4.00 False False
’min cluster size’: 5, ’min samples’: 10 0.91 0.91 0.59 0.06 0.13 6.00 True True
’min cluster size’: 5, ’min samples’: 20 0.92 0.92 0.60 0.05 0.12 6.00 True True
’min cluster size’: 5, ’min samples’: 30 0.85 0.85 0.54 0.06 0.19 6.00 False False
’min cluster size’: 5, ’min samples’: 40 0.87 0.87 0.55 0.07 0.19 6.00 True True
’min cluster size’: 10, ’min samples’: 5 0.86 0.86 0.45 0.07 0.12 7.00 False False
’min cluster size’: 10, ’min samples’: 7 0.89 0.89 0.47 0.07 0.09 7.00 False False
’min cluster size’: 10, ’min samples’: 10 0.91 0.91 0.59 0.06 0.13 6.00 False False
’min cluster size’: 10, ’min samples’: 20 0.92 0.92 0.60 0.05 0.12 6.00 False False
’min cluster size’: 10, ’min samples’: 30 0.85 0.85 0.54 0.06 0.19 6.00 False False
’min cluster size’: 10, ’min samples’: 40 0.87 0.87 0.55 0.07 0.19 6.00 False False
’min cluster size’: 15, ’min samples’: 5 0.87 0.87 0.56 0.06 0.19 6.00 True True
’min cluster size’: 15, ’min samples’: 7 0.90 0.90 0.57 0.07 0.13 6.00 True True
’min cluster size’: 15, ’min samples’: 10 0.91 0.91 0.59 0.06 0.13 6.00 False False
’min cluster size’: 15, ’min samples’: 20 0.92 0.92 0.60 0.05 0.12 6.00 False False
’min cluster size’: 15, ’min samples’: 30 0.85 0.85 0.54 0.06 0.19 6.00 False False
’min cluster size’: 15, ’min samples’: 40 0.87 0.87 0.55 0.07 0.19 6.00 False False
’min cluster size’: 20, ’min samples’: 5 0.87 0.87 0.56 0.06 0.19 6.00 False False
’min cluster size’: 20, ’min samples’: 7 0.90 0.90 0.57 0.07 0.13 6.00 False False
’min cluster size’: 20, ’min samples’: 10 0.91 0.91 0.59 0.06 0.13 6.00 False False
’min cluster size’: 20, ’min samples’: 20 0.92 0.92 0.60 0.05 0.12 6.00 False False
’min cluster size’: 20, ’min samples’: 30 0.85 0.85 0.54 0.06 0.19 6.00 False False
’min cluster size’: 20, ’min samples’: 40 0.87 0.87 0.55 0.07 0.19 6.00 False False

Table C.81: Synthetic dataset - HDBSCAN clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 5, ’min samples’: 5 0.83 0.83 0.54 0.06 0.32 5.00 True True
’min cluster size’: 5, ’min samples’: 7 0.87 0.87 0.56 0.06 0.19 6.00 True True
’min cluster size’: 5, ’min samples’: 10 0.69 0.69 0.54 0.06 -0.02 4.00 False False
’min cluster size’: 5, ’min samples’: 20 0.90 0.90 0.58 0.05 0.12 6.00 True True
’min cluster size’: 5, ’min samples’: 30 0.85 0.85 0.53 0.06 0.19 6.00 False False
’min cluster size’: 5, ’min samples’: 40 0.83 0.83 0.51 0.07 0.22 6.00 True True
’min cluster size’: 10, ’min samples’: 5 0.87 0.87 0.45 0.06 0.11 7.00 False False
’min cluster size’: 10, ’min samples’: 7 0.87 0.87 0.56 0.06 0.19 6.00 False False
’min cluster size’: 10, ’min samples’: 10 0.86 0.86 0.55 0.06 0.20 6.00 True True
’min cluster size’: 10, ’min samples’: 20 0.90 0.90 0.58 0.05 0.12 6.00 False False
’min cluster size’: 10, ’min samples’: 30 0.85 0.85 0.53 0.06 0.19 6.00 False False
’min cluster size’: 10, ’min samples’: 40 0.83 0.83 0.51 0.07 0.22 6.00 False False
’min cluster size’: 15, ’min samples’: 5 0.89 0.89 0.58 0.06 0.14 6.00 True True
’min cluster size’: 15, ’min samples’: 7 0.87 0.87 0.56 0.06 0.19 6.00 False False
’min cluster size’: 15, ’min samples’: 10 0.86 0.86 0.55 0.06 0.20 6.00 False False
’min cluster size’: 15, ’min samples’: 20 0.90 0.90 0.58 0.05 0.12 6.00 False False
’min cluster size’: 15, ’min samples’: 30 0.85 0.85 0.53 0.06 0.19 6.00 False False
’min cluster size’: 15, ’min samples’: 40 0.83 0.83 0.51 0.07 0.22 6.00 False False
’min cluster size’: 20, ’min samples’: 5 0.89 0.89 0.58 0.06 0.14 6.00 False False
’min cluster size’: 20, ’min samples’: 7 0.87 0.87 0.56 0.06 0.19 6.00 False False
’min cluster size’: 20, ’min samples’: 10 0.86 0.86 0.55 0.06 0.20 6.00 False False
’min cluster size’: 20, ’min samples’: 20 0.90 0.90 0.58 0.05 0.12 6.00 False False
’min cluster size’: 20, ’min samples’: 30 0.85 0.85 0.53 0.06 0.19 6.00 False False
’min cluster size’: 20, ’min samples’: 40 0.83 0.83 0.51 0.07 0.22 6.00 False False
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Table C.82: Synthetic dataset - HDBSCAN clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 5, ’min samples’: 5 0.73 0.73 0.57 0.06 0.05 4.00 False False
’min cluster size’: 5, ’min samples’: 7 0.73 0.73 0.57 0.06 0.05 4.00 False False
’min cluster size’: 5, ’min samples’: 10 0.92 0.92 0.62 0.05 0.13 6.00 True True
’min cluster size’: 5, ’min samples’: 20 0.93 0.93 0.61 0.08 0.14 6.00 True True
’min cluster size’: 5, ’min samples’: 30 0.95 0.95 0.64 0.04 0.06 6.00 True True
’min cluster size’: 5, ’min samples’: 40 0.72 0.72 0.55 0.07 0.04 4.00 False False
’min cluster size’: 10, ’min samples’: 5 0.89 0.89 0.49 0.07 0.12 7.00 False False
’min cluster size’: 10, ’min samples’: 7 0.91 0.91 0.61 0.06 0.21 6.00 True True
’min cluster size’: 10, ’min samples’: 10 0.92 0.92 0.62 0.05 0.13 6.00 False False
’min cluster size’: 10, ’min samples’: 20 0.93 0.93 0.61 0.08 0.14 6.00 False False
’min cluster size’: 10, ’min samples’: 30 0.95 0.95 0.64 0.04 0.06 6.00 False False
’min cluster size’: 10, ’min samples’: 40 0.72 0.72 0.55 0.07 0.04 4.00 False False
’min cluster size’: 15, ’min samples’: 5 0.90 0.90 0.60 0.06 0.23 6.00 True True
’min cluster size’: 15, ’min samples’: 7 0.91 0.91 0.61 0.06 0.21 6.00 False False
’min cluster size’: 15, ’min samples’: 10 0.92 0.92 0.62 0.05 0.13 6.00 False False
’min cluster size’: 15, ’min samples’: 20 0.93 0.93 0.61 0.08 0.14 6.00 False False
’min cluster size’: 15, ’min samples’: 30 0.95 0.95 0.64 0.04 0.06 6.00 False False
’min cluster size’: 15, ’min samples’: 40 0.72 0.72 0.55 0.07 0.04 4.00 False False
’min cluster size’: 20, ’min samples’: 5 0.90 0.90 0.60 0.06 0.23 6.00 False False
’min cluster size’: 20, ’min samples’: 7 0.91 0.91 0.61 0.06 0.21 6.00 False False
’min cluster size’: 20, ’min samples’: 10 0.92 0.92 0.62 0.05 0.13 6.00 False False
’min cluster size’: 20, ’min samples’: 20 0.93 0.93 0.61 0.08 0.14 6.00 False False
’min cluster size’: 20, ’min samples’: 30 0.95 0.95 0.64 0.04 0.06 6.00 False False
’min cluster size’: 20, ’min samples’: 40 0.72 0.72 0.55 0.07 0.04 4.00 False False

Table C.83: Synthetic dataset - HDBSCAN clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
min cluster size’: 5, ’min samples’: 5 0.97 0.97 0.75 0.28 0.78 5.00 True True
’min cluster size’: 5, ’min samples’: 7 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 5, ’min samples’: 10 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 5, ’min samples’: 20 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 5, ’min samples’: 30 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 5, ’min samples’: 40 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 10, ’min samples’: 5 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 10, ’min samples’: 7 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 10, ’min samples’: 10 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 10, ’min samples’: 20 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 10, ’min samples’: 30 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 10, ’min samples’: 40 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 15, ’min samples’: 5 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 15, ’min samples’: 7 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 15, ’min samples’: 10 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 15, ’min samples’: 20 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 15, ’min samples’: 30 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 15, ’min samples’: 40 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 20, ’min samples’: 5 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 20, ’min samples’: 7 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 20, ’min samples’: 10 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 20, ’min samples’: 20 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 20, ’min samples’: 30 0.97 0.97 0.75 0.28 0.78 5.00 False False
’min cluster size’: 20, ’min samples’: 40 0.97 0.97 0.75 0.28 0.78 5.00 False False
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Table C.84: Synthetic dataset - HDBSCAN clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 5, ’min samples’: 5 0.41 0.43 0.31 0.09 0.44 146.00 False False
’min cluster size’: 5, ’min samples’: 7 0.49 0.50 0.40 0.05 0.55 101.00 False False
’min cluster size’: 5, ’min samples’: 10 0.70 0.71 0.62 0.10 0.72 41.00 False False
’min cluster size’: 5, ’min samples’: 20 0.97 0.97 0.85 0.43 0.91 5.00 True True
’min cluster size’: 5, ’min samples’: 30 0.97 0.97 0.85 0.43 0.91 5.00 False False
’min cluster size’: 5, ’min samples’: 40 0.97 0.97 0.85 0.43 0.91 5.00 False False
’min cluster size’: 10, ’min samples’: 5 0.51 0.53 0.45 0.07 0.51 86.00 False False
’min cluster size’: 10, ’min samples’: 7 0.51 0.53 0.44 0.05 0.53 80.00 False False
’min cluster size’: 10, ’min samples’: 10 0.83 0.83 0.74 0.08 0.81 23.00 False False
’min cluster size’: 10, ’min samples’: 20 0.97 0.97 0.85 0.43 0.91 5.00 False False
’min cluster size’: 10, ’min samples’: 30 0.97 0.97 0.85 0.43 0.91 5.00 False False
’min cluster size’: 10, ’min samples’: 40 0.97 0.97 0.85 0.43 0.91 5.00 False False
’min cluster size’: 15, ’min samples’: 5 0.55 0.55 0.48 0.08 0.47 64.00 False False
’min cluster size’: 15, ’min samples’: 7 0.72 0.73 0.64 0.09 0.70 33.00 False False
’min cluster size’: 15, ’min samples’: 10 0.84 0.84 0.76 0.13 0.81 16.00 False False
’min cluster size’: 15, ’min samples’: 20 0.97 0.97 0.85 0.43 0.91 5.00 False False
’min cluster size’: 15, ’min samples’: 30 0.97 0.97 0.85 0.43 0.91 5.00 False False
’min cluster size’: 15, ’min samples’: 40 0.97 0.97 0.85 0.43 0.91 5.00 False False
’min cluster size’: 20, ’min samples’: 5 0.84 0.84 0.76 0.12 0.79 16.00 False False
’min cluster size’: 20, ’min samples’: 7 0.84 0.84 0.76 0.12 0.81 16.00 False False
’min cluster size’: 20, ’min samples’: 10 0.84 0.84 0.76 0.13 0.81 16.00 False False
’min cluster size’: 20, ’min samples’: 20 0.97 0.97 0.85 0.43 0.91 5.00 False False
’min cluster size’: 20, ’min samples’: 30 0.97 0.97 0.85 0.43 0.91 5.00 False False
’min cluster size’: 20, ’min samples’: 40 0.97 0.97 0.85 0.43 0.91 5.00 False False

Table C.85: TEP dataset - Hierarchical clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.16 0.16 0.51 0.08 -0.54 2.00 False False
’linkage’: ’ward’, ’n clusters’: 3 0.44 0.44 0.24 0.06 -0.60 3.00 False False
’linkage’: ’ward’, ’n clusters’: 4 0.43 0.43 0.25 0.07 -0.58 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.45 0.45 0.26 0.08 -0.51 5.00 False False
’linkage’: ’ward’, ’n clusters’: 6 0.55 0.55 0.29 0.08 -0.34 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.61 0.61 0.29 0.09 -0.26 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.60 0.60 0.30 0.09 -0.25 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.59 0.59 0.31 0.09 -0.25 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.60 0.60 0.23 0.08 -0.26 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 0.44 0.44 0.37 0.03 0.11 2.00 False False
’linkage’: ’single’, ’n clusters’: 3 0.42 0.42 0.39 0.04 0.14 3.00 True True
’linkage’: ’single’, ’n clusters’: 4 0.42 0.42 0.36 0.05 0.00 4.00 True False
’linkage’: ’single’, ’n clusters’: 5 0.41 0.41 0.35 0.06 0.00 5.00 True False
’linkage’: ’single’, ’n clusters’: 6 0.41 0.41 0.10 0.06 0.00 6.00 True False
’linkage’: ’single’, ’n clusters’: 7 0.41 0.41 0.09 0.06 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.46 0.46 0.10 0.07 0.00 8.00 True False
’linkage’: ’single’, ’n clusters’: 9 0.46 0.46 0.05 0.07 0.00 9.00 True False
’linkage’: ’single’, ’n clusters’: 10 0.46 0.46 -0.00 0.07 0.00 10.00 True False

’linkage’: ’complete’, ’n clusters’: 2 0.21 0.21 0.45 0.07 -0.53 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.29 0.29 0.44 0.07 -0.52 3.00 False False
’linkage’: ’complete’, ’n clusters’: 4 0.28 0.28 0.40 0.10 -0.51 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.27 0.27 0.41 0.10 -0.51 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.27 0.27 0.39 0.11 -0.50 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.33 0.33 0.41 0.11 -0.49 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.37 0.37 0.33 0.11 -0.20 8.00 True True
’linkage’: ’complete’, ’n clusters’: 9 0.36 0.37 0.33 0.10 -0.20 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.36 0.36 0.33 0.10 -0.20 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.07 0.07 0.52 0.13 -0.49 2.00 True True
’linkage’: ’average’, ’n clusters’: 3 0.16 0.16 0.49 0.10 -0.47 3.00 True True
’linkage’: ’average’, ’n clusters’: 4 0.16 0.16 0.48 0.12 -0.46 4.00 True True
’linkage’: ’average’, ’n clusters’: 5 0.23 0.23 0.40 0.11 -0.51 5.00 False False
’linkage’: ’average’, ’n clusters’: 6 0.30 0.30 0.39 0.10 -0.49 6.00 False False
’linkage’: ’average’, ’n clusters’: 7 0.41 0.42 0.40 0.10 -0.02 7.00 True True
’linkage’: ’average’, ’n clusters’: 8 0.41 0.41 0.40 0.10 -0.01 8.00 True True
’linkage’: ’average’, ’n clusters’: 9 0.41 0.41 0.35 0.10 -0.01 9.00 True True
’linkage’: ’average’, ’n clusters’: 10 0.40 0.40 0.32 0.10 -0.01 10.00 True False
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Table C.86: TEP dataset - Hierarchical clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.24 0.24 0.69 0.09 -0.73 2.00 False False
’linkage’: ’ward’, ’n clusters’: 3 0.23 0.23 0.70 0.14 -0.72 3.00 False False
’linkage’: ’ward’, ’n clusters’: 4 0.42 0.42 0.58 0.14 -0.77 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.51 0.51 0.68 0.16 -0.47 5.00 False False
’linkage’: ’ward’, ’n clusters’: 6 0.50 0.50 0.69 0.19 -0.46 6.00 True True
’linkage’: ’ward’, ’n clusters’: 7 0.49 0.50 0.69 0.18 -0.46 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.51 0.51 0.70 0.18 -0.42 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.50 0.50 0.70 0.18 -0.41 9.00 True True
’linkage’: ’ward’, ’n clusters’: 10 0.50 0.50 0.70 0.18 -0.41 10.00 True True
’linkage’: ’single’, ’n clusters’: 2 0.37 0.37 0.61 0.04 -0.39 2.00 False False
’linkage’: ’single’, ’n clusters’: 3 0.37 0.37 0.45 0.05 0.00 3.00 True False
’linkage’: ’single’, ’n clusters’: 4 0.37 0.37 0.42 0.06 0.00 4.00 False False
’linkage’: ’single’, ’n clusters’: 5 0.37 0.37 0.39 0.07 0.00 5.00 False False
’linkage’: ’single’, ’n clusters’: 6 0.37 0.37 0.38 0.07 0.00 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.37 0.37 0.38 0.08 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.37 0.37 0.38 0.08 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.34 0.34 0.44 0.09 0.00 9.00 True False
’linkage’: ’single’, ’n clusters’: 10 0.34 0.34 0.43 0.09 0.00 10.00 True False

’linkage’: ’complete’, ’n clusters’: 2 0.23 0.23 0.49 0.04 -0.96 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.27 0.27 0.50 0.09 -0.93 3.00 False False
’linkage’: ’complete’, ’n clusters’: 4 0.27 0.27 0.51 0.11 -0.91 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.29 0.29 0.46 0.14 -0.90 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.29 0.29 0.46 0.15 -0.90 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.33 0.33 0.50 0.17 -0.87 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.32 0.32 0.50 0.17 -0.88 8.00 False False
’linkage’: ’complete’, ’n clusters’: 9 0.38 0.38 0.55 0.17 -0.87 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.37 0.38 0.55 0.16 -0.86 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.15 0.15 0.71 0.15 -0.48 2.00 True True
’linkage’: ’average’, ’n clusters’: 3 0.14 0.14 0.70 0.18 -0.54 3.00 False False
’linkage’: ’average’, ’n clusters’: 4 0.21 0.21 0.68 0.18 -0.63 4.00 False False
’linkage’: ’average’, ’n clusters’: 5 0.33 0.33 0.66 0.16 -0.39 5.00 True True
’linkage’: ’average’, ’n clusters’: 6 0.36 0.36 0.62 0.17 -0.32 6.00 True True
’linkage’: ’average’, ’n clusters’: 7 0.36 0.36 0.62 0.17 -0.33 7.00 True True
’linkage’: ’average’, ’n clusters’: 8 0.35 0.35 0.61 0.17 -0.33 8.00 False False
’linkage’: ’average’, ’n clusters’: 9 0.35 0.35 0.60 0.17 -0.32 9.00 True True
’linkage’: ’average’, ’n clusters’: 10 0.34 0.34 0.60 0.18 -0.32 10.00 True True
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Table C.87: TEP dataset - Hierarchical clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 7 0.51 0.51 0.40 0.13 -0.68 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.50 0.51 0.40 0.14 -0.67 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.50 0.50 0.41 0.15 -0.67 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.47 0.47 0.39 0.14 -0.72 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 -0.00 0.00 0.52 0.32 0.00 2.00 True False
’linkage’: ’single’, ’n clusters’: 3 0.00 0.00 0.45 0.31 0.00 3.00 False False
’linkage’: ’single’, ’n clusters’: 4 0.00 0.00 0.45 0.31 0.00 4.00 False False
’linkage’: ’single’, ’n clusters’: 5 0.00 0.00 0.06 0.23 0.00 5.00 False False
’linkage’: ’single’, ’n clusters’: 6 0.00 0.00 0.06 0.24 0.00 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.00 0.00 0.05 0.24 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.00 0.00 -0.12 0.22 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.44 0.44 0.02 0.07 0.00 9.00 False False
’linkage’: ’single’, ’n clusters’: 10 0.45 0.45 0.03 0.07 0.00 10.00 False False

’linkage’: ’complete’, ’n clusters’: 2 0.17 0.17 0.52 0.10 -0.76 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.24 0.25 0.32 0.10 -0.87 3.00 False False
’linkage’: ’complete’, ’n clusters’: 4 0.24 0.24 0.33 0.12 -0.86 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.30 0.30 0.37 0.12 -0.84 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.50 0.50 0.45 0.13 -0.67 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.50 0.50 0.43 0.13 -0.66 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.52 0.52 0.44 0.14 -0.66 8.00 False False
’linkage’: ’complete’, ’n clusters’: 9 0.51 0.51 0.44 0.15 -0.65 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.51 0.51 0.44 0.15 -0.65 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.10 0.10 0.52 0.15 -0.53 2.00 False False
’linkage’: ’average’, ’n clusters’: 3 0.21 0.21 0.54 0.14 -0.70 3.00 True True
’linkage’: ’average’, ’n clusters’: 4 0.25 0.25 0.46 0.15 -0.66 4.00 False False
’linkage’: ’average’, ’n clusters’: 5 0.25 0.25 0.41 0.18 -0.67 5.00 False False
’linkage’: ’average’, ’n clusters’: 6 0.38 0.38 0.42 0.15 -0.40 6.00 False False
’linkage’: ’average’, ’n clusters’: 7 0.37 0.37 0.43 0.16 -0.39 7.00 False False
’linkage’: ’average’, ’n clusters’: 8 0.36 0.36 0.38 0.18 -0.40 8.00 False False
’linkage’: ’average’, ’n clusters’: 9 0.55 0.55 0.47 0.17 -0.39 9.00 False False
’linkage’: ’average’, ’n clusters’: 10 0.54 0.54 0.46 0.16 -0.39 10.00 False False
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Table C.88: TEP dataset - Hierarchical clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.37 0.37 0.67 0.09 -0.57 2.00 False False
’linkage’: ’ward’, ’n clusters’: 3 0.35 0.35 0.70 0.15 -0.51 3.00 True True
’linkage’: ’ward’, ’n clusters’: 4 0.33 0.34 0.68 0.17 -0.55 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.61 0.61 0.62 0.15 -0.30 5.00 False False
’linkage’: ’ward’, ’n clusters’: 6 0.66 0.66 0.66 0.18 -0.25 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.65 0.65 0.66 0.19 -0.25 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.64 0.64 0.67 0.20 -0.22 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.61 0.61 0.65 0.20 -0.35 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.60 0.60 0.65 0.18 -0.37 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 0.25 0.25 0.61 0.11 -0.63 2.00 False False
’linkage’: ’single’, ’n clusters’: 3 0.25 0.25 0.56 0.14 0.00 3.00 False False
’linkage’: ’single’, ’n clusters’: 4 0.24 0.24 0.56 0.17 0.00 4.00 False False
’linkage’: ’single’, ’n clusters’: 5 0.24 0.24 0.20 0.15 0.00 5.00 False False
’linkage’: ’single’, ’n clusters’: 6 0.34 0.34 0.41 0.15 0.00 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.34 0.34 0.39 0.16 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.34 0.34 0.38 0.16 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.34 0.34 0.38 0.17 0.00 9.00 False False
’linkage’: ’single’, ’n clusters’: 10 0.34 0.34 0.37 0.15 0.00 10.00 False False

’linkage’: ’complete’, ’n clusters’: 2 0.27 0.27 0.70 0.11 -0.71 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.26 0.26 0.67 0.13 -0.71 3.00 False False
’linkage’: ’complete’, ’n clusters’: 4 0.25 0.25 0.67 0.18 -0.68 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.25 0.25 0.66 0.18 -0.67 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.40 0.40 0.69 0.18 -0.49 6.00 True True
’linkage’: ’complete’, ’n clusters’: 7 0.40 0.40 0.68 0.19 -0.47 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.39 0.39 0.68 0.19 -0.47 8.00 True True
’linkage’: ’complete’, ’n clusters’: 9 0.39 0.39 0.68 0.20 -0.48 9.00 True True
’linkage’: ’complete’, ’n clusters’: 10 0.38 0.38 0.67 0.19 -0.48 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.14 0.14 0.74 0.18 -0.56 2.00 True True
’linkage’: ’average’, ’n clusters’: 3 0.14 0.14 0.72 0.19 -0.67 3.00 True True
’linkage’: ’average’, ’n clusters’: 4 0.34 0.34 0.69 0.17 -0.55 4.00 False False
’linkage’: ’average’, ’n clusters’: 5 0.33 0.33 0.69 0.19 -0.55 5.00 True True
’linkage’: ’average’, ’n clusters’: 6 0.42 0.42 0.68 0.19 0.21 6.00 True True
’linkage’: ’average’, ’n clusters’: 7 0.41 0.41 0.68 0.20 0.23 7.00 True True
’linkage’: ’average’, ’n clusters’: 8 0.40 0.41 0.68 0.21 0.24 8.00 True True
’linkage’: ’average’, ’n clusters’: 9 0.40 0.40 0.68 0.20 0.26 9.00 True True
’linkage’: ’average’, ’n clusters’: 10 0.40 0.40 0.55 0.20 0.24 10.00 False False
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Table C.89: TEP dataset - Hierarchical clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.52 0.53 0.43 0.13 -0.64 2.00 False False
’linkage’: ’ward’, ’n clusters’: 3 0.67 0.67 0.46 0.12 -0.63 3.00 False False
’linkage’: ’ward’, ’n clusters’: 4 0.65 0.65 0.48 0.14 -0.63 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.72 0.72 0.45 0.14 -0.58 5.00 False False
’linkage’: ’ward’, ’n clusters’: 6 0.71 0.71 0.47 0.14 -0.53 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.76 0.76 0.50 0.16 -0.47 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.73 0.73 0.50 0.16 -0.45 8.00 True True
’linkage’: ’ward’, ’n clusters’: 9 0.71 0.71 0.50 0.17 -0.45 9.00 True True
’linkage’: ’ward’, ’n clusters’: 10 0.68 0.68 0.48 0.14 -0.48 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 0.53 0.53 0.38 0.09 0.10 2.00 True True
’linkage’: ’single’, ’n clusters’: 3 0.77 0.77 0.45 0.10 -0.23 3.00 True True
’linkage’: ’single’, ’n clusters’: 4 0.75 0.75 0.23 0.11 -0.24 4.00 True True
’linkage’: ’single’, ’n clusters’: 5 0.76 0.76 0.17 0.12 -0.28 5.00 True True
’linkage’: ’single’, ’n clusters’: 6 0.76 0.76 0.07 0.10 -0.30 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.76 0.76 -0.00 0.10 -0.31 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.76 0.76 -0.05 0.10 -0.30 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.71 0.71 0.05 0.13 -0.27 9.00 True True
’linkage’: ’single’, ’n clusters’: 10 0.71 0.71 -0.05 0.13 0.00 10.00 True False

’linkage’: ’complete’, ’n clusters’: 2 0.52 0.53 0.43 0.13 -0.64 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.60 0.60 0.42 0.13 -0.69 3.00 False False
’linkage’: ’complete’, ’n clusters’: 4 0.73 0.73 0.49 0.15 -0.60 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.65 0.65 0.46 0.13 -0.70 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.63 0.63 0.47 0.15 -0.63 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.60 0.60 0.44 0.15 -0.67 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.60 0.60 0.40 0.13 -0.67 8.00 False False
’linkage’: ’complete’, ’n clusters’: 9 0.59 0.59 0.40 0.13 -0.64 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.58 0.58 0.38 0.15 -0.63 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.52 0.53 0.43 0.13 -0.64 2.00 False False
’linkage’: ’average’, ’n clusters’: 3 0.55 0.55 0.37 0.14 -0.67 3.00 False False
’linkage’: ’average’, ’n clusters’: 4 0.74 0.74 0.47 0.13 -0.49 4.00 False False
’linkage’: ’average’, ’n clusters’: 5 0.71 0.71 0.47 0.16 -0.49 5.00 False False
’linkage’: ’average’, ’n clusters’: 6 0.71 0.71 0.47 0.16 -0.49 6.00 False False
’linkage’: ’average’, ’n clusters’: 7 0.67 0.67 0.46 0.17 -0.47 7.00 False False
’linkage’: ’average’, ’n clusters’: 8 0.72 0.72 0.50 0.16 -0.52 8.00 False False
’linkage’: ’average’, ’n clusters’: 9 0.71 0.71 0.50 0.17 -0.52 9.00 False False
’linkage’: ’average’, ’n clusters’: 10 0.70 0.70 0.50 0.17 -0.50 10.00 True True
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Table C.90: TEP dataset - Hierarchical clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’linkage’: ’ward’, ’n clusters’: 2 0.45 0.45 0.43 0.14 -0.66 2.00 False False
’linkage’: ’ward’, ’n clusters’: 3 0.59 0.59 0.57 0.15 -0.60 3.00 False False
’linkage’: ’ward’, ’n clusters’: 4 0.62 0.62 0.50 0.13 -0.58 4.00 False False
’linkage’: ’ward’, ’n clusters’: 5 0.60 0.60 0.52 0.15 -0.56 5.00 False False
’linkage’: ’ward’, ’n clusters’: 6 0.64 0.64 0.47 0.15 -0.54 6.00 False False
’linkage’: ’ward’, ’n clusters’: 7 0.64 0.64 0.49 0.15 -0.52 7.00 False False
’linkage’: ’ward’, ’n clusters’: 8 0.62 0.62 0.46 0.14 -0.49 8.00 False False
’linkage’: ’ward’, ’n clusters’: 9 0.60 0.61 0.44 0.14 -0.50 9.00 False False
’linkage’: ’ward’, ’n clusters’: 10 0.60 0.60 0.44 0.14 -0.52 10.00 False False
’linkage’: ’single’, ’n clusters’: 2 0.52 0.52 0.46 0.08 -0.29 2.00 True True
’linkage’: ’single’, ’n clusters’: 3 0.48 0.48 0.42 0.13 -0.33 3.00 True True
’linkage’: ’single’, ’n clusters’: 4 0.48 0.48 0.17 0.13 -0.39 4.00 True True
’linkage’: ’single’, ’n clusters’: 5 0.48 0.48 0.10 0.13 0.00 5.00 True False
’linkage’: ’single’, ’n clusters’: 6 0.48 0.48 0.04 0.13 0.00 6.00 False False
’linkage’: ’single’, ’n clusters’: 7 0.48 0.48 0.04 0.13 0.00 7.00 False False
’linkage’: ’single’, ’n clusters’: 8 0.46 0.46 0.02 0.13 0.00 8.00 False False
’linkage’: ’single’, ’n clusters’: 9 0.46 0.46 0.01 0.13 0.00 9.00 False False
’linkage’: ’single’, ’n clusters’: 10 0.46 0.46 -0.16 0.14 0.00 10.00 True False

’linkage’: ’complete’, ’n clusters’: 2 0.39 0.39 0.35 0.07 -0.87 2.00 False False
’linkage’: ’complete’, ’n clusters’: 3 0.44 0.44 0.36 0.12 -0.79 3.00 False False
’linkage’: ’complete’, ’n clusters’: 4 0.42 0.42 0.35 0.13 -0.79 4.00 False False
’linkage’: ’complete’, ’n clusters’: 5 0.55 0.55 0.50 0.14 -0.72 5.00 False False
’linkage’: ’complete’, ’n clusters’: 6 0.57 0.57 0.46 0.15 -0.68 6.00 False False
’linkage’: ’complete’, ’n clusters’: 7 0.56 0.56 0.46 0.15 -0.68 7.00 False False
’linkage’: ’complete’, ’n clusters’: 8 0.61 0.61 0.41 0.14 -0.66 8.00 False False
’linkage’: ’complete’, ’n clusters’: 9 0.59 0.59 0.43 0.14 -0.61 9.00 False False
’linkage’: ’complete’, ’n clusters’: 10 0.59 0.59 0.43 0.14 -0.63 10.00 False False

’linkage’: ’average’, ’n clusters’: 2 0.44 0.44 0.49 0.09 -0.47 2.00 True True
’linkage’: ’average’, ’n clusters’: 3 0.41 0.41 0.47 0.14 -0.51 3.00 False False
’linkage’: ’average’, ’n clusters’: 4 0.59 0.59 0.59 0.17 -0.51 4.00 True True
’linkage’: ’average’, ’n clusters’: 5 0.57 0.57 0.58 0.19 -0.49 5.00 True True
’linkage’: ’average’, ’n clusters’: 6 0.56 0.56 0.57 0.19 -0.52 6.00 True True
’linkage’: ’average’, ’n clusters’: 7 0.58 0.58 0.48 0.17 -0.56 7.00 False False
’linkage’: ’average’, ’n clusters’: 8 0.62 0.62 0.41 0.16 -0.59 8.00 False False
’linkage’: ’average’, ’n clusters’: 9 0.61 0.61 0.41 0.15 -0.58 9.00 False False
’linkage’: ’average’, ’n clusters’: 10 0.63 0.63 0.44 0.16 -0.51 10.00 False False

Table C.91: TEP dataset - k -means clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.16 0.16 0.51 0.08 -0.51 2.00 True True
’n clusters’: 3 0.42 0.42 0.25 0.06 -0.64 3.00 False False
’n clusters’: 4 0.43 0.43 0.26 0.07 -0.63 4.00 False False
’n clusters’: 5 0.49 0.49 0.28 0.08 -0.57 5.00 False False
’n clusters’: 6 0.54 0.54 0.30 0.08 -0.58 6.00 False False
’n clusters’: 7 0.58 0.58 0.31 0.09 -0.51 7.00 True True
’n clusters’: 8 0.57 0.57 0.31 0.10 -0.52 8.00 True True
’n clusters’: 9 0.59 0.59 0.23 0.08 -0.49 9.00 False False
’n clusters’: 10 0.59 0.58 0.24 0.08 -0.37 10.00 True True
’n clusters’: 11 0.59 0.61 0.22 0.08 -0.42 11.00 False False

Table C.92: TEP dataset - k -means clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.17 0.18 0.72 0.13 -0.47 2.00 True True
’n clusters’: 3 0.21 0.21 0.56 0.16 -0.65 3.00 False False
’n clusters’: 4 0.41 0.41 0.60 0.14 -0.84 4.00 False False
’n clusters’: 5 0.51 0.51 0.68 0.16 -0.78 5.00 False False
’n clusters’: 6 0.50 0.50 0.70 0.19 -0.42 6.00 True True
’n clusters’: 7 0.50 0.50 0.70 0.18 -0.55 7.00 False False
’n clusters’: 8 0.50 0.50 0.71 0.19 -0.52 8.00 True True
’n clusters’: 9 0.50 0.50 0.71 0.19 -0.54 9.00 True True
’n clusters’: 10 0.49 0.50 0.71 0.19 -0.54 10.00 True True
’n clusters’: 11 0.49 0.49 0.71 0.19 -0.54 11.00 True True
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Table C.93: TEP dataset - k -means clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
n clusters’: 2 0.18 0.18 0.57 0.11 -0.74 2.00 True True
’n clusters’: 3 0.44 0.44 0.42 0.11 -0.70 3.00 False False
’n clusters’: 4 0.47 0.47 0.45 0.12 -0.72 4.00 False False
’n clusters’: 5 0.51 0.51 0.45 0.13 -0.63 5.00 True True
’n clusters’: 6 0.46 0.47 0.41 0.13 -0.77 6.00 False False
’n clusters’: 7 0.50 0.50 0.43 0.14 -0.67 7.00 True True
’n clusters’: 8 0.51 0.51 0.43 0.15 -0.69 8.00 True True
’n clusters’: 9 0.49 0.49 0.41 0.14 -0.73 9.00 False False
’n clusters’: 10 0.49 0.49 0.41 0.14 -0.74 10.00 False False
’n clusters’: 11 0.49 0.49 0.42 0.14 -0.74 11.00 False False

Table C.94: TEP dataset - k -means clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.19 0.19 0.74 0.14 -0.75 2.00 True True
’n clusters’: 3 0.35 0.35 0.70 0.16 -0.77 3.00 False False
’n clusters’: 4 0.40 0.40 0.71 0.16 -0.54 4.00 True True
’n clusters’: 5 0.59 0.57 0.66 0.16 -0.63 5.00 False False
’n clusters’: 6 0.59 0.59 0.68 0.20 -0.54 6.00 True True
’n clusters’: 7 0.58 0.58 0.69 0.20 -0.55 7.00 True True
’n clusters’: 8 0.57 0.57 0.70 0.20 -0.56 8.00 True True
’n clusters’: 9 0.59 0.59 0.67 0.19 -0.28 9.00 True True
’n clusters’: 10 0.59 0.58 0.67 0.19 -0.31 10.00 True True
’n clusters’: 11 0.58 0.58 0.66 0.18 -0.26 11.00 True True

Table C.95: TEP dataset - k -means clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.19 0.19 0.74 0.14 -0.75 2.00 True True
’n clusters’: 3 0.35 0.35 0.70 0.16 -0.77 3.00 False False
’n clusters’: 4 0.40 0.40 0.71 0.16 -0.54 4.00 True True
’n clusters’: 5 0.59 0.59 0.66 0.16 -0.63 5.00 False False
’n clusters’: 6 0.59 0.59 0.68 0.20 -0.55 6.00 True True
’n clusters’: 7 0.58 0.58 0.69 0.20 -0.54 7.00 True True
’n clusters’: 8 0.57 0.57 0.70 0.20 -0.56 8.00 True True
’n clusters’: 9 0.59 0.59 0.67 0.19 -0.28 9.00 True True
’n clusters’: 10 0.58 0.59 0.67 0.19 -0.31 10.00 True True
’n clusters’: 11 0.57 0.58 0.66 0.18 -0.28 11.00 False False

Table C.96: TEP dataset - k -means clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.48 0.48 0.43 0.13 -0.75 2.00 False False
’n clusters’: 3 0.61 0.61 0.47 0.12 -0.86 3.00 False False
’n clusters’: 4 0.65 0.65 0.51 0.14 -0.89 4.00 False False
’n clusters’: 5 0.61 0.61 0.47 0.13 -0.80 5.00 False False
’n clusters’: 6 0.75 0.75 0.48 0.14 -0.71 6.00 False False
’n clusters’: 7 0.73 0.72 0.49 0.15 -0.69 7.00 False False
’n clusters’: 8 0.70 0.71 0.51 0.16 -0.65 8.00 False False
’n clusters’: 9 0.69 0.69 0.51 0.17 -0.61 9.00 True True
’n clusters’: 10 0.66 0.66 0.51 0.15 -0.68 10.00 False False
’n clusters’: 11 0.64 0.65 0.51 0.16 -0.56 11.00 True True
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Table C.97: TEP dataset - k -medoids clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.00 0.00 0.00 0.00 nan 1.00 True False
’n clusters’: 3 0.00 0.00 0.00 0.00 nan 1.00 False False
’n clusters’: 4 0.00 0.00 0.00 0.00 nan 1.00 False False
’n clusters’: 5 0.34 0.34 0.18 0.05 -0.70 5.00 True True
’n clusters’: 6 0.28 0.28 0.04 0.03 -0.79 6.00 False False
’n clusters’: 7 0.30 0.30 0.02 0.03 -0.76 7.00 False False
’n clusters’: 8 0.27 0.27 0.01 0.03 -0.78 8.00 False False
’n clusters’: 9 0.27 0.27 -0.01 0.03 -0.78 9.00 False False
’n clusters’: 10 0.33 0.33 0.00 0.03 -0.73 10.00 False False
’n clusters’: 11 0.33 0.33 -0.01 0.03 -0.72 11.00 False False

Table C.98: TEP dataset - k -medoids clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.29 0.29 0.42 0.10 -0.87 2.00 True True
’n clusters’: 3 0.23 0.23 0.19 0.06 -0.96 3.00 False False
’n clusters’: 4 0.26 0.26 0.15 0.06 -0.97 4.00 False False
’n clusters’: 5 0.38 0.38 0.37 0.08 -0.90 5.00 False False
’n clusters’: 6 0.46 0.46 0.28 0.09 -0.86 6.00 False False
’n clusters’: 7 0.38 0.38 0.19 0.08 -0.88 7.00 False False
’n clusters’: 8 0.38 0.38 0.24 0.07 -0.88 8.00 False False
’n clusters’: 9 0.36 0.36 0.16 0.07 -0.85 9.00 False False
’n clusters’: 10 0.42 0.42 0.32 0.11 -0.77 10.00 True True
’n clusters’: 11 0.42 0.42 0.33 0.11 -0.74 11.00 True True

Table C.99: TEP dataset - k -medoids clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.38 0.38 0.35 0.09 -0.82 2.00 False False
’n clusters’: 3 0.29 0.29 0.31 0.09 -0.91 3.00 False False
’n clusters’: 4 0.29 0.29 0.28 0.09 -0.92 4.00 False False
’n clusters’: 5 0.41 0.41 0.28 0.09 -0.74 5.00 False False
’n clusters’: 6 0.35 0.35 0.23 0.09 -0.83 6.00 False False
’n clusters’: 7 0.40 0.40 0.30 0.10 -0.76 7.00 False False
’n clusters’: 8 0.38 0.39 0.28 0.10 -0.77 8.00 False False
’n clusters’: 9 0.47 0.47 0.37 0.13 -0.68 9.00 True True
’n clusters’: 10 0.40 0.40 0.29 0.11 -0.78 10.00 False False
’n clusters’: 11 0.44 0.44 0.35 0.12 -0.73 11.00 False False

Table C.100: TEP dataset - k -medoids clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.35 0.35 0.37 0.07 -0.89 2.00 False False
’n clusters’: 3 0.57 0.57 0.52 0.11 -0.84 3.00 False False
’n clusters’: 4 0.57 0.57 0.62 0.15 -0.63 4.00 True True
’n clusters’: 5 0.54 0.54 0.37 0.12 -0.83 5.00 False False
’n clusters’: 6 0.57 0.57 0.34 0.12 -0.81 6.00 False False
’n clusters’: 7 0.58 0.58 0.39 0.12 -0.82 7.00 False False
’n clusters’: 8 0.55 0.55 0.39 0.12 -0.80 8.00 False False
’n clusters’: 9 0.54 0.54 0.35 0.12 -0.79 9.00 False False
’n clusters’: 10 0.55 0.55 0.39 0.13 -0.71 10.00 False False
’n clusters’: 11 0.52 0.52 0.33 0.11 -0.76 11.00 False False
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Table C.101: TEP dataset - k -medoids clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.49 0.49 0.43 0.13 -0.90 2.00 False False
’n clusters’: 3 0.62 0.62 0.46 0.12 -0.75 3.00 False False
’n clusters’: 4 0.66 0.66 0.41 0.12 -0.85 4.00 False False
’n clusters’: 5 0.68 0.68 0.45 0.13 -0.84 5.00 False False
’n clusters’: 6 0.62 0.62 0.41 0.12 -0.81 6.00 False False
’n clusters’: 7 0.72 0.72 0.48 0.15 -0.79 7.00 True True
’n clusters’: 8 0.68 0.68 0.47 0.13 -0.72 8.00 False False
’n clusters’: 9 0.65 0.65 0.47 0.14 -0.69 9.00 False False
’n clusters’: 10 0.64 0.64 0.46 0.14 -0.70 10.00 False False
’n clusters’: 11 0.64 0.64 0.49 0.15 -0.59 11.00 True True

Table C.102: TEP dataset - k -medoids clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’n clusters’: 2 0.37 0.37 0.47 0.11 -0.76 2.00 False False
’n clusters’: 3 0.60 0.60 0.57 0.15 -0.55 3.00 True True
’n clusters’: 4 0.61 0.61 0.51 0.13 -0.59 4.00 False False
’n clusters’: 5 0.61 0.61 0.43 0.13 -0.71 5.00 False False
’n clusters’: 6 0.58 0.58 0.39 0.13 -0.66 6.00 False False
’n clusters’: 7 0.58 0.58 0.38 0.13 -0.62 7.00 False False
’n clusters’: 8 0.56 0.56 0.37 0.13 -0.64 8.00 False False
’n clusters’: 9 0.55 0.55 0.35 0.12 -0.66 9.00 False False
’n clusters’: 10 0.53 0.53 0.34 0.12 -0.64 10.00 False False
’n clusters’: 11 0.53 0.53 0.33 0.12 -0.68 11.00 False False

Table C.103: TEP dataset - GMM clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 11 0.63 0.68 0.14 0.02 -0.49 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.13 0.13 0.17 0.10 -0.57 2.00 True True
’covariance type’: ’tied’, ’n ’: 3 0.46 0.46 0.22 0.08 -0.76 3.00 False False
’covariance type’: ’tied’, ’n ’: 4 0.52 0.48 0.24 0.08 -0.76 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.59 0.57 0.25 0.07 -0.53 5.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.56 0.63 0.29 0.08 -0.66 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.64 0.63 0.30 0.09 -0.34 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.63 0.63 0.21 0.08 -0.41 8.00 False False
’covariance type’: ’tied’, ’n ’: 9 0.65 0.61 0.23 0.08 -0.37 9.00 False False
’covariance type’: ’tied’, ’n ’: 10 0.61 0.60 0.21 0.07 -0.36 10.00 False False
’covariance type’: ’tied’, ’n ’: 11 0.62 0.60 0.22 0.07 -0.30 11.00 True True
’covariance type’: ’diag’, ’n ’: 2 0.54 0.54 0.34 0.02 -0.36 2.00 False False
’covariance type’: ’diag’, ’n ’: 3 0.49 0.63 0.33 0.05 -0.36 3.00 False False
’covariance type’: ’diag’, ’n ’: 4 0.61 0.65 0.20 0.06 -0.46 4.00 False False
’covariance type’: ’diag’, ’n ’: 5 0.63 0.63 0.23 0.07 -0.44 5.00 False False
’covariance type’: ’diag’, ’n ’: 6 0.68 0.68 0.25 0.07 -0.38 6.00 False False
’covariance type’: ’diag’, ’n ’: 7 0.66 0.67 0.28 0.08 -0.39 7.00 False False
’covariance type’: ’diag’, ’n ’: 8 0.63 0.63 0.23 0.07 -0.45 8.00 False False
’covariance type’: ’diag’, ’n ’: 9 0.62 0.62 0.20 0.04 -0.37 9.00 False False
’covariance type’: ’diag’, ’n ’: 10 0.62 0.62 0.13 0.08 -0.36 10.00 False False
’covariance type’: ’diag’, ’n ’: 11 0.61 0.56 0.13 0.06 -0.48 11.00 False False

’covariance type’: ’spherical’, ’n ’: 2 0.50 0.39 0.36 0.09 -0.32 2.00 True True
’covariance type’: ’spherical’, ’n ’: 3 0.57 0.57 0.20 0.05 -0.55 3.00 False False
’covariance type’: ’spherical’, ’n ’: 4 0.54 0.54 0.23 0.07 -0.54 4.00 False False
’covariance type’: ’spherical’, ’n ’: 5 0.54 0.61 0.26 0.07 -0.35 5.00 False False
’covariance type’: ’spherical’, ’n ’: 6 0.59 0.54 0.18 0.07 -0.37 6.00 False False
’covariance type’: ’spherical’, ’n ’: 7 0.57 0.59 0.31 0.09 -0.37 7.00 True True
’covariance type’: ’spherical’, ’n ’: 8 0.57 0.60 0.31 0.08 -0.37 8.00 False False
’covariance type’: ’spherical’, ’n ’: 9 0.63 0.61 0.24 0.06 -0.39 9.00 False False
’covariance type’: ’spherical’, ’n ’: 10 0.60 0.60 0.22 0.08 -0.39 10.00 False False
’covariance type’: ’spherical’, ’n ’: 11 0.62 0.59 0.23 0.09 -0.35 11.00 False False
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Table C.104: TEP dataset - GMM clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 11 0.51 0.51 0.62 0.17 -0.70 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.15 0.15 0.72 0.14 -0.58 2.00 True True
’covariance type’: ’tied’, ’n ’: 3 0.18 0.18 0.72 0.13 -0.70 3.00 True True
’covariance type’: ’tied’, ’n ’: 4 0.38 0.38 0.60 0.14 -0.80 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.31 0.31 0.57 0.15 -0.78 5.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.35 0.35 0.62 0.15 0.08 6.00 True True
’covariance type’: ’tied’, ’n ’: 7 0.50 0.50 0.69 0.17 -0.65 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.49 0.49 0.70 0.18 -0.66 8.00 True True
’covariance type’: ’tied’, ’n ’: 9 0.49 0.50 0.69 0.19 -0.64 9.00 True True
’covariance type’: ’tied’, ’n ’: 10 0.49 0.50 0.69 0.19 -0.69 10.00 False False
’covariance type’: ’tied’, ’n ’: 11 0.49 0.49 0.69 0.18 -0.69 10.00 False False
’covariance type’: ’diag’, ’n ’: 2 0.51 0.51 0.37 0.02 -0.38 2.00 False False
’covariance type’: ’diag’, ’n ’: 3 0.54 0.54 0.38 0.10 -0.35 3.00 False False
’covariance type’: ’diag’, ’n ’: 4 0.59 0.59 0.59 0.08 -0.09 4.00 False False
’covariance type’: ’diag’, ’n ’: 5 0.52 0.57 0.57 0.14 -0.33 5.00 False False
’covariance type’: ’diag’, ’n ’: 6 0.56 0.56 0.66 0.17 -0.09 6.00 True True
’covariance type’: ’diag’, ’n ’: 7 0.55 0.55 0.59 0.17 -0.05 7.00 False False
’covariance type’: ’diag’, ’n ’: 8 0.54 0.54 0.67 0.15 -0.41 8.00 False False
’covariance type’: ’diag’, ’n ’: 9 0.53 0.54 0.60 0.18 -0.38 9.00 False False
’covariance type’: ’diag’, ’n ’: 10 0.53 0.52 0.68 0.16 -0.34 10.00 False False
’covariance type’: ’diag’, ’n ’: 11 0.53 0.52 0.62 0.18 -0.04 11.00 True True

’covariance type’: ’spherical’, ’n ’: 2 0.51 0.51 0.37 0.02 -0.38 2.00 False False
’covariance type’: ’spherical’, ’n ’: 3 0.63 0.51 0.41 0.03 -0.36 3.00 False False
’covariance type’: ’spherical’, ’n ’: 4 0.61 0.54 0.56 0.12 -0.72 4.00 False False
’covariance type’: ’spherical’, ’n ’: 5 0.37 0.58 0.65 0.14 -0.35 5.00 False False
’covariance type’: ’spherical’, ’n ’: 6 0.56 0.56 0.67 0.16 -0.12 6.00 False False
’covariance type’: ’spherical’, ’n ’: 7 0.55 0.55 0.67 0.17 -0.10 7.00 True True
’covariance type’: ’spherical’, ’n ’: 8 0.54 0.54 0.69 0.19 -0.32 8.00 True True
’covariance type’: ’spherical’, ’n ’: 9 0.55 0.54 0.68 0.18 -0.13 9.00 True True
’covariance type’: ’spherical’, ’n ’: 10 0.53 0.55 0.67 0.18 -0.30 10.00 False False
’covariance type’: ’spherical’, ’n ’: 11 0.53 0.53 0.62 0.17 -0.62 11.00 False False
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Table C.105: TEP dataset - GMM clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 2 0.48 0.48 0.43 0.12 -0.57 2.00 False False
’covariance type’: ’full’, ’n ’: 3 0.53 0.53 0.40 0.08 -0.69 3.00 False False
’covariance type’: ’full’, ’n ’: 4 0.50 0.50 0.44 0.09 -0.73 4.00 False False
’covariance type’: ’full’, ’n ’: 5 0.57 0.57 0.48 0.14 -0.41 5.00 True True
’covariance type’: ’tied’, ’n ’: 2 0.33 0.15 0.57 0.09 -0.46 2.00 True True
’covariance type’: ’tied’, ’n ’: 3 0.32 0.32 0.38 0.10 -0.77 3.00 False False
’covariance type’: ’tied’, ’n ’: 4 0.43 0.43 0.23 0.12 -0.76 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.44 0.44 0.46 0.14 -0.80 5.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.51 0.51 0.48 0.15 -0.75 6.00 True True
’covariance type’: ’tied’, ’n ’: 7 0.46 0.56 0.49 0.14 -0.76 7.00 True True
’covariance type’: ’tied’, ’n ’: 8 0.48 0.56 0.41 0.14 -0.70 8.00 False False
’covariance type’: ’tied’, ’n ’: 9 0.53 0.46 0.38 0.15 -0.70 9.00 True True
’covariance type’: ’tied’, ’n ’: 10 0.48 0.48 0.37 0.15 -0.61 10.00 False False
’covariance type’: ’tied’, ’n ’: 11 0.48 0.49 0.39 0.15 -0.71 11.00 True True
’covariance type’: ’diag’, ’n ’: 2 0.20 0.21 0.43 0.09 -0.86 2.00 False False
’covariance type’: ’diag’, ’n ’: 3 0.58 0.58 0.39 0.06 -0.73 3.00 False False
’covariance type’: ’diag’, ’n ’: 4 0.50 0.50 0.45 0.08 -0.49 4.00 False False
’covariance type’: ’diag’, ’n ’: 5 0.58 0.58 0.47 0.13 -0.50 5.00 False False
’covariance type’: ’diag’, ’n ’: 6 0.60 0.60 0.48 0.11 -0.57 6.00 True True
’covariance type’: ’diag’, ’n ’: 7 0.50 0.50 0.45 0.14 -0.69 7.00 True True
’covariance type’: ’diag’, ’n ’: 8 0.49 0.49 0.41 0.14 -0.71 8.00 False False
’covariance type’: ’diag’, ’n ’: 9 0.49 0.48 0.39 0.14 -0.75 9.00 False False
’covariance type’: ’diag’, ’n ’: 10 0.47 0.51 0.36 0.14 -0.71 10.00 False False
’covariance type’: ’diag’, ’n ’: 11 0.50 0.50 0.37 0.13 -0.68 11.00 False False

’covariance type’: ’spherical’, ’n ’: 2 0.48 0.48 0.43 0.02 -0.42 2.00 False False
’covariance type’: ’spherical’, ’n ’: 3 0.51 0.51 0.33 0.06 -0.74 3.00 False False
’covariance type’: ’spherical’, ’n ’: 4 0.57 0.57 0.39 0.07 -0.69 4.00 False False
’covariance type’: ’spherical’, ’n ’: 5 0.56 0.46 0.44 0.12 -0.69 5.00 False False
’covariance type’: ’spherical’, ’n ’: 6 0.54 0.55 0.44 0.12 -0.74 6.00 False False
’covariance type’: ’spherical’, ’n ’: 7 0.54 0.54 0.42 0.14 -0.72 7.00 False False
’covariance type’: ’spherical’, ’n ’: 8 0.53 0.53 0.43 0.14 -0.69 8.00 True True
’covariance type’: ’spherical’, ’n ’: 9 0.51 0.52 0.41 0.15 -0.59 9.00 True True
’covariance type’: ’spherical’, ’n ’: 10 0.51 0.49 0.43 0.15 -0.68 10.00 True True
’covariance type’: ’spherical’, ’n ’: 11 0.50 0.47 0.38 0.14 -0.65 11.00 False False
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Table C.106: TEP dataset - GMM clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 4 0.69 0.69 0.67 0.16 -0.42 4.00 False False
’covariance type’: ’full’, ’n ’: 5 0.67 0.44 0.69 0.17 -0.11 5.00 True True
’covariance type’: ’full’, ’n ’: 6 0.65 0.42 0.66 0.18 -0.17 6.00 True True
’covariance type’: ’full’, ’n ’: 7 0.63 0.64 0.66 0.18 -0.22 7.00 True True
’covariance type’: ’full’, ’n ’: 8 0.62 0.62 0.67 0.17 -0.26 8.00 False False
’covariance type’: ’full’, ’n ’: 9 0.61 0.61 0.66 0.17 -0.45 9.00 False False
’covariance type’: ’full’, ’n ’: 10 0.61 0.60 0.64 0.17 -0.45 10.00 False False
’covariance type’: ’full’, ’n ’: 11 0.59 0.59 0.65 0.19 -0.44 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.17 0.17 0.74 0.16 -0.79 2.00 True True
’covariance type’: ’tied’, ’n ’: 3 0.20 0.25 0.70 0.16 -0.64 3.00 True True
’covariance type’: ’tied’, ’n ’: 4 0.25 0.26 0.71 0.15 -0.77 4.00 True True
’covariance type’: ’tied’, ’n ’: 5 0.53 0.53 0.65 0.17 -0.57 4.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.59 0.59 0.67 0.20 -0.60 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.57 0.58 0.68 0.20 -0.62 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.57 0.57 0.69 0.20 -0.60 8.00 True True
’covariance type’: ’tied’, ’n ’: 9 0.56 0.55 0.69 0.19 -0.48 9.00 True True
’covariance type’: ’tied’, ’n ’: 10 0.56 0.56 0.69 0.18 -0.44 10.00 True True
’covariance type’: ’tied’, ’n ’: 11 0.56 0.56 0.66 0.19 -0.48 11.00 False False
’covariance type’: ’diag’, ’n ’: 2 0.48 0.48 0.64 0.08 -0.47 2.00 False False
’covariance type’: ’diag’, ’n ’: 3 0.44 0.44 0.70 0.13 -0.33 3.00 True True
’covariance type’: ’diag’, ’n ’: 4 0.67 0.41 0.61 0.14 -0.34 4.00 False False
’covariance type’: ’diag’, ’n ’: 5 0.65 0.65 0.62 0.17 -0.63 5.00 False False
’covariance type’: ’diag’, ’n ’: 6 0.64 0.64 0.64 0.19 -0.23 6.00 False False
’covariance type’: ’diag’, ’n ’: 7 0.63 0.62 0.65 0.17 -0.23 7.00 False False
’covariance type’: ’diag’, ’n ’: 8 0.62 0.62 0.65 0.19 -0.25 8.00 False False
’covariance type’: ’diag’, ’n ’: 9 0.61 0.61 0.64 0.18 -0.19 9.00 False False
’covariance type’: ’diag’, ’n ’: 10 0.60 0.60 0.66 0.17 -0.47 10.00 False False
’covariance type’: ’diag’, ’n ’: 11 0.59 0.59 0.65 0.17 -0.47 11.00 False False

’covariance type’: ’spherical’, ’n ’: 2 0.48 0.48 0.64 0.08 -0.43 2.00 False False
’covariance type’: ’spherical’, ’n ’: 3 0.44 0.44 0.65 0.12 -0.51 3.00 False False
’covariance type’: ’spherical’, ’n ’: 4 0.68 0.68 0.60 0.12 -0.54 4.00 False False
’covariance type’: ’spherical’, ’n ’: 5 0.65 0.65 0.64 0.15 -0.30 5.00 False False
’covariance type’: ’spherical’, ’n ’: 6 0.40 0.64 0.67 0.19 -0.56 6.00 False False
’covariance type’: ’spherical’, ’n ’: 7 0.62 0.63 0.67 0.19 -0.24 7.00 False False
’covariance type’: ’spherical’, ’n ’: 8 0.61 0.62 0.68 0.20 -0.24 8.00 True True
’covariance type’: ’spherical’, ’n ’: 9 0.61 0.61 0.67 0.20 -0.23 9.00 True True
’covariance type’: ’spherical’, ’n ’: 10 0.59 0.59 0.67 0.18 -0.41 10.00 False False
’covariance type’: ’spherical’, ’n ’: 11 0.59 0.58 0.65 0.18 -0.45 11.00 False False
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Table C.107: TEP dataset - GMM clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 2 0.45 0.47 0.43 0.14 -0.76 2.00 False False
’covariance type’: ’full’, ’n ’: 3 0.65 0.65 0.46 0.12 -0.74 3.00 False False
’covariance type’: ’full’, ’n ’: 4 0.62 0.62 0.49 0.14 -0.79 4.00 False False
’covariance type’: ’full’, ’n ’: 5 0.58 0.58 0.40 0.14 -0.88 5.00 False False
’covariance type’: ’full’, ’n ’: 6 0.61 0.69 0.40 0.13 -0.79 6.00 False False
’covariance type’: ’full’, ’n ’: 7 0.63 0.59 0.45 0.12 -0.71 7.00 False False
’covariance type’: ’full’, ’n ’: 8 0.69 0.69 0.49 0.17 -0.57 8.00 True True
’covariance type’: ’full’, ’n ’: 9 0.64 0.64 0.47 0.13 -0.64 9.00 False False
’covariance type’: ’full’, ’n ’: 10 0.67 0.63 0.46 0.14 -0.71 10.00 False False
’covariance type’: ’full’, ’n ’: 11 0.64 0.64 0.50 0.15 -0.58 11.00 True True
’covariance type’: ’tied’, ’n ’: 2 0.37 0.41 0.38 0.10 -0.83 2.00 False False
’covariance type’: ’tied’, ’n ’: 3 0.53 0.53 0.43 0.11 -0.82 3.00 False False
’covariance type’: ’tied’, ’n ’: 4 0.64 0.55 0.50 0.14 -0.74 4.00 False False
’covariance type’: ’tied’, ’n ’: 5 0.69 0.69 0.47 0.11 -0.72 5.00 False False
’covariance type’: ’tied’, ’n ’: 6 0.64 0.66 0.46 0.15 -0.82 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.74 0.74 0.49 0.15 -0.78 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.73 0.73 0.51 0.16 -0.64 8.00 True True
’covariance type’: ’tied’, ’n ’: 9 0.68 0.67 0.51 0.14 -0.73 9.00 True True
’covariance type’: ’tied’, ’n ’: 10 0.66 0.66 0.50 0.15 -0.64 10.00 True True
’covariance type’: ’tied’, ’n ’: 11 0.65 0.64 0.48 0.13 -0.75 11.00 False False
’covariance type’: ’diag’, ’n ’: 2 0.36 0.35 0.38 0.15 -0.93 2.00 False False
’covariance type’: ’diag’, ’n ’: 3 0.22 0.61 0.45 0.12 -0.77 3.00 False False
’covariance type’: ’diag’, ’n ’: 4 0.64 0.64 0.48 0.12 -0.68 4.00 False False
’covariance type’: ’diag’, ’n ’: 5 0.64 0.64 0.46 0.13 -0.72 5.00 False False
’covariance type’: ’diag’, ’n ’: 6 0.77 0.77 0.45 0.14 -0.76 6.00 False False
’covariance type’: ’diag’, ’n ’: 7 0.71 0.74 0.41 0.15 -0.59 7.00 False False
’covariance type’: ’diag’, ’n ’: 8 0.69 0.67 0.44 0.16 -0.55 8.00 True True
’covariance type’: ’diag’, ’n ’: 9 0.67 0.67 0.46 0.13 -0.61 9.00 False False
’covariance type’: ’diag’, ’n ’: 10 0.65 0.65 0.48 0.14 -0.72 10.00 False False
’covariance type’: ’diag’, ’n ’: 11 0.64 0.63 0.46 0.13 -0.67 11.00 False False

’covariance type’: ’spherical’, ’n ’: 2 0.27 0.27 0.38 0.16 -0.89 2.00 False False
’covariance type’: ’spherical’, ’n ’: 3 0.48 0.48 0.41 0.11 -0.81 3.00 False False
’covariance type’: ’spherical’, ’n ’: 4 0.58 0.64 0.48 0.13 -0.78 4.00 False False
’covariance type’: ’spherical’, ’n ’: 5 0.59 0.65 0.46 0.14 -0.67 5.00 False False
’covariance type’: ’spherical’, ’n ’: 6 0.64 0.64 0.46 0.15 -0.76 6.00 False False
’covariance type’: ’spherical’, ’n ’: 7 0.71 0.71 0.44 0.15 -0.65 7.00 False False
’covariance type’: ’spherical’, ’n ’: 8 0.70 0.70 0.49 0.17 -0.59 8.00 True True
’covariance type’: ’spherical’, ’n ’: 9 0.68 0.69 0.50 0.14 -0.51 9.00 True True
’covariance type’: ’spherical’, ’n ’: 10 0.68 0.66 0.50 0.15 -0.61 10.00 True True
’covariance type’: ’spherical’, ’n ’: 11 0.65 0.65 0.45 0.15 -0.60 11.00 False False
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Table C.108: TEP dataset - GMM clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’covariance type’: ’full’, ’n ’: 2 0.30 0.30 0.47 0.09 -0.83 2.00 False False
’covariance type’: ’full’, ’n ’: 3 0.60 0.60 0.56 0.14 -0.67 3.00 False False
’covariance type’: ’full’, ’n ’: 4 0.63 0.63 0.60 0.18 -0.63 4.00 True True
’covariance type’: ’full’, ’n ’: 5 0.62 0.62 0.50 0.15 -0.62 5.00 False False
’covariance type’: ’full’, ’n ’: 6 0.54 0.63 0.46 0.14 -0.67 6.00 False False
’covariance type’: ’full’, ’n ’: 7 0.62 0.62 0.48 0.15 -0.67 7.00 False False
’covariance type’: ’full’, ’n ’: 8 0.61 0.61 0.44 0.15 -0.60 8.00 False False
’covariance type’: ’full’, ’n ’: 9 0.62 0.61 0.45 0.14 -0.66 9.00 False False
’covariance type’: ’full’, ’n ’: 10 0.59 0.60 0.46 0.15 -0.57 10.00 False False
’covariance type’: ’full’, ’n ’: 11 0.58 0.59 0.41 0.13 -0.60 11.00 False False
’covariance type’: ’tied’, ’n ’: 2 0.34 0.37 0.49 0.10 -0.82 2.00 False False
’covariance type’: ’tied’, ’n ’: 3 0.58 0.58 0.56 0.14 -0.50 3.00 True True
’covariance type’: ’tied’, ’n ’: 4 0.63 0.63 0.61 0.18 -0.67 4.00 True True
’covariance type’: ’tied’, ’n ’: 5 0.63 0.62 0.59 0.19 -0.60 5.00 True True
’covariance type’: ’tied’, ’n ’: 6 0.63 0.63 0.41 0.18 -0.67 6.00 False False
’covariance type’: ’tied’, ’n ’: 7 0.61 0.62 0.45 0.16 -0.67 7.00 False False
’covariance type’: ’tied’, ’n ’: 8 0.61 0.62 0.47 0.16 -0.65 8.00 False False
’covariance type’: ’tied’, ’n ’: 9 0.62 0.59 0.47 0.15 -0.62 9.00 False False
’covariance type’: ’tied’, ’n ’: 10 0.59 0.61 0.48 0.16 -0.63 10.00 False False
’covariance type’: ’tied’, ’n ’: 11 0.57 0.57 0.45 0.14 -0.65 11.00 False False
’covariance type’: ’diag’, ’n ’: 2 0.32 0.32 0.46 0.11 -0.74 2.00 False False
’covariance type’: ’diag’, ’n ’: 3 0.58 0.58 0.56 0.14 -0.50 3.00 False False
’covariance type’: ’diag’, ’n ’: 4 0.65 0.65 0.59 0.17 -0.66 4.00 False False
’covariance type’: ’diag’, ’n ’: 5 0.63 0.63 0.51 0.14 -0.59 5.00 False False
’covariance type’: ’diag’, ’n ’: 6 0.61 0.54 0.47 0.10 -0.58 6.00 False False
’covariance type’: ’diag’, ’n ’: 7 0.67 0.66 0.49 0.12 -0.54 7.00 False False
’covariance type’: ’diag’, ’n ’: 8 0.64 0.52 0.47 0.15 -0.55 8.00 True True
’covariance type’: ’diag’, ’n ’: 9 0.62 0.63 0.46 0.15 -0.57 9.00 True True
’covariance type’: ’diag’, ’n ’: 10 0.61 0.59 0.41 0.13 -0.62 10.00 False False
’covariance type’: ’diag’, ’n ’: 11 0.60 0.59 0.41 0.13 -0.59 11.00 False False

’covariance type’: ’spherical’, ’n ’: 2 0.36 0.36 0.47 0.09 -0.67 2.00 False False
’covariance type’: ’spherical’, ’n ’: 3 0.64 0.64 0.53 0.10 -0.80 3.00 False False
’covariance type’: ’spherical’, ’n ’: 4 0.63 0.63 0.60 0.16 -0.65 4.00 True True
’covariance type’: ’spherical’, ’n ’: 5 0.62 0.62 0.58 0.19 -0.66 5.00 False False
’covariance type’: ’spherical’, ’n ’: 6 0.62 0.61 0.48 0.17 -0.70 6.00 False False
’covariance type’: ’spherical’, ’n ’: 7 0.60 0.58 0.47 0.17 -0.61 7.00 False False
’covariance type’: ’spherical’, ’n ’: 8 0.63 0.63 0.43 0.14 -0.64 8.00 False False
’covariance type’: ’spherical’, ’n ’: 9 0.62 0.62 0.45 0.16 -0.59 9.00 True True
’covariance type’: ’spherical’, ’n ’: 10 0.60 0.61 0.46 0.14 -0.51 10.00 False False
’covariance type’: ’spherical’, ’n ’: 11 0.59 0.59 0.44 0.15 -0.53 11.00 True True

Table C.109: TEP dataset - DBSCAN clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 4.4, ’min samples’: 1200 0.47 0.47 0.18 0.02 nan 2.00 False False
’eps’: 4.4, ’min samples’: 1400 0.47 0.47 0.18 0.02 nan 2.00 False False
’eps’: 4.4, ’min samples’: 1600 0.46 0.46 0.17 0.02 nan 2.00 False False
’eps’: 4.4, ’min samples’: 1800 0.46 0.46 0.17 0.02 nan 2.00 False False
’eps’: 4.6, ’min samples’: 200 0.50 0.50 0.36 0.03 nan 2.00 True False
’eps’: 4.6, ’min samples’: 400 0.50 0.50 0.36 0.03 nan 2.00 False False
’eps’: 4.6, ’min samples’: 600 0.50 0.50 0.36 0.03 nan 2.00 False False
’eps’: 4.6, ’min samples’: 800 0.50 0.50 0.36 0.03 nan 2.00 False False
’eps’: 4.6, ’min samples’: 1000 0.64 0.64 0.18 0.03 -0.29 3.00 True True
’eps’: 4.6, ’min samples’: 1200 0.63 0.63 0.18 0.03 -0.30 3.00 False False
’eps’: 4.6, ’min samples’: 1400 0.46 0.46 0.19 0.02 nan 2.00 False False
’eps’: 4.6, ’min samples’: 1600 0.47 0.47 0.19 0.02 nan 2.00 False False
’eps’: 4.6, ’min samples’: 1800 0.48 0.48 0.18 0.02 nan 2.00 False False
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Table C.110: TEP dataset - DBSCAN clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 0.4, ’min samples’: 200 0.54 0.54 0.44 0.02 0.56 3.00 True True
’eps’: 0.4, ’min samples’: 400 0.54 0.54 0.40 0.02 0.54 3.00 False False
’eps’: 0.4, ’min samples’: 600 0.51 0.51 0.34 0.02 nan 2.00 False False
’eps’: 0.4, ’min samples’: 800 0.50 0.50 0.32 0.02 nan 2.00 False False
’eps’: 0.4, ’min samples’: 1000 0.48 0.48 0.31 0.02 nan 2.00 False False
’eps’: 0.4, ’min samples’: 1200 0.46 0.46 0.29 0.02 nan 2.00 False False
’eps’: 0.4, ’min samples’: 1400 0.43 0.43 0.25 0.02 nan 2.00 False False
’eps’: 0.4, ’min samples’: 1600 0.39 0.39 0.21 0.02 nan 2.00 False False
’eps’: 0.4, ’min samples’: 1800 0.32 0.32 0.12 0.02 nan 2.00 False False
’eps’: 0.6, ’min samples’: 200 0.63 0.63 0.53 0.03 0.11 3.00 True True
’eps’: 0.6, ’min samples’: 400 0.55 0.55 0.48 0.03 0.51 3.00 True True
’eps’: 0.6, ’min samples’: 600 0.54 0.54 0.46 0.02 0.54 3.00 True True
’eps’: 0.6, ’min samples’: 800 0.51 0.51 0.37 0.02 nan 2.00 False False
’eps’: 0.6, ’min samples’: 1000 0.51 0.51 0.37 0.02 nan 2.00 False False
’eps’: 0.6, ’min samples’: 1200 0.51 0.51 0.37 0.02 nan 2.00 False False
’eps’: 0.6, ’min samples’: 1400 0.51 0.51 0.37 0.02 nan 2.00 False False
’eps’: 0.6, ’min samples’: 1600 0.51 0.51 0.36 0.02 nan 2.00 False False
’eps’: 0.6, ’min samples’: 1800 0.52 0.52 0.36 0.02 nan 2.00 False False
’eps’: 0.8, ’min samples’: 200 0.47 0.47 0.57 0.03 nan 2.00 False False
’eps’: 0.8, ’min samples’: 400 0.61 0.61 0.53 0.03 -0.13 3.00 False False
’eps’: 0.8, ’min samples’: 600 0.55 0.55 0.50 0.03 0.39 3.00 True True
’eps’: 0.8, ’min samples’: 800 0.54 0.54 0.49 0.03 0.41 3.00 True True
’eps’: 0.8, ’min samples’: 1000 0.49 0.49 0.39 0.02 nan 2.00 False False
’eps’: 0.8, ’min samples’: 1200 0.50 0.50 0.38 0.02 nan 2.00 False False
’eps’: 0.8, ’min samples’: 1400 0.50 0.50 0.38 0.02 nan 2.00 False False
’eps’: 0.8, ’min samples’: 1600 0.50 0.50 0.38 0.02 nan 2.00 False False
’eps’: 0.8, ’min samples’: 1800 0.50 0.50 0.38 0.02 nan 2.00 False False

’eps’: 1, ’min samples’: 200 0.46 0.46 0.58 0.03 nan 2.00 True False
’eps’: 1, ’min samples’: 400 0.46 0.46 0.57 0.03 nan 2.00 False False
’eps’: 1, ’min samples’: 600 0.60 0.60 0.54 0.03 -0.16 3.00 True True
’eps’: 1, ’min samples’: 800 0.57 0.57 0.53 0.03 0.06 3.00 True True
’eps’: 1, ’min samples’: 1000 0.56 0.56 0.51 0.03 0.19 3.00 True True
’eps’: 1, ’min samples’: 1200 0.48 0.48 0.39 0.02 nan 2.00 False False
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Table C.111: TEP dataset - DBSCAN clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 0.8, ’min samples’: 50 0.61 0.61 0.27 0.06 -0.24 10.00 True True
’eps’: 0.8, ’min samples’: 100 0.65 0.65 0.31 0.01 -0.13 3.00 False False
’eps’: 0.8, ’min samples’: 200 0.43 0.43 0.10 0.02 0.29 3.00 True True
’eps’: 0.8, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 800 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 1000 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 1200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 0.8, ’min samples’: 1400 0.00 0.00 0.00 0.00 0.00 1.00 False False

’eps’: 1, ’min samples’: 50 0.44 0.44 0.37 0.06 -0.04 5.00 True True
’eps’: 1, ’min samples’: 100 0.68 0.68 0.32 0.02 -0.14 3.00 False False
’eps’: 1, ’min samples’: 200 0.62 0.62 0.30 0.01 -0.13 3.00 False False
’eps’: 1, ’min samples’: 400 0.35 0.35 -0.02 0.02 0.26 3.00 False False
’eps’: 1, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1, ’min samples’: 800 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1, ’min samples’: 1000 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1, ’min samples’: 1200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1, ’min samples’: 1400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.5, ’min samples’: 50 0.43 0.43 0.41 0.03 -0.22 6.00 True True
’eps’: 1.5, ’min samples’: 100 0.43 0.43 0.27 0.06 -0.08 7.00 False False
’eps’: 1.5, ’min samples’: 200 0.50 0.50 0.43 0.02 nan 2.00 False False
’eps’: 1.5, ’min samples’: 400 0.67 0.67 0.32 0.02 -0.25 3.00 False False
’eps’: 1.5, ’min samples’: 600 0.48 0.48 0.23 0.02 0.36 3.00 True True
’eps’: 1.5, ’min samples’: 800 0.34 0.34 0.08 0.02 nan 2.00 False False
’eps’: 1.5, ’min samples’: 1000 0.28 0.28 -0.05 0.01 nan 2.00 False False
’eps’: 1.5, ’min samples’: 1200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 1.5, ’min samples’: 1400 0.00 0.00 0.00 0.00 0.00 1.00 False False

’eps’: 2, ’min samples’: 50 0.00 0.00 0.34 0.04 nan 2.00 True False
’eps’: 2, ’min samples’: 100 0.21 0.21 0.42 0.05 -0.55 4.00 True True
’eps’: 2, ’min samples’: 200 0.49 0.49 0.43 0.02 nan 2.00 True False

Table C.112: TEP dataset - DBSCAN clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
eps’: 1, ’min samples’: 50 0.45 0.45 0.49 0.11 0.59 8.00 True True

’eps’: 1, ’min samples’: 100 0.70 0.70 0.53 0.09 -0.28 3.00 False False
’eps’: 1, ’min samples’: 200 0.63 0.63 0.43 0.08 0.32 4.00 False False
’eps’: 1, ’min samples’: 400 0.58 0.58 0.42 0.07 0.54 3.00 False False
’eps’: 1, ’min samples’: 600 0.55 0.55 0.38 0.07 0.52 3.00 False False
’eps’: 1, ’min samples’: 800 0.49 0.49 0.27 0.05 nan 2.00 False False
’eps’: 1, ’min samples’: 1000 0.45 0.45 0.23 0.04 nan 2.00 False False
’eps’: 1, ’min samples’: 1200 0.40 0.40 0.18 0.04 nan 2.00 False False
’eps’: 1, ’min samples’: 1400 0.37 0.37 0.14 0.04 nan 2.00 False False
’eps’: 1.5, ’min samples’: 50 0.43 0.43 0.58 0.12 0.55 7.00 True True
’eps’: 1.5, ’min samples’: 100 0.48 0.48 0.57 0.11 0.62 4.00 True True
’eps’: 1.5, ’min samples’: 200 0.71 0.71 0.54 0.09 -0.28 3.00 False False
’eps’: 1.5, ’min samples’: 400 0.61 0.61 0.49 0.08 0.46 3.00 False False
’eps’: 1.5, ’min samples’: 600 0.60 0.60 0.46 0.07 0.54 3.00 False False
’eps’: 1.5, ’min samples’: 800 0.59 0.59 0.44 0.07 0.54 3.00 False False
’eps’: 1.5, ’min samples’: 1000 0.56 0.56 0.33 0.05 nan 2.00 False False
’eps’: 1.5, ’min samples’: 1200 0.56 0.56 0.32 0.05 nan 2.00 False False
’eps’: 1.5, ’min samples’: 1400 0.56 0.56 0.32 0.05 nan 2.00 False False

’eps’: 2, ’min samples’: 50 0.41 0.41 0.48 0.10 0.36 9.00 False False
’eps’: 2, ’min samples’: 100 0.46 0.46 0.58 0.12 0.55 4.00 True True
’eps’: 2, ’min samples’: 200 0.50 0.50 0.63 0.08 nan 2.00 False False
’eps’: 2, ’min samples’: 400 0.71 0.71 0.54 0.09 -0.30 3.00 False False
’eps’: 2, ’min samples’: 600 0.60 0.60 0.50 0.08 0.42 3.00 False False
’eps’: 2, ’min samples’: 800 0.60 0.60 0.49 0.08 0.45 3.00 False False
’eps’: 2, ’min samples’: 1000 0.59 0.59 0.47 0.07 0.48 3.00 False False
’eps’: 2, ’min samples’: 1200 0.54 0.54 0.34 0.05 nan 2.00 False False
’eps’: 2, ’min samples’: 1400 0.54 0.54 0.34 0.05 nan 2.00 False False
’eps’: 2.5, ’min samples’: 50 0.32 0.32 0.64 0.08 -0.27 8.00 True True
’eps’: 2.5, ’min samples’: 100 0.43 0.43 0.59 0.12 0.54 6.00 True True
’eps’: 2.5, ’min samples’: 200 0.49 0.49 0.64 0.08 nan 2.00 True False
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Table C.113: TEP dataset - DBSCAN clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 3, ’min samples’: 10 0.76 0.76 -0.04 0.12 -0.29 7.00 True True
’eps’: 3, ’min samples’: 20 0.76 0.76 0.16 0.06 -0.28 6.00 False False
’eps’: 3, ’min samples’: 50 0.72 0.72 0.28 0.04 0.04 9.00 False False
’eps’: 3, ’min samples’: 100 0.33 0.33 -0.22 0.08 0.19 15.00 True True
’eps’: 3, ’min samples’: 150 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 3.5, ’min samples’: 10 0.77 0.77 0.45 0.10 -0.23 3.00 True True
’eps’: 3.5, ’min samples’: 20 0.77 0.77 0.22 0.07 -0.23 4.00 False False
’eps’: 3.5, ’min samples’: 50 0.75 0.75 0.30 0.03 -0.14 8.00 False False
’eps’: 3.5, ’min samples’: 100 0.52 0.53 0.22 0.08 -0.03 18.00 False False
’eps’: 3.5, ’min samples’: 150 0.13 0.13 -0.32 0.04 0.09 4.00 False False
’eps’: 3.5, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 3.5, ’min samples’: 250 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 3.5, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False

’eps’: 4, ’min samples’: 10 0.53 0.53 0.38 0.09 0.10 2.00 True True
’eps’: 4, ’min samples’: 20 0.53 0.53 0.38 0.09 0.10 2.00 False False
’eps’: 4, ’min samples’: 50 0.75 0.75 0.16 0.06 -0.45 5.00 False False
’eps’: 4, ’min samples’: 100 0.66 0.66 0.41 0.08 -0.13 10.00 True True
’eps’: 4, ’min samples’: 150 0.39 0.39 -0.08 0.05 0.13 7.00 True True
’eps’: 4.5, ’min samples’: 10 0.53 0.53 0.38 0.09 0.10 2.00 False False
’eps’: 4.5, ’min samples’: 20 0.53 0.53 0.38 0.09 0.10 2.00 False False
’eps’: 4.5, ’min samples’: 50 0.77 0.77 0.26 0.05 -0.43 4.00 False False
’eps’: 4.5, ’min samples’: 100 0.74 0.74 0.34 0.06 -0.19 7.00 False False
’eps’: 4.5, ’min samples’: 150 0.56 0.56 0.21 0.02 0.11 9.00 True True
’eps’: 4.5, ’min samples’: 200 0.34 0.34 -0.12 0.05 0.22 5.00 True True
’eps’: 4.5, ’min samples’: 250 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 4.5, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 5, ’min samples’: 150 0.62 0.62 0.39 0.09 -0.26 12.00 False False
’eps’: 5, ’min samples’: 200 0.53 0.53 0.13 0.03 0.20 6.00 True True
’eps’: 5, ’min samples’: 250 0.34 0.34 -0.11 0.04 0.24 5.00 True True
’eps’: 5, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
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Table C.114: TEP dataset - DBSCAN clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’eps’: 3, ’min samples’: 100 0.44 0.44 0.35 0.09 0.32 6.00 True True
’eps’: 3, ’min samples’: 200 0.70 0.70 0.52 0.09 0.26 3.00 True True
’eps’: 3, ’min samples’: 300 0.56 0.56 0.19 0.04 -0.13 5.00 False False
’eps’: 3, ’min samples’: 400 0.38 0.38 0.05 0.07 0.32 3.00 False False
’eps’: 3, ’min samples’: 500 0.17 0.17 -0.05 0.05 nan 2.00 False False
’eps’: 3, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 3, ’min samples’: 800 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 3, ’min samples’: 1000 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 3.5, ’min samples’: 100 0.43 0.43 0.36 0.10 0.12 7.00 True True
’eps’: 3.5, ’min samples’: 200 0.72 0.72 0.53 0.10 -0.29 3.00 True True
’eps’: 3.5, ’min samples’: 300 0.63 0.63 0.40 0.09 0.20 4.00 True True
’eps’: 3.5, ’min samples’: 400 0.56 0.56 0.19 0.04 -0.02 5.00 False False
’eps’: 3.5, ’min samples’: 500 0.45 0.45 0.18 0.07 0.38 3.00 False False
’eps’: 3.5, ’min samples’: 600 0.32 0.32 0.08 0.05 nan 2.00 False False
’eps’: 3.5, ’min samples’: 800 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 3.5, ’min samples’: 1000 0.00 0.00 0.00 0.00 0.00 1.00 False False

’eps’: 4, ’min samples’: 100 0.46 0.46 0.31 0.15 0.06 4.00 True True
’eps’: 4, ’min samples’: 200 0.51 0.51 0.47 0.08 nan 2.00 False False
’eps’: 4, ’min samples’: 300 0.71 0.71 0.53 0.10 -0.21 3.00 True True
’eps’: 4, ’min samples’: 400 0.61 0.61 0.45 0.07 0.49 3.00 True True
’eps’: 4, ’min samples’: 500 0.57 0.57 0.19 0.05 -0.09 5.00 False False
’eps’: 4, ’min samples’: 600 0.47 0.47 0.25 0.07 0.41 3.00 False False
’eps’: 4, ’min samples’: 800 0.31 0.31 0.08 0.05 nan 2.00 False False
’eps’: 4, ’min samples’: 1000 0.00 0.00 0.00 0.00 0.00 1.00 False False
’eps’: 4.5, ’min samples’: 100 0.49 0.49 0.27 0.11 0.11 3.00 False False
’eps’: 4.5, ’min samples’: 200 0.45 0.45 0.35 0.12 0.34 4.00 True True
’eps’: 4.5, ’min samples’: 300 0.72 0.72 0.54 0.11 -0.29 3.00 True True
’eps’: 4.5, ’min samples’: 400 0.70 0.70 0.53 0.10 -0.01 3.00 True False
’eps’: 4.5, ’min samples’: 500 0.61 0.61 0.46 0.07 0.47 3.00 True True
’eps’: 4.5, ’min samples’: 600 0.50 0.50 0.39 0.08 0.46 3.00 True True
’eps’: 4.5, ’min samples’: 800 0.39 0.39 0.17 0.05 nan 2.00 False False
’eps’: 4.5, ’min samples’: 1000 0.33 0.33 0.10 0.05 nan 2.00 False False

’eps’: 5, ’min samples’: 100 0.49 0.49 0.21 0.10 -0.39 3.00 False False
’eps’: 5, ’min samples’: 200 0.44 0.44 0.41 0.09 0.40 4.00 True True
’eps’: 5, ’min samples’: 300 0.50 0.50 0.47 0.08 nan 2.00 False False
’eps’: 5, ’min samples’: 400 0.71 0.71 0.54 0.11 -0.43 3.00 True True
’eps’: 5, ’min samples’: 500 0.61 0.61 0.48 0.08 0.40 3.00 True True
’eps’: 5, ’min samples’: 600 0.61 0.61 0.46 0.08 0.45 3.00 True True
’eps’: 5, ’min samples’: 800 0.46 0.46 0.31 0.07 0.43 3.00 False False
’eps’: 5, ’min samples’: 1000 0.38 0.38 0.17 0.05 nan 2.00 False False
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Table C.115: TEP dataset - OPTICS clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 3.2, ’min samples’: 50 0.53 0.53 0.11 0.02 0.06 3.00 False False
’max eps’: 3.2, ’min samples’: 200 0.42 0.42 -0.00 0.02 0.16 3.00 False False
’max eps’: 3.2, ’min samples’: 400 0.33 0.33 -0.04 0.02 nan 2.00 False False
’max eps’: 3.2, ’min samples’: 600 0.26 0.26 -0.08 0.02 nan 2.00 False False
’max eps’: 3.2, ’min samples’: 800 0.21 0.21 -0.12 0.02 nan 2.00 False False
’max eps’: 3.4, ’min samples’: 50 0.41 0.41 0.30 0.02 nan 2.00 False False
’max eps’: 3.4, ’min samples’: 200 0.44 0.45 0.07 0.02 0.19 3.00 False False
’max eps’: 3.4, ’min samples’: 400 0.37 0.37 0.02 0.02 nan 2.00 False False
’max eps’: 3.4, ’min samples’: 600 0.36 0.36 0.00 0.02 nan 2.00 False False
’max eps’: 3.4, ’min samples’: 800 0.32 0.32 -0.03 0.02 nan 2.00 False False
’max eps’: 3.6, ’min samples’: 50 0.43 0.43 0.22 0.04 0.31 5.00 False False
’max eps’: 3.6, ’min samples’: 200 0.54 0.54 0.14 0.02 0.06 3.00 False False
’max eps’: 3.6, ’min samples’: 400 0.44 0.44 0.08 0.02 0.21 3.00 False False
’max eps’: 3.6, ’min samples’: 600 0.37 0.37 0.06 0.02 nan 2.00 False False
’max eps’: 3.6, ’min samples’: 800 0.36 0.36 0.03 0.02 nan 2.00 False False
’max eps’: 3.8, ’min samples’: 50 0.44 0.44 0.27 0.05 0.32 5.00 False False
’max eps’: 3.8, ’min samples’: 200 0.45 0.45 0.33 0.02 nan 2.00 False False
’max eps’: 3.8, ’min samples’: 400 0.50 0.50 0.14 0.02 0.12 3.00 False False
’max eps’: 3.8, ’min samples’: 600 0.45 0.45 0.10 0.02 0.17 3.00 False False
’max eps’: 3.8, ’min samples’: 800 0.39 0.39 0.10 0.02 nan 2.00 False False

’max eps’: 4, ’min samples’: 50 0.45 0.45 0.33 0.06 0.35 5.00 True True
’max eps’: 4, ’min samples’: 200 0.49 0.49 0.35 0.02 nan 2.00 True False
’max eps’: 4, ’min samples’: 400 0.61 0.61 0.17 0.03 -0.29 3.00 False False
’max eps’: 4, ’min samples’: 600 0.53 0.53 0.15 0.02 0.05 3.00 False False
’max eps’: 4, ’min samples’: 800 0.48 0.48 0.12 0.02 0.15 3.00 False False

Table C.116: TEP dataset - OPTICS clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 0.6, ’min samples’: 50 0.42 0.42 0.27 0.08 -0.02 8.00 True True
’max eps’: 0.6, ’min samples’: 200 0.63 0.63 0.53 0.03 0.26 3.00 True True
’max eps’: 0.6, ’min samples’: 400 0.54 0.54 0.47 0.03 0.52 3.00 True True
’max eps’: 0.6, ’min samples’: 600 0.54 0.54 0.45 0.02 0.52 3.00 True True
’max eps’: 0.6, ’min samples’: 800 0.51 0.51 0.37 0.02 nan 2.00 False False
’max eps’: 0.6, ’min samples’: 1000 0.51 0.51 0.37 0.02 nan 2.00 False False
’max eps’: 0.6, ’min samples’: 1200 0.51 0.51 0.37 0.02 nan 2.00 False False
’max eps’: 0.8, ’min samples’: 50 0.41 0.41 0.28 0.07 0.11 9.00 True True
’max eps’: 0.8, ’min samples’: 200 0.47 0.47 0.57 0.03 nan 2.00 False False
’max eps’: 0.8, ’min samples’: 400 0.61 0.61 0.53 0.03 -0.10 3.00 False False
’max eps’: 0.8, ’min samples’: 600 0.54 0.54 0.49 0.03 0.40 3.00 True True
’max eps’: 0.8, ’min samples’: 800 0.52 0.52 0.46 0.03 0.43 3.00 False False
’max eps’: 0.8, ’min samples’: 1000 0.49 0.49 0.39 0.02 nan 2.00 False False
’max eps’: 0.8, ’min samples’: 1200 0.50 0.50 0.38 0.02 nan 2.00 False False

’max eps’: 1, ’min samples’: 50 0.42 0.42 0.29 0.07 0.12 8.00 True True
’max eps’: 1, ’min samples’: 200 0.46 0.46 0.58 0.03 nan 2.00 True False
’max eps’: 1, ’min samples’: 400 0.46 0.46 0.57 0.03 nan 2.00 False False
’max eps’: 1, ’min samples’: 600 0.58 0.58 0.53 0.03 0.10 3.00 True True
’max eps’: 1, ’min samples’: 800 0.54 0.54 0.51 0.03 0.27 3.00 True True
’max eps’: 1, ’min samples’: 1000 0.54 0.54 0.50 0.03 0.18 3.00 False False
’max eps’: 1, ’min samples’: 1200 0.48 0.48 0.39 0.02 nan 2.00 False False
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Table C.117: TEP dataset - OPTICS clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 1, ’min samples’: 50 0.42 0.42 0.16 0.15 0.18 6.00 True True
’max eps’: 1, ’min samples’: 100 0.68 0.68 0.32 0.02 -0.14 3.00 False False
’max eps’: 1, ’min samples’: 200 0.61 0.61 0.29 0.01 -0.01 3.00 False False
’max eps’: 1, ’min samples’: 300 0.43 0.43 0.13 0.02 0.34 3.00 True True
’max eps’: 1, ’min samples’: 400 0.34 0.34 -0.04 0.02 0.26 3.00 False False
’max eps’: 1, ’min samples’: 500 0.18 0.18 -0.18 0.01 nan 2.00 False False
’max eps’: 1, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 1.2, ’min samples’: 50 0.42 0.42 0.16 0.15 0.18 6.00 False False
’max eps’: 1.2, ’min samples’: 100 0.49 0.49 0.34 0.03 0.23 3.00 True True
’max eps’: 1.2, ’min samples’: 200 0.67 0.67 0.32 0.02 -0.24 3.00 False False
’max eps’: 1.2, ’min samples’: 300 0.60 0.61 0.30 0.01 -0.01 3.00 False False
’max eps’: 1.2, ’min samples’: 400 0.44 0.44 0.17 0.02 0.36 3.00 False False
’max eps’: 1.2, ’min samples’: 500 0.41 0.41 0.09 0.02 0.31 3.00 False False
’max eps’: 1.2, ’min samples’: 600 0.29 0.29 -0.02 0.01 nan 2.00 False False
’max eps’: 1.5, ’min samples’: 50 0.43 0.43 0.21 0.17 0.17 7.00 True True
’max eps’: 1.5, ’min samples’: 100 0.46 0.46 0.32 0.04 -0.07 4.00 True True
’max eps’: 1.5, ’min samples’: 200 0.50 0.50 0.43 0.02 nan 2.00 True False
’max eps’: 1.5, ’min samples’: 300 0.68 0.68 0.32 0.02 -0.25 3.00 False False
’max eps’: 1.5, ’min samples’: 400 0.64 0.64 0.31 0.02 -0.24 3.00 False False
’max eps’: 1.5, ’min samples’: 500 0.53 0.53 0.26 0.02 0.13 3.00 False False
’max eps’: 1.5, ’min samples’: 600 0.46 0.46 0.21 0.02 0.38 3.00 True True

Table C.118: TEP dataset - OPTICS clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 1, ’min samples’: 50 0.47 0.47 0.54 0.11 0.58 5.00 False False
’max eps’: 1, ’min samples’: 100 0.69 0.69 0.53 0.09 -0.20 3.00 False False
’max eps’: 1, ’min samples’: 200 0.61 0.61 0.47 0.07 0.54 3.00 False False
’max eps’: 1, ’min samples’: 300 0.59 0.59 0.44 0.07 0.54 3.00 False False
’max eps’: 1, ’min samples’: 400 0.58 0.58 0.41 0.07 0.54 3.00 False False
’max eps’: 1, ’min samples’: 500 0.57 0.57 0.40 0.07 0.53 3.00 False False
’max eps’: 1, ’min samples’: 600 0.55 0.55 0.38 0.07 0.52 3.00 False False
’max eps’: 1.5, ’min samples’: 50 0.42 0.42 0.54 0.12 0.61 10.00 True True
’max eps’: 1.5, ’min samples’: 100 0.49 0.49 0.54 0.09 0.62 3.00 True True
’max eps’: 1.5, ’min samples’: 200 0.71 0.71 0.54 0.09 -0.20 3.00 False False
’max eps’: 1.5, ’min samples’: 300 0.69 0.69 0.53 0.09 0.22 3.00 False False
’max eps’: 1.5, ’min samples’: 400 0.60 0.60 0.48 0.07 0.45 3.00 False False
’max eps’: 1.5, ’min samples’: 500 0.59 0.59 0.46 0.07 0.55 3.00 False False
’max eps’: 1.5, ’min samples’: 600 0.59 0.59 0.45 0.07 0.55 3.00 False False

’max eps’: 2, ’min samples’: 50 0.39 0.39 0.44 0.11 0.34 13.00 False False
’max eps’: 2, ’min samples’: 100 0.47 0.47 0.57 0.11 0.61 4.00 True True
’max eps’: 2, ’min samples’: 200 0.44 0.44 0.15 0.09 nan 2.00 False False
’max eps’: 2, ’min samples’: 300 0.43 0.43 0.15 0.09 nan 2.00 False False
’max eps’: 2, ’min samples’: 400 0.70 0.70 0.54 0.09 -0.28 3.00 False False
’max eps’: 2, ’min samples’: 500 0.59 0.59 0.49 0.08 0.44 3.00 False False
’max eps’: 2, ’min samples’: 600 0.58 0.58 0.48 0.07 0.46 3.00 False False
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Table C.119: TEP dataset - OPTICS clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 5, ’min samples’: 50 0.26 0.26 -0.12 0.13 0.11 16.00 True True
’max eps’: 5, ’min samples’: 100 0.65 0.65 0.36 0.09 -0.30 11.00 False False
’max eps’: 5, ’min samples’: 150 0.62 0.62 0.32 0.05 -0.18 10.00 False False
’max eps’: 5, ’min samples’: 200 0.52 0.52 0.09 0.03 0.20 6.00 False False
’max eps’: 5, ’min samples’: 250 0.33 0.33 -0.13 0.04 0.23 5.00 False False
’max eps’: 5, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 5, ’min samples’: 350 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 6, ’min samples’: 50 0.26 0.26 -0.12 0.13 0.11 16.00 False False
’max eps’: 6, ’min samples’: 100 0.45 0.45 0.19 0.16 -0.01 8.00 True False
’max eps’: 6, ’min samples’: 150 0.58 0.58 0.24 0.06 -0.15 7.00 False False
’max eps’: 6, ’min samples’: 200 0.68 0.68 0.30 0.05 -0.36 6.00 False False
’max eps’: 6, ’min samples’: 250 0.62 0.62 0.22 0.01 -0.11 6.00 False False
’max eps’: 6, ’min samples’: 300 0.50 0.50 0.10 0.04 0.19 5.00 False False
’max eps’: 6, ’min samples’: 350 0.35 0.35 -0.10 0.05 0.23 5.00 False False
’max eps’: 7, ’min samples’: 50 0.26 0.26 -0.12 0.13 0.11 16.00 False False
’max eps’: 7, ’min samples’: 100 0.45 0.45 0.19 0.16 -0.01 8.00 False False
’max eps’: 7, ’min samples’: 150 0.57 0.57 0.21 0.06 0.25 5.00 False False
’max eps’: 7, ’min samples’: 200 0.61 0.61 0.37 0.11 0.18 6.00 True True
’max eps’: 7, ’min samples’: 250 0.68 0.68 0.30 0.05 -0.44 6.00 False False
’max eps’: 7, ’min samples’: 300 0.66 0.66 0.26 0.03 -0.26 6.00 False False
’max eps’: 7, ’min samples’: 350 0.61 0.61 0.21 0.01 -0.10 6.00 False False
’max eps’: 8, ’min samples’: 50 0.26 0.26 -0.12 0.13 0.11 16.00 False False
’max eps’: 8, ’min samples’: 100 0.45 0.45 0.19 0.16 -0.01 8.00 False False
’max eps’: 8, ’min samples’: 150 0.30 0.30 0.08 0.11 0.18 4.00 True True
’max eps’: 8, ’min samples’: 200 0.67 0.67 0.38 0.10 0.23 5.00 True True
’max eps’: 8, ’min samples’: 250 0.62 0.62 0.33 0.11 0.18 5.00 True True
’max eps’: 8, ’min samples’: 300 0.59 0.59 0.32 0.06 0.32 3.00 True True
’max eps’: 8, ’min samples’: 350 0.66 0.66 0.27 0.04 -0.32 6.00 False False
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Table C.120: TEP dataset - OPTICS clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’max eps’: 2, ’min samples’: 50 0.66 0.66 0.44 0.12 -0.27 7.00 False False
’max eps’: 2, ’min samples’: 100 0.61 0.61 0.24 0.10 -0.37 6.00 False False
’max eps’: 2, ’min samples’: 200 0.24 0.24 0.02 0.05 nan 2.00 False False
’max eps’: 2, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 2, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 2, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 2, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 2.5, ’min samples’: 50 0.47 0.47 0.24 0.18 0.25 7.00 True True
’max eps’: 2.5, ’min samples’: 100 0.68 0.68 0.44 0.09 0.18 5.00 False False
’max eps’: 2.5, ’min samples’: 200 0.56 0.56 0.19 0.04 -0.11 5.00 False False
’max eps’: 2.5, ’min samples’: 300 0.29 0.29 0.07 0.05 nan 2.00 False False
’max eps’: 2.5, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 2.5, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 2.5, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False

’max eps’: 3, ’min samples’: 50 0.47 0.47 0.31 0.18 0.25 6.00 True True
’max eps’: 3, ’min samples’: 100 0.45 0.45 0.35 0.09 0.41 5.00 True True
’max eps’: 3, ’min samples’: 200 0.68 0.68 0.51 0.09 0.29 3.00 True True
’max eps’: 3, ’min samples’: 300 0.56 0.56 0.18 0.04 -0.12 5.00 False False
’max eps’: 3, ’min samples’: 400 0.35 0.35 0.11 0.05 nan 2.00 False False
’max eps’: 3, ’min samples’: 500 0.17 0.17 -0.05 0.05 nan 2.00 False False
’max eps’: 3, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’max eps’: 4, ’min samples’: 50 0.47 0.47 0.31 0.18 0.25 6.00 False False
’max eps’: 4, ’min samples’: 100 0.45 0.45 0.39 0.12 0.37 4.00 False False
’max eps’: 4, ’min samples’: 200 0.51 0.51 0.47 0.08 nan 2.00 False False
’max eps’: 4, ’min samples’: 300 0.68 0.68 0.52 0.10 -0.20 3.00 False False
’max eps’: 4, ’min samples’: 400 0.59 0.59 0.43 0.07 0.52 3.00 True True
’max eps’: 4, ’min samples’: 500 0.51 0.51 0.22 0.08 -0.05 4.00 False False
’max eps’: 4, ’min samples’: 600 0.46 0.46 0.23 0.07 0.41 3.00 False False
’max eps’: 5, ’min samples’: 50 0.47 0.47 0.31 0.18 0.25 6.00 False False
’max eps’: 5, ’min samples’: 100 0.45 0.45 0.39 0.13 0.38 4.00 True True
’max eps’: 5, ’min samples’: 200 0.46 0.46 0.45 0.12 0.36 3.00 True True
’max eps’: 5, ’min samples’: 300 0.43 0.43 0.43 0.14 nan 2.00 True False
’max eps’: 5, ’min samples’: 400 0.66 0.66 0.52 0.10 -0.18 3.00 True True
’max eps’: 5, ’min samples’: 500 0.59 0.59 0.45 0.07 0.49 3.00 True True
’max eps’: 5, ’min samples’: 600 0.59 0.59 0.43 0.07 0.49 3.00 True True
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Table C.121: TEP dataset - HDBSCAN clustering - No dimension reduction

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 5, ’min samples’: 50 0.43 0.44 0.27 0.06 0.30 7.00 True True
’min cluster size’: 5, ’min samples’: 100 0.44 0.44 0.36 0.05 0.37 5.00 True True
’min cluster size’: 5, ’min samples’: 200 0.45 0.45 0.30 0.04 0.37 5.00 True True
’min cluster size’: 5, ’min samples’: 300 0.48 0.48 0.22 0.04 0.36 4.00 False False
’min cluster size’: 5, ’min samples’: 400 0.17 0.17 0.47 0.04 0.42 3.00 True True
’min cluster size’: 5, ’min samples’: 500 0.34 0.34 -0.04 0.02 0.12 3.00 False False
’min cluster size’: 5, ’min samples’: 600 0.36 0.36 -0.03 0.02 0.12 3.00 False False
’min cluster size’: 10, ’min samples’: 50 0.43 0.44 0.27 0.06 0.30 7.00 False False
’min cluster size’: 10, ’min samples’: 100 0.44 0.44 0.36 0.05 0.37 5.00 False False
’min cluster size’: 10, ’min samples’: 200 0.45 0.45 0.30 0.04 0.37 5.00 False False
’min cluster size’: 10, ’min samples’: 300 0.48 0.48 0.22 0.04 0.36 4.00 False False
’min cluster size’: 10, ’min samples’: 400 0.17 0.17 0.47 0.04 0.42 3.00 False False
’min cluster size’: 10, ’min samples’: 500 0.34 0.34 -0.04 0.02 0.12 3.00 False False
’min cluster size’: 10, ’min samples’: 600 0.36 0.36 -0.03 0.02 0.12 3.00 False False
’min cluster size’: 20, ’min samples’: 50 0.44 0.44 0.28 0.05 0.30 6.00 True True
’min cluster size’: 20, ’min samples’: 100 0.44 0.44 0.36 0.05 0.37 5.00 False False
’min cluster size’: 20, ’min samples’: 200 0.45 0.45 0.30 0.04 0.37 5.00 False False
’min cluster size’: 20, ’min samples’: 300 0.48 0.48 0.22 0.04 0.36 4.00 False False
’min cluster size’: 20, ’min samples’: 400 0.17 0.17 0.47 0.04 0.42 3.00 False False
’min cluster size’: 20, ’min samples’: 500 0.34 0.34 -0.04 0.02 0.12 3.00 False False
’min cluster size’: 20, ’min samples’: 600 0.36 0.36 -0.03 0.02 0.12 3.00 False False
’min cluster size’: 30, ’min samples’: 50 0.44 0.44 0.28 0.05 0.30 6.00 False False
’min cluster size’: 30, ’min samples’: 100 0.44 0.44 0.36 0.05 0.37 5.00 False False
’min cluster size’: 30, ’min samples’: 200 0.45 0.45 0.30 0.04 0.37 5.00 False False
’min cluster size’: 30, ’min samples’: 300 0.15 0.15 0.46 0.04 0.39 3.00 True True
’min cluster size’: 30, ’min samples’: 400 0.32 0.32 -0.07 0.02 0.09 3.00 False False
’min cluster size’: 30, ’min samples’: 500 0.34 0.34 -0.04 0.02 0.12 3.00 False False
’min cluster size’: 30, ’min samples’: 600 0.36 0.36 -0.03 0.02 0.12 3.00 False False

Table C.122: TEP dataset - HDBSCAN clustering - PCA

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 100, ’min samples’: 50 0.56 0.56 0.60 0.07 -0.52 5.00 True True
’min cluster size’: 100, ’min samples’: 100 0.58 0.58 0.58 0.06 0.06 5.00 False False
’min cluster size’: 100, ’min samples’: 200 0.58 0.58 0.59 0.04 -0.03 5.00 True True
’min cluster size’: 100, ’min samples’: 300 0.58 0.58 0.58 0.06 0.27 5.00 True True
’min cluster size’: 100, ’min samples’: 400 0.58 0.58 0.52 0.02 0.46 4.00 True True
’min cluster size’: 100, ’min samples’: 500 0.59 0.59 0.51 0.03 0.45 3.00 True True
’min cluster size’: 100, ’min samples’: 600 0.57 0.57 0.50 0.03 0.48 3.00 True True
’min cluster size’: 300, ’min samples’: 50 0.56 0.56 0.60 0.07 -0.52 5.00 False False
’min cluster size’: 300, ’min samples’: 100 0.58 0.58 0.58 0.06 0.06 5.00 False False
’min cluster size’: 300, ’min samples’: 200 0.58 0.58 0.59 0.04 -0.03 5.00 False False
’min cluster size’: 300, ’min samples’: 300 0.58 0.58 0.58 0.06 0.27 5.00 False False
’min cluster size’: 300, ’min samples’: 400 0.60 0.60 0.51 0.03 0.44 3.00 True True
’min cluster size’: 300, ’min samples’: 500 0.59 0.59 0.51 0.03 0.45 3.00 False False
’min cluster size’: 300, ’min samples’: 600 0.57 0.57 0.50 0.03 0.48 3.00 False False
’min cluster size’: 500, ’min samples’: 50 0.59 0.59 0.56 0.05 -0.49 4.00 False False
’min cluster size’: 500, ’min samples’: 100 0.60 0.60 0.57 0.08 0.02 4.00 False False
’min cluster size’: 500, ’min samples’: 200 0.64 0.64 0.52 0.03 -0.10 3.00 False False
’min cluster size’: 500, ’min samples’: 300 0.59 0.59 0.58 0.08 0.25 4.00 True True
’min cluster size’: 500, ’min samples’: 400 0.60 0.60 0.51 0.03 0.44 3.00 False False
’min cluster size’: 500, ’min samples’: 500 0.59 0.59 0.51 0.03 0.45 3.00 False False
’min cluster size’: 500, ’min samples’: 600 0.57 0.57 0.50 0.03 0.48 3.00 False False
’min cluster size’: 1000, ’min samples’: 50 0.59 0.59 0.56 0.05 -0.49 4.00 False False
’min cluster size’: 1000, ’min samples’: 100 0.64 0.64 0.51 0.03 -0.03 3.00 False False
’min cluster size’: 1000, ’min samples’: 200 0.64 0.64 0.52 0.03 -0.10 3.00 False False
’min cluster size’: 1000, ’min samples’: 300 0.63 0.63 0.52 0.03 0.21 3.00 False False
’min cluster size’: 1000, ’min samples’: 400 0.60 0.60 0.51 0.03 0.44 3.00 False False
’min cluster size’: 1000, ’min samples’: 500 0.59 0.59 0.51 0.03 0.45 3.00 False False
’min cluster size’: 1000, ’min samples’: 600 0.57 0.57 0.50 0.03 0.48 3.00 False False
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Table C.123: TEP dataset - HDBSCAN clustering - MDS

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 10, ’min samples’: 50 0.59 0.59 0.38 0.06 -0.26 9.00 True True
’min cluster size’: 10, ’min samples’: 100 0.56 0.56 0.29 0.04 -0.07 11.00 False False
’min cluster size’: 10, ’min samples’: 200 0.47 0.47 0.27 0.03 0.14 5.00 False False
’min cluster size’: 10, ’min samples’: 300 0.18 0.18 0.52 0.04 0.17 3.00 True True
’min cluster size’: 10, ’min samples’: 400 0.53 0.53 0.25 0.01 0.15 3.00 False False
’min cluster size’: 10, ’min samples’: 500 0.48 0.48 0.20 0.01 0.23 3.00 True True
’min cluster size’: 10, ’min samples’: 600 0.45 0.45 0.17 0.01 0.28 3.00 True True
’min cluster size’: 1000, ’min samples’: 50 0.66 0.66 0.31 0.02 -0.28 3.00 False False
’min cluster size’: 1000, ’min samples’: 100 0.62 0.62 0.30 0.02 -0.14 3.00 False False
’min cluster size’: 1000, ’min samples’: 200 0.56 0.56 0.26 0.01 -0.02 3.00 False False
’min cluster size’: 1000, ’min samples’: 300 0.53 0.53 0.25 0.01 0.15 3.00 False False
’min cluster size’: 1000, ’min samples’: 400 0.53 0.53 0.25 0.01 0.15 3.00 False False
’min cluster size’: 1000, ’min samples’: 500 0.48 0.48 0.20 0.01 0.23 3.00 False False
’min cluster size’: 1000, ’min samples’: 600 0.45 0.45 0.17 0.01 0.28 3.00 False False
’min cluster size’: 1500, ’min samples’: 50 0.66 0.66 0.31 0.02 -0.28 3.00 False False
’min cluster size’: 1500, ’min samples’: 100 0.62 0.62 0.30 0.02 -0.14 3.00 False False
’min cluster size’: 1500, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’min cluster size’: 1500, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’min cluster size’: 1500, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’min cluster size’: 1500, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’min cluster size’: 1500, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False
’min cluster size’: 2000, ’min samples’: 50 0.00 0.00 0.00 0.00 0.00 1.00 False False
’min cluster size’: 2000, ’min samples’: 100 0.00 0.00 0.00 0.00 0.00 1.00 False False
’min cluster size’: 2000, ’min samples’: 200 0.00 0.00 0.00 0.00 0.00 1.00 False False
’min cluster size’: 2000, ’min samples’: 300 0.00 0.00 0.00 0.00 0.00 1.00 False False
’min cluster size’: 2000, ’min samples’: 400 0.00 0.00 0.00 0.00 0.00 1.00 False False
’min cluster size’: 2000, ’min samples’: 500 0.00 0.00 0.00 0.00 0.00 1.00 False False
’min cluster size’: 2000, ’min samples’: 600 0.00 0.00 0.00 0.00 0.00 1.00 False False

Table C.124: TEP dataset - HDBSCAN clustering - ISOMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 700, ’min samples’: 50 0.62 0.62 0.57 0.10 0.34 4.00 False False
’min cluster size’: 700, ’min samples’: 100 0.64 0.64 0.61 0.08 -0.11 5.00 True True
’min cluster size’: 700, ’min samples’: 200 0.64 0.64 0.58 0.10 0.41 4.00 True True
’min cluster size’: 700, ’min samples’: 300 0.68 0.68 0.51 0.08 0.41 3.00 True True
’min cluster size’: 700, ’min samples’: 400 0.67 0.67 0.51 0.08 0.44 3.00 True True
’min cluster size’: 700, ’min samples’: 500 0.65 0.65 0.50 0.08 0.47 3.00 True True
’min cluster size’: 700, ’min samples’: 600 0.63 0.63 0.50 0.08 0.33 3.00 False False
’min cluster size’: 1000, ’min samples’: 50 0.62 0.62 0.57 0.10 0.34 4.00 False False
’min cluster size’: 1000, ’min samples’: 100 0.64 0.64 0.60 0.11 -0.15 4.00 True True
’min cluster size’: 1000, ’min samples’: 200 0.64 0.64 0.58 0.10 0.41 4.00 False False
’min cluster size’: 1000, ’min samples’: 300 0.68 0.68 0.51 0.08 0.41 3.00 False False
’min cluster size’: 1000, ’min samples’: 400 0.67 0.67 0.51 0.08 0.44 3.00 False False
’min cluster size’: 1000, ’min samples’: 500 0.65 0.65 0.50 0.08 0.47 3.00 False False
’min cluster size’: 1000, ’min samples’: 600 0.63 0.63 0.50 0.08 0.33 3.00 False False
’min cluster size’: 1200, ’min samples’: 50 0.65 0.65 0.50 0.08 0.25 3.00 False False
’min cluster size’: 1200, ’min samples’: 100 0.67 0.67 0.52 0.08 -0.23 3.00 False False
’min cluster size’: 1200, ’min samples’: 200 0.67 0.67 0.51 0.08 0.41 3.00 False False
’min cluster size’: 1200, ’min samples’: 300 0.68 0.68 0.51 0.08 0.41 3.00 False False
’min cluster size’: 1200, ’min samples’: 400 0.67 0.67 0.51 0.08 0.44 3.00 False False
’min cluster size’: 1200, ’min samples’: 500 0.65 0.65 0.50 0.08 0.47 3.00 False False
’min cluster size’: 1200, ’min samples’: 600 0.63 0.63 0.50 0.08 0.33 3.00 False False
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Table C.125: TEP dataset - HDBSCAN clustering - t-SNE

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 10, ’min samples’: 50 0.69 0.69 0.27 0.07 -0.16 10.00 False False
’min cluster size’: 10, ’min samples’: 100 0.53 0.53 0.38 0.09 0.10 2.00 True True
’min cluster size’: 10, ’min samples’: 200 0.53 0.53 0.38 0.09 0.10 2.00 False False
’min cluster size’: 10, ’min samples’: 300 0.72 0.72 0.36 0.05 -0.17 4.00 False False
’min cluster size’: 10, ’min samples’: 400 0.70 0.70 0.42 0.04 -0.16 4.00 True True
’min cluster size’: 10, ’min samples’: 500 0.67 0.67 0.41 0.04 -0.08 4.00 True True
’min cluster size’: 10, ’min samples’: 600 0.61 0.61 0.34 0.07 -0.15 5.00 False False
’min cluster size’: 500, ’min samples’: 50 0.44 0.44 0.39 0.09 -0.52 2.00 True True
’min cluster size’: 500, ’min samples’: 100 0.53 0.53 0.38 0.09 0.10 2.00 False False
’min cluster size’: 500, ’min samples’: 200 0.53 0.53 0.38 0.09 0.10 2.00 False False
’min cluster size’: 500, ’min samples’: 300 0.72 0.72 0.36 0.05 -0.17 4.00 False False
’min cluster size’: 500, ’min samples’: 400 0.70 0.70 0.42 0.04 -0.16 4.00 False False
’min cluster size’: 500, ’min samples’: 500 0.67 0.67 0.41 0.04 -0.08 4.00 False False
’min cluster size’: 500, ’min samples’: 600 0.62 0.62 0.39 0.06 -0.21 4.00 True True
’min cluster size’: 1000, ’min samples’: 50 0.44 0.44 0.39 0.09 -0.52 2.00 False False
’min cluster size’: 1000, ’min samples’: 100 0.78 0.78 0.26 0.05 -0.31 4.00 False False
’min cluster size’: 1000, ’min samples’: 200 0.53 0.53 0.38 0.09 0.10 2.00 False False
’min cluster size’: 1000, ’min samples’: 300 0.72 0.72 0.36 0.05 -0.17 4.00 False False
’min cluster size’: 1000, ’min samples’: 400 0.70 0.70 0.42 0.04 -0.16 4.00 False False
’min cluster size’: 1000, ’min samples’: 500 0.67 0.67 0.41 0.04 -0.08 4.00 False False
’min cluster size’: 1000, ’min samples’: 600 0.65 0.65 0.41 0.08 -0.22 3.00 True True

Table C.126: TEP dataset - HDBSCAN clustering - UMAP

Parameters AMI V-measure Silhouette DB DBCV Cluster count Dominant Threshold
’min cluster size’: 500, ’min samples’: 50 0.51 0.51 0.12 0.10 -0.27 3.00 False False
’min cluster size’: 500, ’min samples’: 100 0.64 0.64 0.53 0.03 0.11 5.00 True True
’min cluster size’: 500, ’min samples’: 200 0.46 0.46 0.48 0.09 -0.28 2.00 True True
’min cluster size’: 500, ’min samples’: 300 0.70 0.70 0.46 0.06 0.01 4.00 False False
’min cluster size’: 500, ’min samples’: 400 0.41 0.41 0.44 0.08 0.29 3.00 False False
’min cluster size’: 500, ’min samples’: 500 0.42 0.42 0.41 0.10 0.25 3.00 True True
’min cluster size’: 500, ’min samples’: 600 0.61 0.61 0.48 0.08 0.34 3.00 True True
’min cluster size’: 700, ’min samples’: 50 0.71 0.71 0.36 0.08 0.09 4.00 False False
’min cluster size’: 700, ’min samples’: 100 0.70 0.70 0.40 0.05 0.03 4.00 False False
’min cluster size’: 700, ’min samples’: 200 0.46 0.46 0.48 0.09 -0.28 2.00 False False
’min cluster size’: 700, ’min samples’: 300 0.70 0.70 0.46 0.06 0.01 4.00 False False
’min cluster size’: 700, ’min samples’: 400 0.41 0.41 0.44 0.08 0.29 3.00 False False
’min cluster size’: 700, ’min samples’: 500 0.63 0.63 0.48 0.08 0.36 3.00 True True
’min cluster size’: 700, ’min samples’: 600 0.61 0.61 0.48 0.08 0.34 3.00 False False
’min cluster size’: 1000, ’min samples’: 50 0.71 0.71 0.36 0.08 0.09 4.00 False False
’min cluster size’: 1000, ’min samples’: 100 0.70 0.70 0.40 0.05 0.03 4.00 False False
’min cluster size’: 1000, ’min samples’: 200 0.46 0.46 0.48 0.09 -0.28 2.00 False False
’min cluster size’: 1000, ’min samples’: 300 0.70 0.70 0.46 0.06 0.01 4.00 False False
’min cluster size’: 1000, ’min samples’: 400 0.41 0.41 0.44 0.08 0.29 3.00 False False
’min cluster size’: 1000, ’min samples’: 500 0.63 0.63 0.48 0.08 0.36 3.00 False False
’min cluster size’: 1000, ’min samples’: 600 0.61 0.61 0.48 0.08 0.34 3.00 False False
’min cluster size’: 1200, ’min samples’: 50 0.51 0.51 0.12 0.10 -0.27 3.00 False False
’min cluster size’: 1200, ’min samples’: 100 0.70 0.70 0.40 0.05 0.03 4.00 False False
’min cluster size’: 1200, ’min samples’: 200 0.46 0.46 0.48 0.09 -0.28 2.00 False False
’min cluster size’: 1200, ’min samples’: 300 0.70 0.70 0.46 0.06 0.01 4.00 False False
’min cluster size’: 1200, ’min samples’: 400 0.65 0.65 0.48 0.08 0.33 3.00 True True
’min cluster size’: 1200, ’min samples’: 500 0.63 0.63 0.48 0.08 0.36 3.00 False False
’min cluster size’: 1200, ’min samples’: 600 0.61 0.61 0.48 0.08 0.34 3.00 False False
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