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Abstract

We are surrounded by data. Data capture the characteristics of any entity around us, like
living species, properties of scientific experimentation, etc. Moreover, data helps one to
make intuitive decisions about advance analysis, or decision-making. One of the most
common applications of data analysis is to create groups of similar structure to understand
the underlying structures of a given data set. The classification system is either supervised
or unsupervised, depending on whether the data objects are assigned to well defined labels
or undefined categories. In unsupervised classification or clustering there are no labels tar-
get labels available.

State-of-the-art clustering algorithms are developed in a broader sense without target-
ing any specific applications. However, they are used in a multiple application domains.
Since these algorithms lack domain-specific information and user-specific input interface,
they might not always produce user specific results. Also, categorical features in the dataset
make clustering harder because they lack semantics. Moreover, unlike classification tasks
which are validated using specific class labels, clustering is subjective because it depends
on the interpretation, and user requirements. The little notion of ground truth makes clus-
ter validation harder in an unsupervised setting. Also, there is no universally adopted ap-
proach to choose features or clustering schemes.

To tackle such challenges there is an increased demands of devising new clustering ap-
proaches where the humans are used in the clustering analysis workflows to make clus-
tering results domain specific and qualitative. Such an approach where we try to achieve
better computation results using human knowledge lies under the hybrid intelligence do-
main.

This thesis explores the possibility of designing an end-to-end clustering analysis work-
flow using hybrid intelligence. The thesis aims to answer the following research question
- How can we use hybrid intelligence in cluster analysis workflow to generate user-specific
clusters and evaluate them? We try to answer the research question by introducing multi-
ple novel methods that aim to solve the following challenges: evaluating clusters, creating
semantics in categorical features, and performing user-specific cluster analysis. We ap-
ply the developed methodologies on real-time financial data to cluster small and medium
(SMEs) sized Dutch enterprises. By our experimentation, we can observe that we manage
to cluster Dutch SMEs as per the user-specific goals based on their financial behaviors. We
believe that we achieve such results by creating semantics in the categorical features. The
clustering results are further analyzed from a user requirement perspective. Our proposed
cluster validation game enables us to validate cluster objects using human intelligence.
The associated experimentation results give us confidence in our hypothesis that hybrid
intelligence is one of the solutions to solve the clustering challenges.
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Chapter 1

Introduction

We are surrounded by data. Data capture the characteristics of any entity around us, like
living species, properties of scientific experimentation, etc. Moreover, data helps one to
make intuitive decisions about advance analysis, or decision-making. One of the most
common applications of data analysis is to create groups of similar structure to under-
stand the underlying structures of a given data set. Data objects in a particular cluster
should have similar properties based on some criteria. For example, all biological beings
are classified into two main categories - animals and plants, and animals are then further
classified into different groups like human beings, tigers, lions, etc. depending on their
characteristics[68]. The classification system is either supervised or unsupervised, depend-
ing on whether the data objects are assigned to well defined labels or undefined categories.
In unsupervised classification, also called, clustering no labeled data is available, i.e there is
no notion of the classification classes[26]. The goal of clustering is to explore the unknown
structures of data from very less or no prior information.

Generally, state-of-the-art clustering algorithms are developed in a broader sense with-
out targeting any specific applications. However, they are used in a multiple application
domains. Since these algorithms lack domain-specific information and user-specific in-
put interface, they might not always produce user specific results[3]. Human interaction in
cluster analysis can be used for various purposes like

* Improving clustering quality: The most popular goal to use humans in the loop is to
enhance the quality of clustering results[3]. Chuang et al.,[20] believe that this is the
sole purpose of involving humans in the clustering process. Most of the researchers
believe that the merged capabilities of humans and machines would produce better
results than a complete manual or automated process [5, 8, 12, 19].

e Understanding the clustering process: Another reason to add humans in the loop
is to properly understand the approach by which the machines computer clusters
11,22, 33].

* Transforming and extracting interesting features from the data: There are various
types of data out of which categorical data, as per our hypothesis, can be the one that
might leverage the benefits of human involvement. Categorical data clustering refers
to the case where the data objects are to be grouped over categorical attributes. "A
categorical attribute is an attribute whose values come from a set of discrete values
that are not inherently comparable. That is, there is no objective ordering or inherent
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distance function for the categorical values, and there is no mapping from categor-
ical to numerical values that is semantically sensible[2]". As explained earlier, data
clustering targets to group objects based on some similarity measure. This tells us
that there should be a way for the machines to judge this notion of similarity. Most
of the clustering algorithms in the literature pay attention to clustering data objects
that have numerical attributes. Because in case of the numerical data, the similarity
can be easily derived using numerical comparisons. For example, it is easier to con-
clude that the values 10000 and 11349 are more similar than 10000 and 333 based on
mathematical understanding. But not all data sets have numerical attributes. E.g.,
the data in table 1.1 represents the outstanding amount that an organization needs
to pay to its employees:

- ‘Employee ID‘ which represents the unique ID representing an employee.
— ‘Project ID‘ represents the project for which an employee works.

- ‘Department’ represents the organization’s department to which an employee

belongs.
— ‘Outstanding Amount‘ which represents how much amount is to be paid to an
employee.
Employee ID | Project ID | Department | Outstanding Amount (Euros)
01 33 Accounts 279
02 21 IT -780
03 15 Support 1236

Table 1.1: An example of a categorical dataset

From the above example, we can observe that a few of the data points are categori-
cal attributes like ‘Project ID‘ and ‘Department‘ and ‘Outstanding Amount (Euros)‘ is
numerical. Such categorical features can not be compared as they represent values of
certain categories. It is not directly obvious that how does one defines the similarity
between the values such as ‘Accounts‘ and ‘IT* or ‘Project ID* 33 or 21. Also, we need
insight into what exactly does ’-’ sign represent?

Similarly, there are ample examples of categorical data like pharmaceutical data, where
medicines are defined over attributes such as chemicals, quantity, or side-effects;
employees data, where individual’s information includes attributes such as age, gen-
der, discipline, address, etc. Thus, there is a wide range of applications where one
might need to cluster and analyze clusters using categorical values as well.

* Defining the subjectivity of the target clustering goal: Many clustering algorithms
can be used for the same data to generate clusters, and there is no definitive ap-
proach to choose one. But, the end-users have certain expectations and the goal of
involving humans in the clustering process then is to find the most suitable clustering
model/approach that tries to fulfill defined goals[17, 24, 67].

To experiment with the feasibility of involving humans in the clustering process to achieve
any of the above-mentioned benefits, several related work has been performed where hu-
mans and machines work together to produce relevant clustering results. Researchers try
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to engage humans in the clustering process to make it more domain specific and meet the
user requirements. Related work for designing such human-in-the-loop clustering tech-
niques has been explored by several research communities including data mining, visual
analytic, machine learning, and human computation(3].

1.1. Thesis Goal

As we discussed above, researchers in various communities including data mining, visual
analytic, machine learning, and human computation are working to build systems that
interact with humans to carry out the clustering task more efficiently. Motivated by the
same, this thesis explores the possibility of designing an end-to-end clustering workflow
using humans in the loop. This workflow aims to generate relevant and user-specific clus-
ters within an application domain. However, there are multiple scientific challenges that
a user can face while clustering data objects which are discussed elaborately in the next
section. We hypothesize that the relevant clusters can be obtained by feeding good feature-
engineered data to the machine learning algorithms and by tuning the algorithm computa-
tions with approaches like adjusting a similarity measure[3]. We aim to use human knowl-
edge during the entire cluster analysis workflow, for example, the initial steps like feature
engineering, data transformation, etc. for converting a categorical data set to an inherent
numerical data set, so that we entirely skip the challenges of categorical data clustering. We
also intend to use human understanding of a domain to validate the relevancy of clusters
and to validate our feature engineering choices in terms of cluster requirements. The vali-
dation method aims to provide some confidence over the clustering results. This human-
based validation should be able to assess the relevancy of cluster objects irrespective of
which clustering algorithm we use. The proposed workflow aims to provide insightful an-
swers to questions like ‘how many clusters would be enough’ or ’is clustering algorithm
generating required clusters?’.

1.2. Scientific Challenges

From the above discussion, one can encounter the following scientific challenges while
trying to cluster data objects:

* State-of-the-art clustering algorithms are developed in a broader sense without tar-
geting any specific applications. However, they are used in a multiple application
domains. Since these algorithms lack domain-specific information and user-specific
input interface, they might not always produce user specific results. Also, categorical
features in the dataset make clustering harder because they lack semantics. Thus,
one needs to derive semantics and feature engineer the data points accordingly, via a
deeper understanding of the categories and their respective values. In addition, sev-
eral other inputs are required for clustering, for example, the number of clusters, etc.
Thus, it is not very feasible to conduct the entire cluster analysis automatically. Also,
the larger amount of data doesn’t allow a complete manual process as well.

* unlike classification tasks which are validated using specific class labels, clustering
is subjective because its quality or relevancy depends on the user requirements. The
little notion of ground truth makes cluster validation harder in an unsupervised set-
ting. Also, there is no universally adopted approach to choose features or clustering
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schemes[68]. Also, a large part of “understanding” is to understand the approach
how machines or algorithms compute clusters. Thus, we need effective validation
standards that authenticate our feature selection and engineering choices, or cluster-
ing algorithm and their hyperparameters choices to observe whether the generated
clusters meet the clustering demands.

1.3. Research Questions

To deal with the above-mentioned challenges we need to come up with methodologies
that generate user-specific clusters using human intelligence. Also, we need to design an
effective cluster validation scheme that validates the choices and steps that we take for
cluster generation. Therefore the main research goal of this study is to implement an end-
to-end cluster analysis workflow to leverage the benefits of involving humans in a loop. To
achieve this goal, the following research question needs to be answered:

* RQ: How can we use hybrid intelligence in cluster analysis workflow to generate user-
specific clusters and evaluate them?

We try to find the answer for the above-mentioned research question by finding solutions
for the following sub-questions:

* SQI: What is the state of the art in data clustering and hybrid intelligence approaches?
To answer this question, a literature study is conducted in which the related work in
hybrid intelligence and cluster analysis is discussed. This study also aims to find an
intersection of the two domains which further motivates our work of using humans
in the loop to implement clustering more effectively.

* SQ2: How and where to use hybrid intelligence in cluster analysis workflow?
This question involves the methodology and system design to include humans in the
loops to generate relevant clusters by using human knowledge in the various steps
of cluster analysis i.e. data transformation, feature engineering and feature extrac-
tion, clustering model selection, and validating the generated clusters using human
inputs.

* SQ3: How to use the proposed hybrid intelligent clustering workflow to generate cus-
tomer clusters from financial data?
To answer this question, we apply our workflow to a real-time use case where we try
to cluster a company’s customers based on their financial transactions.

Chapter 2, chapter 3 and chapter 4 provide the detailed approach and answers to the
sub-questions.

1.4. Contributions

Through the answers provided for the above-mentioned sub-questions, the contributions
of this thesis can be summarized as follows:

* C1: We contribute a literature survey on clustering, hybrid intelligence, and their in-
tersection. We first look into the state-of-the-art methodologies to define clustering,
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its types, applications, and challenges. We then investigate the applications of hybrid
intelligence to solve the clustering challenges. These findings serve as our motivation
to further design our methodologies.

* C2: We design a human computational workflow that tackles the challenges of data
clustering. This workflow includes four novel methods which aim to standardize the
requirement and knowledge collection steps, create semantics for categorical fea-
tures, perform domain-specific cluster analysis and evaluate cluster objects using
humans.

* (C3: Finally we apply our design to a real-time use case where we try to cluster a com-
pany’s customers based on their financial data. The experimentation steps under this
contribution give us a chance to assess the feasibility and efficiency of our proposed
methods. It also helps us investigate the fact that to which extent were able to solve
the above-mentioned clustering challenges.

1.5. Thesis Outline

The complete structure of this report is as follows: In Chapter 2 we make an extensive re-
view of the literature covering topics on clustering, hybrid intelligence, and its applications
and sub-applications. This chapter provides the answer to SQ1. Chapter 3 introduces the
system design of our proposed end-to-end human computational cluster analysis work-
flow. In Chapter 4, we apply our workflow to financial data to validate the effectiveness
of our end-to-end human computational cluster analysis workflow in a real-time use case.
The chapter is concluded by discussing the workflow’s limitations. In Chapter 5 we evalu-
ate the different components of our workflow via multiple evaluation metrics like accuracy
or cognitive load. Chapters 3, 4, and 5 collectively provide answers to SQ2 and SQ3. Chap-
ter 6 concludes the report by answering the research questions. It also includes the future
work that could be built on using the results of this thesis work.






Chapter 2

Related Work

This chapter aims to provide the answer to SQI: What is the state of the art in data cluster-
ing and humans in the loop approaches? It presents an exhaustive literature survey around
clustering and hybrid intelligence. This survey helps in understanding clustering and its
applications. The chapter also covers the existing applications and sub-applications of hy-
brid intelligence, which serve as a motivation to further design our methodologies.

2.1. Clustering

Clustering has been an component of data analysis for a very long time now. We live in a
world where the volume of data increases exponentially on a daily basis. Clustering plays a
crucial part in understanding the underlying behaviours of the collected data. Hence in the
recent years, a lot of researches have taken place to make clustering better to handle larger
amount of data and make it more efficient. Xu et al.,[68] defines a cluster as "continuous
regions of a d-dimensional feature space containing a relatively high density of points, sep-
arated from other such regions containing a relatively lower density of points". Literature
suggests that the data objects of same clusters should be similar and those belonging to
different clusters should be dissimilar. They also lay emphasize that how well one should
objectively define the related (dis)similarity [31, 34, 39]. Over the past decades, Cluster-
ing has had multiple applications like machine learning, pattern recognition, web mining,
database analysis, information retrieval, life, and medical sciences, astronomy and earth
sciences, marketing, financial businesses, and so on. Thus it can be easily deduced that
clustering is omnipresent.

Cluster analysis can be achieved through four basic steps[68]:

1. Feature Selection or extraction: Jain et al.,[47] and Bishop et al.,[7] describe that fea-
ture selection incorporates choosing distinct features from a data set whereas, feature
extraction aims to perform transformations on the available features to deduce use-
ful and novel features from the original ones present in a data set. In our case, where
we aim to work with categorical data, feature extraction could be used to generate
semantic features to better understand the underlying structure of the data.

2. Clustering algorithm selection: A diverse range of clustering algorithms have been
developed to tackle the clustering problems depending on the goals. Therefore, it is
important to carefully investigate the requirements of a problem to choose a fitting

7
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algorithm. For example, K-means algorithm is based on similarity distances like Eu-
clidean distance and hence results in hyper-spherical clusters. However, in a given
dataset if the underlying clusters are in some other forms K-means might not work.
Thus, choosing a relevant clustering algorithm is highly important concerning the
data set features and clustering goal [68].

Feature
" Engineering and
Extraction

Data Samples

Clustering
algorithm — Cluster
selection Validation

A .
‘V

Clusters

Result
Interpretation

Knowledge

Figure 2.1: 4 steps of cluster analysis

3. Cluster Validation: Given an input data set, a clustering algorithm will produce clus-
ters whether or not they exist in the data. Thus, it is highly important to have an
objective assessment of the obtained clusters to verify the correctness of the clusters
obtained.

4. Result Interpretation: The end goal of clustering is to produce meaningful insights for
the end-users from a given data set. This is so because users want to develop a clear
understanding of the data to solve further problems like business predictions, risk
analysis, etc. Thus it is highly important to interpret the results correctly in the forms
of visuals or statistics which could be used as an input for suggesting hypotheses of
further machine learning problems.

It is important to know that cluster analysis is not a one-shot solution. It is iterative (as
shown in figure 2.1, we can move in both the directions from any given step), and depend-
ing on the output of one of the steps, we can modify the other steps to obtain as relevant
results as possible. This iterative requirement serves as our motivation to use human intu-
itions and knowledge to analyze and modify the results of different steps, to achieve a good
result at the end.



2.1. Clustering 9

2.1.1. Data Types

Almost any information can be represented as data. Understanding the type of data is a
crucial step for exploratory data analysis as different data types require different processing|(1,
39]. Most of the data points can be categorized into 4 basic types from a Machine Learning
perspective: numerical data, categorical data, time-series data, and text.

Numerical .\ / Time-Series

Data Types

. N

Categorical

Figure 2.2: Data types in machine learning

e Numerical Data: any data points which are exact numbers fall into the category of
numerical data. This data has meaning as a measurement such as weight and age
of an individual or revenue generated by a company in a financial year. Numerical
data can be further characterized as continuous data or discrete data. Continuous
data can have any value within a range whereas discrete data has distinct values. For
example, the number of houses sold by a real estate company are discrete numbers,
such as 20, 99, 100, etc, and can never be 2.5, 7.89, etc. Moreover, values like age
and weight of an employee can lie in a range for example 81.5 kilograms and 23.7
years[27].

» (Categorical Data: Categorical data represents characteristics, such as a student’s name,
gender, or hometown. Categorical data can take numerical values as well. For ex-
ample, in table 1.1 we use 33 or 21 as ‘Project ID‘. But these numbers don’t have
a mathematical meaning. Thus, adding them or taking an average won't help us in
finding any meaning. Numerical data and categorical data can be combined in some
instances and form ordinal data. In ordinal data, the categories are represented as
ranked numbers. For example, in a survey form, the user satisfaction for a service
can be measured on a scale from 1 to 10, where 1 represents the least satisfaction and
10 represents the most satisfaction[27].

¢ Time-Series Data: Time series data contains different values of for a variable, taken
at a different time interval. For example, the room temperature may have different
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values at different times of the day. Such data is used to make business decisions like
sales predictions, market growth or downfall, etc.

e Text Data: Data represented as statements, paragraphs or documents is what text
data is. Examples of a text data set are students’ essays, tweets, articles, etc. Natural
Language Processing and Information Retrieval domains generally target text data
problems.

2.1.2. Types Of Clustering

There are multiple approaches to perform cluster analysis depending on the type of data
and the problem that we aim to solve.

Partitional Clustering

"Partitional clustering is a clustering method used to classify observations, within a data
set, into multiple groups based on their similarity. The algorithms require the analyst to
specify the number of clusters to be generated. Partitional algorithms determine all clusters
at a single time"[51]. The various algorithms of partitional clustering are as follows:

e "K-means clustering, in which, each cluster is represented by the center or means of
the data points belonging to the cluster. The K-means method is sensitive to anoma-
lous data points and outliers" [50].

* "K-medoids clustering or PAM, in which, each cluster is represented by one of the
objects in the cluster. PAM is less sensitive to outliers compared to k-means"[41].

e "CLARA algorithm (Clustering Large Applications), which is an extension to PAM
adapted for large data sets"[71].

Among various types of partitional clustering algorithms, K-Means is one of the most pop-
ular algorithms[69].

Hierarchical Clustering

"Hierarchical clustering starts by treating each observation as a separate cluster. Then, it
repeatedly executes the following two steps: (1) identify the two clusters that are closest to-
gether, and (2) merge the two most similar clusters. This iterative process continues until all
the clusters are merged. Hierarchical algorithms find successive clusters using previously
established clusters. Hierarchical algorithms can be further agglomerative (bottom-up) or
divisive (top-down). Agglomerative algorithms begin with each element as a separate clus-
ter and merge them in successively larger clusters"[51].

Clustering based on the data type

1. Numerical Data clustering: Clustering algorithms for numerical data points can be

based on multiple techniques like hierarchical, partitional, or density-based techniques[27,

51, 68]. Hierarchical clustering techniques treats every data point as a single cluster
and iteratively merge similar data points into one cluster based on the measures like
cosine distance or euclidean distance. They repeat the merging steps until the clus-
tering requirement is met [40]. "Partitional clustering techniques often start with an



2.2. Hybrid Intelligence 11

initial, usually random, partition and proceed with its refinement by locally improv-
ing the optimization criterion. The majority of them could be considered greedy-like
algorithms. They suffer from the fact that they can easily get stuck to local optima"[13].
"Density-based clustering algorithms work by detecting concentrated areas, empty
areas, or sparse areas concerning data points. The data points that are not part of a
cluster are labeled as noise"[18].

2. Categorical Data Clustering: As discussed earlier, for categorical data it is hard to
measure data points’ similarity. "The well-known measures such as Hamming dis-
tance [39] which measures the number of common values between two tuples, or the
Jaccard similarity measure, which is defined as the intersection over the union of the
values in the two tuples are based on this approach". Some algorithms which are
based on this approach are K-modes[38] and ROCK[32]. Several algorithms like CAC-
TUS[28] and STIRR[53] uses context-based similarity measures where relationships
between categorical values are defined by comparing the context in which they ap-
pear. The more similar these two contexts are, the more similar the attribute values
are. For example in table 1.1 the Department values Accounts and Support can be
used in same context as they both represent positive values for Outstanding Amount,
however IT might have different context as it represents negative Outstanding Amount
value.

2.2. Hybrid Intelligence

Hybrid Intelligence aims to solve tasks that are difficult for machines alone like rating the
quality of a website[63]. The use of human intelligence was early embraced in machine
learning for purposes like image annotations for better computer vision algorithms or for
creating labels for supervised learning. Such an approach where we try to achieve better
computation results using human knowledge lies under the hybrid intelligence domain.
Hybrid intelligence takes human expertise and intentionality into account while the com-
putations and actions are performed by the machines. The research advanced in the field
with multiple applications as stated below:

Analyse human

behaviour and

l Data Genertaion J > reactions towards

machine learning
solutions

Hybrid Intelligence

a

Debug and Hybrid Intelligence
Evaluate Models Systems

Y

Figure 2.3: A few applications of Hybrid Intelligence
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* As per our research, the most common way of using human intuitions is generat-
ing labels[63]. These labels can either be binary or categorical. Binary labels can
have only two possible values, for example, true-or-false or yes-or-no. The categori-
cal labels can have multiple values like weather labels - summer, winter, spring, or
fall[9, 16]. Von Ahn et al.,[66] mention how they use human intelligence to gen-
erate a transcription of printed text. Humans have been used in other tasks like
the translation of a sentence from one language to another[10] or generating image
annotations[44].

* Another application of using human intelligence is to debug and evaluate the coher-
ence of a topic model or exploring thematic topics discussed in a set of documents.
Chang et al.,[14] propose a way to use human intelligence to measure the quality of a
set of topics in an unsupervised learning setting. They do so by proposing a human
intrusion task where a crowd-worker is presented with a list of common words from
a topic and one intruder (i.e. a word that seems less common to a topic). The crowd-
worker then assigns higher weights to the words that seem related and lower weight
to the intruder. They observe that this is easier if the topic is coherent and harder
otherwise. Some work has also been done in developing models that are human-
interpretable, especially in sensitive domains like health and criminal justice where
a user needs to understand the model’s prediction[23, 43, 61].

* Human intelligence is also used to analyze humans’ reactions towards machine learn-
ing systems. These reactions are subjective in nature and often require an under-
standing of why humans react to a certain situation in certain manner. Literature
reveals multiple examples of behavioral studies aimed at understanding user trust
in algorithmic predictions[21, 25, 56] and how users react to applications like online
advertising[29].

* Hybrid Intelligence Systems is another example where one includes humans in loops
to perform tasks that rely on human intelligence or knowledge. Such hybrid sys-
tems can perform better than humans or machines alone[63]. Various tasks that
can be achieved by hybrid intelligence systems are grading students’ work[46], writ-
ing essays or novels[42], building better topics models[14], transcribing speech in
real time[54], scheduling conference sessions[6],forecasting geopolitical or economic
events[4], and hybrid clustering.

2.2.1. Hybrid Clustering

Since our work focuses on clustering thus, now we explore hybrid clustering in detail. Hy-
brid intelligence systems can be used in scenarios where understanding data points is eas-
ier for humans, like in our case understanding the categorical data points. For example,
given a data set of companies’ logo images, a human could use their life experience and
knowledge to categorize them into sets like "IT, “Entertainment”, etc. while a machine
without access to a database can not[63]. Following approaches are encountered in the
literature around hybrid clustering:

* Hybrid clustering techniques have been proposed which include human compar-
isons to generate/modify a similarity matrix or other similarity function. For exam-
ple, Tamuz et al.,[60] designed an adaptive algorithm that estimates a similarity ma-
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trix from human judgments based on comparisons of triples (“Is object X more sim-
ilar to object Y or object Z?”). This approach requires only a relatively small number
of human judgments to obtain a good approximation. While studying the challenges
of data clustering, this was one of the major challenges encountered in that there
is no general notion of similarity. Similarity depends on the context of the problem
that one is dealing with. Thus, this work tries to solve the same challenge by defining
similarity in the domain context.

* Some approaches pay attention to the entity resolution setting i.e. an object belong-
ing to a similar entity should be clustered together [52, 64]. For example, a tiger, a
lion, a horse can be clustered together as they belong to the entity animals, whereas
a peacock, a nightingale, a hummingbird can be clustered together as they belong to
the entity birds.

* Gomes et al.,[30] hypothesis that the absence of the entire context might result in un-
standardized results from humans. They propose a Bayesian model to accumulate
partial clusters obtained by chunking a larger dataset into smaller data object sets.
Such partial clusters are formed when smaller sets of data objects are presented to
crowd-workers and they are asked to cluster only the presented smaller set. The au-
thors try to solve the challenges of the accumulation step and conclude that Bayesian
crowd clustering works well. This literature proves that overall contextual under-
standing of the target goal plays an important role, especially when one needs stan-
dardization of the tasks.

e Antti et al.,[36] identify that the efficiency of human computation is based on the ca-
pabilities of humans to process information better than machines. However, they
also agree that all machine learning algorithms rely on mathematical operations,
such as sums, averages, least-squares, etc. that are less suitable for human computa-
tion. Thus, through their work, they put the effort into combining these two aspects
of data processing. They do so by proposing a crowd median algorithm where the
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crowd-worker is presented with S (number of clusters) and x (new object). They are
then asked to identify which object in S is closest to x. They then apply the crowd
median algorithm as follows: present three objects from S and ask which seems like
an outlier, repeat these triples and the least chosen outlier becomes the center. This
works like the centroids in the K- means clustering algorithm. Thus, the authors con-
duct experiments and validate their hypothesis that humans and machines can work
simultaneously to create better results as compared to the results generated by hu-
mans or machines alone. This validation serves as a base for our hybrid model where
we try to solve clustering challenges by using humans in the loop.

e Chang et al.,[15] state that Crowdsourced clustering approaches present an efficient
way to process complex semantics from any information. However, they believe that
the existing approaches have difficulties supporting the global context needed for
workers to generate meaningful categories, and are costly because the majority of
items require human judgments. To introduce the global context to crowd workers,
they introduce Alloy which tries to the inherent advantage of humans over machines
for the complex problem of understanding unstructured data beyond merely mea-
suring surface similarity. It uses a hybrid of Cast(coworkers) and Gather(machine
backbone). The head cast perform active sampling and searching to identify the
global context of the entire dataset. They find see, highlight keywords and search
and label the data set. They then use a hierarchical clustering algorithm as a ma-
chine backbone. The merge cast then identify duplicates, sub-categories, etc. in the
labels selected by the head cast. The tail cast then go through the leftover keyboards
and either add them to the existing clusters or make a new cluster. The model is eval-
uated using Mutual Information Metric to identify symmetric measurement between
the number of clusters and precision of each cluster. Through their experimentation,
the authors proved that Alloy manages to change the crowd’s task from classifying
a fixed subset of items to actively sampling and querying the entire dataset, which
gives them a global context of the entire problem rather than just working on the
subset. We believe that contextual knowledge is highly needed for any engineer or
crowd worker to understand the task better and execute it more efficiently.

We can observe from all the literature mentioned in chapter 1 and 2 that a significant
amount of work has been done in using humans in the clustering process loop for mul-
tiple objectives like understanding the data, improving cluster quality, creating a similarity
notion, generating clusters using crowd-workers, etc. Motivated by this, we choose to de-
sign and experiment with an end to end human computational workflow which tries to use
human intelligence at multiple places in the cluster analysis process pipeline like under-
standing and transforming data; clustering model selection, adjusting its hyperparameters
for the most relevant cluster generation; and last but not the least validating the generated
clusters.

2.3. Summary

Through this chapter, we got acquainted with clustering, its types, data types in machine
learning, the approaches to perform data clustering. We familiarize ourselves with hybrid
intelligence, its applications, and sub-applications. We witness that hybrid intelligence is
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one of the possible domains that pays attention to overcoming the challenges of cluster-
ing. To yield the best possible clusters, one needs to tailor the clustering process as per
the desired goals and expectations. Motivated by the need for domain-specific tailoring in
clustering process and advancement and strengths of hybrid intelligence, we propose that
one of the approaches of handling clustering challenges mentioned in section 1.2 can be
served by using humans in cluster analysis workflow, to generate relevant clusters from a
domain-specific dataset. We believe that this can be achieved by intuitively understanding
the data and clustering goals, data transformation, feature engineering, clustering model
selection, and their hyperparameters’ tuning, and proper cluster interpretation.






Chapter 3

Methodologies

As explained in Section 1.1, this thesis explores the possibility of designing an end-to-end
clustering workflow using humans in the loop. This chapter aims to find the answer to
SQ2: How and where to use hybrid intelligence in cluster analysis workflow? In Chapter 2,
we discussed the various steps of a state-of-the-art cluster analysis process. Based on that,
we further break down SQ2 into sub-questions per the different steps of the cluster analysis
process, to design our human computational cluster analysis workflow.

1. How can we design a standardized approach to gather user requirements for cluster
analysis?

2. How do we add semantics to categorical features?

3. How do we use hybrid intelligence to analyze whether the generated clusters meet
the user requirements?

4. How do we use hybrid intelligence to validate the clusters?

From the above questions, we can observe that we propose to use hybrid intelligence in
multiple stages of clustering workflow. A workflow that uses humans, as well as machines
to achieve a target goal, can be categorized as a hybrid intelligent system. "Such a system
organizes humans and machines to carry out the process of computation — whether it be
performing the basic operations, taking charge of the control process (e.g., decide what
operations to execute next), or even synthesizing the program (e.g., by creating new opera-
tions and specifying how they are ordered)"[48]. Figure 3.1 shows the steps of our proposed
workflow. The steps in color green show our proposed methodologies which are discussed
elaborately in the later sections. The steps in color blue are the steps adapted from the
state-of-the-art clustering analysis workflow which are explained in Chapter 2.

The above-mentioned 4 questions are answered one by one in the following sections.

3.1. Gathering User Requirements And Understanding Data

To start, we first need to address that why is understanding data crucial for any cluster
analysis process. Understanding the given data that one intends to work on is a crucial
step of any machine learning application. With a good understanding of data, one can
make better decisions required for tasks like finding new customers, increasing customer
retention, improving customer service, or predicting sales. Data helps one to find solutions

17
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Figure 3.1: Cluster Analysis Steps in our proposed end-to-end Human Computational workflow

for business problems like low revenue generation. Data helps to improve the processes
and last but not least data helps one to understand customers better[62].

Apart from understating data, we also need to collect user requirements like what is the
goal of clustering, what relevancy measure should be considered while validating the clus-
ter objects’ similarity (or dissimilarity), etc. A good understanding of these requirements
is necessary because as stated in Chapter 1, clustering algorithms are designed in such
a manner that they will produce a result, no matter how the data looks or how relevant
the generated clusters are. Thus, if requirements are not clear, one might never conclude
whether the clusters make sense or not.

But, in an ideal setup where an engineer is deployed to perform cluster analysis or mar-
ket segmentation, companies spend a lot of time and resources on the knowledge transfer
processes. To reduce the efforts and time of this knowledge transfer process, we come up
with a standard questionnaire - FEAD (Find Everything About Data). The aim of FEAD is to
make one understand everything they need to know about the cluster analysis process in a
few hours rather than spending weeks and months to gain the required knowledge.

This questionnaire does not only make one understand the data and process in less
time but also enables a standardized practice towards cluster analysis. Imagine a situa-
tion where companies like Amazon, with billions of users, want to cluster customers as per
their electronic brand preferences. The data points for such a process would be trillions in
number and customer analysis no more remains a one-man job. Thus, if each engineer is
provided with the same set of requirements and standardized meaning of data, everyone
has clarity on how to approach the problem and what steps to take.

We came up with FEAD by closely analyzing the requirements of each step of the clus-
tering process and conducting iterative interviews with a data expert to find out what knowl-
edge is needed to perform clustering.
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3.1.1. FEAD Questionnaire

FEAD comprises of the below mentioned questions:
1. What does each data point represent?
2. What is the goal of the cluster analysis?
3. How do you define a relevant cluster?
4. On what similarity measure(s) should the cluster objects be compared?
5. Which are the most important data features?

6. How exactly does one deal with the null values (drop them, replace them with some
average or general value, etc.)?

7. Which cases should be considered as outliers (value threshold, frequency threshold,
etc.) and how does one deal with them (drop such data points, replace them with some
average or general value, etc.)?

8. Should a specific clustering technique be adopted for cluster generation (like hierarchi-
cal clustering, partitional clustering, etc.), or should the algorithm selection be based
on experimentation?

9. How should the clustering results be delivered (visual analysis, statistical analysis, etc.)?

The ultimate goal of FEAD is to get humans acquainted with the data and clustering
goal, based on which they would be able to make informed decisions in the later steps of
the cluster analysis process. Thus, we propose that at the beginning of the cluster analy-
sis, an engineer seeks answers to the FEAD questionnaire by setting interviews with multi-
ple data scientists, developers, or data analysts. Rather than spending time and resources
on understanding everything about the business, engineers collect answers for the above-
mentioned questions, which should cover all the knowledge that one needs to know about
the clustering process.

3.2. Adding Semantics To Categorical Features

This step is highly important because the quality of a clustering outcome is heavily depen-
dent on extracting appropriate features. Especially for categorical data, where there exists
no inherent ordering or semantic distance measure, and no numerical features which we
can explore, we need to perform effective feature engineering to make sure that no data
and its associated meaning is lost. Thus, one needs to derive semantics and feature en-
gineer the data points accordingly, via a deeper understanding of the categories and their
respective values.

Through this task, we introduce an approach for adding semantics to categorical data
without losing information. We do so because the state-of-the-art solutions present for cat-
egorical features handling, like, encoding techniques, introduce a lot of dummy values into
our dataset. Also, the motivation behind doing comes from the earlier stated challenges of
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working with categorical data in Chapter 2. An example of how to do so is depicted in the
tables below. Table 3.1 displays the sales entry data of a pharmacy.

Shopper ID | ProductID | Product category | # Items Purchased
121 22 Sports 4
121 21 Household 6
121 24 Clothing 8
121 25 Sports 9

Table 3.1: An example of sales entry data

From table 3.1 we can observe that 'Product ID’ and 'Product category’ are categorical
data, thus we extract a new feature by concatenating their values, as shown in table 3.2.

Shopper ID | Product ID | Product category | # Items Purchased Concat
121 22 Sports 4 22_Sports
121 21 Household 6 21_Household
121 24 Clothing 8 24_Clothing
121 25 Sports 9 25_Sports

Table 3.2: An example of extracting new feature 'Concat’ from the existing categorical values

We can now drop the 'Product ID’ and 'Product category’ from the dataset and trans-
form the dataset in such a manner that the values of our new extracted feature 'Concat’ be-
come the new features. The output will look like as shown in table 3.3. The output clearly
shows that all the categories have semantics and values associated to them and we didn’t
lose any data, hence achieving the desired goal for this method.

Shopper ID | 22 _Sports | 21_Household | 24_Clothing | 25_Sports
121 4 6 8 9

Table 3.3: An example of adding semantics to categorical features

3.3. Human Computational User Specific Cluster Analysis
Clustering algorithms are designed in such a way that no matter what clustering tendency
does the data possess, the algorithms will produce results. Thus, depending on the nature
of the target problem, an engineer needs to make a mindful analysis on whether the clus-
tering is happening as per desired goals or not. To ensure the same, this task starts with
choosing the clustering algorithms first. To do so, we re-iterate back to the answer to ques-
tion 8 of the FEAD questionnaire. If the engineer feels that there is a specific technique
that would yield the best possible clusters then they can move ahead by selecting the same,
otherwise, experimentation can be performed using state-of-the-art clustering algorithms
to generate clusters.

For our algorithm selection step we choose to use KMeans algorithm and Agglomerative
clustering algorithm. The working of these algorithms is explained in Chapter 2. Depend-
ing on the clustering algorithm, we can choose the respective hyper-parameters. For exam-
ple in the case of KMeans[45] - the parameters like the initial number of seeds or clusters,
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or the initial cluster centroids, should be defined before one computes clusters. Table 3.4
shows the combination of different hyperparameters used to generate clusters. The mean-
ing of each of these hyperparameters can be referred from the attached appendix A. This
step generates 7 sets of 7 clusters each.

Algorithm Hyperparameters
Number of Clusters Centroid Initialization
KMeans chosen via data scientist’s insight and verified via k-elbow method random
kmeans ++
Number of Clusters Similarity Measure | Linkage
Ward
Agglomerative Euclidean Complete
chosen via data scientist’s insight and verified via dendrograms Average
Cosine Complete
Average

Table 3.4: Algorithms and their respective hyper-parameters used to generate different sets of clusters

Once we have different cluster sets, we now try to understand whether the clustering is
happening as per desired goals or not. We do so by using a data expert’s insights. The main
objective of this step is to choose the set of clusters that are closest to the user requirement.
Here, we first present an analysis of clustering results obtained with and without applying
our proposed methods on any given dataset. We then provide an overlap analysis of the
different cluster sets. We believe that different algorithms should have some overlapping
objects in respective clusters if the data objects possess some similarity or clustering ten-
dency. Once the clustering tendency of the dataset is analyzed, we then present a statistical
analysis and visual analysis of each cluster set. The results of the analysis are presented to
the data expert using a web interface, which is designed as shown in figure 3.2.

Sets of clusters using different algorithms and their hyperparameters.

SELECTAN OPTION
(® KMeans (0) Agglomerative

Centroid Initialization

Random <

Get data

CLUSTER INFORMATION

700000
600000

500000 Values | Amt_WBed_121 | Amt_WBed_121 | Amt_WBed_90 | Amt_WKpr_111 | Amt_WKpr_120 | Amt_WPer_125 | Miscellaneous

00000 Mean | 11.82 14.54 282 61.30 0.32 221 6.83

300000

Std 13.63 13.92 741 17.06 2.34 5.48 9.23

200000

100000

0

Figure 3.2: A preview of the web interface designed for a data expert to select a cluster set based on visuals
and cluster statistics.

Since, in the data transformation steps, we were able to convert the categorical features
into numerical features, thus it is easier to perform statistical analysis on the data set. The
statistical analysis contains the collective mean and standard deviation of values of all the
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numerical features in a cluster. Please note that this step would not run completely if there
were categorical features in our dataset as properties like mean and standard deviation can
only be applied to numerical data. An example of this is shown in table 3.5. From the results
displayed in table 3.5, the data expert can infer that 'Feature 4’ contributes the most to the
respective cluster, as it is the one with the highest mean and frequency.

Property Feature 1 | Feature 2 | Feature 3 | Feature 4 | Feature 5 | Feature 6 | Feature 7
Frequency 123 111 134 1578 137 101 67

Mean 10.08 9.03 6.24 63.99 11.75 13.07 12.56
Standard Deviation | 7.18 8.92 20.32 43.45 13.67 16.13 18.92

Table 3.5: An example of data used to perform statistical analysis

The visual analysis displays the attributes (like sum, frequencies, etc.) of all the data
points corresponding to respective features in a cluster. An example of this is shown in
figure 3.3. From the figure, the data expert can observe that 'Feature 5’ is the most popular
in Cluster 1. Such observations might help them to conclude results like, as per the given
information, Cluster 1 contains data objects which have a product sales against Feature 5.
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Figure 3.3: An example of data used to perform visual analysis

By the end of this step, we have a final set of clusters that matches the clustering require-
ment, as per the human insights. To verify these results we further perform cluster analysis
using the relevancy/similarity measure. This step is elaborately explained in Chapter 4 as
it is quite domain-specific. We use the output as an indication of how clusters are being
formed and use humans in the next step to validate the generated clusters.

3.4. Human Involved Cluster Validation

As explained in Chapters 1 and 2, clustering results can not be evaluated using fixed class
labels due to its unsupervised behaviors. Also, the little or no notion of ground truth makes
cluster validation harder in an unsupervised setting. The literature survey also educates us
on the fact that there is no universally adopted approach to choose features or clustering
schemes[68] in cluster analysis.
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But once we have clusters, we need a method that validates our choices of algorithms,
data transformation steps, or the generated clusters in terms of relevancy. Validation gives
us confidence that how well does a machine generates clusters. Thus, to validate the ob-
tained clusters we design a human computational game - EvalClu (Evaluate Clusters), with
an educating purpose of authenticating our choices. The game aims to validate the effi-
ciency of cluster computations by machines. The design and implementation of EvalClu is
as follows:

1. Game Goal: To validate the machine computed clusters using human intelligence.
2. Game Setup:

(@) Information (step 3) regarding two clusters is provided

(b) Samples from the respective two clusters are provided in an excel sheet (tab:
RequiredInformation)

(c) Foreachsample (row) human provides a cluster number that they think matches
with the provided information or 'none’, in the column 'Human Label’ (tab:
Let’sPlay)

(d) Everything about the provided data is also explained in this step. For example,
what does each column or row represent?

3. Provided Information:

(@) Cluster Visual: This visual provides an idea about the contribution of each fea-
ture in a particular cluster. For example, from the figure 3.3, one can easily ob-
serve that for this particular cluster values against Feature 5 would be compara-
tively higher than others.

(b) Cluster Statistics: To illustrate the mean and standard deviation of each of the
given clusters against each feature, as shown in table 3.5. This provides clarity
of the range of the numerical data points in a cluster.

(c) Cluster Representatives: To illustrate examples of data points in a given cluster,
as shown in table 3.6. We hypothesize that this information is very crucial for
our game, as it gives actual information concerning a cluster. From our given
example, it is easily observable by a human, that for a given data, the data points
which have higher values against Feature 4, are clustered together.

Customer ID | Feature 1 | Feature 2 | Feature 3 | Feature 4 | Feature 5 | Feature 6 | Feature 7 | Cluster Number
12345 11 10 01 1578 13.7 10.1 6.7 1
45678 12 9 6.24 2000 11.75 13.07 12.56 1
980567 7.18 8.92 20.32 2300 13.67 16.13 18.92 1

Table 3.6: An example of cluster representatives

4. Inputs:

(a) Multiple data objects from 2 clusters, A and B.

(b) No machine-generated cluster number provided.
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5. Steps to play:

(a) Humans analyze the provided information.

(b) Humans provide a cluster number as per their understanding.

6. Expected Output: Human computed cluster label A, B, or none for presented data
objects.

7. Condition for Success: Each data object has a human computed cluster label A, B, or
none.

8. Incentives: Incentive is an important way to influence the quality of the output com-
puted by humans. Incentives may affect many aspects of humans’ behavior, includ-
ing whether they do any task at all (i.e., level of participation) and how well do the
humans perform each task (i.e., the accuracy and efficiency of the computation)[48].
We desire a maximum level of quality participation from humans, hence we also in-
clude incentives in our game. The best performer receives meal reimbursement of
50 euros and the first runner-up receives meal reimbursement of 30 euros. The per-
formance is decided by the results of the accuracy percentage, explained in the next
step.

Once the game is played, we then aggregate all the outputs. We now calculate the accuracy
percentage, by dividing the total number of matched labels from the total number of data
inputs. The matching percentage gives us a solid idea of cluster validation. It enables us
to observe whether the cluster computation by the machine matches human intelligence.
The higher the matching percentage, the higher is the machine’s efficiency of generating
the clusters.

The biggest contribution of EvalClu is that it introduces a novel cluster validation tech-
nique that can be adapted for any clustering application irrespective of its domain. It can
be applied independently to any cluster analysis workflow, irrespective of the selections
made in the prior steps. It tries to solve the problem that arises due to less notion of ground
truth in an unsupervised learning setup. The user interface of EvalClu can be developed
as per the application demand. We present our chosen design for EvalClu in appendixes C
and D.

3.5. Summary

In this chapter, we proposed a system design that tries to solve the scientific challenges
explained in section 1.2. We came up with an end-to-end human-involved cluster analysis
workflow. Figure 3.4 summarises our proposed workflow in one glance.
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Chapter 4

Workflow Implementation

This chapter aims to find the answer to SQ3: How to use the proposed hybrid intelligent clus-
tering workflow to generate customer clusters from financial data? Throughout the chapter
we discuss various experimentation steps taken to apply our cluster analysis workflow to a
real time use case where we try to cluster customers based on their financial behaviours.
We conclude the chapter by discussing the perceived limitations of the workflow.

4.1. Workflow Implementation Goal

To validate the application feasibility of our proposed workflow, we perform cluster analysis
on Exact’s’ customers. The goal of this application is to cluster Exact’s customers as per
their financial behaviors. These behaviors are extracted from the customers’ bookkeeping
data.

4.1.1. Exact

To make this research possible, the experiments to apply our workflow to real-world data
are performed using the data provided by Exact. Exact provides software for accounting,
ERP, CRM, etc., to almost 350k small and medium-sized enterprises(SMEs) in the Nether-
lands. We focus on Exact’s accounting services for this particular thesis restricting ourselves
to cluster around 85k SMEs out of the lot.

4.1.2. Introduction To Bookkeeping

Accounting has two main parts: book-keeping and analysis. Bookkeeping is recording a
company’s financial transactions like buying an asset, paying electricity bills, etc. Exact’s
accounting software enables their customers to perform efficient bookkeeping which in re-
turn allows these customers to analyze their cash flow, knowledge about assets or to make
valuable operating, investing, and financing decisions like future investments, mergers,
etc.

4.2, Experimental Procedure
The experimental procedure is divided into two parts.

"https://www.exact.com/
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4.2.1. Experiments - Generating clusters via our proposed methodologies
This is performed as per the steps defined in chapter 3. The experiments for the same
are conducted in an online setup due to Covid-19 restrictions. Each of the steps taken to
complete the cluster generation part is defined elaborately in the following subsections of
this chapter.

1. Introduction to dataset: Table 4.1 shows 3 samples from the raw dataset. Each row
represents a transaction of a particular Division in the given time using multiple fea-
tures. The meaning of each of the data points is explained in the next subsection.

Division Date RGS | Transaction_Type | Debtor | General_Account_Type | Transaction_Amount
1652033 | 2018-07-01 | WOmz 40 False 110 -47949.859253
1825640 | 2019-09-23 | WBed 40 True 121 12045.820022
1119288 | 2019-01-15 | WKpr 40 True 120 0.30000

Table 4.1: Samples from use-case dataset

2. Gathering user requirements and understanding data: In this step, we gather all the
information needed to perform cluster analysis, via FEAD questionnaire. To make
this happen, we conducted 3 interviews with Exact’s Data experts who understood
data and were acquainted with clustering goals. Following are the answers collected
via the aforementioned interviews.

(@) Each of the values in table 4.1 means the following:

Division - aunique number that defines one entity or business or company
that uses Exact’s services. It is a numerical data type. The extracted raw data
contains approximately 200k Divisions.

Year - the year in which the transaction happened, this can be further seg-
regated into the quarter, months, or days. It is a numerical datatype. For
this particular use case, we use the data from 2018 and 2019 only.

RGS - called Referentie GrootboekSchema in Dutch, is a reference classifi-
cation that contains all the ledgers which are required to report to the Dutch
government and most of the ledgers used for internal reporting?. To further
understand, an example of an RGS value is "'WKpr’ which refers to trans-
actions against 'Purchase Value Sales’. It is a categorical data type. In our
dataset we have 13 RGSs values.

Transaction_Type - it represents the nature of the transaction, i.e. was the
transaction made a purchase entry or bank payment, etc. These values are
internally generated by Exact following the bookkeeping standards. It is a
categorical data type. In the given dataset we have three Transaction_Type
values.

Debtor - This is a boolean data type that describes whether a transaction
was a debit or credit. If the 'Debtor’ value is false, it means that the transac-
tion type is a credit entry and debit entry otherwise.

Zhttps:/ /referentiegrootboekschema.nl/english
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* General_Account_Type - This is a categorical data type that represents the
general ledger account type. "A general ledger account is a record in which
is recorded a specific type of transaction. A separate general ledger ac-
count is set aside for each specific type of transaction. For example, within
the general area of inventory assets, there may be separate general ledger
accounts for raw materials inventory, work-in-process inventory, finished
goods inventory, and merchandise (purchased) inventory"3. The values
against General_Account_Type in our dataset are internally generated by
Exact following the bookkeeping standards. In the given dataset we have 24
different values of General _Account_Type.

* Transaction_Amount - a numerical data type that represents the amount
of each transaction in euros. The negative sign in this feature represents
that the entry is a credit entry and debit otherwise. In the given dataset the
values of Transaction_Amount ranges from -99999997952 to 1282429249.

(b) The goal of cluster analysis is to group ’Divisions’ based on their financial be-
haviors. Financial behavior is quite a subjective term, but as per our goal, it can
be defined as the properties associated with a particular transaction. For exam-
ple, the transaction is made in which year, for how much amount and booked
via which combination of RGS, Transaction_Type and General_Account_Type.
Through the clustering process, we want to be able to categorize the ’Division’
according to their behavior for commercial and analytical reasons.

(c) A relevant cluster can be defined as a group of 'Divisions’ with similar trans-
action behaviors. For example ’Divisions’ who book most of their transactions
pertaining to a similar combination of RGS and General_Account_Type, should
be in one cluster.

(d) Combination of RGS, Transaction_Type and General_Account_Type can be taken
into account for comparing the similarity between data objects of a cluster.

(e) The mostimportant data features are RGS, Transaction_Type and General_Account_Type
as they form the base of a transaction.

(f) To handle the null values, one should know that as per the Exact software used
for bookkeeping only Transaction_Amount can have a null value. One can drop
the transactions with Transaction_Amount equal to 0. As null amount doesn’t
give any information about a financial transaction.

(g) There can be outliers in Transaction_Amount due to human errors. We can drop
all the transactions of such ’Divisions’, as for now we want to perform clustering
on the cleanest ’Divisions.

(h) No specific clustering technique is preferred. It should be decided via experi-
mentation.

(i) The results should be delivered in form of text results (tables), cluster visuals,
and statistical analysis of numerical attributes. It would also be nice if some
analysis can showcase the clustering tendency of the dataset.

3https://www.accountingtools.com/articles/what-is-a-general-ledger-account.html
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3. Baseline implementation: Before implementing the further steps of our proposed
workflow, we first start with a baseline implementation following the standard pipeline
of cluster analysis. In this implementation we do not involve humans at any stage and
perform the following steps:

(a) Clean the data, drop null values, remove outliers using the IQR method with
25th and 75th quartile.

(b) Standardise the numerical values using MinMaxScaler.

(c) Convert categorical features into numerical features using state-of-the-art en-
coding techniques.

(d) Find the number of clusters using the K-Elbow method and perform clustering
using the KMeans algorithm.

Figure 4.1 shows the distribution of objects in each cluster.

2-D cluster distribution - Baseline Implementation
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Figure 4.1: Distribution of data objects within clusters in baseline implementation

We can observe that 4 clusters are being generated. The clusters are formed based
on financial transactions and do not meet the requirement of clustering the 'Divi-
sions’. Also, the state-of-the-art encoding techniques introduce 89% data scarcity.
Thus, from the baseline implementation, we conclude that we need further elabo-
ration in each of the cluster analysis steps and the standard clustering techniques
do not meet our desired goals. Hence, we move on by applying the methodologies
defined in our proposed workflow.

4. Data Transformation And Feature Engineering: To complete this task, we perform

the following steps:

e Convert Transaction_Amount from float to rounded off integer, to make data
cleaner.

e Transform dataset as per the negative and positive values of Transaction_Amount,
with the help of domain expert’s knowledge. This step eliminates the negative
sign from the dataset.
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e We then eliminate the Divisions which have less than 20 entries in the two years
time frame.

* The range of Transaction_Amount indicates that there are outliers in the data,
as per the data expert. Thus, we eliminate Divisions with outlier in Transac-
tion_Amount using the IQR method as defined below:

In the IQR method, the dataset is divided into quartiles[65]. This method is ap-
plied as below:

Find the first quartile, Q1. The first quartile point indicates that the given
percentage of the data points are below that value.

Find the third quartile, Q3. The first quartile point indicates that the given
percentage of the data points is above that value.

We now calculate IQR as follows:

IQR=0Q3-01
— Define the lower limit as:

LowerLimit=Ql-n* IQR

where nis chosen as per the user requirements.

Define the upper limit as:
UpperLimit=Q3+nx*IQR

where n is chosen as per the user requirements.

All the data points lying outside the lower limit and upper limit range, are treated
as outliers.

The first quartile is at 10% and the third quartile is at 90%. Also the 'n’ is chosen
as 30.

* Next we choose the most contributing RGS, Transaction_Type and General_Account_Type
based on their frequencies amongst the transactions. This leads to 7 RGS values,
7 General_Account_Type and 1 Transaction_Type value.

* Next we drop the columns ’Year’,’ Debtor’ and Transaction_Type as the dataset is
already transformed handling these values, thus they are not needed for further
transformation. Table 4.2 shows how the dataset looks after this step.

Division | RGS | General_Account_Type | Transaction_Amount
10000080 | WBed 111 9500
10000080 | WBed 111 9870
1825640 | WBed 121 897

1119288 | WKpr 120 58900

Table 4.2: Samples from dataset after Data Transformation Task
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* Moving ahead we now group the dataset using Division, RGS and General_Account_Type.
This is needed because one Division might have multiple entries, as shown in
table 4.2. Thus, we need to club them together, because, in the end, we need one
row representing all the details concerning one Division. As we want to cluster
Divisions and not their transactions. Table 4.3 shows the result of this step. As
compared to the values in table 4.2, we can observe that the transactions asso-
ciated with reoccurring Division are now clubbed together.

Division | RGS | General_Account_Type | Aggregated_Transaction_Amount
10000080 | WBed 111 19370

1825640 | WBed 121 897

1119288 | WKpr 120 58900

Table 4.3: Samples from dataset after groupby operation

* We now add semantics to the categorical features. We concatenate RGS and
General_Account_Type values for each row and pivot the table with respect to
Division. As aresult, the concatenated combination of RGS and General_Account_Type
become new features and the amount corresponding to these combinations be-
come the data values. By the end of this step, we have now added semantics to
the categorical attributes and transformed the entire dataset into a numerical

type.

» Before moving to the next step, we first have to standardize the dataset values.
Generally, machine learning algorithms work better if they receive a normalized
dataset[59]. Thus we normalise the Aggregated_Transaction_Amount per Divi-
sion (in our case per row) using the following formula:

Amount = (Amount/Total AmountofaDivision) * 100

The insight of deriving this formula comes from data expert’s intuitions. As if
we normalize the Transaction_Amount within a range as per the state-of-the-
art solutions like MinMaxScaler?, the data will lose the business essence. As is
the value of one Transaction_Amount might impact other. We want to cluster
according to the Aggregated_Transaction_Amount distribution. Thus, we want
a unique scale across Division to be able to compare them to one another. In
this scenario, taking the rate of the aggregated amount per event is guarantying
linear transformation and interpretability.

For example, let’s say there are two customers, one which is an IT company
and the other which is a hairdresser. Naturally, the Transaction_Amount of the
former will be greater than the latter, throughout the dataset. If we normalize
Transaction_Amount based on this, every small business will be impacted by the
bigger business, irrespective of the economy of that particular sector. Hence,
this step is crucial to maintain the original information of each Division.

*https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing. MinMaxScaler.html
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e From the concatenation step in adding semantics task we have 49 features (com-
binations) in the engineered dataset as there exist 7 RGS values and 7 Gen-
eral_Account_Typevalues. The major goal of this step is to have the most impor-
tant features in the dataset and eliminate those which do not contribute much
and introduces data scarcity. We do so by using the visual analysis (figure 4.2) of
each of the features and decide a threshold of feature contribution.
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Figure 4.2: Visual analysis of features and their respective values before Feature Reduction Task

From figure 4.2, we could visualize that not all features have significant values,
thus we set the threshold at 250000. Any feature that has a value above 250000,
is kept originally in the dataset and the remaining are reduced to one feature
called "Miscellaneous". By doing so, we reduce data scarcity and make sure that
no data is lost. The results of this step can be seen in figure 4.3.
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Figure 4.3: Visual analysis of the reduced features and their respective values

This step could however be improved by other ways which are more discrimi-
nant in nature like tf-idf or advanced analytics. But due to time constraints, we
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limited ourselves to go for the threshold values/contributions of features.

By the end of this step, we now have our dataset ready for the cluster generation
step. Data samples from this engineered dataset are presented in table 4.4.

Division

Amt_WBed_120

Amt_WBed_121

Amt_WBed_90

Amt_ WKpr_111

Amt_WKpr_120

Amt_WPer_125

Miscellaneous

929771

84

3

2

1

3

0

7

1062815

3

0

55

2

9

8

23

919055

70

3

1

2

1

1

22

Table 4.4: Samples from dataset ready for cluster generation

5. Cluster Generation: Before generating clusters, first we need an idea of the number
of clusters required. We collect this input from the data expert. Based on the engi-
neered data set, the data expert makes an educated guess that the number of clusters
required would be 7 which is equal to the number of features, hypothesizing that each
cluster will be distinct from others, at least in respect to one dominating feature. We
generate clusters using algorithms and hyperparameters stated in table 3.4.

¢ Algorithm - Kmeans

(@) Verifying the number of cluster using K-elbow method (figure 4.4).

led
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Figure 4.4: Verifying the number of cluster input by data expert which validates the 7 number choice, using
K-Elbow method

(b) Generating clusters using KMeans and its different hyperparameters (figure
B.1).

 Algorithm - Agglomerative Hierarchical Clustering

(a) Verifying the number of cluster using dendrograms (figure 4.5). This can be
verified by the number of different colours present in the dendrogram.

(b) Generating clusters using agglomerative hierarchical clustering algorithm
and its different hyperparameters (figure B.2).

6. Human Computational User Specific Cluster Analysis:
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Division Dendrogram using 'COMPLETE' linkage
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Figure 4.5: Verifying the number of cluster input by data expert which validates the 7 number choice, using
dendrograms

0

* In this step, we first investigate the before and after results obtained after apply-
ing the data transformation and feature engineering steps. Figure 4.6 depicts
this comparison. From the figure, we can observe that without our proposed
methodologies, mostly all the Divisions are grouped as shown in divisions den-
drogram a. This observation itself is enough to provide us confidence in our
data transformation and feature engineering step.

* Next, we perform a cluster overlapping analysis to verify the clustering tendency
of the dataset. We do so by first providing an overlap analysis of the different
cluster sets as shown in table 4.5. The object overlapping is calculated between
all possible combinations of the cluster sets created using KMeans and Agglom-
erative algorithms. We believe that these results give us an understanding of
the clustering tendency of the given dataset. The highlighted results in table 4.5
represent that there exists an object overlap between different pairs of clusters
which means that a significant number of objects falls in the same cluster, irre-
spective of which algorithm we use. We believe that this confirms the clustering
tendency of the dataset.

e We now present the visual (examples attached in appendix B.3) and statistical
results of each cluster generated using different hyperparameters to a data ex-
pert. These results are presented using the web interface (figure 3.2) developed
specifically for carrying out this task. After a thorough analysis, the data expert
decides the best set of clusters are obtained by using an agglomerative hierar-
chical clustering algorithm (complete linkage and cosine similarity measure).
This decision is based on the following inputs:

— Clarity of mean and standard deviation of each feature of clusters within a
set.

— similarity measure as our dataset contains data scarcity, and as per data ex-
pert’s knowledge in such cases, cosine distance works better than Euclidean
distance.
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Figure 4.6: Comparison of the before and after implementation of Data Transformation and Feature

Engineering
Agglomerative Clusters
Cluster # 1 2 3 4 5 6 7
1 0.18 1.43 | 38.29 | 0.00 | 0.61 0.00 | 0.01
KMeans 2 0.06 | 0.61 3.17 | 37.60 | 0.30 | 0.93 | 0.02
Clusters 3 0.31 0.80 | 0.23 | 0.01 0.18 | 37.62 | 0.06
4 0.90 1.05 | 0.04 | 0.29 | 41.26 | 0.00 | 0.00
5 40.52 | 0.22 | 066 | 0.88 | 0.00 | 0.00 | 0.00
6 0.19 | 0.07 | 0.34 | 3.41 0.43 | 0.00 | 25.41
7 1.26 | 41.07 | 0.03 | 0.19 | 0.03 | 0.00 | 0.00

Table 4.5: Overlapping analysis between cluster objects generated using Kmeans and Agglomerative

algorithm

— 2-Drepresentation of the clusters which indicates object overlapping within
a set of clusters (attached in appendixes B.1 and B.2). However, such visu-
als do not give a very concrete idea around clustering because we convert
multiple features into 2 using Principal Component Analysis to obtain these
visuals.

* Once the data expert has chosen the most relevant set of clusters, we perform
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a detailed (dis)similarity analysis on the clusters’ objects. Before doing so we
changed the features name into a more human-readable manner, i.e. renaming
them to what does each RGS or General_Account_Type value means. Table 4.6
show the clusters’ (dis)similar properties.

Cluster Number (dis)similar property
Cluster dominated by Divisions with higher expenses booked against
0 "Purchase Value Sales’ RGS through ’Costs of Goods’

General Ledger Account

Cluster dominated by Divisions with higher expenses booked against
"Expenses’ RGS and ’Sales’ General Ledger Account

Cluster dominated by Divisions with higher expenses booked against
2 a variety of RGS and General Ledger Account, excluding the ones
mentioned in other clusters

Cluster dominated by Divisions with higher expenses booked against

3 "Expenses’ RGS and 'Other Costs’ General Ledger Account

4 Cluster dominated by Divisions with higher expenses booked against
"Expenses’ RGS and 'General’ General Ledger Account

5 Cluster dominated by Divisions with higher expenses booked against

"Personnel’ RGS and "Employee Cost’ General Ledger Account
Cluster dominated by Divisions with higher expenses booked against
6 "Purchase Value Sales’ RGS through 'Other Costs’

General Ledger Account

Table 4.6: (dis)similarity analysis of the final set of clusters

4.2.2. Experiments - Validating clusters via our proposed methodologies

Through the previous experimentation step, we now have our final set of clusters. In this
step, we now validate the cluster objects as per the EvalClu design, stated in chapter 3. We
ask humans to generate the cluster labels for various data objects based on the provided
information. These experiments are performed by setting up EvalClu for 11 employees at
Exact. These users are designated data experts, data engineers, or data analysts. The ex-
periments are conducted online due to Covid-19 restrictions. Each participant is provided
with the game setup tutorial, attached in appendix C. The data points which need to be la-
beled into different clusters are provided in shared excel sheets (due to the privacy policy of
Exact). We provide 200 data points to each of the employees because of time and human re-
source constraints. However, our game is designed in a manner that can be scaled up to any
number of human resource usage. An input/output interface prototype is attached in ap-
pendix D. At the end of the experiments, the outputs are also delivered by the participants
through online applications (evaluation form, excel sheet, etc.). However, due to lack of hu-
man resources, we could only verify this for 10% of the data samples. We conclude this step
by collecting human-generated cluster labels and match them with the machine-generated
labels. This calculation provides our results for one of our later defined evaluation metrics:
Cluster Validation Accuracy.
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4.3. Summary

In this chapter, we presented the workflow implementation steps on Exact’s data. We apply
the proposed novel methodologies on Exact’s customers’ bookkeeping data to cluster them
as per their financial behaviors. We gathered the required information using FEAD ques-
tionnaire and then transformed data by creating semantics in categorical features. Once,
we generated clusters using KMeans and agglomerative algorithms, we then performed a
user-specific cluster analysis to confirm whether the generated clusters meet user demands
or not. Our analysis results show that the different cluster objects do inhibit (dis)similar fi-
nancial behaviors. In the end, we validated the cluster objects using EvalClu. The results of
which are discussed in Chapter 5. During experimentation we also perceived a few limita-
tions which are as follows:

e Data Scarcity: We proposed a method that adds semantics to the categorical features
and attempts to replace the entire dataset into numerical values. This works well for
our use case. However, there are chances that this method introduces null values if
the number of categorical features increases. Because the method increases the di-
mensions/features of the dataset and thus, introduces more data sparsity. But again
this is subjective to the type of dataset that we deal with.

* Missing Global Perspective: In our proposed cluster validation game (EvalClu), we
present information associated with only two clusters, to each human. And if a hu-
man thinks, that the data points presented belong to none of these, they can mark
the human-generated label as "None". However, we feel that if the information about
all clusters is presented, it may yield a better understanding of the entire clustering,
rather than just the two respective clusters. This might yield a better matching per-
centage.



Chapter 5

Evaluation and Results

This chapter presents the evaluation of multiple human-involved steps in our proposed hy-
brid intelligent clustering model. We discuss the results against different evaluation met-
rics defined in this chapter, based on the collected user data. We conclude the chapter by
identifying the limitations of experiments.

5.1. Model Evaluation Metrics

The proposed end to end human computational workflow will be evaluated by using the
following evaluation metrics:

5.1.1. Cluster Validation Accuracy

As established in chapter 2, there is no standard way of validating the clusters and their
respective objects. Thus, for measuring the relevancy of clustering results concerning the
clustering goal, we compute the matching percentage of machine-generated cluster labels
and human-generated cluster labels. We assume here that humans are always right and
treat the human-generated cluster labels as the ground truth. Thus, the higher the match-
ing percentage, the more relevant cluster generation has been. Also, a higher matching
percentage indicates how well the machine has computed clusters. We collect the human-
generated labels via our proposed human computational game i.e EvalClu.

5.1.2. Execution Time

In our model, we used human intervention at the following stages:
* FEAD questionnaire for collecting required information about the clustering process
 Selecting the most relevant set of clusters using the designed web interface

* Validating cluster objects via EvalClu

Thus, for the time metric, we ask users to mention the time (in minutes) needed by humans
for each of the above-mentioned tasks.

5.1.3. Cognitive Task Load
The task load is computed using the task load index proposed by Hart et al.,[35]. This metric
aims to find the cognitive demands of EvalClu in terms of:

39
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* Mental demand i.e. how much thinking was required to provide the cluster number
to the data objects.

* Physical demand i.e. how much physical effort was required to accomplish the task
(was the task restful or laborious).

e Temporal demand i.e. was there any time pressure that was felt to complete the task.
e Performance i.e. how well do you think you performed?
* Efforti.es how hard did you work to accomplish the task.

e Frustration i.e. how frustrated, irritated, or agitated (or calm, composed, or satisfied)
you were while completing the task.

The participants are asked to provide an answer to questions shown in figure 5.1 ranging
from 0 to 10 (with 1 scale increment, where 0 means low and 10 means high). The task load
index (TLX) per criteria is calculated by adding the scores provided by all the users and
dividing the sum by the number of users. ("RAW" TLX[35]). A lower TLX score indicates a
lower perceived cognitive load.

Mental Demand: How much thinking was required to label the cluster objetcs? * Performance: How well could you judge the required cluster number?

Physical Demand: How much physical work was required to label the cluster objetcs? * Effort: How much effort did it take for you to decide on a cluster label? *

Temporal Demand: How much time pressure was felt to label the dluster objects? Frustration: Indicate your level of frustration, irritation, or agitation while working on the task. *

Figure 5.1: Cognitive Load Evaluation based on NASA-TLX

5.1.4. User Engagement
User engagement (UE) and its measurement is a factor of great interest for human com-
puter interaction workflows[55]. The more the engagement is, the more users are mo-
tivated and inclined towards finishing the task with high quality. We evaluate the user
engagement with the help of the User Engagement Survey (UES) proposed by O’Brien et
al,,[55]. The user engagement is evaluated for two components of our model i.e. the web
interface which enables a data expert to select the most relevant set of clusters and EvalClu.
Participants answer the following questions as shown in figures 5.2 and 5.3 on a scale
from 1 to 5, where 1 indicates strongly disagree and 5 indicates strongly agree. The score
per criteria is calculated by adding the scores provided by all the users and dividing the sum
by the number of users.

5.2. Evaluation Result

In this section, we discuss the obtained results while evaluating the model using the above-
defined metrics.
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User Engagement - EvalClu *

Strongly Disagree Agree

The time | spent on
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away.

| was absorbed in this
experience.
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Figure 5.2: User Engagement evaluation of EvalClu

User Engagement - Web Interface *
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Figure 5.3: User Engagement evaluation of Web Interface

5.2.1. Cluster Validation Accuracy

Strongly agree

Strongly agree

The figure 5.4 displays the matching percentage achieved by the machine against the clus-
ter labels provided by each Exact employee. The matching percentage results show that on
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an average 87% of the machine-generated cluster labels matched human-generated clus-
ter labels. This means that out of 2200 samples, machines were able to match the human
cluster labels for 1914 samples. This clearly explains that machines can spot the difference
between similar and dissimilar objects in terms of human perception. This accuracy vali-
dates our choices for each of the prior steps i.e. data transformation, feature engineering,
algorithm selection, and cluster analysis results.
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Figure 5.4: Matching percentage achieved by Exact’s Employees

5.2.2. Execution Time
The table 5.1 displays the average time taken by humans to complete the above-mentioned
tasks. The average time is taken to collect answers for FEAD questionnaire, i.e. 42 minutes
indicates that developing a set of clustering-related questions brought down the knowledge
transfer efforts to minutes instead of days and weeks.

The time is taken to choose the best set of clusters from 7 sets, where each set contains
7 clusters, thus a data expert ends up analyzing 49 visuals and statistical data tables respec-
tively. The data expert takes 120 minutes to choose the most relevant clusters, which means
1.22 minutes for a visual or a table. This indicates that the presented data (via Web Inter-
face) was not too complex and systematically structured, which enabled the data expert to
make quick decisions.

Task Average Time (in minutes) | Number of humans involved
Interview - FEAD Questionnaire 42 10 3
Web Interface (User specific cluster analysis) 120 +0 1
EvalClu 18 +£13.68 11

Table 5.1: The average time taken by humans to complete various tasks

The EvalClu game is played successfully by a human for an average of 18 minutes for
200 samples. This indicates that it was quite easy for humans to decide the objects’ labels.
This gives us confidence that the cluster objects are easily distinguishable.
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5.2.3. Cognitive Task Load

Figure 5.5 displays the results against task load for each criterion. From the results, we can
see that in terms of demands, all the three criteria mental, physical, and temporal demand
have been scored low with an average of 4.09, 3.90, and 3.54 respectively. Which indicates
that the task was not at all demanding. The average score of performance which is 5.63
shows that the users were somewhat sure about their generated labels. On a scale of 0
to 10, the average score of 4.27 against efforts shows that decent efforts were required to
complete the task, which again validates that the presented information (including the data
points) helped the employees to generate required outputs effortlessly. Lower scores of
frustration indicate that the users were calm, composed, or satisfied while completing the
task. Overall, the lower scores for each of the criteria indicate that the EvalClu tasks do not
require much effort from users.

Mental_Demand

Physical_Dem. .

5 Temporal_De. .
Sy
%_"%

G Performance

Effort

Frustration

0 2 4 6 8 10
Average user scores (ranging from 0 to 10)
Figure 5.5: Average task load scores per criterion
5.2.4. User Engagement

The table 5.2 states the average score given by users for different user engagement criteria.
For EvalClu the scores were given by 11 Exact’s employees who participated in the cluster
validation game. From the achieved scores we can conclude that the users were interested
in completing the task and were seldom frustrated. The Web Interface was although used
by one user only, thus scores don't include a variety of opinions, still, the platform received
decent scores. We can conclude that the data expert was engaged in the task and enjoyed
using the platform although they needed to process a lot of information to produce the
required output.
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Evaluation Criteria Average Score | Average Score
(Scored on arange of 1 to 5) EvalClu Web Interface
The time spent on platform just slipped away 3.45+0.8 3+0.0
[ was absorbed in this experience 3.85+£0.5 4.12 £0.0
I felt frustrated while completing the task 2.1+1.2 1+0.0
The platform was attractive 4.2 £0.1 3+0.0
I felt interested in this experience 4.2 +£0.2 4.1 £0.0

Table 5.2: The average user engagement score for EvalClu and Web Interface

5.3. Discussions

In this section, we discuss the implications that can be made from the above-obtained re-
sults. We also discuss the limitations of the performed experiments.

5.3.1. Implications
The experiments show that our human-involved end-to-end cluster analysis workflow can
generate user-specific clusters using Exact’s data. The objects within each cluster share
some of the other financial behavior. Starting from the initial steps, the intermediate re-
sults like the comparison stated in figure 4.6, give us confidence in our proposed method
for adding semantics to the categorical data. The other three proposed methodologies i.e.
FEAD questionnaire, human involved user-specific cluster analysis, and the human com-
putational cluster validation game - EvalClu have been evaluated using well-defined men-
tioned metrics. Hence, we further state the implications around these methods based on
the collected evaluation data and the discussions with data experts at Exact post experi-
mentation. The achieved cluster validation accuracy shows us that the machine achieved
an accuracy of more than 70% against the 10 sets of human-generated labels. However, for
one individual set, only 49.8% of machine-generated cluster labels matched the human-
generated labels. Thus, we analyzed these particular human-generated labels and found
out that the quality was missing from the human end as they spent only 4.32 minutes la-
beling the 200 samples, whereas the other humans spent around 18 minutes each to label
the 200 samples. Hence, from this, we can conclude that the average execution time spent
by the humans to generate labels, on one hand, assures quality but on the other hand tak-
ing only 5.4 seconds on average to generate cluster label for each data object indicate that
the humans were easily able to spot the (dis)similarity amongst different cluster objects.

The average 42 minutes spent on collecting answers for FEAD questionnaire show that
each question was elaborately discussed during the interviews. The data experts felt that
the formulated questions covered the collection of entire cluster analysis requirements.
This data proves that we were able to achieve the purpose of the standardized approach
of collecting user requirements in less time as compared to the time spent on knowledge
transfers in an ideal organizational setup. The average time is taken by the data expert
to choose the most relevant set of clusters also shows that it was less complicated than
anticipated. As the web interface displayed cluster information of 7 sets with 7 clusters in
each set. The data shows that on average the data expert spent 17.14 minutes on each set
of clusters to visualize and understand the statistics.

The cognitive task load scores of EvalClu show that the task of labeling 200 data ob-
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jects was not demanding. The average mental demand, physical demand, and temporal
demand scores being 4.09, 3.90, and 3.54 respectively out of 10 show that the task was
moderately challenging i.e. not too easy and not too hard. During our interaction with
the data expert, we found that they were confident about their performance, and most of
them had to put minimal effort to complete the game. However, two of the data experts
felt extremely frustrated due to the online setup of the game and working from home. They
assured us that the game setup had nothing to do with the frustration and it was external
environmental conditions that caused the agitation.

From the user engagement scores, one can deduce that the employees at Exact liked
both the user interfaces, i.e. the EvalClu and Web Interface for cluster analysis. They were
absorbed in the experience and seldom felt frustrated. During our discussions with the
data experts, we found out that the EvalClu interface was accurately designed with all the
required information needed to play the game. This satisfaction indeed aligns well with the
received scores. For the web interface, the data experts felt that it could have been more
attractive, however, they were fine with the fact that the main purpose was being served
and it was easier to follow.

5.3.2. Limitations
The biggest limitation of the performed experimental steps is that the number of resources
(time and participants) for the human computational game was quite limited, due to which
we could obtain only 2200 human-generated cluster labels. Although the machine was able
to generate 87% average accuracy for the cluster objects, yet we feel that, these results could
have been more convincing if we could run the experiment on a larger sample.

Also, we believe that the experiments’ online setup due to Covid-19 regulations made it
a bit hard for us to closely examine the results’ implications, especially in terms of the cog-
nitive load because it is possible that working from home might frustrate some employees
more than others and that might have impacted the overall human performance.






Chapter 6

Conclusion

In this thesis, we tried to solve the scientific challenges that arise while performing cluster
analysis. One of the challenges is that generally, state-of-the-art clustering algorithms are
developed in a broader sense without targeting any specific applications. Further, they are
used in multiple application domains. However, because these algorithms lack domain-
specific information and user-specific input, they do not always produce relevant results.
Also, datasets with categorical features are harder to cluster as such features lack semantics.
Another challenge is that, unlike classification tasks, clustering cannot be evaluated using
well defined labels and is quite subjective to the need of users. Also, the little notion of
ground truth makes cluster validation harder in an unsupervised setting.

To solve the stated challenges we came up with an end-to-end cluster analysis work-
flow. We introduced 4 novel methods including a method to add semantics to categorical
features, a novel human-involved cluster validation game and a human computational user
specific cluster analysis method. To reach our solution, we divided our research into three
sub-questions.

To find answers to the first sub-question i.e. What are the state of the art in data clus-
tering and hybrid intelligence approaches?, we performed an exhaustive literature survey to
find an intersection between clustering and hybrid intelligence. We identified various re-
search works and novel contributions that validate our hypothesis that hybrid intelligence
is used in various applications to solve the clustering challenges. Motivated by this to an-
swer our second question i.e. How and where to use hybrid intelligence in cluster analysis
workflow? We built a model that involves humans in almost every stage of cluster analysis.
This model does not only generate user-specific relevant clusters but also incorporates a
novel cluster validation game.

Once the model was built we then tried to answer the third sub-question i.e. How to
use the proposed hybrid intelligent clustering workflow to generate customer clusters from
financial data? We did so by applying our model to cluster Exact’s customers based on their
bookkeeping (financial) data. By the end of our model application on Exact’s data we were
able to generate clusters relevant to Exact’s requirements and were also able to validate the
same using intelligence and cluster understanding of Exact’s employees.

Last but not the least, through this research work we are now able to answer our main
research question i.e.How can we use hybrid intelligence in cluster analysis workflow to
generate user-specific clusters and evaluate them? To justify this we can say that human
intelligence can be combined with every step of cluster analysis to generate and validate
user-specific clusters. Human intelligence can be used to understand data, transform and
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feature engineer data for clustering algorithms, understand the clustering process itself, or
validate the generated clusters.

6.1. Future Work

Due to time constraints, we could not implement and explore all the ideas and methodolo-
gies. We believe that the thesis (proposed hybrid intelligent cluster analysis model) can be
extended and further improved. Firstly, we can use humans in the loop to improve the clus-
tering algorithm. This can be achieved by using EvalClu results as feedback to modify the
working of the algorithms. To do so one can analyze the non-matching human-generated
and machine-generated cluster labels.

Secondly, we believe that creating a global perspective might increase the matching ac-
curacy of human-generated and machine-generated cluster labels. In the EvalClu, we pro-
pose to present only two clusters’ information to a human. However, we feel that if global
knowledge of cluster generation is needed for an application, the entire clusters informa-
tion can be provided to a human who validates clusters using EvalClu. This, however, might
increase the task’s cognitive load which can be further investigated by experimentation.

Thirdly we believe that feature selection techniques can be further enhanced. In our ap-
plication, we choose features based on their numerical contributions. However, we believe
that this can be further improved by using discriminative methods like TF-IDF or advanced
analytics methods like Pearson Correlation.



Appendix A

Hyperparameters and their meanings

In this appendix we explain the meaning of the hyperparameters of the clustering algo-
rithms used to generate our clusters.

* Euclidean distance similarity: It is a default measure of similarity for many clustering
algorithms. It is calculated using the following formula[58]:

d(P,q)z\/ié(%—Pi)z

* Cosine similarity: Cosine similarity measures whether two vectors point the same
direction or not[37]. It is calculated using the blow formula:

A-B

cos(@) = ———
I All2 I Bll2

e K-Means centroid initialization:

— K-Means ’'Random’ centroid initialization: "In this approach k random data points
are selected from the dataset and used as the initial centroids"[49].

- K-Means 'Kmeans++' centroid initialization: "In this approach, the first cen-
troid is a randomly selected data point, and then the the next centroids are cal-
culated from the remaining data points based on a probability proportional to
the squared distance away from a given point’s nearest existing centroid" [49].

» Agglomerative algorithm’s linkages:

— Complete Linkage: "Complete-linkage is where distance is measured between
the farthest pair of data points in two clusters"[70].

— Average Linkage: "Average-linkage is where the distance between each pair of
data points in each cluster are added up and divided by the number of pairs to
get an average inter-cluster distance"[70].

— Ward Linkage: "Ward linkage is where the distance between two clusters is com-
puted as the increase in the "error sum of squares" (ESS) after fusing two clus-
ters into a single cluster. Th next data point is chosen to minimize the increase
in ESS at each step"[57].
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Appendix B

Experiment Results
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(a) KMeans++ centroid initialization, Similarity Measure: Euclidean (b) Random centroid initialization, Similarity Measure: Euclidean
distance distance

Figure B.1: Generating clusters using Kmeans algorithm and its different hyperparameters
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Appendix C

EvalClu - Game Setup

EV,

(HUMZ

Game Goal

To validate the machine computed
clusters with respect to human
intelligence/interpretation
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C. EvalClu - Game Setup

o
a

More about data

The data set contain 8 columns and multiple rows. The first column
displays the ‘Division' number.

The remaining columns represent the total amount (normalized

percentage) against an RGS and GLAccount_type. For example, A
column 'Expenses_OtherCosts' represents "Amount booked against
RGS WBed which refers to Expenses, and general account type 727

which refers to 'Other Costs' account”.

The column 'Miscellaneous'represents the amount against a mix of
multiple RGSs and General Account types, that were not very
significant contributors in terms of booking amount.

Each row displays the amount booked by the respective 'Division’
during 2018 and 2019 per RGS and General Account type.
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Information 2 - Cluster Statistics (Illustrating the
mean and standard deviation of each of the given cluster

against each feature)

s The statistics presented below inform one about the range of normalized
amounts against each feature.

* For example, the table below indicates that for the given cluster the highest
amount will be mostly associated with '‘PVSales_CostOfGoods' and the other
features have comparatively lower amounts booked against them.

Values OtherCosts | Expenses_Sales | Expenses_General | PvSales_CostOFGoods | PVSales_OtherCosts | Personnel_EmployeeCost | Miscellaneous
Mean 9.767434 16.724767 4.279855 59.890732 0.540315 2.263679 6.420401
Std 12.059103 15.655542 10.986704 18.323699 4.041032 6.132527 8.610019

Expenses Sales I Expenses_General
5

2196261 a3

1918276 o
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feel that the data object
belongs to none of the
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All data samples has a @
cluster label
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Incentive

Second highest
matching percentage
of machine vs human-
generated labels

up to 50 euros meal

reimbursement
up to 30 euros meal

reimbursement



Appendix D

EvalClu - Input/Output Interface

Infermation: Cluster 0

Division
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