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Abstract 
In a consumer-centric business world, innovation is derived by identifying customer needs, and 

is therefore of crucial importance in marketing and product/service development. Despite this 

fact, it is still a challenge to identify valuable customer perceptions.  New innovations most often 

fail, and there is reason to continue to locate new ways of gathering usable data. 

Established ethnographic and anthropological research methods have traditionally been 

concerned with qualitative and quantitative data gathering, conducting interviews, doing surveys, 

mapping customer journeys, etc. Bus as the amount of data increases at an exponential level, and 

consist of highly repetitive and often hard to grasp information, these methods are no longer 

sufficient. 

Researchers concerned with CRM & algorithm design/data mining have been trying to cope with 

this matter by using algorithms to make sense of large amounts of data, but these studies have 

mostly been conducted from an algorithm engineering standpoint, where model accuracy and a 

comparison of the performance of different known algorithms, have been of prominent 

importance. 

This report proposes a comprehensive literature review, covering a broad examination of the 

foundation for designing Artificial Intelligence, a definition of customer needs and customer 

relationship management, and which type of algorithm and research design have previously been 

used within data mining and customer relationship management. This research design has been 
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chosen in order to gather a broad understanding of the field, and thereby seek for new methods to 

identify a state-of-the-art way of gathering customer needs using deep learning and big data. 

 

This report finds that only very few research papers within CRM and data mining has used the 

possibilities of deep learning and big data to develop models capable of identifying customer 

needs. And no studies have yet to build completely autonomous interactive agents in anticipation 

of gathering customer needs. Further, based on the findings of this report, a suggestion for how 

such a framework could be build, is presented.  

Introduction 
In ancient times, all the way back to before the industrial revolution, the shoemaker knew all 

about his customers. He knew their shoe-size, financial budget, family, and perhaps even personal 

issues. In short, he knew what his customers needed. Direct sales where forming the market at the 

time, and the ability of the shoemaker to form personal relationships, where crucial for the long-

term success of his store. The shoemaker knew that forming healthy long-lasting relationships 

with his customers would make them come back again and again (I. J. Chen & Popovich, 2003).  

As the shoemaker was replaced by a shoemaking machine, and direct sales where replaced with 

large scale production and mass marketing, customers where, in the big picture, downgraded into 

being no more than a simple order number. As a result, companies quickly lost track of their 

customers individual needs and further, customers lost their former close relationship with the 

stores as well.  Economies of scale and scope and mass marketing became the main parameter to 

compete within, as the focus of the marked shifted from customer-centric to product-centric.  

Mass marketing went on for quite some time, until in the mid- 1980s, where telemarketing, and 

advertising though direct mail, allowed companies to target a specific segment of the public. They 

often did so by using computer systems capable of both segmenting and measuring success. 

Worth mentioning at this point in time is that a three percent response rate where generally 

considered a success (Ling & Yen, 2001).  

Although, mass marketing and telemarketing and mass production has not vanished, fare from it, 

companies are trying to re-establish the individual connection with their customers and produce 

the products and services they demand, instead of developing a product within the company and 

afterwards try to market it. This was the beginning of an area in which computation, marketing 

and innovation where tied closely together. 
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These days, innovation and marketing are fused together. At the very core of a modern company 

lies the development of new products/services, with the intention to maximize customer utility by 

the use of customer perceptions. This approach is used to stay innovative, and preferably one step 

ahead of competitors at all times, in a globalized world full of customers with increasing and 

diversified habits and needs. Companies are therefore constantly looking to retrieve as much 

usable customer information as possible, in order to generate future growth, and hopefully lead 

to a competitive advantage (Witten & Frank, 2005).  

This has made companies shift their focus from a product orientated strategy, where a product is 

produced and then marketed, back into a consumer-centric strategy in which the customers are 

asked what attributes they would value within a new product, before the service/product is 

designed. This innovation strategy has been associated with the pace of the modern world, and it 

is now possible to get a master in innovation. But truths to be told, most innovation initiatives 

still fail, some reports even estimate that around 90% of all innovations fail (Ulwick, 2005). 

Building a true customer-centric strategy, capable of driving profitable innovation, has therefore 

proven to be tough for many companies (Berry & Linoff, 2004). 

 

In this customer-centered service-orientated economy, Ethnographic and anthropological 

research has traditionally been conducted by using both quantitative and qualitative methods in 

order to understand these customer needs. 

Traditionally, the process of gathering such data required numerus skilled professionals to collect 

and eliminate unusable and repetitive data, and code the remaining useful part. But as the 

databases kept getting bigger and companies had gathered gigabytes of unstructured customer 

data, characterized by being highly repetitive and hard to make sense of with a human eye, these 

methods proved no longer to be useful. 

These circumstances set the stage for a data mining era, in which algorithms and machine learning 

where used to classify, cluster, associate and predict based on data gathered at all customer touch 

points. These methods often used supervised learning and could be seen and characterized as 

being advanced statistical processes.  

Within data mining, skilled professionals are still needed, but much less in the collecting and 

analyzing part. Most of the work is done by the algorithm/performance element within the AI 
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model. Researchers just have to make sure that the right type of data is fed into the algorithm, and 

that they have coded the model to perform the wanted task.  

With the rise of enormous databases, sometimes hundreds of gigabytes, also known as Big data, 

a further evolvement of these techniques has become possible. It is now within reach to 

successfully train these models into acting, and learning to solve problems by them self, also 

called by the name of machine learning. These databases seem to continue to grow and some 

researchers even predict the amount of data to double every 20 months (Witten & Frank, 2005). 

“We are living in the information age” A frequent statement readers will often meet in 

introductions to scientific papers and academic books. Although, it might be hard to argue against, 

one could add that we are also living in the data age (Jiawei Han, Micheline Kamber, 2012).  

 

Although, a lot of companies are struggling with figuring out how to make sense of all this data 

(Ernest & Young, 2018), and the new possibilities lying within, it has never been easier to get 

started. The enormous amount of available data combined with easy access to heavy GPU 

processing power, has created unique possibilities for companies which could derive maximum 

advantage from being able to process and make sense of large amounts of data. 

Services like Amazon web servicesI, or a $70 Nvidia GPU from eBay, allow the user to rent very 

fast and expensive machines for just a few dollars an hour, or buy a graphic card which is capable 

of working miracles, compared to just a few years back, with just one night of running. But in 

order to put these large amounts of data to use, companies must understand how Artificial 

intelligence (AI) and machine learning could be used in their specific situation.  

Artificial intelligence seems to be the new buzzword within the world of business. Social media, 

blogs and direct email courses are flooded with free “How to get started with AI” e-books, and 

other material to help getting started with machine learning. In a survey, done for Microsoft, 80% 

of the AI leaders around Europe expect AI to empower employees in the near future but only four 

percent are actively using AI for advanced tasks (Ernest & Young, 2018).  

As the field is constantly evolving, user-friendliness seems to be almost improving every month. 

At the time of writing, pages like Scikit-learnII and TensorFlow by Goggle, provides all the tools 

needed to perform machine learning, potentially, getting a model accuracy of 90 to 95 percent 

                                                   
I https://aws.amazon.com/hpc/ 
II https://scikit-learn.org/stable/ 
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each time with the default parameters. This accuracy is of course not good enough to build self-

driving cars or diagnosing people within the medical industry, but other industries might find the 

percentage to be more than enough, as they would still be able to add some supervised learning 

as well. On top of this, only basic programming skills are needed for this level of accuracy.  

 

These premises make lower level AI ideal for fields like CRM and other business-related areas, 

in which a 95% accuracy might be more than enough, as people would still have the possibility 

of applying some supervised learning as well. As mentioned above, the study of CRM, a field 

engaged in strengthen their customer relationships by the use of data mining techniques, has 

already been using machine learning and algorithms for quite some time, but an optimization of 

the tools used within the field might be needed in order to incorporate all the new possibilities.  

 

This paper uses qualitative methods to collect secondary data in the form of a comprehensive 

literature review, in order to develop an Autonomous interactive Artificial agent with the purpose 

of identifying customer needs. 

This report seeks to gather a foundation for designing an artificial agent, define customer needs 

and how they are managed within CRM, and investigate which types of algorithms have 

previously been used to gather customer needs.  

 

It will do so by asking the following question: 

How can autonomous interactive artificial agent be 

designed to identify customer needs, using deep learning 

and Big Data? 

 

This report finds that in order to design an interactive intelligent agent, capable of acting 

autonomous, and identifying customer needs, it must first be trained with Big data, and  

 

Further, the study identifies a lack of autonomous interactive agent being designed with the CRM 

field, and the report has therefore proposed a framework to develop one.  

 

Literature 

available: 
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Knowledge and best practices are constantly changing within the field of data-mining. This might 

result in some of the methods and literature being outdated, and newer more clever techniques 

might be used instead. Although it is believed, that the big picture and the conclusion of this paper 

will remain relevant for years to come. It should also be noted that the author of this report is not 

a computer scientist, and it can therefore not be ruled out that some of the presented methods 

could have been done in a smarter or faster way, although it is not believed that this matter affects 

the overall conclusion of the report, nor the usefulness of the framework.  

 

The paper begins with a literature review presenting, analyzing and classifying academic articles 

and books within the field of AI, CRM, and DM methods. It starts off identifying how 

autonomous interactive intelligent agents are designed, and continues with an examination of 

customer needs and how they are managed within CRM. Further, it presents some of the most 

important data mining techniques which have been used within CRM with the purpose of 

identifying customer needs.  

Based on the findings from the literature review, the results section presents a method to design 

an intelligent artificial agent capable of acting autonomously and interact directly with consumers.  

Methodology 
This report has been conducted within the field of social science, and seeks to generate objective 

knowledge through a logistic positivistic view. Although, the writer of this report acknowledges 

that some understanding though interpretation could not be completely ruled out, but it is not 

believed to affect the overall conclusion.  

The study uses an explanatory research design in order to explain how a particular artificial agent 

can be designed to perform a specific task. 

 

The study is carried out using a deductive approach by designing the framework of the paper 

around a comprehensive archival research. The review has examined literature within Artificial 

intelligence, Customer relationship management, general marketing and academic articles 

concerned with solving business problems by the use of artificial models.  

 

From a meta research perspective, this report has systematically evaluated and summarized a 

number of articles and theoretical books, all within the theme of Artificial intelligence, data 
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mining and CRM. Differences and similarities have been conducted and compared in order to 

estimate precise knowledge and identify a potential gap within the literature. Covering databases, 

representing several different disciplines, an interdisciplinary insight into topic-related literature 

have been gathered. A search for historical content concerned with AI have been conducted in 

order to provide a comprehensive understanding of the field (an examination of the methods used 

to gather the literature is provided in the upcoming literature review).  

 

The literature review acts as the entire basis of the research, and the study thereby only makes use 

of secondary data. This choice of research design has been made in order to gather a 

comprehensive view of the field, and, most importantly, gather information on how established 

methods within the field have been used to solve business problems within CRM, and then present 

a suggestion to a framework of an artificial agent, which could help provide direction to future 

studies within the field.  

The earliest research design of this was meant to add some primary data by performing a search 

looking for companies, which might already be using these types of agents within their innovation 

and marketing strategy as part of their customer relationship management, but it the was not 

possible to locate any firms situated in Denmark who were willing to share their methods.   

The author is therefore aware of the disadvantages arising when only using secondary literature, 

in this particular occasion, the fact that all the examined studies and methods have not been 

designed particularly for this report and the opportunities for analyzing these studies in depth 

might not be ideal.  

Despite these issues it is believed that the importance of this paper outperforms these uncertainties 

and challenges.  

The study uses a mixed method of analysis as it provides a descriptive analysis of the available 

literature within the field of AI and CRM, based on answering three posed research questions, 

interpretive the findings, and use them as a theoretical standpoint in the answer of a chosen 

research problem.  

Literature review 
The following literature review is organized as an integrative review in which theoretical, 

empirical and non-empirical studies are used to provide a comprehensive interdisciplinary view 

of the chosen topic; Identifying Customer Needs using Deep Learning & Big data. The topic is 
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not yet academically defined as a singular field, but instead borrows from topics the three 

relatively mature topics, Artificial intelligence, data mining and customer relationship 

management.  

The following review has therefore augmented the boundaries of the integrative review by 

introducing part of a historical review as well. The purpose of this augmentation is to generate a 

general understanding of AI and using this as a foundation before diving into customer 

relationship and data mining. 

The integrative literature review is defined as a distinct form, contributing with valuable new 

information by identifying existing literature, analyze and synthesize their findings based on a 

proposed subject (Torraco, 2016). The purpose of this literature review is to search for ideas, 

theories and understandings of the above-mentioned branches and combine these findings into a 

synthesis model. The model will act as a methodological framework to be used in designing 

agents capable of identifying customer needs and discover potential gaps within the literature. 

The integrative method has been chosen in order to contribute to existing literature with a new 

combined set of ideas for the agent designer to consider. Further, the study should support the 

new emerging topic of Agent design and big data. The author is aware of potential bias as a 

specific position is taken in order to examine literature from different fields and combining ideas 

into a new topic. Despite this, a neutral representation of the material is attempted, although, some 

position taking cannot be completely ruled out. It has not been possible to locate a similar review, 

where this particular method and academic fields have been used.  

 

This review will critically examine and analyze more than 50 academic articles and theoretical 

books with the purpose of answering the following three questions:  

 

Q1: What is the foundation for designing an autonomous 

interactive artificial agent? 

Q2: How can customer needs be defined and identified? 

Q3: Within the field of CRM, how have artificial agents 

previously been designed? 
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Research methods 
It would be quite difficult to categorize a search looking for DM, AI and CRM related articles 

located within just a few journals. Although the obvious common theme seems to be marketing 

& AI, the interdisciplinary character of the fields demands a much broader search. The search 

was therefore conducted based on a database search using keywords instead. Some of the most 

prominent databases where: 

 

I. Science direct Journals (Elsevier) 

II. Directory of open access Journals (DOAJ) 

III. SpringerLink 

IV. Wiley 

V. Taylor & Francis Online Journals 

 

Further, the articles where published in above 30 different journals, spread across several 

academic disciplines. 

The keywords used to perform the search where chosen on the basis of the examined theoretical 

Artificial intelligence and Data mining books and adjusted along the way. For Q1, the search was 

carried out through Google scholar, the databases mentioned above, and physical material 

available at the library of Copenhagen business school. The keywords: Artificial intelligence, 

Machine Learning, Algorithm Design, Agent Design, Interactive agent, Autonomous agent and 

Datamining where used separately. The books where chosen based on their citation count, 

availability and date published. Newer books where ranked higher then older. With Q2, Customer 

Needs, and Customer Relationship Management, where chosen as keywords and searched for 

based on the same criteria as Q1. The data for Q3 was gathered through the use of Customer 

Needs AND an algorithm keyword, Consumer Needs AND an algorithm keyword, Customer 

Relationship Management AND an algorithm keyword, and Customer AND an algorithm 

keyword. The final algorithm keywords, Fuzzy methods, Neural networks, Linear regression, 

Logistic regression, Support vector machines, K-Nearest neighbor, decision trees, and deep 

learning, where located within the theoretical books and adjusted along the way.  

The search generated well above 500 results in total, not all well suited for the purpose of this 

exact paper. The search where therefore adjusted and filtered based on the following criteria: 
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I. Conference papers, working papers, withdrawn articles, and articles where the English 

spelling and general writing skills jeopardized the reliability and credibility of the paper, 

were eliminated. 

II. Only the articles which were clearly concerned with answering one of the three questions 

where used. i.e. titles which clearly had nothing to do with the topic where dropped and 

if one of the keywords where not present in the title, the study would have to mention one 

of the keywords within the title or abstract or else they were dropped. 

III. Papers written in other languages, or where only the abstract were written in English 

where dropped.  

 

After applying these sanctions, roughly 200 books and articles remained. In the further 

segregation process, the time period was limited to 2004–2018, although, articles preceding these 

years have in some occasions been used, when an historical approach has been relevant. These 

brought the amount of material down eight theoretical books and academic articles, and 46 

academic articles specifically concerned with CRM and data mining techniques.  

 

The segregation process where followed by a classification procedure, where the located material 

where based into two tables, one for the academic articles specifically concerned with customer 

needs and datamining, and one for the theoretical books and the rest of the articles. 

 

The datamining articles where classified based on their CRM-dimensions, data modeling, and the 

specific algorithm used, and the books where ranged according to their theme, strengths and 

weaknesses. The article classification method where chosen in order to generate a systematic 

insight into how specific techniques have been used to solve specific problems within the field.  

First in the process, the abstract and conclusion within the academic papers where carefully read. 

If it was not possible to locate the type of algorithm, purpose and theme within these two sections, 

the rest of the particular paper was examined. 

The theoretical books were used very early in the process of writing this report in order to gather 

a comprehensive understanding of specific terms and names. As some of the books are well above 

1000 pages and others above 500, specific areas, which were thought to be relevant in relation to 

the specific topic where chosen. The remaining chapters where not read all the way through. 

(Chosen chapters are specified in table 2).  
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Analysis: 
The examined literature can roughly be divided into two groups. (1) educational textbooks and 

articles often providing a rather comprehensive overview of what is already known within the 

field, and (2) Academic articles pushing the boundaries of what is known by testing artificial 

agents on a new type of data and research problem, or combining algorithms, testing whether a 

hybrid model outperforms an individual.  

The following question investigates how an autonomous interactive agent could be build, by 

examining material from group one. To answer the following question an examination of the 

different types of existing AI is provided, and afterwards, an introduction to the different types of 

existing agents and how it is designed is provided. The report finds that for the agent to act 

autonomously/act on its own without interference from the designer, it must be able incorporate 

a learning element and tie this learning element to the performance element. To interact with 

human agents perfectly it must pass the Touring test, and to be intelligent, it must be capable of 

acting rational. 

 

Q1: What is the foundation for designing an autonomous interactive intelligent 

artificial agent? 
Artificial intelligence (AI), is first defined and accepted as an academic field in 1956 at a 

Darmouth conference held in the United States. The general idea, as it was printed in the official 

program at the conference suggests that the field should be based on the hypothesis John 

McCarthy had developed one year earlier: 

“To proceed on the basis of the conjecture that every aspect of learning or 

any other feature of intelligence can in principle be so precisely described 

that a machine can be made to simulate it”(McCorduck, 2004; Moor, 

Minsky, & Shannon, 2006; N. J. Nilsson, 2009) 

This definition was later seen as being more than optimistic, and scientists are still struggling with 

figuring out how humans actually think. 

 

Later, a proposed definition by computer scientist Elaine rich (1983) sums up how the ultimate 

goal have been to replace specific human actions with artificial intelligence: 
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Artificial Intelligence is the study of how to make computers do things at 

which, at the moment, people are better  

According to (Ertel, 2017) , the quote describes perfectly what scientists have been doing and 

probably will continue to be occupied with for many years to come, but also shines light on the 

different types of science and generated knowledge needed in order to make computers undertake 

human tasks.  

The quote precedes a framework presented by (Russell & Norvig, 2010), in which they take this 

definition by Rich (1983) a bit further and distinguish between four different types of research 

areas where scientists have been trying to make computers do things, humans, at the time of 

research, were better at: (1) Human acting AI, (2) Human thinking AI, (3) Rational thinking AI, 

(4) Rational Acting AI.  

One and two are measured towards human functions and standards, and share basic theories and 

knowledge with relative empirical fields such as – Cognitive Science and philosophy. AI studies 

that belongs to group two and three are measured towards how rational they are capable of acting.  

 

This framework presented by Russel and Norvig (2010) is unique and not found anywhere else 

within the examined literature. To dive deeper into what an agent should be capable of in order 

to be considered, autonomous, intelligent and be able to interact with human agents, the 

framework is used as a guidance to present different theories and hold them against each other.  

 

Human acting AI 

Russel & Norvig (2010) uses a statement by (Kurzweil, 1990) to define the discipline. He states 

that human acting AI is the study of machines which performs tasks that would require humans 

to use some kind of intelligence in order to succeed.   

The study of Ai that acts humanly is highly associated with the Touring Test, develop by Alan 

Touring (1950). The test is concerned with designing a machine, which after answering questions 

posed by a human, are able to make the human believe that s/he is communicating with another 

human being. Basically, the Touring test is designed to answer the question “How can we decide 

whether a machine is intelligent or not?” and allows for almost all the different branches of AI 

studied today to be in use. (Russell & Norvig, 2010) list the following skills a machine must 

master in order to pass the touring test: 
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I. Communicate in a human way in a given language 

II. Being able to store what is has learned and register new knowledge 

III. Use known information to answer questions 

IV. Adapt to an ever-changing world and recognize patterns 

V. A way to sense objects 

VI. Being able to manipulate objects 

 

The text by Touring (1950) further reviews that if a machine is capable of behaving exactly as a 

cleaver as a human being, then the conclusion must be that the machine is as clever as a human 

being.  

 

The touring view has been challenged by a complimentary test called the “Chinese Room” 

(Searle, 1980). Searle is questioning the parameters set up by Touring to determine whether a 

machine is intelligent or not. The test sets up a scenario in which a computer receives Chinese 

characters, runs them through a written program and sends out answers that are so good, it is 

capable of passing the touring test.  

John Searle puts himself in the positions of the computer and asks if he was to translate a Chinese 

question into English and then translate his English answer into Chinese before outputting the 

result, would he be understanding Chinese? his conclusion is that nor the Computer or John Searle 

would understand Chinese, they would just simply be translating the words.  

Although a lot more research needs to take place in different academic fields before the dream of 

human AI is realized, some scientists are trying to create robots who will act and think as close 

to humans as possible. Depending on the business case, these robots are meant to affect humans 

in some way, ex. social humanoid robots are built to help people with tasks they are no longer 

capable of performing, or simply induce the self-transcendence of people (Mossbridge et al., 

2018). 

 

Whether the touring test would actually prove a machine to be intelligent or just simply being 

imitating a human, as John Searle is suggesting, it provides important information regarding what 

a model should be capable of doing if it were to interact with a human agent on equal terms. In 

order to be interactive an agent must be able to communicate in English, being able to learn based 

on what it experiences, and store that learning. Depending on which environment the agent acts 
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within it must therefore be able to speak or write in English and base its answers on stored 

background knowledge, but also be able to learn in a moment and respond.  

 

Human thinking AI 

Bellman (1978) defines human thinking AI as a study of how human processes such as – decision-

making, problem-solving, and learning could ne automated (Bellman, 1978).  

Russel and Norvig (2010) implies that before human processes can be fully automated, scientists 

must be able to explain how humans actually think.  

 

Although, a complete modelling and understanding of the brain has yet to be developed, and still 

seems to be an inexplicable task (McCorduck, 2004), behavioral scientists of philosophy, 

psychology, neuroscience, and the interdisciplinary field of cognitive science are trying to 

understand the brain through psychological experiments and observations (Russell & Norvig, 

2010). These studies are done by either using a subjective method called introspection, where 

people try to reason about a specific subject, or more objective methods in which the conduction 

of scientific experiments, and measurement of the results are in focus. (Russell & Norvig, 2010). 

 

Russel & Norvig (2010) and Ertel (2017) sees cognitive science as being especially relevant to 

human thinking AI. 

The field was first defined in 1956, just two months after the birth of AI, and has contributed to 

the evolvement with prominent researchers who would perform studies within both fields, and 

thereby develop knowledge relevant for the AI field as well. 

 

The specific cross boundary studies done by Newell and Simon and Mculloch & Pitts, are both 

mentioned by Russel & Norvig (2010) and Ertel (2017) as important points in the history of AI.  

 

Already in 1943, McCulloch and Pitts presented the idea of building artificial intelligence based 

on the functionality of a biological neuron. Basically, the model is formed as a bunch of connected 

neurons, which receives an input, processes that input through the network of neurons and at last 

produces an output. The network was called a neural network, and has had a great revival within 

the past few years because of deep learning more on this in question three. 
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Further, Newell and Simon, (1956) contributed with a program which was called, The logic theory 

machine (Newell & Simon, 1956). The program was designed to mimic the human problem-

solving thought process. And afterwards, the computer process should then be compared to the 

human process in order to improve the model (N. J. Nilsson, 2009). The study contributed with 

several concepts, still relevant in the understanding and building of AI today. Especially important 

is the information processing language, Search Trees, and heuristics. 

 

Information processing language (IPL) 

IPL was one of the first languages capable of transforming structures into symbols understood by 

the program/computer. Computers understand symbols and lists of symbols, therefore, before a 

given problem can be solved, the researcher must transform and break down the problem into 

symbols understood by the computer. Today, there are many ways of doing this, but one of the 

simplest ways is to break down the information into a list or a list of lists. With a simple problem 

as the eight puzzles, where the objective is to numerically align the numbers, a list of three sub 

lists would act as a starting point (N. J. Nilsson, 2009):  

 (p.34). 

Now the program understands the current position of the tiles within the eight-puzzle game, and 

is, with the right programming, capable of finding the solution to the problem. In this case: 

 

Search Trees 

Search trees are basically trees containing an exponential number of branches, each provided with 

a potential solution found via the rules of logic. The number of branches grow as the problem to 

be solved becomes more complex. The tree starts off with a random order of the numbers, called 

the start state (Russell & Norvig, 2010), and works its way down until it locates the right 

combination (the goal state). (The method is further explained in question three) 

 

Heuristics 

As the search tree continue to grow exponential, rather complex problems becomes impossible to 

solve. A set of variables/rules are therefore needed to steer the three in the right direction. A 

heuristic search is basically a search which knows whether one stop at the tree is more or less 

likely to lead to the goal. This discovery lead to what later became heuristic programming, where 

((2, 8, 3),  (1, 6, 4),  (7, B,  5)) .

((1, 2, 3),  (4, 5, 6,)(7, 8, B ))
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unique heuristics where created, targeting the specific problem to be solved. These heuristics 

where a big part of the whole AI Game Area beginning in the 1960es (N. J. Nilsson, 2009) an AI 

area which have seen great public attention because of two important peaks. The IBM computer, 

Deep Blue, beating the Chess world champion in 1997 and more recently Googles victory in the 

game of Go, a game where creativity is a prominent factor (Silver et al., 2016).  

 

As artificial agents are not capable of acting exactly as a human just yet, neither are they capable 

of thinking like humans, but to build an agent capable of interacting and do so autonomously, it 

must at least be able to simulate human decision-making. This can be done by incorporating 

Neural networks, capable of mimicking biological neurons, and by transforming words into a 

processing language the computer is capable of understanding. Further, as a human can learn how 

to choose the shortest way from A to B, based on experience, so can a computer by mimicking 

problem-solving using search trees and heuristics.   

 

Rational thinking AI    

AI capable of thinking rationally is laid out by Winston (1992) as being: 

“The study of the computations that make 

it possible to perceive, reason, and act.”(Winston, 

1992) 

 

This argumentation by Winston has roots in the study of the rational mindset and dates all the 

way back to the ancient Greeks, where Aristotle proposed the idea of an argumentation form 

called syllogism.  His simple logic statements, described by the system – 1. All B’s are A’s 

(STATED), 2. All C’s are B’s (STATED), 3. All C’s are A’s (RESULT) (N. J. Nilsson, 2009) 

allowed humans to express in words how they would reason in a given situation and provided a 

system where conclusions could, in theory, be computed (Russell & Norvig, 2010). The 

assumptions put into the system would obliviously have to be true, if the system should have a 

change of functioning properly (N. J. Nilsson, 2009).  

 

This mindset was the underlying idea for the logicians in the 19th century. The Logicians tried to 

develop a system, which could solve any problem by logic. Although, such logic solving 



 

 18 

programs exist today, and all problems are, in theory, suitable to be solved by logic, doing so in 

practice is a whole other story. Even the modern computers of today would run out of memory if 

they just tried to solve a problem with a few hundred facts. Some kind of human guidance is still 

needed (Russell & Norvig, 2010).  

 

Besides being a field of its own, the logic-based approach to develop AI is deeply rooted in the 

science of philosophy. The understanding of Philosophy has contributed with concepts which 

have allowed the field of AI to design systems based on human beliefs, a way to reason based on 

specific tasks and a plan, based on performing specific tasks (McCarthy, 2006).  

These concepts have shaped the foundation of the logic-based approach to AI, and has further 

offered terms such as – action, developing goals, knowledge, belief and consciousness, all which 

are crucial in explaining the process of designing some sort of logic-based Artificial intelligence. 

Where philosophers have historically been more concerned with defining these concepts, ex. 

What is consciousness? what is a goal? the field of AI is more concerned with using these terms 

as modules in a given design process, providing both direction and a clear design structure 

(McCarthy, 2006).  

 

A key problem within both philosophy and rational thinking AI, is concerned with clarifying and 

fully understanding how common-sense work and what types of knowledge it can contribute with 

in terms of both understanding the human brain and developing more efficient AI. Logic-based 

AI is dealing with the fact that when a computer or human is using common-sense it will always 

be a representation of a partial understanding of the world. This situation forces machines (and 

humans for that matter) to make use of what McCarthy (2006) calls ill-defined concepts. This 

means that ill-defined knowledge is used to perform some kind of action and AI scientists are 

therefore highly concerned with how actions are justified within the human brain. Aristotle has 

again contributed with an explanation, by assuming that actions are being justified by a logic 

connection between what has been set as the goal, and how agents predicts the outcome of its 

actions. (Russell & Norvig, 2010).  

 

When designing an artificial agent to be able to respond intelligently in a given situation it must 

be able to perceive reason and act. In order to do so, it must be given a specific task and a goal it 

should reach. The agent must then be able to, through logic, figure out how it could reach that 
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goal in the most efficient way possible. and it must be able to act within a world where it does not 

know all the answers, and still be able to make a satisfying decision. 

 

Acting Rationally: Artificial Agents 

“Computational Intelligence is the study of the design of intelligent 

agents” (Poole, Mackworth, & Goebel, 1998) 

Instead of trying to build Artificial agents that acts and thinks like humans, focus could also be 

on building AI which not only thinks rationally but also acts rational in a given situation, i.e. does 

the right thing based on what it knows at a given point in time.  

Russel and Norvig (2010) put emphasis on naming this type of AI, Rational agents, although other 

authors just calls them intelligent agents (Ertel, 2017; N. J. Nilsson, 2009) 

 

Using the intelligent/rational agent as a starting point would avoid the problems of needing to 

fully define the fuzzy conceptions of human behavior and thought, and would allow the agent to 

reach a conclusion even if it is not completely rational. Sometimes, there will not be an obvious 

right thing to do, but the agent will still have to make a choice and act upon it. An example could 

be found with Reflex agents, which are very simple agents that basically sense something and 

immediately acts upon it. These agents involve no “cognitive rational stage” but could still be 

considered rational ex. when someone accidentally touches the stove and instantly snatch away 

their hand (Russell & Norvig, 2010) (Reflex agents are further elaborated on in the upcoming 

section).  

 

The idea of people being able to make rational choice are also studied within the science of 

economics. It is mentioned by the neoclassical economists, Adam Smith, William Stanley Jones, 

among others, and is based on the general idea that people will always make choices capable of 

maximizing their utility (Roeser, Hillerbrand, Sandin, & Peterson, 2012). Rational choice 

theorists within economics and other related areas are not interested in where the desired outcome 

has its roots, more in the process of people picking one alternative by means of others. A rational 

agent is expected to do the right thing or at least to end up with the best possible outcome. In 

practice, it is often very difficult to obtain perfect rationality when designing an algorithm. Even 

considering the computer power available today, complex problems would still require a walk-

through of a huge amount of issues before, in theory, being able to make the most rational choice. 
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Russel and Norvig (2010) sees opportunities in using the rational agent as a basic for scientific 

development, as rationality within a known environment could be computed mathematically. 

Their standpoint is that human behavior and human thinking is simply not known classified 

sciences, and would therefore have to be developed further before they could be used as a starting 

point. 

 

As the fields of human AI have been hard to grasp and hard to see what it could be used for in its 

current state, the majority of scientists have for some time primarily put emphasis on developing 

improved versions of rational agents which are particularly good at performing a specific task. 

These tasks include – picture recognition, driving a car, playing the game of GO, recognize speech 

and writing, etc. But that shift might be turning, as prominent scientists have suggested that focus 

again should be turned towards developing human-level AI, even though it would require even 

larger databases than the ones available today (Beal & Winston, 2009; McCarthy, 2007; Minsky, 

2007; N. Nilsson, 2005) 

When it comes to designing an intelligent agent, that agent would only be intelligent if it would 

be capable of acting rational. It should be capable of providing the best possible answer based on 

what it knows at a given point in time and come up with an answer even though there might not 

be a right thing to do in the particular situation. But as it is not possible to run through every 

possible solution before deciding, it must be guided to make decisions that are “good enough” 

 

The preceding section elaborated on the broad terms an agent designer should consider when 

designing an intelligent agent, capable of mimicking human behavior and cognitive abilities. The 

following section is a little more concrete and presents the agent structure and a way to analyze 

the environment surrounding it. 

 

Environment 

Before starting to design any type of agent, the designer must define the task environment (also 

known as PEAS) for which the agent should operate within. The task environment consists of a 

description of how agent performance should be measured, a description of the environment 

surrounding the agent, and what should be used as actuators and sensors. (Russel & Norvig, 2010) 

A research would therefore have to be conducted, before the design of the agent can begin.  
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As performance measures and what to be used as actuators and sensors are often determined by 

what type of environment the agent acts within, it makes sense to start with defining and 

describing the surrounding environment. Based on whether the sensors are capable of observing 

everything it needs, to come to a rational conclusion, or only parts of it, the environment can be 

either partly or fully observable. further, the environment is deterministic if the state of the 

environment is completely determined by the action of the agent, and stochastic if it is not possible 

to predict everything happening in the environment. The environment is considered static, if time 

or environmental change does not affect the performance of the agent, or dynamic if the 

foundation of which the agent makes its decision, could potentially change at any point in time. 

Stochastic and partially observable environments are considered uncertain, and a lot harder to 

deal with for the agent than deterministic and fully observable environments (Russell & Norvig, 

2010).  

 

Decisions can be both episodic, where each action is treated as an individual happening, or 

sequential in which the action chosen could have consequences in the upcoming choices to be 

made. The distinction between discrete and continuous states is concerned with time, percepts & 

actions. If the values are changing over time they are thought of as being continuous, if they are 

static, they are thought of as being discrete. Environments can be both known and unknown to 

the agent, depending on what it has explored, not to be confused with the fully or partially 

observable environment. The environment can be fully observable to the agent but still, the agent 

might not have explored that environment yet, which makes it unknown.  The agents have to 

decide whether to treat objects within the environment as either agents or simple objects acting 

by the laws of physics. If an object is trying to maximize its performance measure, it should be 

considered an agent (Russell & Norvig, 2010).  

When training the agent in complex environments it should be introduced to several environment 

classes, in these cases, an environment generator can be used to select a specific environment 

within an environment class (Russell & Norvig, 2010).  

 

Agent structure  

The definition of an artificial agents is pretty much agreed upon in the examined literature, 

although Russel and Norvig (2010) insists on naming them Rational agents where Ertel (2017) 
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and others calls them artificial intelligent agents. This paper abducts the name, artificial agent, as 

the majority of the examined literature used that definition. 

  

An intelligent agent is basically a unit, which processes information it receives from an input and 

use that information to produce some kind of output. (Ertel, 2017) The Agent perceives the 

environment using sensors and acts on the information using actuators. A human agent uses eyes, 

ears and nose as sensors, and hands, legs, vocals, etc. as their actuators, (Russell & Norvig, 2010). 

A software agent (software program, such as Word, operating systems or almost any other 

computer program) might use mouse and keyboard as sensors and the computer screen as an 

actuator (Ertel, 2017). How an agent chose to solve a problem is defined by its percept sequence, 

described as being the sum of everything the agent has ever perceived, and maps this percept 

sequence to a specific action using an agent function. This agent function will be implemented 

within the system of the agent by using an agent program (Russell & Norvig, 2010).  

 

To judge whether the agent has acted is a satisfactory way, some kind of performance measure is 

needed, and the goal for any agent should be to maximize that expected performance measure, 

and thereby act rational. Sometimes the agent needs to gather information or explore the world 

before being able to do the rational thing, this means that the agents needs to be able to learn and 

store what it has learned, and will thereby avoid making the same mistake over and over again. 

In order to fulfill this goal, the agent should be capable of acting autonomously without the 

interference of its designer. (Russell & Norvig, 2010), and in order to do so the problems it should 

solve must be specified in a meaningful way. 

 

To design the structure of an intelligent agent the designer must therefore consider which type of 

information it should receive from the input, what it should use as sensors and actuators, how the 

percept sequence should be trained, which type of agent program should be used to determine 

what actions the agent should perform, and what the performance measure should consider to be 

a satisfying result. If the result of a given action is not satisfying the agent should be capable of 

learning from its mistakes. 
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Agent Program Design 

The above section considered the environment and structure of an agent, the following is 

concerned with how an agent program is designed.  

 

Generally, the agent perceives percepts, using sensors, from a proposed environment, use them 

to generate a satisfying result, and send those results to the actuators. The intelligent agent assigns 

a score to each of the different possible directions available, in order to decide how it will get to 

the destination in the most sufficient and satisfying way (Russel & Norvig, 2010).  

 

Russel & Norvig (2010) outlines Four basic types of Agent programs, which is in general used in 

most work done by intelligent agents. A fifth is also introduced to describe how the agents could 

be turned into learning agents. 

 

Simple reflex agents 

Reflex agents are called so as they work similar to human reflexes. They have no memory and 

can only base their actions on the current percept. The function of this agent is based on the 

condition-action rule. The sensors sense how the environment/condition looks at the very moment 

and decides on what to do based on the condition-action rule. Ex. If a self-driving car is set to 

break when it discovers a red light from the car traveling ahead, the agent has only two states – 

hit the brakes or not. The simple reflex agent will only work in fully observable environments, as 

even the slightest irrigation would cause the agent to enter an infinitive loop, and it would then 

not be able to put the action within one of the two boxes. One could easily imagine a situation 

where an older car in front does not allow for a big red light to go off when it breaks. The agent 

will get confused and maybe respond with breaking all the time or not breaking at all. 

 

Model-based reflex agents 

This type of agent considers both how the surrounding environment evolves, and how the actions 

of the agent affects the environment. The agent is building a model of the world and using it to 

base actions on. Unlike the simple reflex agent, the model-based agent is designed to cope with a 

partial observable world. The agent combines the new percept with what is has detected before 

and knowledge of the world to decide. The decision is based on an educated guess as the agent is 
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not able to observe the whole world before deciding. Therefore, the model keeps a constant 

maintained current state.  

 

Goal-based agents 

As the model-based agent, the goal-based keeps track of the world and constantly updates its 

current state, but while doing this, it is also concerned with working towards reaching a particular 

predefined goal. The goals allow the agent to consider each situation in relation to the goal, and 

decide if the current decisions are going to make the agent go towards or further away from the 

goal. This goal-based agent adds another layer to the reflex-based agent by introducing reflection. 

Therefore, the goal-based agents consider the current situation, reflects upon it and the makes a 

qualified decision.  

 

Utility-based agents 

Instead of basing actions on a predefined goal, the agent could also decide on what to do using a 

utility function.  As the performance measure decides on what types of scores each potential 

action receives, the utility function is the internalization of this idea. It is an evolvement of the 

goal-based agent as it is capable of deciding on what to do when goals are conflicting, and also 

help decide, when the agent is not a hundred percent sure if it will be able to reach the defined 

goals. The utility function therefore weighs the importance of the goals with the likelihood of 

reaching them. 

 

Learning agents 

So far, the four types of agents described have only been concerned with the performance element 

of the agents. Depending on what type of agent is constructed they each possess separate ways of 

selecting actions, but in order to be autonomous, the agents also need to be able to critique their 

own actions, learn from mistakes, and generate some type of feedback to the performance 

element. As touched upon in the beginning, Turing (1950) introduced the idea of building agents 

which were capable of learning and afterwards teach them what they need to know. The learning 

add on allows the agent to explore and perform in not previously known environments.  

 

This information expands the current artificial agent design and divides the inside of the agent 

into four components, the critique part, learning element, problem generator and performance 
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element. The critique part of the agent deals with generating feedback to the learning element, 

relying on a preformed performance standard, describing how the agent is doing at the moment. 

The leaning element thereby determines if and how the performance element could be improved. 

The problem generator challenges the performance element by suggesting sub-optimal 

performances, which could eventually lead to an optimization of the agent in the long run. This 

allows the agent to explore new ideas the learning element would not be able to generate on its 

own, as it only optimizes based on what the agent have learned. The problem generator is so to 

speak acting like an academic researcher by generating small hypothesis, which are then tested in 

the performance element and either rejected or approved. 

 

The different components within the agent could be represented by either an atomic, factored or 

a structured representation. The atomic representation has no internal structure. This means that 

it is only able to contain a single object. Ex. A goal-based agent might be able to strip down the 

world it lives in, to a single city. If the agent needs to pay attention to more than just the city, it 

can use a factored representation in which each state is split into a fixed set of variables, each 

with a different value. If the agent needs to form groups of things and describe how they are 

related to each other, a structured representation is needed. The three representations could be 

viewed as three levels of expressiveness, atomic → factored → structured. In order to derive from 

the strengths and weaknesses of all expressiveness levels, it might be advisable to construct agents 

using all three of them.  

 

Ertel (2017) does not distinguish between four different types of agents, but instead presents 

agents as knowledge-based systems. Whenever dealing with agents beyond complexity of the 

reflex agent, the knowledge needs to be separated from the actual system doing the processing. 

Ertel defines knowledge as sources being either experts, the environment, or databases. The 

sources use algorithms to analyze the data, and stores it within a knowledge base. The knowledge 

is then processed before being sent through to the end user and an output. 

 

As touched upon in the early part of this question in order for the intelligent agent to act 

autonomously it must be able to learn on its own, and in order to interact successfully with human 

agents it must be able to learn from its mistakes. Therefore, the structure which should be chosen 

for further analysis when designing the agent should be the earning one. It might be smart to 
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incorporate some type of utility-based performance element in order to teach the agent, in a 

flexible way, when it has succeeded, and when it has failed.  

 

Conclusion 

By the primarily use of (Ertel, 2017; N. J. Nilsson, 2009; Russell & Norvig, 2010) this question 

has shined light on what a designer should expect to keep in mind when laying the foundation for 

an autonomous interactive artificial agent. First of all, the goal should be to build an agent capable 

of outperforming humans at a given task. The designer should then be aware of the fact that at 

this very moment in time, it is not possible to build an agent capable of thinking and acting exactly 

like humans, nor should it be something the designer should strive for. It is possible to incorporate 

AI within the agent capable of mimicking the human brain, and the human decision process in 

order to build an agent capable of interacting, and to act autonomously it must incorporate a 

learning element as well. Further the agent should be capable of acting rational, based on what it 

knows at a given point in time, and be capable of making rational decisions even though it does 

not know everything that goes on in the world, and also be able to provide an satisfying answer, 

when there might not be an obvious one.  

When thought of in a very abstract way, an agent is a very simple model, using sensors to sense 

the world, performance element to analyze it, and send it back out into the world through 

actuators. It is how the designer choses to design the performance element, and how it 

incorporates a learning mechanism, which makes the agent capable succeeding and fulfilling its 

goals or maximize utility. 

 

As the foundation for designing an artificial agent is now in place, the report turns towards the 

next bit of the research question, as the intelligent agent should not only be capable of interacting 

with human agents and act autonomously, it should also be able to identify customer needs. The 

following section provides a definition of customer needs and an examination of the field of 

Customer relationship management. Besides defining customer needs, so the agent will know 

what to identify, it also provides an examination of how customer needs have traditionally been 

identified within CRM. This approach is taken in order to seek inspiration for designing the agent.  
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Q2: How can customer needs be defined and identified? 
To build an artificial agent capable of identifying customer needs, a definition of customer needs 

and an approach to how they have traditionally been managed must first be presented.  

 

Going through the literature, it was rather difficult for the writer of this report to discover an 

unambiguous definition of customer needs. Three different paradigms, the seven Ps, the four Cs, 

and the outcome-driven innovation process, each contribute with a definition of customer needs. 

 

This section finds that customer needs could be defined as a particular product being available at 

a certain price, at a convenient location, and where it is fast and easy to get a hold of. Further, 

customer needs are any current or future jobs customer know that they want to get done, and the 

desired outcome of those jobs. Finally, customer needs could be described as customer metrics, 

which is desired outcomes tied to a specific product.  

 

Customer needs – Definition 

Marketing theory has traditionally been framed by a product and service centric approach, 

characterized by the four Ps (product, price, place, promotion), as presented by McCarthy (1960) 

and the later developed seven Ps which extends the original framework by adding people, process, 

and physical evidence. As the consumer-centric approach started emerging in the mid. 1980es, 

Lauterborn (1990), presented a consumer-oriented framework in which the traditional four Ps are 

replaced with four Cs (consumer, cost communication and convenience).  

 All of these different approaches have been challenged by a new group of researchers, led by 

Anthony Ulwick and his book “What customers want” (2005).  

 

In this book, Ulwick highlights the fact that, even though companies have incorporated a 

consumer orientated strategy, they are still struggling to create profitable innovations and figure 

out what customers want, and R&D labs are reporting on failures of up to 90% of their developed 

products and services. Researches have pointed specifically at the customer inputs as being the 

major course of this failure. By simply asking customers what they want, companies are not 

retrieving any valuable information. They often do not know, or are speaking in a language which 

companies have a hard time translating into something useful in product and service development. 
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Companies need to acquire information on what type of job customers need to get done, and what 

metrics the customers apply to measure success (Ulwick, 2005).  

 

Within the product-centric area, characterized by the Ps, customer needs are described as 

problems which are solved by offering a customer a particular product. Within this line of thought, 

only costumers price sensitivity, and the place which it is offered, is considered. Customers’ needs 

a product to be available at a certain price in order to consider buying it, and at a convenient place 

to minimize the amount of effort that should be used to get hold of the product. With this mindset, 

qualitative and quantitative methods, such as interviews and questionnaires, are often used to test 

different ideas and choose the one customer seems to like the best.  

With the four Cs, the problem-solving product approach do not change, but instead of developing 

a product and trying to match it to consumer problems, emphasis is put on getting to know the 

customer. The framework is based on a consumer-centric statement, which is concerned with 

knowing as much about the customer as possible in order to tailor products and understand how 

they could be reached. Price is changed to cost and incorporates not just the cost of the product 

itself but an overall cost of the entire transaction process. The overall cost includes, total benefit 

provided, time to purchase, time to set-up, etc. As the company now have a great understanding 

of their customer needs, it will be able to offer their products or services in the most convenient 

way possible. The Cs highlight customer needs for simple communication as well. Customers 

want to be able to communicate in a way and on a platform, they prefer the most. The 

communication should be as easy as possible.  

Customer needs are further extended with the outcome-driven innovation process (Ulwick, 2005) 

Customers are still purchasing products and services to get jobs done, but emphasis is put on how 

customers measure the outcome of a particular job. 

Ulwick presents an idea which states that costumers use consumer metrics to measure their 

desired outcome. In this method nor the product or the customer is centric, but instead the job 

being done. The criteria are then to increasingly to get the job done faster, more convenient for 

the consumer, and less expensive. The outcome-driven approach distinguish itself from the 

product and consumer-centric by being far more complex and specific. Instead of operating with 

few overall customer needs such as, faster, easy to use, reliable, smart, cheaper, etc., it operates 

with roughly 50-150 metrics. In short, the theory is concerned with (1) figuring out what type of 
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jobs the consumers want to get done, (2) what the desirable outcome is, and (3) the constraints 

which might prevent them from purchasing or using the product or service in a proper manner.  

Jobs to get done are quite simply all needs customers might seek a solution for, it could be a man 

who needs to shave every day, or a family who might want to ensure their financial situation in 

case of an accident and buys life insurance. The solutions to these jobs also often include solutions 

to ancillary jobs as well. Customer metrics are very specific unique needs, tied to a product. In 

terms of a circular saw it could be: “Minimize the amount of kick that occurs when starting the 

saw” or “increase the likelihood that the blade will begin cutting precisely on the cut line. Just to 

mention a few. Constraints are characterized as being either physical, regulatory or 

environmental, and keeps the customer from using the specific product in the proper way. This 

could be jam jars, where the lit is put on to tight, which could result in elderly people not being 

able to open it, or diabetic patients who were not able to use their diabetes home kits when their 

bloodsucker where low, as their sight had become blurry and their hands shaky. 

 

This examination leaves the agent with a rather broad understanding of customer needs, which 

will act as a starting point when building the agent in the results section. In order to maximize the 

potential of identifying valuable customer needs, the agent should be capable of both identifying 

needs considered as more traditional such as price and convenience, but also be able to make 

conversation with human agents in order to figure out what jobs they are trying to get done, and 

what particular futures they would value as they are using a given product or experiencing a 

particular service. 

 

In the upcoming section two of this question a presentation of how customer needs are commonly 

identified through the use of customer relationship management.   

 

Customer needs – Identification 

The transformation from product-centric to consumer-centric business approaches have, besides 

the shift in marketing approach, also evoked a change in how companies manage customer 

information. A whole new approach to identify and make valuable use of customer needs has 

emerged, most often called customer relationship management (CRM) and scientist seem to agree 

that a company can only derive advantage from CRM if it is implemented as a distinct business 

strategy, containing not just customer needs but all aspects of managing customer relationships 
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and change the methods used as the company learns (Berry & Linoff, 2004; Khashab, Gulliver, 

& Ayoubi, 2018).  

CRM could therefore be described as a customer-centric business strategy (Krishna & Ravi, 

2016)which is based on customers telling the companies exactly what they want and the company 

building those products. An exact opposite strategy of the product-centric approach, in which 

products are made and a big subsequently effort is done to get customers to buy it (Pine, Peppers, 

& Rogers, 1995).  

Being able to identify Customer needs is a central part of the Customer relationship management, 

which most distinguished task is to create, manage and strengthen customer relationships by the 

use of understanding their needs and preferences (Nugraheni, 2013). Different techniques have 

been used to retrieve customer information, including qualitative methods such as interviews, and 

quantitative methods such as questionnaires, and later by the use of data mining techniques (more 

on this in question three). Data could be mined at all the customer touch points and would 

afterwards be present as sales data, financial data, marketing data and service data (Nugraheni, 

2013) Data mining techniques is then used to segment customers by analyzing and modeling the 

data and transcribing it into useful knowledge.  

 

CRM seeks to identify customer needs by generating unique customer profiles and use them to 

implement customer-centric marketing strategies, with the ultimate goal of minimizing efforts 

and marketing spending and maximizing profits. The primary goal for companies that would like 

to adapt and design their business to meet future requirements should therefore be to understand 

each customer so well that the customer would have a tough time switching to one of the 

competitors (Berry & Linoff, 2004) 

 

Besides these above-mentioned broad statements and purposes, the author of this report has not 

been able to identify a universal accepted definition of the field, and have therefore collected 

some core definitions from the examined literature concerned with customer needs:  

 

I. CRM should locate and attract the type of customers the particular company could serve at the 

best profitable way. (Kumar & Reinartz, 2012) 

II. CRM is a method to gather customer information and use this information to affect the 

customers behavior in a desirable direction. The underlying goal should be to develop 
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and improve the process of customer identification, customer attraction, customer 

retention & customer development, which should lead to customer loyalty and 

profitability (Swift, 2001).  

III. CRM is all about customer equity, the customer life time value of both existing and 

potential customers – how a company keeps managing, developing and enhancing new 

relationships with customers (Kumar & Reinartz, 2006) 

IV. At the heart of customer relationship lies the importance of treating customers differently 

and pay close attention to the most valuable customers (Berry & Linoff, 2004; Peppers 

& Rogers, 2004) 

 

Although these definitions are different, they do not rule out each other. At the core lies the need 

for companies to identify and attract customers, identify their needs, put extra attention on 

retaining the profitable ones and develop long lasting relationships with this particular segment. 

Companies must become a mass customizer who create and provides individual designed goods 

and services to customers and a one-to-one marketer with the primary goal of gathering 

information regarding customers specific needs and preferences. This should result in a learning 

relationship in which companies learn more and more about their customers as time goes by (Pine, 

Peppers, & Rogers, 1995). In order to be able to do this CRM should involve a discovery process 

to figure out how customers are behaving, it should remember this information, and learn from 

what it has remembered, and finally, act on what is has learned (Berry & Linoff, 2004). 

 

 

Studies of CRM have commonly divided the field into either two or three categories – Operational 

CRM, and analytical CRM (Teo, Devadoss, & Pan, 2006) or Strategic CRM, Analytical CRM 

and Operation CRM. 

Operational CRM is concerned with how to automate business processes where Analytical CRM 

is trying to gather information regarding customers characteristics, behaviors, needs, and 

processes. Strategical CRM is all about identifying the most profitable customers, build long 

lasting relationships with these customers, and optimize current and future value (Kumar & 

Reinartz, 2006).  
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As touched upon in the introduction, this paper has identified four CRM dimensions in order to 

classify the examined literature.  The dimensions are mentioned and treated by Ling & Swift 

(Kumar & Reinartz, 2012; Ling & Yen, 2001; Swift, 2001) and used in CRM literature reviews 

as well. The dimensions are examined in order to figure out how customer needs have traditionally 

been identified. Further, the classification is used to define which type of algorithm is used within 

the different framework dimensions. 

These four dimensions have been cross-examined with the collected articles and has been found 

useful for this project, based on its simplicity and publications in major papers concerned with 

the matter. It made sense to categorize the collected materials according to an already defined 

framework, as this report is concerned with how to identify customer needs, and therefore seeks 

a method to how they have traditionally been identified. Following is a small introduction to each 

of the four dimensions: 

 

Customer identification 

Identification of potential customers is concerned with locating a specific group of people who 

would be most likely to turn into valuable profitable customers. Further, it is concerned with how 

customers, currently laying their money in other companies, could be convinced to either return 

or try something new (Kracklauer, Mills, & Seifert, 2004)Customer identification involves, 

among others, the two methods – Target marked analysis, in which potential valuable segments 

are sought for and discovered, and – Customer segmentation, in which the segments are divided 

into smaller specific groups (Woo, Bae, & Park, 2005) Customer segmentation could be based on 

four market segmentation bases (1) geographic, where does the customer live; (2) demographics, 

age gender, social income, etc.; (3) psychographic, involving the lifestyle and people personality; 

(4) behavioral, explaining customers readiness to buy, benefits, etc. (Zikmund, 1997).  

 

Customer identification is the first step to identify customer needs within CRM, the method is not 

specifically seeking the needs of one individual customer but rather, identifying a segment, which 

might be valuable to further investigate. 

 

Customer attraction/acquisition 

As the company has identified some potential valuable segments, the next step is to draw their 

attention towards specific products or services. A way to do this is through direct marketing. 
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Direct marketing influences customers by accessing them through multiple channels and try to 

motivate them into buying specific products or services. This could be done through Social Media, 

Email, Continued Interaction, where a company is constantly reaching out to the public, in search 

for their opinion, and getting their name out there, just to name a few (Kumar & Reinartz, 2012) 

 

At this stage companies are directly in contact with the individual customer but what they know 

of the customer is still based on the segmentation done within the identification part. 

 

Customer retention 

Customer retention is a vital part of CRM. Studies have shown that acquiring a new customer is 

more than six times as expensive as keeping a present one (Bhattacharya, 1998; Kalakota, 

1999)These circumstances allow companies to build very sophisticated retention programs, as 

customers must be retained by all cause. Whether a customer chose to stay or not, depends on the 

customers perception of whether he/she is satisfied. The degree to which a customer is satisfied 

depends on what was expected in the first place (Kracklauer et al., 2004). Retaining customers 

involves the development of one-to-one marketing and making sure that the most profitable 

customers are retained by constantly monitoring whether they are maximizing their value (Kumar 

& Reinartz, 2012).  

 

At this stage, it is crucial that the company knows as much as possible about their customers in 

order to meet their individual needs.  

 

Customer development  

Customer development is concerned with expanding the value of the already existing customers. 

To measure how much value existing customers are worth, companies can do what is called a 

customer lifetime value analysis. The analysis is based on how much future value a customer is 

worth in today’s money (present value) (Kumar & Reinartz, 2012) Segmenting customers through 

life time value is used to spot the most valuable ones, and Up/cross selling can then be used to 

sell more services, often closely related to the one’s customers have already bought or subscribed 

to. Within customer development, market basket analysis is also used to examine what products 

or services the customer had previously bought, and discover patterns, such as purchase behavior, 

which can be used to maximize future customer value. (ref) 
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This stage is reserved to gather customer needs of the most profitable segment within a company, 

when their needs are identified, the company could be able to further develop their relationship 

with them, by increasing their value to the company.  

 

In order for CRM to function correctly in all the dimensions of the framework, literature suggests 

that companies must prioritize the development of a transaction processing system. The system 

should collect data at all customer action points, and provide an easy to use dashboard presenting 

a general view. This often-huge amount of data must be organized in such a way that makes it 

easy for the company to access and use, in technical terms called data warehousing. In abstract 

terms it could be described as the memory of the company. This memory has to be put to use by 

applying data mining techniques, capable of noticing patterns; what type of product should be 

offered to what kind of customer segment, what should be offered in the near future, what 

determines whether a person chose to buy or not, and predicting what might happen in the near 

future, etc.  

 

Conclusion 

Depending on which school or marketing theory is addressed, customer needs have quite different 

definitions. Customer needs could both be defined in broad simple terms such as customers 

wanting a cheaper, easier accessible product, but also in very specific unique terms for the job to 

be done, and the desired outcomes of that job. Not to rule anything out, it is important that the 

agent is capable of identifying all the different types of customer needs. 

 

Customer needs have traditionally been identified by using a CRM framework, which has 

primarily used segmentation in order to identify new customers and existing customers, and 

further, segmenting the most profitable ones, in order to derive even more value from this 

segment.  

This could be a place where the artificial agent could contribute with a more direct marketing 

approach by interacting directly with potential and current customers, in order to tailor the 

customer solutions even further. 
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The following section provides an overview of what data mining is, and seek to discover what 

types of algorithms have been used to identify customer needs and what they have been 

specifically used for. Further it seeks to explain how the different algorithms are build and what 

task they perform, in order to narrow down which type of algorithm should be used within the 

artificial agent of this report. 

 

Q3: Within the field of CRM, how have artificial agents previously been designed? 
In the previous section, a suggested definition of customer needs, and an examination on how 

they were managed where provided. The following provides the final segment needed in order to 

design an autonomous interactive intelligent artificial agent capable of identifying customer 

needs. By examining academic articles concerned with solving consumer-centric business 

problems using algorithms, the report will try to locate previous cases where similar agents have 

been designed, but also determine which types of algorithms have been used to carry out specific 

tasks. It starts off with a short introduction to data mining.  

Datamining 

Data mining should be seen as the part of CRM which collects and makes sense of data by seeking 

and determining interesting and valuable patterns (Berry & Linoff, 2004; Witten & Frank, 2005). 

The basic idea within the field of data mining builds around the hypothesis stating that historical 

data is useful to predict what might happen in the future (Witten & Frank, 2005)To make a 

prediction it if therefore essential to get hold of usable historical data, and data mining provide 

specific techniques to assist companies in collecting customer data, and turning that data into 

knowledge (Berry & Linoff, 2004). The collected historical data is fare from always significant 

strong patterns which could just be discovered and used immediately, as a lot of noise and weak 

answers are often present. The role of data mining is therefore to cope with this situation, and still 

be able to provide some kind of useful outcome (Berry & Linoff, 2004). 

The process is business driven (Ling & Yen, 2001) and builds on methods found within the 

academic fields of statistics, computer science and machine learning, and is concerned with 

building models from the use of algorithms. These data mining models uses data as their input, 

puts it through an algorithm, and generates an output (Berry & Linoff, 2004).  

This definition of an algorithm reminds a lot of the artificial agent one offered in question one, 

although data mining is in particular used in a business context within CRM, in order to make 

sense of customer data.  
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Data mining has been used to make knowledge-driven strategic business decisions and predict 

the outcome of these decisions. It can be used in all the different CRM processes, both to identify 

and acquire new customers and in the retention and development of them. As with CRM, it is 

important that the data mining process is a standardized and repeatable process, to get qualified 

results. (Kumar & Reinartz, 2012).  

In order to solve a specific business problem by the use of data mining tools, the problem must 

be formulated as a data mining task. Depending on the type of task, data miners distinguish 

between directed and undirected data mining (Berry & Linoff, 2004), (Witten & Frank, 2005) 

whereas AI researchers use the terms supervised and unsupervised learning (Russel & Norvig, 

2010), but the terms are interchangeable. Machine learners add to the list by also working with 

reinforcement learning (Russel & Norvig, 2010).  

 

 

Direct data mining/supervised learning 

Direct data mining/supervised learning seeks an answer concerned with a particular pre-defined 

variable such as income, age, gender, etc. In other words, the data and the answers are already 

provided. The method uses training data to train the model in order to reach a satisfying accuracy 

before applying the test data which should be used to make decisions.  

Classification, estimation, and predictions are tasks associated with direct data mining/supervised 

learning (Russel & Norvig, 2010) (Berry & Linoff, 2004).  

 

Indirect data mining/unsupervised learning 

Indirect data mining/unsupervised learning seeks to discover patterns without the use of 

predefined classes. In unsupervised learning no answers are provided up front. It allows for 

grouping liked information together, and will do so without any knowledge of what the groups 

might turn out to be beforehand. Sometimes there is no need for training data, as the learning 

method does not have to divide data based on predefined groups, but other times training data 

could be used to train the model to do a specific task, and the model will afterwards continue to 

learn of its own. Association/Affinity grouping and clustering are both examples of unsupervised 

learning (Russel & Norvig, 2010) (Berry & Linoff, 2004). 
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Reinforcement learning 

With reinforcement learning, nor the data or the answers are provided up front. This is quite 

similar to the way humans learn. The data is discovered one line at a time, depending on whether 

the choice was considered good or bad (Russel & Norvig, 2010). The method is often used with 

robotics, self-driving cars, and other situations in which the model needs function in an unknown 

environment. The method has not been used in any of the collected articles.  

 

Different styles of learning/data mining models are encapsulated within different categories 

depending on the particular author(s) examination, focus and presentation techniques.  

 

The following framework is a motley assortment of the different types of categories – 

Classification, Clustering, Forecasting/Prediction, Estimation, presented by three independent 

research papers/books (Berry & Linoff, 2004; Ngai et al., 2009; Witten & Frank, 2005) 

 

Forecasting/Prediction 

In forecasting or prediction, both classification and estimation are used to predict or estimate 

future value. As with all the others tasks and algorithms, the techniques are first run through a 

training example, where the value to be predicted is known beforehand (Berry & Linoff, 2004). 

The models are then adjusted to deliver as high an accuracy as possible. When the training model 

shows the desired accuracy, the testing data are used to predict an outcome.  

Tools often used: 

I. All the techniques presented in the upcoming section could be used for a prediction 

purpose, only criteria are that there has to be some kind of training data available, in order 

to train the model.  

 

Classification 

With classification, focus is on building a model, which in the very best way possible, describes 

and distinguish data into predefined categories (Jiawei Han, Micheline Kamber, 2012). Looking 

through the literature, classification is the most popular tasks data miners can perform. It lies 

within human nature to categorize everything around us, in order to make sense of things which 

often seems to be incalculable and impossible to get an overall view off (Berry & Linoff, 2004). 

In data mining terms, classification is based on investigating a newly arrived object by assigning 
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it to a predefined class. The challenge would be to build a model which is capable of classifying 

unclassified data. This means, that from the beginning of the study there is a limited number of 

classes, which all the examined data should somehow fit within (Berry & Linoff, 2004).  

 

Within CRM it uses a given dataset to form a prediction model (also referred to as a classifier) 

where only the customers are known beforehand. The job of the classifier is then to separate 

customers into groups, based on certain customer traits (Lessmann & Voß, 2009) 

Common tasks which could benefit from classification includes – determining whether credit 

applicants are in the low, medium or high-risk group (Berry & Linoff, 2004). In the reformation 

towards consumer-centric planning tasks, supervised classification are important in order to make 

sense of current and potential customers (Lessmann & Voß, 2009).  

 

This type of data mining is often referred to as supervised learning, as the outcome is known and 

presented beforehand (Witten & Frank, 2005). Tools often used: 

 

I. Decision trees 

II. If-then-else rules 

III. K-Nearest Neighbors 

IV. Neural networks (some occasions) 

V. Link analysis (some occasions) 

 

Estimation 

As classification uses what is known as discrete outcomes, basically yes or no; Veggie, vegan, 

pescatarian, etc., estimation is concerned with continuously valued outcomes. The method could 

be used to estimate the height of a specific segment of the population, estimate lifetime value or 

a similar statistical problem. It is often used in collaboration with classification. A marketing 

company might have divided a population into two different classes and are now using estimation 

to estimate the probability that a person fits within one of the groups, by using a threshold score 

(Berry & Linoff, 2004) 

Tools often used: 

I. Regression models 

II. Neural networks 
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Association/affinity grouping 

The task of association is capable of analyzing data in anticipation of discovering relationships 

between different variables. The method has been used to identify relationships between different 

customer profiles by using different demographic and behavioral variables to identify the products 

they bought (M. C. Chen, Chiu, & Chang, 2005). It is basically a way to determine which variables 

match (Berry & Linoff, 2004). It differs from classification, as it investigates all the potential 

associations, not just the ones classified beforehand, and it is capable of assigning more than one 

attribute to each object (Witten & Frank, 2005).  

Market basket analysis is an analysis based on examining the association between what the 

customer choses to buy. Often also including, time of day/week/year. Loyalty cards could 

contribute with demographic and behavioral analysis as well, plus, as times goes by, a complete 

history of that particular persons buying habits (Witten & Frank, 2005). This type of grouping 

allows for the development of some simple association rules. Berry & Linoff (2004) provide the 

following example: 

If two items, say cat food and kitty litter, occur together frequently enough, 

we can generate two association rules: 

I. ■■ People who buy cat food also buy kitty litter with probability P1. 

II. ■■ People who buy kitty litter also buy cat food with probability P2.  

The rules above defined rules are therefore basically estimations made by using a dataset. 

Cross selling could also benefit from affinity grouping as a company would be able to predict 

what type of similar products customers would be most likely to consume based on their purchase 

history (Berry & Linoff, 2004). Tools often used: 

I. Statistics 

II. Apriori algorithms 

 

Clustering 

Clustering is a method in which objects are grouped together based on their attributes. It basically 

examines a heterogeneous dataset and groups it into an unknown number of homogenous groups 

(Berry & Linoff, 2004) which, according to the algorithm, fits naturally together (Witten & Frank, 
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2005) It differs from classifying, as the groups in which the data is divided is not known before 

the algorithm starts. With clusters, it is the researcher who decides how the clusters found by the 

algorithm should be interpreted (Berry & Linoff, 2004) These clusters might not make any sense 

to the human eye, and it is therefore the researcher, not the algorithm who decides whether the 

located clusters are useful or not. Clustering are often followed by a classification step where 

rules are made based on the clusters in order to make a qualified description of the data (Berry & 

Linoff, 2004; Witten & Frank, 2005) 

Tools often used: 

I. Self-organized maps 

II. Neural Networks 

III. Discrimination analysis 

 

Data mining techniques/Artificial agents  

Through the collected literature, the following section will explain the different tools used in data 

mining. The objective is to provide a holistic understanding of the methods used, in order to 

decide which tools should be used to identify customer needs.  

 

When considering which data mining method to pick, it is often important to consider how the 

tradeoff between accuracy and transparency is handled. In a lot of models dealing with marketing 

it is often not so important how the answers where found as long as the accuracy of those answers 

are significant and gratifying. Legal organizations, law firms, insurance companies, etc. might 

see transparency as being equally important as they often need to explain how they ended up with 

the final results (Berry & Linoff, 2004) 

 

The following sections examines the most popular algorithms used within CRM. A definition and 

an analysis of what type of task they have been used for within the examined literature, is 

provided.  

 

Regression 

Regression deals with continuous data, and has the basic goal of modeling data. Often, regression 

is used to forecast based on historical data. It has its roots within the academic area of statistics, 

but several techniques are used within datamining as well (Berry & Linoff, 2004).  
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Linear regression is often used for classification when all attributes are numeric and to predict 

coincidences. Logistic regression is used to measure the likelihood of a variable to belong to one 

group over another, also known as probabilities (Witten & Frank, 2005).  

Within linear regression, The variance (ANOVA), null hypothesis, p-value and R-squared has 

been used to study the significance of a particular model (Ansari & Riasi, 2016). Linear 

Regression has also been used to indicate whether independent variables/explanatory variables 

has a significant impact on dependent variables (Grønholdt & Martensen, 2005). The Stepwise 

regression equations (𝑌 = 𝑚𝑥& +𝑚𝑥() have been put together in order to figure out which 

independent variable had the largest impact on the dependent variable (Ansari & Riasi, 2016). 

The relative mean absolute deviation within linear regression has also been used to map customer 

preferences regarding how they ranked different food products (Bahamonde, Díez, Quevedo, 

Luaces, & del Coz, 2007).  

 

Like linear regression, logistic regression is often used in comparative studies as a classification 

method. Ex. If the probability of a customer to leave the firm is ≥ 70%, s/he is categorized as 

being in the focus pile (W. Chen, Ma, & Ma, 2009). Logistic regression has often been used in 

direct marketing to target a specific group of customers (Linder, Geier, & Kölliker, 2004)  

 

The majority of the research papers involving regression, are set up as comparative studies where 

the regression accuracy is compared to machine learning algorithms, in order to answer a specific 

question and to see which one performed most accurately. Regression lost most of the challenges 

(Guo-en & Wei-dong, 2008) (Ansari & Riasi, 2016). Both because of the presence of a batch 

effect (Bahamonde et al., 2007), and not being able to learn non-linear behavior (Zeinalizadeh, 

Shojaie Abbas, & Shariatmadari, 2015) (X. Yu, Guo, Guo, & Huang, 2011). Although, logistic 

regression could support machine learning techniques and create a hybrid effect which exceeds 

the benefit of using just one model (Linder et al., 2004), the method is still being outperformed 

by machine learning techniques. This finding is also supported by previous studies. The main 

reason being that linear regression modeling only looks for linear relationships and, these 

relationships has to be written as a mathematical formula beforehand in order to work (Grønholdt 

& Martensen, 2005).  
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Another minus regarding statistical methods is that it often has a hard time when scaled up to 

describe large data sets, because of being math heavy and therefore consumes a lot of computer 

power (Jiawei Han, Micheline Kamber, 2012).  

 

K-Nearest neighbors 

Nearest neighbors learning is primarily used for classification and pattern recognition but can also 

be used to cluster data. The technique is based on similarity among data points and is generally 

divided into two models, Memory-based reasoning (MBR) and Collaborative filtering. The 

method calculates the shortest distance to a neighbor by using a linear prediction.  

MBR have been used to generate keywords for new articles. Collaborative filtering has been used 

to group people reviewing sights and restaurants (Berry & Linoff, 2004).  

 

Within the reviewed article, K-nearest neighbors are used to classify customer preferences 

regarding new potential product designs. The answers to open-ended questions where divided 

into training and testing data, and afterwards labeled onto five categories and an ‘other’ category.  

 

It primarily answers the question; how can we compare a data point to all the other data points 

within the dataset to figure out which one is the “nearest neighbor”? The method can therefore be 

described as a distance based datamining algorithm (Jiawei Han, Micheline Kamber, 2012)  and 

is judged on how well it performs at separating and dividing data. The method can be used with 

both linear and non-linear data. 

The methods use a test data point, A, and compares it to similar training points in order to locate 

the closest ones. The closest ones are called As nearest neighbors (Jiawei Han, Micheline Kamber, 

2012) How close the point is to A is defined by a distance metric called Euclidean distance: 

 

./(𝑥&0 − 𝑥20)^2
(

05&

 

 

 

The K stands for how many neighbors the algorithm should find, ex. If K=3, the algorithm would 

locate the three closest neighbors to K.  
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K-nearest neighbors has received some critique, as every prediction the model makes is 

proportional to the amount of training instances, which means that larger dataset equals a slower 

model, as the prediction point has to be compared to all other data points within the data. 

This also means that K-nearest neighbors does not scale well, but as the author of this report tested 

the algorithm it worked fine but up to 1GB of data, on a normal Computer.    

This issue has caused some researchers to design trees for training the model (more on decision 

trees later) kD-trees, Ball trees, (Witten & Frank, 2005), P-trees (X. Li, Shi, Charastrakul, & Zhou, 

2008), are all basically designed to do the same thing – reduce the amount of time, by using a 

three instead of examining the full dataset to locate the nearest neighbor. 

 

Support vector Machine (SVM) 

SVM is based on structural risk minimization (Vapnik, 1998) and is used to construct 

classification models (Jiawei Han, Micheline Kamber, 2012) and make regression/numeric 

prediction (Witten & Frank, 2005). It could also be referred to as a constrained optimization 

problem, where the objective is to separate the hyperplane/decision boundary, and use it to 

classify unknown data points by assigning them to one of the two sides of the hyperplane. 

 

It basically acts as a binary classifier which would like to separate into two groups – positive or 

negative and like K-nearest neighbors, it can be used to classify both linear and nonlinear data. 

Put a little more formally, the technique is used to locate a decision surface within a vector space, 

which, at the best way possible, separates and divides data points into two groups (X. Li et al., 

2008). The method uses non-linear mapping in order to transform data into a higher dimension 

and separates the data into two classes by using an optimal linear decision boundary (Jiawei Han, 

Micheline Kamber, 2012).  

 

Within the reviewed articles, SVM has been used to predict whether people have a distributed 

photovoltaic system or not (F. Wang et al., 2018), and to predict which customers are most likely 

to reply to a question proposed by a particular business, on a particular marketing channel (Kim, 

Chae, & Olson, 2013).  
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In five of the articles SVM has been used to predict which customers might be likely to churn (Z. 

Chen, Fan, & Sun, 2012) (S. Xu & Qiu, 2008) (Guo-en & Wei-dong, 2008) (Maldonado, Flores, 

Verbraken, Baesens, & Weber, 2015). These articles are all based on the hypothesis that an 

unknown dependence relationship exists between collected customer data and customer churn. 

The studies use SVM as a classification technique, by assigning the customers into two categories; 

(1) customer which are likely to churn, (2) customer who are most likely not to churn. Then, 

transactional and behavioral customer data are used to train the classifiers in order to build a 

model which is capable of predicting which customer traits are most likely to cause the customers 

to churn. In relation, the model has also been used to minimize risk by analyzing and targeting 

customers who most likely will cause some kind of loss to a company.  (L. Yu, Wang, & Lai, 

2010) (W. Chen et al., 2009).  

 

SVM has also been used in consumer-centric planning where a map of customer preferences 

where needed in order to build product service systems (Long, Wang, Shen, Wu, & Jiang, 2013), 

but also to identify new customers, using an analysis of a current customer base (Amnur, 2017), 

and to forecast the quality and acceptability of market products (Bahamonde et al., 2007).  

It has also been used in comparative studies with other text classification methods such as neural 

networks and Naïve Bayes, where the objective has been to classify user generated data from a 

web 2.0 application (L. Yu et al., 2010) (Jain, Kumar, & Mahanti, 2018).  

 

Fuzzy methods 

The Fuzzy machine learning methods are based on fuzzy logic, and can instead of dealing with 

rule-based systems, where the boundaries are sharp and distinct (k-nearest, regression, SVM) , be 

used to allow for fuzzy boundaries. This basically mean that instead of having categories 

withholding a distinct number of values within each, the categories overlap each other. How much 

an element belong to a category is determined by a number between 0 and 1. The closer to 1 or 

0, the more the element belong to one group over the other. This logic turns the categories into 

fuzzy sets instead, which also means that a specific segmentation could belong to more than one 

fuzzy set. The method is often used in market research where people could be categorized into 

more than one group. (Jiawei Han, Micheline Kamber, 2012).  
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Within the examined literature, Fuzzy methods have been used to segment markets and identify 

the ones which have the potential of being the most profitable (Chiang, 2013), but also in models 

where the main goal is to seek customer demands within a consumer centric product/service 

design system. In tasks where (1) the demand unit is defined, (2) the demands are decomposed, 

and (3) the priority of the collected demands is segmented, fuzzy methods could be used to 

determine and rank the demands according to priority (Liang, Zhang, & Tang, 2010). Further, the 

fuzzy-rule-based system have been used to map customer satisfaction by providing researchers 

with a comprehensive tool to analyze customer satisfaction surveys (Ammar, Moore, & Wright, 

2008) The method can also be used directly in a clustering method by dividing customers into 

separated preference groups (Yu-jie Wang, 2010)(Nugraheni, 2013).  

 

Decision-trees 

Decision trees can be used for both classification and prediction, but are mostly concerned with 

classification as other algorithms are often more suited to do predictions (Berry & Linoff, 2004). 

The decision tree is a structure, shaped like a tree with branches, each branch representing a 

possible decision, and the decision being based on a rule. At the top of the tree is a target variable 

also called a root (Hendalianpour, Razmi, & Sarvestani, 2016) and the tree structure is then used 

to investigate the relationship between the target variable and input variables. (Berry & Linoff, 

2004) 

The structure is built by an algorithm, the most popular ones being C&RT, C4.5, and ID3 

(Hendalianpour et al., 2016) The object of analysis can be both categorical and continuous 

(Hendalianpour et al., 2016),  

 

Within CRM it has been used to locate the optimal target group when doing campaigns. It could 

be identifying the customers which are most likely to respond to direct email marketing (Linder 

et al., 2004) or locate the relationship between product quality and customer satisfaction 

(Hendalianpour et al., 2016) but has also been used for churn prediction, even though other 

algorithms seems to be more suitable for this specific task (Guo-en & Wei-dong, 2008)(X. Yu et 

al., 2011).  
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Neural networks 

The above-mentioned algorithms are all based on mathematics and are basically attempts to build 

logic and probability into an artificial model. Although, the models are still relevant and can be 

used to solve a lot of business problems, the methods does not look similar to the ways human 

think (Ertel, 2017). This is where neural networks stands out, as the model is based on the 

biological definition of a neuron.  

Neural networks, like any other machine learning model, basically consist of an input which 

should be mapped to some kind output. In its simplest form, NNs could be looked at as a binary 

classifier, which consist of a bunch of inputs 𝑥&, 𝑥2, 𝑥(, which is mapped to hidden layers. Each 

of the connections from the inputs to the neurons within the hidden layers have their own unique 

weight, 𝑤. The inputs are then all multiplied by their unique weight, and everything is summed 

together within the neuron using a sum function. Finally, an activation function decides whether 

the neuron fires or not. It is usually built as a sigmoid activation function/perceptron, which 

returns a value between 0 and 1. The number acts as a confidence function. Ex, how confident 

the model is that a customer is going to churn. Ex.  if the activation function returns a 0.83, the 

model is 83% confident that the customer is going to churn.  If there are more than one hidden 

layer it is called a deep neural network.  

Each of the neurons could be connected by using different methods. A feed forward neural 

network, only connects data in one direction, from input to output, where as a recurrent NN 

connects data from all directions and are capable of supporting long-term short-term memory. 

This is where it gets tricky, as it is very hard to understand how exactly recurrent NNs arrive at 

their decision (Russell & Norvig, 2010). Other neural networks such as the self-organizing maps 

produces a map which looks for similarities among input data, by the use of unsupervised 

learning. 

 

An example of a large deep neural network is called the Convolutional neural network, popular 

used for image recognition, as it is capable of analyzing one pixel at a time, and compare it to the 

training data, in order to determine what the picture is showing. Besides image processing, Deep 

neural networks have also been used in speech recognition and natural language processing 

(NLP). 

NLP is concerned with methods which are capable of understanding and generating the human 

language.  
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Instead of pixels deep learning could also be used with Big data which is characterized by the 

three Vs: volume, variety and velocity. Volume, because there is more than one machine 

collecting the data; variety, with data being present in many different formats, not easy to 

combine; Velocity, as the amount of data continuous to grow at an enormous speed (Bonzanini, 

2016) Big data have greatly improved the accuracy of neural networks and are one of the main 

reasons why it is used to solve so many problems today. 

 

NNs have experienced a renascence within the past few years as computers are now so strong that 

they are capable of handling large deep neural network.  

 

Within the examined literature NNs have been used to target customers in direct marketing 

(Linder et al., 2004), and predict customers who might churn (Zoric, 2016)(Tsai & Lu, 2009a). 

In both cases the NNs performed better when being part of a hybrid model, alongside self-

organizing maps, decision trees and logistic regression, and was outperformed by SVM in one 

study (Guo-en & Wei-dong, 2008). 

Deep NNs have most recently been used most recently for Natural language processing in order 

to mine customer needs using extern unstructured data. Both from social media (Ramaswamy & 

Declerck, 2018) (Jain et al., 2018), and online review databases (Timoshenko & Hauser, 2017), 

but also with data mined internally (Albu, n.d.) and surveys (Badea, 2014).  

 

It has also been used in classification, where future customer behavior is predicted based on a 

model using current customer data (Ogwueleka, Misra, Colomo-palacios, & Fernandez, 2015), 

and as binary classifier segmenting people into two groups based on their sociodemographic 

profile (Hayashi, Hsieh, & Setiono, 2010).  

 

It has also been used in deriving patterns from customer satisfaction surveys (Grønholdt & 

Martensen, 2005),  

 

Naive Bayes 

Naive Bayes are commonly used to classify texts and recognize text. Often used to categorize 

documents or acting as a spam filter on email systems. The algorithm is often used as a binary 
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classifier, where a given text is analyzed and put within two groups, depending on its attributes. 

These attributes could be, as an ex., the length of the text, the frequency of specific words, length 

of sentences, etc. An algorithm is then applied, which defines an attribute for each of the words 

within the text (Russell & Norvig, 2010) 

 

Within the examined literature, the algorithm has been used in sentiment analysis in customer 

reviews (Jain et al., 2018) and to predict customer churn (Guo-en & Wei-dong, 2008). In both 

cases in comparative studies where naive Bayes where outperformed by deep learning or Support 

vector machines.  

 

K-means 

If a situation allows the author to already know the number of clusters data should be categorized 

within s/he can make use of the K-means algorithm. It first uses randomly selected data points to 

define the cluster midpoints, and then classify the rest of the data into the clusters containing the 

nearest cluster midpoint. In the end the cluster midpoint is recalculated (Russell & Norvig, 2010).  

 

Within the reviewed literature, K-means have been used to segment customers into groups based 

on their preferences within the textile industry (Dwiastuti, Larasati, & Prahastuti, 2018), and as a 

combined method alongside self-organized maps to identify four different types of customers 

with the use clustering and classification, supervised and unsupervised learning (Wei, Lee, Chen, 

& Wu, 2013) 

 

Conclusion 

This section provided the last segment needed in order to design an autonomous interactive 

intelligent artificial agent capable of identifying customer needs.  

The examined articles where all consisting of studies which fits could fit within the proposed 

framework, consisting of prediction, classification, association, estimation, and clustering.  

Al though, the design and of the algorithms used within this section reminded of the Artificial 

agent definition provided in question one, none of them where engaged in taking the algorithm 

one step further, and making it capable of acting autonomously and interacting directly with 

human agents. Some studies went a little step of the way, by the use of neural networks 
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(Ramaswamy & Declerck, 2018) (Jain et al., 2018), and made their algorithm act autonomously 

but it was still only dealing with databases, not direct contact with the customers. 

If the definition of customer needs from question two, stating that an interactive approach is 

necessary in order to identify customer needs, and the goal of developing an intelligent agent 

capable of being interactive and acting autonomously should still be reached, the model needs to 

be taken one step further. 

Some of the algorithms presented in question three, might still be useful. Although only a couple 

of articles have been using deep learning and big data, the algorithms could still act as a starting 

point. 

In the upcoming results section, the findings from all three questions within the literature review 

is used to build a framework for building an interactive artificial agent, capable of acting 

autonomously while discovering customer needs, is provided. 

Results 
Using the findings from the literature review provided above, the following section seeks to build 

an interactive artificial agent capable of identifying customer needs, and doing so autonomously. 

The framework will be divided into several steps which considers all the preliminary thoughts 

needed to design an agent, a fictive case study to set the stage, and a guide of the actual building 

of the model.  

 

Preliminaries 
As the goal is to build an artificial interactive intelligent agent capable of action autonomously, it 

would be tempting to try and build an agent capable of passing the Touring Test. But as presented 

in question one within this report, it would still not be possible to do so, and the following design 

process of the agent will show an interactive agent is still a task specific agent designed to solve 

very specific tasks, in this case, identifying customer needs, and is not capable of acting as a 

human being just yet.  

But as discovered in question one, it must at least be able to simulate human decision-making. 

This can be done by using Neural networks, capable of mimicking biological neurons, and by 

transforming words into a processing language the computer is capable of understanding. Further, 

the agent should be able to figure out the shortest way from A to B, by mimicking human problem-

solving using search trees and heuristics. This would be needed when the agent has to pose a 
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quick follow-up question, where it would not be wise to go through the entire database of answers 

looking for clues.  

 In order for the agent to be even capable of posing questions, it must be able to perceive reason 

and act. In order to do so, it must be given a specific task and a goal it should reach. The agent 

must then be able to, through logic, figure out how it could reach that goal in the most efficient 

way possible. And as it newer knows what questions it might be asked by human agents, it must 

be able to act within a world where it does not know all the answers, and still be able to make a 

satisfying decision. Further the agent should act intelligently by being capable of acting rational. 

It should be capable of providing the best possible answer based on what it knows at a given point 

in time and come up with an answer even though there might not be an obvious one, and it should 

also be capable of providing answers which are just “good enough”. It needs to be able to make 

decisions based on ill-defined knowledge. The agent is defined as a unit which process 

information it receives from an input and use that information to produce some kind of output. 

 

Case 
The following section assumes that a camera company is seeking further information regarding a 

new mirrorless camera they launched a few years back. The camera has been quite successful and 

the company is now looking to build a new, better version 2.0. The company is rather small, and 

does not have the manpower to do hundreds of interviews but it has a very active Facebook page 

with many followers, and a Facebook group where customers frequently are interacting with each 

other, posting pictures they took with their cameras and are asking fellow users on their opinion 

on camera specific subjects. Further they have some statistics showing that their biggest target 

group, people between 25–35, would prefer to communicate with companies through Facebook 

Messenger or WhatsApp. 

The company therefore chooses to design an interactive agent capable of writing directly with 

their customers through a messenger-like platform. Besides being able to answer questions 

specifically regarding their products, and other facts, like opening hours and the nearest location 

to purchase their products, they would also like the app to be able to conduct interviews in order 

to identify their customer needs. In return, it offers a free entry ticket to the event, launching of 

their new camera in the upcoming august. Further, it would like the agent to be able to act 

autonomously, and send the information from the conducted interview to the company info mail.  
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In the long term, they would like to further develop the relationship with these customers by 

offering them exclusive deals on specific products after they have answered the questions, and 

perhaps allow the consumers to buy those products within the messenger function. It would be 

very easy to think of a lot of more potential profitable skills the agent might have, but to start off 

simple, the agent will only concentrate on gathering information regarding customer needs, and 

answer simple FAQ questions.   

 

Agent environment 
As the agent is not capable of reading the mind of the human agent, it has to act within a partly 

observable environment, which also makes it stochastic and dynamic as the human-agent also is 

capable of affecting it. The agent is also dealing with sequential decisions, as each question it 

poses or answers, effects what it should do in the next step.  

Agent structure 
To design the structure of an intelligent agent the designer must consider which type of 

information it should receive from the input, what it should use as sensors and actuators, how the 

percept sequence should be trained, which type of agent program should be used to determine 

what actions the agent should perform, and what the performance measure should consider to be 

a satisfying result. If the result of a given action is not satisfying the agent should be capable of 

learning from its mistakes. 

 

This agent, as it will act within a messenger environment, it should be built as a software agent, 

using the mouse and keyboard of the agent as sensors, and the computer monitor as actuator.  

And as the agent should be capable of learning as it goes, adding new ways of asking questions 

and deriving information from human information, it should be based on a learning structure, and 

in order for it to run smoothly and constantly improve it will be built as a utility based agent.  

 

The utility-based learning agent has to interact with another agent (a human agent) and derive 

useful information by asking meaningful questions and interpretative the answers. The learning 

element within the agent will be based upon learning how it can perform better next time. As it 

receives answers and ask follow up questions, it seeks to maximize the built-in utility function, 

which states that the answers provided by the customer should be as long as possible, and contain 

as many words as possible especially linked to what the customer would like or dislike within a 
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service. The agent constantly tries to maximize utility by allowing the learning element to 

determine how the performance element could be improved. The problem generator constantly 

suggests new ways of asking questions, testing whether performance could be maximized further. 

 

CRM thoughts 
CRM has primarily used segmentation in order to identify new customers and existing customers, 

and most importantly, segmenting the most profitable existing ones, in order to derive even more 

value from this segment.  

This could be a place where the artificial agent could contribute with a more direct marketing 

approach by interacting directly with potential and current customers, in order to tailor the 

customer solutions even further.  

The methods could allow for incorporation of a more qualitative paradigm within a traditionally 

very quantitative environment.  

 

Choice of tasks and Algorithm 
Choosing which type of tasks, the agent should perform, and what type of algorithm it should use 

depends on what the output should consist of.  

The literature review identified a gap in studies which have been using a more interactive 

approach to seek for customer needs, and only very few studies have been using deep 

learning/deep neural networks and big data within their models.  

Still, these already conducted studies provides a hit to what can be used to design an interactive 

agent. 

As the agent should be capable of understanding human language, also known as natural 

language, an algorithm which is capable of doing so should be used. Studies have already shown 

how both Natural Language Processing (NLP) in terms of supervised learning and NLP using 

deep neural networks and unsupervised learning, has been used previously to make sense of 

customer needs but without incorporating the interactive part. (Ramaswamy & Declerck, 2018)  

To get the algorithm off to a good start, and introduce a few task specific questions and answers, 

this interactive agent design will use traditional NLP, using simple classification, and deep neural 

networks to train the agent using big data, in order for it to be able to act on its own, and stay 

learning. The neural network will perform the task of clustering.  



 

 53 

As it is not always clear what goes on within the hidden layers of a deep neural network, the 

method should compare the accuracy of a recurrent neural network, convolutional neural network 

and long-term short memory.  

 

Data gathering and preprocessing 

Training Dataset 
As the agent should be capable of doing an okay job as it starts interviewing, and not have to learn 

everything along the way, it needs to be trained by some kind of training data. As the literature 

has shown that deep neural networks increase their accuracy, as the training data increases in size, 

it would be wise to choose some kind of dataset which could be categorized as big data. Amazon 

has a customer review database consisting of more than 130 million customer reviews, where a 

specific part of it is dedicated specifically to camera reviews.  

Before being able to actually work with the data a few things need to be taken care of in order to 

normalize the data. As Amazon has already cleaned the data and removed both tabs, double quotes 

and escape characters, it is pretty much good to go for training the neural network (See appendices 

one for details) 

 

Natural language processing 
The self-learning interactive-agent will be designed using indirect data mining/unsupervised 

learning, after being trained by the amazon dataset, and direct data mining/supervised learning 

using traditional NLP. 

The agent will make use of a simple Q&A answer model, where the consumer has the possibility 

of asking questions regarding the camera and everything related to the camera, and the agent has 

the capability of asking questions and follow-up questions. The interactive agent should be 

thought of as a mix between a FAQ agent, where customers can get help with anything regarding 

their new camera and goals, and a Q&A agent, which is capable of asking specific follow up 

questions, and begin conversations if the consumer allows it.  

 

For the traditional NLP, questions will be asked based on the definition of customer needs from 

question two. 
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The agent should try to ask questions regarding price, how much the customer is willing to pay, 

convenience, where would the customer want to purchase the camera, how long time it takes to 

complete the purchase, set up the camera, and how much the customer have benefited from buying 

the new camera, but also how they would like to communicate with the company going forward. 

Finally, and perhaps most importantly, the agent should seek information regarding what type of 

job customers would like to get done, what the desired outcome of these jobs are and what 

constraints might be withholding them from purchasing or using the camera correctly.  

Acting as a simple starting point one might wish to figure out what the customers are willing to 

pay for the new camera. As it is not advised to simply just ask how much customers are willing 

to pay, Rafi Mohammed (2012) has developed a series of questions, which avoids this scenario 

(Mohammed, 2012). A few of these questions are provided below. The author of this report 

created some fictive answers:  

 

Q A 

What rival products did you 
consider purchasing? 

I checked out the Sony 
Alpha II and the new 
Canon M5.  

What do you think about 
their price? 

Uhmmm, it is a bit too 
high, one of the reasons 
why I choose your first 
camera instead.  

What features would you 
like to be added to the 
camera? 

It would be cool with a 
bigger back button focus 
and a better way to 
connect the shutter to 
Android phones.  

 

These responses will then be put into different classifiers, and at this simple stage, as all the 

answers are different, they would be put into three different classifiers.  

 

A sentence tokenizer and a word tokenizer would then be used in order to strip the textile into 

usable sentences and words. The processes remove common words, and stem the useful ones into 

their root form, to avoid that the agent could recognize the same word as different ones. Further, 
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the tokenizer lemmatizes the words in order to put words which generally mean the same into a 

single box.  

After the text has been tokenized it needs to be transformed into a vector or array that makes sense 

for the project.  

Discussion 
Even though this report purposed one type of agent for solving the research question concerned 

with identifying customer needs, the question could have been rephrased, in terms of what type 

of agent the researcher would have liked to solve the problem.  It is likely that if the research 

question had been designed like many of the examined academic articles, “how can algorithm x 

help solve problem y, and used a unique connection, that the paper could also have contributed 

to the field of CRM and data mining. But the purpose of this paper was not primarily to contribute 

to the already existing literature, but also to suggest a new research direction, which might be 

further looking into or tried to shot down again by fellow researchers. 

When talking about AI, Big Data, and Deep learning, and specifically AI capable of performing 

ever challenging human tasks, it seems that the applause would never end, but supposing that the 

field of CRM would start to incorporate interactive artificial agents capable of acting 

autonomously, into their portfolio of skills any time soon, might be wishful thinking.  

But ass the buzz continues to grow, and perhaps a few more studies gets published, it might be a 

research direction, taken the current easily accessible circumstances into consideration, which 

would be hard not to at least consider.  

 The fact that this research question is so specific in terms of what type of agent should be build, 

and answering a question which has not previous been answer using this particular constellation, 

might cause some bias to be present, as a valuable ground-breaking solution might be pushed too 

hard. Only future studies with in the field could confirm or deny this consideration.  

 

As customer needs where a rather broad determination to use within a research question, it was 

also narrowed down within this report. The determination, customer needs, seem interchangeable 

with customer perceptions and are often used alongside customer behavior, and customer wants. 

Although these different descriptions might be used to describe specific case termed matter, it 

could be an idea for a literature review to investigate on how all these terms are used with CRM 

and whether there is a pattern, or just case specific determinations.  
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Although not touched upon in this report, academic articles are being made on how to securely 

and legally mine customer data, as new laws from EU and within other regions of the world have 

tightened the law and given users more control over their data. The author of this report has 

experienced how social media APIs have been limited, and other data miners might have similar 

experiences. It would be an interesting research area to focus on how data could be mined 

amorously, and still derive some valuable company contributions.  

Conclusion 
This study has shown how an autonomous interactive artificial agent can be designed to identify 

customer needs. To do so, it has used a comprehensive literature review to provide a foundation 

for designing artificial agents, an examination of how customer needs are defined and identified 

within CRM, and how artificial agents within the field have previously been studied.  

The report has found that such an agent could be designed by using a messenger-like app, some 

form of big data, deep neural networks and traditional natural language processing.  

The report has further identified a gap within the academic literature of CRM and data mining, as 

it has not been able to locate a similar study.  

This report is meant to allow other researchers to begin where the author of this report left of, and 

continue to expand research on how this new promising constellation of tools could further 

contribute to customer relationship management and identifying customer needs.  
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Table 1 
Distribution of theoretical books - Literature review 

 

       
  

Theme Strengths Weaknesses References Notes 

Artificial Intelligence, 
Introduction 

It provides a great 
starting point for 
student who would 
like to know a little 
bit of everything. 
The book is one of 
the most cited 
referenced books 
ever within the 
field, and a lot of 
further studies build 
their foundations on 
this book. The book 
works nicely as a 
work of reference.  

The book is from 2010 and does 
not contain information 
regarding Big data. The book is 
a little bit of everything, and a 
full understanding of the 
presented fields requires further 
studies. No code examples are 
given.  

(Russell & Norvig, 2010) A broad 
introduction into 
the field. All 
faces of AI are 
introduced, from 
the humble 
beginnings until 
building 
autonomous cars. 

Artificial Intelligence, 
Introduction 

The book is quite 
short and is kind of 
a less page heavy 
version of Russel & 
Norvigs 
introduction, being 
rather new. it 
provides an 
introduction into 
deep learning.  

It only provides the most 
needed information to get 
started, and does not analyze 
specific case studies in depth. 
Lack some of the prominent AI 
methods. No code examples are 
given.  

(Ertel, 2017) An introduction 
to the most used 
models in AI 
today. To stay 
short, it leaves 
out two of the big 
fields – 
Language 
processing and 
image 
processing.  

Algorithm design A comprehensive 
walk threw of the 
technical side of 
building algorithms. 

Does not analyze algorithms 
according to what group they 
belong to. Does not provide 
code or a broader perspective of 
the field.  

(Kleinberg & Tardos, 
2006) 

A technical 
explanation of 
how to design an 
algorithm, right 
down to calculate 
running time and 
designing the 
most efficient 
algorithm.  

Data Mining, 
broad introduction 

The book holds a 
very detailed and 
complete section on 
clustering 
understanding and 
techniques.  

Data mining techniques are not 
linked to specific fields 

(Jiawei Han, Micheline 
Kamber, 2012) 

A broad 
introduction to 
the field of data 
mining  
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Data mining,  
broad introduction 

A very 
comprehensive 
review of the entire 
data mining field 

The book fails in incorporate 
newly developed data mining 
techniques – Deep Learning, 
Big data. 

(Witten & Frank, 2005)  

Data mining, 
Business perspective 

One of the only 
books which links 
data mining with 
customer 
relationship 
management.  

The book is rather old in terms 
of computer science and some 
new use of algorithms are 
missing.  

(Berry & Linoff, 2004)  

CRM, Analysis 
Framework 

Great overview of 
the history of CRM 
and a very cited 
article 

Lacks different framework 
model critique.  

(Ling & Yen, 2001)  

CRM and Customer 
needs 

Contribute to a 
debate on how to 
gather the most 
usable customer 
information, with a 
brand new 
perspective, and 
present some 
ground-breaking 
research.  

A very one sided book, blaming 
everything wrong with 
innovation on companies not 
being able to retrieve what 
customers really want. 

(Ulwick, 2005)  
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Table 2 

    

Distribution of Academic articles - Literature 
review 

CRM-dimensions Data modelling Data Mining Algorithms References Notes 

Customer retention Association  (M. C. Chen et al., 
2005) 

Behavioral  variables, 
demographic variables, 
and a transaction 
database is used to 
mine customer 
behavior.  

CRM - Data 
mining 

- - (Sun, Li, & Zhou, 2006) Introduction to CRM: 
Adaptive learning, 
forward-looking, 
optimization 

Customer 
development 

Clustering Fuzzy methods (Yu-jie Wang, 2010) Customers are divided 
into clusters based on 
selection preferences, 
Basis of customer 
development 

Customer retention Association, 
Classification, 
Regression 

Neural networks, Linear 
regression 

(Ansari & Riasi, 2016) Customers satisfaction, 
perceived value 
increase = increase in 
degree of loyalty 

Customer retention Classification Support Vector Machine 
(SVM) 

(S. Xu & Qiu, 2008) Churn prediction: 
locating into two 
groups. (1) will churn 
(2) not churn 

Customer retention Classification P-Three based K-Nearest 
Neighbors 

(X. Li et al., 2008) Classifying customers 
feedback regarding 
product characteristics 
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Customer retention Classification Fuzzy methods (Ammar et al., 2008) Analyze customer 
satisfaction survey. 
Identify interesting 
customer groups 

Customer retention Classification Neural networks (Lotko, Korneta, Lotko, 
& Longwic, 2018) 

Classify auto repair 
customers based on 
their loyalty.  

Customer retention Clustering Fuzzy methods (C-Means 
algorithm) 

(Chiang, 2013) Identify high-value 
markets: Coffee-shop 
industry 

Customer retention Classification Decision trees ( C&RT, 
C4.5, ID3) 

(Hendalianpour et al., 
2016) 

Combining three types 
of decision tree 
methods: C&RT, C4.5 
and ID3 to compute 
Mean errors (ME) and 
Variance of Errors 
(VoE) Search for 
customer opinions.  

Customer retention Clustering Neural networks (Hermanto, Suharjito, 
Diana, & Nugroho, 
2018) 

Combines Structural 
approach and time-
series-approach. Goal: 
to provide customers 
with an estimated 
waiting time in banking 
queues. 
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Customer 
development 

Classification Neural networks (Moro, Cortez, & Rita, 
2015) 

Computing customer 
lifetime value (LTV) to 
predict customers 
performance. 

Customer retention Classify & 
Clustering 

K-means (Dwiastuti et al., 2018) Classify consumer 
preferences in textile 
products and use 
clusters to compare 
customer value to 
product quality. PQ 
should be the focus 

Customer retention Clustering Deep learning: Convolution 
Neural networks & Long 
short-term memory., 
compared to – Naïve 
Bayers(NB) and support 
vector machine(SVM) 

(Jain et al., 2018) Using deep learning to 
extract sentiments from 
customer reviews 

Customer retaining Classifying & 
forecasting 

Neural networks (Zoric, 2016) Determine customers at 
the risk of churning 
using NN software 
Alyuda 
Neurointeligence. 
Should focus on 
customers with les than 
three products, and get 
them to buy more. 

Customer retention Association & 
forecasting 

Collaborative filter 
algorithm: CM & CF-M 

(C. Xu, 2013) Construction of a 
recommendation model 
to predict what 
customers might be 
interested in, in the 
future, based on their 
current preferences.  
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Customer 
identification, 
retention & 
Development,  

Classifying, 
clustering, & 
Forecasting 

Neural Networks (Ogwueleka et al., 
2015) 

A model, which is 
capable of detecting 
changes in bank 
customer behavior, is 
developed. Significance 
improvements were 
made in customer 
recognition, service, 
retention & 
development.  

Customer retention Classifying, 
forecasting 

Exploratory factor analysis, 
Neural Network, Linear 
regression 

(Zeinalizadeh, Shojaie, 
& Shariatmadari, 2015) 

Predicting overall 
customer satisfaction: 
Factors are generated 
by EFA, run though 
NN and LR. Relusts: 
Fees & loans, 
Appearnce, and prompt 
service = higest impact.  

Customer 
development 

Classification Neural network (Albu, n.d.) Norman vs. abnormal 
behavior at the ATM is 
analysed. Body 
movements (18% error 
rate) and facial 
expressions (38% error 
rate) are used.   

Customer retention Classification Decision trees, deep 
learning 

(Florez-lopez & 
Ramon-jeronimo, 2009) 

Machine learning 
segmentation has 
higher accuracy than 
traditional statistical 
methods. The CART 
(classification & 
regression trees) model 
shows superior 
performance in 
segmentation. 
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Customer retention Classification Deep learning, long short-
term memory (LTSM, 
often used do analyze 
sequential data – text, 
speech, video.) 

(Yue Wang, Mo, & 
Tseng, 2018) 

Propose a deep 
learning-based 
approach to improve 
the efficiency of 
mapping Customer 
needs to design 
parameters. 

Customer 
identification 

Classification  Neural networks, decision 
trees, Linear regression 

(Linder et al., 2004) All methods are tested. 
Performed better as the 
customer sample size 
grew. Synergistic effect 
when all methods are 
used. Good when 
complexity is unknown 
(real customer bases. 

Model 
Improvement 

- Binary Discernibility 
Matrix 

(J. Li, Wang, & Fan, 
2010) 

Reducing the 
complexity of the 
Binary discernibility 
Matrix algorithm. 

Customer retention Clustering Fuzzy methods (Liang et al., 2010) Studies how customers 
demand could be 
handled using fuzzy 
methods. Especially 
focus on mobile CRM.  

Customer 
identification 

Clustering Fuzzy methods (Fuzzy C-
Means & Fuzzy 
Subtractive) 

(Nugraheni, 2013) Applying fuzzy 
methods to the retail 
industry in order to 
discover potential 
methods  

Model explanation  Classification, 
clustering, 
regression, 
association, 
forecasting, 
sequence discovery. 

Neural Networks & chi-
square automated 
interaction detection 
(CHAID) 

(Rygielski, Wang, & 
Yen, 2002) 

An analysis of the 
different data mining 
tools and the tradeoffs. 
Also touches upon 
issues on privacy and 
trust. 
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Customer retention 
& development 

Clustering Self-organizing maps 
(SOM), K-means 

(Wei et al., 2013) Algorithms are used to 
segment customers and 
develop marketing 
strategies. 

Customer 
identification, 
attraction, retention 

Classifying Support vector machine 
(SVM) 

(Amnur, 2017) Bank x has increased 
their by being able to 
manage and identify 
current, potential and 
former customers.  

Customer 
retention, 
development 

Clustering Deep learning, 
Convolutional Neural 
Networks, Recurrent 
Neural Networks, Long 
Short-term memory.  
National language 
processing (NLP) 

(Ramaswamy & 
Declerck, 2018) 

Using unstructured data 
(Social media, reviews, 
etc.) to understand 
product, brand and 
quality improvements.   

Customer 
retention, 

Classifying, 
Forecasting 

Neural networks, cox 
regression 

(Bahmani, Mohammadi, 
Mohammadi, & 
Moghaddam, 2013) 

Two variables – Age 
and status, are used to 
predict how they affect 
churn rate. 

Customer retention Classifying, 
forecasting 

Neural networks – back-
propagation artificial neural 
networks, self-organizing 
maps (SOM) 

(Tsai & Lu, 2009b) An examination of 
using a hybrid model to 
predict customer churn 
rate. 

Customer retention Association, 
classifying 

Neural networks, Linear 
regression 

(Grønholdt & 
Martensen, 2005) 

Compares Neural 
networks and 
regression. NN are 
more powerfull but no 
one knows wahts goes 
on in the hidden layers. 
Regression or other 
Parametric statistical 
methods (PLS) are 
therefore still best for a 
academic work. 
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Customer retention Classifying, 
Clustering 

Self-organized maps, k-
means/k-means 

(Hong & Kim, 2012) Segmenting customers 
based on psychographic 
data. Classifying: 
system quality, service 
quality, trust. 
Clustering: identifying 
not known customers  

Customer 
identification 

Classification, 
clustering 

Neural networks (Hayashi et al., 2010) Locate distinct 
customer segments 
within people from 
Taiwan who choses or 
do not chooses to eat 
out 

Customer retention Classification Neural networks (Badea, 2014) Information from 
surveys are used to 
predict consumer 
behavior. NN are good 
at being critical 
towards data. 

Customer retention Classification Support vector machines  (Maldonado et al., 
2015) 

Predicting customers 
who might churn by 
classifier construction 
and relevant variable 
selection. 

Customer 
retention, 
development.  

Classification, 
clustering 

Support vector machine (Long et al., 2013) An approach to gather 
customer needs and 
perceptions for use in 
product and service 
development. 

Customer 
retention, 
development 

Classification, 
clustering, 
forecasting 

Support vector machine, 
Artificial Neural networks, 
decision tree, logistic 
regression, naïve Bayesian 
classifier.  

(Guo-en & Wei-dong, 
2008) 

Using algorithms to 
support structural risk 
minimization by 
predicting customer 
churn rate. 



 

 66 

Customer retention Classification, 
prediction 

Support vector machine, 
CART, MARS 

(W. Chen et al., 2009) Using algorithms to 
divide credit card 
applicants into two 
categories: (1) good 
credit, has a great 
possibility to pay back 
loans, (2) bad credit, 
opposite.   

Customer 
development 

Classification, 
regression, 
clustering 

Support vector machines (Bahamonde et al., 
2007) 

Customers preferences 
are mapped, based on 
customer ratings. 
(different food 
products) SVM are able 
to handle food products 
based on thousands of 
attributes. 

Customer retention 
& development 

Forecasting, 
regression, 
clustering 

Support vector machines, 
Extended support vector 
machine, Neural networks, 
decision trees 

(X. Yu et al., 2011) Predicting customer 
churn rate by using 
algorithms. As a result: 
customer churn rate has 
decreased by three 
percent.  

Customer retention Classification, 
forecasting, 
clustering 

Support vector machines (Kim et al., 2013) Combining recency, 
frequency and 
monetary variables and 
SVM to solve the class 
imbalance problem 

Customer retention 
and development 

Classification Support vector machines (Lessmann & Voß, 
2009) 

Generation of a 
reference model used to 
classify, using SVM. A 
meta model  

Customer retention Classification, 
forecasting 

Support Vector machine, 
Hierarchical multiple 
kernel support vector 
machine  

(Z. Chen et al., 2012) Customer churn 
prediction by directly 
using longitudinal 
behavioral data.  
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