'Review of Business & Management' TMP Vol.19., Nr. 1., pp. 31-39. 2023 https://doi.org/10.18096/TMP.2023.01.03

Digital Solutions and Machine Learning Can
Improve Niche Market Reach

ZOLTAN SOMOSI

PH.D. STUDENT

NOEMI HAJDU, PHD

ASSOCIATE PROFESSOR

UNIVERSITY OF MISKOLC
e-mail : hajdu.noemi@uni-miskolc.hu

https://orcid.org/0000-0002-9288-6907

UNIVERSITY OF MISKOLC
e-mail: zoltan.somosi@uni-miskolc.hu

https://orcid.org/0000-0003-2173-8576

SUMMARY

Digital solutions in marketing can help reach niche markets. Marketers have the greatest opportunity ever to address
segments whose needs have not yet been met. Online segmentation techniques allow to better know their characteristics.
The aim of this article is to investigate the segmentation and targeting possibilities of the Google Ads system, which helps
to explore consumer patterns more deeply. Digital marketing solutions help marketers reach niche markets to maximise
the effectiveness of their activities. The goal of this social constructivist research was to find an answer to the question of
whether the segmentation and targeting options of the Google Ads advertising system can sufficiently ensure this. To this
end, we examined the presence of the “target market category’” label in 37 individuals using a face-to-face survey method.

The occurrence of the labels and the actual interests often overlapped.
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INTRODUCTION

The emergence of Marketing 5.0 with modernization
processes has had a significant impact on companies
(Kotler et al., 2021), which has led to changes in
consumer habits in addition to new technological
achievements. This is confirmed by research conducted
by GKID (2022), which shows that in 2021 the number
of online orders in Hungary reached 68.9 million, which
had a value of 1,2 trillion Hungarian forint (HUF).
Contrary to expectations, the high number of orders and
consumers has further increased market intensity and
competition. Today, more than 15,000 online stores are
fighting for the attention of consumers (Molnar, 2021),
which they try to reach with a variety of marketing tools.
Different channels and strategies can be found in digital
form. By categorising outbound and inbound
techniques, Bleoju et al. (2016) published a comparison
table about which they mention that “digital marketing
practitioners believe that the distinction between
inbound and outbound is actually an artificial and
meaningless one. They advocate the idea that no form of
marketing fits into either of these artificial concepts and
propose an overlap position between inbound and
outbound, which they refer to as the grey area” (Bleoju
et al., 2016, p. 5525). This idea is valid in the digital

context, but inbound marketing techniques offer
significant advantages over traditional outbound
marketing techniques (Soco Sales Training, 2021),
including more accurate measurement and stronger
customer engagement, which is an important factor in
lead generation (Halligan, 2021). Lead generation is also
a high priority in customer acquisition, both marketing-
and sales-related (Ehrlich, 2019; Decker, 2021; Sutton,
2021; Keenan, 2022). The importance of efficiency is
also underscored by trends in customer acquisition
costs: the cost per customer has increased by almost
60% in five years. In contrast, the results of a study of
more than 700 companies operating in a subscription
model showed that customer acquisition costs have
increased by only 30% for those focusing on niche
markets (Desai, 2019).
In this paper, we try to answer the following
questions:
e How is it possible to target the right consumers
in the Google Ads system?
e Which types of machine learning can help
companies reach the target audience, and how?
To do so, we use an unconventional qualitative
research methodology based on a review of the literature
on segmentation and machine learning. This includes
Google Ads, which uses tags identified by algorithms
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based on predefined product areas and segmentation
criteria instead of and in addition to surveys.

LITERATURE REVIEW

The Digital Marketing Institute (2018) notes that
machine learning and marketing go hand in hand these
days. Doing one without the other is a mistake no
company can afford to make if it wants to remain
competitive”. According to ECLAC (2016), the
strategic pillar of production lies in data and digitised
knowledge. Consumer databases and information
gathered through automated marketing contribute
significantly to the development of the digital economy.
Customers' habits can be understood in greater detail as
smart devices record users’ every move. By analysing
this data, it is possible to study the consumer's decision-
making process, and based on this information,
individual online stores can optimise their offers for
everyone. In the field of online marketing, the
importance of STP (segmentation, targeting and
positioning) has increased. Kotler and Keller (2016, p.
267) state that “identifying and uniquely satisfying the
right market segments are often the key to marketing
success”. In accordance with their theory “effective
target marketing requires that marketers:

1. identify and profile distinct groups of buyers
who differ in their needs and wants (market
segmentation),

2. select one or more market segments to enter
(market targeting),

3. for each target segment, establish,
communicate, and deliver the right benefit(s)
for the company’s market offering (market
positioning)” (Kotler & Keller, 2016, p. 267).

Customer segmentation is the process of grouping
customers based on commonalities (Wang, 2022). The
most popular segmentation criteria are geographic,
sociodemographic, psychographic and behavioural
(Haley, 1984).

It is interesting to note that in the digital marketplace,
where we essentially have no personal presence of
sellers, we can buy more personalised products and
services than in traditional shop sales. An appropriate
segmentation technique brings several benefits, such as
identifying relevant trends, increasing the effectiveness
of marketing activities, making the right decisions about
promotions, better understanding the customer
experience, and providing relevant products and
services (Turkmen, 2022). Segmentation can be used to
identify market needs that are not currently being met,
and we believe the role of niche marketing has become
more important. “For Internet-based companies, and
especially those using Big Data tools, these technologies
facilitate the development of specific products and
services for specific market segments” (ECLAC, 2022,
p. 38).
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Although Haley (1984) defined the general
expectations and targeting options associated with
segmentation nearly 40 years ago, the most popular
digital marketing ad managers adopted these options at
different times and in different ways. Among these most
popular ad managers, Google Ads (originally Google
Adwords) was the first to use keywords as a setting
option for optimal ad placement (Atkinson, 2014). The
length of the search term affects consumer behaviour, so
the keywords are also suitable for segmentation. In
addition, the length of the search term also plays an
important role for the company, as the search volume,
competition, cost, and conversion rate depend on it
(Barysevich, 2021). Earlier, one of the most effective
ways to learn about consumers was through keyword
research, which engaged both researchers and
practitioners in the 2010s. Books such as Ron Jones'
Keyword Intelligence: Keyword Research for Search,
Social, and Beyond (2011) were written at this time.
Today, its importance has faded into the background; it
is mainly used in search engine optimization. The reason
is that the Google Ads advertising platform has reached
advertisers’ target audiences in nine different ways,
from demographic data to remarketing options, between
2000 and 2017. In this research, we will also explore
these targeting options, for which we will first explore
the knowledge of machine learning techniques and their
application in segmentation.

As we mentioned, artificial intelligence (Al) and
machine learning techniques help us in many areas, not
the least of which is business management. Microsoft
Research (2022) identified three themes in its research.
Theory, Algorithm, Application in the field of machine
learning. Al for science includes the categories of
physics, biology, and sustainability; Al for industry
contains supply chain applications.

Leonel's (2018) step-by-step infographic helps to
understand how machine learning works. Supervised
machine learning (SML) starts from categorized, pre-
labelled inputs that must be augmented until it is able to
separate the data without error, typically using statistical
classification or regression calculations. The application
areas of SML go beyond our expectations to help replace
human activities (Kuhl et al., 2022), image recognition
(He et al., 2015) and speech recognition (Hinton et al.,
2012). Kihl et al. (2022) carried out a study between real
humans and SML to find which learns patterns faster.
The laboratory study with 44 humans was followed by a
study with three different SML algorithms. Their
published results showed that the algorithms
outperformed human recognition 50% of the time, albeit
with slower performance. In their publication, Abdallah
et al. (2022) justify the appreciation of machine learning
techniques because they can effectively evaluate and
identify anomalies that occur between "normal"”
activities, thus actively contributing to cyber-attack
detection. Although in Leonel's (2018) presentation,
cyberattack detection falls under the category of
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unsupervised machine learning, Abdallah et al. (2022)
explain why this is also true for supervised techniques
and explain the steps involved, including data collection
capabilities. Supervised machine learning algorithms
can also be structured in several ways. In the first case,
the so-called IDS (intrusion detection system) identifies
user actions based on whether they are considered
different from usual. However, this requires the prior
definition of huge data sets, which is not possible with
conventional methods (Belavagi & Muniyal, 2016).

In unsupervised learning, on the other hand,
uncategorized, unlabelled inputs are provided, and the
algorithm determines the variables based on a criterion
that serves as the basis for separation. In this case,
clustering and anomaly detection models predominate
(Leonel, 2018). Many studies have been conducted on
both trends in the academic field, but their practical
application also has a great importance. According to
Peng et al. (2022), anomaly detection has become an
important but difficult target of unsupervised methods
due to unbalanced classes and expensive labelling
methods. They proposed an extreme machine learning
method with mutual estimation to track the anomalies.
In their research, they used the dynamic kernel selection

method to perform hierarchical clustering on
unsupervised training data to generate clusters. Based on
this information, we believe that it is difficult to map the
essential  difference  between segmentation and
cyberattack defence, as clustering is a fundamental
necessity for both areas. Unsupervised learning is
considered by Wang and Biljecki (2022) to be a key
element of Al-assisted decision making. Since
Unsupervised Machine Learning does not consider
semantic relations, it is suitable for recognizing
heterogeneous data in texts, images, sounds, or videos
(Jain, 2010). According to our interpretation, the
connection between Jain (2010) and Smith (1956) liesin
the recognition of heterogeneity and its classification
according to certain criteria. Moreover, according to El
Bouchefry and de Souza (2020), UML itself determines
the relevant outputs based on the properties of the data.
Fidan and Erkan Yuksel (2022) used the effectiveness of
different clustering methods in their study on COVID 19
and Price et al. (2022) in risk management (Song & Heo,
2022).

The ideas learned are presented in a summary in
Table 1 that contains definitions, practical operation,
goals, usage, and problem-solving possibilities.

Table 1

Supervised and Unsupervised Machine Learning comparison

Supervised Learning Unsupervised Learning
Definition An activity in which the algorithm An activity in which the system
is taught to separate input data itself finds the differences between
based on given criteria. input data.
Operation Well-defined data is added to the | Operators leave the processing of
system, and the system only maps | the data provided to the system so
the relationship between them. that it can typically map
Data expansion continues until the | relationships from a larger data set
connection is detected. over a longer period, but also be
able to make discoveries that the
user had not thought of.
Goals The “machines” produce not only The “machines” discover a new,
statistical data, but also forecasts previously unknown pattern and
and statements. draw conclusions from it.
Usage Risk analysis, revenue forecasting. Recommendation system
operation, anomaly mapping.
Problem solving possibilities Spam filtering, image recognition, | Audience building, cross-buying
speech recognition. mapping.

Source: Own editing

Among the numerous possible applications of the
unsupervised machine learning technique, one of the

emphasize the

personalized advertising. Therefore, the authors
importance of research providing

most important from the marketing point of view is the
formation of clusters, which can be interpreted as an
essential element of segmentation. Both theorists (van
Leeuwen & Koole, 2022) and practitioners (Das, 2020)
are engaged in UML methods of data-driven
segmentation. In the case of van Leeuwen, the research
was conducted in the hospitality industry to create

replicable results that can be applied by marketing
departments and ultimately help generate profits. Tu et
al. (2010) emphasized that segmentation is partly rule-
based, which can be considered qualitative, and partly
algorithm-based, which can be considered quantitative.
Van Leeuwen and Koole (2022) pointed out in their
research that without the right target and data input, any
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research is doomed to fail. Therefore, they conducted an
algorithm-based segmentation of an audience based on
170,000 hotel guests to determine the lifetime value and
the channel used for booking and to develop a strategy.
Before running the UML algorithm, the number of
clusters must be determined, which greatly affects the
result. It is interesting to note that Google has outlined
in its help which segmentation criteria can be used in the
hospitality category and has only specified the use of its
own data as the result requirement, unlike, for example,
display networks where it has also listed 5 other
categories  (Google.com, 2022). For example,
(Google.com, 2020) identified resellers in the medical
market based on their income, number of patients, total
number of prescriptions, and years of experience, and
then stated that this is just a form of unsupervised
machine learning because there are no predefined rules
on how to group the data. The step-by-step article by
Alzahrani (2021) helps to understand the solution of
segmentation with unsupervised machine learning
techniques. Consistent with van Leeuwen and Koole's
(2022) statement, the first step was to describe the
problem in the company, the second step was data
exploration, the third step was data preparation, the
fourth step was applying the model, and the fifth step
was evaluating the results.

An interesting fact to read in on the website Data-
flair (2019) is that “Google has declared itself a machine
learning-first company.” Given this, it is not surprising
that Google is using the technology in a variety of
services — speech recognition, image recognition,
translation, personalized advertising — and in addition
the company is also investing resources in the
development of healthcare, robotics and quantum
computing (Google Al, 2022). However, Google states
on its official website that supervised learning offers
more opportunities than unsupervised machine learning
(Google Developers, 2022). Lawrence (2021) published
a detailed guide on how business owners can use the data
obtained in the Google Analytics program for
segmentation with unsupervised machine learning
techniques.

Even after an extensive and thorough search, it is not
clear what type of method Google uses to segment
consumers. However, based on the information we have,
we assume that it uses predefined variables and
constantly makes new inputs and refinements to tag
consumers with a supervised machine learning
technique that is linked to the targeting options of the
Google Ads system, using different algorithms. In this,
advertisers have several categories at their disposal to
optimize the size and composition of their audience.
These are as follows:

e  Affinity segments: available based on a holistic
picture of the consumer, based on their
lifestyle, passions and habits.

e Life-events: Along major life milestones, such
as a graduation, a move, or a marriage. They

o

can be used to create a smaller segment because
it affects fewer people and less frequently than
general interest, but it is usually larger than in-
market segments because reaching a milestone
can trigger many purchases.

e In-Market Segments: a group of consumers
who are considering buying a particular
product or service.

e Detailed Demographics: segments based on
common characteristics shared by a large
portion of the population.

e  Custom segments, custom intent segments, and
remarketing segments are other methods that
are not affected from the perspective of our
research.

The full list of Vidhoarder.com (2022), including all
segmentation options, reached 4,809 variables. The
range of variables included in this study is much smaller.
We are looking for the answer among the simpler
targeting options to see if they are suitable to reach niche
market, and at the same time we are looking for the
answer to possible shortcomings in Google tagging.
Thomas (2020), the author of Yieldify platform, has
defined four categories for segmentation, three of which
are compatible with  Google’'s methodology:
Demographic, Psychographic, Affinity, Behavioural,
In-Market Segments.

In the other sections of our publication, we present
the research method, results, and conclusion.

The goal of our analysis is to examine Google's
segmentation and targeting options, their accuracy and
applicability. Since artificial intelligence and various
machine learning systems play a role in this, the paper
also draws attention to the extent to which these ensure
that the target audience and niche market for the various
manufacturers and retailers are reached.

RESEARCH METHOD

Based on information from theorists and practitioners,
we identified the segmentation variables and targeting
criteria that sellers of predefined products and services
intend to use in our target audience, whose are students
at the University of Miskolc, Faculty of Economics. In
total, we identified 41 such targeting options. In a face-
to-face survey of 37 individuals, we asked the sample to
confirm the presence or absence of tags for individuals
by looking at Google ad preferences. In this research,
respondents had to answer a dichotomous, closed-ended
question about whether the area of interest indicated by
each label really applies at the moment. We did not use
a scaling technique in the survey. We addressed a typical
shortcoming of research: the subjectivity of responses.
We stated that an Al that tracks consumer activity could
provide a more accurate picture than consumer opinion
— since it can be interpreted as a form of observation —
OVer many years.
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In the second phase of our research, we examined
how many of the predefined product and service
categories identified had segmentation factors with the
potential to create a niche market. In this case, we
considered more than 80 interest- and hobby-based

targets in Google Ads, as well

demographic targets.

RESULTS

as additional

In this section of the study, we present the proportion of
the Google tagging system that displayed certain

Table 1

segmentation-related tags for the respondents, and then
we also discuss how many segmentation groups can be
filtered in the Google advertising system in order to sell
a product of our choice

Table 2 contains the best data, sorted by median rate,
and the worst, in terms of display ratio, among the 41
criteria examined in the survey, we conducted, as
described in the research methodology section. The
name can be seen in the "Designation” column, the
category in the "Segment Type" column, the appearance
rate in the "Appearance Rate" row, and the actual
interest/performance ratio in the "Actual Rate" row.

Appearance and actual rate of Google Tags on customers’ ad settings

Additional information Tags Segment type | Appearance rate | Actual rate
Mostly appeared Google Tag Age Demographics | 100% 100%
Mostly appeared Google Tag Mobile phones In-market 97.3% 41%
segments
Mostly appeared Google Tag Love Songs Affinity 97.3% 100%
Mostly appeared Google Tag Material status Detailed 97.3% 100%
demographics
Mostly appeared Google Tag Gender Demographics | 97.3% 100%
Mostly appeared Google Tag Movie lovers Affinity 94.6% 100%
Google tag sorted by median Starting a Life events 68% 27%
business soon
Google tag sorted by median Video games In-market 54% 46%
segments
Google tag sorted by median Laptop, In-market 51% 62%
Notebook segments
Google tag sorted by median 10S phones In-market 46% 62%
segments
Google tag sorted by median Android phones In-market 38% 49%
segments
Google tag sorted by median Outdoor In-market 35% 24%
recreational segments
equipment
Least appeared Google Tag Movie streaming | In-market 27% 89%
services segments
Least appeared Google Tag Test preparation | In-market 24% 3%
and tutoring segments
Least appeared Google Tag Perfumes and In-market 24% 65%
fragrances segments
Least appeared Google Tag Open online In-market 22% 5%
courses segments
Least appeared Google Tag Swimwear In-market 19% 8%
segments
Least appeared Google Tag Single Detailed 11% 41%
demographics

Source: Own editing

In our study, we collected data on demographics,

detailed demographics, life events, partners, and market
segments. As can be seen in Table 2, the appearance rate
of the predefined 41 labels used for the segmentation of
the target group is very different. The appearance rate of
the label reached the maximum rate for age (accuracy

was also reasonable, it can narrow consumers into age-
based segments), followed by mobiles, music lovers,
material status and gender with a frequency of 97.3%.
These categories can be interpreted as different criteria
that accurately reflect actual interest (or in the case of
demographics, accuracy), with the exception of interest
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in cell phones, which, unlike the label, covers only 41%
of actual interest. In the median of the 41 items the
Market Segments category usually appears, showing
little difference between the proportion of those with the
label and those who are truly interested. An interesting
finding is that in the case of 10S and Android devices,
the overall real interest of respondents is above 100%,
which is because a user has shown interest in both types.
As for starting a business, which is the only item listed
in the table as a life event, it is significantly
overestimated by Google algorithms. Even among
correctly labelled users, whose actual intention differs
from 68%, only 27% intend to start a business in the next
three years. Regarding the release rate of labels, the
worst six elements among the university students
surveyed mainly refer to the segment within the market.
For the use of streaming services and the purchase of
perfume, the target market is more difficult to reach with
ads based on this information, as it represents a lower
percentage than the actual prospects, only 27% and
24%, respectively, for this indicator.

Table 2

The information collected by Google's machine
learning technique appeared in the variables of the
different criteria with varying accuracy compared to the
actual interest. From this information, practitioners
responsible for advertising can conclude that even with
the most careful advertising settings the targeting
options of the advertising system can easily lead to
inaccurate results and reach people outside the target
audience.

In Table 3, we looked for the answer to whether the
combination of more than 80 segmentation criteria can
be considered a suitable solution for creating niche
markets, so that companies and entrepreneurs can keep
customer acquisition costs lower, in line with modern
trends. The table contains 10 predetermined categories
of products/services, which are considered goods
typically used by the respondents (university students).
We examined the segment categories separately (In-
Market Segments, Life events, Detailed Demographics,
Affinity) and then determined the set of characteristics
applicable to the formation of the niche market in an
aggregated manner.

Google Ads targeting possibilities to reach niche segments of university students

In-Market Life events Detailed Affinity Niche
Segments Demographi segment
cs targeting
Premium laptops 1 2 2 3 8
Premium mobile phones 1 2 2 3 8
Premium perfumes 1 2 2 1 6
Sports equipments 1 2 2 1 6
Vehicles 1 2 2 1 6
Online classes 2 2 2 1 7
Music streaming 3 2 2 2 8
Video streaming 2 2 2 2 8
Cosmetic services (like 1 2 2 1 6
beauty salons)
Restaurants and their 1 2 2 1 6
services

Source: Own editing

As can be seen in Table 3, the number of attributes
belonging to each product and service criterion varies
between 1-3. By setting different criteria variables in the

Google Ads system, the niche market belonging to the
specified categories can have 6-8 attributes when
creating an individual target group.
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CONCLUSIONS

Marketers are under increasing pressure to make their
sales activities as efficient as possible. One way to do
this is to sell to consumer segments whose needs are not
being met in the marketplace. Niche marketing is the
solution to this problem and helps create a loyal
customer base. The resurgence of segmentation has been
ushered by online marketing, as Big Data and Al can be
used to learn more about consumer habits. With the
application of machine learning, targeting, reaching, and
identifying niche markets has become attainable.

In our study, we examined the various labels of the
Google Ads system. We did qualitative research where,
instead of a consumer survey, we focused on the
presence or absence of labels in Google's advertising
settings, which are also freely available for consumers
to view. In addition to display rate, we also used
consumer survey data to provide some accuracy in the
labelling methodology used by Google Ads. Ratings in
the six most typical categories, the middle six categories
sorted by median, and the six most atypical categories
vary widely, and actual interest matches measured data
does not match well with the Google Ads labels. This is
likely due to shortcomings on the user side of the ad
settings. Examining a larger sample and including more
tags may provide a more accurate picture of
effectiveness. The second phase of our study is based on

the four segmentation categories mentioned in the
literature review, namely in-market segments, affinity,
detailed demographics, and life events. Among these
variables, we explored how many options can be applied
to narrow down the target audience for products and
services that are typically of interest to the target
audience (here, university students). Normally, their
number is between 6-8, which of course can be further
optimized by Google's additional factors not included in
the research. The comparative analysis of the two tables
can again be interpreted as a suggestion for practitioners
to get an optimal picture of the category to set up ad
targeting.

Limitations of the research:

e The number of respondents is relatively low;
only 37 people were included in the qualitative
research.

e The attributes asked during the research only
contained the most characteristic features of
the target group, so the majority of labels were
not affected.

e The research can only be used when setting up
the individual target audience and only affected
the In-Market Segments, Life events, Detailed
Demographics and Affinity factors. Additional
targeting optimization options were not
included in the research, such as remarketing
options, use of keywords, etc.

Author’s contribution

Zoltan Somosi was responsible for 60% of the overall work. He conceived and designed the study, collected the data,

performed the analysis and wrote the paper.

Noémi Hajdu contributed 40 % to the study. She collected the data, performed the analysis; and also wrote and translate

the paper.

REFERENCES

Abdallah, E. E., Eleisah, W., & Otoom, A. F. (2022). Intrusion Detection Systems using Supervised Machine Learning
Techniques: A survey. Procedia Computer Science, 201, 205-212. https://doi.org/10.1016/j.procs.2022.03.029

Alzahrani, L., A. (2021, July 14). Customer Segmentation: Unsupervised Machine Learning Algorithms in Python.
Towards Data Science. Retrieved September 2022, from https://www.towarsdatascience.com

Atkinson, G., Driesener, C., & Corkindale, D. (2014). Search engine advertisement design effects on click-through
rates. Journal of Interactive Advertising, 14(1), 24-30. https://doi.org/10.1080/15252019.2014.890394

Barysevich, A. (2021, July 19). Long-Tail Keyword Strategy: Why & How to Target Intent for SEO. Search Engine
Journal. Retrieved October 2022, from https://www.searchenginejournal.com/keyword-research/long-tail-keywords/

Belavagi, M. C., & Muniyal, B. (2016). Performance Evaluation of Supervised Machine Learning Algorithms for
Intrusion Detection. Procedia Computer Science, 89, 117-123. https://doi.org/10.1016/j.procs.2016.06.016

Bleoju, G., Capatina, A., Rancati, E., & Lesca, N. (2016). Exploring organizational propensity toward inbound—outbound
marketing techniques adoption: The case of pure players and click and mortar companies. Journal of Business
Research, 69(11), 5524-5528. https://doi.org/10.1016/j.jbusres.2016.04.165

37


https://doi.org/10.1016/j.procs.2022.03.029
http://www.towarsdatascience.com/
https://doi.org/10.1080/15252019.2014.890394
https://www.searchenginejournal.com/keyword-research/long-tail-keywords
https://doi.org/10.1016/j.procs.2016.06.016
https://doi.org/10.1016/j.jbusres.2016.04.165

Zoltdm Somosi — Noémi Hajdu

Das, A. (2020, April 17). Segmentation using Unsupervised Learning Technique - Clustering. Medium. Retrieved October
2022, from https://www.towarsdatascience.com

Dataflair.com (2019). How Google uses Machine Learning to revolutionise the Internet World? Data Flair. Retrieved
October 2022, from https://data-flair.training/

Decker, A. (2021). The Ultimate Guide to Customer Acquisition for 2022. Hubspot. Retrieved September 2022, from
https://blog.hubspot.com/service/customer-acquisition

Desai, N. (2019, August 14). How Is CAC Changing Over Time? ProfitWell. Retrieved September 2022, from
https://www.profitwell.com/recur/all/how-is-cac-changing-over-time

Digital Marketing Institute (2018, June 05). 7 Ways Machine Learning Can Enhance Marketing. Digital Marketing
Institute. Retrieved September 2022, from https://digitalmarketinginstitute.com/blog/7-ways-machine-learning-can-
enhance-marketing

ECLAC (2016): Social Panorama of Latin America, 2016. (LC/PUB.2017/12-P), Santiago: Economic Commission for
Latin America and the Caribbean. Retrieved September 2022, from https://repositorio.cepal.org/handle/11362/41599
Published: 2017.

ECLAC (2022): Digital technologies for a new future. (LC/TS.2021/43), Santiago: Economic Commission for Latin
America and the Caribbean. Retrieved September 2022, from
https://www.cepal.org/sites/default/files/publication/files/46817/S2000960_en.pdf Published: 2021.

Ehrlich, J. (2019, April 19). What is Customer Acquisition? Demand Jump. Retrieved October 2022, from
https://www.demandjump.com/blog/what-is-customer-acquisition

El Bouchefry, K. & de Souza, R. S. (2020). Learning in Big Data: Introduction to Machine Learning. In P. Skoda. & F.
Adam (eds.), Knowledge Discovery in Big Data from Astronomy and Earth Observation, (pp. 225-249).
https://doi.org/10.1016/b978-0-12-819154-5.00023-0

Fidan, H., & Yuksel, M. E. (2022). A comparative study for determining Covid-19 risk levels by unsupervised machine
learning methods. Expert Systems with Applications, 190, 116243. https://doi.org/10.1016/j.eswa.2021.116243

GKID. (2022, March 24). 70 millié online vasarlas porgeti az e-kereskedelmet. GKI Digital & Arukeresé. Retrieved
October 2022, from https://gkid.hu/2022/03/24/70-millio-online-vasarlas/

Google Al. (2022). Google Al. Retrieved October 2022 from https://ai.google/

Google Developers. (2022). Supervised Learning Machine Learning Google Developers. Retrieved October 2022, from
https://developers.google.com/machine-learning/intro-to-ml/supervised

Google.com. (2022). About audience targeting. Google Ads Help. Retrieved October 2022, from
https://support.google.com/google-ads/answer/2497941?hl=en

Haley, C. B. (1984). Valuation and Risk-Adjusted Discount Rates. Journal of Business Finance & Accounting, 11(3),
347-353. https://doi.org/10.1111/j.1468-5957.1984.tb00754.x

Halligan, B. (2021, October 08). Inbound Marketing vs. Outbound Marketing. HubSpot. Retrieved October 2022, from
https://blog.hubspot.com/blog/tabid/6307/bid/2989/inbound-marketing-vs-outbound-marketing.aspx

He, K., Zhang, X., Ren, S., & Sun, J. (2015). Deep Residual Learning for Image Recognition. arXiv (Cornell University).
Retrieved October 2022, from https://arxiv.org/abs/1512.03385 https://doi.org/10.48550/arxiv.1512.03385

Hinton, G., Deng, L., Yu, D., Dahl, G., Mohamed, A., Jaitly, N., Senior, A., Vanhoucke, V., Nguyen, P., Sainath, T., &
Kingsbury, B. (2012). Deep Neural Networks for Acoustic Modeling in Speech Recognition: The Shared Views of
Four Research Groups. IEEE Signal Processing Magazine, 29(6), 82-97. https://doi.org/10.1109/msp.2012.2205597

Jain, A. K. (2010). Data clustering: 50 years beyond K-means. Pattern Recognition Letters, 31(8), 651-666.
https://doi.org/10.1016/j.patrec.2009.09.011

Jones, R. (2011). Keyword Intelligence: Keyword Research for Search, Social, and Beyond. SYBEX Inc., USA.

Keenan, M. (2022, June 07). A Complete Guide to Customer Acquisition for Startups. Help Scout. Retrieved September
2022, from https://www.helpscout.com/customer-acquisition/

Kotler, P., & Keller, K. L. (2016). Marketing Management (14th edition). Shanghai: Shanghai People's Publishing House.

Kotler, P., Kartajaya, H., & Setiawan, I. (2021). Marketing 5.0: Technology for humanity. Hoboken, NJ, USA: John Wiley
& Sons.

Kihl, N., Goutier, M., Baier, L., Wolff, C., & Martin, D. (2022). Human vs. supervised machine learning: Who learns
patterns faster? Cognitive Systems Research, 76, 78-92. https://doi.org/10.1016/j.cogsys.2022.09.002

Lawrence, R. (2021, September 27). How to segment your website audience with unsupervised machine learning. Rise at

Seven. Retrieved October 2022, from https://riseatseven.com/blog/audience-segmentation-with-machine-learning/

Leonel, J. (2018, June 02).Supervised Learning. Medium. Retrieved September 2022, from
https://medium.com/@jorgesleonel/supervised-learning-c16823b00c13

Mathworks.com. (2023). What is Machine Learning? MathWorks. Retrieved October 2022, from
https://www.mathworks.com/discovery/machine-learning.html

Microsoft Research. (2022). Machine Learning Area. Microsoft Research. Retrieved October 2022, from
https://www.microsoft.com/en-us/research/group/machine-learning-research-group/research/

Molnar, Cs. (2021, May 17). Mindent visznek a webaruhazak. (The websites take it all). Napi.hu. Retrieved June 2022,
from https://www.napi.hu/magyar-gazdasag/vasarlas-webaruhaz-forgalom-forint-jarvany.729238.html

38


http://www.towarsdatascience.com/
https://data-flair.training/
https://blog.hubspot.com/service/customer-acquisition
https://www.profitwell.com/recur/all/how-is-cac-changing-over-time
https://digitalmarketinginstitute.com/blog/7-ways-machine-learning-can-enhance-marketing
https://digitalmarketinginstitute.com/blog/7-ways-machine-learning-can-enhance-marketing
https://repositorio.cepal.org/handle/11362/41599
https://www.cepal.org/sites/default/files/publication/files/46817/S2000960_en.pdf
https://www.demandjump.com/blog/what-is-customer-acquisition
https://doi.org/10.1016/b978-0-12-819154-5.00023-0
https://doi.org/10.1016/j.eswa.2021.116243
https://gkid.hu/2022/03/24/70-millio-online-vasarlas/
https://ai.google/
https://developers.google.com/machine-learning/intro-to-ml/supervised
https://support.google.com/google-ads/answer/2497941?hl=en
https://doi.org/10.1111/j.1468-5957.1984.tb00754.x
https://blog.hubspot.com/blog/tabid/6307/bid/2989/inbound-marketing-vs-outbound-marketing.aspx
https://arxiv.org/abs/1512.03385
https://doi.org/10.48550/arxiv.1512.03385
https://doi.org/10.1109/msp.2012.2205597
https://doi.org/10.1016/j.patrec.2009.09.011
https://www.helpscout.com/customer-acquisition/
https://doi.org/10.1016/j.cogsys.2022.09.002
https://riseatseven.com/blog/audience-segmentation-with-machine-learning/
https://medium.com/@jorgesleonel/supervised-learning-c16823b00c13
https://www.mathworks.com/discovery/machine-learning.html
https://www.microsoft.com/en-us/research/group/machine-learning-research-group/research/
https://www.napi.hu/magyar-gazdasag/vasarlas-webaruhaz-forgalom-forint-jarvany.729238.html

Digital Solutions and Machine Learning Can Improve Niche Market Reach

Peng, X., Li, H., Yuan, F., Razul, S. G., Chen, Z., & Lin, Z. (2022). An extreme learning machine for unsupervised online
anomaly detection in multivariate time series. Neurocomputing, 501, 596-608.
https://doi.org/10.1016/j.neucom.2022.06.042

Price, G. D., Heinz, M. V., Zhao, D., Nemesure, M., Ruan, F., & Jacobson, N.C. (2022). An unsupervised machine
learning approach using passive movement data to understand depression and schizophrenia. Journal of Affective
Disorders, 316, 132-139. https://doi.org/10.1016/j.jad.2022.08.013

SOCO Sales Training (2019). Traditional Prospecting VS Modern Prospecting Strategies: How To Get Results. SOCO
Sales Training. Retrieved September 2022, from https://www.socoselling.com/traditional-prospecting-vs-modern-
prospecting-strategies/

SOCO Sales Training (2021). Outbound Sales Explained: Techniques, Strategies & Best Practices. SOCO Sales Training.
Retrieved October 2022, from https://www.socoselling.com/outbound-sales-explained-techniques-strategies-best-
practices/

Sutton, M-R. (2021). Customer Acquisition: How to Calculate It and Create a Strategy. Shopify. Retrieved September
2022, from https://www.shopify.com Updated: 23 March 2023.

Tu, N., Dong, X., Rau, P. & Zhang, T. (2010). Using cluster analysis in Persona development. In Proceedings of the 8th
conference on Supply Chain Management and Information Systems. 8th International Conference on Supply Chain
Management and Information, Hong Kong, China, IEEE Conference Publication, 1-5.
https://ieeexplore.ieee.org/document/5681684

Turkmen, B. (2022). Customer Segmentation with machine learning for online retail industry. The European Journal of
Social and Behavioural Sciences, 31(2), 111-136. https://doi.org/10.15405/ejsbs.2022.04.issue-2

van Leeuwen, R., & Koole, G. (2022). Data-driven market segmentation in hospitality using unsupervised machine
learning. Machine Learning with Applications, 10, 100414. https://doi.org/10.1016/j.mlwa.2022.100414

Vidhoarder.com. (2022). The Ultimate List of Google Ads Targeting (Complete List of Audiences, Topics, and More!).
Vid Hoarder Blog. Retrieved October 2022, from https://blog.vidhoarder.com/the-ultimate-list-of-google-ads-
targeting/

Wang, C. (2022). Efficient customer segmentation in digital marketing using deep learning with swarm intelligence
approach. Information Processing & Management, 59(6), 103085. https://doi.org/10.1016/j.ipm.2022.103085

Wang, J., & Biljecki, F. (2022). Unsupervised machine learning in urban studies: A systematic review of applications.
Cities, 129, 103925-103925. https://doi.org/10.1016/j.cities.2022.103925

Yieldify.com (2022). 4 Types of Market Segmentation with Real-World Examples. Yieldify. Retrieved October 2022,
from https://www.yieldify.com/blog/types-of-market-segmentation/ Published: 06. December 2021.

Copyright and License

‘ @ @ \ This article is published under the terms of the Creative Commons Attribution (CC BY 4.0)
License.

https://creativecommons.org/licenses/by/4.0/



https://doi.org/10.1016/j.neucom.2022.06.042
https://doi.org/10.1016/j.jad.2022.08.013
https://www.socoselling.com/traditional-prospecting-vs-modern-prospecting-strategies/
https://www.socoselling.com/traditional-prospecting-vs-modern-prospecting-strategies/
https://www.socoselling.com/outbound-sales-explained-techniques-strategies-best-practices/
https://www.socoselling.com/outbound-sales-explained-techniques-strategies-best-practices/
https://www.shopify.com/
https://ieeexplore.ieee.org/document/5681684
https://doi.org/10.15405/ejsbs.2022.04.issue-2
https://doi.org/10.1016/j.mlwa.2022.100414
https://blog.vidhoarder.com/the-ultimate-list-of-google-ads-targeting/
https://blog.vidhoarder.com/the-ultimate-list-of-google-ads-targeting/
https://doi.org/10.1016/j.ipm.2022.103085
https://doi.org/10.1016/j.cities.2022.103925
https://www.yieldify.com/blog/types-of-market-segmentation/



