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ABSTRACT 
 

This research investigates the evolution of computerised data mining techniques and their 

qualitative applications in marketing strategies. Data mining, central to extracting patterns 

from large datasets, has significantly transformed marketing practices. The study traces 

historical developments, highlighting milestones and technological advancements that 

shaped its growth. Using a qualitative approach, including professional interviews and case 

study analysis, it examines how businesses employ these techniques for customer 

segmentation, predicting behaviour, and optimising campaigns. Findings indicate 

increasing reliance on advanced algorithms and machine learning for actionable insights. 

Challenges such as data protection, implementation complexity, and the need for skilled 

expertise are emphasised, alongside opportunities for innovation and improved decision-

making. By offering insights into qualitative aspects of data mining’s development and 

strategic use, the study enriches marketing and data science literature and points to future 

advancements in marketing technologies. 
 

Keywords: Data mining; Marketing strategies; Customer segmentation; Predictive 
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1.0 Introduction 
 

Data mining is a crucial component of contemporary analytics. It involves 

uncovering patterns and extracting valuable insights from extensive databases using 

algorithms and statistical approaches (Ha et al., 2011).  
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This field has evolved significantly since its inception, driven by advancements in 

computational power, algorithmic development, and the exponential growth of digital data. 

Early data mining methods were primarily statistical and focused on simple pattern 

recognition. However, the advent of machine learning and artificial intelligence has 

revolutionised this domain, enabling the development of more sophisticated techniques 

capable of handling complex and voluminous data (Witten et al., 2011). The relevance of 

data mining to marketing cannot be overstated. Nowadays, firms that want to improve their 

marketing tactics must be able to analyse and understand client data effectively since there 

is so much of it. Data mining techniques, such as clustering, classification, and association 

rule mining, can be used to segment customers, anticipate consumer behaviour, and identify 

product-to-product links (Linoff & Berry, 2011). These strategies enable marketers to 

develop highly customised and focused marketing programmes, resulting in heightened 

client engagement and loyalty (Ngai et al., 2011). Clustering algorithms allow firms to 

discover separate client segments by analysing their purchasing behaviour and 

demographics. This helps in creating customised marketing plans for each category (Wedel 

& Kamakura, 2000). 

Moreover, predictive analytics, a subset of data mining, helps businesses forecast 

future trends and consumer behaviours, allowing them to make proactive and informed 

marketing decisions (Shmueli et al., n.d.). Sentiment analysis, utilising natural language 

processing (NLP), helps marketing endeavours by examining customer feedback and social 

media interactions to assess public sentiment towards products and brands (Pang & Lee, 

2008). These applications underscore the transformative impact of data mining on 

marketing, enabling companies to leverage data-driven insights to optimise their strategies 

and achieve competitive advantages.  

Despite the significant advancements and widespread adoption of data mining 

techniques in marketing, there remains a notable gap in the qualitative understanding of 

their development and application. Most existing research focuses on the technical aspects 

and quantitative performance metrics of data mining, often neglecting the experiential and 

contextual factors that influence its implementation and effectiveness in real-world 

marketing scenarios (Fayyad et al., 1996). This gap is particularly evident in the limited 

exploration of how marketing professionals perceive and utilise these techniques within 

their organisational contexts. The current literature predominantly highlights the technical 

capabilities and algorithmic improvements in data mining, providing extensive quantitative 

analyses of their efficiency and accuracy (Ha et al., 2011; Witten et al., 2011). 

Nevertheless, there is a scarcity of research that thoroughly examines the qualitative aspects 

of data mining. This includes the practical difficulties that marketers encounter when 

incorporating these techniques into their strategies, the organisational factors that either 
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support or impede their adoption, and the tangible effects on marketing practices and results 

in the real world (Ngai et al., 2011). 

It is imperative to address this gap for multiple reasons. Firstly, gaining a 

comprehensive understanding of the qualitative components of data mining can offer 

valuable insights into the contextual factors that impact its effective implementation, hence 

providing practical assistance for marketers. Second, it can reveal the human and 

organisational elements that quantitative metrics alone cannot capture, such as user 

acceptance, perceived usefulness, and the socio-technical dynamics within marketing teams 

(Davis, 1989). Finally, a qualitative perspective can complement the existing quantitative 

research, providing a more holistic understanding of the development and application of 

data mining in marketing. This study seeks to narrow this divide by offering a qualitative 

examination of the advancement and use of computerised data mining methods in 

marketing tactics. This study aims to reveal the experiential and contextual aspects that 

influence the utilisation of data mining in marketing by conducting extensive interviews 

with marketing professionals and analysing thorough case studies. By doing so, it 

contributes to a more comprehensive understanding of how these techniques are perceived, 

implemented, and leveraged to enhance marketing effectiveness in real-world settings. 
 

1.1 Objectives 

The primary goals of this research are to: 

• Trace the historical development and evolution of computerised data mining 

techniques. 

• Explore the current trends and advancements in data mining relevant to marketing. 

• Investigate the practical applications of data mining in marketing strategies through 

qualitative insights from industry professionals and case studies. 

• Identify the challenges and opportunities associated with implementing data mining 

techniques in marketing. 

The attainment of these goals is intended to contribute to a thorough comprehension 

of the development and application of data mining in the marketing sector. In order to help 

marketers make better strategic decisions and gain a competitive edge, it aims to close the 

knowledge gap between technological innovations and real-world applications. It does this 

by providing insightful analysis that can influence future studies. 
 

2.0 Literature review 
 

2.1 Historical development 

The development of computerised data mining techniques may be traced back to 

the late 20th century, characterised by notable progress in database management systems 
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and the growing accessibility of digital data. Initially, data mining methods were 

predominantly statistical, focusing on basic pattern recognition, clustering techniques, and 

simple descriptive analyses (Fayyad et al., 1996). These early techniques were limited in 

scope and capability, primarily due to the computational constraints of the time. In the 

1990s, data mining entered a new phase characterised by the emergence of advanced 

algorithms and the integration of machine learning techniques. These developments greatly 

enhanced the functionality of data mining tools.  

Notable developments during this period included the creation of decision trees, 

neural networks, and association rule mining, which provided more robust and flexible 

methods for extracting patterns from large datasets (Witten et al., 2011). These innovations 

laid the groundwork for modern data mining practices, allowing for more complex and 

nuanced analyses of data. The rapid growth of computational power and storage capacity 

further facilitated the evolution of data mining. Advances in hardware and software 

technologies enabled the processing of larger datasets and more complex analyses, making 

data mining more efficient and accessible (Hamdi et al., 2022). This era also saw the 

development of integrated data mining environments that combined various techniques and 

tools, enhancing the ability to perform comprehensive data analyses. 

 

2.2 Current trends 

The rapid progress in data mining is fuelled by the widespread availability of large-

scale data and the incorporation of artificial intelligence (AI). Advanced methodologies like 

deep learning and reinforcement learning have surfaced, providing unparalleled precision 

and predictive capability. Deep learning, in particular, has revolutionised data mining by 

enabling the analysis of vast amounts of unstructured data, such as images and text, with 

remarkable precision (Lecun et al., 2015). Natural language processing (NLP) has also 

significantly expanded the scope of data mining applications.  

By enabling the analysis of textual data, NLP allows for sophisticated sentiment 

analysis and more nuanced consumer insights, providing a deeper understanding of 

customer opinions and behaviours (Young et al., 2018). The emergence of the Internet of 

Things (IoT) has led to a shift in data processing towards real-time analysis, which has 

created new opportunities for data mining. Internet of Things (IoT) devices produce 

uninterrupted data streams that can be promptly analysed, allowing for flexible and 

responsive marketing campaigns that adjust to consumer behaviour in real time (Chen et al., 

2014). Moreover, the combination of blockchain technology and data mining offers novel 

prospects for conducting secure and transparent data analysis, hence improving trust and 

accountability in data-centric decision-making (Casino et al., 2019). 
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2.3 Applications in marketing 

Data mining has found extensive applications in marketing, significantly enhancing 

the ability to manage customer relationships, target marketing efforts, and optimise product 

offerings. Clustering methods are utilised to divide clients into groups based on their 

purchasing behaviour and demographics, enabling the implementation of customised and 

efficient marketing tactics (Wedel & Kamakura, 2000). Businesses have the ability to 

discover consumer segments that are highly valuable and customise their marketing efforts 

to cater to the individual demands and preferences of these groups. Classification 

algorithms are used to predict customer churn, enabling businesses to proactively 

implement retention strategies. Companies may enhance customer loyalty and decrease 

churn rates by identifying customers who are at risk of leaving and implementing focused 

interventions (Neslin et al., 2006).  

Association rule mining is utilised to identify product affinities, informing cross-

selling and upselling strategies. By analysing the patterns of commonly co-purchased items, 

firms may strategically manage their inventory and marketing strategies to effectively 

promote complimentary products, hence boosting overall sales (Linoff & Berry, 2011). 

Furthermore, sentiment analysis through NLP allows companies to gauge consumer 

opinions and tailor their communication strategies accordingly. By analysing social media 

posts, reviews, and other textual data, businesses can gain real-time insights into customer 

sentiment. This enables them to respond quickly to negative feedback and capitalise on 

positive trends (Pang & Lee, 2008). 

 

2.4 Theoretical structure 

The theoretical foundation of the study rests on a number of core concepts that 

provide credence to the use of data mining techniques in marketing. According to the TAM, 

which stands for the Technology Acceptance Model, the way people perceive the ease of 

use and utility of a technology has a substantial impact on whether they choose to accept it 

or not (Davis, 1989). This model is particularly relevant for understanding the factors that 

drive marketers to integrate data mining tools into their strategies. It stresses the need for 

data mining tools to have intuitive interfaces and measurable advantages to encourage their 

adoption. The Diffusion of Innovations Theory is a useful framework for analysing how 

new technologies, such as data mining techniques, propagate throughout an organisation in 

the marketing domain (Rogers, 2003).  

This theory emphasises the role of social systems, communication channels, and 

innovation attributes in the adoption process. Strategic resources and competencies that 

offer a competitive advantage are the primary emphasis of the Resource-Based View (RBV) 

of the firm, which forms the basis of this study as well. RBV illustrates how data mining 
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capabilities can enhance marketing performance by enabling businesses to leverage their 

data assets for strategic decision-making (Barney, 1991). By developing robust data mining 

capabilities, firms can gain insights that drive innovation, improve customer relationships, 

and enhance overall marketing effectiveness. 

 

3.0 Methodology 

 

3.1 Framework for research 

The study employed a qualitative methodology to investigate the advancement and 

utilisation of computerised data mining techniques in marketing tactics. A case study 

methodology was employed to gain in-depth insights into real-world applications and 

experiences. This methodology facilitated a thorough comprehension of the intricacies and 

situational elements that impact the utilisation of data mining in the field of marketing (Yin, 

2018). The case studies were enhanced by conducting semi-structured interviews with 

marketing experts who have direct knowledge of data mining tools and procedures. This 

combination of methods provided a rich, nuanced view of the subject matter, enabling the 

researchers to capture the subtleties of how data mining techniques evolved and were 

implemented in marketing practices. 

 

3.2 Data collection 

Data collection involved two primary methods: interviews and analysis of 

marketing case studies. The interviews were conducted with a purposive sample of 20 

marketing professionals from various industries, selected for their expertise and experience 

in using data mining techniques. The semi-structured interview format allowed for 

flexibility, enabling interviewees to share their experiences and insights freely while 

ensuring that key topics were covered (Creswell & Poth, 2018). The duration of each 

interview ranged from 45 to 60 minutes and was recorded with the participant’s explicit 

permission. The audios were transcribed exactly as spoken for analysis. Additionally, the 

researchers analysed detailed case studies from companies known for their innovative use 

of data mining in marketing. These case studies were sourced from industry reports, 

academic journals, and company publications, providing a comprehensive view of how data 

mining was applied in different contexts (Eisenhardt, 1989). 

 

3.3 Data analysis 

The qualitative data collected from interviews and case studies were analysed using 

thematic analysis, a methodology well-suited for identifying, interpreting, and documenting 

patterns (themes) within the data (Braun & Clarke, 2006). This process was conducted 
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manually by the researcher, ensuring a deep and nuanced understanding of the data. Each 

step required careful attention to detail and iterative refinement to accurately capture the 

themes and insights emerging from the data. The manual analysis allowed researchers to 

engage deeply with the text, making subjective judgments that enriched the qualitative 

findings (King, 2014). This rigorous process ensured a thorough and detailed analysis of the 

qualitative data. The analysis process involved several steps, as summarised in the table 1 

below: 

 

Table 1: Comprehensive Data Analysis Steps 

 

Sr. No. Task Action Items Output 

1 Data Familiarisation 
Read and re-read interview transcripts to 

immerse in the data. 

Comprehensive 

understanding of data. 

2 Initial Coding 
Identify and generate initial codes from 

recurring words, phrases, and concepts. 
List of initial codes. 

3 Theme Identification 
Sort and review codes to identify 

broader themes. 
Identified themes. 

4 
Theme Review and 

Refinement 

Check for coherence within themes and 

ensure distinctiveness between themes. 
Refined themes. 

5 
Defining and Naming 

Themes 

Define and name each theme to describe 

its essence. 
Defined and named themes. 

6 Data Extraction 
Extract relevant data excerpts and 

organise them under each theme. 
Organised data excerpts. 

7 Theme Organisation 
Structure the final themes into a 

coherent narrative. 

Coherent narrative of 

themes. 

8 
Interpretation of 

Findings 

Discuss the implications of themes in 

relation to research objectives and 

literature. 

Interpreted findings. 

9 
Comparison with 

Existing Studies 

Compare findings with existing studies 

to highlight similarities and differences. 

Contextualised findings 

within the broader research 

landscape. 

Source: Authors compilation 

 

Table 1 outlines the sequential actions taken to analyse qualitative data, ensuring 

methodological rigour and transparency. The initial stage, Data Familiarisation, entailed 

meticulously examining and reviewing interview transcripts to acquire a comprehensive 

comprehension of the data. This was followed by Initial Coding, where recurring words, 

phrases, and concepts were identified and coded, resulting in a list of initial codes. In the 

Theme Identification step, these codes were reviewed and sorted to identify broader themes, 

which were then refined for coherence and distinctiveness in the Theme Review and 
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Refinement step. Each theme was defined and named to describe its essence in the Defining 

and Naming Themes step. Relevant data excerpts were extracted and organised under each 

theme during Data Extraction. The themes were then structured into a coherent narrative in 

the Theme Organization step. In Interpretation of Findings, the implications of these themes 

were discussed in relation to the research objectives and literature. Finally, the Comparison 

with Existing Studies step involved comparing the findings with existing research to 

highlight similarities and differences, providing a contextualised understanding within the 

broader research landscape. This structured approach ensured a thorough and detailed 

analysis of the qualitative data, yielding robust insights into the research topic. 

 

3.4 Validity and reliability 

There were multiple steps taken to guarantee the data’s quality and dependability. 

To increase the findings’ credibility and enable cross-verification, triangulation was used to 

combine data from several sources (interviews and case studies) (Patton, 2014). Member 

checking was conducted by sharing the interview transcripts and preliminary findings with 

the interviewees for feedback, which helped confirm the accuracy and authenticity of the 

data (Lincoln & Guba, 1985). The researchers also maintained a detailed audit trail, 

documenting all the steps taken during data collection and analysis, which provided 

transparency and allowed for replication of the study. Peer debriefing sessions were held 

with colleagues who were knowledgeable about qualitative research and data mining to 

discuss and critique the findings, further enhancing the reliability of the study (Creswell & 

Poth, 2018). These methodological rigours ensured that the study’s findings were both valid 

and reliable, providing a trustworthy account of the development and application of data 

mining techniques in marketing. 

 

4.0 Findings 

 

4.1 Development of data mining techniques 

The progress of computerised data mining techniques has been characterised by 

notable achievements driven by improvements in computational capacity, algorithmic 

breakthroughs, and the growing accessibility of extensive datasets. At first, data mining 

mainly depended on statistical methods and basic pattern recognition algorithms. 

Nevertheless, the implementation of machine learning in the latter part of the 20th century 

brought about a significant and revolutionary change. Machine learning techniques, such as 

decision trees and neural networks, offer enhanced and adaptable methods for extracting 

patterns from data (Ha et al., 2011). Interview data highlighted how these techniques 

evolved over time.  
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One marketing professional noted, “The evolution of data mining from basic 

statistical methods to complex algorithms like neural networks has revolutionised our 

ability to analyse consumer behaviour.” This sentiment was echoed across multiple 

interviews, emphasising the progressive nature of data mining technology. Moreover, case 

studies demonstrated the practical applications of these advancements. For instance, 

Amazon, a global e-commerce giant company, utilised early data mining techniques to 

segment its customer base, which significantly improved targeted marketing efforts (Ngai et 

al., 2009). The field has been significantly advanced in recent years by the integration of 

deep learning and natural language processing (NLP).  

Deep learning models, known for their ability to efficiently analyse large datasets 

with exceptional precision, have had a significant impact. According to one respondent, 

“Deep learning has enabled us to discover patterns and insights that were previously 

undetectable using conventional methods.” The integration of NLP has enabled more 

sophisticated text analysis, allowing companies to analyse consumer sentiments and 

feedback from various sources (Young et al., 2018). These advancements have not only 

enhanced the analytical capabilities of data mining but also expanded its applicability across 

different domains. 

 

4.2 Marketing applications 

Data mining techniques have been successfully applied in marketing tactics, 

resulting in substantial advantages for firms. These approaches allow companies to enhance 

their marketing efforts by gaining a deeper understanding of customers and implementing 

more focused campaigns. Data mining is widely used for customer segmentation, predictive 

analytics, and sentiment analysis, among other applications (Linoff & Berry, 2011). 

Customer segmentation, a critical aspect of marketing, has been greatly enhanced by data 

mining. Through the analysis of purchasing behaviours, demographic data, and other 

pertinent characteristics, organisations can discern various customer segments and 

customise their marketing tactics appropriately. One interviewee described this process: 

“Using clustering algorithms, we’ve been able to segment our customers more accurately, 

leading to more effective and personalised marketing campaigns.”  

This was corroborated by a telecommunications company “Verizon” and “Amazon” 

which successfully implemented data mining to improve their customer retention strategies 

(Informatica, 2023; Wedel & Kamakura, 2000). Predictive analytics is another key 

application where data mining techniques are used to forecast future trends and behaviours. 

For example, classification algorithms help predict customer churn, allowing companies to 

implement proactive retention measures. An interviewee shared, “Predictive models have 

been invaluable in identifying at-risk customers and developing targeted interventions to 
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retain them.” This application was exemplified in a case study of a subscription-based 

service provider like “Netflix” that saw a significant reduction in churn rates after adopting 

predictive analytics (Neslin et al., 2006). 

Sentiment analysis, facilitated by NLP, has enabled companies to gauge consumer 

opinions and adjust their strategies in real time. Social media posts, reviews, and other 

textual data can be analysed by businesses to gain insight into how the public feels about 

their goods and services. A marketing executive noted, “Sentiment analysis has provided us 

with real-time insights into how our customers feel about our brand, allowing us to respond 

quickly and appropriately.” This was illustrated in a case study of a fashion retailer “Zara” 

that used sentiment analysis to enhance its brand management and customer engagement 

strategies (Pang & Lee, 2008).  

 

4.3 Case studies on data mining applications in marketing 

 

4.3.1 Amazon case study 

Amazon, a major worldwide e-commerce company, analyses transaction data and 

distinguishes between different client segments using clustering algorithms (Simplilearn, 

2023). The company focuses on purchasing patterns, frequency, and demographics to 

segment its customer base. By tailoring marketing campaigns to each segment, Amazon has 

significantly increased its sales. High-value customers receive personalised offers, while 

occasional shoppers are targeted with incentives to increase purchase frequency. This case 

highlights the importance of data mining for focused marketing campaigns and how 

effective it is in consumer segmentation (Simplilearn, 2023). 

 

4.3.2 Netflix case study 

Netflix, a prominent streaming platform, employs data mining methods to reduce 

user attrition (Gomez-Uribe & Hunt, 2015). The company utilises categorisation algorithms 

to examine client information and spot trends linked to customer attrition, including 

viewing preferences, correspondence with customer support representatives, and 

subscription specifics. The predictive model accurately identifies at-risk customers, 

enabling Netflix to develop targeted retention strategies and reduce churn rates. This study 

exemplifies the efficacy of predictive analytics in client retention and the tactical benefit of 

proactive intervention guided by data-driven insights (Gomez-Uribe & Hunt, 2015). 

 

4.3.3 Zara case study 

Zara, a prominent fashion retailer, implements sentiment analysis using natural 

language processing (NLP) to monitor customer feedback from social media, reviews, and 



94 COMPUTOLOGY: Journal of Applied Computer Science and Intelligent Technologies,  

Volume 5, Issue 1, Jan-Jun 2025 

 
direct feedback channels (Walter Loeb, 2015). Real-time insights into customer attitudes are 

provided by sentiment analysis, which enables Zara to quickly modify its marketing tactics. 

Improved customer satisfaction and loyalty are observed as a result of the company’s ability 

to respond quickly to negative feedback. This case illustrates the importance of real-time 

sentiment analysis in maintaining brand reputation and responsiveness to customer needs 

(Walter Loeb, 2015). 

 

4.3.4 JPMorgan Chase case study  

JPMorgan Chase, a major financial services company, uses anomaly detection 

algorithms to identify fraudulent transactions and enhance security (West & Bhattacharya, 

2016). The company implements these algorithms to monitor transactions in real time and 

flag suspicious activities. As a result, JPMorgan Chase enhances its security measures and 

reduces fraudulent transactions. This case showcases the value of anomaly detection in 

enhancing security and reducing fraud (West & Bhattacharya, 2016). 

 

4.3.5 Mayo Clinic case study 

Mayo Clinic, a leading healthcare provider, employs predictive analytics to forecast 

patient admissions and optimise resource allocation (Raghupathi & Raghupathi, 2014). By 

analysing historical admission data, Mayo Clinic predicts future patient influx and 

optimises staffing and resource allocation accordingly. This leads to a reduction in patient 

wait times. The case demonstrates the benefits of predictive analytics in optimising 

healthcare resource management (Raghupathi & Raghupathi, 2014). 

 

4.3.6 Coursera case study 

 Coursera, an online education platform, uses data mining to personalise learning 

experiences and improve student engagement (Kizilcec et al., 2013). Through the use of 

data mining tools, the platform keeps track of student performance and preferences, offering 

individualised learning routes for every student. Students are more satisfied and engaged 

while using this method. The illustrates how customised learning paths affect students’ 

pleasure and engagement (Kizilcec et al., 2013). 

 

4.3.7 Walmart case study 

 Walmart, a global retail corporation, implements market basket analysis to identify 

product affinities and optimise cross-selling strategies (Ngai et al., 2009). By analysing 

customer purchase data, Walmart identifies frequently bought items together and creates 

targeted marketing campaigns. This strategy increases cross-selling success rates. The case 
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highlights the effectiveness of market basket analysis in improving cross-selling strategies 

(Ngai et al., 2009). 

 

4.3.8 Expedia case study 

Expedia, a travel company, uses data mining to analyse customer preferences and 

offer personalised travel recommendations (LaValle et al., 2010). By analysing customer 

travel history and preferences, Expedia offers tailored travel packages and 

recommendations. This personalised approach boosts customer satisfaction and repeat 

bookings. The case showcases the value of personalised recommendations in enhancing 

customer satisfaction in the travel industry. 

 

4.3.9 GE renewable energy case study 

 GE Renewable Energy, a division of General Electric, utilises predictive 

maintenance algorithms to improve equipment reliability and reduce downtime (Lee et al., 

2014). The company uses data from IoT sensors and maintenance logs to predict equipment 

failures and schedule timely maintenance. This approach reduces equipment downtime and 

improves overall reliability. The case illustrates the benefits of predictive maintenance in 

reducing downtime and improving equipment reliability (Lee et al., 2014). 

 

4.3.10 Starbucks case study 

Starbucks, a global coffeehouse chain, uses sentiment analysis to gauge customer 

satisfaction and adjust menu offerings based on feedback (Balani, 2012). By monitoring 

customer reviews and social media feedback, Starbucks understands customer sentiment 

and makes data-driven menu adjustments. This leads to an increase in customer satisfaction 

scores and better alignment of menu offerings with customer preferences. The case 

demonstrates the impact of sentiment analysis on improving customer satisfaction and 

making informed menu adjustments (Balani, 2012). 

 

4.4 Challenges and opportunities 

Despite the benefits, the application of data mining in marketing also presents 

several challenges. One of the primary challenges is data privacy. Large-scale personal data 

collecting and analysis generate serious privacy issues. According to a participant in the 

interview, “Navigating the complexities of data privacy regulations is one of the biggest 

challenges we face when implementing data mining techniques.” This problem is especially 

noticeable in areas where there are strict data protection regulations, like the General Data 

Protection Regulation (GDPR) of the European Union (Casino et al., 2019). Another 

challenge is the complexity of implementing data mining techniques. The need for 
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advanced technical skills and substantial computational resources can be a barrier for many 

companies. An interviewee highlighted, “The complexity and resource requirements of 

modern data mining techniques can be daunting for companies without specialised teams.” 

This complexity often necessitates significant investment in technology and training, which 

may not be feasible for all businesses (Chen et al., 2014). 

However, these challenges are accompanied by numerous opportunities. The 

ongoing advancements in data mining technologies continue to open new avenues for 

innovation. For instance, the integration of IoT with data mining offers the potential for 

more dynamic and adaptive marketing strategies. An interviewee noted, “The combination 

of IoT and data mining is enabling us to create more responsive and real-time marketing 

campaigns.” Additionally, the use of blockchain technology for secure and transparent data 

analysis presents opportunities for enhancing data integrity and trust (Casino et al., 2019).  

The future of data mining in marketing is promising, with continuous technological 

advancements and increasing data availability driving its evolution. The opportunities for 

more personalised and effective marketing strategies are vast, and companies that can 

successfully navigate the associated challenges stand to gain significant competitive 

advantages. 

 

4.5 Additional findings 

Integrating data mining with other state-of-the-art technologies, such as big data 

analytics, and machine learning, substantially expands its potential. AI and ML algorithms 

enhance the precision and effectiveness of data mining procedures, allowing for more 

precise customer segmentation and predictive analytics (Chen et al., 2014). Another key 

finding was the increasing importance of real-time data processing in marketing. Data 

mining techniques that can analyse real-time data enable marketers to respond promptly to 

market changes and consumer behaviours. Such an ability is especially useful in dynamic 

marketplaces where customer tastes and habits can change quickly (Ngai et al., 2011). The 

study also emphasised the significance of user experience and adoption ease for the 

effective application of data mining methods. Marketing professionals emphasised the need 

for intuitive and user-friendly tools that can be easily integrated into existing workflows. 

This finding is in line with the TAM’s hypotheses, which state that the perceived usefulness 

and ease of use of new technologies significantly affect their rate of adoption (Davis, 1989). 

Ethical considerations and data governance emerged as critical factors in the 

implementation of data mining techniques. The necessity of strong data governance 

frameworks was emphasised by the participants as a means of guaranteeing moral data 

practices and adherence to privacy laws. These findings underscore the growing importance 

of ethical considerations in data-driven marketing (Casino et al., 2019). 
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5.0 Discussion 

 

5.1 Interpretation of findings 

The results of this research give a thorough knowledge of the evolution and 

implementation of computerised data mining methods in marketing strategies. From simple 

statistical techniques to sophisticated machine learning algorithms like neural networks and 

deep learning, the change in data analysis and application in marketing reflects a great 

evolution. This progression aligns with the literature, which documents the historical shifts 

and technological advancements in data mining (Ha et al., 2011). The qualitative insights 

gathered from interviews and case studies reveal that data mining has become an 

indispensable tool for marketing professionals.  

The ability to segment customers accurately, predict behaviours, and analyse 

sentiments in real time has significantly enhanced marketing strategies. This supports the 

previous literature that emphasises the benefits of data mining in customer relationship 

management and focused marketing (Ngai et al., 2009). Moreover, the challenges 

identified, such as data privacy concerns and the complexity of implementation, reflect 

ongoing issues in the field. These findings are consistent with previous research 

highlighting the regulatory and technical hurdles that companies face when adopting data 

mining technologies (Casino et al., 2019). However, the study also underscores the 

opportunities presented by continuous technological advancements, such as the integration 

of IoT and blockchain, which promise to further revolutionise marketing practices (Chen et 

al., 2014). 

 

5.2 Implications for marketing 

The practical implications of these findings for marketing professionals are 

significant. First, the enhanced customer segmentation and predictive analytics capabilities 

offered by advanced data mining techniques enable more personalised and effective 

marketing campaigns. Marketers can leverage these tools to gain deeper insights into 

customer preferences and behaviours, leading to higher engagement and retention rates. 

This is particularly important in today’s competitive market, where personalisation is key to 

differentiating a brand (Wedel & Kamakura, 2000). Second, the ability to perform real-time 

sentiment analysis through NLP allows companies to respond swiftly to consumer feedback 

and trends. This dynamic approach can improve brand perception and customer satisfaction 

by ensuring that marketing strategies are aligned with consumer sentiments (Pang & Lee, 

2008). Additionally, the integration of IoT with data mining facilitates more adaptive and 

responsive marketing tactics, enabling marketers to capitalise on real-time data from 

various sources (Chen et al., 2014). 
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However, the constraints of data privacy and the complexity of adopting data 

mining techniques must not be underestimated. Marketing professionals must navigate these 

issues by adhering to regulatory standards and investing in the necessary technical 

expertise. Ensuring the confidentiality and protection of data is not just a legal requirement 

but also essential for upholding customer confidence (Casino et al., 2019). Therefore, 

marketers must prioritise ethical data practices and transparency in their data mining 

operations. 

 

5.3 Comparison with existing studies 

The results of this study align closely with previous research on data mining and its 

use in marketing. This study affirms the major impact of data mining on improving 

customer relationship management and targeted marketing, which aligns with the findings 

of Ngai et al., (2009). The shift from statistical methods to machine learning and deep 

learning in data mining techniques aligns with the historical viewpoints presented by Ha et 

al., (2011). Additionally, the identification of challenges related to data privacy and 

implementation complexity aligns with the concerns highlighted in studies by Casino et al., 

(2019).  

These challenges are well-documented in the literature, emphasising the need for 

robust regulatory frameworks and technical capabilities. However, this study also highlights 

the opportunities for innovation and improved decision-making through the integration of 

advanced technologies, such as IoT and blockchain, which have been less explored in 

previous research. One notable difference between this study and existing literature is the 

detailed qualitative insights into the practical experiences of marketing professionals. While 

many studies focus on the technical aspects and quantitative performance of data mining 

techniques (Linoff & Berry, 2011), this research provides a nuanced understanding of how 

these tools are applied and perceived in real-world marketing contexts. The use of 

interviews and case studies offers a rich, contextual perspective that complements the 

predominantly quantitative focus of existing studies. 

 

6.0 Conclusion 

 

6.1 Summary of key findings 

This study provided an in-depth qualitative exploration of the development and 

application of computerised data mining techniques in marketing strategies. The findings 

traced the historical evolution of data mining from basic statistical methods to sophisticated 

machine learning algorithms and deep learning models. These advancements have 

significantly enhanced the ability to analyse large datasets and extract meaningful patterns 
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(Ha et al., 2011). Through interviews and case studies, it was evident that data mining has 

become a critical tool for marketing professionals, enabling more accurate customer 

segmentation, predictive analytics, and real-time sentiment analysis (Ngai et al., 2009).  

The study also highlighted the practical challenges associated with implementing 

data mining techniques, including data privacy concerns and the complexity of deployment. 

Despite these challenges, the opportunities presented by continuous technological 

advancements, such as the integration of IoT and blockchain, promise to further 

revolutionise marketing practices (Casino et al., 2019; Chen et al., 2014). The qualitative 

insights gathered underscore the transformational impact of data mining on marketing 

strategies, reflecting a significant shift towards more data-driven decision-making. 

 

6.2 Contributions to knowledge 

This research makes several important contributions to the fields of marketing and 

data mining. First, it provides a comprehensive historical perspective on the evolution of 

data mining techniques, filling a gap in the qualitative understanding of this progression. 

The study’s detailed exploration of how data mining has transformed over the years adds 

valuable context to existing literature, which has predominantly focused on quantitative 

analyses and technical advancements (Ha et al., 2011).  

Second, the research offers practical insights into the application of data mining in 

marketing strategies, highlighting how these techniques are used in real-world scenarios to 

enhance customer segmentation, predictive analytics, and sentiment analysis. This practical 

perspective is often underrepresented in existing studies, which tend to emphasise technical 

performance metrics (Linoff & Berry, 2011). By capturing the experiences and insights of 

marketing professionals, the study provides a richer, more nuanced understanding of the 

benefits and challenges associated with data mining. Furthermore, the study addresses the 

ongoing challenges of data privacy and implementation complexity, contributing to the 

discourse on ethical data practices and regulatory compliance in the context of marketing. 

The identification of emerging opportunities, such as the integration of IoT and blockchain, 

also provides a forward-looking perspective on potential innovations in the field (Casino et 

al., 2019; Chen et al., 2014). 

 

6.3 Recommendations for future research 

The findings of this study indicate that there are multiple topics that could be 

explored further through qualitative research. First, there is a need for more in-depth 

investigations into the ethical implications of data mining in marketing, particularly 

concerning data privacy and consumer trust. Future research could explore how companies 

navigate these ethical challenges and the impact of regulatory frameworks on their data 
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practices (Casino et al., 2019). Second, additional studies should examine the practical 

implementation of advanced data mining techniques, such as deep learning and NLP, in 

various marketing contexts. Understanding the specific challenges and best practices 

associated with these technologies can provide valuable guidance for marketers looking to 

adopt these tools (Young et al., 2018). Another promising area for research is the 

exploration of the integration of IoT and blockchain with data mining. These technologies 

offer significant potential for innovation in marketing strategies, and qualitative studies can 

provide insights into how they are being utilised and their impact on marketing 

effectiveness (Chen et al., 2014). Finally, future research could benefit from a cross-

industry comparative analysis to identify sector-specific trends and applications of data 

mining in marketing. Such studies can reveal how different industries leverage data mining 

technologies and the unique challenges they face, enhancing our knowledge of the subject 

as a whole. 
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