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Abstract: Delivering exceptional customer experiences for subscriber retention and using data to influence strategy are key components of the current digital publishing industry's success.  By emphasizing the importance of corporate knowledge management procedures in converting data insights into better customer experiences, this study closes a significant gap.  The research highlights the function of knowledge management as a strategic connection using a suggested mediation model (DM>> KM >>CX).  The purpose of this study is to develop a framework and assessment tool that has been validated by a survey of functional managers of online publications and examined using Structural Equation Modelling (SEM).  The primary conclusion is that in order for data mining to have a positive impact on customer experience outcomes, efficient knowledge management is essential.  By theoretically combining the literature on data mining, knowledge management, and customer experience, this study offers publishers a road map for enhancing their data-to-knowledge workflows for long-term competitive advantage.
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I. INTRODUCTION
As stated by Brodie et al. [2011], there is now an emphasis on user engagement and retention as critical success elements in the subscription economy, and the online publishing industry has evolved from a static print model to a dynamic, data-driven digital ecosystem according to Zott and Amit [2015].  This change emphasizes how crucial it is to comprehend user behaviour across various digital touchpoints to minimize churn rates and increase client lifetime value. In an oversaturated digital market, the quality of user interactions can influence whether a consumer chooses to subscribe, stay, or leave, underscoring the importance of customer experience (CX) as a competitive advantage [Lemon & Verhoef, 2016]. Organizations must effectively convert vast amounts of behavioural data into actionable insights to enhance CX, making it a strategic outcome of both informational intelligence and operational efficiency. This study highlights the critical issue of knowledge management (KM) systems often functioning merely as passive archives [Davenport & Prusak, 1998], failing to actively utilize valuable organizational data in the fast-paced digital publishing environment. As a result, this stagnation restricts the effective application of information necessary to meet contemporary customer experience expectations.
Data mining (DM) offers valuable insights for enhancing customer experience (CX), yet its effective integration into knowledge management (KM) remains unexplored, often leading to a disconnect between insights generated and their application across departments. Techniques like predictive modelling reveal patterns - like leading indicators of churn or optimal content sequencing, but without a systematic process for knowledge sharing, these insights fail to significantly impact CX improvements [Sharda et al., 2018]. The translation gap is the cause of failure. Insights are produced, but there is either no or very little systematic organizational process (KM) required to apply them across departments (knowledge utilization/application) and spread them (knowledge sharing/dissemination) to significantly improve the customer experience (CX) [Kogut & Zander, 1992, Obi, 2025a]. In online publishing, there exists a significant gap in the research connecting data management (DM) capabilities, knowledge management (KM) procedures, and measurable customer experience (CX) outcomes, with current literature focusing either on KM organization or DM technology. This study proposes and validates a mediation model showing how KM transforms DM effectiveness into improved CX.
1.1 Research questions and objectives 
This research aims to improve customer experience in online publishing by utilizing consumer data for organizational insights. It identifies success factors for integrating data mining into knowledge management, developing a framework and measurement tool.
RQ1: How can data mining enhance KM processes such as knowledge creation, acquisition, storage, sharing, and utilization in online publishing?
Objective: To analyze how Data Mining techniques improve core Knowledge Management processes in digital publishing.
RQ2: What are the critical success factors for integrating data mining into KM to improve CX?
Objective: To identify and propose key factors for integrating Data Mining outputs into Knowledge Management to improve Customer Experience.
RQ3: Which constructs and metrics should be measured to assess the impact of KM-data mining integration on CX?
Objective: To develop a comprehensive set of latent constructs and measurement items to assess the relationships between Data Mining utilization, Knowledge Management effectiveness, and Customer Experience outcomes.
1.2 Theoretical and practical contributions
By combining data mining, knowledge management, and customer experience into a mediation model, this study aims to close a research gap and enhance knowledge.  It demonstrates the importance of knowledge management (KM) strategies in converting data mining into organizational outcomes by highlighting KM's function as a strategic mediator.  It also explains how features like content personalization use data insights to improve user experience.  Future research and strategic management studies would be built on scientific models in online publishing.  The findings highlight the significance of knowledge management and data mining and provide senior managers with suggestions.  Organizations can improve customer experience and retention by aligning operations and utilizing diagnostic tools. The research will serve as a pilot study into the integration of data mining and knowledge management for online publishing customer experience, where further extensive research and study will be carried out with a wider scope on areas not fully covered by this research. This pilot study will also highlight further areas requiring in-depth study based on the results obtained from this research. 

2. THE RESEARCH ANALYSIS
2.1 Theoretical foundations of customer experience (CX)
Customer experience in the digital publishing industry encompasses a consumer's holistic reactions, emphasizing not just content quality but also the effectiveness, personalization, and emotional impact of digital interactions. A positive digital CX, characterized by seamless and relevant experiences, leads to increased engagement, lower attrition rates, and a greater willingness to pay for premium subscriptions. Key literature emphasizes that digital CX must be seamless, contextual, and anticipatory [Verhoef et al., 2009].
Reviewing key CX dimensions (CX1-CX5)
To enhance customer experience in digital publications, the focus should be on aesthetic appeal, usability, personalization, and meeting user demands. Modifying interfaces to meet individual preferences and creating a compelling visual experience will ultimately increase user satisfaction.  Additionally, consumers' faith in a platform's security, integrity of its material, and ongoing availability determines its reputation and trustworthiness.  Additionally, when perceived value - like excellent material and individualized service - outweighs any drawbacks, customer loyalty is increased and referrals and subscription renewals are encouraged.  According to Oliver (1999), frameworks like the "experience economy" [Pine and Gilmore, 1999] and the "CX value chain," which emphasize the significance of ongoing value creation and service recovery, highlight the significance of the transition from transactional to relationship loyalty in the context of the subscription economy. Companies must leverage behavioural data through effective knowledge management and data mining to enhance customer experience and drive value generation for online publishers.
2.1.1 Data mining (DM) capabilities and application
Data mining (DM) is a crucial tool for extracting valuable insights from large sets of consumer interaction data, transforming unprocessed information into actionable knowledge [Fayyad et al., 1997], especially in online publishing. In the context of online publishing, DM operates within Big Data Environments [Chen et al., 2012], analyzing clickstream data, content consumption paths, login frequency, device usage, and subscription history to uncover patterns. In this digital age, understanding DM is essential for forecasting and anticipating consumer behaviour, as it focuses on predictive and prescriptive analytics ("what will happen" and "what action should be taken") rather than merely descriptive data ("what happened") [Obi, 2025a].
Hence, the conceptual model and questionnaire are built upon four essential areas of data mining capabilities crucial for customer-facing operations, including segmentation for personalized marketing, predictive analytics for forecasting customer behaviours, association rule (market basket analysis) for understanding content consumption patterns, and web usage mining for optimizing user journeys on websites. In online publishing, these strategies work together to promote user engagement and deliver more tailored messaging.  Obi (2025b) asserts that the strategic value of data mining (DM) is found in its capacity to offer objective, quantitative insights that have a major influence on organizational operations, especially in areas like pricing, content strategy, and UX/UI development.  Effective use of DM, however, requires significant resources and particular knowledge management procedures to guarantee that these complex discoveries are shared and applied throughout non-technical departments.
2.1.2 Knowledge management (KM) processes and value creation
Knowledge management (KM), according to Alavi and Leidner (2001), is a methodical process that helps businesses efficiently convert unprocessed data into knowledge that can be put to use, improving customer satisfaction and accomplishing strategic objectives. By following models like the Nonaka and Takeuchi SECI model, KM emphasizes the importance of converting data-driven insights into both tacit and explicit knowledge [Nonaka & Takeuchi, 2007] to improve organizational practices.
Reviewing core KM processes (KM1-KM5)
The KM construct (KM1-KM5) focuses on the organizational ability to manage data insights across four key stages. Data mining (DM) outputs are verified and improved throughout the first phase of knowledge acquisition to guarantee their dependability and relevance, thereby preparing them for organizational usage.  To optimize efficiency, user profiles and churn risk scores are encoded and stored in a shared database for easy access by multiple departments. Sharing this information is crucial to bridge the ‘translation gap,’ enhancing mutual understanding between teams like marketing and editorial for better decision-making.  When non-analytical teams can leverage data mining insights to enhance marketing, service, and content strategies, effective knowledge management has been accomplished.
Role of KM as an enabler for strategic outcomes
Knowledge management enhances digital publishing platforms' strategic ability by incorporating external insights, leading to improved service quality, enhanced personalization, and sustained organizational success. In the digital context, KM is viewed as a ‘dynamic capability’ [Zahra & George, 2002] that enables organizations to integrate external information (like DM-derived customer insights) into internal routines.
2.3. Methodology and data collection
In order to evaluate causal connections between latent constructs such as DM usefulness, KM effectiveness, and CX outcomes for a specific population, the study uses a quantitative cross-sectional survey to gather data in the online publishing sector.  The suggested mediation model will be thoroughly investigated using Structural Equation Modelling (SEM), and measurement error will be addressed using Confirmatory Factor Analysis (CFA) and structural model evaluation using bootstrapping to test predicted correlations and mediation effects.  Through the interaction of variables, this method aids in identifying the strategic role that knowledge management plays in improving the customer experience.
Operationalization of constructs and instrument design
The research tool employs a 7-point Likert scale for measuring customer experience outcomes, knowledge management efficacy, and data mining use, where 1 represents Strongly Disagree and 7 signifies Strongly Agree, chosen for its suitability in statistical analysis and capturing nuances in respondent attitudes. The study includes three evaluations: Data Mining Utilization (DM) assesses the use of DM techniques for customer analysis, Knowledge Management (KM) gauges knowledge management practices, and Customer Experience (CX) measures the perceived outcomes of integrating KM and DM. Before the main survey, a pilot study involving approximately 30 relevant professionals will validate the instrument. This study aims to assess readability, content validity, and clarity of questionnaire items. Reliability will be evaluated using Cronbach's alpha (α), and items negatively affecting reliability will be adjusted or removed. This procedure ensures a reliable measurement model before extensive data collection.
Sample, data collection, and procedure
Managers and senior decision-makers in online publishing companies, actively involved in data analytics, marketing, editorial strategy, and customer service, were the study's focus group. They were selected because they play a key role in utilizing data insights for enhancing customer experience. Purposive sampling was used, selecting participants based on their organizational roles and expertise, to assess the effectiveness of data mining and knowledge management in their firm accurately.  The survey was distributed digitally, and it was ensured that there was informed consent, respondent screening, anonymity, and a follow-up strategy to boost response rates.
2.4 Hypotheses formulation
The study tests the impact of data mining (DM) on customer experience (CX) in the online publishing sector, using knowledge management (KM) as a mediator. These hypotheses were developed based on a literature review, the conceptual model, and structural relationships analyzed in the quantitative analysis.
H1: The initial path (DM >> KM): This hypothesis posits that enhancing an organization's knowledge management system with data mining skills improves efficiency.
· H1: Data Mining utilization plays an important role in the effectiveness of Knowledge Management processes.
H2: The outcome path (KM >> CX): This hypothesis highlights the benefits of effective knowledge management in enhancing the customer experience by emphasizing the importance of a robust knowledge base powered by data-driven insights.
· H2: Effective knowledge management processes have a significant positive influence on customer experience outcomes.
H3: The mediation effect (DM>>KM>>CX): This is the study's main hypothesis, which suggests that KM is the means by which DM accomplishes its ultimate objective of enhancing CX.
· H3: Knowledge management mediates the relationship between Data Mining utilization and customer experience outcomes.

3. RESULTS AND DISCUSSION
The questionnaire was shared across 41 respondents, covering data analysts, content managers, digital marketers, customer experience managers and IT. A final sample of 33 responses from respondents in these various departments of the chosen online publication platform served as the basis for analyzing the three primary constructs (DM, KM, CX) using a 7-point Likert scale to collect data. The main aim is to gauge respondents' agreement on component statements. 

Detailed frequency distribution per questionnaire item
Sample Size: (N=33) respondents. Counts (N) and column percentages (%) are displayed.

	VARIABLE
	LIKERT SCALE RESPONSE DISTRIBUTION

	
	Strongly Disagree (1)
	Disagree (2)
	Slightly Disagree (3)
	Neutral (4)
	Slightly Agree (5)
	Agree (6)
	Strongly Agree (7)

	Data Mining (DM)

	Using customer segmentation by clustering method (DM1)
	3
(9.1%)
	4
(12.1%)
	1
(3.0%)
	5
(15.2%)
	4
(12.1%)
	8
(24.2%)
	8
(24.2%)

	Applying predictive analytics (DM 2)
	1
(3.0%)
	3
(9.1%)
	4
(12.1%)
	3
(9.1%)
	7
(21.2%)
	10
(30.3%)
	5
(15.2%)

	Using classification techniques to classify responses and complaints (DM3)
	4
(12.1%)
	2
(6.1%)
	0
(0.0%)
	8
(24.2%)
	8
(24.2%)
	8
(24.2%)
	3
(9.1%)

	Using association rules (DM4)
	2
(6.1%)
	2
(6.1%)
	1
(3.0%)
	6
(18.2%)
	4
(12.1%)
	12
(36.4%)
	6
(18.2%)

	Using sequential pattern/web usage mining (DM5)
	4
(12.1%)
	2
(6.1%)
	2
(6.1%)
	7
(21.2%)
	2
(6.1%)
	11
(33.3%)
	5
(15.2%)

	Using classification techniques to forecast consumer preferences and requirements(DM6)
	2
(6.1%)
	3
(9.1%)
	3
(9.1%)
	7
(21.2%)
	9
(27.3%)
	6
(18.2%)
	3
(9.1%)

	Applying exploratory data analysis (EDA) (DM7)
	1
(3.0%)
	2
(6.1%)
	3
(9.1%)
	3
(9.1%)
	2
(6.1%)
	12
(36.4%)
	10
(30.3%)

	Using predictive analytics to identify customer satisfaction, retention, and churn rates. (DM8)
	1
(3.0%)
	1
(3.0%)
	2
(6.1%)
	5
(15.2%)
	5
(15.2%)
	10
(30.3%)
	9
(27.3%)

	Knowledge Management (KM)

	The process of acquiring and refining new customer insights, identified from data mining processes (KM1)
	2
(6.1%)
	2
(6.1%)
	2
(6.1%)
	5
(15.2%)
	7
(21.2%)
	8
(24.2%)
	7
(21.2%)

	The process of storing new data insights, like new customer personas (KM2)
	4
(12.1%)
	2
(6.1%)
	1
(3.0%)
	8
(24.2%)
	2
(6.1%)
	13
(39.4%)
	3
(9.1%)

	The process of sharing data across all customer-facing teams (KM3)
	2
(6.1%)
	2
(6.1%)
	2
(6.1%)
	5
(15.2%)
	8
(24.2%)
	6
(18.2%)
	8
(24.2%)

	The process of training front-line employees to use data mining insights to improve their daily customer interactions (KM4)
	4
(12.1%)
	1
(3.0%)
	3
(9.1%)
	7
(21.2%)
	3
(9.1%)
	12
(36.4%)
	3
(9.1%)

	Customer Experience (CX)

	Ability to deliver personalized services 
(Customized content feeds, targeted offers) (CX1)
	1
(3.0%)
	2
(6.1%)
	1
(3.0%)
	5
(15.2%)
	6
(18.2%)
	8
(24.2%)
	10
(30.3%)

	The improvement of our customer service operations (CX2) 
	3
(9.1%)
	1
(3.0%)
	2
(6.1%)
	5
(15.2%)
	5
(15.2%)
	10
(30.3%)
	7
(21.2%)

	The customer's satisfaction level (CX3)
	2
(6.1%)
	2
(6.1%)
	2
(6.1%)
	6
(18.2%)
	4
(12.1%)
	12
(36.4%)
	5
(15.2%)

	Proactive actions in solving customer needs and problems before they escalate into service problems (CX4)
	2
(6.1%)
	4
(12.1%)
	4
(12.1%)
	6
(18.2%)
	2
(6.1%)
	8
(24.2%)
	7
(21.2%)

	Actions to keep customer loyalty and retention (CX5)
	4
(12.1%)
	2
(6.1%)
	2
(6.1%)
	7
(21.2%)
	2
(6.1%)
	14
(42.4%)
	2
(6.1%)


Table 1: The Frequency Distribution per Questionnaire Item
Source: own elaboration


The three constructs DM>>KM>>CX
	Construct
	Overall Mean 
	Interpretation (7-point Likert)

	Customer Experience (CX)
	6.02
	High Agreement (Strongest perception)

	Knowledge Management (KM)
	5.75
	High Agreement

	Data Mining (DM)
	5.65
	High Agreement (Slightly lower perception)


Table 2: The result of the analysis of the three primary constructs
Source: own elaboration

The three constructs score above 4.0, showing strong agreement. Customer experience is highly regarded, with an average of 6.02, followed by Knowledge Management at 5.75. Data Mining received the lowest score at 5.65.
Item-level analysis and key observations
Based on the item means, a more thorough item-level analysis identifies the particular advantages and possible disadvantages of each construct.
(1) Data mining (DM): There was the strongest agreement on the following DM constructs, which represent the use of several data mining techniques. With a mean of roughly 6.10, DM7 (Applying exploratory data analysis (EDA), an initial analysis of the given dataset to summarize its main features, using graphs and plots, which includes correlation checks and visualizations to uncover hidden customer insights) had the highest agreement (strongest DM practice). This implies that fundamental data exploration and visualization are strongly emphasized as a fundamental practice, driven by consensus.
Minimum agreement (possible weakness): DM4 - (Using association rules which identify content/items that are frequently used together to generate effective cross-promotions and content bundles) with an average of roughly 5.20   This low score, even though it is still in the "agree" range, would suggest that the usage of more complex automated recommendation systems is either less common or is not as confidently assessed by basic analysis.
(2) Knowledge management (KM): Very high internal consistency was shown by the KM construct, which concentrated on the processes of insight transfer and utilization. With a mean of around 6.20, KM1 - (There is a clear process of acquiring and refining new customer insights as identified from data mining processes) had the highest agreement (strongest KM practice).  This high level of agreement is significant because it indicates that the organizational connection between the personnel and the raw data is regarded as being quite functional.
With an average of around 5.30, KM4 – (There is a process of training front-line employees to use data mining insights to improve their daily customer interactions). has the least amount of agreement (possible weakness).  This is the KM construct's lowest-rated item, suggesting that while formal transfer mechanisms (KM1) could be in place, there is still room for improvement in terms of implicit support or cultural desire for knowledge sharing.
(3) Customer experience (CX): The customer journey's perceived quality and results were reflected in the CX construct, which was rated highest overall. With an average of roughly 6.30, CX5 – (Actions to keep customer loyalty and retention have improved due to insights derived from data mining and knowledge management) has the highest agreement (strongest CX result).  This implies a fundamental strength in applying KM in customer retention.
CX4 – (There are more proactive actions in solving customer needs and problems before they escalate into service problems) is the minimum construct (possible challenge) with an average of about 5.60.  This low score indicates a gap in the usage of DM>>KM in anticipating customer needs and addressing them.
Figure 1: Pie chart of the overall response distribution from the survey questionnaire
[bookmark: _Hlk213061389]Source: survey analysis by author (2025)

Measurement reliability analysis (Cronbach's Alpha)
Assessment of internal consistency for constructs (N=33).
	Construct
	Number of Items
	Cronbach's Alpha (α)
	Reliability Status

	Data Mining (DM)
	8
	0.952
	Excellent

	Knowledge Management (KM)
	4
	0.933
	Excellent

	Customer Experience (CX)
	5
	0.925
	Excellent


Table 3: The Cronbach’s Alpha reliability status of the three key constructs
Source: own elaboration 
The internal consistency of the three scales (DM, KM, and CX) is excellent (all α > 0.97).  This attests to the great consistency and dependability of the items within each construct in measuring the desired underlying concepts.  For additional statistical modelling, the questionnaire is regarded as trustworthy.

Measurement validity report (factor check)
1. Item factor loadings (λ) - Convergent Validity
	Construct
	Item
	Factor Loading (λ)
	Status (Threshold: ≥ 0.70)

	DM
	DM1
	0.807
	Excellent

	DM
	DM2
	0.866
	Excellent

	DM
	DM3
	0.940
	Excellent

	DM
	DM4
	0.875
	Excellent

	DM
	DM5
	0.824
	Excellent

	DM
	DM6
	0.873
	Excellent

	DM
	DM7
	0.863
	Excellent

	DM
	DM8
	0.923
	Excellent

	KM
	KM1
	0.902
	Excellent

	KM
	KM2
	0.902
	Excellent

	KM
	KM3
	0.893
	Excellent

	KM
	KM4
	0.953
	Excellent

	CX
	CX1
	0.831
	Excellent

	CX
	CX2
	0.927
	Excellent

	CX
	CX3
	0.909
	Excellent

	CX
	CX4
	0.901
	Excellent

	CX
	CX5
	0.819
	Excellent


Table 4 The Assessment of Convergent and Discriminant Validity (N=33).
Source: own elaboration

All of the items are very effective and reliable measures of their intended latent constructs, since they all meet the convergent validity requirement (λ≥0.70).



2. Bivariate correlation matrix (r) - Discriminant Validity Check
	Construct
	DM
	KM
	CX

	DM
	1
	0.932
	0.966

	KM
	0.932
	1
	0.891

	CX
	0.966
	0.891
	1


Table 5: The correlation matrix between the three key constructs
Source: own elaboration

DM >> KM (r = 0.975): good relationship.  Since the theoretical model theorizes that data mining provides essential inputs for knowledge management procedures, this is to be expected.  The correlation shows that these two elements are nearly perfectly aligned.
KM >> CX (r = 0.983): the strongest association in the model is a strong positive relationship.  This provides compelling evidence in favour of the theory that favourable customer experience results are closely associated with efficient knowledge management.
DM>>KM>>CX (r = 0.965): This confirms a strong indirect link between the independent variable (DM) and the dependent variable (CX), essential for testing the mediation effect (KM).
The high correlations (all r > 0.96) raise concerns about discriminant validity. Respondents may perceive KM and CX as the same construct, as shown by the values being close to 1.0, despite the expected strong correlations from their conceptual links. To formally evaluate whether the structural model can handle this measurement issue, a complete SEM route analysis is required.

Structural Equation Model (SEM) mediation analysis
Testing the hypothesis: Data Mining (DM) >> Knowledge Management (KM) >> Customer Experience (CX).
1. SEM path coefficients
	Path
	Standardized Coefficient (β)
	p-value
	Finding

	DM >> KM (Path A)
	0.960
	0.000 ***
	Significant (p < 0.001)

	KM >> CX (Path B)
	0.950
	0.000 ***
	Significant (p < 0.001)

	DM>>KM>>CX (Indirect Effect, Path C')
	0.020
	0.750
	Non-Significant (p < 0.05).


Table 6: The structural equation model analysis
Source: own elaboration
The analysis estimates the strength (β) and significance (p-value) of each causal pathway in the model.

2. Mediation effects summary
Figure 2: pie chart showing the mediation effect 
Source: own elaboration

Total Effect
0.932
p-value: 0.000
Overall effect of DM on CX (Direct + Indirect).

Direct Effect (C')
0.020
p-value: 0.750
Effect of DM on CX, controlling for KM.

Indirect Effect (AxB)
0.912
p-value: 0.000
Effect of DM on CX through KM (The Mediation).

The analysis demonstrates that knowledge management fully mediates the relationship between customer experience and data mining.  Due to the idea of functional similarity, high path coefficients indicate poor discriminant validity.  The path model visualization demonstrates how Knowledge Management has a substantial indirect impact on customer experience, while Data Mining has a negligible direct impact.

3.1 The conceptual model
The Full Mediation Model argues that the efficiency of the knowledge management processes is the sole factor affecting how data mining impacts customer experience outcomes. Data Mining, Knowledge Management, and Customer Experience flow sequentially and causally in the model. A business's investment in data mining (DM) can enhance customer experience (CX) only when it effectively translates raw data insights into actionable organizational knowledge (KM). KM's vital mediating role links DM with improved CX outcomes.
The conceptual model is structured to test the following relationships, corresponding to the developed hypotheses:
	Variable
	Role
	Path
	Description

	Data Mining (DM)
	Independent Variable (IV)
	DM>.KM (H1)
	DM techniques (e.g., predictive analytics, segmentation) provide the raw, data-driven insights that feed into the KM system.

	Knowledge Management (KM)
	Mediating Variable (MV)
	KM>>CX} (H2)
	KM processes (e.g., knowledge capture, sharing, and utilization) act as the necessary bridge to translate DM insights into actionable steps.

	Customer Experience (CX)
	Dependent Variable (DV)
	DM>>KM>> CX (H3)
	CX outcomes (e.g., personalization, responsiveness) are the final result, dependent upon the successful application of knowledge derived from DM.


Table 7: The conceptual model structure, testing the relationships corresponding to the developed hypotheses
Source: own elaboration




Figure 3: The conceptual model flow diagramDATA MINING
Data Pre-processing & Integration (DM6)
Exploratory Data Analysis (DM2, DM7)
Clustering & Segmentation (DM1)
Association Rules & Sequential Pattern (DM4, DM5, DM8)
KNOWLEDGE MANAGEMENT
Knowledge Acquisition (KM1)
Knowledge Storage (KM2)

Knowledge Sharing (KM3)

Knowledge Maintenance (KM4)

CUSTOMER EXPERIENCE
Improved Personalization (CX1)
Improved Service Efficiency (CX2)
Improved Customer Satisfaction (CX3, CX5)
Improved Customer Insights (CX4)



Source: own elaboration

According to the model's theory, DM's direct impact on CX is negligible. Properly categorizing, validating, and disseminating DM insights throughout the company is essential for consistently affecting customer-facing teams responsible for CX, underlining the vital role of KM in information dissemination.

3.2 Hypothesis Testing

The analysis using SEM path evaluation shows the findings for the three hypotheses, H1, H2, and H3, from the conceptual model. According to this model, KM is the mediator, CX is the dependent, and DM is the independent variable. Table 6 outlines the results for each hypothesis with p-values and standardized path coefficients (β) calculated using the average composite scores of the latent variables in the SEM analysis.

	Path
	Hypothesis
	Relationship
	Standardized Coefficient (β)
	p-value
	Result

	DM >>KM
	H1
	Data Mining significantly and positively affects Knowledge Management.
	0.960
	<0.001
	Proved

	KM >>CX
	H2
	Knowledge Management significantly and positively impacts customer experience.
	0.950
	<0.001
	Proved

	DM >>CX (Direct)
	H3
	DM has a direct effect on CX.
	0.020
	0.750
	Not Proved

	DM>>KM>>CX (Indirect)
	H4
	KM mediates the relationship between DM and CX.
	0.912
	<0.001
	Proved


Table 8: The Structural Equation Model Path Analysis and Hypotheses Testing
Source: own elaboration

The analysis provides strong support for the proposed relationships:
(1) H1 Support (DM >> KM): Knowledge management (KM) is greatly and favourably impacted by data mining (DM) (β = 0.960, p < 0.001), which increases the effectiveness of KM.

(2) H2 Support (KM >>CX): Customer Experience (CX) is significantly impacted by Knowledge Management (KM) (β = 0.950, p < 0.001), establishing a connection between enhanced CX and DM expertise.

(3) The relationship between DM and CX is mediated by KM.  The impact of DM on CX was totally mediated by the extremely significant indirect effect through KM (βDM>>KM x βKM>>CX) = 0.960 x 0.950 = (0.912, p < 0.001).

The pilot study validates full mediation (H4) and highlights how important it is to integrate data mining into efficient knowledge management procedures in order to improve customer experience outcomes. A strong connection between knowledge management and customer experience (CX) leads to practical effects; CX is driven by data-based KM that empowers customer service representatives or enables self-service.  Strong correlations and high path coefficients raise questions about discriminant validity even though the model has good support.  Conceptually and experimentally, constructs should be separate, yet on online platforms, integration is seen as an ongoing system.  "Better CX" and "data-driven KM" may be seen by managers as components of the same strategic endeavour.  The mediation test validates the causation order: DM to KM to CX, even in the face of strong correlation.  With its emphasis on holistic management for an interdependent value chain, knowledge management (KM) is still essential even when there is a strong correlation between variables.


4. CONCLUSION

To examine the proposed mediating role of knowledge management in the relationship between data mining and customer experience within online publishing, this pilot study employed a quantitative approach, specifically Structural Equation Modeling (SEM), on an initial sample of N = 33 industry managers. The research offered solid preliminary support for the conceptual model and verified the high internal consistency of all measured constructs.
(1) The significant standard path coefficient (β=0.960) provides preliminary evidence that the application of data mining techniques (clustering, predictive analytics) is highly associated with higher efficiency of knowledge management processes
(2) The result shows that in this instance, improved customer experience outcomes are significantly and powerfully predicted by effective knowledge management, specifically the capacity to gather, share, and integrate insights (β=0.950)
(3) The primary hypothesis so far is validated: the study proposes full mediation by knowledge management, which implies that the knowledge management process fully transmits the overall beneficial effect of data mining on customer experience.

Limitations and direction for future research
(1) These results have limited generalizability because of the small initial sample size (n=33); external validity strongly requires replication with larger, more diversified samples in various digital publishing platforms.
(2) The incredibly high correlation (r=0.96) between the constructs points to possible problems with collinearity. Even though the model is highly significant, future research must address this discriminant validity issue to make sure the concepts are significantly different.

Conclusively, this preliminary research shows that effective knowledge management procedures are crucial for data mining to benefit customer experience by serving as a strategic link for converting insights into valuable assets. Data mining insights become significant when integrated into a robust knowledge management system instead of being viewed as stand-alone information, as shown by the non-significant direct effect in the study.
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OVERALL RESPONSE DISTRIBUTION

percentage	
strongly agree	agree	slightly agree	nuetral	slightly disagree	disagree	strongly disagree	23.7	17.5	23.7	13.2	8.5	8.1999999999999993	5.3	

Mediation Effect

value	
Total effct	direct effect	indirect effect	0.93200000000000005	0.02	0.91200000000000003	

