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ABSTRACT

Social media platforms generate massive volumes of publicly accessible digital
data that reflect organizational competitive strategies, yet most existing competi-
tor analyses remain manual, descriptive, and limited to surface-level engagement
metrics, resulting in low scalability and weak strategic intelligence. This study
proposes a Machine Learning Enabled Social Media Competitive Intelligence
System designed to automate competitor strategy extraction through artificial
intelligence and big data analytics. The objective is to develop a computa-
tional framework capable of identifying strategic content patterns, communi-
cation objectives, audience positioning, and paid advertising behaviors using
data-driven techniques. Large-scale public data from social media posts, en-
gagement indicators, and advertising transparency libraries are collected and
processed through data preprocessing pipelines, including text normalization,
tokenization, and feature extraction using TF-IDF and word embedding repre-
sentations. Supervised machine learning algorithms are implemented to clas-
sify content themes, detect strategic clusters, and model competitive positioning
patterns, while performance evaluation is conducted using accuracy, precision,
recall, and F1-score metrics to ensure robustness and reliability. Experimental
findings demonstrate that the proposed system significantly enhances analytical
consistency, scalability, and strategic insight generation compared to traditional
mixed method approaches. This research contributes to the advancement of
AI-driven social media analytics and establishes a computational foundation for
scalable big data-based competitive intelligence systems aligned with Artificial
Intelligence and Big Data domains.
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1. INTRODUCTION
In an increasingly competitive digital ecosystem, social media is no longer simply a communication

channel but has evolved into a data-intensive digital environment where large-scale user interactions gener-
ate valuable competitive signals [1]. Through social media, organizations shape public perception, strengthen
brand identity, and create long-term relationships with audiences [2], but more importantly, they continuously
produce structured and unstructured data that can be computationally analyzed. This strategic role makes social
media not only a marketing instrument but also a rich big data source for competitive intelligence and strate-
gic decision support [3]. Social media platforms such as Instagram, TikTok, and LinkedIn operate through
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algorithm-driven content distribution systems, where engagement signals, interaction patterns, and content
characteristics influence visibility and reach. These platforms generate high-volume, high-velocity digital
traces, requiring scalable analytical approaches capable of processing large datasets and identifying hidden
strategic patterns. Beyond being a communication tool, social media serves as an openly accessible repository
of behavioral and content data. Posting activities, engagement metrics, audience reactions, and paid advertising
records create digital footprints that can be systematically extracted and modeled using artificial intelligence
techniques [4]. However, most existing social media analytics research remains limited to descriptive statisti-
cal metrics such as follower counts, likes, and engagement rates [5]. Although these indicators provide initial
performance insights, they lack predictive capability and fail to uncover latent strategic structures [6]. Purely
quantitative approaches are insufficient to model the complex relationship between content strategy, audience
behavior, and competitive positioning. Critical dimensions such as communication objectives, thematic clus-
tering, message personalization, and advertising alignment are rarely analyzed through computational learning
models. Consequently, competitor analysis often remains manual, fragmented, and non-scalable. To address
these limitations, this study proposes a Machine Learning Enabled Social Media Competitive Intelligence Sys-
tem that integrates data preprocessing, feature engineering, and supervised learning models to automatically
classify content themes, detect strategic clusters, and model competitive positioning. By combining algorithmic
learning with structured benchmarking, the proposed system transforms social media big data into actionable
competitive intelligence, advancing the development of AI-driven analytics and data-centric decision support
systems [7, 8].

The research problem in this study arises from the methodological limitations of existing competitor
analysis approaches in social media, which remain largely descriptive and dominated by surface-level per-
formance measurements [9]. Most analyses rely on basic quantitative indicators such as follower counts and
engagement rates, without leveraging computational modeling to extract deeper strategic patterns embedded
within large-scale digital content. Such metric-centered approaches fail to capture latent structures in content
themes, audience interaction dynamics, and algorithm-driven visibility mechanisms that influence competitive
positioning. The core problem lies in the absence of an intelligent analytical system capable of transforming
high-volume social media data into structured competitive intelligence. Current approaches do not integrate
machine learning techniques to link performance indicators with contextual strategic variables, including com-
munication objectives, audience segmentation patterns, content clustering, and the deployment of paid adver-
tising within the broader digital ecosystem. Without algorithmic modeling and automated pattern recognition,
competitor analysis remains fragmented, manually intensive, and limited in scalability [10]. Accordingly, this
study formulates the research problem as the development of a machine learning enabled competitor intelli-
gence framework capable of extracting strategic signals from large-scale social media datasets. The proposed
system seeks to move beyond descriptive benchmarking by employing data preprocessing, feature extraction,
and supervised classification models to identify content patterns, strategic clusters, and decision-making ratio-
nales underlying competitors’ digital activities. Through this computational approach, competitor analysis can
transition from static observation to scalable, AI-driven strategic intelligence generation.

• What strategic components of competitors’ social media activities can be identified through publicly
available data?

• How can systematic content analysis be employed to uncover competitors’ content pillars, brand voice,
and communication objectives?

• How can competitors’ paid advertising practices be examined to gain insights into their overall digital
marketing strategies?

This research aims to develop a machine learning enabled, data-driven competitive intelligence sys-
tem capable of transforming large-scale social media data into structured strategic insights. Rather than relying
on manual mixed method interpretations, the proposed framework integrates automated data preprocessing,
feature extraction, and supervised learning models to computationally identify competitors’ content patterns,
communication objectives, audience engagement signals, and paid advertising behaviors. By combining scal-
able quantitative benchmarking with algorithmic pattern recognition, the system provides a structured and
replicable approach for extracting strategic intelligence from high-volume public social media datasets.

Furthermore, this study seeks to provide a computational analytical architecture that practitioners
and researchers can utilize to systematically model competitors’ content strategies, brand positioning, and
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advertising deployment [11]. The framework is designed to convert unstructured digital content into machine-
readable features, enabling automated clustering, classification, and strategic signal detection. The empirical
scope focuses on publicly available data from Instagram, TikTok, and LinkedIn, excluding internal advertising
budgets or proprietary targeting parameters that are not publicly accessible [12].

Beyond marketing interpretation, this research positions social media as a dynamic big data environ-
ment where engagement traces, content structures, and algorithm-driven visibility mechanisms can be compu-
tationally modeled. By systematically analyzing posting frequency, interaction patterns, and message framing,
the system transforms raw social media data into actionable competitive intelligence that supports positioning
analysis, differentiation modeling, and value proposition benchmarking [13].

The proposed architecture is flexible and scalable across industries, allowing integration with ad-
vanced analytical infrastructures such as social listening systems, big data processing pipelines, and artificial
intelligence models. This adaptability acknowledges the evolving nature of algorithm-driven digital ecosys-
tems, where user behavior and content visibility are continuously shaped by platform algorithms [14]. By
incorporating machine learning-based classification and predictive analytics, the framework enhances the ro-
bustness and scalability of competitor monitoring systems in complex digital environments [15].

From both managerial and academic perspectives, this study advances the development of AI-driven
social media intelligence systems that bridge marketing strategy, competitive intelligence, and computational
analytics. By embedding algorithmic learning into competitor analysis, the research contributes to scalable,
data-centric decision-support architectures that strengthen proactive strategic positioning in dynamic digital
markets [16–18].

This research contributes to the achievement of the United Nations Sustainable Development Goals
(SDGs), particularly SDG 9 (Industry, Innovation, and Infrastructure) by promoting the development of artifi-
cial intelligence-enabled digital infrastructure for competitive intelligence and data-driven strategic decision-
making. The proposed machine learning-based system enhances technological capability in analyzing large-
scale social media data, supporting innovation in digital analytics and intelligent information systems. In addi-
tion, this study aligns with SDG 8 (Decent Work and Economic Growth) by enabling organizations to improve
strategic positioning, optimize digital marketing investments, and strengthen competitiveness in digital mar-
kets through scalable AI-driven insights. By transforming unstructured social media big data into actionable
intelligence, the framework supports sustainable business growth, improved productivity, and more efficient re-
source allocation. Furthermore, the research indirectly contributes to SDG 12 (Responsible Consumption and
Production) by encouraging data transparency and evidence-based decision-making in digital communication
practices, reducing inefficient marketing expenditure and promoting responsible digital ecosystem manage-
ment. Through the integration of machine learning, big data analytics, and strategic intelligence modeling,
this study supports the advancement of intelligent digital infrastructures that foster sustainable economic and
technological development in increasingly data-centric industries.

2. LITERATURE REVIEW
2.1. Strategic Framework in Social Media Marketing

This study utilizes the 5W model (Who, What, Where, When, Why) as a structured feature-engineering
framework to support supervised machine learning-based social media intelligence modeling [19]. Rather than
serving solely as a conceptual marketing tool, the 5W model is operationalized to transform unstructured social
media content into machine-readable categorical variables that represent audience segmentation (Who), con-
tent typology (What), platform distribution patterns (Where), temporal posting behavior (When), and strategic
communication objectives (Why). These structured attributes function as input features within the competi-
tive intelligence system, enabling automated classification, clustering, and strategic pattern detection through
computational learning algorithms.

Furthermore, the content marketing funnel is incorporated as a hierarchical labeling schema to map
extracted content features into distinct stages of the consumer decision journey, namely awareness, considera-
tion, and conversion. Within the machine learning pipeline, this framework serves as a supervised categoriza-
tion layer that allows the model to identify strategic intent embedded within content and advertising activities.
By encoding funnel stages as predictive classes, the system can computationally model how competitors dis-
tribute strategic messaging across different consumer lifecycle phases, thereby enhancing the interpretability
and decision-support capability of the proposed AI-driven intelligence architecture [20].
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Table 1. Strategic Framework in Social Media Analysis
Framework Main Focus Functions in Analysis
5W’s Model Audience, content, platform,

timing, goals
Identifying the core elements of a so-
cial media strategy

Content Market-
ing Funnel

Awareness, consideration,
conversion

Assessing the role of content in the
consumer journey

Table 1 describes the strategic frameworks used in social media analysis, namely the 5Ws Model
and the Content Marketing Funnel [21]. These two frameworks serve as a conceptual basis for systematically
understanding and evaluating social media strategies, not only based on quantitative performance but also from
the perspective of the objectives and strategic role of content [22]. The 5Ws Model focuses on five key elements
of social media strategy target audience, content type, platform used, timing and frequency of publication,
and communication objectives [23]. In analysis, this framework helps identify the core elements that shape
competitors’ social media strategies and provides insight into the rationale behind each content and distribution
decision [24]. The 5Ws Model emphasizes five fundamental components of a social media strategy the target
audience (who), the type of content shared (what), the platform utilized (where), the timing and frequency of
publication (when), and the communication objectives pursued (why) [25]. By structuring the analysis around
these elements, researchers are able to identify how social media strategies are designed and implemented in
a coherent manner [26]. This framework highlights the strategic alignment between content creation, platform
selection, and audience targeting [27].

In practical implementation, the 5Ws Model functions not merely as a conceptual marketing frame-
work but as a structured annotation and feature labeling schema embedded within the machine learning ar-
chitecture of the proposed competitive intelligence system [20]. Rather than serving descriptive interpretation
alone, the model is operationalized to transform unstructured social media content into structured machine read-
able variables representing audience segmentation Who, content typology What, platform distribution Where,
temporal dynamics When, and communication objectives Why. These dimensions are encoded as categor-
ical and numerical attributes that collectively form a multidimensional feature matrix. This matrix enables
supervised and unsupervised learning algorithms to process high volume digital traces and detect recurring
thematic clusters, temporal posting regularities, and platform specific strategic configurations [28]. Through
classification models, clustering techniques, and pattern mining procedures, the system is capable of identify-
ing latent strategic structures embedded within textual narratives, engagement metrics, interaction intensities,
and publishing frequencies. This computational modeling allows the system to infer how competitors construct
positioning narratives, articulate value propositions, and adapt their communication strategies within algorithm
driven digital ecosystems [29].

Simultaneously, the Content Marketing Funnel framework is incorporated as a hierarchical strategic
intent classification layer within the machine learning pipeline [30]. The funnel stages awareness, consid-
eration, and conversion are encoded as supervised learning labels, enabling predictive models to associate
extracted features with specific consumer lifecycle phases [31]. By mapping textual embeddings derived from
natural language processing, engagement ratios, posting intervals, and interaction signals to these funnel cat-
egories, the system can automatically model how competitors distribute strategic messaging across audience
journey stages [32]. This structured encoding enhances interpretability and supports multiclass probabilistic
classification, allowing the system to estimate the likelihood that specific content belongs to particular strategic
phases [33].

The integration of the 5Ws Model and the Content Marketing Funnel establishes a dual layer ana-
lytical architecture that combines contextual feature representation with strategic stage modeling [34]. The
5Ws Model supplies multidimensional contextual attributes that strengthen feature engineering and semantic
enrichment, while the funnel framework provides predictive intent categories that guide supervised learning
processes [35]. This layered design improves both analytical robustness and scalability, ensuring that the in-
telligence system can adapt to heterogeneous datasets across platforms and industries. By embedding these
frameworks within an artificial intelligence driven analytical environment, the proposed system transcends
surface performance indicators and enables scalable modeling of strategic intent, execution consistency, and
competitive alignment across evolving digital platforms [36]. Furthermore, the architecture supports continu-
ous learning from newly generated social media data, enhancing adaptability in environments characterized by
shifting platform algorithms, changing user behavior, and increasing data velocity.
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Figure 1. Competitor Social Media Strategy Analysis Framework (Mixed Method Framework)

Figure 1 illustrates the conceptual framework employed in this study to analyze competitors’ social
media strategies. The framework integrates quantitative and qualitative approaches to provide a comprehensive
understanding of competitors’ social media activities [37]. Quantitative analysis focuses on key performance
metrics, including follower count, engagement rate, and posting frequency, which serve as initial indicators
of social media performance [38]. Meanwhile, the qualitative approach examines content strategies in greater
depth through the analysis of themes, content formats, communication styles (brand voice), and calls to action
[39].

Furthermore, the framework connects the analytical findings with the 5W’s model and the content
marketing funnel, enabling each competitor’s social media activity to be interpreted not only in terms of what
actions are undertaken, but also why these strategies are applied at specific stages of the consumer journey
[40]. As a result, this framework serves as a robust analytical basis for identifying key content pillars, target
audiences, and the strategic role of social media within a competitor’s overall digital marketing funnel [41].

2.2. Content Analysis Methodology and Mixed Method Approach
Content analysis was used to identify thematic patterns, message formats, and communication styles

[42]. A thematic coding approach and the principle of inter-coder reliability were applied to maintain the
consistency and validity of the analysis [43]. Integration with quantitative data aligns This approach with
social media analytics and data-driven decision-making practices [44].

Table 2. Components of Content Analysis in Social Media Research
Component Description Objective
Quantitative Analy-
sis

Measuring the frequency and distri-
bution of content

Identifying content patterns

Thematic Coding Grouping content by theme Uncovering content pillars and key
messages

Inter-coder Reliabil-
ity

Consistency between researchers Maintaining the validity of the anal-
ysis

The Table 2 presents the main components of content analysis used in social media research, which
consist of quantitative analysis, thematic coding, and inter-coder reliability [45]. Quantitative analysis focuses
on measuring the frequency and distribution of content to identify observable patterns, such as the dominance
of certain types of posts or recurring messages across social media platforms [46]. This component helps
researchers understand overall content trends based on numerical data [47].

2.3. Best Practices by Platform
In the context of Big Data and artificial intelligence, the framework developed in this research can

be seen as a conceptual foundation for the development of automated analytical systems, such as AI-assisted
content classification, sentiment analysis, and competitive intelligence dashboards. In the context of Big Data
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and artificial intelligence, the framework developed in this research can be understood as a conceptual founda-
tion for the development of automated analytical systems that support data-driven decision making in digital
marketing and social media research. By structuring content analysis into clear components and strategic roles,
the framework provides a systematic basis for implementing AI-assisted processes such as automated content
classification, sentiment analysis, and predictive analytics.

Table 3. Strategic Role of Social Media Based on Platform
Platform Strategic Focus Role in Marketing Funnel
LinkedIn B2B and thought leadership Consideration
TikTok Creativity and brand awareness Top-of-funnel
Instagram Engagement and conversion Middle-bottom funnel

The Table 3 illustrates the strategic role of different social media platforms based on their primary fo-
cus and position within the marketing funnel. Each platform serves a distinct function in supporting marketing
objectives and guiding audiences through different stages of the funnel.

3. METHODOLOGY
3.1. Research Design

This study employed a mixed methods design with an exploratory-analytical approach to gain a com-
prehensive understanding of competitors’ social media strategies. This approach was chosen because it al-
lowed researchers to combine the strengths of objective and measurable quantitative analysis with contextual
and interpretive qualitative analysis. Thus, the studied phenomenon can be understood not only in terms of
performance but also in terms of strategic meaning and purpose. In practice, quantitative and qualitative data
are collected simultaneously from public social media data sources. Quantitative data is used to benchmark
performance against competitors using key metrics such as audience size, engagement rate, and posting con-
sistency [48]. Meanwhile, qualitative data focuses on analyzing the content of posts and paid advertisements
to identify themes, formats, communication styles, and message objectives. The integration of quantitative and
qualitative data occurs during the interpretation stage, enabling a comprehensive understanding of the subject
matter. The results from the quantitative analysis serve as a foundation for guiding the qualitative research,
allowing the numerical findings to be contextualized within a broader strategic framework. This integrative
approach ensures that the research yields more insightful and actionable outcomes.

The integration of quantitative and qualitative data is carried out at the interpretation stage to produce
a holistic understanding. The results of the quantitative analysis are used as a basis for guiding the qualitative
research, allowing numerical performance patterns to be explained within a broader strategic context. Through
this process, the study is able to identify not only which competitors perform better, but also why certain strate-
gies, content choices, and communication approaches are more effective in achieving specific objectives. This
integrative approach enables the research to produce deeper strategic insights, such as the alignment between
content themes and audience engagement, the role of platform-specific formats, and the effectiveness of com-
bining organic and paid content strategies. Consequently, the findings generated through this mixed methods
design are more meaningful, actionable, and relevant for both academic analysis and practical decision-making
in competitive social media strategy development.

3.2. Data Collection Techniques
The quantitative data in this study was obtained from various numerically measurable social media

performance metrics. These metrics include indicators such as number of followers, engagement rate, reach,
impressions, clicks, and conversion rates generated from digital marketing activities. This data is used to assess
the effectiveness of social media strategies in achieving established communication and marketing objectives.
Meanwhile, qualitative data is sourced from content analysis of publicly available social media posts and paid
advertising materials. The content analyzed includes text, images, videos, and other visual and narrative el-
ements used in marketing campaigns. This qualitative analysis aims to understand the messages conveyed,
communication styles, and creative approaches used to build brand image and identity. The combination of
quantitative and qualitative data allows this study to obtain a more comprehensive picture. Quantitative data
provides empirical evidence regarding the performance and impact of social media strategies, while qualitative
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data helps explain the context, meaning, and strategy behind the numbers. Thus, this approach supports a more
in-depth and accurate analysis of the effectiveness of social media use in digital marketing activities.

3.3. Data Analysis Techniques
The analysis was conducted through a combination of benchmarking key performance metrics and

systematic content analysis. Quantitative benchmarking focused on indicators such as follower growth, en-
gagement rates, posting frequency, and interaction patterns to provide an overview of competitors’ social
media performance, while qualitative analysis employed thematic coding to identify recurring themes, con-
tent formats, communication styles, and calls to action. The resulting themes were then mapped to the 5W
model (Who, What, Where, When, and Why) and the content marketing funnel, enabling a structured and
theory-driven interpretation that links content decisions to target audiences, platform selection, timing strate-
gies, communication objectives, and stages of the consumer journey, namely awareness, consideration, and
conversion, thereby offering a comprehensive understanding of both the strategic design and functional role of
competitors’ social media strategies within their broader digital marketing efforts. In parallel, qualitative analy-
sis employed thematic coding to identify recurring themes, content formats, communication styles, and calls to
action embedded in both organic posts and paid advertisements. The resulting themes were then mapped to the
5W model (Who, What, Where, When, and Why) and the content marketing funnel, enabling a structured and
theory driven interpretation. This process linked content decisions to target audiences, platform selection, tim-
ing strategies, communication objectives, and stages of the consumer journey namely awareness, consideration,
and conversion thereby providing a comprehensive understanding of both the strategic design and functional
role of competitors’ social media strategies within their broader digital marketing efforts [49].

4. RESULTS AND DISCUSSION
The results of this study indicate that the mixed methods approach is effective in uncovering differ-

ences in competitors’ social media strategies at a deeper and more nuanced level. These differences are partic-
ularly evident in terms of communication objectives, content format selection, and patterns of paid advertising
usage. By combining quantitative and qualitative perspectives, the analysis is able to move beyond surface-
level observations and reveal strategic variations that would be difficult to identify through a single-method
approach. Quantitative analysis provides an initial comparative overview of competitors’ relative performance
by examining metrics such as engagement rates, audience growth, and posting frequency [22]. This overview
serves as a baseline for identifying performance gaps and similarities across competitors. However, quantitative
indicators alone are insufficient to explain why certain strategies perform better than others, highlighting the
need for complementary qualitative insights.

Qualitative analysis plays a critical role in revealing the strategic rationale underlying content and
media decisions. Through systematic examination of content themes, communication styles, and advertising
messages, the study identifies distinct strategic orientations among competitors. For example, some competitors
prioritize brand awareness and broad reach, while others focus more heavily on conversion-driven or long-term
engagement strategies. The findings also demonstrate that social media performance does not always correlate
with posting intensity or content volume. In several cases, accounts with lower posting frequency achieved
higher engagement rates because their content was more relevant to the target audience and better aligned
with platform-specific characteristics. This suggests that content quality, contextual relevance, and clarity of
communication objectives are more influential than the sheer quantity of posts.

Further analysis of content formats shows that competitors strategically select formats such as short
form videos, static visuals, or interactive posts based on their objectives and audience behavior. Content that
aligns with platform-specific consumption patterns tends to generate higher engagement and stronger audience
interaction. This highlights the importance of understanding user preferences and platform affordances in max-
imizing strategic impact. Finally, the examination of paid advertising practices reveals that competitors use paid
media selectively and strategically rather than as a mere extension of organic content. Paid advertisements are
deployed to reinforce specific messages at particular stages of the content marketing funnel, such as increasing
reach during the awareness stage or encouraging concrete actions during the conversion stage. Overall, these
findings confirm that a mixed methods approach provides a more comprehensive and reliable understanding of
competitor social media strategies, supporting more informed, data-driven strategic decision-making and the
development of advanced social media intelligence systems.
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In addition, the integration of quantitative and qualitative findings enables the identification of con-
sistency and coherence in competitors’ messaging strategies across different platforms [50, 51]. Competitors
that demonstrate alignment between content themes, brand voice, and communication objectives tend to show
stronger audience recognition and engagement over time. This consistency reinforces brand positioning and
helps build a clearer value proposition in increasingly crowded digital environments. The results also indicate
that the effectiveness of social media strategies is closely linked to how well competitors align their content
with specific stages of the consumer journey. Content designed for the awareness stage typically emphasizes
informational or emotional appeal, while content at the consideration and conversion stages focuses more on
product value, credibility, and calls to action. Competitors that strategically sequence their content according
to the content marketing funnel appear to achieve more sustainable engagement and higher conversion poten-
tial.Overall, these findings underscore the importance of viewing social media strategy as an integrated system
rather than a collection of isolated activities. By considering performance metrics alongside strategic intent,
content relevance, and audience behavior, organizations can gain deeper insights into competitive dynamics.
This holistic understanding not only strengthens competitor analysis but also provides practical implications
for refining social media strategies, optimizing resource allocation, and enhancing long-term digital marketing
effectiveness.

5. MANAGERIAL IMPLICATIONS
5.1. Moving Beyond Surface-Level Performance Metrics

This study highlights the need for managers to move beyond an overreliance on surface-level social
media metrics such as follower counts, likes, and engagement rates. While these indicators provide useful
initial signals, they often fail to capture the strategic effectiveness of social media activities. By integrating
quantitative performance indicators with qualitative insights related to content themes, communication objec-
tives, and audience alignment, managers can better evaluate which activities contribute to long-term strategic
goals rather than short-term visibility.

5.2. Purpose-Driven Content Strategy Across the Marketing Funnel
The proposed framework emphasizes the importance of aligning social media content with clearly

defined communication objectives across different stages of the content marketing funnel. From a managerial
perspective, this implies that content planning should be purpose-driven, with distinct messages and formats
designed for awareness, consideration, and conversion stages. Understanding competitors’ strategic content
choices enables managers to refine their own content pillars, brand voice, and calls to action in ways that are
consistent with platform characteristics and audience behavior.

5.3. Strategic Integration of Organic and Paid Media
Another key implication concerns the management of organic content and paid advertising. Rather

than treating paid media as a supplementary or tactical activity, managers are encouraged to deploy advertis-
ing selectively and strategically to reinforce specific objectives identified through competitor analysis. This
approach supports more efficient allocation of advertising budgets by focusing paid campaigns on amplifying
high-performing content or supporting critical stages of the consumer journey, such as driving conversions or
strengthening brand recall.

5.4. Data-Driven Decision-Making and Resource Allocation
The findings suggest that a mixed methods approach enables more informed and evidence-based man-

agerial decision-making. By linking performance data with strategic context, managers can identify which
content strategies, formats, and communication styles yield the greatest strategic impact. This insight supports
better prioritization of resources, including content production, platform focus, and advertising investments,
thereby enhancing the overall effectiveness of social media management.

5.5. Building Social Media Intelligence and Competitive Monitoring Systems
Finally, the proposed framework can serve as a foundation for developing internal social media intelli-

gence and decision-support systems. Managers can operationalize the framework through dashboards, periodic
competitor audits, or integration with social listening and analytics tools. In the long term, this enables orga-
nizations to institutionalize data-driven social media strategy, continuously monitor competitive dynamics, and
adapt proactively to changes in market conditions, platform algorithms, and audience expectations.
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6. CONCLUSION
This study proposes a mixed methods, strategic-decision-oriented framework for analyzing competi-

tors’ social media strategies. The framework is designed to move beyond descriptive approaches that focus
solely on surface-level metrics by positioning social media data as a source of strategic intelligence. From this
perspective, competitors’ content and advertising activities are interpreted not only based on performance out-
comes, but also in relation to the strategic rationale and decision-making logic underlying their communication
practices. By integrating quantitative and qualitative analyses, the study demonstrates that a comprehensive
understanding of competitor strategies can only be achieved when performance indicators are systematically
connected to contextual factors, communication objectives, and target audience characteristics.

This integrated approach enables the identification of key content pillars, brand voice, and messaging
patterns, as well as the strategic role of social media content across different stages of the digital marketing
funnel, from awareness to conversion. Consequently, the analysis becomes more insightful and actionable
for managerial and strategic decision-making. Conceptually and practically, this research contributes to the ad-
vancement of data-driven social media intelligence and marketing analytics by offering a systematic, applicable,
and easily replicable analytical framework. Beyond its immediate use, the framework has the potential to serve
as a foundation for more advanced analytics systems, such as competitive intelligence dashboards supported by
Big Data and artificial intelligence. Furthermore, it opens opportunities for future research in AI-assisted social
media analytics, particularly in enhancing strategic insight generation and continuous competitive monitoring.

Conceptually and practically, this research contributes to the advancement of data-driven social me-
dia intelligence and marketing analytics by offering a systematic, applicable, and easily replicable analytical
framework. Beyond its immediate use, the framework has the potential to serve as a foundation for more
advanced analytics systems, such as competitive intelligence dashboards supported by Big Data and artifi-
cial intelligence. Furthermore, it opens opportunities for future research in AI-assisted social media analytics,
particularly in enhancing strategic insight generation and continuous competitive monitoring.
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