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[bookmark: _Toc202544480]Abstract
This proposal outlines a study to investigate the integration of predictive analytics into strategic decision-making at SSE PLC, a leading UK energy provider operating within a highly regulated and data-rich environment. In response to increasing pressures for operational efficiency, compliance with data regulations (e.g., GDPR, Ofgem), and the demands of digital transformation, SSE must enhance its analytical capabilities to drive agility, marketing responsiveness, and data-informed decisions.
The proposed study employs a mixed-methods research design, underpinned by a pragmatic philosophical stance, which combines quantitative survey analysis with qualitative interviews across selected business units. It aims to examine the interrelationships between the adoption of predictive analytics, data governance maturity, decision-making effectiveness, and organisational readiness. Three established frameworks—DELTA, DCAM, and Data Mesh—are applied both diagnostically and prescriptively to evaluate SSE’s current analytics maturity and to explore viable governance models in a legacy infrastructure context.
Theoretically, this research contributes to the emerging intersection of analytics maturity models and data governance theory within regulated industries, offering a refined hybrid framework adapted for utilities. Practically, it provides a strategic, evidence-based roadmap to support SSE’s progression toward enterprise-wide analytics integration. Anticipated outcomes include actionable insights for embedding predictive analytics into SSE’s strategic processes, as well as broader implications for analytics-driven transformation across the UK energy sector.
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1. [bookmark: _Toc202544481]Introduction 
The UK energy sector is undergoing a profound transformation, driven by net-zero targets, market volatility, and increasing consumer demand for clean and transparent services (BEIS, 2021; Ofgem, 2022). For SSE PLC, a FTSE 100 integrated energy firm, data-driven decision-making has become a strategic necessity.
At the centre of this shift is predictive analytics—the application of statistical modelling, machine learning, and data science to forecast trends, manage risks, and optimise operations (Waller & Fawcett, 2013; Shmueli & Koppius, 2011). When effectively implemented, it can drive investment efficiency, network resilience, customer insight, and ensure regulatory compliance.
Despite notable digital initiatives, including the establishment of a Chief Data Office and investment in cloud platforms, the maturity of analytics within SSE and across the broader sector remains uneven. Challenges include fragmented governance, siloed practices, and a lack of cross-functional integration (Capgemini Research Institute, 2020).
This study addresses that gap through a mixed-methods investigation of SSE’s organisational readiness, governance maturity, and analytics adoption. Drawing on both survey data and qualitative interviews, it develops a practical roadmap to support enterprise-wide transformation.
Ultimately, embedding predictive analytics is not just a technical initiative—it requires a cultural shift, redefined governance structures, and a renewed commitment to treating data as a strategic asset for sustainable success.
2. [bookmark: _Toc202544482]Research Aim and Objectives
[bookmark: _Toc202544483]2.1 Research Aim
This study aims to explore how SSE PLC utilises predictive analytics to support strategic decision-making and what factors enable or hinder this progress. The focus is on moving beyond isolated efforts toward a more integrated, organisation-wide approach—identifying key enablers, barriers, and practical steps for improvement.
[bookmark: _Toc202544484]2.2 Research Objectives
Five key objectives guide this study:
1. Assess how predictive analytics is currently used across SSE’s business functions and strategic planning.
2. Evaluate its role in marketing, especially for customer segmentation, targeting, and campaign effectiveness.
3. Analyse its impact on the quality, speed, and confidence of strategic decisions.
4. Examine how data governance—policies, quality management, and ownership—supports or hinders adoption.
5. Explore SSE’s readiness to scale predictive analytics, with a focus on leadership, skills, and data culture.
Together, these objectives frame a focused assessment of SSE’s current capabilities and future potential in data-driven strategy.
[bookmark: _Toc202544485]2.3 Research Questions (RQs)
These research questions align with the objectives, forming a structured foundation for the study’s methodology. The alignment is summarised in Table 1.
[bookmark: _Toc201942891]Table 1: Alignment of Research Objectives and Research Questions (Author’s conceptualisation)[footnoteRef:1] [1:  Table 1: Alignment of Research Objectives and Research Questions
This table outlines the mapping between the study’s key objectives and the specific research questions designed to address them, ensuring a focused and structured investigation.] 
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[bookmark: _Toc202544486]3. Background and Context
[bookmark: _Toc202544487]3.1 Industry Context and Rationale
As data volumes grow and analytics tools evolve, organisations are rethinking their strategic planning. Predictive analytics—using historical data, statistical models, and machine learning—helps support more confident, evidence-based decisions (Davenport & Harris, 2017; Brynjolfsson et al., 2021).
In the UK energy sector, operational resilience is becoming increasingly essential, driven by the shift toward low-carbon solutions and alignment with national climate goals (IEA, 2022; Ofgem, 2023). SSE PLC is responding by gradually strengthening its digital and analytics capabilities, taking a phased approach to embedding predictive tools into core decision-making (see Figure 1).
[image: Generated image][footnoteRef:2] [2:  Figure 1: SSE Plc Digital Transformation Timeline
This timeline illustrates key phases in SSE’s digital evolution, from legacy financial systems towards enterprise-wide AI and predictive analytics integration.] 

[bookmark: _Toc201942911]Figure 1: SSE Plc Digital Transformation Timeline (Adapted from SSE PLC (2024d), author's elaboration)
As SSE moves toward enterprise-wide AI and predictive analytics adoption, it becomes essential to understand the theoretical foundations, organisational enablers, and strategic frameworks that underpin successful analytics integration, which the following literature review explores in detail.
[bookmark: _Toc202544488]3.2 Company Profile: SSE PLC
SSE PLC, a FTSE 100 energy company headquartered in Perth, Scotland, operates across generation, transmission, distribution, and retail, with over 12,000 employees (SSE, 2024a). Through its £20.5bn Net Zero Acceleration Programme Plus, SSE is investing in offshore wind, flexible generation, and network upgrades to accelerate the energy transition (SSE, 2024b). Since launching its Chief Data Office in 2020, the company has focused on digital transformation through enhanced data governance, cloud infrastructure, and AI adoption (SSE, 2024c). However, predictive analytics maturity remains uneven, hindered by data silos, limited cross-functional collaboration, and cultural resistance—challenges highlighted in recent assessments (KPMG, 2024). Overcoming these issues is crucial to achieving net-zero objectives, strengthening risk management, and enhancing customer service.
[bookmark: _Toc202544489]3.3 Contextual Relevance and Contributions
As SSE faces growing pressure from decarbonisation, customer demands, and competition, this study explores how predictive analytics can support its transformation. It identifies key enablers and barriers, highlights cultural and governance gaps, and offers practical recommendations, including a tailored maturity roadmap. Academically, it addresses a gap by focusing on the adoption of analytics in asset-intensive industries. It evaluates the DELTA and DCAM frameworks in a utility context and contributes to understanding how leadership, culture, and technology drive data-led change.
[bookmark: _Toc202544490]4. Literature Review: Predictive Analytics and Strategic Decision-Making
Predictive analytics is a strategic enabler, empowering organisations to act on foresight rather than hindsight. It enhances operational efficiency, customer insight, and risk mitigation by identifying patterns in historical and real-time data (Davenport & Harris, 2017; Provost & Fawcett, 2013). In sectors like the UK energy industry, this capability is crucial for competitiveness, regulatory compliance, and sustainability. However, technology alone is insufficient. Real value depends on organisational readiness and governance maturity (Kwon et al., 2014; Sharma et al., 2020). While infrastructure matters, leadership, governance, and a data-driven culture are key to success (Wamba et al., 2015).
Early models (e.g., Strecker et al., 2012) offer useful foundations but lack relevance in today’s AI-driven, decentralised, and agile data environments. Their limitations are evident in complex, regulated sectors like energy. To address these gaps, adaptive frameworks such as DCAM and Data Mesh offer decentralised, domain-driven, and iterative approaches (EDM Council, 2020; Dehghani, 2022). These models better align predictive analytics with strategy, compliance, and digital innovation (Gupta & George, 2023).
For SSE PLC, success requires moving from siloed analytics to a unified, enterprise-wide strategy—embedding predictive analytics within strategic planning and operations. This demands strong governance, leadership alignment, domain expertise, and a data-literate culture. Frameworks such as DELTA, DCAM, and Data Mesh will guide this transformation by assessing readiness and shaping the journey toward a data-driven enterprise.
[bookmark: _Toc202544491]4.1 The Concept and Strategic Importance of Predictive Analytics
Predictive analytics utilises statistical and machine learning techniques to forecast outcomes and inform more informed decisions (Davenport & Harris, 2017; Waller & Fawcett, 2013). Its value lies in enabling proactive strategies and improving performance in terms of efficiency, agility, and innovation (Brynjolfsson et al., 2021; Manyika et al., 2011).
In energy, it helps anticipate customer needs, optimise assets, and navigate regulation. But success depends not just on tools—it also requires strong leadership, culture, governance, and skills. This chapter examines these factors in the utility context.
[bookmark: _Toc202544492]4.2 Organisational Data Governance and Analytics Integration
Scaling predictive analytics depends on strong data governance. Reliable, accessible, and high-quality data underpins trustworthy model outcomes (Otto, 2011). Governance has shifted from a compliance focus to a key driver of analytics maturity (Khatri & Brown, 2010), with frameworks like DCAM stressing ownership, standards, and data lineage (EDM Council, 2020). In the energy sector, governance also supports regulatory compliance, meeting GDPR and Ofgem requirements, and is essential for maintaining operational integrity and public trust (Adesina et al., 2024; Benjamin et al., 2024).
[bookmark: _Toc202544493]4.2.1 Definition and Evolution of Data Governance
Data governance is exercising authority over data assets to ensure quality, consistency, security, and availability (Khatri & Brown, 2010; DAMA DMBoK, 2024). Initially compliance-driven and reactive (Otto, 2011), governance has evolved into a strategic enabler, with data recognised as a valuable asset (Laney, 2017). Effective governance now underpins predictive analytics by ensuring data quality, accessibility, and trust (Shakya & Kumar, 2024; Shet et al., 2021; Komolafe et al., 2024).
[bookmark: _Toc202544494]4.2.2 Key Elements of Effective Data Governance for Predictive Analytics
Successful predictive analytics depends on strong governance. The EDM Council (2020) outlines four key pillars, while research by Mashayekhy Rad and Liu (2023) highlights governance gaps—especially in legacy systems—as major blockers in the energy sector. For SSE, improving stewardship and metadata practices is essential.
Key elements include:
· Clear ownership and stewardship – assigning responsibility for data quality and use.
· Data quality management – ensuring data is accurate, complete, and consistent.
· Metadata management – tracking data origin, usage, and transformations.
· Secure, controlled access – managing who can access sensitive data.
These components provide the foundation for reliable, scalable analytics. Without them, predictive efforts risk becoming fragmented and unsustainable (Otto, 2011). Table 2 summarises these governance essentials.
[bookmark: _Toc201942892]Table 2: Core Pillars of Effective Data Governance (Adapted from EDM Council (2020))
[image: A close-up of a list of words
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[bookmark: _Toc202544495]4.2.3 Challenges of Embedding Data Governance for Analytics Integration
Despite its recognised value, embedding data governance faces challenges. Many organisations still treat data inconsistently, leading to fragmented ownership (Laney, 2017), while overly rigid governance models can stifle innovation (Khatri & Brown, 2010). Cultural resistance complicates integration, particularly in traditional, hierarchical sectors, such as the energy sector (Otto, 2011). Siloed systems further limit the scalability and effectiveness of predictive analytics (Jeleel-Ojuade, 2024; Kothandapani, 2022).
[bookmark: _Toc202544496]4.2.4 Data Governance and Regulatory Compliance
Data governance is both a strategic enabler and a regulatory requirement in the energy sector. Compliance with GDPR and sector-specific mandates, such as Ofgem’s regulations, demands stringent data controls (ICO, 2021). Strong governance mitigates financial, operational, and reputational risks while enhancing the trustworthiness of predictive analytics outputs (EDM Council, 2020). Aligning governance, analytics, and compliance is essential for sustainable digital transformation.
[bookmark: _Toc202544497]4.3 Frameworks for Analytics Integration and Maturity
Researchers and practitioners have developed several models to assess and guide the integration of analytics into organisational strategy. This study particularly draws on two frameworks: the DELTA Model and the Data Management Capability Assessment Model (DCAM). These models will serve as analytical lenses for evaluating SSE PLC’s capabilities and inform the development of a tailored roadmap for enhanced analytics integration (Gaston, 2021).
[bookmark: _Toc202544498]4.3.1 DELTA Model
The DELTA model (Davenport & Harris, 2007; Davenport et al., 2010) outlines five key dimensions for building analytics capability:
· Data: High-quality, integrated data is essential. SSE must address challenges related to its legacy systems and unify key datasets to ensure seamless integration and data consistency.
· Enterprise-wide focus: Analytics should be embedded across teams. SSE’s siloed approach highlights current immaturity.
· Leadership: Executive support is crucial. The Chief Data Office shows growing leadership commitment.
· Targets: Analytics must align with core goals—such as net-zero and customer retention—to remain relevant.
· Talent (Analysts): A skilled mix of technical and analytical staff is needed. SSE still faces talent gaps despite efforts to build data literacy.
Critical view:
The model assumes digital maturity and may overlook constraints tied to legacy systems (Jarvis, 2025; Alhumaidi, 2025). SSE requires a tailored approach, including a phased rollout, talent development, and hybrid governance. More adaptive models may better support ongoing AI evolution (Gupta & George, 2023).
[bookmark: _Toc202544499]4.3.2 Data Management Capability Assessment Model (DCAM)
This study utilises the DCAM framework (EDM Council, 2020) to evaluate SSE’s data governance maturity in conjunction with the DELTA model. DCAM focuses on core areas that support predictive analytics:
· Data governance – Clear roles, policies, and oversight.
· Data quality – Ongoing monitoring and strong metadata practices.
· Architecture and infrastructure – Integrated systems using catalogues, MDM, and cloud platforms.
· Analytics management – Model development, validation, and alignment with business goals.
· Training and culture – Promoting data literacy and evidence-based decisions.
Strong governance fosters trust in analytics, which is crucial for SSE, where data quality issues and fragmented ownership persist as barriers (Brous, Janssen, & Krans, 2020; EDM Council, 2020). DCAM helps pinpoint where maturity gaps exist, particularly in areas such as siloed data and unclear accountability.
4.3.3 [bookmark: _Toc202544500]Other Relevant Frameworks and Debates
· Gartner Analytics Maturity Model: Stages firms from descriptive to prescriptive analytics; most utilities are still in the development stage (Gartner, 2024). Figure 2 shows SSE positioned between the Predictive and early Prescriptive stages.
· DIKD Pyramid: Aligns raw data through information and knowledge to support strategic decisions and maximise value.
· Centralised vs Federated Models (Davenport, 2018):
· Centralised CoE: Ensures consistency and governance.
· Federated Models: Enhance Agility at the Business Unit Level.
· For SSE: A hybrid model offers a balance between governance and flexibility.
· Framework Limitations:
· DELTA: Assumes uniform maturity across dimensions—often unrealistic (Jarvis, 2025).
· DCAM: Can clash with agile, iterative innovation (Jarvis, 2025).
· Future Direction: SSE must evolve toward adaptive, AI-augmented frameworks (Gupta & George, 2023).

[image: ][footnoteRef:3] [3:  Figure 2: Gartner Analytics Maturity Model and Typical Utility Sector Positioning
Adapted from Gartner (2024), this figure contextualises SSE PLC’s analytics maturity against sector norms, illustrating its progression towards prescriptive analytics.] 

[bookmark: _Toc201942912]Figure 2: Gartner Analytics Maturity Model and Typical Utility Sector Positioning (Adapted from Gartner, 2024.)
SSE is moving toward prescriptive analytics but must improve integration, modelling, and talent. Table 3 compares centralised, federated, and hybrid models to guide this shift.
Studies highlight the importance of analytics maturity (Zhang et al., 2023), governance alignment (Thomas & Liu, 2022), and hybrid models in disrupted sectors (Rodriguez et al., 2024). DELTA and DCAM remain useful but require a flexible application.
Compared to peers like National Grid, SSE’s fragmented approach shows the need for stronger leadership and a clearer model to drive its strategy forward.
[bookmark: _Toc196559535][bookmark: _Toc201942893]Table 3: Comparison of Centralised, Federated, and Hybrid Analytics Structures (Adapted from Davenport (2018) and author’s elaboration)[footnoteRef:4] [4:  Table 3: Comparison of Centralised, Federated, and Hybrid Analytics Structures
This table compares key characteristics, advantages, and limitations of centralised, federated, and hybrid analytics models, highlighting trade-offs between governance strength, agility, and complexity.] 
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[bookmark: _Toc202544501]4.3.4 Framework Limitations and Alternative Perspectives
As discussed in Sections 4.3.1 and 4.3.2, both DELTA and DCAM present context-specific limitations, particularly in relation to legacy systems and innovation agility. To address these, Data Mesh offers a decentralised, domain-driven alternative, aligning with SSE’s federated model. However, it introduces challenges related to GDPR, Ofgem compliance, and platform maturity.
A hybrid approach—combining DELTA, DCAM, and selective Data Mesh principles—is proposed to balance governance control with scalability and flexibility in the adoption of predictive analytics.
[bookmark: _Toc201942894]Table 4: Comparison of Data Mesh, DCAM, and DELTA Frameworks (Author’s synthesis based on Dehghani (2022), EDM Council (2020), and Davenport & Harris (2010))
[image: A table of text on a white background
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[bookmark: _Toc202544502]4.4 Conclusion of Literature Review
The literature indicates that predictive analytics can enhance foresight, agility, and competitiveness—but only when backed by strong leadership, high-quality data, skilled talent, and effective governance. Frameworks like DELTA and DCAM are helpful, though they must be adapted to fit real-world contexts.
SSE’s challenges—such as fragmented ownership, legacy systems, and developing leadership—mirror patterns seen across the sector. This study will assess SSE’s analytics maturity and propose a strategic roadmap for improvement. Table 5 outlines the key frameworks, while Appendix E includes tools like SWOT, PESTEL, and SOAR to support the readiness assessment.
[bookmark: _Toc196559536][bookmark: _Toc201942895]Table 5: Summary of Frameworks for Analytics Integration and Maturity (Author’s synthesis based on Davenport et al. (2010), EDM Council (2020), and Gartner (2024))
[image: A table of informational text
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This synthesis forms the foundation for the empirical phase by combining the DELTA and DCAM frameworks to assess SSE’s analytics maturity. Figure 3 brings both models together, emphasising leadership, governance, culture, and talent as key enablers. Figure 4 outlines SSE’s current and target states in a staged maturity model.
While DELTA and DCAM offer solid structure, research by Ransbotham et al. (2022) and Li & Pan (2024) highlights the added importance of innovation and agility. To deliver real business value, SSE must align its analytics strategy with broader corporate goals, such as achieving net-zero and prioritising customer focus.
[image: Generated image][footnoteRef:5] [5:  Figure 3: Integrated Conceptual Framework Linking DELTA and DCAM Models to Organisational Readiness at SSE PLC
Source: Author’s elaboration based on Davenport and Harris (2007) and EDM Council (2020). This framework combines analytics capability (DELTA) and governance maturity (DCAM) to assess SSE’s predictive analytics readiness.] 

[bookmark: _Toc201942913]Figure 3: Integrated Conceptual Framework Linking DELTA and DCAM Models to Organisational Readiness at SSE PLC (Author’s conceptualisation based on Davenport and Harris (2007) and EDM Council (2020))
[image: Generated image][footnoteRef:6] [6:  Figure 4: SSE PLC Analytics Integration Maturity Model
Adapted from the author’s conceptualisation based on DELTA and DCAM frameworks, this model outlines the staged progression from isolated pilots to strategic analytics leadership at scale.] 

[bookmark: _Toc201942914]Figure 4: SSE PLC Analytics Integration Maturity Model (Author's elaboration based on DELTA and DCAM frameworks)
To further synthesise the critical frameworks discussed, Table 6 compares the DELTA and DCAM models regarding their organisational focus and applicability to SSE PLC’s analytics maturity journey.
[bookmark: _Toc201942896]Table 6: Comparative Overview of DELTA and DCAM Analytics Maturity Models (Author’s elaboration based on DELTA and DCAM frameworks)[footnoteRef:7] [7:  Table 6: Comparative Overview of DELTA and DCAM Analytics Maturity Models
This table compares the DELTA and DCAM models across focus areas, strengths, limitations, and relevance to SSE PLC’s analytics integration strategy.] 
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To contextualise SSE’s analytics maturity, a comparison with National Grid’s digital transformation journey is presented in Table 7.
[bookmark: _Toc201942897]Table 7: Comparative Analytics Maturity of SSE PLC vs National Grid (2024) (Author’s conceptualisation using secondary data sources)[footnoteRef:8] [8:  Table 7: Comparative Analytics Maturity of SSE PLC vs National Grid (2024)
This table compares SSE PLC and National Grid across leadership, data governance, analytics integration, predictive analytics use, and key challenges, highlighting sector positioning in 2024.] 
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The DELTA–DCAM framework (Figure 3) is used to evaluate SSE’s data readiness, guiding both diagnostic and strategic assessments. In parallel, the Analytics Maturity Model (Figure 4) maps the transition from fragmented analytics to enterprise-wide integration. These frameworks are central to the research design, underpinning the analysis, recommendations, and benchmarking of SSE’s progress. Their structured insights help align data initiatives with business value, governance maturity, and strategic goals.
While DELTA and DCAM are referenced throughout the study, minor redundancies have been noted. In the final dissertation, these will be streamlined, ensuring that each mention provides a distinct analytical insight, whether through contextual application, critical comparison, or alignment with SSE-specific challenges. This will enhance narrative clarity and preserve the strategic precision of the literature review.
[bookmark: _Toc202544503]4.5 Conceptual Contribution
This study assesses SSE PLC’s predictive analytics maturity while offering a scalable framework for analytics integration across the regulated UK energy sector. Adapting and critically applying DELTA and DCAM insights within an energy utility context contributes to practical industry guidance and theoretical advancements in analytics-driven strategic transformation. A comparative benchmarking exercise was conducted to contextualise SSE's position. Table 8 assesses seven major UK utilities across data governance, AI adoption, leadership commitment, and cultural readiness, providing a strategic reference for evaluating SSE’s strengths and areas for improvement.
[bookmark: _Toc201942898]Table 8:Comparative Analytics Maturity Across UK Utility Firms (2024) (Author’s elaboration using data from Gartner (2024) and Ofgem (2024))[footnoteRef:9] [9:  Table 8: Comparative Analytics Maturity Across UK Utility Firms (2024)
This table benchmarks SSE PLC against major UK utilities across data governance maturity, predictive analytics adoption, AI integration readiness, leadership commitment, and enterprise-wide integration, based on 2024 sector data.] 

[image: A table with text on it
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To support this conceptual analysis, Appendix E presents three strategic frameworks—SWOT, PESTEL, and SOAR—that summarise SSE PLC’s internal capabilities, external environment, and strategic aspirations for predictive analytics. These frameworks synthesise findings from survey and interview data, supporting the roadmap outlined later in Section 8. A comparative summary is provided in Table 9: Analytical Frameworks – SWOT, PESTEL, and SOAR Analyses, which highlights the distinct purposes, focuses, and interpretive values of each model in the context of SSE’s analytics integration journey.

[bookmark: _Toc201942899]Table 9: Analytical Frameworks – SWOT, PESTEL, and SOAR Analyses
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Figure 5 benchmarks predictive analytics adoption across UK utility firms (Gartner & Ofgem, 2024), placing SSE mid-pack—behind leaders like National Grid and EDF, but ahead of newer entrants such as Octopus Energy. This highlights sector-wide variability and presents strategic opportunities for SSE to enhance its analytics maturity.
[image: Generated image][footnoteRef:10] [10:  Figure 5: Predictive Analytics Adoption Rates Among Major UK Energy Firms (2024)
Data Source: Adapted from Gartner (2024) and Ofgem (2024). This figure compares predictive analytics adoption percentages across leading UK energy companies.] 

[bookmark: _Toc201942915]Figure 5: Predictive Analytics Adoption Rates Among Major UK Energy Firms (2024)
(Adapted from Gartner, 2024; Ofgem, 2024)
In addition to benchmarking, a PESTEL analysis (Appendix E.2) was conducted to assess macro-environmental factors, including regulatory pressures, economic constraints, and technological enablers, that influence SSE’s analytics journey. Beyond applying DCAM and DELTA, this study seeks to extend existing models by proposing a hybrid framework tailored to legacy-heavy, regulated sectors. It aims to contribute theoretically by bridging maturity models with decentralised governance concepts, such as Data Mesh, within real-world utility contexts.
[bookmark: _Toc202544504]4.5.1 Sample Predictive Analytics Use Cases at SSE PLC
Table 10 outlines current predictive analytics use cases across marketing, operations, and customer management, showing early success in specific functions. However, adoption remains siloed and opportunistic, highlighting the need for a cohesive, enterprise-wide strategy aligned with the DELTA and DCAM frameworks to unlock full organisational value. A supporting SWOT analysis (Appendix E.1) identifies key strengths, such as leadership backing and successful pilots, alongside barriers like data fragmentation and vendor dependency, which limit the maturity and scalability of analytics.
[bookmark: _Toc201942900]Table 10: Sample Predictive Analytics Use Cases and Business Impacts at SSE PLC (Author’s compilation based on SSE internal reports (2024))[footnoteRef:11] [11:  Table 10: Sample Predictive Analytics Use Cases and Business Impacts at SSE PLC
This table highlights key predictive analytics applications at SSE PLC, detailing use cases, descriptions, and measurable business impacts, drawing on internal reports and operational performance data.] 
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5. [bookmark: _Toc202544505]Research Paradigm & Methodology
This chapter outlines the research methodology for investigating the integration of predictive analytics at SSE PLC. Adopting a pragmatic stance, the study employs a mixed-methods design that combines quantitative and qualitative data collection methods. It outlines the research philosophy, approach, strategy, sampling, data collection and analysis procedures, ethical considerations, and potential methodological limitations.
[bookmark: _Toc202544506]5.1 Research Philosophy
This study takes a pragmatic approach, valuing both objective data and subjective insights to explore SSE’s analytics maturity (Saunders, Lewis, & Thornhill, 2019). Pragmatism focuses on what works best to answer the research questions, rather than following a single philosophical stance (Tashakkori & Teddlie, 2010). Given the mix of quantitative data and qualitative context, pragmatism supports the use of mixed methods—combining evidence to build a richer understanding of organisational readiness (Creswell & Plano Clark, 2018).
[bookmark: _Toc202544507]5.2 Research Approach
This section outlines a pragmatic mixed-methods approach to explore predictive analytics at SSE PLC, covering sampling, data collection, analysis, ethics, and limitations. An abductive reasoning process (Table 11) is employed, well-suited to capturing the complex and nuanced dynamics of organisational change, which surpasses purely inductive or deductive methods.
[bookmark: _Toc196559537][bookmark: _Toc201942901]Table 11: Abductive Reasoning Process (Adapted from Dubois and Gadde (2002))[footnoteRef:12] [12:  Table 11: Abductive Reasoning Process (Adapted from Dubois and Gadde, 2002)
This table summarises the iterative abductive reasoning process used in the study, linking theoretical frameworks, empirical data collection, pattern identification, and theory refinement.] 

[image: A close-up of a description

AI-generated content may be incorrect.]

[bookmark: _Toc202544508]5.3 Research Strategy
A single-case study approach focuses on SSE PLC to explore the integration of predictive analytics in a regulated environment, aligning with Yin’s (2018) recommendation for answering "how" and "why" questions. SSE was chosen due to its strategic relevance in the energy sector, Ofgem oversight, and ambitions for digital transformation.
To contextualise the findings, secondary data will be compared against five major UK utilities (National Grid, Centrica, Scottish Power, E.ON UK, and EDF Energy). Table 12 summarises the benchmarking areas comparing SSE with its competitors.
[bookmark: _Toc196559538][bookmark: _Toc201942902]Table 12: Areas of Benchmarking Comparison with Top 5 UK Energy Utilities (Author’s conceptualisation)[footnoteRef:13] [13:  Table 12: Areas of Benchmarking Comparison with Top 5 UK Energy Utilities
This table outlines the key comparison areas used to benchmark SSE PLC against leading UK utilities, focusing on analytics adoption, governance, digital transformation, leadership commitment, regulatory readiness, and maturity assessments.] 
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[bookmark: _Toc202544509]5.4 Research Methods (Mixed-Methods)
This study adopts a mixed-methods design to enhance validity through triangulation (Creswell & Plano Clark, 2018), combining quantitative surveys for broad maturity metrics with qualitative interviews that uncover deeper insights into culture, governance, and readiness. This dual approach offers both breadth and depth, contextualising data within SSE’s organisational realities. Table 13 summarises the methods, purposes, and tools used.


[bookmark: _Toc196559539][bookmark: _Toc201942903]Table 13: Mixed-Methods Structure (Author’s conceptualisation)[footnoteRef:14] [14:  Table 13: Mixed-Methods Structure
This table summarises the mixed-methods approach, detailing how surveys, interviews, and document analysis were used to measure analytics maturity, explore organisational factors, and validate findings at SSE PLC.
] 
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[bookmark: _Toc202544510]5.5 Data Collection Methods
This study used three complementary methods to ensure a well-rounded view of SSE’s analytics readiness:
· Surveys:
Distributed online to employees across Marketing, Networks, and Corporate Services. Questions assessed perceptions of maturity across DELTA and DCAM, using a 1–5 Likert scale for analysis.
· Semi-Structured Interviews:
Conducted with 12 key stakeholders—senior managers, governance leads, and operational heads. Interviews followed an open-ended guide and were recorded, transcribed, and anonymised (Bryman, 2016).
· Document Analysis:
Reviewed internal documents, including SSE’s 2024 Data Strategy and governance frameworks, to validate survey and interview findings.
Table 14 outlines the sample groups, sizes, and reasons for inclusion, ensuring the data collection process aligns with the study’s aims.


[bookmark: _Toc201942904]Table 14: Example joint display linking survey and interview evidence (Author’s conceptualisation) [footnoteRef:15] [15:  Table 14: Example Joint Display Linking Survey and Interview Evidence
This table outlines the stakeholder groups, sample sizes, rationales, and data collection modes used to triangulate survey and interview findings in the study.
] 
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[bookmark: _Toc202544511]5.5.1 Secondary Data Analysis Approach
Secondary data will benchmark SSE PLC against five major UK utilities (National Grid, Centrica, Scottish Power, E.ON UK, EDF Energy) by reviewing annual reports, sustainability disclosures, Ofgem publications, and digital maturity studies. Table 13 outlines key benchmarking areas: predictive analytics adoption, data governance, digital transformation, and leadership commitment. Credibility, relevance, and currency will guide the selection of data sources (Saunders et al., 2019). Figure 6 illustrates the integrated data collection approach, with the full survey instrument provided in Appendix A.
[image: Generated image][footnoteRef:16] [16:  Figure 6: Overview of Primary and Secondary Data Collection for the Study
This figure illustrates the study’s data collection process, integrating primary data (surveys, interviews) and secondary data (benchmark reports, annual reports, Ofgem publications) through triangulation.] 

[bookmark: _Toc201942916]Figure 6: Overview of Primary and Secondary Data Collection for the Study (Author’s conceptualisation.)
[bookmark: _Toc202544512]5.6 Sampling Strategy
A purposive sampling strategy was adopted to select participants directly involved in predictive analytics at SSE (Etikan, Musa, & Alkassim, 2016).
· Survey Sample: Stratified across key business units for representative coverage.
· Interview Sample: Targeted roles such as CDO office staff, business leads, and IT governance heads to capture diverse perspectives.
Table 15 summarises the sampling techniques and target sample sizes for the survey and interview phases.
[bookmark: _Toc196559540][bookmark: _Toc201942905]Table 15: Sampling Overview (Author’s conceptualisation)[footnoteRef:17] [17:  Table 15: Sampling Overview
This table summarises the sampling techniques and target sample sizes for the study’s survey and interview phases, combining stratified purposive and expert sampling methods.] 
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[bookmark: _Toc202544513]5.7 Data Analysis Methods
Quantitative Survey Data:
· Descriptive statistics (means and standard deviations) were used to assess maturity scores across DELTA and DCAM dimensions.
· Cross-tabulations examined variations across departments.
Qualitative Interview Data:
· Thematic analysis, as described by Braun and Clarke (2006).
· Coding based on DELTA (Data, Enterprise, Leadership, Targets, Analysts) and DCAM (Governance, Quality, Architecture, Analytics) categories.
· NVivo software ensured coding consistency.
The data analysis process, illustrated in Figure 7, integrates quantitative and qualitative data. It begins with data collection, followed by transcription and thematic coding, ensuring analytical rigour and triangulation across data types. The semi-structured interview protocol is in Appendix B.
[image: Generated image][footnoteRef:18] [18:  Figure 7: Data Analysis Flow
This figure outlines the sequential data analysis process, from initial data collection and transcription through coding, thematic analysis, and integration with quantitative findings.] 

[bookmark: _Toc201942917]Figure 7; Data Analysis Flow (Author’s conceptualisation.)
This iterative and integrative approach enhances reliability by aligning qualitative themes with quantitative patterns. Linking data transformation phases—from raw responses to actionable insights—builds a solid foundation for evidence-based conclusions. Figure 8 presents a proposed data governance framework for SSE, highlighting key roles, responsibilities, and workflows to sustain data quality, security, and analytics-driven decision-making at scale.
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AI-generated content may be incorrect.][footnoteRef:19] [19:  Figure 8: Proposed Data Governance Framework Structure for SSE PLC
Source: Author’s elaboration based on EDM Council (2020) guidelines. This figure illustrates a hierarchical governance model supporting data quality, stewardship, and policy enforcement.] 

[bookmark: _Toc201942918]Figure 8: Proposed Data Governance Framework Structure for SSE PLC (Author’s elaboration drawing on EDM Council (2020) guidelines)
To enhance the credibility and trustworthiness of findings, a member checking approach will be employed following initial analysis. Key stakeholders who participated in interviews will be invited to review and comment on the thematic summaries to confirm accuracy and resonance with their perspectives. This process will serve as a validation mechanism, ensuring that interpretations accurately reflect authentic organisational realities and support the refinement of final recommendations.
[bookmark: _Toc202544514]5.8 Research Ethics
This study adheres to the BERA (2018) ethical guidelines. Participant access at SSE PLC will be secured through internal approvals, with a senior sponsor distributing information about the study’s purpose, confidentiality, and voluntary nature.
If delays occur, approved contingency access will be provided via SSE’s internal directory. Any major change in access will trigger an ethics amendment.
Ethical safeguards include:
· Informed consent
· Anonymised data
· GDPR-compliant storage (ICO, 2021)
· Right to withdraw at any stage
Ethical approval will be sought from the University’s Ethics Committee prior to any data collection. Table 16 summarises key ethical principles and protections. Supporting materials, including the Participant Information Sheet and Consent Form, are included in Appendix D.
[bookmark: _Toc196559541][bookmark: _Toc201942906]Table 16: Summary of Ethical Safeguards (Adapted from BERA (2018) and author’s elaboration)[footnoteRef:20] [20:  Table 16: Summary of Ethical Safeguards
This table summarises the ethical measures adopted for the study, including informed consent, anonymity, GDPR compliance, the right to withdraw, and formal ethics approval.] 
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[bookmark: _Toc202544515]5.9 Limitations of the Research Design
While methodologically sound, this single-case study limits generalisability due to SSE’s unique context. Findings may reflect respondent bias, and the cross-sectional design captures only a snapshot of analytics maturity. Benchmarking models (e.g., Gartner) may not fully align with the energy sector, and public data gaps impact comparability.
Mitigation strategies:
· Triangulation across methods
· Purposive sampling for relevance
· Anonymisation and external validation
· Sector-specific interpretation
· Recommend multi-case, cross-sector, and longitudinal studies
· Compare with digitally native or less-regulated sectors
Despite these limits, the study offers a credible contribution to research and SSE’s data-driven transformation. Figure 9 summarises limitations and mitigation strategies.
[image: Generated image][footnoteRef:21] [21:  Figure 9: Summary of Research Design Limitations and Mitigation Measures
This figure summarises key limitations of the research design and outlines mitigation strategies applied to strengthen the study’s validity and reliability.] 

[bookmark: _Toc201942919]Figure 9: Summary of Research Design Limitations and Mitigation Measures (Author’s conceptualisation)
[bookmark: _Toc202544516]5.9.1 Potential Challenges and Limitations in Predictive Analytics Adoption
Adopting predictive analytics brings real promise but also several challenges. Poor data quality, legacy systems, and weak governance can undermine model accuracy (Wamba et al., 2015). Cultural resistance is another barrier, with concerns about trust in algorithms or fear of losing control (Sharma et al., 2020).
There are also ethical risks, including bias in historical data, which can lead to unfair outcomes if not properly managed (Mehrabi et al., 2021). Without strong leadership, stewardship, and quality controls, analytics risks becoming a siloed tool rather than a source of strategic value.
[bookmark: _Toc202544517]5.10 Methodological Reflection and Resource Considerations
The single-case study provided rich, context-specific insights into SSE’s analytics maturity, but it had limited generalisability. Findings are cautiously framed, with relevance to similar regulated firms. The research was resource-light, relying mainly on the researcher’s time, with minimal costs for tools like Otter.ai and NVivo. Access to SSE staff and supervisor input was key. This chapter covered the research design, methods, and ethics; the next presents the empirical findings.

[bookmark: _Toc202544518]5.10.1 Resource and Budget Considerations
This study was designed to be low-cost and manageable within the MBA timeline. Table 17 outlines the key resources, estimated costs, and funding sources. Most expenses were avoided through the university's access to software, voluntary participation, and the use of free tools. As a result, the research remained both practical and cost-effective.
[bookmark: _Toc201942907]Table 17: Summary of Resource and Budget Requirements
[image: A table with text on it
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Total Estimated Cost: £0–£20, depending on software preference and printing needs.
These minimal resource requirements make the project highly feasible within the academic and professional constraints of an MBA dissertation, ensuring both cost-effectiveness and academic rigour.
6. [bookmark: _Toc202544519]Proposed Approach for Data Analysis and Presentation
This chapter outlines how survey, interview, and benchmarking data will be analysed to assess SSE’s predictive analytics maturity. The approach uses both statistical and thematic techniques to align with the research objectives. Supporting visuals, including a heatmap and correlation matrix, are included in Appendix F.
[bookmark: _Toc202544520]6.1 Overview of Data Collection
To ensure validity through triangulation (Yin, 2018), the study draws on three data sources:
· Quantitative: Surveys from SSE staff across key business units.
· Qualitative: Semi-structured interviews with stakeholders.
· Supplementary: Internal documents and policies.
This mixed-methods approach, supported by Zhang et al. (2023) and Thomas & Liu (2022), helps capture both high-level trends and deeper organisational insights, especially valuable in complex, regulated sectors like energy. Findings will measure SSE’s current analytics maturity, identify key enablers and barriers, and highlight areas for improvement. Figure 10 presents a bar chart comparing current and target maturity across DELTA and DCAM dimensions, pointing to gaps in governance, integration, and talent development.
[image: Generated image][footnoteRef:22] [22:  Figure 10: Current vs Target State Analytics Maturity at SSE PLC
Source: Author’s elaboration based on DELTA and DCAM frameworks. This figure compares SSE’s current and aspirational analytics maturity across key dimensions such as decision effectiveness, predictive usage, integration, and talent development.] 

[bookmark: _Toc201942920]Figure 10: Current vs Target State Analytics Maturity at SSE PLC (Author’s elaboration based on DELTA and DCAM frameworks)
[bookmark: _Toc202544521]6.2 Quantitative Data Analysis: Survey Results
Survey data will be analysed using descriptive statistics, including mean scores and standard deviations for each DELTA and DCAM dimension. This will help assess analytics maturity across business units. Bar and radar charts will visually highlight patterns and gaps. Where relevant, cross-tabulations will explore differences in responses by role, department, or length of service, offering a clearer view of how maturity perceptions vary across the organisation.
[bookmark: _Toc202544522]6.3 Qualitative Data Analysis: Interview Findings
Interview data will be analysed using Braun and Clarke’s (2006) six-step thematic method:
· Familiarisation
· Initial coding
· Theme development
· Theme review
· Defining themes
· Final analysis
Themes will align with the DELTA and DCAM frameworks, while also allowing for new insights to emerge inductively. NVivo may be used for coding and organisation. Figure 11 illustrates how predictive analytics is being integrated into SSE’s strategic decision-making process.
[image: Generated image][footnoteRef:23] [23:  Figure 11: Predictive Analytics Integration Process into Strategic Decision-Making at SSE PLC
Source: Author’s conceptualisation. This figure illustrates the stages from data collection to strategic insight generation, showing how predictive analytics informs business strategy at SSE.] 

[bookmark: _Toc201942921]Figure 11: Predictive Analytics Integration Process into Strategic Decision-Making at SSE PLC (Author’s conceptualisation)
[bookmark: _Toc202544523]6.4 Triangulation Strategy
This study will integrate quantitative and qualitative findings through a structured triangulation approach. Convergence, divergence, and complementarity between survey data and interview insights will be examined to enhance the robustness of conclusions (Creswell & Plano Clark, 2018). An integration matrix will map alignment and contradiction across data strands. To improve synthesis, a joint display will visually highlight areas where survey results and interview themes reinforce or diverge, thereby strengthening the clarity of evidence in the final dissertation.
[bookmark: _Toc202544524]6.5 Summary of Planned Data Analysis
This study uses a structured mixed-methods approach to assess SSE’s readiness for predictive analytics, combining quantitative surveys and qualitative interviews.
The analysis will:
· Map analytics maturity using survey data aligned with DELTA and DCAM
· Identify enablers and barriers through thematic interview analysis
· Triangulate findings for a comprehensive, evidence-based view
· Highlight strengths, gaps, and deliver practical recommendations
A crosswalk table will link specific survey and interview insights to each roadmap recommendation. Additionally, the SOAR framework (Appendix E.3) outlines aspirational goals, complementing earlier SWOT and PESTEL analyses to guide strategic transformation.
[bookmark: _Toc202544525]6.5.1 Integration Across Data Sources
To ensure transparency and coherence, a visual matrix (see Table 18) will be used to link key survey and interview findings to each strategic theme. This will illustrate where insights converge, diverge, or complement each other, thereby reinforcing the validity of the proposed roadmap.


[bookmark: _Toc201942908]Table 18: Integration of Quantitative and Qualitative Insights Across Key Strategic Themes (Author’s synthesis, 2025)[footnoteRef:24] [24:  Table 18: Integration of Quantitative and Qualitative Insights Across Key Strategic Themes 
This table will be developed by the researcher following primary data collection. It will synthesise survey and interview findings, using alignment categories (e.g., Convergent, Partial Alignment) to highlight thematic consistency or divergence across data sources. Final content will be refined during the analysis phase of the dissertation.] 
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This table will be finalised post–primary research. Alignment categories are currently indicative, drawn from the literature review and early scoping insights. Once populated with field data, the joint display will serve as a core validation tool, linking organisational priorities to data governance challenges in SSE PLC’s predictive analytics journey and guiding evidence-based recommendations.
[bookmark: _Toc202544526]7. Project Plan and Timeline
A structured twelve-month plan has been developed to complete the research, covering literature development, data collection, analysis, and writing. A Gantt chart illustrates key milestones to maintain progress. Table 19 summarises the monthly activities, with a detailed phase breakdown provided in Appendix C.


[bookmark: _Toc196559542][bookmark: _Toc201942909]Table 19: Proposed Project Timeline (Author’s conceptualisation)[footnoteRef:25] [25:  Table 19: Proposed Project Timeline
This table outlines the scheduled research activities from October 2025 to September 2026, covering key phases such as instrument design, data collection, analysis, drafting, and dissertation submission.
] 
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Figure 12 presents a visual timeline of dissertation activities from October 2025 to September 2026. It begins with proposal finalisation and ethics approval, followed by literature refinement and instrument design. Early 2026 focuses on data collection, with later stages covering data analysis, integration of findings, and supervisory review. The final months are dedicated to proofreading, preparing for submission, and final delivery. This structured, phased plan ensures timely progress from research design to submission.
[bookmark: _Toc202544527]7.1 Gantt Chart
SSE PLC can unlock substantial value by advancing analytics maturity, boosting customer retention, operational efficiency, and regulatory compliance in line with Ofgem priorities. These outcomes support SSE’s strategic goals for net-zero and operational excellence. A phased delivery plan (Figure 12) outlines key milestones and deliverables from October 2025 to September 2026, mapping the progression from research design and ethics approval through to data collection, analysis, integration of findings, and final dissertation submission.
[image: Output image]
[bookmark: _Toc201942922]Figure 12: Proposed Gantt Chart for Research Project Activities (Author’s conceptualisation)
This proposal combines established frameworks (DELTA, DCAM) with recent research (Zhang et al., 2023; Thomas & Liu, 2022) to support a rigorous mixed-methods study at SSE PLC. Figure 13 presents a 3-year Gantt roadmap detailing phases for foundation, scaling, and enterprise-wide embedding, ensuring timely delivery and sustainable analytics maturity aligned with SSE’s readiness and resources.
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[bookmark: _Toc201942923]Figure 13: Proposed 3-Year Analytics Adoption Roadmap for SSE PLC (Author’s elaboration based on research findings and best practices)
[bookmark: _Toc202544528]8. Conclusion and Next Steps
This proposal presents a structured, evidence-based approach to embedding predictive analytics into strategic decision-making at SSE PLC. Using a mixed-methods design, it integrates theoretical frameworks, practical tools, and business stakeholder input to guide SSE’s shift from isolated analytics to an enterprise-wide strategy.
Key components include:
· Clear research aims aligned to SSE’s strategic priorities
· A comprehensive literature review using DELTA and DCAM
· A blended methodology (quantitative surveys, qualitative interviews, benchmarking)
· A practical transformation roadmap
The immediate next steps involve:
· Securing ethical approval
· Refining research instruments
· Commencing data collection
As visualised in Figure 14, the three-phase roadmap outlines a realistic 36-month journey, emphasising the need for skills, technology, governance, and—most importantly—leadership commitment. This roadmap is designed to enhance business agility, enabling SSE to adapt to regulatory, market, and climate-driven changes.
[image: Generated image][footnoteRef:26] [26:  Figure 14: Proposed Roadmap for SSE’s Analytics Maturity Journey
Source: Author’s elaboration informed by Davenport and Harris (2007) and EDM Council (2020). This phased roadmap outlines short-term, mid-term, and long-term priorities for full analytics integration and strategic decision automation.] 

[bookmark: _Toc201942924]Figure 14: Proposed Roadmap for SSE’s Analytics Maturity Journey (Author’s elaboration informed by Davenport and Harris (2007) and EDM Council (2020))
Table 20 highlights potential risks—such as skills gaps, legacy systems, and data silos—and proposes mitigation strategies like targeted training, strategic hiring, and phased cloud migration.
[bookmark: _Toc201942910]Table 20: Risk Assessment and Mitigation Strategies for SSE Analytics Integration (Author’s elaboration based on research findings)[footnoteRef:27] [27:  Table 20: Risk Assessment and Mitigation Strategies for SSE Analytics Integration
This table identifies key risks, their potential impacts, and corresponding mitigation strategies to support successful predictive analytics integration at SSE PLC.] 
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In summary, this proposal offers more than just a research plan—it provides a blueprint for transformation, aiming to enhance decision quality, foster cross-functional collaboration, and cultivate strategic foresight. Ultimately, it supports SSE’s ambition to become a digitally confident, data-driven, and net-zero-aligned energy leader in the UK.
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Survey Report Proposal
Survey Title: SSE Predictive Analytics Survey
Project Title: Integrating Predictive Analytics into Strategic Decision-Making at SSE PLC

A.1 Purpose of the Survey Instrument
The proposed survey instrument will be designed to systematically collect both quantitative and qualitative data from employees at SSE PLC. The primary objective will be to assess the organisation’s current utilisation of predictive analytics, evaluate the perceived effectiveness of such tools, and gauge organisational readiness, particularly in areas such as data culture, leadership support, and data governance maturity. Insights gathered through this instrument will directly inform the broader research project, which investigates how predictive analytics can be better integrated into strategic decision-making at SSE PLC.

A.2 Survey Administration and Format
Participants will be invited to take part voluntarily and anonymously. The survey will include a combination of Likert-scale statements (ranging from 1 = Strongly Disagree to 5 = Strongly Agree), demographic profiling questions, and optional open-ended items. The instrument will be structured into six thematic sections to ensure comprehensive and targeted data collection across relevant domains of interest.
Note: A sample copy of the survey instrument will be attached to the final submission as SSE Predictive Analytics Survey – Sample.pdf .

A.3 Survey Structure and Content
Section 1: Predictive Analytics Usage
This section will examine the frequency with which predictive analytics tools are utilised across both strategic and operational functions.
• Example Item: “We frequently utilise predictive analytics tools in strategic planning.”

Section 2: Marketing Outcomes
Respondents will be asked to reflect on the impact of predictive analytics on marketing activities, including campaign performance and targeting efficiency.
• Example Item: “Predictive analytics has improved our marketing campaign targeting and segmentation.”

Section 3: Decision-Making Effectiveness
This section will examine whether decisions made using predictive analytics are perceived as more effective—both in quality and timeliness—than those based primarily on experience or intuition.
• Example Item: “Decisions made using predictive analytics are more effective than those based on intuition.”

Section 4: Data Governance
The focus will be on the internal data governance environment, including policies, practices, and systems that enable or inhibit the use of predictive analytics.
• Example Item: “Our organisation has strong data governance policies that support analytics initiatives.”

Section 5: Organisational Readiness
This section will assess leadership involvement, employee capabilities, and cultural alignment with data-driven approaches.
• Example Item: “Our organisational culture embraces data-driven decision-making.”

Section 6: Demographics and Open-Ended Feedback
Background information will be collected, including respondent department, tenure, job level, and training received. An open-text prompt will enable participants to share their perceived advantages and concerns regarding the adoption of predictive analytics.
• Open-Ended Prompt: “In your view, what is the biggest benefit or challenge of using predictive analytics at SSE?”

A.4 Survey Sample and Completion Metrics
The survey will be distributed to a targeted sample of SSE employees across multiple business units, including those engaged in data, strategy, operations, and technology. It is anticipated that 100 responses will be collected, with a projected completion rate above 95% for all mandatory fields. The responses will be cleaned, anonymised, and analysed using both statistical and thematic methods to derive actionable insights. Results and visual summaries will be presented in Appendix F.

Confidentiality Note: All data will be collected anonymously and used exclusively for academic and internal research purposes. No identifiable information will be captured or stored at any point during the research process.
Table A1. Overview of Survey Dimensions and Representative Items
	Section
	Thematic Focus
	Representative Survey Item

	1. Predictive Analytics Usage
	Integration of predictive tools in planning
	We frequently utilise predictive analytics tools in strategic planning.

	2. Marketing Outcomes
	Impact on Marketing Segmentation and ROI
	Predictive analytics has improved our marketing campaign targeting.

	3. Decision-Making Effectiveness
	Data-driven vs. intuition-based decisions
	Decisions made using predictive analytics are more effective than those based on intuition.

	4. Data Governance
	Policy support and data quality infrastructure
	Our organisation has strong data governance policies.

	5. Organisational Readiness
	Skills, leadership, and cultural alignment
	Employees here have the necessary skills and training to leverage predictive analytics.

	6. Demographics & Feedback
	Role, tenure, training, and open responses
	Have you received training in data analytics or data science?



[bookmark: _Toc202544532]Appendix B: Semi-Structured Interview Guide
Interview Protocol Proposal
Interview Title: SSE Predictive Analytics Integration Interviews
Project Title: Integrating Predictive Analytics into Strategic Decision-Making at SSE PLC

B.1 Purpose of the Interview Protocol
A semi-structured interview guide will be developed as a qualitative data collection tool to explore employee experiences, perceptions, and organisational insights regarding the integration of predictive analytics at SSE PLC. The purpose is to gain a deeper understanding of the enablers, challenges, and contextual dynamics that influence the adoption of predictive analytics within strategic decision-making processes. These interviews will complement the quantitative survey (see Appendix A) by capturing rich, narrative-based evidence from stakeholders across a range of departments and organisational levels.

B.2 Interview Procedure and Ethical Considerations
Each interview will be conducted on a one-on-one basis, either virtually (via Microsoft Teams) or in person, depending on participant availability and preference. All participants will be provided with an information sheet and will be required to give informed consent before the interview. With permission, each session will be audio-recorded for transcription purposes. Transcripts will then be anonymised to ensure confidentiality and compliance with ethical standards.
Interview sessions will last approximately 45 to 60 minutes. Ethical approval will be obtained from the University of Wales Trinity Saint David prior to data collection, and participants will retain the right to skip questions or withdraw from the study at any point without consequence.

B.3 Interview Introduction (Verbal Script)
“Thank you for agreeing to participate in this interview. As part of my research into the role of predictive analytics in SSE’s strategic decision-making, I’m interested in hearing about your experiences, observations, and insights.
There are no right or wrong answers—please feel free to speak openly. Everything you say will remain confidential and will not be attributed to you personally. With your permission, I would like to record this conversation to help ensure accurate transcription. The recording will be deleted after transcription is complete. You may skip any question or end the interview at any time.”

B.4 Core Interview Questions
1. Use of Analytics in Role
Can you describe how, if at all, you currently use predictive analytics or data insights in your role? Could you share an example of a recent decision where data or a predictive model influenced the outcome?
(If not used directly, a follow-up will explore whether others in their team use it and why it may be underutilised.)
2. Marketing Analytics Impact
From your perspective, has predictive analytics influenced any marketing strategies or outcomes at SSE? For example, have you observed improvements in targeting, segmentation, or campaign effectiveness?
(Tailored probes will be used depending on the respondent’s department.)
3. Decision Effectiveness
How would you compare the effectiveness of decisions made using predictive analytics versus those based on intuition? Can you recall any example where analytics significantly influenced success or failure?
4. Data Support and Challenges
What types of data-related support or obstacles do you encounter when making decisions? How would you rate the quality, accessibility, or governance of data in your area?
5. Organisational Culture and Skills
How would you describe SSE’s culture toward data-driven decision-making? Are there signs of widespread buy-in, or do some areas still show resistance? Do employees have the skills and training needed to use analytics effectively?
6. Leadership Perspective
What is your impression of SSE leadership’s stance on predictive analytics? Have you seen evidence of leadership commitment, such as funding, training, or public endorsement?
7. Barriers and Opportunities for Improvement
What do you think are the biggest barriers to scaling predictive analytics at SSE? What changes—organisational, technical, or cultural—would help embed analytics more effectively into strategic planning?

B.5 Supplementary Probes (Time Permitting)
· Have you noticed differences in analytics adoption across departments (e.g., between Marketing and Operations)?
· Can you describe any analytics initiatives or pilots that were particularly successful? What contributed to their success?
· Have there been analytics efforts that stalled or failed? What do you believe caused those challenges?
· Are external factors (e.g., regulations and market pressures) influencing SSE’s analytics strategy? How?

B.6 Closing Statement
“Those were the main questions I planned to ask. Is there anything else you'd like to share that we haven’t covered? Are there any internal reports, dashboards, or reference materials that you would recommend reviewing?
Thank you again for your time and thoughtful contributions. If you’re interested, I’d be happy to send you a summary of the findings once the research is completed.”

B.7 Interview Administration Protocol
	Parameter
	Protocol

	Duration
	Approximately 45–60 minutes

	Format
	Semi-structured, one-on-one (in person or via Teams)

	Recording
	Audio recorded with informed consent; deleted post-transcription

	Confidentiality
	Full anonymisation for reporting and analysis

	Ethical Oversight
	Conducted under formal ethical approval from UWTSD

	Analytical Use
	Transcripts will undergo thematic analysis to identify patterns in the following:

	
	- Leadership support

	
	- Cultural readiness

	
	- Structural barriers

	
	- Enabling practices in analytics integration




Appendix B.1: Interview Structure Overview Table
Tables BI.1 and B1.2 will provide a high-level overview of the thematic areas to be explored during the semi-structured interviews. Each theme will be aligned with a specific focus area and supported by representative prompts designed to elicit meaningful insights from participants regarding the integration of predictive analytics at SSE PLC.
Table B1.1: Interview Themes and Sample Prompts
	Theme
	Focus Area
	Sample Interview Prompt

	Predictive Analytics Usage
	Day-to-day or strategic use of analytics tools
	“Can you describe how predictive analytics is currently being used in your role or team?”

	Marketing and Customer Insight
	Perceived marketing improvements via analytics
	“Have you seen predictive analytics improve customer targeting or campaign results?”

	Decision-Making Quality
	Impact on decision speed, confidence, and outcome
	“Can you recall a time when analytics improved the outcome of a business decision?”

	Data Accessibility and Quality
	Barriers or enablers in data infrastructure
	“What challenges do you face in accessing reliable data to support analytics?”

	Cultural Readiness
	Organisational attitudes toward data-driven strategies
	“How would you describe your team’s or department’s attitude toward using data in decisions?”

	Leadership Support
	Visibility and prioritisation from executive leadership
	“What signals have you seen from leadership that show commitment to analytics adoption?”

	Skills and Capability Gaps
	Training, literacy, and confidence in using predictive analytics
	“Do you feel staff have the necessary skills or support to work with predictive analytics?”

	Organisational Barriers
	Structural, cultural, or resource-related obstacles
	“What are the biggest challenges you see in scaling predictive analytics across the company?”

	Successes and Lessons Learned
	Examples of effective (or ineffective) analytics initiatives
	“Can you share a successful predictive analytics initiative you’ve been involved in?”


Table B1.2 Thematic Areas, Inquiry Focus, and Sample Prompts
	Thematic Area
	Focus of Inquiry
	Example Prompt

	Use of Analytics in Role
	Day-to-day usage of analytics, examples from practice
	Describe how you use predictive analytics in your role.

	Marketing Analytics Impact
	Marketing performance, tools, and segmentation
	Has predictive analytics influenced customer targeting?

	Decision Effectiveness
	Comparing intuition-based and data-informed decisions
	Can you recall a decision that succeeded or failed due to analytics?

	Data Support and Challenges
	Accessibility, quality, and governance of data
	How would you assess data quality or governance issues?

	Organisational Culture and Skills
	Workforce capability and receptiveness to analytics
	Do staff members have the necessary skills to work with analytics tools?

	Leadership Perspective
	Support, resources, and strategic direction
	How do you perceive leadership's support for analytics?

	Barriers and Opportunities
	Internal and external challenges, proposed improvements
	What are the biggest barriers to analytics adoption at SSE?

	Supplementary Probes
	Departmental differences, success/failure stories
	Have you seen departmental differences in analytics use?


[bookmark: _Toc202544533]Appendix C: One-Year Research Timeline
The Gantt chart presented in Section 7 (Figure 11) visually outlines the proposed sequence and overlap of key research activities over twelve months, spanning from October 2025 to September 2026. This timeline reflects the major project phases, including the literature review, instrument design, participant recruitment, data collection, analysis, integration of findings, and final dissertation writing.
Table C1 complements the Gantt chart by providing a detailed breakdown of each task’s expected start and end dates, estimated duration (in days), and its corresponding research phase. This structured tabular format enhances clarity, supports effective time management, and facilitates resource planning and risk monitoring.
Where feasible, specific activities—such as survey distribution, qualitative interviews, data analysis, and dissertation drafting—are scheduled to occur concurrently. This intentional overlap is designed to maximise time efficiency while maintaining methodological rigour and ensuring high research quality.
Table C1: Detailed Timeline of Research Activities and Duration
	Task
	Start Date
	End Date
	Duration (Days)
	Phase

	Literature Review & Proposal Refinement

Conduct a detailed review of current literature, refine the research problem, and finalise the research proposal.
	01/10/2025
	31/10/2025
	31
	Planning

	Instrument Design & Piloting

Develop and test survey instruments and interview guides to ensure clarity, relevance, and reliability.
	01/11/2025
	30/11/2025
	30
	Design

	Participant Recruitment

Identify and invite suitable participants, ensuring that ethical approvals and consent processes are completed.
	01/12/2025
	31/12/2025
	31
	Planning

	Data Collection – Survey

Distribute the survey to selected participants and monitor responses to reach the target sample size.
	01/01/2026
	31/01/2026
	31
	Data Collection

	Data Collection – Interviews

Conduct semi-structured interviews to gather qualitative insights, complementing the survey.
	01/02/2026
	29/02/2026
	29
	Data Collection

	Data Cleaning & Integration

Validate, clean, and prepare combined data (survey + interviews) for analysis.
	01/03/2026
	15/03/2026
	15
	Data Preparation

	Quantitative Data Analysis

Perform descriptive and inferential statistical analysis of survey results.
	16/03/2026
	31/03/2026
	16
	Analysis

	Qualitative Data Analysis

Conduct a thematic analysis of interview transcripts to derive insights.
	01/04/2026
	15/04/2026
	15
	Analysis

	Integration of Findings

Synthesise quantitative and qualitative insights for triangulation and interpretation.
	16/04/2026
	15/05/2026
	30
	Analysis

	Drafting of Dissertation

Write chapters based on integrated findings, including literature synthesis and methodology.
	16/05/2026
	30/06/2026
	46
	Writing

	Revisions & Final Write-Up

Incorporate supervisor feedback, conduct final formatting, editing, and proofing.
	01/07/2026
	15/08/2026
	46
	Finalisation

	Submission & Review

Submit the final dissertation and respond to minor corrections or comments if required.
	16/08/2026
	30/09/2026
	46
	Finalisation



[bookmark: _Toc202544534]Appendix D: Ethics and Consent Form (Template)

Participant Information Sheet and Consent (Survey & Interview)
Project Title: Integrating Predictive Analytics into Strategic Decision-Making at SSE PLC
Researcher: [Your Name], MBA Candidate, [University Name]
Contact: [yourname@university.ac.uk] for any questions or clarifications

Purpose of the Study
This research will examine how predictive analytics is currently applied in strategic decision-making at SSE PLC, and what organisational factors either support or hinder its effective use. The ultimate goal will be to develop practical recommendations for enhancing data-driven decision-making across the business.

Why You Will Be Invited
You will be invited to participate because your role at SSE is relevant to data use, analytics, or strategic planning. Your views will offer valuable insight into how predictive analytics is perceived and used across the organisation.

What Participation Will Involve
· Survey: You will be asked to complete an online questionnaire (~10 minutes) that explores your experience with analytics and strategic decision-making.
· Interview (if selected): You may also be invited to take part in a one-on-one interview (~1 hour) for a more in-depth discussion on the same themes.

Voluntary Participation
Participation will be completely voluntary. You will be free to decline participation or withdraw at any time without providing a reason. There will be no penalties or impact on your relationship with SSE PLC or the university. You may also skip any question if you are not comfortable answering it.

Confidentiality
All data will be treated as confidential:
· Survey responses will be anonymous (no names or traceable identifiers will be collected).
· Interview responses will be pseudonymised. No real names or identifiable information will appear in any report or publication. Direct quotes may be used but will be attributed using general role descriptors (e.g., “Senior Analyst – Operations”).
· All data will be stored securely on encrypted, password-protected systems and accessed only by the researcher.

Data Use and Storage
The data collected will be used for the MBA dissertation and may be referenced in academic presentations or publications. No personal or sensitive company information will be disclosed. Raw data will not be shared with anyone outside of the research team. In line with university policy, the data will be securely retained for up to 12 months after project completion and then permanently deleted.

Risks and Benefits
There are no significant risks to participation. The study will focus on professional practices, not personal matters. However, if any question makes you uncomfortable, you may skip it. The benefits of participation include contributing to an internal improvement initiative and academic understanding of analytics adoption in corporate settings. Participants may also request a summary of the final findings.

Consent
Survey Participation:
By submitting your responses, you will be deemed to have understood the above and to have given your consent to participate anonymously in the survey.
Interview Participation:
For interview participants, explicit consent will be sought. Please read and confirm the following:
· I will have read and understood the study information above.
· I will have had the opportunity to ask questions and will be satisfied with the answers provided.
· I will understand that participation is voluntary and that I may withdraw at any time.
· I will consent to the interview being audio recorded. (Yes/No – to be confirmed before the interview begins)
· I understand that my data will be kept confidential and used solely for research purposes.
Name (printed): __________________________________
Participant Signature: ____________________________
Date: _______________
Researcher Signature (to acknowledge consent): __________________________
Date: _______________
This template will be used as both an introduction page in the survey (for implied consent) and as a signed or verbally recorded consent form during interviews. Ethical approval for this study will be obtained from the [University Name] Research Ethics Committee prior to data collection.
Appendix D.1: Ethics and Consent Form Structure Summary Table
Table D1 summarises the key elements of the Ethics and Consent Form used for the SSE Predictive Analytics Study. It outlines each major section, its focus, and the assurances or expectations communicated to participants, ensuring ethical compliance.
Table D1. Participant Information Summary for Research on Predictive Analytics at SSE PLC
	Section
	Key Content

	Project Details
	The researcher's name, university, and contact details are provided

	Purpose of Study
	The study explores predictive analytics in strategic decisions at SSE

	Participant Selection
	Participants were selected based on relevance to decision-making or analytics

	Participation Requirements
	Survey (~10 min) and optional interview (~1 hour)

	Voluntary Nature
	Participation is voluntary; withdrawal is allowed anytime

	Confidentiality Assurance
	Data anonymised; confidentiality maintained throughout

	Data Storage and Use
	Data is stored securely, used only for research, and retained for 12 months

	Risks and Benefits
	Minimal risks; participants contribute to organisational improvement and academic research

	Consent Process
	Survey completion implies consent; interviews require signed or verbal consent



Appendix D2: Completed Ethics Approval Application Summary
Ethical Approval Application Overview (PG2 Form)
University of Wales Trinity Saint David
Applicant: Joshua Depiver (Student ID: 2307234)
Programme: MBA – University of Wales Trinity Saint David
Research Title: Integration of Predictive Analytics into Strategic Decision-Making, using SSE PLC as the Case Study
Purpose and Scope
The research aims to assess SSE PLC’s readiness and effectiveness in integrating predictive analytics into its strategic decision-making processes. This will involve analysing analytics maturity, data governance structures, and cultural enablers within a regulated UK energy sector context. The project involves the collection and analysis of primary data (via surveys and semi-structured interviews) and secondary data (corporate disclosures, strategy papers, benchmarking reports). The completed ethics form is PG Ethics Approval Application form. Table D2 is a summary of Ethical Considerations to be considered during the dissertation.
Table D2: Summary of Ethical Considerations
	Item
	Description

	Research Methods
	Mixed methods (quantitative survey and qualitative interviews)

	Participant Groups
	SSE PLC employees: executives, directors, analysts, data professionals

	Consent and Confidentiality
	Informed consent will be obtained via Participant Information Sheets and Consent Forms (see attached in this report). All data will be anonymised and securely stored in compliance with GDPR. Participants may withdraw at any time.

	Data Storage
	All data is stored on encrypted and password-protected devices. No personal identifiers will be published.

	Data Protection Compliance
	The study complies with the GDPR 2016 and the Data Protection Act 2018. No special category data is collected.

	Risk Assessment
	Low-risk study. No vulnerable participants. No deception. Risks are limited to standard data protection concerns, which are mitigated through anonymisation and secure storage.

	Ethical Approval Status
	Application submitted via PG2 Form to UWTSD Ethics Committee. Awaiting formal approval prior to primary data collection.

	Data Access and Custodianship
	Only the researcher and supervisor will have access to raw data. Data will be retained securely for the duration of the research and archived in accordance with university policy.



Alignment with Ethical Guidelines
This study adheres to:
· UWTSD Research Ethics & Integrity Code of Practice
· UWTSD Research Data Management Policy
· British Educational Research Association (BERA, 2018)
· GDPR 2016 and the Data Protection Act 2018
Attachments Supporting Ethics Application
· Participant Information Sheet
· Informed Consent Form
· Survey Questionnaire (Appendix A)
· Interview Guide (Appendix B)
· Research Timeline (Appendix C)
· Risk and Data Management Statement (Section 5.10 of Proposal)
This ethics summary affirms the research’s ethical integrity and alignment with institutional and national guidelines. Full approval will be secured before engaging participants in primary data collection.
Link: 

[bookmark: _Toc202544535]Appendix E: Analytical Frameworks – SWOT, PESTEL, and SOAR Analyses
This appendix will present three complementary strategic frameworks—SWOT, PESTEL, and SOAR—that will be applied to contextualise the internal and external environment in which predictive analytics integration is expected to unfold at SSE PLC. These frameworks will synthesise insights gathered from survey responses, semi-structured interviews, and internal and external documentation. Each framework will provide a structured analytical lens to evaluate SSE’s current analytical maturity, its organisational challenges, and its strategic potential.

E.1 SWOT Analysis – Predictive Analytics Adoption at SSE PLC
A SWOT analysis (Strengths, Weaknesses, Opportunities, and Threats) will be developed to summarise the internal capabilities and external factors likely to influence the successful integration of predictive analytics at SSE PLC. The analysis will be informed by primary research findings and SSE’s corporate context.
Strengths (Internal, Positive Factors)
· Executive Sponsorship & Vision: SSE leadership, including the Chief Data Officer and CEO, will be identified as champions of analytics, supporting strategic prioritisation.
· Investment in Data Literacy: Training of over 500 employees in data skills will be highlighted as a foundational strength.
· Data Assets & Pilot Successes: Existing initiatives (e.g., smart meter data analytics, marketing segmentation, demand forecasting) will be referenced as early proof points.
· Strategic Data Culture: Organisational efforts in governance and analytics teams will signal an emerging data-driven culture.
Weaknesses (Internal, Negative Factors)
· Skills Gap & Resourcing: The limited number of in-house data scientists and reported skill insufficiency among staff suggest potential barriers to scaling up.
· Data Fragmentation & Quality: Issues with legacy systems and siloed data will be noted as major inhibitors to analytics reliability.
· Cultural Inertia: Some departments may appear resistant to data-centric change, necessitating a focus on change management.
· Dependence on Vendors: Reliance on third-party analytics providers will be flagged as a sustainability and knowledge-retention concern.
Opportunities (External, Positive Factors)
· Sectoral Transformation: Energy transition and decentralisation will create rich use cases for predictive modelling.
· Regulatory Incentives: Net Zero and digitalisation policies will bolster the analytics investment case.
· Tech Maturity: Tools such as AI, machine learning, and IoT will expand SSE’s analytical capabilities.
· Customer Centricity: Analytics will enable tailored service delivery and proactive interventions, enhancing the overall customer experience.
Threats (External, Negative Factors)
· Market Competition: Rivals with advanced data capabilities may outpace SSE if internal maturity lags.
· Disruptive Entrants: Tech-native energy firms may disrupt SSE’s traditional models.
· Regulatory Compliance: The GDPR and related data ethics laws will constrain the design and deployment of analytics.
· Execution Risks: Failed initiatives may reduce internal support or damage stakeholder confidence.
Interpretation: The SWOT analysis will indicate that while SSE benefits from strong leadership and early progress, internal capability gaps—particularly in skills and governance—must be addressed. External momentum will favour analytics advancement, but only if execution risks are proactively managed.

E.2 PESTEL Analysis – External Factors Affecting Analytics Integration
A PESTEL analysis will be employed to explore macro-environmental conditions influencing SSE’s analytics journey. This will identify how political, economic, and social contexts intersect with technological readiness and regulatory constraints.
· Political: UK decarbonisation and digitalisation policies, including Ofgem initiatives, will encourage data-led innovation.
· Economic: Margin pressures and price volatility will create strong business cases for forecasting, optimisation, and efficiency through analytics.
· Social: Digital awareness of the workforce and customer expectations for personalisation will support adoption. Transparency will remain essential.
· Technological: Access to smart meter data, real-time systems, and AI tools will enhance predictive capabilities.
· Environmental: Climate-driven uncertainty will increase demand for forecasting tools to support sustainability goals.
· Legal: GDPR, algorithmic transparency, and ethical AI usage guidelines will require thoughtful compliance strategies.
Interpretation: External drivers will largely support the integration of analytics at SSE PLC. However, legal and ethical considerations must be embedded early to avoid compliance setbacks or reputational harm.

E.3 SOAR Analysis – Aspirations for Analytics at SSE PLC
The SOAR framework (Strengths, Opportunities, Aspirations, Results) will be used to explore the organisation’s positive core and vision for future analytics maturity.
Strengths
· Leadership commitment and C-suite support.
· Pilot projects demonstrating tangible value (e.g., marketing uplift, better forecasting).
· Data platforms (both cloud and on-premises) are already in place.
· Emerging collaboration between business units and IT.
Opportunities
· Energy digitalisation trends (e.g., smart grids, decentralised energy).
· Strategic agility through predictive insights.
· University partnerships and innovation labs.
· Regulatory sandboxes that promote experimentation.
Aspirations
· An enterprise-wide, data-literate workforce.
· Seamless integration of analytics into day-to-day decisions.
· Personalised, customer-centric service models.
· Analytics-led leadership in the Net Zero transition.
Results
· Improved scenario modelling and forecasting accuracy.
· Maturity benchmarking aligned with DCAM standards.
· Increased confidence and participation in analytics across the business.
· Tangible returns from analytics-led projects and pilots.
Interpretation: SOAR analysis will help articulate SSE’s long-term vision and transformation goals. This strengths-based approach will complement the more risk-oriented insights from the SWOT analysis and provide a motivational anchor for internal engagement.

E.4 Marketing Strategy Comparison Table
Table E1 will provide a comparative summary of predictive analytics use in marketing. It will map:
· Use Cases: Campaign targeting, churn prediction, demand forecasting
· Techniques: Logistic regression, random forest, clustering
· Business Benefits: Higher ROI, reduced acquisition cost, improved retention
· Examples: Based on real or simulated scenarios from SSE's business operations
This table will be located in the final appendix and referenced in the discussion of marketing analytics in Section 6 of the dissertation.
Table E1. Predictive Analytics Use Cases in Marketing Strategy at SSE PLC
	Marketing Strategy
	Purpose
	Analytics Techniques
	Benefits
	SSE Use Case (Illustrative)

	Customer Segmentation
	Group customers based on behaviours for targeting
	Clustering (e.g., K-means, DBSCAN)
	Improved targeting and product alignment
	Smart meter data used to create tailored energy plans

	Predictive Targeting
	Identify high-conversion customer segments
	Logistic Regression, Decision Trees
	Higher conversion rates and reduced waste
	Targeted switching offers for business customers

	Personalised Campaigns
	Deliver relevant content to increase engagement
	Collaborative Filtering, Natural Language Processing
	Increased satisfaction and loyalty
	Custom energy-saving tips based on usage profiles

	Churn Prediction & Retention
	Proactively retain at-risk customers
	Survival Analysis, Random Forests
	Reduced churn, improved retention
	Predictive alerts triggered for high-risk customers

	Marketing ROI Optimisation
	Allocate budget more efficiently across channels
	A/B Testing, Attribution Modelling
	Maximised campaign effectiveness
	ROI assessments using machine learning across media campaigns


[bookmark: _Toc202544536]Appendix F: Data Collection & Analysis Plan
This appendix outlines the approach to data collection. It presents anticipated formats for data visualisations and statistical summaries that support the quantitative analysis described in the main body of the dissertation. The figures and outputs to be generated will aim to deepen the understanding of employee perceptions regarding key dimensions of predictive analytics adoption at SSE PLC.
The planned data visualisations will serve as diagnostic tools, providing both descriptive and comparative insights into organisational readiness, cultural enablers, and strategic impacts of analytics integration.

Appendix F.1: Average Survey Ratings Across Research Themes
One of the primary visual outputs will display the average Likert-scale ratings across each of the core themes explored through the survey instrument. Responses will be captured using a 5-point scale (1 = Strongly Disagree to 5 = Strongly Agree), and the themes will correspond to key constructs, including:
· Predictive Analytics Usage
· Marketing Outcomes
· Decision Effectiveness
· Data Governance
· Organisational Readiness
This descriptive analysis is expected to reveal variations in perceived maturity across different areas of the business. Based on preliminary pilot feedback and literature trends, it is anticipated that Decision Effectiveness and Marketing Outcomes will receive higher average ratings, suggesting that respondents experience measurable benefits in these areas. In contrast, Data Governance may emerge as the lowest-rated domain, flagging it as a potential organisational pain point.

These anticipated trends will reinforce key themes identified through interviews (see Appendix B) and the SWOT analysis (see Appendix E.1), particularly in regard to internal weaknesses linked to data quality, fragmentation, and governance capability gaps.
Note: The corresponding visualisation will be produced using the final, anonymised survey dataset (target: n = 100 responses). This section will be updated once data collection is complete, and descriptive statistics have been compiled.
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Figure F1: Average Survey Ratings Across Key Research Constructs
This figure presents mean Likert-scale scores (1 = Strongly Disagree to 5 = Strongly Agree) across the core themes of the study, highlighting perceived strengths and weaknesses in predictive analytics integration at SSE PLC.
Appendix F.2: Correlation Matrix of Survey Constructs
This section will present a correlation matrix in the form of a heatmap, designed to illustrate the interrelationships among the principal constructs measured in the survey. The constructs will include:
· Marketing Impact
· Data Governance
· Organisational Readiness
· Decision Effectiveness
Pearson’s correlation coefficients will be calculated to evaluate the strength and direction of linear relationships between these variables. The matrix will serve as a quantitative tool to validate thematic linkages discussed elsewhere in the study and will contribute to the triangulation of findings.
It is anticipated that the heatmap visualisation will highlight statistically significant associations among key constructs. Based on expected patterns and preliminary feedback, the following relationships are likely to emerge:
· A very strong positive correlation is expected between Marketing Impact and Data Governance (e.g., r ≈ 0.92), suggesting that respondents who perceive strong governance practices are also more likely to report effective marketing outcomes from predictive analytics.
· A strong positive correlation is anticipated between Organisational Readiness and Decision Effectiveness (e.g., r ≈ 0.74), indicating that factors such as leadership support, data literacy, and cultural alignment are closely associated with improved decision-making capabilities.
These statistical relationships will reinforce qualitative findings drawn from interviews (see Appendix B) and provide further evidence supporting the diagnostic conclusions outlined in the SWOT and SOAR analyses (Appendix E.1 and E.3). In particular, the findings will suggest that improvements in data governance and organisational readiness may serve as high-leverage interventions to accelerate the strategic benefits of predictive analytics within SSE PLC.
Note: The correlation heatmap will be generated using aggregated responses from a sample of 100 participants. All correlations will be calculated using pairwise complete observations and tested for internal consistency.
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Figure F2: Pearson Correlation Matrix of Survey Constructs
This heatmap displays the strength and direction of linear relationships between the primary survey constructs, revealing key associations such as the strong positive correlation between Marketing Impact and Data Governance.
Appendix F.3: Average Survey Ratings Across Key Research Themes
This section and Table F1 will present a tabular summary of the aggregated average Likert-scale scores across five core research constructs. These constructs will reflect critical dimensions in the exploration of predictive analytics integration at SSE PLC. All ratings will be gathered on a 5-point Likert scale, where 1 indicates “Very Weak” and 5 indicates “Very Strong”. The analysis will focus on perceptions of maturity, effectiveness, and readiness related to predictive analytics within the organisation.
The constructs to be analysed are:
1. Decision Effectiveness
2. Marketing Impact
3. Predictive Analytics Usage
4. Organisational Readiness
5. Data Governance

Table F1: Anticipated Survey Rating Table
	Construct
	Mean Score (Likert 1–5)
	Interpretation

	Decision Effectiveness
	4.2
	Strong confidence in analytics-driven decisions; reflects the impact on speed and quality.

	Marketing Impact
	4.0
	Indicates a widespread belief in the contribution of analytics to customer segmentation and return on investment (ROI).

	Predictive Analytics Usage
	3.9
	Shows moderate yet rising adoption of analytics in daily and strategic processes.

	Organisational Readiness
	3.6
	Reflects uneven levels of leadership support, cultural fit, and workforce skills.

	Data Governance
	2.8
	Identifies a key gap in data management and policy enforcement across the business.



Detailed Interpretation and Analysis
The highest-rated construct, Decision Effectiveness (mean ≈ 4.2), is expected to demonstrate broad confidence among employees in the tangible benefits of predictive analytics. Responses in this category will likely reflect improvements in decision speed, accuracy, consistency, and evidence-based planning. This finding will also align with strong support from senior leadership, suggesting that data-driven decision-making is recognised and encouraged at the strategic level.

Similarly, Marketing Impact (mean ≈ 4.0) is anticipated to score well, with participants highlighting improvements in targeting, customer segmentation, and campaign success rates. This rating will reinforce the strategic advantage that predictive analytics brings to customer-facing functions, especially in aligning messages with customer behaviours and preferences. It will also support the organisation’s ambition to become more customer-centric in a competitive and regulated energy market.

Predictive Analytics Usage (mean ≈ 3.9) is expected to occupy the mid-range of the spectrum. While indicative of growing adoption, this score may suggest that predictive tools are not yet fully embedded in all core business functions. For instance, some departments may be in earlier stages of analytics maturity, relying more heavily on traditional methods or descriptive reporting. This aligns with evidence from interviews (Appendix B), which shows variance across departments in tool adoption and data literacy.

Organisational Readiness (mean ≈ 3.6) will likely indicate inconsistency in SSE’s preparedness for scaling predictive analytics. While some business units will benefit from analytics champions and training programmes, others may lack support or clarity on their role in a data-driven strategy. This theme will be particularly evident in qualitative findings, where respondents may cite gaps in cultural buy-in, executive visibility, or cross-functional collaboration.

The lowest-rated dimension, Data Governance (mean ≈ 2.8), will highlight significant structural barriers to predictive analytics maturity. Survey comments and interviews are expected to reveal ongoing challenges, including fragmented data ownership, constraints imposed by legacy systems, limited metadata documentation, and inadequate data stewardship practices. This score will closely correlate with the risks and weaknesses outlined in the SWOT analysis (Appendix E.1). It will also support the broader conclusion that data governance improvements must precede or occur in tandem with analytics scale-up initiatives.

Strategic Implications
These comparative averages will provide key diagnostic value to SSE PLC as it charts a path toward analytics transformation. The findings will:
· Confirm existing progress in decision-making and marketing performance through data insights.
· Highlight adoption gaps, especially where predictive analytics is not yet routine or fully supported.
· Identify governance as a critical enabler—one that currently constrains trust, quality, and integration of predictive models.
These insights will guide actionable recommendations in Section 7 of the dissertation, particularly around workforce development, cross-departmental collaboration, and the implementation of a fit-for-purpose data governance framework aligned with an analytics strategy.
Note: The final table and accompanying bar chart will be generated using the completed survey dataset (target sample size: n = 100). All visualisations will be created using SPSS or Excel and included in this appendix. The findings discussed here will also feed into Sections 6.3 (Survey Results) and 6.4 (Integrated Analysis) of the main report.

Table F2: Average Perceived Ratings of Key Research Themes (1–5 Scale)
	Research Theme
	Average Rating (1–5)

	Decision Effectiveness
	4.2

	Marketing Impact
	4.0

	Predictive Analytics Usage
	3.9

	Organisational Readiness
	3.6

	Data Governance
	2.8



Appendix F.4: Correlation Matrix of Survey Constructs
This appendix will provide a tabulated summary of Pearson correlation coefficients calculated between the five core constructs measured in the quantitative survey:
1. Predictive Analytics Usage
2. Marketing Impact
3. Decision Effectiveness
4. Data Governance
5. Organisational Readiness
Each coefficient will reflect the strength and direction of the linear association between pairs of variables, with values ranging from 1.00 (perfect negative correlation) to +1.00 (perfect positive correlation). All correlations will be computed using pairwise complete observations, ensuring that the maximum number of valid responses informs each relationship.

Anticipated Analytical Purpose
The correlation matrix will be used to uncover statistically significant relationships between critical constructs and to inform understanding of how different elements of predictive analytics integration interact within the organisational environment at SSE PLC. These interrelationships will support the triangulation of findings across the qualitative and quantitative components of the research.

Key Expected Observations
Based on preliminary insights and theoretical expectations, several noteworthy correlations are anticipated:
· Predictive Analytics Usage is expected to show moderate-to-strong correlations with both Marketing Impact (r ≈ 0.68) and Decision Effectiveness (r ≈ 0.62). These values suggest that a wider and more integrated use of predictive analytics tools is positively associated with enhanced marketing outcomes and better-quality decisions throughout the organisation.
· Organisational Readiness is projected to have a strong positive correlation with Decision Effectiveness (r ≈ 0.74), highlighting the central role of leadership commitment, workforce data capability, and cultural support in enabling analytics to deliver strategic impact.
· Data Governance is anticipated to demonstrate the strongest observed relationship with Marketing Impact (r ≈ 0.92). This near-perfect correlation suggests that high-quality, well-managed data assets and effective governance frameworks are essential prerequisites for executing successful, targeted marketing strategies.
These expected results will substantiate one of the central contentions of the dissertation: that analytics maturity is a multidimensional capability that relies not only on technical tools, but also on well-aligned organisational systems, leadership backing, and cultural readiness.

Planned Table F3: Pearson Correlation Coefficients Between Survey Constructs
	Construct
	Organisational Readiness
	Decision Effectiveness
	Marketing Impact
	Analytics Maturity
	Data Governance

	Organisational Readiness
	1.00
	0.74
	0.60
	0.58
	0.65

	Decision Effectiveness
	0.74
	1.00
	0.68
	0.62
	0.70

	Marketing Impact
	0.60
	0.68
	1.00
	0.55
	0.92

	Analytics Maturity
	0.58
	0.62
	0.55
	1.00
	0.66

	Data Governance
	0.65
	0.70
	0.92
	0.66
	1.00



Note: All values represent Pearson correlation coefficients computed using pairwise complete observations. Values closer to +1.00 indicate stronger positive linear relationships between constructs. These coefficients support the visual representation provided in Appendix F.2 and substantiate insights discussed in Sections 6.3 and 6.4 of the main report.

Strategic Relevance
The correlation matrix will provide critical empirical validation for broader observations made in Sections 6.3 and 6.4 of the main report. In particular, it will highlight:
· The centrality of data governance in delivering practical value from analytics.
· The interdependency between cultural and technical enablers (e.g., readiness and decision quality).
· The importance of aligning organisational systems (skills, leadership, governance) to accelerate value realisation.
These insights will guide the development of recommendations in Section 7, especially in relation to prioritising internal interventions for scalable and sustainable predictive analytics deployment.
Cross-Reference: This table complements the visual heatmap presented in Appendix F.2 and supports the interpretive narrative developed in Appendix F.3, which examines the average performance of constructs.
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This appendix defines key terms and concepts that will be used throughout the research on integrating predictive analytics into strategic decision-making at SSE PLC. The glossary will aim to enhance reader comprehension by clarifying technical terminology, conceptual frameworks, and analytical methodologies that are central to the study’s scope.
The definitions provided will reflect current academic literature as well as industry best practices in the fields of data governance, analytics maturity, organisational transformation, and decision science. Terms will be selected based on their relevance to the research questions, findings, and strategic recommendations.

Table G1. Glossary of Key Terms Related to Predictive Analytics and Data Strategy at SSE PLC
	Term
	Definition

	Predictive Analytics
	The use of statistical algorithms, historical data, and machine learning to forecast future outcomes and trends.

	Predictive Maintenance
	Utilising predictive analytics to determine when equipment maintenance is needed, thereby reducing unplanned downtime.

	Data Governance
	A framework of practices and processes that ensure data is accurate, available, and secure across its lifecycle.

	Analytics Maturity
	The extent to which an organisation uses analytics effectively, typically progressing from descriptive to predictive and prescriptive insights.

	Data Mesh
	A decentralised approach to data architecture where data is managed and owned by cross-functional teams as a product.

	DELTA Model
	A framework by Davenport and Harris that outlines five capabilities needed for analytics success: Data, Enterprise-wide focus, Leadership, Targets, and Analysts.

	DCAM (Data Management Capability Assessment Model)
	A globally recognised framework from the EDM Council for assessing an organisation's maturity in data management.

	Triangulation
	The use of multiple sources, methods, or theories to validate and strengthen research findings.

	Cross-Sectional Study
	Research that collects data at a single point in time to analyse a phenomenon as it exists currently.

	Stratified Sampling
	A method of sampling that ensures different subgroups of a population are proportionally represented.

	Federated Analytics Model
	A decentralised model where analytics teams are embedded within business units rather than controlled centrally.

	Benchmarking
	Comparing a company’s processes, metrics, or outcomes to those of best-in-class firms to identify improvement opportunities.

	Data Silos
	Isolated pockets of data within an organisation that are inaccessible or disconnected from other systems.

	Regulatory Compliance
	Adherence to laws, regulations, and guidelines such as GDPR, ensuring responsible data handling.

	SWOT Analysis
	A framework for identifying an organisation’s Strengths, Weaknesses, Opportunities, and Threats.

	SOAR Analysis
	A strengths-based alternative to SWOT focusing on Strengths, Opportunities, Aspirations, and Results.

	Thematic Analysis
	A qualitative method for identifying patterns and themes within interview or textual data.

	Case Study Research
	An in-depth exploration of a contemporary phenomenon within its real-world context.

	Data Stewardship
	The responsibility for managing data assets to ensure they are high quality, well-documented, and accessible for business needs.

	Artificial Intelligence (AI)
	The simulation of human intelligence by machines, especially for problem-solving and decision-making tasks.

	Machine Learning (ML)
	A subset of AI that involves algorithms that improve automatically through experience and data patterns.

	Prescriptive Analytics
	Advanced analytics that not only predict what might happen but also suggest actions to achieve desired outcomes.

	Energy Sector Digitalisation
	The use of digital technologies, such as the Internet of Things (IoT) and Artificial Intelligence (AI), is transforming operations, improving energy efficiency, and enhancing customer engagement in the energy industry.

	Ofgem
	The UK’s energy regulator, ensuring fair competition and consumer protection in the gas and electricity markets.

	Smart Grids
	Digitally enabled electrical grids that use data and predictive analytics to manage energy flow more efficiently.

	Metadata Management
	Processes for managing information about other data, crucial for understanding, using, and governing data effectively.

	Predictive Modelling
	The process of creating, testing, and validating a model to predict the probability of an outcome best.

	Digital Transformation
	Organisational change through the integration of digital technologies into all areas of business operations.

	Knowledge Management
	The process of capturing, distributing, and effectively using organisational knowledge for strategic advantage.

	Data Ethics
	The principles and practices around responsible collection, use, and sharing of data, with a focus on fairness, transparency, and accountability.

	Change Management
	The approach used to prepare, support, and help individuals and teams adapt to organisational change initiatives, including the adoption of analytics.



Note: This glossary will be referenced throughout the final dissertation (especially in Sections 1, 2, 4, and 6) and will help bridge knowledge gaps for academic assessors, business stakeholders, and non-technical readers engaging with the study’s findings.
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Figure F1: Average Survey Ratings Across Research Themes
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Figure F2: Correlation Matrix of Survey Constructs
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Research Objective & Corresponding Research Question
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Objective 2: To evaluate the impact on
SSE’s marketing strategy ~/

RQ2: How has predictive analytics improved customer
segmentation, targeting, and campaign effectiveness?

Objective 3: To explore the influence
on strategic decision-making <

RQ3: How has predictive analytics influenced the
quality, speed, and confidence of strategic decisions at
SSE?

Objective 4: To assess the role of data
governance in analytics success ©

RQ4: In what ways do SSE’s data governance
structures enable or hinder effective integration of
analytics?

Objective 5: To explore SSE’s
organisational readiness for scaling
analytics %

RQ5: What leadership, skills, and cultural factors
shape SSE’s readiness to scale predictive analytics?
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Figure 4: SSE Plc Digital Transformation Timeline

In-text reeference example: As shown in Figure 4, SSE’s digital transformation has progres-
sed in defined phases, with major analytics capability building occurring from 2020 onwards
and further strategic integration planned through 2025.
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Figure 3: Integrated Conceptual Framework Linking DELTA and DCAM Models
to Organisational Readiness at SSE PLC (Source: Author’s elaboration base
d on Davenport and Harris (2007) and EDM Counc1l (2020))
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Use Case ¥ Description - Business Impact
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Step Description

1 % Begin with theoretical frameworks (DELTA, DCAM)

2 uil Collect empirical data (surveys, interviews)

3 4§ Identify patterns and gaps

4 Refine understanding and theory adaptation
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Comparison Area Description
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© Data Governance Frameworks

™) Digital Transformation Scope and maturity of digital innovation programmes,
Initiatives particularly Al, data analytics, and automation.

# Leadership Commitment to Public statements, executive roles (e.g., CDO appointments),
Data Strategy or board-level data leadership roles.

m Regulatory and Compliance Evidence of regulatory engagement in smart meters, energy
Readiness transition reporting, and customer protection.

~/ Published Analytics/Data References to third-party benchmarking reports (e.g., Gartner,

Maturity Assessments IDC, Ofgem sector reviews).
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Figure 6.3: Overview of Primary and
Secondary Data Collection for the Study
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Figure 1: Proposed Data Governance
Framework for SSE
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Current vs Target State Analytics Maturity at SSE PLC
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Figure 7.1: Current vs Target State Analytics Maturity at SSE

Source: Author's elaboration based on DELTA and DCAM frameworks.
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Figure 13: 3-Year Analytics Adoption Roadmap (Full Monthly Breakdown)
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igure 9.2: Proposed Roadmap for SSE's Analytics Maturity Journey
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