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[bookmark: _Toc240046705]Abstract
Predictive analytics is increasingly recognised as a strategic capability for improving organisational decision-making. However, many organisations continue to struggle to translate analytical capability into sustained strategic value, particularly in regulated environments where decisions must be transparent, accountable and trustworthy. This study examines how governance maturity, trust and explainability, and organisational readiness influence the strategic embedding of predictive analytics within SSE plc.
An explanatory sequential mixed-methods case study was adopted. Quantitative data from 66 survey respondents were analysed using IBM SPSS Statistics to examine the relationships between Predictive Analytics Capability, Governance Maturity, Trust and Explainability, and Strategic Embedding. These findings were subsequently explored through thematic analysis of eight semi-structured interviews using NVivo to provide a deeper understanding of the quantitative results.
The quantitative findings showed that the regression model explained a substantial proportion of the variance in Strategic Embedding (R² = 0.474). Trust and Explainability emerged as the strongest predictor (β = 0.311, p < 0.05), followed by Governance Maturity (β = 0.283, p < 0.05). Predictive Analytics Capability did not demonstrate a statistically significant independent effect once governance and trust were considered, indicating that technical capability alone is insufficient to achieve strategic embedding.
The qualitative findings showed that mature governance, executive confidence, accountability, transparency, leadership alignment, data literacy and organisational culture collectively influence whether predictive analytics becomes embedded in strategic decision-making.
The study concludes that the successful adoption of predictive analytics is as much an organisational and governance challenge as it is a technological one. By integrating the quantitative and qualitative findings with the DELTA framework and the Data Management Capability Assessment Model (DCAM), the research proposes the Governance-Mediated Explainable Analytics Framework (GMEAF), providing both a theoretical contribution and a practical framework for embedding predictive analytics into strategic decision-making.
Keywords: Predictive Analytics; Data Governance; Governance Maturity; Trust and Explainability; Organisational Readiness; Strategic Decision-Making; Mixed Methods.
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[bookmark: _Toc240046710]1.1 Introduction
Organisations no longer merely record and store data; it has become central to their decision-making processes. Increasingly, organisations are using predictive analytics not only to understand past performances but also to anticipate future outcomes, manage uncertainty, and guide investment decisions. As Davenport and Harris (2007) argue, this shift has made analytics a key driver of competitiveness, enabling leaders to rely more on evidence than instinct.
Regulated sectors like energy prominently exhibit this shift, closely linking long-term planning, infrastructure investment, and public accountability, as they must adapt to the demands of sustainability and stakeholder expectations in the face of climate change and resource scarcity. Organisations are expected to make decisions that are both commercially sound and socially responsible due to the transition to net-zero systems, ongoing market volatility, and increasing regulatory scrutiny. Predictive analytics, which uses statistics and algorithms to examine current and past data, can be very helpful here by aiding in planning for different scenarios, assessing risks, and creating future strategies.
However, having analytical capability in place does not automatically lead to better decisions. This gap is widely recognised in both research and practice. Shmueli and Koppius (2011) highlight that the value of predictive models depends less on their technical accuracy and more on whether decision-makers trust and use them. In many organisations, analytics remains technically strong but is inconsistently applied, often because it is only partially embedded in decision-making processes or poorly understood by those who are expected to use it.
This challenge is evident in SSE plc. Operating in a highly regulated environment; SSE must balance innovation with accountability. Regulatory expectations, including Ofgem’s digitalisation agenda and UK GDPR, require analytics to be transparent, understandable, and defensible. In this context, predictive analytics cannot function as a “black box"; it must be credible enough to support scrutiny as well as decision-making.
In practice, the use of analytics depends more on organisational conditions than on capability alone. Predictive insights often depend on leadership confidence, governance maturity, and organisational readiness (Utomo, Wahidah, & Wisudawati, 2025; Singh, 2026). Brynjolfsson, Rock, and Syverson (2021) note that the value of digital technologies depends on complementary changes in management and organisational structures, whereas Redman (2018) shows that many data initiatives fail due to weak governance rather than poor technology.
This study examines how predictive analytics moves from technical capability to practical use in strategic decision-making, reflecting recent research that emphasises governance maturity and organisational readiness as critical factors in adoption (Ansari, Bhujel, and Khawaja, 2026; Roy, Mondal, and Saha, 2025). The study adopts a mixed-methods approach, enabling the triangulation of findings across quantitative and qualitative evidence to develop a coherent explanation. Using SSE plc as a case study, the researcher examines how governance maturity, executive trust, and organisational readiness influence whether predictive insights are embedded in decision-making.
[bookmark: _Toc240046711]1.2 Background to the Study
SSE plc operates across electricity generation, transmission, distribution, and renewable energy. As a major contributor to the UK’s transition to a low-carbon energy system, the organisation makes decisions that involve long time horizons, significant capital investment, and close regulatory oversight. These decisions increasingly rely on forecasting models, scenario analysis, and predictive insights to manage uncertainty.
At the same time, SSE operates within a complex regulatory environment shaped by Ofgem and UK GDPR (ICO, 2021), alongside wider expectations around transparency and accountability. Strategic decisions must therefore be not only effective but also explainable and defensible. This places governance at the centre of analytics usage. Models must not only be technically sound but also trusted and supported by robust data practices.
The literature highlights a divide between research on analytical capability and governance. The DELTA framework (Davenport, Harris, and Morison, 2010) focuses on capability, leadership, and enterprise alignment, while governance frameworks such as DCAM (EDM Council, 2020) emphasise data ownership, quality, and control as conditions for trust.
These perspectives are often examined separately. Analytics research tends to focus on value creation and capability (LaValle et al., 2011), while governance research emphasises accountability and policy structures (Khatri and Brown, 2010; Alhassan et al., 2016). In regulated sectors, such as energy, organisations must balance them both simultaneously.
Within SSE plc, predictive analytics sits at this intersection. While the organisation has invested in data and digital capabilities, consistently embedding analytics into strategic decision-making remains a challenge. The issue is not simply whether models work, but whether governance maturity, leadership alignment, and executive trust are strong enough to support their use.
[bookmark: _Toc240046712]1.3 Rationale for the Study
[bookmark: _Toc240046713]1.3.1 Organisational Rationale
Many organisations have invested heavily in predictive analytics, but the value they derive from it varies. In practice, specialist teams often concentrate on analytics, limiting their influence on senior decision-making (LaValle et al., 2011). This creates a gap between capability and impact.
In regulated sectors such as energy, that gap becomes more critical. Strategic decisions involve long-term commitments, regulatory scrutiny, and public accountability. Predictive insights must therefore be not only technically robust but also trusted and aligned with governance expectations. Without such support, analytics tends to remain advisory rather than shaping strategy.
Despite their joint examination, existing research often treats analytics capability and governance maturity separately. There has been little empirical work exploring how they interact in regulated organisational settings. In particular, the role of governance in shaping executive trust and enabling strategic use remains underdeveloped.
This study addresses that gap by examining how these factors come together within SSE plc.
[bookmark: _Toc240046714]1.3.2 Academic Rationale
From an academic perspective, predictive analytics and data governance have largely developed as separate research streams. Governance research focuses on accountability and control (Khatri and Brown, 2010), while analytics research emphasises capabilities and performance (Davenport et al., 2010).
Recent studies have called for more integrated approaches (Rodriguez, Sharma and Hall, 2024), but empirical evidence remains limited, particularly in regulated sectors. This matters because regulatory environments place additional demands on explainability and accountability, which may shape analytics adoption differently.
This study addresses this gap by examining predictive analytics through an integrated governance–capability lens, focusing on how governance maturity shapes trust and influences its strategic use.
This study considers organisational culture as a component of organisational readiness, specifically how leadership behaviour and data literacy influence the willingness to rely on analytics.
[bookmark: _Toc240046715]1.4 Research Problem
Although organisations are increasingly investing in predictive analytics to improve forecasting and strategic decision-making, many struggle to embed these capabilities into routine business decisions (Davenport & Harris, 2007; Wamba et al., 2020). Research suggests that this gap is often linked to fragmented governance, unclear data ownership, limited model explainability, and insufficient leadership support, all of which reduce confidence in data-driven decision-making (Abraham et al., 2019; Otto, 2011; Rudin, 2019).
These challenges are particularly significant in regulated organisations, where strategic decisions must be transparent, accountable and evidence based. While previous studies have examined predictive analytics capability, governance maturity and organisational readiness independently, limited research has explored how these factors work together to support the strategic integration of predictive analytics.
Accordingly, the research problem addressed in this study is the limited understanding of how governance maturity, organisational readiness, and trust in explainable predictive analytics influence the successful integration of predictive analytics into strategic decision-making within a large, regulated organisation.
[bookmark: _Toc240046716]1.5 Research Aim, Objectives and Questions
[bookmark: _Toc240046717]1.5.1 Research Aim
The aim of this study is to examine how predictive analytics is integrated into strategic decision-making at SSE plc and to explain why it is not always consistently embedded despite existing technical capability.
[bookmark: _Toc240046718]1.5.2 Research Objectives
To maintain focus and analytical depth, the study is guided by four objectives:
1. To examine how predictive analytics is currently used in strategic decision-making at SSE plc 
2. To analyse how governance maturity influences executive trust in predictive analytics 
3. To evaluate how executive trust affects the strategic embedding of predictive analytics 
4. To assess how organisational readiness, particularly leadership alignment and data literacy, shapes the adoption and scaling of predictive analytics 
[bookmark: _Toc240046719]1.5.3 Research Questions
RQ1: How is predictive analytics currently used in strategic decision-making at SSE plc?
RQ2: How does governance maturity shape executive trust in predictive analytics?
RQ3: How does executive trust influence the extent to which predictive analytics is embedded in strategic decision-making?
RQ4: How does organisational readiness influence the adoption and scaling of predictive analytics at SSE plc?
[bookmark: _Toc240046720]1.5.4 Hypotheses
The hypotheses support the quantitative element of the study and are used to test the relationships between the key constructs identified in the research model. They are not intended to stand alone but to complement the qualitative insights and overall interpretation.
H1: Predictive analytics capability is positively associated with strategic use.
This hypothesis examines whether strong analytical tools, infrastructure, and modelling capabilities translate into actual strategic uses rather than remaining isolated technical capabilities.
H2: Governance maturity positively influences executive trust.
This reflects the expectation that clear ownership, controls, and data practices increase confidence in analytics outputs.
H3: Executive trust positively influences strategic embedding.
This examines whether decision-makers are more likely to rely on analytics when they see it as credible, understandable, and defensible.
H4: Organisational readiness positively influences adoption and scaling.
This hypothesis examines how leadership behaviour, data literacy, and organisational culture influence the broader adoption and scaling of predictive analytics.
Together, these hypotheses place predictive analytics within a broader organisational structure, where governance maturity, executive trust, and organisational readiness determine whether technical capabilities translate into meaningful strategic influence.
[bookmark: _Toc240046721]1.6 Significance of the Study
This study is significant because it moves beyond the assumption that better analytics automatically lead to better decisions. Instead, it shows how governance, trust, and organisational readiness influence the practical application of predictive analytics.
The study unites two often separate areas: analytics capability and data governance, from a theoretical perspective. By linking it to the concept of trust, it offers a more realistic explanation of how analytics is embedded in organisations.
From a practical perspective, the findings are directly relevant to SSE plc. They highlight where capabilities already exist and where gaps in governance, trust, or leadership alignment may limit their impact. In particular, the study points out the importance of clear data ownership, understandable outputs, and stronger engagement from senior decision-makers.
This matters because in a regulated environment, analytics is not just about insight; it must also be defensible. SSE could strengthen strategic decision-making in areas such as investment planning, risk management, and regulatory reporting by improving the trust and use of analytics.
More broadly, the study offers insights for other organisations operating in similar environments. It indicates that the real challenge is not building predictive models but creating the conditions that allow those models to influence decisions.
[bookmark: _Toc240046722]1.7 Limitations of the Study
This research focuses on a single organisation, which limits generalisability. However, it provides an in-depth look at the use of analytics in a regulated context.
There are also potential limitations related to accessibility, organisational dynamics, and respondents' biases. These are addressed through triangulation of qualitative and quantitative data.
Finally, the findings reflect a specific time period and should be understood in the context of ongoing organisational changes.
[bookmark: _Toc240046723]1.8 Conceptual Positioning: DELTA–DCAM Framework
This study adopts an integrated perspective that brings together the DELTA framework (Davenport et al., 2010) and the Data Management Capability Assessment Model (DCAM) (EDM Council, 2020).
DELTA focuses on analytical capabilities, leadership, and how organisations generate value from data. DCAM, by contrast, looks at governance, data quality, ownership, and control. On their own, each explains part of the picture, but neither fully captures how analytics actually becomes embedded in decision-making.
Bringing the two together allows the study to examine both sides simultaneously. DELTA helps explain how organisations build and use analytical capabilities, while DCAM explains how those capabilities become trustworthy, controlled, and accountable. In a regulated environment like SSE plc, both are necessary.
This combined perspective is important because it reflects how analytics works in practice. Technical capability creates the potential for insight, but governance and trust determine whether that insight is actually used. By integrating the two frameworks, the study can examine predictive analytics as both a technical capability and an organisational process.
[bookmark: _Toc240046724]1.9 Structure of the Dissertation
The dissertation is organised into five chapters, each building on the last to address the research problem in a structured and coherent manner.
Chapter 1 introduces the study, setting out the research context, problem, aim, objectives, and overall direction. It also outlines the conceptual framework for examining predictive analytics within a governance and organisational context.
Chapter 2 reviews the relevant literature, focusing on predictive analytics, data governance, executive trust, and organisational readiness. It brings these strands together to develop the theoretical foundation for the study and justify the integrated DELTA–DCAM perspective.
Chapter 3 explains the research design and methodology. It outlines the mixed-methods approach, including data collection, sampling, and analysis techniques, and explains how the study ensures reliability, validity, and triangulation.
Chapter 4 presents and analyses the findings. It brings together quantitative results and qualitative insights, not as separate outputs, but as part of a combined explanation of how predictive analytics is (or is not) embedded in practice.
Chapter 5 discusses these findings in relation to the research questions and existing literature before drawing conclusions and setting out recommendations. The emphasis is on interpreting what the results mean, rather than simply repeating them, and on showing how the study addresses the original research problem.
Collectively, the chapters follow a clear progression from context and theory through to evidence, interpretation, and practical insight, ensuring that the study develops as a single, coherent argument rather than a set of separate sections.




[bookmark: _Toc240046725]Chapter 2: Literature Review
[bookmark: _Toc240046726]2.1 Predictive Analytics and Strategic Decision-Making: Conceptual Foundations
Predictive analytics has become an important part of strategic decision-making, particularly in data-intensive and regulated sectors. It involves using historical and real-time data, along with statistical modelling and machine learning, to anticipate future outcomes and support forward-looking decisions (Shmueli and Koppius, 2011; Provost and Fawcett, 2013). Earlier work treated predictive analytics largely as an extension of business intelligence, with a focus on forecasting and operational efficiency. More recent studies, however, position it as a strategic capability that shapes how organisations respond to uncertainty and allocate resources (Roy, Mondal and Saha, 2025; Rahman, 2025).
Davenport and Harris (2007) helped shift this thinking by arguing that competitive advantage depends not simply on better algorithms but on whether analytical insights are embedded in decision-making. This was reinforced by Davenport, Harris, and Morison (2010), who linked analytical maturity to organisational alignment, executive sponsorship, and the ability to turn insights into action.
Even so, stronger predictive capability does not automatically lead to better decisions. Shmueli and Koppius (2011) and Provost and Fawcett (2013) demonstrate that value only arises when individuals comprehend, trust, and act on insights. This matters even more in regulated settings, where decisions must be transparent and explainable (ICO, 2021; Ofgem, 2022; 2023), as a lack of understanding or trust in the insights can lead to non-compliance and undermine the effectiveness of regulatory frameworks.
The energy sector illustrates this clearly. Organisations are making increasing use of predictive analytics for forecasting, optimisation, and resilience planning (International Energy Agency, 2022; National Grid, 2023; 2024), yet empirical studies still point to barriers such as legacy systems, fragmented ownership, and risk-averse cultures (Verma et al., 2021; Mashayekhy Rad & Liu, 2023). Recent empirical evidence further shows that governance maturity and organisational readiness significantly influence the strategic effectiveness of predictive analytics initiatives (Ansari, Bhujel, and Khawaja, 2026; Utomo, Wahidah, and Wisudawati, 2025).
[bookmark: _Toc240046727]2.2 Predictive Analytics as an Organisational Capability
Predictive analytics is increasingly understood not as a standalone tool but as an organisational capability. LaValle et al. (2011) show that value comes not from better tools alone, but from how effectively insights are embedded in decision-making and managerial routines. Similarly, Sharma, Mithas, and Kankanhalli (2014; 2020) argue that analytics reshapes decision-making only when it influences authority structures, organisational processes, and accountability.
There is, however, less agreement on what this capability looks like in practice. Some studies emphasise data quality and infrastructure, showing that unreliable data can undermine even advanced models (Gandomi & Haider, 2015; Hazen et al., 2014; Kwon, Lee, & Shin, 2014). Others have a more dynamic organisational outlook. Brynjolfsson, Rock, and Syverson (2021), for example, argue that analytics adoption may initially reduce performance due to misalignment, skills gaps, and cultural resistance.
Together, these perspectives reveal tensions in the literature, particularly regarding how organisations balance technical capabilities with governance maturity and strategic readiness (Wang, 2025; Nechita, Stochioiu, and Grecu, 2025). Technical studies treat predictive analytics largely as data and infrastructure challenges, whereas organisational research emphasises leadership, governance, and culture. This fragmentation limits our understanding of how predictive analytics is embedded in practice, particularly in regulatory settings, where both technical capabilities and organisational legitimacy are required.
Recent work by Roy et al. (2025) reinforces this maturity-based view, showing how organisations move from ad hoc data practices to more structured, data-driven decision-making when governance, learning, and strategic intent evolve together.
To synthesise these perspectives, Table 2.1 maps key contributors against the main dimensions of organisational readiness. While many studies recognise that analytical capabilities extend beyond technology, they often emphasise one dimension at a time. These limits hinder our understanding of how these elements interact in regulated environments.
[bookmark: _Toc230555046][bookmark: OLE_LINK1]Table 2.1: Mapping Key Literature to Organisational Readiness Dimensions for Predictive Analytics
(Source: Author’s own work)

	Author(s)
	Primary Lens
	Readiness Dimension Emphasised
	Core Insight
	Key Limitation / Tension

	Davenport and Harris (2007)
	Strategy
	Leadership and strategic alignment
	Analytics creates value when embedded in organisational strategy
	Limited consideration of governance and regulation

	LaValle et al. (2011)
	Decision processes
	Organisational integration
	Value arises from embedding analytics into managerial routines
	Does not address regulated contexts

	Sharma, Mithas and Kankanhalli (2014; 2020)
	Decision-making
	Authority and accountability
	Analytics reshapes decisions when authority structures change
	Governance mechanisms underdeveloped

	Gandomi and Haider (2015)
	Technical
	Data quality and infrastructure
	Poor data quality undermines analytics effectiveness
	Treats readiness as primarily technical

	Hazen et al. (2014); Kwon, Lee and Shin (2014)
	Adoption
	Trust through data quality
	Data quality strongly influences trust and adoption
	Focuses on users rather than executives

	Brynjolfsson, Rock and Syverson (2021)
	Organisational change
	Culture and organisational learning
	Analytics adoption involves a productivity lag
	Governance dimension largely absent

	Redman (2018)
	Leadership behaviour
	Trust and managerial norms
	Executive behaviour shapes trust in analytics
	Conceptual rather than empirical

	Khatri and Brown (2010)
	Governance
	Decision rights and accountability
	Clear governance allocates authority and responsibility for data
	Limited linkage to strategy

	Alhassan et al. (2016)
	Governance practice
	Consistency and compliance
	Governance enables trust and regulatory alignment
	Descriptive focus

	Rodriguez, Sharma and Hall (2024)
	Hybrid governance
	Balancing agility and control
	Integrated governance supports analytics in regulated sectors
	Early-stage empirical evidence



Collectively, the literature suggests that readiness for predictive analytics is rarely treated as a fully integrated organisational condition. This calls for empirical research that examines how strategy, governance, and organisational culture interact in practice.

[bookmark: _Toc240046728]2.3 The DELTA Model and Organisational Readiness
The DELTA model, developed by Davenport, Harris, and Morison (2010), is one of the most influential frameworks for understanding the organisational factors that shape analytics adoption. Representing Data, Enterprise, Leadership, Targets, and Analysts, the model was designed to explain why some organisations embed analytics into strategic decision-making while others remain limited to isolated initiatives.
The Data dimension reflects well-established concerns around quality, availability, and consistency (Hazen et al., 2014; Kwon et al., 2014). Without reliable data, predictive analytics lacks credibility and is unlikely to influence managerial judgement. The Enterprise dimension focuses on cross-functional integration, aligning with evidence that analytics initiatives often fail when organisational silos restrict data sharing and accountability (Wamba et al., 2017).
Leadership plays a central role, consistent with research highlighting executive sponsorship as critical to analytics-driven transformation (Davenport and Harris, 2007; Brynjolfsson et al., 2021; Utomo, Wahidah and Wisudawati, 2025). The Targets dimension emphasises alignment between analytics initiatives and strategic objectives, addressing concerns that many projects become technology-led rather than value-driven (Arnott, Lizama and Song, 2017). Finally, the Analysts dimension recognises the importance of technical expertise, although later research suggests that skills alone are insufficient without governance and organisational support (Redman, 2018).
Despite its strengths, DELTA has limitations. It assumes a relatively flexible organisational context and pays little attention to regulatory, ethical, and formal governance mechanisms. Applications of the model have tended to focus on private-sector or digital-native firms, raising questions about its relevance in regulated, asset-intensive industries such as energy (Jarvis, 2025; Rodriguez, Sharma and Hall, 2024). More recent studies reinforce this concern, showing that analytics maturity is often shaped as much by governance alignment and leadership capability as by technical sophistication, particularly in industries like energy where regulatory frameworks and operational complexities play a significant role (Zhang et al., 2023; Kadarsah et al., 2023; Olayinka, 2019).
Figure 2.1 provides a simplified representation of the DELTA model, showing how its dimensions function as interdependent enablers of organisational readiness. While the model highlights leadership, culture, and strategic alignment, it offers less insight into how organisations ensure consistency, accountability, and trust in their analytical outputs. Regulated sectors like energy are subject to data-driven decisions and heightened scrutiny, making this aspect particularly crucial.
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Figure 2.1: The DELTA Model Illustrating Key Organisational Enablers of Predictive Analytics Readiness
Source: Adapted from Davenport, Harris and Morison (2010).

[bookmark: _Toc240046729]2.4 Data Governance, DCAM, and the Role of Control
In contrast to the strategy-focused orientation of DELTA, the Data Management Capability Assessment Model (DCAM), developed by the EDM Council (2020), places governance, control, and accountability at the heart of data-driven activity. Rather than asking how analytics supports strategy, DCAM focuses on whether an organisation has the structures, processes, and behaviours needed to manage data responsibly and consistently at scale. From this perspective, predictive analytics is not a standalone capability but rather the result of mature governance, data quality, metadata, and organisational enablement.
DCAM conceptualises maturity across interconnected domains. Data governance defines ownership and decision rights; data quality ensures reliability and fit for purpose; metadata enables transparency and traceability; and organisational enablement addresses roles, skills, and operating models. This aligns with a growing consensus that predictive analytics only delivers value when decision-makers trust both the data and the processes behind it, particularly in regulated environments where decisions must be explainable (EDM Council, 2020).
Figure 2.2 summarises the governance foundations that underlie predictive analytics readiness in regulated organisations. It highlights how governance structures, data quality practices, and leadership behaviours work together. Weakness in any of these areas can undermine confidence in analytics, even when technical capability is strong.
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Figure 2.2: Core Governance Pillars Underpinning Predictive Analytics Readiness in Regulated Organisations
Source: Adapted from EDM Council DCAM Framework (2020).
Foundational research supports this view. Khatri and Brown (2010) define data governance as the allocation of decision rights and accountability, shaping how data is managed and prioritised. Otto (2011) frames governance as a coordination mechanism across complex organisational structures, whereas Alhassan, Sammon, and Daly (2016) emphasise its role in enabling consistency, trust, and regulatory compliance.
Abraham, von Brocke, and Schneider (2019) expand previous governance research by conceptualising data governance as a cross-functional framework that combines structural, procedural, and relational mechanisms. Their work moves governance beyond compliance by showing how decision rights, accountability, and policy enforcement support transparency, reduce risk, and improve confidence in data-driven decisions. In predictive analytics contexts, these mechanisms are particularly important in regulated environments, such as finance or healthcare, where outputs must be explainable and defensible, ensuring that stakeholders can trust the decisions made based on the data.
Empirical evidence further underlines the importance of governance. Brous, Janssen and Krans (2020) demonstrate that governance maturity can be a stronger predictor of data science's effectiveness than technical capabilities alone. In the energy sector, Mashayekhy Rad and Liu (2023) show that fragmented governance and unclear ownership increase resistance to the adoption of analytics. Faruk and Sultana (2021) likewise demonstrate that governance maturity improves predictive accuracy, model reliability, and managerial confidence under regulatory scrutiny. Br. Karo, Miller and Al-Kamari (2024) further emphasise the role of ethical governance, linking accountability and transparency to sustained decision value.
Together, these studies suggest that governance does more than ensure technical quality; it shapes the legitimacy of predictive analytics in organisational decision-making (Mukhtar and Azmi, 2025; Singh, 2026). Where governance maturity is weak, analytical outputs are more likely to be challenged or overridden, regardless of technical accuracy.
Despite its strengths, DCAM also has limitations. While it provides a comprehensive view of data management capabilities, it offers less insight into the political, cultural, and strategic difficulties involved in implementing governance at scale. It says relatively little about balancing control with innovation or overcoming leadership resistance. This reflects broader critiques that formal structures alone often fail to produce lasting behavioural change (Redman, 2018). Evidence from regulated industries supports these claims, showing that poorly embedded governance can lead to scepticism, selective use of analytics, or overriding behaviour, even when technical capabilities are strong (Thomas & Liu, 2022; Willetts et al., 2020).
[bookmark: _Toc240046730]2.5 Tensions Between Strategy and Governance in the Literature
A critical reading of the literature reveals a persistent tension between strategy-orientated and governance-orientated perspectives on the adoption of predictive analytics. Strategy-focused models, such as DELTA, emphasise leadership, alignment, and value creation, presenting analytics as a source of agility and competitive advantage. Governance-focused frameworks, such as DCAM, by contrast, emphasise control, standardisation, compliance, and risk management.
Both perspectives matter, but neither is sufficient on its own, as recent studies increasingly emphasise the necessity to align governance maturity, organisational readiness, and strategic analytics capabilities simultaneously (Nechita, Stochioiu, and Grecu, 2025; Wang, 2025). A strong strategic focus without governance can weaken accountability and trust. A strong governance focus without strategic intent can reduce analytics to a compliance exercise, leading to missed opportunities for innovation and ineffective decision-making in organisations. This tension is especially visible in regulated sectors such as energy, where organisations are expected to innovate while also ensuring that decisions remain explainable, auditable, and defensible (Rodriguez, Sharma and Hall, 2024).
Abraham, von Brocke, and Schneider (2019) reinforce this governance-orientated perspective by arguing that formal governance structures provide the organisational foundation needed to align data usage with strategic objectives. Their work suggests that the adoption of predictive analytics depends not only on analytical sophistication but also on institutional governance practices that support transparency, accountability, and legitimacy.
Rather than seeing this divide as a weakness of individual frameworks, it points to a wider gap in the literature. Existing models tend to prioritise strategic agility or governance control, but they rarely examine how the two interact in practice. This study addresses that gap by positioning predictive analytics readiness as the mediating condition between strategic intent and governance capability.
Figure 2.3 illustrates this position, demonstrating how an organisational state of readiness translates strategic objectives into controlled, trustworthy, and regulator-ready decision-making. Within SSE plc, this mediating role is reflected in the organisation’s data and digital strategy, which positions analytics as a way of translating strategic objectives into governed, regulator-aligned decisions (SSE plc, 2024d; SSE plc, 2024). Evidence from the wider energy sector supports this view, showing that hybrid governance approaches are better able to balance innovation with accountability (Rodriguez, Sharma and Hall, 2024).
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Figure 2.3: Predictive Analytics Readiness as a Mediating Construct Between Organisational Strategy and Governance Capability
Source: Adapted from Rodriguez, Sharma and Hall (2024)
[bookmark: _Toc240046731]2.6 Regulatory Context and the UK Energy Sector
The adoption of predictive analytics in the UK energy sector occurs within a complex and evolving regulatory environment. Unlike lesser-regulated industries, energy organisations operate under sustained public scrutiny, have long-term infrastructure obligations, and face clear expectations regarding accountability, transparency, and fairness. As a result, predictive analytics is judged not only for accuracy but also for explainability, legitimacy, and defensibility.
A key influence is the UK GDPR, which establishes expectations around data accuracy, transparency, accountability, and lawful processing (ICO, 2021). In the energy sector, these expectations extend into areas such as pricing, customer segmentation, network investment, and service delivery. Predictive models cannot operate as inscrutable black boxes; they require governance frameworks that ensure transparency and auditability, enabling stakeholders to understand the decision-making processes and outcomes associated with these models. SSE’s sustainability reporting reflects this broader emphasis on accountability and public trust (SSE plc, 2024c), as it includes detailed metrics and methodologies that allow stakeholders to understand the impact of their operations and the effectiveness of their governance structures.
Sector-specific regulation reinforces this position. Ofgem’s digitisation strategy (2023a&c) presents high-quality data and analytics as essential to a more efficient, resilient, and decarbonised energy system, but it also expects decisions to be based on reliable, well-governed data. National Grid (2024) similarly emphasises traceability, data lineage, and explainability in planning and forecasting.
These expectations closely link predictive analytics readiness in energy organisations to governance maturity. Firms must demonstrate the source of their data, the processing methods used, and how they manage uncertainty. Evidence from the sector suggests that uneven analytical maturity is driven less by a lack of tools than by fragmented governance, legacy systems, and cultural resistance (Gartner, 2024; Mashayekhy, Rad, and Liu, 2023), indicating that organisations need to address these internal challenges to improve their data management practices.
Overall, regulation constrains analytics and shapes the conditions for its trustworthiness and strategic use. Figure 2.4 illustrates this broader regulatory ecosystem, while Figure 2.5 brings strategy, governance, and regulation together to create an integrated conceptual map of predictive analytics readiness for regulated organisations.
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Figure 2.4: Regulatory Drivers of Governance Requirements for Predictive Analytics in the UK Energy Sector
Source: Adapted from Ofgem (2023), ICO (2021), and UK AI Governance Guidance.

The literature identifies several interrelated organisational factors that influence the successful adoption of predictive analytics. Although different studies emphasise different dimensions, there is broad agreement that technical capability alone is insufficient. Researchers consistently recognise governance, organisational readiness, trust, and strategic alignment as crucial enablers of effective analytics adoption. Figure 2.5 summarises the principal themes emerging from the literature reviewed in this chapter.
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Figure 2.5: Key Themes Emerging from the Literature on Predictive Analytics Adoption.
Source: Adapted from Davenport and Harris (2007), Otto (2011), LaValle et al. (2011), Abraham et al. (2019), Mikalef et al. (2020), DCAM, DELTA, and related literature.

[bookmark: _Toc240046732]2.7 Organisational Culture, Ethics, and Trust
Along with regulations and formal governance, organisational culture and trust play a critical role in determining the effectiveness of predictive analytics. Earlier research primarily concentrated on technical capability, but more recent studies emphasise how individuals interpret and act on analytical insights when they recognise their value. Redman (2018) argues that managerial behaviour is central to building trust in data. Confidence in analytics grows when leaders consistently rely on evidence, encourage constructive challenge, and align decisions with analytical outputs. In contrast, selective use of data or reliance on intuition weakens trust and limits the integration of analytics into decision-making, leading to poor outcomes and missed opportunities for improvement.
These dynamics are particularly important at senior leadership levels, where decisions carry significant financial, operational, and reputational consequences. Inconsistent engagement with analytics can discourage investment in data capabilities and reinforce scepticism among staff, positioning analytics as peripheral rather than integral. In regulated environments, the need to justify decisions externally amplifies this effect, raising the cost of mistrusting analytical outputs. This can lead to missed opportunities for data-driven decision-making and hinder overall organisational performance.
Ethical considerations add a further layer of complexity, particularly as organisations face increasing pressure to ensure the responsible and trustworthy adoption of AI (Singh, 2026). Mehrabi et al. (2021) highlight concerns around bias, fairness, and transparency in predictive models, particularly where analytics informs decisions with broader social and economic impact. Impacts in the energy sector include pricing, infrastructure investments, and service prioritisation; errors or a lack of transparency can have significant societal consequences. Ethical failures in such contexts extend beyond technical difficulties; they carry regulatory, legal, and reputational risks that can undermine both public and organisational trust.
Despite growing recognition of these issues, the literature lacks insight into how culture, ethics, and governance interact in practice. Governance frameworks tend to focus on control and accountability, while cultural studies emphasise leadership behaviours and norms; few examine how these dimensions jointly influence whether analytics is trusted, challenged, or ignored. This gap is particularly evident in regulated industries, where ethical oversight and public accountability heighten the stakes of data-driven decisions.
As a result, trust in predictive analytics is increasingly understood as a socio-technical phenomenon that emerges from the interaction among human judgement, organisational culture, governance practices, and analytical systems rather than model accuracy alone (Vasconcelos et al., 2023; Smith, 2020).
[bookmark: _Toc240046733]2.8 Towards an Integrated View: Gaps in Predictive Analytics Readiness Literature
While the literature indicates substantial progress in predictive analytics, strategic decision-making, and organisational readiness, it remains fragmented in terms of how these elements are understood and applied in regulatory contexts. Research consistently shows that AI-driven predictive analytics improves decision quality, forecasting accuracy, and operational performance. For example, Ansari, Bhujel and Khawaja (2026) report reductions in decision latency of 17–25% alongside improvements in forecast accuracy of approximately 20%. Similarly, Baihaqi (2026) highlights the growing importance of governance frameworks by emphasising auditability, transparency, and human oversight as key requirements for successful AI-enabled decision-making. Organisational readiness models have also evolved significantly, with Technology–Organisation–Environment (TOE)-based approaches providing structured ways to assess technological capability, leadership support, and environmental pressures influencing adoption (Alzahrani, 2025).
Despite this progress, understanding of predictive analytics readiness remains uneven, particularly in regulated infrastructure sectors such as energy utilities. Much of the existing research draws on digitally mature organisations or industries with fewer regulatory constraints. This creates a disconnect between theoretical models and the operational realities of asset-heavy, compliance-driven organisations. Studies focusing specifically on the energy sector remain limited, although work by Olajiga et al. (2024) calls for sector-specific analytics frameworks, and Al-Ababneh et al. (2026) note that digital transformation in energy organisations is shaped by infrastructure complexity and regulatory oversight. These contextual factors suggest that predictive analytics readiness in energy utilities may differ substantially from that in other sectors, particularly due to the unique challenges posed by infrastructure complexity and regulatory oversight specific to the energy sector.
A second limitation concerns the fragmented treatment of strategic capability and governance maturity within the literature. Strategy-orientated studies typically emphasise leadership, analytical capability, and value creation, presenting predictive analytics as a driver of agility and competitive advantage. In contrast, governance-focused research concentrates on data ownership, quality, risk management, and compliance mechanisms. Tazkarji, Chou, and Hamadeh (2026) identify governance as central to organisational readiness; yet empirical work integrating governance maturity with predictive analytics adoption remains limited. This separation results in an incomplete understanding of how predictive analytics is embedded in organisational decision-making, particularly in regulatory environments where innovation must coexist with accountability.
Recent studies increasingly recognise that the adoption of predictive analytics depends not only on technical capability but also on governance maturity, organisational readiness, data quality, and executive trust (Ansari, Bhujel, and Khawaja, 2026; Utomo, Wahidah, and Wisudawati, 2025; Singh, 2026; Wang, 2025). However, only limited empirical research has examined how these dimensions interact within regulated energy organisations, particularly regarding strategic embedding and executive decision-making.
The third gap relates to organisational readiness in complex utility environments. Existing readiness frameworks often prioritise technological capability and leadership alignment, but they rarely address legacy infrastructure, distributed operational assets, or workforce digital capability challenges. Research by Kalleparambil and Akoum (2025) and Trequattrini et al. (2025) advances readiness measurement for AI adoption and digital transformation, yet these models do not explicitly account for the operational complexity typical of large energy utilities. Al-Ababneh et al. (2026) further emphasise that infrastructure-intensive organisations face distinctive barriers related to system integration and data standardisation. As a result, current readiness models may underestimate the organisational friction associated with adopting predictive analytics in regulated utility contexts.
A further gap concerns how predictive analytics insights are translated into executive decision-making. While quantitative studies demonstrate improvements in decision efficiency, a qualitative understanding of how senior leaders interpret, validate, and operationalise predictive insights remains limited. Zhu (2025) reports significant improvements in decision efficiency from AI-enabled systems, yet Baihaqi (2026) notes that executive adoption depends heavily on governance mechanisms and trust in analytics outputs. This suggests that the adoption of predictive analytics is not merely a technical challenge but also a socio-organisational process shaped by leadership perceptions, accountability structures, and governance maturity.
Longitudinal evidence on governance–analytics alignment under operational stress is also largely absent. Energy utilities operate in environments characterised by volatility, infrastructure risks, and regulatory changes. Jackson et al. (2025) argue that organisational resilience emerges from the coupling of governance information, automation, and strategic alignment; however, empirical work examining governance maturity and predictive analytics during operational disruptions remains limited. Similarly, Sami et al. (2026) explore AI adoption in energy companies but do not examine how governance structures sustain analytics-driven decision-making over time.
Another underexplored area concerns the integration of sustainability and ESG considerations into the governance of predictive analytics. Energy organisations encounter regulatory pressure to support decarbonisation and sustainability objectives, but they seldom integrate predictive analytics and governance frameworks with ESG priorities. Supriyono et al. (2024) discuss sustainability governance in utility sectors, while Atadoga et al. (2024) examine analytics for renewable energy decision-making. However, limited research links governance maturity, predictive analytics capability, and sustainability outcomes, creating uncertainty about how analytics investments support energy transition goals.
Finally, data governance research often assumes centralised organisational structures, whereas utility companies operate across geographically dispersed assets and regional operations. Agbodike (2025) discusses advances in AI-driven data governance but does not address distributed operational contexts. Similarly, Youssef, Ashfaque and Karunamurthy (2023) describe energy sector data infrastructure but offer limited insight into the governance mechanisms that support predictive analytics across distributed organisations. Large utilities particularly need to share predictive insights across operational, regional, and strategic decision-making levels.
This gap is especially important in regulated environments, where analytical outputs must be transparent, defensible, and auditable. Without governance-based legitimacy, predictive analytics is unlikely to move beyond an advisory role, regardless of its technical capability.
Overall, the literature treats predictive analytics readiness as fragmented rather than systemic. This study addresses that gap by examining how governance and explainability shape trust and how trust, in turn, enables the strategic use of predictive analytics within a regulated UK energy context.
[bookmark: _Toc240046734]2.9 Positioning of This Study and Link to Methodology
Situated at the intersection of analytics strategy and data governance, this study addresses gaps identified in the literature. Drawing on the DELTA model and selected DCAM domains, it frames predictive analytics readiness as a socio-technical and governance-driven phenomenon rather than a purely technical capability. By focusing on the UK's energy sector, the study recognises the combined influence of leadership, governance, culture, and regulation on strategic decision-making.
Rather than proposing a new framework, the study empirically examines how these established concepts operate in practice within SSE plc. It aims to generate context-specific insights into how governance maturity, leadership behaviours, and data quality shape executive trust in predictive analytics and influence its strategic use in a regulated environment.
These gaps justify a mixed-method approach capable of capturing both formal governance structures and lived organisational experiences. The following chapter outlines this methodology and explains how it addresses the theoretical and empirical limitations identified in the literature.
[bookmark: _Toc240046735]2.10 Critical Comparison of Analytics Capability and Governance Frameworks
The literature on predictive analytics adoption generally falls into two strands: analytics capability development and data governance maturity. Both offer valuable perspectives, but they are often treated separately, which limits our understanding of how organisations embed analytics in strategic decision-making.
The DELTA framework (Davenport, Harris and Morison, 2010) highlights key organisational capabilities required for analytics adoption, particularly leadership, skills, and enterprise-wide alignment.
In contrast, the Data Management Capability Assessment Model (DCAM) focuses on governance maturity, particularly data ownership, quality, and accountability structures (EDM Council, 2020).
This distinction highlights a fundamental tension within the literature. While analytical capability frameworks emphasise innovation, agility, and insight generation, governance frameworks prioritise control, accountability, and risk mitigation. This raises an unresolved question about whether governance structures act as enablers or constraints on analytics-driven decision-making, particularly in regulated environments.
Similarly, the DAMA-DMBOK framework provides a comprehensive reference for data management practices, including governance, metadata, and quality (DAMA International, 2017). However, it does not explicitly address the organisational and cultural dimensions required for the adoption of predictive analytics.
Overall, these frameworks highlight a key tension: Analytics' capabilities prioritise innovation and insight generation, whereas governance frameworks emphasise control and accountability. In practice, both are necessary. Strong analytics without governance can undermine trust, while strong governance without analytics can limit strategic value.
Overall, the literature suggests that neither analytics capability nor governance maturity alone is sufficient to ensure strategic embedding. However, the interaction between these dimensions, particularly through the mediating role of executive trust, remains insufficiently explored. This gap highlights the necessity of an integrated analytical approach.
This study, therefore, adopts an integrated perspective that combines the capability focus of DELTA with the governance lens of DCAM. This approach offers a more comprehensive foundation for understanding the effective integration of predictive analytics into strategic decision-making within regulated organisations such as SSE plc.
[bookmark: _Toc240046736]2.11 Chapter Summary and Link to Research Methodology
This chapter reviews the literature on predictive analytics in strategic decision-making, with a particular focus on organisational readiness, data governance, and the regulatory context of the UK energy sector. Successful adoption relies not only on technical capabilities but also on leadership alignment, data quality, organisational processes, and governance maturity.
The review further highlights that predictive analytics operates under distinct conditions in regulated environments, where transparency, accountability, and public trust shape how insights are generated and used. Despite growing interest in adopting analytics, empirical research in sectors such as the UK energy sector remains limited, and strategic and governance perspectives rarely integrate. In particular, the relationship between governance maturity and executive trust remains underexplored.
To address these gaps, the next chapter sets out the research methodology. Chapter 3 outlines the philosophical stance, research design, and methods adopted, justifying a mixed-methods case study of SSE plc. This approach enables a detailed examination of how governance maturity influences executive trust in predictive analytics and its role in strategic decision-making.
[bookmark: _Toc223079739][bookmark: _Toc240046737]Chapter 3: Research Methodology
[bookmark: _Toc223079740][bookmark: _Toc240046738]3.1 Introduction
This chapter explains how the study was designed and conducted to examine predictive analytics readiness within SSE plc, with particular attention to the relationship between governance maturity and executive trust in analytics-enabled strategic decision-making. This chapter outlines and justifies the research design, demonstrating alignment among the research problem, theoretical framework, and methods.
Chapter 2 identified a conceptual and empirical gap in the literature. Predictive analytics readiness is often discussed as a question of infrastructure, modelling sophistication, or analytical skills. In other streams of research, attention shifts toward leadership visions, organisational cultures, and digital transformation narratives. What remains underexplored, particularly in regulated infrastructure sectors such as energy, is how governance maturity shapes executive trust in predictive analytics outputs. Trust is rarely automatic. It emerges within institutional contexts shaped by risk management obligations, regulatory oversight, and accountability structures. Without trust, even technically robust analytics may fail to influence strategic decision-making.
Addressing this gap requires a research design capable of simultaneously examining multiple dimensions, including structural governance arrangements, perceived capabilities, organisational culture, and executive interpretations. A purely quantitative design would have provided breadth but limited contextual depth. A purely qualitative design would have allowed for rich exploration, but it would have made it difficult to identify organization-wide patterns. For this reason, the study adopted a mixed-methods case study strategy grounded in a pragmatic philosophical orientation.
This chapter outlines the philosophical assumptions that underpin the research, explains the rationale for the combined deductive–inductive approach, justifies the case study strategy, details the operationalisation of the DELTA and DCAM frameworks in instrument design, discusses sampling decisions and their defence in the literature, describes data collection and recording procedures, outlines analytical techniques, presents the integration strategy, addresses positionality and reflexivity, and reviews ethical safeguards. 
A mixed-methods approach was chosen to capture both measurable relationships and the organisational context in which they operate. Quantitative analysis facilitates hypothesis testing, while qualitative insights enrich our understanding of governance and trust in organisational settings. The complete survey instrument is provided in Appendix 3.
[bookmark: _Toc223079741][bookmark: _Toc240046739]3.2 Research Philosophy and Epistemological Positioning
The methodological choices in this study are shaped by underlying assumptions about reality, knowledge, and the relationship between the researcher and the subject of inquiry (Saunders, Lewis and Thornhill, 2019; Saunders et al., 2023). Within this framework, the study adopts a pragmatic research philosophy.
This research is well-suited to pragmatism, as it cannot fully understand the embedding of predictive analytics in strategic decision-making through a single methodological lens. On one side, governance structures within SSE plc, including data policies, stewardship frameworks, and regulatory controls, exist as tangible organisational artefacts that can be observed and assessed. On the other hand, executive trust in analytics is shaped by experience, judgement, and organisational context, making it something that must be interpreted as well as measured.
A pragmatic approach allows these two perspectives to be considered together. It supports integrating quantitative and qualitative evidence, focusing on what is most useful for addressing the research problem rather than adhering to a single philosophical position (Creswell and Creswell, 2018). As Morgan (2014) suggests, this is particularly appropriate in organisational settings, where outcomes are influenced by both formal structures and human interpretation.
Within this study, the quantitative phase enabled the statistical examination of relationships among governance maturity, organisational readiness, explainability and the strategic adoption of predictive analytics, while the qualitative phase provided richer insights into participants' experiences, interpretations and organisational contexts. Combining both forms of evidence strengthened the overall understanding of the phenomenon by allowing statistical patterns to be interpreted alongside participants' perspectives. Consequently, the sequential explanatory mixed-methods design was considered the most appropriate methodological approach for addressing the study's research objectives.
This philosophical position is also consistent with the applied orientation of the DELTA framework (Davenport, Harris, & Morison, 2010) and the Data Management Capability Assessment Model (DCAM) developed by the EDM Council (2020). Both frameworks emphasise evaluating organisational capabilities, governance practices and decision-making within real-world organisational settings. Accordingly, pragmatism provides an appropriate philosophical foundation for examining how governance maturity and organisational readiness influence the strategic adoption of predictive analytics in a complex organisational environment. In line with these principles, the research design follows the layered structure of the “research onion” (Saunders, Lewis and Thornhill, 2019), illustrated in Figure 3.1, which situates the study’s philosophical position within the broader methodological approach.
In this study, the Research Onion was adopted to provide a systematic framework for selecting and justifying each methodological decision, from the choice of pragmatism and mixed methods to the case study strategy, cross-sectional design and data collection techniques. This ensured that the research design remained aligned with the study objectives and research questions rather than applying methodological choices in isolation.
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[bookmark: _Toc230555488][bookmark: _Toc223079742]Figure 3.1: Research Onion Applied to the Study
Source: Developed from Saunders et al. (2019).
[bookmark: _Toc240046740]3.3 Research Approach and Design
[bookmark: _Toc223079743][bookmark: _Toc240046741]3.3.1 Combined Deductive and Inductive Reasoning
This study shifted intentionally between deduction and induction, allowing theories to guide the inquiry while remaining open to what arises from the organisational setting itself.
Deductively, the research drew on the DELTA model developed by Davenport and Harris (2007) and selected domains of DCAM. Davenport and Harris (2007) emphasise leadership alignment, enterprise integration, analytical capability, and cultural readiness, whereas DCAM stresses ownership clarity, stewardship accountability, and governance discipline. Together, these frameworks provided a structured lens for examining the relationship between predictive analytics capability, governance maturity, and executive trust.
The strategic foundations of this thinking can be traced to Hax and Wilde's (2002) argument that organisational alignment is central to translating strategy into execution. In this study, governance maturity is understood not merely as compliance infrastructure but as part of the organisational architecture that enables analytics to be trusted at the executive level. This interpretation reflects Hax and Wilde’s (2002) emphasis on alignment between strategic intent and operational systems.
However, the frameworks were not treated as rigid templates. Following Blumer (1954), they functioned as sensitising concepts that guided attention without dictating outcomes. The inductive element of the study ensured openness to informal dynamics, political considerations, and regulatory concerns that formal models may not fully capture.
Combining deductive structure with inductive openness strengthened both the theoretical grounding and the empirical depth of the research.
[bookmark: _Toc223079744][bookmark: _Toc240046742]3.3.2 Case Study Strategy
A single, embedded case study design was adopted to investigate predictive analytics readiness in a real-world organisational setting. Case study research is particularly appropriate where the phenomenon under investigation is inseparable from its institutional, regulatory, and operational context (Yin, 2017). In this study, predictive analytics readiness was not regarded as an abstract capability; rather, it was influenced by governance frameworks, regulatory scrutiny, legacy systems, cultural conventions, and strategic priorities unique to SSE plc. Examining readiness outside that context would have risked reducing it to a purely technical concept, detached from the organisational realities that shape its practical meaning.
The regulatory environment in which SSE plc operates introduces layers of accountability, audit scrutiny, and risk management discipline that directly influence how analytics outputs are interpreted and acted upon. We cannot understand governance maturity in such an environment without considering compliance requirements, reporting obligations, and executive accountability. Therefore, the case study approach facilitated a comprehensive examination of these contextual conditions instead of ignoring them.
The case was instrumental rather than intrinsic (Stake, 1995). The purpose was not to evaluate SSE plc’s performance or to judge the success of its analytics initiatives. Instead, SSE plc served as a theoretically informative setting, through which broader insights could be generated about how governance maturity influences executives' trust in predictive analytics within regulated infrastructure organisations. The aim was analytical generalisation rather than statistical generalisation. Findings are not presented as universally applicable but as conceptually transferable to comparable regulatory environments.
The design embedded predictive analytics readiness, which varied across organisational strata. Governance focuses on stewardship, accountability, compliance controls, and risk mitigation. Analytics practitioners concentrate on model performance, data availability, and technical constraints. Senior executives are concerned with strategic risk, reputational exposure, and decision defensibility. The embedded design facilitated the examination of these various sub-units of analysis within a single organisational case.
This approach also strengthened internal validity. By comparing perspectives across hierarchical levels and functional domains, it became possible to identify areas of alignment and tension. Where governance maturity was formally documented, it could be contrasted with its perceived practice. Where executives expressed high or low trust in analytics, this could be examined against practitioner accounts of data quality or governance discipline.
In short, the case study strategy was not chosen for convenience. It was methodologically necessary given the contextual, institutional, and relational nature of predictive analytics readiness within SSE PLC.
[bookmark: _Toc223079745][bookmark: _Toc240046743]3.4 Methodological Choice: Mixed-Methods Design
[bookmark: _Toc223079746][bookmark: _Toc240046744]3.4.1 Rationale for Mixed Methods
Previous studies conceptualise predictive analytics adoption as a multidimensional organisational capability influenced by technical, governance and organisational factors rather than technology alone (Davenport & Harris, 2007; Mikalef et al., 2020; Abraham et al., 2019). As no single method could adequately capture both the measurable relationships between these factors and the organisational context in which they operate, a mixed-methods design was considered the most appropriate approach (Creswell & Creswell, 2018).
A purely quantitative design would have allowed measurement of perceived governance maturity and trust levels across stakeholder groups, but it would have struggled to explain why those perceptions existed. Conversely, a purely qualitative design would have enabled a deeper exploration of executives' interpretations, but it would have restricted their ability to identify broader organisational patterns.
Mixed-methods research provided a way to combine breadth and depth. Creswell and Plano Clark (2018) argue that mixed methods are especially valuable where the research objective is explanation rather than simple description. By integrating survey data with interview narratives, the study identified not only whether governance maturity correlated with executive trust but also how governance mechanisms shaped that trust in practice.
Mixed methods were, therefore, chosen because they made it possible to explain not just what patterns existed, but why they appeared. This choice reflected the pragmatic philosophical stance that was articulated earlier. The integration of quantitative and qualitative evidence strengthened credibility, reduced reliance on a single source of inference, and enhanced interpretive robustness.
[bookmark: _Toc223079747][bookmark: _Toc240046745]3.4.2 Sequential Explanatory Design
A sequential explanatory design was implemented, with the quantitative phase preceding the qualitative phase. The survey data were first collected and analysed to identify patterns, areas of consensus, and points of divergence among the stakeholder groups.
These findings informed the development of the interview guide. For example, where survey responses suggested ambiguity regarding governance clarity or variation in trust levels between functional groups, targeted interview questions were developed to probe these issues in greater depth. This sequencing allowed the qualitative phase to act as an explanatory extension of the quantitative phase.
Ivankova et al. (2006) argue that sequential explanatory designs strengthen integration by using qualitative findings to explain, expand and contextualise the quantitative results. In this study, integration occurred primarily during interpretation, where the interview findings were used to explain and provide context for the statistical relationships identified in the survey. For example, qualitative evidence helped explain why governance maturity and trust were associated with the strategic adoption of predictive analytics by providing participants' perspectives on governance practices and decision-making.
Figure 3.2 summarises the overall research design and the flow of evidence in this study. The design reinforces coherence between theory and methodology by operationalising the conceptual model from Chapter 2 in the quantitative phase and then critically examining it in the qualitative phase. The survey translated theoretical constructs into measurable indicators, whereas the interviews explored how those constructs were experienced, interpreted, and enacted within the organisational context. This structured sequence from problem definition and theoretical framing through instrument development, pilot refinement, data collection, analysis, and integrated interpretation highlights the deliberate integration of quantitative and qualitative strands within the sequential explanatory design, moving the analysis beyond surface association toward explanation.
[image: ]
[bookmark: _Toc230555489][bookmark: OLE_LINK2]Figure 3.2: Sequential Explanatory Mixed-Methods Design and Data Flow
Source: Author’s Own Research Design.

[bookmark: _Toc223079748][bookmark: _Toc240046746]3.5 Instrument Design and Theoretical Alignment
A key methodological strength of this study was the explicit link between the conceptual frameworks and the empirical instruments.
Survey constructs were derived directly from dimensions identified in DELTA and DCAM. The DELTA framework informed leadership alignment, availability of analytical skills, enterprise integration, and cultural receptiveness. DCAM domains informed stewardship clarity, data ownership accountability, governance oversight mechanisms, and quality management discipline.
This mapping strengthened construct validity by ensuring that survey items corresponded directly to theoretically grounded constructs. Items were not generated in isolation but anchored within established capability and governance models. The framework also addressed concerns that theory–method alignment might otherwise remain implied rather than demonstrated.
Composite indices were constructed for three principal constructs: predictive analytics capability, governance maturity, and executive trust. These constructs corresponded directly to the conceptual relationships proposed in Chapter 2.
Interview prompts were similarly aligned. Participants were asked how governance controls influenced their willingness to rely on predictive outputs, how regulatory expectations shaped thresholds for acting on analytics, and how leadership messaging influenced uptake. This ensured continuity across research phases and reinforced epistemological compatibility.
By explicitly mapping theory to instrument design and analysis, the study strengthened methodological defensibility and theoretical coherence.
[bookmark: _Toc223079749][bookmark: _Toc240046747]3.6 Sampling Strategy and Justification
Purposive sampling was adopted to ensure that participants had relevant experience of predictive analytics, data governance and strategic decision-making. This approach is appropriate where participants are selected based on their ability to provide information relevant to the research questions rather than statistical representativeness (Patton, 2015; Creswell & Creswell, 2018).
For the quantitative phase, over 100 stakeholders were invited to participate, resulting in 66 valid survey responses. Although the sample was not statistically representative of the entire organisation, it was considered appropriate for exploratory analysis within a bounded organisational context. Fowler (2014) notes that moderate sample sizes can provide stable insights where the objective is analytical exploration rather than population inference.
For the qualitative phase, eight semi-structured interviews were conducted with purposively selected participants occupying roles in data governance, analytics, operations and strategic leadership. By selecting participants from various organisational functions and levels of responsibility, we ensured representation of both technical and managerial perspectives on the adoption and governance of predictive analytics. This diversity of roles enabled the study to capture a range of organisational experiences relevant to the research questions. Guest et al. (2006) suggest that thematic saturation in focused qualitative studies is commonly achieved within 6–12 interviews, supporting the adequacy of the sample for this study. 
Overall, sampling decisions were guided by participants' relevance to the research questions and their ability to provide rich contextual insights rather than achieving statistical generalisation (Patton, 2015; Creswell & Creswell, 2018).
[bookmark: _Toc223079750][bookmark: _Toc240046748]3.7 Data Collection Procedures
The survey was administered using Microsoft Forms via a secure online platform. An invitation containing the participant information sheet, consent statement and survey link was distributed by email to eligible participants. The questionnaire remained open for four weeks, with two reminder emails issued to improve the response rate. Prior to distribution, the instrument was piloted with four staff members from different departments to assess clarity, relevance and question wording. Feedback resulted in minor amendments to improve clarity and reduce the risk of measurement error.
Semi-structured interviews were conducted individually via Microsoft Teams using encrypted video conferencing. Each interview lasted approximately 45–60 minutes and followed a semi-structured interview guide aligned with the research objectives. With participants' informed consent, interviews were audio-recorded and transcribed verbatim.
AI-assisted transcription software was used to produce initial transcript drafts. However, each transcript was manually reviewed against the original audio recording to correct transcription errors, verify accuracy and ensure completeness before analysis. This process enhanced the reliability and auditability of the qualitative data.
All survey responses, interview recordings and transcripts were stored securely on password-protected organisational systems in accordance with the University's ethical requirements and applicable UK GDPR and organisational data protection policies. A summary of the interview participants, including their organisational roles and interview durations, is provided in Appendix 7.
[bookmark: _Toc223079751][bookmark: _Toc240046749]3.8 Data Analysis Techniques
Quantitative data were analysed using IBM SPSS Statistics to generate descriptive statistics, reliability tests, composite indices, and exploratory correlations. These analyses were used to examine central tendencies, dispersion, and associations between governance maturity indicators and executive trust levels. Internal consistency was assessed using Cronbach’s alpha in line with established reliability thresholds (Field, 2018).
Qualitative interview transcripts were imported into NVivo and analysed using thematic analysis (Braun and Clarke, 2006). Coding combined deductive categories derived from DELTA and DCAM with inductive themes emerging from participant narratives. The analysis was iterative and involved comparison across roles to identify convergence, divergence, and explanatory patterns. Integration occurred at the interpretation stage, where quantitative patterns were contextualised by qualitative evidence.
[bookmark: _Toc223079752][bookmark: _Toc240046750]3.9 Positionality and Reflexivity
The researcher has professional experience in data governance and organisational data strategy, including governance frameworks, stewardship models and maturity assessments. While this background facilitated informed questioning and contextual understanding, it also created the potential for interpretive bias during data collection and analysis. Reflexivity is recognised as an important strategy for enhancing the credibility and trustworthiness of qualitative research by encouraging researchers to critically examine how their knowledge, assumptions and experiences may influence the research process (Berger, 2015; Creswell & Creswell, 2018).
To minimise this risk, reflexivity was embedded throughout the study. A reflexive journal was maintained to document methodological decisions, emerging interpretations and potential assumptions. Interview transcripts were reviewed iteratively, and qualitative coding was grounded in participants' verbatim accounts to ensure that interpretations reflected the data rather than prior professional experience. Alternative explanations were also considered during analysis to reduce the likelihood of confirmation bias (Lincoln & Guba, 1985).
During the quantitative phase, statistical analyses were conducted and interpreted based on the observed data without imposing predetermined expectations regarding the direction or strength of relationships. Collectively, these measures enhanced the transparency, credibility and confirmability of the research process.
[bookmark: _Toc223079753][bookmark: _Toc240046751]3.10 Validity, Reliability and Trustworthiness
Methodological rigour was addressed through validity, reliability, and qualitative trustworthiness in both phases of the study.
Construct validity was strengthened through explicit theoretical mapping between conceptual frameworks and empirical instruments. Survey items were derived directly from DELTA and DCAM constructs rather than generated independently of theory. This reduced the risk of conceptual inconsistency and reinforced the link between research questions, theoretical framing, and measurement design. Interview prompts were similarly aligned with these constructs, ensuring coherence between phases.
Internal validity was enhanced through methodological triangulation (Denzin, 1978). Patterns observed in the quantitative survey were examined alongside qualitative narratives to determine whether they converged, diverged, or required reinterpretation. When discrepancies emerged, such as high reported governance maturity being paired with interview accounts of informal workaround practices, these tensions were considered analytically significant rather than problematic. This comparative process reduced reliance on a single source of inference.
Reliability in the quantitative phase was supported by consistent survey administration and established statistical measures. Composite indices were assessed for internal consistency using Cronbach’s alpha (Field, 2018), ensuring that grouped items measured coherent constructs.
In the qualitative phase, trustworthiness was reinforced through several complementary strategies. Verbatim transcription preserved the integrity of participant accounts. Coding was conducted systematically and iteratively, with codes refined as patterns developed. An audit trail was maintained to document coding decisions, revisions, and theme evolution, enhancing dependability and transparency.
Credibility was strengthened by using direct quotations when reporting findings, allowing readers to assess the connection between evidence and interpretation. Reflexive awareness further supported confirmability by demonstrating that interpretations were critically examined rather than uncritically assumed.
[bookmark: _Toc223079754][bookmark: _Toc240046752]3.11 Ethical Considerations
Ethical approval for this research was obtained through the University of Wales Trinity Saint David (UWTSD) Postgraduate Research Ethics (PG2) approval process before data collection commenced (see Appendix 1). The study was conducted in accordance with the University's Research Ethics Policy and the ethical principles of informed consent, confidentiality, voluntary participation and the right to withdraw (British Educational Research Association [BERA], 2024).
Participants received a Participant Information Sheet and Consent Form (see Appendix 2) explaining the purpose of the research, the use of the data and their rights as participants. Written informed consent was obtained before survey participation and interview recording.
Given the organisational context, the seniority of the participants and the researcher's professional role within SSE plc, confidentiality was a key consideration (Saunders, Lewis, & Thornhill, 2019). Identifiable information was removed during transcription and reporting, and quotations were anonymised to protect participants, business areas and commercially sensitive information.
All research data were stored securely on password-protected systems in accordance with the UK GDPR, the Data Protection Act 2018 and the University's data management procedures. Access to raw data was restricted to the researcher, and audio recordings were deleted following transcription verification. Findings were reported accurately and responsibly while maintaining participant confidentiality (Creswell & Creswell, 2018). 
[bookmark: _Toc223079755][bookmark: _Toc240046753]3.12 Methodological Limitations
As a single embedded case study, the findings are specific to SSE plc and cannot be statistically generalised beyond the study's context. However, they may provide analytical insights that are applicable to similar regulated organisations (Yin, 2018).
The study relied on self-reported survey responses and interview data, which may be influenced by social desirability, organisational perspectives or participants' individual experiences (Saunders et al., 2019).
Consistent with the sequential explanatory mixed-methods design, qualitative findings were used to explain and provide context for the quantitative results rather than independently validate them (Creswell & Plano Clark, 2018). Integration of both datasets occurred during interpretation to provide a more comprehensive understanding of the research problem.
Finally, although reflexive practices were employed throughout the study, the researcher's professional background may have influenced aspects of interpretation. The use of a reflexive journal and evidence-based interpretation helped to minimise this risk and enhance the credibility of the findings (Lincoln & Guba, 1985).
[bookmark: _Toc223079756][bookmark: _Toc240046754]3.13 Limited Use of AI
AI-assisted tools were used only to support the transcription of interview recordings and language refinement during manuscript preparation. Automated transcription software was used to generate initial transcript drafts, which were subsequently reviewed manually against the original recordings to verify accuracy and completeness.
Grammarly was used to assist with grammar, spelling, punctuation and language clarity. AI tools were not used for coding, thematic analysis, statistical analysis, interpretation of findings or the generation of conclusions.
The researcher solely undertook all analytical decisions, qualitative coding, statistical analyses, and interpretations. Accordingly, AI was used only as an administrative and language-support tool and did not influence the research findings.
Supporting research materials, including the ethical approval documentation, participant information sheet and consent form, survey instrument, interview guide, anonymised transcript extracts, and detailed SPSS and NVivo outputs, are provided in Appendices 1–7 to enhance transparency and support the methodological rigour of the study.
[bookmark: _Toc223079757][bookmark: _Toc240046755]3.14 Chapter Summary
This chapter has presented a coherent, theoretically grounded mixed-methods case study design.
The case study strategy was justified in relation to contextual embedding and analytical generalisation. The mixed-methods approach enabled an examination of predictive analytics readiness as a multidimensional organisational condition. Alignment between the DELTA and DCAM frameworks and empirical instruments was explicitly demonstrated.
Sampling decisions were justified in relation to analytical objectives. Data collection, transcription, and analytical procedures were described in detail. Positionality and reflexivity were openly addressed. Validity, reliability, and trustworthiness were strengthened through triangulation, systematic coding, and transparent documentation. Ethical safeguards were embedded throughout.
The following chapter presents the quantitative findings, which provide the initial empirical insight into patterns of governance maturity, predictive analytics capability, and executive trust within SSE plc, forming the basis for an integrated analysis.














[bookmark: _Toc240046756]Chapter 4: Data Analysis and Research Findings
[bookmark: _Toc240046757]4.1 Introduction
This chapter presents the findings on the organisational factors influencing the strategic embedding of predictive analytics within SSE plc. The study follows a sequential explanatory mixed-methods design, presenting quantitative findings first and then interpreting them through qualitative evidence. The chapter is organised around the four research objectives, each comprising quantitative findings, qualitative explanation and an integrated mixed-method interpretation.  Collectively, the findings provide the empirical foundation for the Governance-Mediated Explainable Analytics Framework (GMEAF) presented in Chapter 5.
[bookmark: _Toc240046758]4.2 Research Objective 1: Predictive Analytics Capability and its Influence on Strategic Embedding (H1)
This research objective examined whether Predictive Analytics Capability (PAC) influences the strategic embedding of predictive analytics within SSE plc. Specifically, it assessed whether the organisation's analytical capability contributes to the routine use of predictive analytics in strategic decision-making.
[bookmark: _Toc240046759]4.2.1 Quantitative Findings
Internal consistency was assessed using Cronbach's alpha (Table 4.1).
Table 4.1: Internal Consistency Reliability of Study Constructs
Source: Author's analysis using IBM SPSS Statistics.
	Construct
	Items
	Cronbach’s Alpha

	PAC
	6
	0.822

	GM
	5
	0.832

	TE
	5
	0.844

	SE
	4
	0.713


All constructs exceeded the recommended threshold of 0.70, confirming satisfactory internal consistency.
Table 4.2 summarises the respondents' perceptions of the principal study constructs.
Table 4.2: Descriptive Statistics for the Principal Study Constructs
Source: Author's analysis using IBM SPSS Statistics.
	Construct
	Mean
	Std. Deviation
	Min
	Max

	PAC
	4.232
	0.474
	3.00
	5.00

	GM
	4.124
	0.653
	2.60
	5.00

	TE
	4.209
	0.522
	3.00
	5.00

	SE
	4.171
	0.481
	3.00
	5.00


Predictive Analytics Capability (PAC) recorded the highest mean score (M = 4.23), indicating strong perceived analytical capability.
Pearson's correlation analysis examined relationships between the study constructs (Table 4.3).
Table 4.3: Pearson Correlation Matrix for Predictive Analytics Constructs
Source: Author's analysis using IBM SPSS Statistics.
	Variables
	PAC
	GM
	TE
	SE

	PAC
	1.000
	0.543***
	0.514***
	0.527***

	GM
	0.543***
	1.000
	0.668***
	0.607***

	TE
	0.514***
	0.668***
	1.000
	0.610***

	SE
	0.527***
	0.607***
	0.610***
	1.000


***p < .001
All relationships were positive and statistically significant (p < .001). PAC was positively associated with Strategic Embedding (r = .527), providing initial support for Hypothesis 1.
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Figure 4.1: Pearson Correlation Matrix for the Principal Study Variables
Source: Author's analysis using IBM SPSS Statistics.

Figure 4.1 confirms positive relationships across all constructs, with Governance Maturity and Trust & Explainability showing the strongest associations.

Multiple regression analysis assessed the independent contribution of each predictor to Strategic Embedding (Table 4.4).

Table 4.4: Multiple Regression Coefficients Predicting Strategic Embedding
Source: Author's analysis using IBM SPSS Statistics.
	Predictor
	B
	Beta
	t
	p
	95% CI

	PAC
	0.216
	0.213
	1.887
	0.064
	[-0.013, 0.446]

	GM
	0.208
	0.283
	2.171
	0.034*
	[0.016, 0.400]

	TE
	0.287
	0.311
	2.442
	0.017*
	[0.052, 0.521]


*p < .05
The regression model explained 47.4% of the variance in Strategic Embedding (R² = .474, p < .001). Whilst PAC remained positively associated with Strategic Embedding, its independent effect was not statistically significant after Governance Maturity and Trust & Explainability were included (β = .213, p = .064). By contrast, Governance Maturity (β = .283, p = .034) and Trust & Explainability (β = .311, p = .017) remained significant predictors, indicating that technical capability alone does not fully explain strategic embedding.
The relationship between the predictor variables and Strategic Embedding is represented by the following multiple regression equation:

where:
· SE = Strategic Embedding 
· PAC = Predictive Analytics Capability 
· GM = Governance Maturity 
· TE = Trust & Explainability 
· β = regression coefficients 
· ε = error term 
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Figure 4.2: Mean Scores Across Predictive Analytics Constructs at SSE plc
Source: Author’s Own Regression and Structural Interpretation Using SPSS.

Figure 4.2 confirms consistently high perceptions across all constructs.
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Figure 4.3: Regression-Based Model of Factors Associated with Strategic Embedding at SSE plc
Source: Author’s Own Regression and Structural Interpretation Using SPSS.
Figure 4.3 illustrates that Governance Maturity and Trust & Explainability made stronger independent contributions on Strategic Embedding than Predictive Analytics Capability.
Regression diagnostics confirmed that the model satisfied the assumptions of multicollinearity, normality and homoscedasticity, providing confidence in the robustness of the findings. Overall, the quantitative results indicate that Governance Maturity and Trust & Explainability exert a stronger influence on Strategic Embedding than Predictive Analytics Capability alone. Appendix 5 presents detailed statistical outputs, including reliability analysis, regression diagnostics, and assumption testing.
[bookmark: _Toc240046760]4.2.2 Qualitative Explanation
The interview findings provide important context for interpreting the quantitative results. Interview participants recognised that SSE plc has developed substantial Predictive Analytics Capability through investments in data platforms, forecasting models and cloud infrastructure. However, they consistently emphasised that technical capability alone does not guarantee strategic adoption, highlighting Governance Maturity, Organisational Trust, leadership commitment and business engagement as equally important enablers.
NVivo analysis identified Predictive Analytics Capability as a recurring theme (20 coded references), although it was discussed less frequently than Governance Maturity, Trust & Explainability and Organisational Readiness, indicating that participants regarded organisational factors as more influential than technical capability alone (Appendix 6).
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Figure 4.4: Treemap of Qualitative Themes Generated through NVivo Analysis
Source: Author's qualitative thematic analysis using NVivo.
Figure 4.4 identifies Governance Maturity as the dominant theme, followed by Trust & Explainability and Organisational Readiness.
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Figure 4.5: Hierarchical Sunburst of Qualitative Themes and Subthemes
Source: Developed by the author from NVivo's thematic analysis of interview data.
Figure 4.5 highlights the interdependence of Predictive Analytics Capability, Governance Maturity, Trust & Explainability and Organisational Readiness.
Figure 4.6 compares coding density across executive and technical participants.
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Figure 4.6: Coding Density Comparison Across Executive and Technical Participants
Source: Author's qualitative thematic analysis using NVivo.
Figure 4.6 shows that executive participants emphasised governance and trust, whereas technical participants focused more on implementation and data maturity.
Executive and technical participants consistently acknowledged SSE plc's strong analytical capability while recognising variations in maturity across business functions. As one executive participant explained:
“There are clear strengths in technical capability, particularly in forecasting and asset analytics. However, maturity is not consistent across organisations. Some functions are quite advanced, while others still operate at a more descriptive level rather than being fully predictive.” (P1)
Similarly, a technical participant observed:
We have strong modelling capabilities and increasingly modern tools. However, predictive readiness still depends heavily on data maturity and governance consistency. Technical capability on its own does not necessarily translate into strategic impact.” (P5)
These perspectives were consistently reflected across the remaining interviews, with participants emphasising that Predictive Analytics Capability provides the technical foundation for strategic decision-making but requires Governance Maturity, Trust & Explainability and Organisational Readiness to achieve sustained strategic impact. Additional illustrative interview extracts supporting this theme are provided in Appendix 4.
Overall, the qualitative findings complement the quantitative results by demonstrating that Predictive Analytics Capability provides the technical foundation for predictive analytics adoption, but its strategic value depends on Governance Maturity, Trust & Explainability and Organisational Readiness.
[bookmark: _Toc240046761]4.2.3 Mixed-Method Interpretation
Quantitative and qualitative findings indicate that Predictive Analytics Capability provides the technical foundation for the strategic embedding of predictive analytics within SSE plc but is insufficient on its own to drive strategic adoption. Quantitatively, PAC was positively associated with Strategic Embedding (r = .527, p < .001), although its independent effect was no longer statistically significant after Governance Maturity and Trust & Explainability were included in the regression model (β = .213, p = .064).
Interview participants consistently viewed. predictive analytics as an enabling capability whose value depends on governance, organisational trust and business engagement rather than technology alone. Overall, the findings indicate that Predictive Analytics Capability creates the potential for evidence-based decision-making, whilst Governance Maturity, Trust & Explainability and Organisational Readiness determine whether that potential is translated into sustained strategic practice.
Collectively, the findings provide partial support for Hypothesis 1, demonstrating that the adoption of sustainable predictive analytics requires the alignment of technical capabilities with governance and organisational factors. The following section examines the contribution of Governance Maturity to this process.
[bookmark: _Toc240046762]4.3 Research Objective 2: Governance Maturity and Organisational Trust in Predictive Analytics (H2)
This research objective examined whether Governance Maturity (GM) strengthens organisational trust in predictive analytics by improving transparency, accountability, data quality and explainability. Specifically, it assessed the relationship between Governance Maturity and Trust & Explainability (TE) and their contribution to the strategic embedding of predictive analytics within SSE plc.
[bookmark: _Toc240046763]4.3.1 Quantitative Findings
The descriptive statistics presented in Table 4.2 indicate positive perceptions of Governance Maturity (M = 4.12, SD = 0.65), suggesting that governance structures, accountability and data management practices are well established within SSE plc.
The correlation analysis presented in Table 4.3 shows that Governance Maturity exhibited the strongest relationship with Trust & Explainability (r = .668, p < .001), together with significant positive relationships with Strategic Embedding (r = .607, p < .001) and Predictive Analytics Capability (r = .543, p < .001).
Regression analysis (Table 4.4) confirmed that Governance Maturity remained a significant predictor of Strategic Embedding after controlling for Predictive Analytics Capability and Trust & Explainability (β = .283, p = .034). Although Trust & Explainability exerted the strongest overall effect (β = .311, p = .017), Governance Maturity remained the second strongest predictor. Figure 4.3 illustrates these relationships.
Collectively, the findings support Hypothesis 2 by identifying a strong positive association between Governance Maturity and Trust & Explainability, alongside a significant contribution to Strategic Embedding.
[bookmark: _Toc240046764]4.3.2 Qualitative Explanation
The qualitative findings provide further insight into the relationship between Governance Maturity and the strategic adoption of predictive analytics. Participants consistently described governance as extending beyond regulatory compliance to strengthen organisational confidence through transparency, accountability, data quality, clear ownership and explainability.
NVivo analysis identified Governance Maturity as the most prominent qualitative theme, accounting for 53 coded references across the interview dataset. The thematic distribution, coding hierarchy and comparison of executive and technical perspectives are presented in Figures 4.4–4.6, whilst the complete NVivo outputs are provided in Appendix 6.
An executive participant explained:
“When data lineage is clearly documented and quality metrics are visible, confidence increases significantly. When that transparency is missing, scepticism tends to follow, even if the model is technically sound.” (P1)
Similarly, a technical participant observed:
“From a technical standpoint, they are fundamental. Without clear lineage and well-maintained metadata, predictive outputs are difficult to reproduce and validate. That directly impacts executive confidence and trust.” (P3)
These perspectives were consistently reflected across the remaining interviews, with participants emphasising that transparency, accountability, data quality and clear ownership are fundamental to building confidence in predictive analytics. Additional supporting interview extracts for this theme are provided in Appendix 4.
Collectively, the qualitative findings demonstrate that Governance Maturity strengthens organisational trust by improving transparency, accountability and data quality, enabling predictive analytics to become credible, explainable and strategically embedded.
[bookmark: _Toc240046765]4.3.3 Mixed-Method Interpretation
The quantitative and qualitative findings consistently demonstrate that Governance Maturity is a critical organisational capability supporting the strategic embedding of predictive analytics within SSE plc. Quantitatively, Governance Maturity exhibited the strongest correlation with Trust & Explainability (r = .668, p < .001) and remained a significant predictor of Strategic Embedding after controlling for the other variables (β = .283, p = .034).
The qualitative findings explain these relationships by showing that participants consistently associated governance with improved transparency, accountability, data quality and clear ownership. Participants viewed governance not just as a compliance mechanism but as the organisational capability that establishes and maintains confidence in predictive analytics.
Overall, the findings indicate that Governance Maturity influences strategic adoption by creating the organisational conditions necessary for trustworthy and evidence-based decision-making. Governance strengthens confidence in analytical outputs while enabling executives to rely on predictive insights during strategic planning.
The integrated findings provide strong support for Hypothesis 2, demonstrating that Governance Maturity is a key enabler of organisational trust and sustainable predictive analytics adoption. The following section examines the contribution of Trust & Explainability to this relationship.
[bookmark: _Toc240046766]4.4 Research Objective 3: Trust & Explainability as Predictors of Strategic Embedding (H3)
This research objective examined the extent to which Trust & Explainability (TE) influence the strategic embedding of predictive analytics within SSE plc. Specifically, it assessed whether organisational confidence in predictive analytics, supported by transparent and explainable analytical processes, increases the likelihood that predictive insights are routinely incorporated into strategic decision-making.
[bookmark: _Toc240046767]4.4.1 Quantitative Findings
The descriptive statistics presented in Table 4.2 indicate positive perceptions of Trust & Explainability (M = 4.21, SD = 0.52), suggesting that predictive analytics outputs were generally considered understandable, transparent and reliable for organisational decision-making.
The correlation analysis presented in Table 4.3 shows that Trust & Explainability was positively associated with Strategic Embedding (r = .610, p < .001), as well as with Governance Maturity (r = .668, p < .001) and Predictive Analytics Capability (r = .514, p < .001).
Regression analysis (Table 4.4) confirmed that Trust & Explainability emerged as the strongest independent predictor of Strategic Embedding after controlling for Predictive Analytics Capability and Governance Maturity (β = .311, p = .017). Figure 4.3 illustrates these relationships.
Collectively, the quantitative findings provide strong support for Hypothesis 3, demonstrating that Trust & Explainability was the strongest independent predictor of Strategic Embedding within the research model.
[bookmark: _Toc240046768]4.4.2 Qualitative Explanation
The qualitative findings explain why Trust & Explainability emerged as the strongest predictors of Strategic Embedding. Participants consistently identified trust as the key factor influencing whether predictive analytics is accepted and used in strategic decision-making. Participants emphasised the importance of transparency, understandability, and clear evidence in analytical outputs, even though they acknowledged the significance of technical capability and governance.
NVivo analysis identified Trust & Explainability as the second most prominent qualitative theme, accounting for 40 coded references across the interview dataset. Figures 4.4–4.6 present the thematic distribution, coding hierarchy and comparison of participant perspectives, whilst Appendix 6 provides the complete NVivo outputs.
An executive participant explained:
“Trust is built through transparency, particularly around assumptions, scenario comparisons, historical validation, and clear documentation.” (P1)
Similarly, a technical participant observed:
“Trust is strengthened through transparent modelling assumptions, sensitivity analysis, historical back-testing, and clear communication of uncertainty.” (P5)
These perspectives were consistently reflected across the remaining interviews, with participants emphasising that explainable models, transparent assumptions, reliable data quality and effective governance are essential for building confidence in predictive analytics. Additional supporting interview extracts for this theme are provided in Appendix 4.
Overall, the qualitative findings indicate that Trust & Explainability provide the organisational mechanism through which predictive analytics becomes embedded within strategic decision-making. Whilst Predictive Analytics Capability provides the technical foundation and Governance Maturity establishes organisational control; trust ultimately determines whether analytical insights are accepted and acted upon by decision-makers.
[bookmark: _Toc240046769]4.4.3 Mixed-Method Interpretation
The quantitative and qualitative findings consistently demonstrate that Trust and Explainability represent the principal organisational mechanisms through which predictive analytics become embedded within strategic decision-making at SSE plc. Quantitatively, Trust & Explainability exhibited a strong positive relationship with Strategic Embedding (r = .610, p < .001) and emerged as the strongest independent predictor within the regression model (β = .311, p = .017).
The qualitative findings explain these relationships by showing that participants consistently associated trust with transparency, explainability and confidence in analytical outputs. Across executive, technical and business roles, participants agreed that predictive analytics is more likely to influence strategic decisions when models are understandable, supported by robust governance and communicated in a clear and accessible manner.
Collectively, the findings indicate that organisational trust develops through transparent governance, explainable analytical processes and consistent user experience rather than technical capability alone. Trust serves as the mechanism that translates predictive insights into routine strategic practice.
Overall, the integrated findings provide strong support for Hypothesis 3, demonstrating that Trust & Explainability form the critical link between Governance Maturity and the successful strategic embedding of predictive analytics within SSE plc. The following section examines how Organisational Readiness further supports this process.
[bookmark: _Toc240046770]4.5 Research Objective 4: Organisational Readiness and the Strategic Embedding of Predictive Analytics (H4)
This research objective examined how Organisational Readiness (OR) influences the strategic embedding of predictive analytics within SSE plc. Specifically, it considered whether leadership commitment, organisational culture, employee capability, business engagement and change readiness create the conditions necessary for predictive analytics to become routinely incorporated into strategic decision-making.
[bookmark: _Toc240046771]4.5.1 Quantitative Findings
Organisational Readiness was not included as a separate construct in the final regression model. Its independent statistical contribution could therefore not be tested, and Hypothesis 4 was examined primarily through the qualitative findings.
Although Organisational Readiness was not included as an independent predictor in the final regression model (Table 4.4), the descriptive findings indicate that leadership support, organisational capability and business engagement provide a supportive context for the strategic embedding of predictive analytics. Consequently, its independent contribution cannot be directly assessed from the regression results.
Collectively, the quantitative findings provide indicative support for Hypothesis 4, suggesting that Organisational Readiness creates favourable conditions for predictive analytics adoption, while the qualitative findings provide further explanation of the organisational factors underlying this relationship.
[bookmark: _Toc240046772]4.5.2 Qualitative Explanation
The qualitative findings explain how Organisational Readiness influences the strategic embedding of predictive analytics within SSE plc. Participants consistently described readiness as extending beyond technological capability to include leadership commitment, organisational culture, business engagement, analytical literacy and cross-functional collaboration.
NVivo analysis identified Organisational Readiness as a prominent theme, accounting for 32 coded references across the interview dataset. Its relative prominence and relationship with the other themes are illustrated in Figures 4.4–4.6, whilst the complete coding hierarchy and supporting NVivo outputs are provided in Appendix 6.
An executive participant explained:
“Leadership has a significant influence. When leaders actively ask for data-driven insights, analytics becomes part of everyday decision-making. Prioritising intuition tends to make analytics more advisory and less central.” (P1)
Similarly, a technical participant observed:
We have strong modelling capabilities and increasingly modern tools. However, predictive readiness still depends heavily on data maturity and governance consistency. Technical capability on its own does not necessarily translate into strategic impact.” (P5)
These perspectives were consistently reflected across the remaining interviews, with participants identifying visible leadership, analytical literacy, business ownership and collaboration between technical and business functions as critical enablers of predictive analytics adoption. Additional supporting interview extracts for this theme are provided in Appendix 4.
Overall, the qualitative findings indicate that Organisational Readiness provides the organisational environment in which Predictive Analytics Capability, Governance Maturity, and Trust & Explainability are translated into sustained strategic practice, demonstrating that readiness is a multidimensional organisational capability rather than a purely technological condition.
[bookmark: _Toc240046773]4.5.3 Mixed-Method Interpretation
The quantitative and qualitative findings indicate that Organisational Readiness provides the enabling environment within which predictive analytics capabilities are translated into strategic practice. Quantitatively, respondents generally perceived SSE plc as possessing favourable conditions for adoption, although variation across responses suggests that readiness is not consistently experienced across all business functions.
The qualitative findings explain this variation by showing that organisational readiness depends on leadership commitment, business engagement, analytical literacy, organisational culture and cross-functional collaboration. Predictive analytics was more likely to become embedded where leaders promoted evidence-based decision-making and business users participated actively in analytical processes.
Collectively, the findings suggest that Organisational Readiness functions as an enabling capability. Predictive Analytics Capability provides the technical foundation; Governance Maturity establishes accountability and control; and Trust & Explainability strengthens confidence in analytical outputs. Organisational Readiness determines whether these capabilities are translated into routine strategic decision-making.
Overall, the integrated findings provide indicative qualitative support for Hypothesis 4. The final regression model did not test the independent statistical effect of organisational readiness, despite the qualitative evidence that strongly reveals its importance. The findings nevertheless indicate that sustainable predictive analytics adoption requires the alignment of technical capability, governance, trust and organisational readiness. These integrated results provide the empirical foundation for the Governance-Mediated Explainable Analytics Framework presented in Chapter 5.
[bookmark: _Toc240046774]4.6 Emerging Organisational Insights
Four cross-cutting organisational insights have emerged. Predictive Analytics Capability provides the technical foundation for adoption. Governance Maturity strengthens transparency and accountability; Trust & Explainability influence managerial acceptance of predictive insights; and Organisational Readiness enables these capabilities to become embedded in routine organisational practice. Together, these findings demonstrate that adopting predictive analytics is a socio-technical organisational process rather than a purely technological initiative.
[image: ]
Figure 4.7: Integrated Empirical Model of Strategic Predictive Analytics Embedding
Source: Developed by the author from the integrated quantitative and qualitative findings.
Figure 4.7 integrates the empirical findings, demonstrating that Predictive Analytics Capability provides the technical foundation, Governance Maturity strengthens accountability and transparency, Trust & Explainability supports executive confidence, and Organisational Readiness enables sustained strategic embedding. Weakness in any one capability may limit successful adoption.
[bookmark: _Toc240046775]4.7 Chapter Summary
This chapter presented integrated quantitative and qualitative findings addressing the four research objectives. Collectively, the findings demonstrate that Predictive Analytics Capability provides the technical foundation for adoption, while Governance Maturity, Trust & Explainability and Organisational Readiness determine whether predictive analytics becomes embedded in strategic decision-making. These findings provide the empirical foundation for the Governance-Mediated Explainable Analytics Framework (GMEAF) discussed in Chapter 5.

[bookmark: _Toc240046776]Chapter 5: Discussion, Conclusions and Recommendations
[bookmark: _Toc240046777]5.1 Introduction
This chapter interprets the integrated findings in relation to the literature, research objectives and conceptual framework. The combined evidence is interpreted to explain how SSE plc can effectively embed predictive analytics within strategic decision-making. Each section evaluates the corresponding research objective and hypothesis before considering the study's theoretical, methodological and practical contributions. The chapter concludes with the Governance-Mediated Explainable Analytics Framework (GMEAF), practical implications, limitations and future research.
Table 5.1: Summary of Hypothesis Testing Results
Source: Author's analysis.
	Hypothesis
	Statement
	Outcome

	H1
	Predictive Analytics Capability positively influences Strategic Embedding.
	Partially Supported

	H2
	Governance Maturity positively influences Trust & Explainability and Strategic Embedding.
	Supported

	H3
	Trust & Explainability positively influence Strategic Embedding.
	Supported

	H4
	Organisational Readiness positively influences Strategic Embedding.
	Indicative Qualitative Support


[bookmark: _Toc240046778]5.2 Discussion of the Integrated Findings
[bookmark: _Toc240046779]5.2.1 Predictive Analytics Capability: Necessary but Insufficient
The first research objective examined the influence of predictive analytics capability on strategic decision-making. The integrated findings indicate that predictive analytics capability is an important organisational resource, but it does not independently guarantee the successful embedding of predictive analytics in strategic decision-making. Although the quantitative analysis confirmed a positive relationship between predictive analytics capability and strategic embedding, the qualitative findings showed that participants placed greater emphasis on the credibility and transparency of analytical outputs than on the analytical tools themselves. This suggests that the organisational value of predictive analytics depends less on analytical capability itself than on how analytical insights are governed, interpreted and applied within strategic decision-making.
These findings support previous research that identifies predictive analytics as a source of competitive advantage through improved organisational insight (Davenport & Harris, 2007; Shmueli & Koppius, 2011). However, the present study extends this understanding by demonstrating that technical capability alone is insufficient in a regulated organisational environment. Analytical outputs were considered valuable only when decision-makers were confident in the quality of the underlying data and could understand the basis on which recommendations had been generated. Predictive analytics, therefore, functions as an enabling capability whose strategic value depends on complementary organisational capabilities.
The findings also reinforce the Resource-Based View by illustrating that sustainable strategic advantage is created through the combination of technological and organisational resources rather than technology in isolation. Governance maturity, trust and explainability, and organisational readiness collectively strengthen the impact of predictive analytics capability by enabling analytical evidence to become part of routine strategic discussions. Organisations should therefore strengthen governance alongside analytical capability to maximise the strategic value of predictive analytics.
[bookmark: _Toc240046780]5.2.2 Governance Maturity as the Organisational Enabler
The second research objective explored the influence of governance maturity on the strategic adoption of predictive analytics. The integrated findings demonstrate that governance maturity is central to the successful embedding of predictive analytics, as it establishes the organisational confidence required for analytical evidence to influence executive decision-making. The quantitative findings identified governance maturity as one of the strongest predictors of strategic embedding, whilst the qualitative findings showed that participants associated effective governance with accountability, data quality, consistency and transparency.
These findings are consistent with existing data governance literature, which identifies governance as a mechanism for improving organisational control and data quality (Khatri & Brown, 2010; DAMA, 2017). However, this study extends previous research by demonstrating that governance performs a broader strategic role. Governance extends beyond compliance by creating the organisational conditions needed to trust and apply predictive analytics during strategic planning. Participants consistently highlighted the importance of clearly defined ownership, reliable data and transparent analytical processes when using predictive insights to support significant organisational decisions.
The findings suggest that governance should be viewed as a strategic organisational capability rather than an administrative function. Within SSE plc, governance strengthened confidence in analytical outputs by improving accountability, transparency and data quality, enabling greater reliance on predictive evidence during strategic planning.
[bookmark: _Toc240046781]5.2.3 Trust and Explainability as the Decisive Mechanism
The third research objective examined the influence of trust and explainability on strategic decision-making. The integrated findings indicate that explainability strengthens organisational trust by enabling decision-makers to understand, challenge and justify predictive insights before acting upon them. Although the quantitative findings confirmed a significant relationship between trust, explainability and strategic embedding, the qualitative findings demonstrated that participants were reluctant to rely on analytical outputs that could not be clearly interpreted or explained.
These findings support research highlighting the importance of explainable artificial intelligence in organisational decision-making (Shrestha et al., 2019). However, the study confirms that explainability should not be viewed solely as a technical feature of predictive models. Instead, it develops through governance practices that ensure analytical processes are transparent, traceable and accountable. Trust, therefore, emerges as an organisational outcome of effective governance rather than simply an individual perception of the model's performance.
This finding is particularly important in regulated environments. Strategic decisions frequently require justification to internal and external stakeholders, making transparency essential. Organisations should embed explainability within governance frameworks by documenting model assumptions, data sources and analytical limitations. This enables predictive analytics to become a trusted component of strategic decision-making.
[bookmark: _Toc240046782]5.2.4 Organisational Readiness and Sustainable Adoption
The fourth research objective considered the influence of organisational readiness on the strategic embedding of predictive analytics. The integrated findings show that organisational readiness creates the environment necessary for translating predictive analytics, governance maturity, and explainability into routine organisational practices. Leadership commitment, organisational culture and analytical capability emerged as key factors influencing whether predictive analytics became embedded within strategic decision-making.
These findings support previous studies that identify organisational readiness as a critical determinant of successful organisational change (Weiner, 2009; Kane et al., 2015). However, the present study shows that governance and readiness are interdependent. Leadership commitment and organisational culture shape both governance implementation and the use of analytical evidence. Participants consistently associated leadership support with greater confidence in predictive analytics and evidence-based decision-making.
Overall, the four research objectives demonstrate that the successful strategic embedding of predictive analytics depends on the interaction of complementary organisational capabilities. Predictive analytics capability provides the technical foundation, governance maturity establishes confidence in analytical processes, trust and explainability support executive acceptance, and organisational readiness enables these capabilities to become embedded in everyday strategic decision-making. This interpretation provides the basis for the theoretical and practical contributions discussed below. Table 5.2 summarises the principal findings and their contributions to knowledge.
Table 5.2: Summary of the Integrated Findings and Research Contributions
Source: Author's own work.
	Research Objective
	Integrated Finding
	Contribution to Knowledge

	RO1: Predictive analytics capability
	Predictive analytics capabilities support strategic decision-making but require governance and organisational support to create sustained value.
	Highlights that technical capability alone is insufficient for strategic embedding.

	RO2: Governance maturity
	Governance maturity strengthens accountability, data quality and confidence in analytical outputs, enabling strategic adoption.
	Positions governance as a strategic organisational capability rather than solely a compliance function.

	RO3: Trust and explainability
	Transparent and explainable analytical processes increase executive confidence and encourage the use of predictive analytics.
	Illustrates that governance-mediated explainability strengthens organisational trust.

	RO4: Organisational readiness
	Leadership commitment, organisational culture and analytical capability enable the sustainable adoption of predictive analytics.
	Identifies organisational readiness as a key enabler of long-term strategic embedding.

	Overall Contribution
	Strategic embedding results from the interaction of predictive analytics capabilities, governance maturity, trust and explainability, and organisational readiness.
	Introduces the Governance-Mediated Explainable Analytics Framework (GMEAF).



[bookmark: _Toc240046783]5.3 Contribution to Knowledge
This study contributes to the literature in three principal ways: theoretically, methodologically and practically.
The first contribution is theoretical. Whilst previous studies have examined predictive analytics capability, governance and organisational trust as separate constructs, this research shows that they operate as complementary organisational capabilities. The findings show that predictive analytics capability alone does not ensure strategic adoption. Instead, governance maturity strengthens confidence in analytical outputs, trust and explainability support executive acceptance, and organisational readiness enables these capabilities to become embedded within organisational practice. This integrated perspective extends existing understanding by demonstrating that the adoption of predictive analytics is fundamentally a governance-mediated organisational process rather than simply the implementation of analytical technology.
The second contribution is methodological. By adopting an explanatory sequential mixed-methods design, the study combines quantitative and qualitative evidence to provide a richer explanation of predictive analytics adoption than either method could achieve independently. The quantitative phase identified significant relationships between the principal constructs, whilst the qualitative findings explained how governance, leadership and organisational culture shaped these relationships in practice. This imdicates the value of mixed-method research in investigating complex organisational phenomena.
The third contribution is practical. The findings provide organisations with evidence-based guidance for embedding predictive analytics into strategic decision-making. Rather than focusing solely on technological investment, organisations should strengthen governance capability, improve explainability and develop leadership support for evidence-based decision-making. These findings are particularly relevant for organisations operating in regulated environments where transparency, accountability and confidence in analytical evidence are essential.
[bookmark: _Toc240046784]5.4 Governance-Mediated Explainable Analytics Framework (GMEAF)
The integrated findings from both phases of the research culminated in the development of the Governance-Mediated Explainable Analytics Framework (GMEAF). The framework brings together the principal findings into a single conceptual model that explains how predictive analytics capability, governance maturity, trust and explainability, and organisational readiness collectively support the strategic embedding of predictive analytics. Rather than proposing a new theory, the framework integrates concepts from data governance, strategic management and organisational behaviour into a practical model grounded in the study findings. Figure 5.3 illustrates the proposed framework and the relationships between its core components.
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Figure 5.3: Governance-Mediated Explainable Analytics Framework (GMEAF)
Source: Developed by the author from the integrated findings of this study.

The GMEAF offers a useful guide for incorporating predictive analytics into strategic decision-making by assisting organisations in assessing their governance skills, pinpointing areas for improvement, and directing change efforts.
The framework identifies predictive analytics capability as the technical foundation for generating strategic insight. However, the findings demonstrate that technical capability alone is insufficient for achieving consistent organisational adoption. Governance maturity establishes the controls, accountability and data management practices required to build confidence in analytical processes, whilst trust and explainability enable decision-makers to understand and justify analytical recommendations. Organisational readiness, reflected in leadership commitment, organisational culture and analytical capability, creates the environment in which these complementary capabilities become embedded within routine strategic decision-making.
The framework therefore illustrates that successful predictive analytics adoption depends on the interaction of technical and organisational capabilities rather than on technology alone. Organisations that collectively strengthen these capabilities are more likely to achieve sustainable, evidence-based decision-making.
The relationships identified within the framework are summarised conceptually as follows:

where:
· PAC = Predictive Analytics Capability 
· GM = Governance Maturity 
· TE = Trust and Explainability 
· OR = Organisational Readiness 
· SE = Strategic Embedding of Predictive Analytics 
This conceptual representation is not intended as a mathematical model but as a visual summary of the integrated findings. It illustrates that sustainable strategic adoption is strengthened when technical capability is supported by mature governance, transparent analytical processes and an organisational environment that promotes evidence-based decision-making. The GMEAF therefore provides both a conceptual explanation of predictive analytics adoption and a practical framework to guide future governance and digital transformation initiatives.
[bookmark: _Toc240046785]5.5 Practical Implications
The findings of this study have important practical implications for SSE plc and other organisations seeking to increase the strategic value of predictive analytics. The results indicate that successful adoption depends not only on analytical capability but also on governance maturity, trust, leadership and organisational readiness. Organisations should adopt an integrated approach that combines technological capability with governance and organisational support.
First, organisations can strengthen data governance by establishing clear ownership, stewardship and data quality practices. Mature governance improves accountability, transparency and confidence in analytical outputs, providing a stronger foundation for strategic decision-making.
Second, organisations can prioritise explainability by ensuring that analytical models, assumptions and limitations are transparent to decision-makers. Explainable insights strengthen trust, support accountability and encourage greater use of evidence-based decision-making.
Third, leadership commitment and an organisational culture that values data-informed decision-making are essential for embedding predictive analytics in strategic planning. Cross-functional collaboration and improved analytical literacy further support sustained adoption.
Finally, predictive analytics should be treated as an enterprise capability rather than a standalone technology initiative. Integrating analytics with governance, organisational strategy and performance management is more likely to deliver sustainable business value. Table 5.3 summarises the principal practical recommendations arising from the integrated findings and their expected organisational benefits.
Table 5.3: Practical Recommendations for Strengthening Predictive Analytics Adoption
Source: Author's own work.
	Priority Area
	Recommendation
	Expected Organisational Benefit

	Governance Maturity
	Strengthen data governance through clearly defined ownership, stewardship and data quality management.
	Greater confidence in analytical outputs and improved decision accountability.

	Trust and Explainability
	Ensure analytical models are transparent by documenting assumptions, data sources and model limitations.
	Increased executive trust and improved transparency.

	Leadership and Culture
	Develop leadership capability and analytical literacy to promote evidence-based decision-making.
	Stronger organisational adoption of predictive analytics is needed.

	Strategic Integration
	Align predictive analytics with governance, business planning and organisational performance management.
	Sustainable strategic embedding of predictive analytics.



[bookmark: _Toc240046786]5.6 Limitations and Future Research
When interpreting its findings, one should consider the several limitations of this study. First, the research focused on a single organisation: SSE plc. Although this provided detailed insight into the organisational factors influencing predictive analytics adoption, the findings may not be fully transferable to organisations operating in different industries or regulatory environments.
Second, the research adopted a cross-sectional design, capturing participants' views at a single point in time. As governance practices and predictive analytics capabilities continue to evolve, future longitudinal studies could provide a deeper understanding of how these capabilities develop and influence strategic decision-making over time.
Third, both the survey and interview findings were based on participants' perceptions. Although the mixed-methods approach strengthened the credibility of the findings, future research could incorporate objective organisational performance measures to further examine the relationship between governance maturity and strategic outcomes.
Future research should seek to validate the Governance-Mediated Explainable Analytics Framework (GMEAF) across different organisations and sectors. Comparative studies involving regulated and non-regulated industries would provide further evidence of the framework's wider applicability and enhance understanding of how governance and explainability influence predictive analytics adoption.
[bookmark: _Toc240046787]5.7 Conclusion
In conclusion, this research demonstrates that the successful integration of predictive analytics into strategic decision-making extends far beyond the deployment of advanced analytical technologies. While predictive analytics capability provides organisations with the technical means to generate valuable insights, its strategic value is ultimately determined by the strength of data governance, the confidence decision-makers place in analytical outputs, and the organisation's readiness to embed evidence-based decision-making within its culture and operating practices. By integrating quantitative and qualitative evidence, this study provides a comprehensive understanding of the organisational conditions required for predictive analytics to influence strategic decision-making effectively.
The findings make both theoretical and practical contributions by extending existing knowledge on the relationship between predictive analytics capability, governance maturity, executive trust and organisational readiness within the context of the UK energy sector. The proposed governance framework offers organisations a practical roadmap for strengthening governance structures, improving executive confidence in analytical outputs and increasing the strategic adoption of predictive analytics. As energy organisations continue to operate in increasingly complex, data-intensive and rapidly evolving environments, competitive advantage will increasingly depend not simply on possessing analytical capability, but on establishing the governance, leadership commitment and organisational culture necessary to transform analytical insights into confident, timely and strategically informed decisions. Ultimately, organisations that successfully align technology, governance and people will be best positioned to realise the full strategic potential of predictive analytics and achieve sustainable long-term organisational performance.
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The appendices provide supporting evidence for the research methodology, data collection, analysis and ethical conduct of the study. They include ethical documentation, participant materials, research instruments, anonymised interview extracts, participant profile information, and detailed quantitative (SPSS) and qualitative (NVivo) analysis outputs.
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	Appendix 1
	Ethical Approval Documentation
	Ethical approval application and supporting documentation submitted to the University of Wales Trinity Saint David, including the research ethics application, participant safeguards, data protection arrangements and risk assessment.

	Appendix 2
	Participant Information Sheet and Consent Form
	Participant information sheet and informed consent form outlining the study purpose, participation requirements, confidentiality, voluntary participation and data protection arrangements.

	Appendix 3
	Quantitative Survey Instrument and Summary Results
	Survey questionnaire, response scale, descriptive summary of survey responses, reliability summary and overview of the quantitative analysis framework.

	Appendix 4
	Qualitative Interview Materials and Transcript Extracts
	Semi-structured interview guide, confidentiality statement and anonymised interview transcript extracts supporting the qualitative thematic analysis.

	Appendix 5
	SPSS Quantitative Statistical Analysis Outputs
	Complete SPSS outputs, including descriptive statistics, reliability analysis, Pearson correlation, multiple regression, multicollinearity assessment, normality testing and regression diagnostics.

	Appendix 6
	NVivo Qualitative Coding Framework and Outputs
	NVivo coding framework, hierarchical codebook, coding density analysis, thematic relationship matrices and qualitative query outputs supporting the thematic analysis.

	Appendix 7
	Interview Participant Profile Summary
	Summary of the qualitative interview participants, including anonymised organisational roles, functional areas, interview durations and participant profile statistics.


[bookmark: _Toc240046790]Appendix 1. Ethical Approval Documentation
This appendix presents the ethical approval documentation submitted to the University of Wales Trinity Saint David (UWTSD) prior to commencing the research. It includes the completed research ethics application, outlining the study objectives, research methodology, participant recruitment and consent procedures, data collection methods, confidentiality and data protection arrangements, risk assessment, and measures adopted to ensure compliance with the University's ethical requirements and the UK General Data Protection Regulation (UK GDPR).
APPLICATION FOR ETHICAL APPROVAL

	RESEARCH STUDENTS
This form is to be completed by the student within SIX months for full-time students and TWELVE months for part-time students, after the commencement of the research degree or following progression to Part Two of your course. 

Once complete, submit this form via the MyTSD Doctoral College Portal at (https://mytsd.uwtsd.ac.uk).

This document is also available in Welsh.


	RESEARCH STAFF ONLY
All communications relating to this application during its processing must be in writing and emailed to pgresearch@uwtsd.ac.uk , with the title ‘Ethical Approval’ followed by your name.


	STUDENTS ON UNDERGRADUATE OR TAUGHT MASTERS PROGRAMMES should submit this form (and receive the outcome) via systems explained to you by the supervisor/module leader.




In order for research to result in benefit and minimise risk of harm, it must be conducted ethically. A researcher may not be covered by the University’s insurance if ethical approval has not been obtained prior to commencement.

The University follows the OECD Frascati manual definition of research activity: “creative work undertaken on a systematic basis in order to increase the stock of knowledge, including knowledge of man, culture and society, and the use of this stock of knowledge to devise new applications”. As such this covers activities undertaken by members of staff, postgraduate research students, and both taught postgraduate and undergraduate students working on dissertations/projects.

The individual undertaking the research activity is known as the “principal researcher”.

Ethical approval is not required for routine audits, performance reviews, quality assurance studies, testing within normal educational requirements, and literary or artistic criticism.

Please read the notes for guidance before completing ALL sections of the form.

This form must be completed and approved prior to undertaking any research activity. Please see Checklist for details of process for different categories of application.  

SECTION A: About You (Principal Researcher)
	1
	Full Name:
	Joshua Adeniyi Depiver

	2
	Tick all boxes that apply:
	Member of staff:
	☐
	Honorary research fellow:
	☐

	
	Undergraduate Student
	☐	Taught Postgraduate Student
	☒	Postgraduate Research Student
	☐


	3
	Institute/Academic Discipline/Centre:
	Institute of Management and Health

	4
	Campus:
	Swansea Business School (SBS)

	5
	E-mail address:
	2307234@student.uwtsd.ac.uk

	6
	Contact Telephone Number:
	07944676697

	
	For students:

	7
	Student Number:
	2307234

	8
	Programme of Study:
	MBA – University of Wales Trinity Saint David

	9
	Director of Studies/Supervisor:
	Helen Evans





SECTION B: Approval for Research Activity
	1
	Has the research activity received approval in principle?
(please check the Guidance Notes as to the appropriate approval process for different levels of research by different categories of individual)
	YES
	☐	NO
	☒
	
	
	Date

	2
	If Yes, please indicate source of approval (and date where known): Approval in principle must be obtained from the relevant source prior to seeking ethical approval
	Research Degrees Committee
	☐	N/A

	
	
	Institute Research Committee
	☐	N/A

	
	
	Other (write in)

	☐	N/A



SECTION C:  Internal and External Ethical Guidance Materials
	
	Please list the core ethical guidance documents that have been referred to during the completion of this form (including any discipline-specific codes of research ethics, location-specific codes of research ethics, and also any specific ethical guidance relating to the proposed methodology).  Please tick to confirm that your research proposal adheres to these codes and guidelines. You may add rows to this table if needed.

	1
	UWTSD Research Ethics & Integrity Code of Practice
	☒
	2
	UWTSD Research Data Management Policy
	☒

	3
	[List any other relevant documents here]
3. Health and Care Professions Council (HCPC) Standards of Conduct, Performance and Ethics
4. The Concordat to Support Research Integrity (UKRI-endorsed)
5. UWTSD Privacy Policy and IT Acceptable Use Policy
6. EDM Council DCAM® (Data Management Capability Assessment Model) – Ethics & Governance Standards
7. Ofgem Data Best Practice Guidance (where applicable to energy data governance context)
	☒



SECTION D: External Collaborative Research Activity
If there are external collaborators then you should gain consent from the contact persons to share their personal data with the university. If there are no external collaborators then leave this section blank and continue to section E.
	1
	Institution
	SSE PLC

	2
	Contact person name
	Chris Rogers

	3
	Contact person e-mail address

	Confidential 

	4
	Is your research externally funded?
	YES
	☐
	NO
	☒

	5
	Are you in receipt of a KESS scholarship?
	YES
	☐
	NO
	☒

	6
	Are you specifically employed to undertake this research in either a paid or voluntary capacity?
	Voluntary
	YES
	☐
	NO
	☒

	7
	
	Employed
	YES
	☐
	NO
	☒

	8
	Is the research being undertaken within an existing UWTSD Athrofa Professional Learning Partnership (APLP)?
	If YES, then the permission question below does not need to be answered.
	YES
	☐
	NO
	☒

	9
	Has permission to undertake the research has been provided by the partner organisation?
	(If YES attach copy)
If NO the application cannot continue
	YES
	☐
	NO
	☒




Where research activity is carried out in collaboration with an external organisation
	10
	Does this organisation have its own ethics approval system?
	YES
	☐
	NO
	☒

	
	
If Yes, please attach a copy of any final approval (or interim approval) from the organisation (this may be a copy of an email if appropriate).




SECTION E: Details of Research Activity
	1
	Indicative title:
	Integration of Predictive Analytics into Strategic Decision-Making, using SSE PLC as the Case Study

	2
	Proposed start date:
	
	Proposed end date:
	

	
	Introduction to the Research (maximum 300 words per section)
Ensure that you write for a Non-Specialist Audience when outlining your response to the points below:
· Purpose of Research Activity
· Proposed Research Question
· Aims of Research Activity
· Objectives of Research Activity
Demonstrate, briefly, how Existing Research has informed the proposed activity and explain
· What the research activity will add to the body of knowledge 
· How it addresses an area of importance. 

	3
	Purpose of Research Activity

The purpose of this research is to investigate how predictive analytics can be better integrated into strategic decision-making processes at SSE PLC, a major UK energy provider. As digital transformation becomes essential for competitive advantage, many large firms—including those in the utility sector—are exploring how to harness the power of data to make faster, smarter, and more informed decisions. However, challenges remain in embedding these capabilities effectively across the enterprise.
This study will explore the current state of predictive analytics use at SSE, assess the enablers and barriers to its successful integration, and provide recommendations to improve data-driven strategy. The research also seeks to inform broader academic understanding of digital maturity, governance, and data culture in asset-heavy, regulated industries.
(this box should expand as you type)

	4
	Research Question

The central research question is:
"How is predictive analytics being integrated into strategic decision-making at SSE PLC, and what organisational factors enable or hinder this process?"
Supporting sub-questions include:
· To what extent are predictive analytics currently used across SSE’s strategic functions?
· What role does data governance play in enabling or limiting analytics integration?
· How do leadership, skills, and organisational culture influence SSE’s analytics maturity?
(this box should expand as you type)

	5
	Aims of Research Activity

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.
(this box should expand as you type)

	6
	Objectives of Research Activity
· Assess current usage of predictive analytics across SSE’s strategic and operational functions.
· Evaluate the impact of predictive analytics on marketing segmentation and campaign optimisation.
· Examine the influence of predictive analytics on strategic decision-making quality, speed, and confidence.
· Analyse how data governance practices (quality, ownership, policies) enable, or hinder analytics use.
· Evaluate SSE’s organisational readiness for predictive analytics, focusing on leadership, skills, and data culture.
(this box should expand as you type)

	
	Proposed methods (maximum 600 words)
Provide a brief summary of all the methods that may be used in the research activity, making it clear what specific techniques may be used. If methods other than those listed in this section are deemed appropriate later, additional ethical approval for those methods will be needed. You do not need to justify the methods here but should instead describe how you intend to collect the data necessary for you to complete your project.

	7
	
This research adopts a mixed-methods approach, combining both quantitative and qualitative techniques to enable a comprehensive analysis.

Quantitative Phase:
A structured online survey will be distributed to SSE employees involved in strategy, marketing, data, and operations. The survey will include Likert-scale questions aligned to two established frameworks—DELTA (Davenport & Harris, 2010) and DCAM (EDM Council, 2020)—to assess analytics maturity and governance factors. Responses will be statistically analysed using descriptive methods (mean, variance) and cross-tabulations.

Qualitative Phase:
Semi-structured interviews will be conducted with key stakeholders (e.g. directors, data governance leads, and senior analysts). These interviews will explore participants’ experiences, perceptions, and organisational contexts around predictive analytics. Responses will be recorded (with consent), anonymised, transcribed, and analysed thematically using NVivo.

Document Analysis:
Company documents such as data strategies, analytics roadmaps, and internal governance policies will be reviewed to triangulate findings and contextualise practices.
This triangulated approach enhances credibility and allows deeper exploration of both measurable maturity indicators and contextual enablers or constraints. All participants will receive an information sheet and provide informed consent. Data will be anonymised, securely stored, and analysed in line with GDPR and the University’s data ethics policies.
(this box should expand as you type)

	

	Location of research activity
Identify all locations where research activity will take place.

	8
	All research activities will be conducted remotely within the UK. Survey responses will be collected online. Interviews will be conducted virtually using Microsoft Teams or Zoom. No face-to-face or on-site data collection is required. Access to SSE’s internal documentation will be granted through official communication channels and subject to internal approval.
(this box should expand as you type)

	
	Research activity outside of the UK
If research activity will take place overseas, you are responsible for ensuring that local ethical considerations are complied with and that the relevant permissions are sought. Specify any local guidelines (e.g. from local professional associations/learned societies/universities) that exist and whether these involve any ethical stipulations beyond those usual in the UK (provide details of any licenses or permissions required). Also specify whether there are any specific ethical issues raised by the local context in which the research activity is taking place, for example, particular cultural and/or legal sensitivities or vulnerabilities of participants. If you live in the country where you will do the research, then please state this.

	9
	No research activities will be carried out outside the UK. All participants, researchers, and data collection activities are UK-based. Therefore, no additional international ethical stipulations or permissions apply.
(this box should expand as you type)



	10
	Use of documentation not in the public domain: Are any documents NOT publicly available? 

	NO
	☐

	
	
	YES
	☒

	11
	If Yes, please provide details here of how you will gain access to specific documentation that is not in the public domain and that this is in accordance with the current data protection law of the country in question and that of England and Wales.

Some internal policy documents, strategic reports, and data governance frameworks from SSE PLC may be used in this research to support contextual analysis and triangulate survey/interview findings. These documents are not publicly available and may include internal operational documents or digital strategy reports.
Access to these documents will be obtained formally through SSE’s internal gatekeeper or designated research liaison, with explicit written permission. No confidential or sensitive personal data will be used. All information will be anonymised and treated in accordance with the UK GDPR and the Data Protection Act 2018.
Participants providing internal documentation will be informed of their rights and the usage context. Any material used in the dissertation or publications will be de-identified and will not disclose the source unless express written consent is given.


(this box should expand as you type)



	
	Does your research relate to one or more of the seven aims of the Well-being of Future Generations (Wales) Act 2015?
	
YES
	
NO

	12
	A prosperous Wales
	☒
	☐

	13
	A resilient Wales
	☒
	☐

	14
	A healthier Wales
	☐
	☒

	15
	A more equal Wales
	☒
	☐

	16
	A Wales of cohesive communities
	☒
	☐

	17
	A Wales of vibrant culture and thriving Welsh language
	☐
	☒

	18
	A globally responsible Wales
	☒
	☐

	19
	If YES to any of the above, please give details:

	
	This research contributes to A Prosperous Wales by supporting digital innovation, data literacy, and improved decision-making within the energy sector.
It promotes A Resilient Wales through enhanced energy infrastructure and operational foresight enabled by predictive analytics.
By investigating equitable data practices and governance, it supports A More Equal Wales.
Engaging diverse employees in the research fosters inclusion and Cohesive Communities.
As the project addresses climate and sustainability goals through predictive modelling in a major utility, it advances Global Responsibility.
(this box should expand as you type)



SECTION F: Scope of Research Activity
	
	Will the research activity include:
	YES
	NO

	1
	Use of a questionnaire or similar research instrument?
	☒
	☐

	2
	Use of interviews?
	☒
	☐

	3
	Use of focus groups?
	☐
	☒

	4
	Use of participant diaries? 
	☐
	☒

	5
	Use of video or audio recording?
	☒
	☐

	6
	Use of computer-generated log files?
	☐
	☒

	7
	Participant observation with their knowledge?
	☐
	☒

	8
	Participant observation without their knowledge?
	☐
	☒

	9
	Access to personal or confidential information without the participants’ specific consent?
	☐
	☒

	10
	Administration of any questions, test stimuli, presentation that may be experienced as physically, mentally or emotionally harmful / offensive?
	☐
	☒

	11
	Performance of any acts which may cause embarrassment or affect self-esteem?
	☐
	☒

	12
	Investigation of participants involved in illegal activities?
	☐
	☒

	13
	Use of procedures that involve deception?
	☐
	☒

	14
	Administration of any substance, agent or placebo?
	☐
	☒

	15
	Working with live vertebrate animals?
	☐
	☒

	16
	Procedures that may have a negative impact on the environment?
	☐
	☒

	17
	Other primary data collection methods. Please indicate the type of data collection method(s) below.
	☐
	☐

	
	Details of any other primary data collection method:

Not applicable.

(this box should expand as you type)
	
	


If NO to every question, then the research activity is (ethically) low risk and may be exempt from some of the following sections (please refer to Guidance Notes).

If YES to any question, then no research activity should be undertaken until full ethical approval has been obtained. 

SECTION G: Intended Participants
If there are no participants then do not complete this section, but go directly to section H.

	
	Who are the intended participants:
	
YES
	
NO

	1
	Students or staff at the University?
	☐
	☒

	2
	Adults (over the age of 18 and competent to give consent)?
	☒
	☐

	3
	Vulnerable adults?
	☐
	☒

	4
	Children and Young People under the age of 18? (Consent from Parent, Carer or Guardian will be required)
	☐
	☒

	5
	Prisoners?
	☐
	☒

	6
	Young offenders?
	☐
	☒

	7
	Those who could be considered to have a particularly dependent relationship with the investigator or a gatekeeper?
	☐
	☒

	8
	People engaged in illegal activities?
	☐
	☒

	9
	Others. Please indicate the participants below, and specifically any group who may be unable to give consent.

	☐
	☐

	
	Details of any other participant groups:

None anticipated. All participants will be SSE employees in professional roles able to give informed consent.

(this box should expand as you type)
	
	



	
	Participant numbers and source
Provide an estimate of the expected number of participants. How will you identify participants and how will they be recruited? 

	10
	How many participants are expected?

	
Approximately 66 for the online survey and 8 for semi-structured interviews.

(this box should expand as you type)

	11
	Who will the participants be?

	
Professionals employed at SSE PLC, including business leaders, analysts, data managers, and operational leads involved in strategic decision-making and data analytics.

(this box should expand as you type)

	12
	How will you identify the participants?
	
Participants will be selected using purposive sampling, with support from SSE's internal communications and data governance teams. Invitations will be distributed via internal emails and professional networks.

(this box should expand as you type)




	
	Information for participants:
	
YES
	NO
	
N/A

	13
	Will you describe the main research procedures to participants in advance, so that they are informed about what to expect?
	☒
	☐
	☐

	14
	Will you tell participants that their participation is voluntary?
	☒
	☐
	☐

	15
	Will you obtain written consent for participation?
	☒
	☐
	☐

	16
	Will you explain to participants that refusal to participate in the research will not affect their treatment or education (if relevant)?
	☒
	☐
	☐

	17
	If the research is observational, will you ask participants for their consent to being observed?
	☐
	☐
	☒

	18
	Will you tell participants that they may withdraw from the research at any time and for any reason?
	☒
	☐
	☐

	19
	With questionnaires, will you give participants the option of omitting questions they do not want to answer?
	☒
	☐
	☐

	20
	Will you tell participants that their data will be treated with full confidentiality and that, if published, it will not be identifiable as theirs?
	☒
	☐
	☐

	21
	Will you debrief participants at the end of their participation, in a way appropriate to the type of research undertaken?
	☒
	☐
	☐

	22
	If NO to any of above questions, please give an explanation 

	
	Not applicable.
(this box should expand as you type)



	
	Information for participants:
	
YES
	NO
	
N/A

	24
	Will participants be paid?
	☐
	☒
	☐

	25
	Is specialist electrical or other equipment to be used with participants?
	☐
	☒
	☐

	26
	Are there any financial or other interests to the investigator or University arising from this study?
	☐
	☒
	☐

	27
	Will the research activity involve deliberately misleading participants in any way, or the partial or full concealment of the specific study aims?
	☐
	☒
	☐

	28
	If YES to any question, please provide full details 

	
	Not applicable.

(this box should expand as you type)



SECTION H: Anticipated Risks

	
	
Outline any anticipated risks that may adversely affect any of the participants, the researchers and/or the University, and the steps that will be taken to address them. 

If you have completed a full risk assessment (for example as required by a laboratory, or external research collaborator) you may append that to this form.  

	1
	Full risk assessment completed and appended? 
	Yes 
	☐

	
	
	No
	☒

	2
	Risks to participants
For example: sector-specific health & safety, emotional distress, financial disclosure, physical harm, transfer of personal data, sensitive organisational information

	
	
There is minimal risk to participants. Risks include minor emotional discomfort due to discussing internal organisational processes or personal views on leadership, governance, or digital readiness.

(this box should expand as you type)
	How you will mitigate the risk to participants:

All participation is voluntary and based on informed consent.
No sensitive personal or financial data will be collected.
Responses will be anonymised and participants can skip any question or withdraw at any time.
Participants will receive an information sheet clearly explaining the purpose and nature of the study.
(this box should expand as you type)

	3
	If research activity may include sensitive, embarrassing or upsetting topics (e.g. sexual activity, drug use) or issues likely to disclose information requiring further action (e.g. criminal activity), give details of the procedures to deal with these issues, including any support/advice (e.g. helpline numbers) to be offered to participants. Note that where applicable, consent procedures should make it clear that if something potentially or actually illegal is discovered in the course of a project, it may need to be disclosed to the proper authorities

	
	
The research does not include questions related to illegal activity, trauma, or distressing topics. It is limited to organisational behaviour, governance, and technology adoption.
Should a participant become uncomfortable; they may stop the interview or withdraw without consequence. Participants will be reminded that disclosures about illegal activities are not solicited. However, if disclosed, relevant legal obligations may apply, and this is stated in the consent form.
(this box should expand as you type)

	4
	Risks to the investigator
For example: personal health & safety, physical harm, emotional distress, risk of accusation of harm/impropriety, conflict of interest

	
	Risk to the investigator:
Risks are minimal but may include emotional fatigue due to workload or perceived pressure from engaging with senior stakeholders.

(this box should expand as you type)
	How you will mitigate the risk to the investigator:
Virtual interviews reduce physical risk.
Communication will be professional, recorded with permission, and limited to research purposes.
A clear ethics protocol will be followed to protect researcher impartiality and reputation.
(this box should expand as you type)

	5
	University/institutional risks
For example: adverse publicity, financial loss, data protection

	
	Risk to the University:

The risk includes reputational harm if sensitive organisational data is mishandled, or data breaches occur.
(this box should expand as you type)
	How you will mitigate the risk to the University:
All data will be anonymised.
Consent forms and participant materials include University logos and disclaimers.
Data will be securely stored in line with GDPR and UWTSD data protection policies.
(this box should expand as you type)

	6
	Environmental risks
For example: accidental spillage of pollutants, damage to local ecosystems

	
	Risk to the environment:

None anticipated. The study is conducted virtually and does not involve physical materials or site visits.
(this box should expand as you type)
	How you will mitigate the risk to environment:

N/A

(this box should expand as you type)



	
	Disclosure and Barring Service

	
	If the research activity involves children or vulnerable adults, a Disclosure and Barring Service (DBS) certificate must be obtained before any contact with such participants.
	YES

	NO

	N/A


	7
	Does your research require you to hold a current DBS Certificate?
	☐
	☒
	☐

	8
	If YES, please give the certificate number. If the certificate number is not available, please write “Pending”; in this case any ethical approval will be subject to providing the appropriate certificate number.
	N/A



SECTION I: Feedback, Consent and Confidentiality

	1
	Feedback
What de-briefing and feedback will be provided to participants, how will this be done and when? 

	
	
Participants will be debriefed at the end of the interview or survey. A summary of research findings will be offered upon request. The researcher will also provide a university email address for post-interview follow-up or withdrawal.
(this box should expand as you type)

	2
	Informed consent
Describe the arrangements to inform potential participants, before providing consent, of what is involved in participating. Describe the arrangements for participants to provide full consent before data collection begins. If gaining consent in this way is inappropriate, explain how consent will be obtained and recorded in accordance with prevailing data protection legislation.

	
	
All participants will receive a participant information sheet and consent form in advance. Consent will be obtained in writing (via digital signature or email confirmation) before data collection. Participants will be informed of their rights and data protection provisions

(this box should expand as you type)

	3
	Confidentiality / Anonymity
Set out how anonymity of participants and confidentiality will be ensured in any outputs. If anonymity is not being offered, explain why this is the case. 

	
	
Participants will not be identified in any publication or reporting. Quotes used from interviews will be anonymised, with job titles or departments removed or generalised. Data will be stored in encrypted, access-controlled folders.

(this box should expand as you type)



SECTION J: Data Protection and Storage

	
	Does the research activity involve personal data (as defined by the General Data Protection Regulation 2016 “GDPR” and the Data Protection Act 2018 “DPA”)?
	YES
	NO

	1
	“Personal data” means any information relating to an identified or identifiable natural person (‘data subject’). An identifiable natural person is one who can be identified, directly or indirectly, in particular by reference to an identifier such as a name, an identification number, location data, an online identifier or to one or more factors specific to the physical, physiological, genetic, mental, economic, cultural or social identity of that natural person. Any video or audio recordings of participants is considered to be personal data.
	X☐
	☐

	
	If YES, provide a description of the data and explain why this data needs to be collected:

	2
	
Names, roles, or contact details (only for scheduling purposes), and audio recordings of interviews (with consent). These are collected to facilitate interviews and ensure accurate transcription and analysis.
(this box should expand as you type)

	
	Does it involve special category data (as defined by the GDPR)?
	YES
	NO

	3
	“Special category data” means sensitive personal data consisting of information as to the data subjects –
(a) racial or ethnic origin,
(b) political opinions,
(c ) religious beliefs or other beliefs of a similar nature,
(d) membership of a trade union (within the meaning of the Trade Union and Labour Relations (Consolidation) Act 1992),
(e) physical or mental health or condition,
(f) sexual life,
(g) genetics,
(h) biometric data (as used for ID purposes),
	☐
	X☐

	
	If YES, provide a description of the special category data and explain why this data needs to be collected:

	4
	
N/A

(this box should expand as you type)



	
	
Will data from the research activity (collected data, drafts of the thesis, or materials for publication) be stored in any of the following ways?
	YES
	NO

	5
	Manual files (i.e. in paper form)?
	☒
	☐

	6
	University computers?
	☒
	☐

	7
	Private company computers?
	☐
	☒

	8
	Home or other personal computers?
	☒
	☐

	9
	Laptop computers/ CDs/ Portable disk-drives/ memory sticks?
	☒
	☐

	10
	“Cloud” storage or websites?
	☒
	☐

	11
	Other – specify:

	☐
	☒

	12
	For all stored data, explain the measures in place to ensure the security of the data collected, data confidentiality, including details of backup procedures, password protection, encryption, anonymisation and pseudonymisation:

	
	
Data will be:
· Encrypted during storage and transfer
· Password-protected
· Stored only on approved UWTSD systems (e.g., Microsoft 365, OneDrive)
· Transcriptions and recordings will be pseudonymised and deleted once coded.
· Consent forms will be stored separately from data.
(this box should expand as you type)



	
	Data Protection

	
	Will the research activity involve any of the following activities:
	YES
	NO

	13
	Electronic transfer of data in any form?
	☒
	☐

	14
	Sharing of data with others at the University outside of the immediate research team?
	☐
	☒

	15
	Sharing of data with other organisations?
	☐
	☒

	16
	Export of data outside the UK or importing of data from outside the UK?
	☐
	☒

	17
	Use of personal addresses, postcodes, faxes, emails or telephone numbers?
	☒
	☐

	18
	Publication of data that might allow identification of individuals?
	☐
	☒

	19
	Use of data management system?
	☐
	☒

	20
	Data archiving?
	☒
	☐

	21
	If YES to any question, please provide full details, explaining how this will be conducted in accordance with the GDPR and Data Protection Act (2018) (and any international equivalents, where appropriate):

	
	
Data will be transferred using university-secured cloud systems (Microsoft 365). No identifiable data will be published. Survey tools will anonymise responses and transcription software will be used securely.
(this box should expand as you type)

	22
	List all who will have access to the data generated by the research activity:

	
	
· Principal researcher (Joshua Depiver)
· Academic supervisor (as needed)
· UWTSD Ethics Committee (if required)
(this box should expand as you type)

	23
	List who will have control of, and act as custodian(s) for, data generated by the research activity:

	
	
· Joshua Depiver (Principal Researcher)
· UWTSD IT systems will host secured storage
(this box should expand as you type)

	24
	Give details of data storage arrangements, including security measures in place to protect the data, where data will be stored, how long for, and in what form. Will data be archived – if so how and if not why.  

	
	
Data will be stored on UWTSD OneDrive and encrypted USB drive. Retention will be for 3 years post-project completion (to allow for publication). After that, data will be deleted unless needed for research archiving.
(this box should expand as you type)

	25
	Please indicate if your data will be stored in the UWTSD Research Data Repository (see https://researchdata.uwtsd.ac.uk/ ).   If so, please explain. (Most relevant to academic staff) 

	
	
 Not applicable (for taught postgraduate students).

(this box should expand as you type)

	26
	Confirm that you have read the UWTSD guidance on data management (see https://www.uwtsd.ac.uk/library/research-data-management/)
	YES
	☒

	27
	Confirm that you are aware that you need to keep all data until after your research has completed or the end of your funding
	YES
	☒




SECTION K: Declaration
	
	The information which I have provided is correct and complete to the best of my knowledge. I have attempted to identify any risks and issues related to the research activity and acknowledge my obligations and the rights of the participants.

In submitting this application, I hereby confirm that I undertake to ensure that the above named research activity will meet the University’s Research Ethics and Integrity Code of Practice which is published on the website: https://www.uwtsd.ac.uk/research/research-ethics/ 

	1
	Signature of applicant:
	Joshua Adeniyi Depiver
	Date: 13 October 2025



For STUDENT Submissions:
	2
	Director of Studies/Supervisor:
	Helen Evans
	Date: October 2026

	3
	Signature:
	

	



For STAFF Submissions:
	4
	Academic Director/ Assistant Dean:
	
	Date:

	5
	Signature:
	

	



Checklist: Please complete the checklist below to ensure that you have completed the form according to the guidelines and attached any required documentation:
	☒
	I have read the guidance notes supplied before completing the form.

	☒
	I have completed ALL RELEVANT sections of the form in full.

	☒
	I confirm that the research activity has received approval in principle

	☒
	I have attached a copy of final/interim approval from external organisation (where appropriate)

	☐
	I have attached a full risk assessment (where appropriate)  ONLY TICK IF YOU HAVE ATTACHED A FULL RISK ASSESSMENT

	☒
	I understand that it is my responsibility to ensure that the above named research activity will meet the University’s Research Ethics and Integrity Code of Practice.

	☒
	I understand that before commencing data collection all documents aimed at respondents (including information sheets, consent forms, questionnaires, interview schedules etc.) must be confirmed by the DoS/Supervisor, module tutor or Academic Director.



	RESEARCH STUDENTS ONLY
Once complete, submit this form via the MyTSD Doctoral College Portal at (https://mytsd.uwtsd.ac.uk).


	RESEARCH STAFF ONLY
All communications relating to this application during its processing must be in writing and emailed to pgresearch@uwtsd.ac.uk , with the title ‘Ethical Approval’ followed by your name.


	STUDENTS ON UNDERGRADUATE OR TAUGHT MASTERS PROGRAMMES should submit this form (and receive the outcome) via systems explained to you by the supervisor/module leader.



[bookmark: _Toc240046791]Appendix 2: Participant Information and Consent Form
This appendix includes the information sheet and consent form provided to interview participants. These documents explain the purpose of the research, participation requirements, confidentiality provisions, and the voluntary nature of participation.
MBA Dissertation – University of Wales Trinity Saint David
Study Title
Integrating Predictive Analytics into Strategic Decision-Making: A Mixed Methods Study of Organisational Readiness and Governance at SSE PLC
Researcher
Joshua Depiver (MBA Candidate)
University of Wales Trinity Saint David
Purpose of the Study
This research examines how predictive analytics capability, governance maturity, and executive trust influence the embedding of predictive analytics within strategic decision-making at SSE PLC.
The study aims to develop practical insights to strengthen the integration of governance-supported analytics in regulated organisational contexts.
What Participation Involves
· A semi-structured interview (approximately 45–60 minutes).
· Discussion of analytics use governance practices, leadership engagement, and decision-making processes.
· With your permission, the interview will be audio recorded for transcription accuracy.
· You may decline to answer any question.
Participation is entirely voluntary.
Confidentiality and Data Protection
· Your identity will remain confidential and anonymised in the dissertation.
· No identifiable information will be included.
· Data will be stored securely and handled in accordance with UK GDPR and university ethical requirements.
· Audio recordings will be deleted after transcription and verification.
Voluntary Participation
You may withdraw at any time prior to anonymised analysis without consequence.
Consent
Please confirm your agreement by signing below:
☐ I have read and understood the information above.
☐ I understand participation is voluntary.
☐ I consent to the interview being audio recorded.
☐ I agree for my anonymised responses to be used in this MBA dissertation.
Participant Name: ___________________________
Signature: _________________________________
Date: ______________________
Researcher Signature: _______________________
Date: ______________________
[bookmark: _Toc240046792]Appendix 3. Quantitative Survey Instrument and Summary Results
This appendix presents the quantitative survey instrument and summary results used in the study. It includes the questionnaire structure, response scale, survey response distributions, descriptive statistics, reliability summary, and an overview of the quantitative analysis framework. Together, these materials provide an overview of the quantitative data collected from SSE plc stakeholders and support the statistical analyses presented in Chapter 4.
📊  Predictive Analytics and Data Governance Survey – Results

1. Overview of the Survey
A quantitative questionnaire survey was conducted to evaluate perceptions of predictive analytics capabilities, data governance maturity, and organisational readiness for analytics-driven strategic decision-making within SSE PLC.
The survey was distributed to stakeholders involved in data management, analytics, governance, and decision-making functions. A total of 66 valid responses were collected.
The questionnaire consisted of structured Likert-scale questions covering six key thematic constructs aligned with the research objectives and the integrated DELTA and DCAM frameworks used in this study:
· Section B: Organisational Readiness
· Section C: Data Governance Maturity
· Section D: Predictive Analytics Capability
· Section E: Strategic Embedding of Analytics
· Section G: Barriers and Enablers
· Section F: Trust and Explainability
Respondents evaluated each statement using a five-point Likert scale with an additional ‘Not Sure’ response option.
Table A3.1 – Survey Response Scale and Coding Scheme

	Response Option
	Numeric Code

	Strongly Disagree
	1

	Disagree
	2

	Neither Agree nor Disagree
	3

	Agree
	4

	Strongly Agree
	5

	Not Sure
	6



Table A3.2 – Summary Distribution of Survey Responses

	Response Category
	Numeric Value
	Number of Responses
	Percentage (%)

	Strongly Disagree
	1
	5
	1.6%

	Disagree
	2
	18
	5.5%

	Neither Agree nor Disagree
	3
	72
	21.8%

	Agree
	4
	171
	51.8%

	Strongly Agree
	5
	55
	16.7%

	Not Sure
	6
	9
	2.6%

	Total Responses
	
	330
	100%



Table A3.3 – Summary of Key Survey Indicators

	Indicator
	Result

	Total Survey Participants
	66 respondents

	Total Survey Items Analysed
	22 questions (Sections B–G)

	Dominant Response Category
	Agree (51.8%)

	Combined Positive Responses (Agree + Strongly Agree)
	68.5%

	Neutral Responses
	21.8%

	Negative Responses
	7.1%

	Uncertain Responses
	2.6%



Table A3.4 – Overall Summary of Quantitative Analysis Framework
	Component
	Summary

	Research Method
	Quantitative survey using a structured Likert-scale questionnaire

	Research Design
	Sequential explanatory mixed-methods

	Sample Size
	66 respondents

	Survey Sections Analysed
	Sections B–G

	Core Analytical Constructs
	PAC, GM, TE, and SE

	Total Construct Items
	20

	Total Questionnaire Items
	25

	Scale Type
	5-point Likert scale with additional “Not Sure” option

	Dominant Response Pattern
	Agree (51.8%)

	Combined Positive Responses
	68.5%

	Statistical Software Used
	IBM SPSS Statistics

	Reliability Testing
	Cronbach’s Alpha

	Descriptive Analysis
	Frequencies, means, standard deviations

	Correlation Analysis
	Pearson correlation

	Regression Analysis
	Multiple linear regression

	Regression Model Fit
	R² = 0.474

	Strongest Predictor
	Trust & Explainability (β = 0.311, p < .05)

	Key Quantitative Insight
	Governance maturity and trust significantly influence the strategic embedding of predictive analytics



Table A3.5 – Reliability Summary of Survey Constructs

	Construct
	Number of Items
	Cronbach’s Alpha
	Reliability Interpretation

	Predictive Analytics Capability (PAC)
	6
	0.822
	Good

	Governance Maturity (GM)
	5
	0.832
	Good

	Trust & Explainability (TE)
	5
	0.844
	Good

	Strategic Embedding (SE)
	4
	0.713
	Acceptable

	Overall Instrument Reliability
	20
	0.839*
	Good Overall Reliability




Interpretation of the Results
The overall distribution of responses indicates a generally positive perception of the adoption of predictive analytics and data governance practices within SSE PLC. A significant proportion of respondents selected “Agree” or “Strongly Agree,” representing approximately 68.5% of responses, suggesting that stakeholders broadly recognise the growing importance of predictive analytics and structured governance practices in supporting organisational decision-making.
Neutral responses accounted for 21.8%, indicating that while many respondents acknowledge progress, there may still be variability in awareness or implementation across business units. Negative responses were relatively limited, suggesting that most respondents view current initiatives positively.
These results provide an initial quantitative indication that SSE PLC confirms a moderate to strong level of organisational readiness to adopt predictive analytics, although further qualitative insights are required to fully understand governance challenges, cultural barriers, and operational constraints.
Link to Detailed Statistical Analysis
Appendix 5 – SPSS Quantitative Analysis Output provides the detailed statistical outputs used to analyse the survey results. Appendix 5 – SPSS Quantitative Analysis Output
This appendix includes:
· Descriptive statistics
· Regression analysis results
· Residual diagnostics and normality tests
· Model validation outputs
These statistical analyses support the interpretation presented in Chapter 4: Quantitative Results Analysis.
[bookmark: _Toc240046793]Appendix 4. Qualitative Interview Materials and Transcript Extracts
This appendix presents the qualitative data collection materials used in the study. It includes the semi-structured interview guide, an overview of the interview design and thematic structure, confidentiality arrangements, and anonymised interview transcript extracts from participants across strategy, governance, data, analytics, architecture, marketing, and commercial functions within SSE plc. These materials provide an audit trail supporting the thematic analysis presented in Chapter 4 and demonstrate the credibility and trustworthiness of the qualitative findings.

4.1 Introduction
This appendix provides the qualitative evidence underpinning the study. Semi-structured interviews were conducted with senior professionals from SSE plc to explore perspectives on predictive analytics capability, governance maturity, organisational readiness, executive trust, and strategic decision-making. The qualitative findings complement the quantitative survey results by providing deeper contextual insights into the organisational, technical, and governance factors influencing the strategic use of predictive analytics.
4.2 Purpose of the Interviews
The interviews were designed to address the research questions and objectives by exploring participants' experiences and perspectives relating to:
· Predictive analytics capability and organisational readiness 
· Data governance maturity and accountability 
· Trust, explainability, and regulatory defensibility 
· Organisational barriers and enablers to analytics adoption 
· The influence of predictive analytics on strategic decision-making
4.3 Interview Structure
A semi-structured interview approach was adopted to provide consistency across interviews while allowing participants the flexibility to elaborate on issues relevant to their professional roles and experience. The interview guide comprised seven thematic sections aligned with the study's research questions, hypotheses, and conceptual framework, as summarised in Table A4.1.
Table A4.1 – Thematic Structure of the Semi-Structured Interview Guide
	Theme
	Focus

	Theme 1
	Role and organisational context

	Theme 2
	Predictive analytics capability and readiness

	Theme 3
	Data governance maturity

	Theme 4
	Trust and explainability

	Theme 5
	Strategic decision-making impact

	Theme 6
	Barriers and enablers

	Theme 7
	Integration and reflection



4.4 Participant Coverage
Interview participants were drawn from a range of relevant functions within SSE PLC, including strategy, risk, data engineering, data governance, data science, architecture, marketing, and commercial leadership. Participants are presented by their role titles to preserve confidentiality.
4.5 Appendix Contents and Confidentiality Statement
This appendix includes:
· Appendix 4.5.1 – Semi-Structured Interview Guide 
· Appendix 4.5.2 – Interview Transcript Extracts 
The qualitative interviews were conducted with employees of SSE plc under informed consent and ethical approval. Participants discussed internal governance practices, strategic decision-making, predictive analytics, and other commercially sensitive organisational issues. This appendix presents only carefully selected and anonymised interview extracts to protect participant anonymity and honour the confidentiality commitments made during the research. Minor edits have been made solely to improve readability and remove information that could reasonably identify participants, specific business activities, or confidential organisational information, without changing the meaning of the responses.
As the researcher was employed by SSE plc in a senior management role during the study, some interview discussions extended beyond general organisational practices and included information shared in confidence as part of the participants' professional roles. Therefore, this dissertation does not include the complete interview transcripts and audio recordings. These materials contain commercially sensitive information belonging to SSE plc and information disclosed to the researcher in confidence, and their wider disclosure would not be consistent with the ethical approval for this study, the assurances given to participants, or the organisation's confidentiality obligations.
To support transparency and enable the qualitative findings to be evaluated, the dissertation provides an appropriate audit trail through the interview guide, anonymised interview extracts, the NVivo coding framework, coding hierarchy, theme development process, participant coverage across themes, and evidence of data saturation presented within the dissertation and its appendices. These materials provide sufficient evidence for readers and examiners to assess the rigour and trustworthiness of the qualitative analysis while maintaining participant confidentiality and protecting commercially sensitive organisational information.
Appendix 4.5.1 – Semi-Structured Interview Guide

Interview Guide: Predictive Analytics and Data Governance at SSE PLC

Introduction to Participants
Thank you for agreeing to participate in this interview. The purpose of this research is to explore how predictive analytics and data governance practices influence strategic decision-making within SSE PLC.
The interview is part of an academic study examining organisational readiness, governance maturity, and the role of predictive analytics in decision-making processes. Your responses will be used only for research purposes and will remain confidential. Participants will be referred to by role title rather than by personal name.
The interview will last approximately 45 to 60 minutes and will focus on your experiences and perspectives regarding predictive analytics, governance practices, and strategic decision-making within the organisation.
Theme 1 – Role and Organisational Context (RQ2)
1. Can you describe your current role and responsibilities within SSE PLC?
2. How does predictive analytics feature in your day-to-day work?
3. In what types of decisions are analytics outputs most commonly used within your area?
Theme 2 – Predictive Analytics Capability and Organisational Readiness (H1, RQ2)
4. How would you describe SSE PLC’s current capability in relation to predictive analytics?
5. To what extent do leadership practices influence the use of analytics in decision-making?
6. How would you characterise organisational attitudes toward data-driven decision-making?
7. Do you believe analytical skills and understanding are sufficient at senior decision-making levels? Why or why not?
Theme 3 – Data Governance Maturity (H2, H4, RQ1)
8. How clear are data ownership, accountability, and governance responsibilities within your organisation?
9. How do data quality, metadata, or lineage practices affect confidence in analytics outputs?
10. In your experience, does data governance enable or constrain the use of predictive analytics?
Theme 4 – Trust and Explainability (H2, H3, RQ3)
11. What factors increase trust in predictive analytics outputs among decision-makers?
12. What factors tend to reduce trust or create scepticism toward analytics results?
13. How important is explainability when analytics informs strategic decisions?
14. How are ethical, regulatory, or compliance considerations addressed when predictive analytics is used?
Theme 5 – Strategic Decision-Making Impact (H3, RQ3)
15. Can you describe a situation where predictive analytics significantly influenced a strategic decision?
16. Have there been occasions where analytics outputs were overridden or ignored? What were the reasons?
17. How does executive trust affect whether analytics insights influence final decisions?
Theme 6 – Barriers and Enablers (H4)
18. What organisational barriers limit the effective use of predictive analytics?
19. How do organisational culture, data literacy, or regulatory pressures influence analytics adoption?
20. What factors most strongly enable predictive analytics to be embedded into decision-making?
Theme 7 – Integration and Reflection
21. What conditions are necessary for predictive analytics to be fully trusted at the executive level?
22. How could governance arrangements and organisational capability better support strategic use of analytics?
23. Is there anything else you believe is critical to understanding predictive analytics readiness at SSE PLC?
Appendix 4.5.2 – Interview Transcript Extracts
Participant Code: P1
Role: Senior Strategy & Investment Executive
Organisation: SSE PLC
Interview Type: Semi-Structured
Mode: Microsoft Teams
Duration: Approximately 56 minutes
Note: The transcript has been lightly edited for clarity and readability. All identifying details have been anonymised in accordance with ethical research guidelines.
Theme 1: Role and Context (RQ2)
Question 1: Can you describe your role and responsibilities within SSE PLC?
Response: I work within Group Strategy and Investment Planning. My role focuses on long-term capital allocation, aligning investment decisions with Net Zero objectives, and evaluating major infrastructure projects. I collaborate closely with Finance, Asset Management, and Regulatory teams to ensure that decisions are both commercially sound and aligned with regulatory expectations.
Question 2: How does predictive analytics feature in your day-to-day work?
Response: Predictive analytics is increasingly embedded in our forecasting processes. We use it extensively for demand forecasting, generational performance modelling, and scenario-based risk analysis. It doesn’t replace judgement, but it plays an important role in shaping it by offering forward-looking insight rather than relying solely on historical reporting.
Question 3: In what types of decisions are analytics outputs most commonly used?
Response: It is applied across both strategic and tactical decisions. On a strategic level, it supports long-term investment plans and decarbonisation pathways. It influences risk management and asset optimisation on a tactical level. Operational teams also rely on it for predictive maintenance and outage forecasting.
Theme 2: Predictive Analytics Capability and Readiness (H1, RQ2)
Question 4: How would you describe SSE’s current capability?
Response: There are clear strengths in technical capability, particularly in forecasting and asset analytics. However, maturity is not consistent across organisations. Some functions are quite advanced, while others still operate at a more descriptive level rather than being fully predictive.
Question 5: To what extent do leadership practices influence analytics use?
Response: Leadership has a significant influence. When leaders actively ask for data-driven insights, analytics becomes part of everyday decision-making. Prioritising intuition tends to make analytics more advisory and less central.
Question 6: What are organisational attitudes toward data-driven decision-making?
Response: Overall, attitudes are positive, but there is some caution. Given the regulatory environment, people want a high degree of confidence before relying on analytical outputs.
Question 7: Are analytical skills sufficient at senior level?
Response: Senior leaders generally have a strong conceptual understanding, but not always deep technical expertise. As a result, they depend on analytics teams to interpret and translate outputs into something actionable.
Theme 3: Data Governance Maturity (H2, H4, RQ1)
Question 8: How clear are data ownership and governance responsibilities?
Response: There has been noticeable improvement recently, with clearer ownership structures and more formal governance forums. However, business units still differ in the consistency of their application.
Question 9: How do data quality and lineage affect confidence?
Response: They have a direct impact. When data lineage is clearly documented and quality metrics are visible, confidence increases significantly. When that transparency is missing, scepticism tends to follow, even if the model is technically sound.
Question 10: Does governance enable or constrain analytics?
Response: It can do both. When applied appropriately, governance provides legitimacy and supports adoption. However, if it becomes overly bureaucratic, it can slow down innovation and experimentation.
Theme 4: Trust and Explainability (H2, H3, RQ3)
Question 11: What increases trust in predictive analytics outputs?
Response: Trust is built through transparency, particularly around assumptions, scenario comparisons, historical validation, and clear documentation.
Question 12: What reduces trust?
Response: Trust tends to decrease when models are opaque, when data sources are inconsistent, or when outputs contradict operational experience without a clear explanation.
Question 13: How important is explainability?
Response: It is absolutely critical. In a regulated environment, decisions must be defensible for regulators, such as Ofgem. An inability to clearly explain even a highly accurate model can pose problems.
Question 14: How are ethical and regulatory concerns addressed?
Response: These are managed through governance oversight, compliance checks, and cross-functional sign-off before analytics is used in strategic decisions. Regulatory defensibility is a key consideration.
Theme 5: Strategic Decision-Making Impact (H3, RQ3)
Question 15: Can you provide an example of analytics influencing a strategic decision?
Response: One example is a multi-year demand-forecasting model that influenced the timing of grid-reinforcement investments. The predictive scenarios helped us sequence capital allocation decisions under uncertainty.
Question 16: Have analytics outputs ever been overridden?
Response: Yes, that does happen. In one case, the macroeconomic assumptions within a model were considered unrealistic, so executive judgement was used to adjust the final decision.
Question 17: How does executive trust affect final decisions?
Response: When trust is high, analytics plays a central role in shaping the decision. When trust is lower, it becomes more of a supporting input and can be overridden more easily.
Theme 6: Barriers and Enablers
Question 18: What are the main organisational barriers?
Response: Key challenges include legacy systems, fragmented data, uneven levels of data literacy, and general change fatigue from ongoing transformation programmes.
Question 19: How do culture, literacy, or regulation shape adoption?
Response: Regulation tends to increase caution, which raises the threshold for adopting analytics. Culture significantly influences whether people embrace analytics as a partner or perceive it as a challenge.
Question 20: What most strongly enables embedding analytics?
Response: Consistent leadership support, clear governance structures, high-quality data, and visible success stories all play a crucial role.
Theme 7: Integration and Reflection
Question 21: What conditions are necessary for executive-level trust?
Response: Trust depends on clear governance accountability, well-documented data lineage, transparent assumptions, regulatory defensibility, and evidence of past accuracy.
Question 22: How could governance and capability better support strategic use?
Response: Governance needs to be more closely integrated into strategic processes rather than treated purely as a compliance function. When positioned correctly, it becomes a strategic enabler.
Question 23: Is there anything else critical to understanding readiness?
Response: Readiness is not just about having the right models. It is about whether the organisation is prepared to trust and act on insights, particularly under regulatory scrutiny. In this context, strategy fundamentally links governance and trust.
Participant Code: P2
Role: Executive Director – Enterprise Risk & Corporate Strategy
Organisation: SSE PLC
Interview Type: Semi-Structured
Mode: Microsoft Teams
Duration: Approximately 58 minutes
Note: The transcript has been lightly edited for clarity and readability. All identifying details have been anonymised in accordance with ethical research guidelines.
Theme 1: Role and Context (RQ2)
Question 1: Can you describe your role and responsibilities within SSE PLC?
Response: I lead enterprise risk management and contribute to corporate strategy development. My role involves ensuring that strategic decisions are risk-informed, financially sound, regulator-ready, and aligned with long-term sustainability goals. This includes working across investment planning, regulatory engagement, and board-level reporting.
Question 2: How does predictive analytics feature in your day-to-day work?
Response: Predictive analytics plays an increasingly important role in how we approach risk modelling, scenario analysis, and long-term resilience planning. We use it to assess demand volatility, asset failure probabilities, carbon transition pathways, and financial exposure under different market or regulatory conditions. It helps shift our approach from reactive management to more structured, forward-looking decision-making.
Question 3: In what types of decisions are analytics outputs most commonly used?
Response: Its strongest application is in strategic decision-making, particularly around investment timing, infrastructure prioritisation, and decarbonisation sequencing. At a more tactical level, it supports risk monitoring and performance forecasting. Operational use tends to sit more within asset-focused teams.
Theme 2: Predictive Analytics Capability and Readiness (H1, RQ2)
Question 4: How would you describe SSE’s current capability in predictive analytics?
Response: We have credible modelling capabilities, especially in forecasting and scenario planning. However, readiness varies across different parts of the organisation. While the capability exists, it has not yet been fully integrated at an enterprise level, so maturity remains uneven.
Question 5: To what extent do leadership practices influence the use of analytics?
Response: Leadership behaviours are key factors. When executives consistently expect evidence-based reasoning, analytics becomes embedded in decision-making. Where intuition is prioritised, analytics tends to be treated as a supporting input rather than as a core driver.
Question 6: How would you characterise organisational attitudes toward data-driven decision-making?
Response: The organisation is broadly supportive, but there is a degree of caution. Given the regulatory environment, there is a clear preference for well-governed, defensible analytics over unstructured experimentation.
Question 7: Are analytical skills sufficient at senior levels? Why or why not?
Response: There is a strong level of strategic literacy; leaders understand both the value and the limitations of predictive models. However, deeper technical understanding is less common, which increases reliance on translation by analytics teams and on governance frameworks to support interpretation.
Theme 3: Data Governance Maturity (H2, H4, RQ1)
Question 8: How clear are data ownership and governance responsibilities?
Response: Governance structures have improved significantly over time, and data ownership is now more clearly defined. However, there is still some inconsistency in how these responsibilities are applied across different business units.
Question 9: How do data quality, metadata, or lineage practices affect confidence?
Response: They are absolutely fundamental. Confidence at an executive level increases when data lineage is visible, and assumptions can be clearly traced. Where metadata is incomplete or unclear, trust can decline rapidly.
Question 10: Does governance enable or constrain strategic analytics use?
Response: In most cases, governance enables analytics by providing legitimacy and structure. It becomes constraining only when it is overly bureaucratic or misaligned with strategic priorities, which can lead to inefficiencies and hinder decision-making. When properly balanced, governance strengthens institutional trust.
Theme 4: Trust and Explainability (H2, H3, RQ3)
Question 11: What factors increase trust in predictive analytics outputs?
Response: Trust is built through transparency, particularly around model assumptions, historical validation, sensitivity analysis, and clear documentation. Alignment with regulatory expectations is also critical.
Question 12: What reduces trust?
Response: Trust is undermined when models lack transparency, when there are inconsistencies in the data, or when outputs conflict with operational experience without sufficient explanation. Overconfidence in projections, especially when uncertainty is not acknowledged, can also reduce credibility.
Question 13: How important is explainability?
Response: It is absolutely critical. In a regulated infrastructure environment, every strategic decision must be defensible. Explainability is not optional; it is essential for gaining board-level confidence and approval.
Question 14: How are ethical, regulatory, or compliance concerns addressed?
Response: These are addressed through governance forums, risk committees, compliance reviews, and cross-functional validation before any analytics is used to support strategic decisions.
Theme 5: Strategic Decision-Making Impact (H3, RQ3)
Question 15: Can you describe a situation where predictive analytics influenced a strategic decision?
Response: A positive example is a long-term network reinforcement programme. Predictive demand modelling highlighted changes in load trajectories across different decarbonisation scenarios, ultimately reshaping the sequencing of capital investment decisions.
Question 16: Have analytics outputs ever been overridden? Why?
Response: Yes, that does happen. In one case, geopolitical uncertainty was not adequately reflected in the model assumptions, so executive judgement was used to adjust the final decision framework.
Question 17: How does executive trust affect whether analytics informs final decisions?
Response: Trust acts as a key mediator. When trust is high, analytics shapes the strategic discussion. When it is lower, analytics still informs the conversation but does not anchor the final decision.
Theme 6: Barriers and Enablers
Question 18: What organisational barriers limit effective use?
Response: Common barriers include legacy systems, siloed data environments, uneven levels of data literacy, and change fatigue resulting from multiple transformation initiatives.
Question 19: How do culture, literacy, or regulatory pressures shape adoption?
Response: Regulation raises the bar for adoption, meaning models must be robust and understandable. Culture, on the other hand, determines whether analytics is embraced as a valuable partner or considered a challenge to established experience.
Question 20: What most strongly enables embedding analytics into decision-making?
Response: Consistent leadership behaviour, strong governance alignment, clear accountability, and visible examples of predictive success all play important roles.
Theme 7: Integration and Reflection
Question 21: What conditions are necessary for predictive analytics to be fully trusted at the executive level?
Response: Trust depends on several factors: clear governance accountability, transparent model assumptions, demonstrated predictive reliability, regulatory defensibility, and a culture that is open to data-informed challenge.
Question 22: How could governance and organisational capabilities better support strategic use?
Response: Governance needs to be embedded directly into strategic planning processes rather than treated as a post hoc compliance step. At the right level of maturity, governance should function as strategic infrastructure rather than a constraint.
Question 23: Is there anything else critical to understanding predictive analytics readiness at SSE PLC?
Response: Readiness is not just about technical capability. It is about whether the organisation is institutionally prepared to rely on data-driven foresight in a regulated and publicly scrutinised environment. Trust, governance, leadership, and culture all operate 
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Theme 1: Role and Context (RQ2)
Question 1: Can you describe your role and responsibilities within SSE PLC?
Response: I lead data engineering and platform architecture across several business domains. My team is responsible for data ingestion, transformation pipelines, cloud-based analytics infrastructure, and metadata integration. We also support predictive modelling initiatives by ensuring that data is available, reliable, and scalable for analytical purposes.
Question 2: How does predictive analytics feature in your day-to-day work?
Response: Predictive analytics shapes much of how we design our data pipelines. We are not just building dashboards; we are creating the underlying data foundation for forecast models, asset health predictions, demand modelling, and scenario analysis. My role is more about enabling analytics from a technical standpoint than directly contributing to strategic decisions, so I focus on ensuring data quality, optimising data pipelines, and providing the tools analysts need to derive insights.
Question 3: In what types of decisions are analytics outputs most commonly used?
Response: From a technical perspective, most analytics use begins at the operational level, with things like predictive maintenance and performance optimisation. However, we are seeing increasing use in strategic contexts, particularly around investment planning and risk forecasting.
Theme 2: Predictive Analytics Capability and Readiness (H1, RQ2)
Question 4: How would you describe SSE’s current capability in predictive analytics?
Response: Technically, we have strong modelling tools and growing cloud infrastructure capabilities. However, overall readiness depends heavily on data maturity. Some domains are well-structured and advanced, while others are still dealing with fragmented or legacy datasets.
Question 5: To what extent do leadership practices influence analytics use?
Response: Leadership influence is significant. When senior stakeholders prioritise analytics early in the project's design, we can build scalable and robust solutions. When we introduce analytics later, we often encounter technical constraints that restrict its effectiveness.
Question 6: How would you characterise organisational attitudes toward data-driven decision-making?
Response: There is growing enthusiasm, particularly for digital transformation programmes. That said, some operational teams remain cautious, especially when predictive outputs challenge established ways of working.
Question 7: Are analytical skills sufficient at senior levels? Why or why not?
Response: While there is a good level of strategic understanding, we sometimes underestimate the complexity of data dependencies and technical limitations. This can lead to unrealistic expectations around what predictive models can deliver.
Theme 3: Data Governance Maturity (H2, H4, RQ1)
Question 8: How clear are data ownership, accountability, and governance responsibilities?
Response: Data ownership frameworks are clearer now than before, which is a positive step forward. However, in practice, accountability, particularly for resolving data quality issues, can still be inconsistent across different domains.
Question 9: How do data quality, metadata, or lineage practices affect confidence in analytics outputs?
Response: From a technical standpoint, they are fundamental. Without clear lineage and well-maintained metadata, predictive outputs are difficult to reproduce and validate. That directly impacts executive confidence and trust.
Question 10: Does data governance enable or constrain strategic analytics use?
Response: Governance generally enables analytics by providing structure and consistency. However, when governance requirements are applied inconsistently, it can create friction and slow down delivery.
Theme 4: Trust and Explainability (H2, H3, RQ3)
Question 11: What factors increase trust in predictive analytics outputs?
Response: Trust increases when there is clear data provenance, consistent quality metrics, well-defined model validation processes, and strong collaboration between engineering and business teams.
Question 12: What factors reduce trust or create scepticism?
Response: Trust is reduced when there are inconsistencies between data sources, when models are overfitted without proper operational validation, or when assumptions are not clearly visible to stakeholders.
Question 13: How important is explainability when analytics informs strategic decisions?
Response: It is vital. From an engineering perspective, achieving explainability often requires additional effort, for example, tracking assumptions, maintaining version control, and documenting model behaviour, but it is essential for adoption.
Question 14: How are ethical, regulatory, or compliance concerns addressed?
Response: We build compliance into the architecture itself. This includes integrating data classification, access controls, and retention policies directly into the design of our data platforms and pipelines.
Theme 5: Strategic Decision-Making Impact (H3, RQ3)
Question 15: Can you describe a situation where predictive analytics significantly influenced a strategic decision?
Response: Our team developed a predictive asset-degradation model to support capital replacement planning. The model identified higher-than-expected failure probabilities under certain climate scenarios, which influenced long-term investment decisions.
Question 16: Have analytics outputs been ignored or overridden? Why?
Response: Yes, that has happened. In some cases, operational experience did not align with model outputs. When confidence in the underlying data quality was limited, leadership chose to take a more cautious approach.
Question 17: How does executive trust affect final decisions?
Response: The crucial turning point is executive trust. Even a technically strong model will not influence strategic decisions unless there is confidence in both the data and the governance supporting it.
Theme 6: Barriers and Enablers
Question 18: What organisational barriers limit the effective use of predictive analytics?
Response: Common barriers include legacy data systems, inconsistent metadata standards, competing transformation priorities, and limited adoption of enterprise data catalogues.
Question 19: How do culture, data literacy, or regulatory pressures shape adoption?
Response: Regulatory requirements increase expectations around traceability and control. Culture determines whether teams actively engage with governance practices or view them as an administrative burden.
Question 20: What factors most strongly enable embedding analytics into decision-making?
Response: Early involvement of data teams in strategic initiatives, clear governance frameworks, investment in data literacy, and strong executive sponsorship all play an important role.
Theme 7: Integration and Reflection
Question 21: What conditions are necessary for predictive analytics to be fully trusted at the executive level?
Response: From a data perspective, trust depends on having an enterprise-grade architecture, standardised metadata and lineage, clearly defined ownership, and transparent model validation processes.
Question 22: How could governance arrangements and organisational capabilities better support the strategic use of analytics?
Response: Governance needs to be embedded into delivery workflows rather than applied retrospectively. Technical architecture and governance design should evolve together rather than being treated as separate activities.
Question 23: Is there anything else critical to understanding predictive analytics readiness at SSE PLC?
Response: Readiness is not just about modelling capabilities. It also depends on the engineering discipline. Predictive analytics is only as strong as the data pipelines, metadata integrity, and cross-functional collaboration that support it.
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Theme 1: Role and Context (RQ2)
Question 1: Can you describe your role and responsibilities within SSE PLC?
Response: I act as the business data owner for the commercial and customer domain. My role centres around ensuring data quality, maintaining consistent definitions, establishing business rules, and making sure that the data used in analytics reflects operational reality. I work closely with analytics teams, data engineers, and commercial leadership to support decision-making.
Question 2: How does predictive analytics feature in your day-to-day work?
Response: Predictive analytics depends heavily on the datasets I oversee, things like customer segmentation, billing data, usage patterns, and pricing history. Before using these datasets in any modelling, I ensure their accuracy, governance, and clarity.
Question 3: In what types of decisions are analytics outputs most commonly used?
Response: In our area, analytics supports both tactical and strategic decisions. This includes tariff design, customer retention strategies, demand forecasting, and revenue projections.
Theme 2: Predictive Analytics Capability and Readiness (H1, RQ2)
Question 4: How would you describe SSE’s current capability in predictive analytics?
Response: The modelling capability is strong, but overall readiness varies with the maturity of the underlying data. Some datasets are well-structured and standardised, while others still carry historical inconsistencies.
Question 5: To what extent do leadership practices influence analytics use?
Response: Leadership expectations make a big difference. When leaders actively request data-backed proposals, teams naturally prioritise governance and validation. However, when urgency takes precedence, there can be pressure to take shortcuts.
Question 6: How would you characterise organisational attitudes toward data-driven decision-making?
Response: Attitudes are generally positive. That said, operational teams may sometimes view analytics as theoretical unless business validation and real-world evidence clearly support it.
Question 7: Are analytical skills sufficient at senior decision-making levels? Why or why not?
Response: Senior leaders understand the strategic implications of analytics, but there is sometimes less awareness of data definitions and limitations. This is where governance plays an important role in safeguarding decisions.
Theme 3: Data Governance Maturity (H2, H4, RQ1)
Question 8: How clear are data ownership, accountability, and governance responsibilities?
Response: Formal structures are in place, and roles are clearly defined. However, in practice, accountability, particularly for resolving data issues, can still be shared or unclear across different teams.
Question 9: How do data quality, metadata, or lineage practices affect confidence in analytics outputs?
Response: They are absolutely critical. If I can confirm clear data lineage and consistent business definitions, I am confident in endorsing analytics outputs. Without that clarity, I would be more cautious.
Question 10: Does data governance enable or constrain the strategic use of analytics?
Response: It enables analytics by ensuring credibility and trust. However, it can feel constraining when timelines are tight, and there is pressure to deliver outputs quickly.
Theme 4: Trust and Explainability (H2, H3, RQ3)
Question 11: What factors increase trust in predictive analytics outputs?
Response: Trust is strengthened by clear business definitions, transparent assumptions, formal data validation sign-off, and consistency in KPIs across systems.
Question 12: What factors reduce trust or create scepticism?
Response: Trust is reduced when there are conflicting figures across reports, when business terms are not clearly defined, or when model outputs contradict established operational patterns.
Question 13: How important is explainability when analytics informs strategic decisions?
Response: It is crucial. Business leaders need to understand exactly what the model measures and, just as importantly, what it does not.
Question 14: How are ethical, regulatory, or compliance concerns addressed?
Response: We apply data classification standards, ensure compliance with the UK GDPR, and review analytics use cases in governance forums before implementation.
Theme 5: Strategic Decision-Making Impact (H3, RQ3)
Question 15: Can you describe a situation where predictive analytics significantly influenced a strategic decision?
Response: A customer churn prediction model informed changes to pricing and retention strategies. However, before it was adopted, we carried out detailed validation against historical data to ensure its reliability.
Question 16: Have there been occasions where analytics outputs were ignored or overridden? What were the reasons?
Response: Yes. In situations where data inconsistencies were identified late in the process, leadership chose not to proceed until those governance issues had been addressed.
Question 17: How does executive trust affect whether analytics informs final decisions?
Response: If executives trust the governance behind the data, analytics plays a central role in shaping decisions. If that trust is lacking, they tend to rely more on experience and judgement.
Theme 6: Barriers and Enablers
Question 18: What organisational barriers limit the effective use of predictive analytics?
Response: Key barriers include inconsistencies in historical data, siloed definitions across business units, limited adoption of metadata standards, and competing priorities.
Question 19: How do culture, data literacy, or regulatory pressures shape analytics adoption and use?
Response: Increased regulation increases scrutiny, reinforcing the need for strong governance. Culture determines whether governance is embraced as part of ethical practice or resisted as an additional burden.
Question 20: What factors most strongly enable analytics to be embedded into decision-making?
Response: Strong data stewardship, clear and consistent business definitions, executive sponsorship, and close alignment between business and data teams all play a significant role.
Theme 7: Integration and Reflection
Question 21: What conditions are necessary for predictive analytics to be fully trusted at the executive level?
Response: From a data stewardship perspective, trust depends on clear ownership, standardised definitions, transparent lineage, validated data quality metrics, and formal governance endorsements.
Question 22: How could governance arrangements and organisational capability better support the strategic use of analytics?
Response: Governance needs to be more proactive rather than reactive. Data owners should be involved earlier in the modelling process to ensure that data quality and definitions are addressed from the outset.
Question 23: Is there anything else critical to understanding predictive analytics readiness at SSE PLC?
Response: Readiness depends on whether governance maturity is embedded into day-to-day operations, not just documented in policy. When data quality and ownership are consistently applied in practice, trust becomes sustainable.
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Theme 1: Role and Context (RQ2)
Question 1: Can you describe your role and responsibilities within SSE PLC?
Response: I lead predictive modelling initiatives across several areas, including demand forecasting, asset performance modelling, and customer analytics. My responsibilities cover the full lifecycle: model development, validation, performance monitoring, and communication of outputs to both business stakeholders and senior leadership.
Question 2: How does predictive analytics feature in your day-to-day work?
Response: It sits at the core of what I do. A lot of my work involves translating business problems into modelling frameworks, selecting appropriate techniques, validating assumptions, and ensuring that the outputs are both interpretable and practically useful.
Question 3: In what types of decisions are analytics outputs most commonly used?
Response: At the operational level, teams use our outputs for predictive maintenance and performance optimisation. Strategically, our forecasts inform investment decisions, pricing strategies, and broader risk planning.
Theme 2: Predictive Analytics Capability and Readiness (H1, RQ2)
Question 4: How would you describe SSE’s current capability in predictive analytics?
Response: We have strong modelling capabilities and increasingly modern tools. However, predictive readiness still depends heavily on data maturity and governance consistency. Technical capability on its own does not necessarily translate into strategic impact.
Question 5: To what extent do leadership practices influence the use of analytics in decision-making?
Response: Leadership engagement is critical. When executives actively engage with and challenge modelling outputs, analytics become embedded in decision-making. When that engagement is more superficial, models tend to be treated as supporting evidence rather than a central input.
Question 6: How would you characterise organisational attitudes toward data-driven decision-making?
Response: There is growing acceptance across the organisation. However, there remains a strong tendency to combine analytics with experience rather than rely solely on model outputs.
Question 7: Are analytical skills and understanding sufficient at senior decision-making levels? Why or why not?
Response: Strategic understanding is generally adequate, but detailed awareness of model limitations is sometimes lacking. This can lead to unrealistic expectations around the level of precision or certainty that models can provide.
Theme 3: Data Governance Maturity (H2, H4, RQ1)
Question 8: How clear are data ownership, accountability, and governance responsibilities in analytics initiatives?
Response: Ownership frameworks are in place, but clarity can vary between domains. When ownership is unclear, model validation slows because accountability for data quality becomes harder to establish.
Question 9: How do data quality, metadata, or lineage practices affect confidence in analytics outputs?
Response: They are fundamental. If I cannot clearly document data lineage and transformation logic, it becomes difficult to defend the model to senior stakeholders.
Question 10: Does data governance enable or constrain the strategic use of analytics?
Response: Governance generally enables analytics by providing credibility and structure. However, when governance reviews happen late in the development process, they can delay deployment and reduce agility.
Theme 4: Trust and Explainability (H2, H3, RQ3)
Question 11: What factors increase trust in predictive analytics outputs?
Response: Trust is strengthened through transparent modelling assumptions, sensitivity analysis, historical back-testing, and clear communication of uncertainty.
Question 12: What factors reduce trust or create scepticism toward analytics?
Response: Trust tends to decrease when models are overly complex without explanation, when data inputs are inconsistent, or when outputs are presented without sufficient context.
Question 13: How important is explainability when analytics informs strategic decisions?
Response: It is critical. In many cases, explainability matters more than marginal improvements in predictive accuracy, particularly in strategic decision-making contexts.
Question 14: How are ethical, regulatory, or compliance concerns addressed when analytics is used?
Response: We conduct bias checks, thoroughly document model assumptions, and involve governance stakeholders before deployment. Regulatory compliance is embedded in our model review processes.
Theme 5: Strategic Decision-Making Impact (H3, RQ3)
Question 15: Can you describe a situation where predictive analytics significantly influenced a strategic decision?
Response: A long-term demand forecasting model we developed played a key role in shaping capital allocation decisions in a grid reinforcement programme.
Question 16: Have there been occasions where analytics outputs were ignored or overridden? What were the reasons?
Response: Yes, that has happened. In one instance, operational leaders questioned the realism of climate-adjusted assumptions, and executive judgement was used to moderate the model’s recommendation.
Question 17: How does executive trust affect whether analytics informs final decisions?
Response: Trust is the decisive factor. When executives have confidence in the data and governance processes, models tend to anchor discussions. Without that trust, analytics becomes more advisory.
Theme 6: Barriers and Enablers
Question 18: What organisational barriers limit the effective use of predictive analytics?
Response: Common barriers include legacy systems, data silos, inconsistent metadata, and limited cross-functional collaboration.
Question 19: How do culture, data literacy, or regulatory pressures shape analytics adoption and use?
Response: Regulation increases the need for explainability and rigour. Culture determines whether models are constructively challenged and refined or dismissed prematurely.
Question 20: What factors most strongly enable analytics to be embedded into decision-making?
Response: Executive sponsorship, strong data governance, early involvement of business stakeholders, and continuous validation cycles all play a key role.
Theme 7: Integration and Reflection
Question 21: What conditions are necessary for predictive analytics to be fully trusted at executive level?
Response: Trust depends on transparent assumptions, reproducible outputs, governance endorsement, clear articulation of uncertainty, and demonstrated predictive performance over time.
Question 22: How could governance arrangements and organisational capability better support the strategic use of analytics?
Response: Governance needs to be embedded into development workflows from the outset. There is also a need to invest in executive data literacy so that leaders can better interpret and challenge model outputs.
Question 23: Is there anything else critical to understanding predictive analytics readiness at SSE PLC?
Response: Readiness is not just about model sophistication. It depends on the alignment of technical rigour, governance discipline, leadership engagement, and organisational culture. If any one of these elements is weak, it limits the ability to embed analytics effectively into strategic decision-making.
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Theme 1: Role and Context (RQ2)
Q1. Can you describe your role and responsibilities within SSE PLC?
Response:
I lead the enterprise data architecture and platform strategy across SSE. That includes cloud platforms, integration standards, and making sure our technology landscape can actually support analytics at scale. My team essentially builds the structural backbone; we’re responsible for creating an environment where predictive analytics can operate reliably and consistently across the organisation.
Q2. How does predictive analytics feature in your day-to-day work?
Response:
It plays quite a central role, especially in how we design and evolve our platforms. We’re constantly thinking about things like scalable data ingestion, compute capacity, model reproducibility, and secure access. From my perspective, it’s less about building models and more about ensuring the environment can support them in a robust, well-governed way.
Q3. In what types of decisions are analytics outputs most commonly used?
Response:
From an architecture standpoint, analytics supports both operational and strategic decisions. Operationally, it’s used for optimisation, but where it’s really growing is in areas like investment planning, decarbonisation forecasting, and resilience modelling – those longer-term, high-impact decisions.
Theme 2: Predictive Analytics Capability and Readiness (H1, RQ2)
Q4. How would you describe SSE’s current capability in relation to predictive analytics?
Response:
Technologically, we’ve made strong progress in cloud adoption, and our data platforms have improved significantly. That said, legacy systems still introduce fragmentation, which makes it harder to achieve full enterprise-level maturity, particularly in areas such as data integration and real-time analytics. So, the capability is there, but it is not always consistently realised across the organisation.
Q5. To what extent do leadership practices influence the use of analytics?
Response:
Leadership is absolutely critical. Platform investment and governance integration don’t happen without sustained executive backing. If that support drops off, architectural modernisation tends to stall, which directly impacts how effectively analytics can be used.
Q6. How would you characterise organisational attitudes toward data-driven decision-making?
Response:
There’s definitely a clear strategic intent to be data-driven. This intent is evident in the organisation's messaging and direction. However, in practice, operational realities sometimes mean that consistency isn’t always there.
Q7. Are analytical skills and understanding sufficient at senior levels? Why or why not?
Response:
There’s a good level of strategic awareness, but not always a deep understanding of architectural constraints. That can create a bit of tension; expectations can be quite ambitious but not always grounded in what’s technically feasible in the short term.
Theme 3: Data Governance Maturity (H2, H4, RQ1)
Q8. How clear are data ownership and governance responsibilities?
Response:
The frameworks are in place, but embedding them into day-to-day architectural workflows is still evolving. Where ownership is clear, delivery tends to be much smoother, so it does make a tangible difference.
Q9. How do data quality, metadata, or lineage practices affect confidence in analytics outputs?
Response:
They’re fundamental. From an architecture perspective, enabling automated and traceable data lineage is key. When that’s in place, it significantly increases executive confidence because everything can be traced and explained.
Q10. Does governance enable or constrain the use of strategic analytics?
Response:
Overall, governance enables scalability and reliability. Without it, the architecture becomes fragile. However, poorly designed governance processes can introduce delays, so it's about finding the right balance.
Theme 4: Trust and Explainability (H2, H3, RQ3)
Q11. What factors increase trust in predictive analytics outputs?
Response:
From a platform perspective, trust comes from things like:
· Stable and reliable infrastructure
· Version-controlled models
· Automated data lineage
· Secure and controlled access environments
All of these contribute to making outputs consistent and defensible.
Q12. What factors reduce trust or create scepticism?
Response:
Inconsistencies across systems are a big issue. Also, manual workarounds and poor documentation – those tend to undermine confidence quite quickly.
Q13. How important is explainability when analytics informs strategic decisions?
Response:
It’s critical, especially at the board level. From an architecture standpoint, explainability relies heavily on structured logging, metadata frameworks, and traceability. Without those, it’s very difficult to build trust.
Q14. How are ethical, regulatory, or compliance concerns addressed?
Response:
Primarily through architectural controls, things like data classification, role-based access, encryption, audit logging, and retention policies. These are built into the platform to ensure consistent compliance.
Theme 5: Strategic Decision-Making Impact (H3, RQ3)
Q15. Can you describe a situation where predictive analytics influenced a strategic decision?
Response:
Yes, predictive model outputs influenced how we sequenced infrastructure upgrades. The models highlighted the need for increased compute capacity, which directly informed capital investment planning for our technology platforms.
Q16. Have there been occasions where analytics outputs were ignored or overridden? What were the reasons?
Response:
Yes, particularly when platform constraints delayed deployment. In those situations, decision-makers sometimes reverted to more traditional forecasting approaches because they couldn’t wait for the analytics to be fully operational.
Q17. How does executive trust affect whether analytics informs final decisions?
Response:
Trust is closely tied to platform reliability. If systems are stable and outputs are consistent, confidence is high. But if there are failures or inconsistencies, trust can erode very quickly.
Theme 6: Barriers and Enablers
Q18. What organisational barriers limit the effective use of predictive analytics?
Response:
The main ones are:
· Legacy systems
· Technical debt
· Integration complexity
· Fragmented platform ownership
All of these make it harder to deliver analytics consistently at scale.
Q19. How do culture, data literacy, or regulatory pressures shape analytics adoption and use?
Response:
Regulation increases the need for auditability and control. The perception of governance as enabling or slowing things down heavily relies on culture. That perception really matters.
Q20. What factors most strongly enable analytics to be embedded into decision-making?
Response:
Key enablers include:
· Modern, integrated data platforms
· Clear architectural standards
· Governance embedded by design
· Sustained executive funding
Theme 7: Integration and Reflection
Q21. What conditions are necessary for predictive analytics to be fully trusted at the executive level?
Response:
You need:
· Reliable enterprise platforms
· End-to-end data lineage
· Controlled deployment pipelines
· Automated governance
· Proven system resilience over time
Q22. How could governance arrangements and organisational capability better support the strategic use of analytics?
Response:
Governance needs to be built into architecture from the start, not added afterwards. Developing analytics on governed platforms by default simplifies scaling and builds trust.
Q23. Is there anything else critical to understanding predictive analytics readiness at SSE PLC?
Response:
Yes — readiness is fundamentally structural. Without mature enterprise architecture, strong governance discipline, and scalable infrastructure, it’s very difficult to embed analytics sustainably into strategic decision-making.
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Theme 1: Role and Context (RQ2)
Q1. Can you describe your role and responsibilities within SSE PLC?
Response:
I lead the overall marketing strategy, covering customer acquisition, retention, brand positioning, and customer insight. My role is quite broad: it includes segmentation strategy, campaign optimisation, digital channel performance, and, importantly, ensuring that customer analytics translate into tangible commercial results.
Q2. How does predictive analytics feature in your day-to-day work?
Response:
It’s a key part of how we operate. We use predictive analytics for churn modelling, propensity-to-buy modelling, campaign response prediction, and customer lifetime-value analysis. It helps us prioritise which segments to focus on, personalise communications, and make better decisions around where to invest marketing spend.
Q3. In what types of decisions are analytics outputs most commonly used?
Response:
A lot of it is used for tactical decisions, things like campaign targeting and retention offers. But it also feeds into more strategic areas, such as long-term customer growth strategy, brand investment decisions, and how we position products in competitive markets.
Theme 2: Predictive Analytics Capability and Readiness (H1, RQ2)
Q4. How would you describe SSE’s current capability in relation to predictive analytics?
Response:
We have strong capability within customer analytics, particularly in modelling. However, data integration remains a challenge, especially across CRM systems, billing systems, and usage data. So, while the capability is there, it’s not always as seamless as it could be.
Q5. To what extent do leadership practices influence the use of analytics?
Response:
Leadership plays a big role. When executive reviews expect to see ROI modelling and predictive evidence, teams naturally embed analytics more rigorously. But in more time-pressured situations, there can be a tendency to act quickly, sometimes before full validation is complete.
Q6. How would you characterise organisational attitudes toward data-driven decision-making?
Response:
There’s definitely strong acceptance, especially in digital marketing. That said, marketing as a function still values intuition, creativity, and brand alignment. Therefore, analytics tends to complement decision-making rather than replace it.
Q7. Are analytical skills and understanding sufficient at senior levels? Why or why not?
Response:
Senior leaders generally understand the high-level insights, but they tend to rely on simplified visualisations. There’s still a gap in understanding model limitations and the uncertainty behind predictions.
Theme 3: Data Governance Maturity (H2, H4, RQ1)
Q8. How clear are data ownership and governance responsibilities?
Response:
Customer data ownership is quite well defined. However, when analytics span different areas – such as commercial, operational, and marketing – data ownership can become less clear, which can slow down processes.
Q9. How do data quality, metadata, or lineage practices affect confidence in analytics outputs?
Response:
They have a direct impact. If campaign response rates vary across systems or definitions aren’t consistent, it immediately undermines trust. Clear lineage and consistent definitions make a big difference, especially for segmentation and targeting decisions.
Q10. Does governance enable or constrain the strategic use of analytics?
Response:
It does both. Governance is essential for building trust, especially when dealing with customer data. But at the same time, strict compliance processes can extend campaign lead times, which can be challenging in a fast-moving marketing environment.
Theme 4: Trust and Explainability (H2, H3, RQ3)
Q11. What factors increase trust in predictive analytics outputs?
Response:
Trust tends to come from:
· Strong historical validation
· Clear drivers behind things like churn risk
· Cross-functional sign-off
· Consistency with previous campaign performance
Q12. What factors reduce trust or create scepticism toward analytics?
Response:
Inconsistent KPIs are a big one. Furthermore, if the modelling logic isn’t clear or if the outputs contradict commercial experience without explanation, people become sceptical very quickly.
Q13. How important is explainability when analytics informs strategic decisions?
Response:
It’s very important. Marketing decisions directly affect customer perception, so we need to understand why a segment is classified as high-risk or high-value. Without that clarity, it’s difficult to act confidently.
Q14. How are ethical, regulatory, or compliance concerns addressed when analytics is used?
Response:
We align closely with GDPR requirements for areas such as consent management, data minimisation, and ensuring that segmentation doesn’t create unintended bias. There’s also a review process to ensure targeting is appropriate and fair.
Theme 5: Strategic Decision-Making Impact (H3, RQ3)
Q15. Can you describe a situation where predictive analytics significantly influenced a strategic decision?
Response:
Yes, we used a churn prediction model to redirect retention spending toward high-risk customer segments. That improved campaign ROI and reduced the need for blanket discounting, which was a significant shift in how we approached retention.
Q16. Have there been occasions where analytics outputs were ignored or overridden? What were the reasons?
Response:
Yes, particularly when segmentation logic conflicted with brand positioning or raised fairness concerns. In those cases, commercial judgement tends to take precedence.
Q17. How does executive trust affect whether analytics informs final decisions?
Response:
Trust is key. If executives are confident in the governance and validation of the model, analytics tends to drive decisions such as budget allocation. If that trust isn’t there, decisions rely more on past experience and precedent.
Theme 6: Barriers and Enablers
Q18. What organisational barriers limit the effective use of predictive analytics?
Response:
The main challenges are:
· Data silos
· Inconsistent definitions across channels
· Legacy system integration issues
These all create friction when trying to scale analytics effectively.
Q19. How do culture, data literacy, or regulatory pressures shape analytics adoption and use?
Response:
Regulation increases accountability, particularly in how we target customers. Culture plays a big role as well; it influences whether analytics is embraced as a growth tool or approached more cautiously.
Q20. What factors most strongly enable analytics to be embedded into decision-making?
Response:
Key enablers include:
· Strong leadership sponsorship
· Effective data stewardship
· Consistent performance tracking and validation
Theme 7: Integration and Reflection
Q21. What conditions are necessary for predictive analytics to be fully trusted at the executive level?
Response:
You need clear data lineage, validated models, transparent assumptions, and governance endorsement. Without those, it’s difficult to build sustained trust.
Q22. How could governance arrangements and organisational capability better support the strategic use of analytics?
Response:
Earlier collaboration would help, particularly by bringing governance teams into the design stage of predictive use cases rather than later in the process.
Q23. Is there anything else you believe is critical to understanding predictive analytics readiness at SSE PLC?
Response:
Yes, in marketing, it’s really about balancing commercial agility with governance discipline. You need both. If governance is too heavy, it slows things down. If it’s too light, trust breaks down.
Participant Code: P8
Role: Head of Commercial Strategy & Sales Performance
Organisation: SSE PLC
Mode: MS Teams
Duration: 49 minutes

Theme 1: Role and Context (RQ2)
Q1. Can you describe your role and responsibilities within SSE PLC?
Response:
I’m responsible for commercial strategy across pricing, sales performance, and revenue optimisation. That includes setting pricing frameworks, overseeing contract negotiations, managing sales forecasting, and ensuring we remain competitive in the market while protecting margin.
Q2. How does predictive analytics feature in your day-to-day work?
Response:
It’s quite central. We use predictive analytics to understand pricing elasticity, model margins, forecast demand, and assess contract renewal risk. It helps us make more informed decisions about where to price, how to position offers, and how to manage portfolio risk.
Q3. In what types of decisions are analytics outputs most commonly used?
Response:
Primarily in strategic pricing decisions, portfolio risk planning, and setting sales performance targets. It also supports negotiations by providing a more structured view of risk and opportunity.
Theme 2: Predictive Analytics Capability and Readiness (H1, RQ2)
Q4. How would you describe SSE’s current capability in relation to predictive analytics?
Response:
Our commercial modelling capabilities are strong, particularly in pricing and forecasting. There’s still room to improve in integrating operational cost data and external market data; that’s where some of the gaps remain.
Q5. To what extent do leadership practices influence the use of analytics?
Response:
Leadership has a big influence. There’s a clear expectation now that proposals are supported by forecast modelling. That’s made analytics a core part of pricing discussions rather than an optional add-on.
Q6. How would you characterise organisational attitudes toward data-driven decision-making?
Response:
Commercial teams tend to value analytics when it improves predictability and reduces margin volatility. If it helps reduce uncertainty, it’s embraced quite quickly.
Q7. Are analytical skills and understanding sufficient at senior levels? Why or why not?
Response:
There’s a strong strategic understanding, but the ability to interrogate detailed modelling varies. Some leaders are very comfortable challenging assumptions, while others rely more on summary outputs.
Theme 3: Data Governance Maturity (H2, H4, RQ1)
Q8. How clear are data ownership and governance responsibilities?
Response:
Pricing data ownership is generally clear within the commercial function. However, when it comes to cost allocation across different domains, assumptions sometimes need to be negotiated, which can introduce complexity.
Q9. How do data quality, metadata, or lineage practices affect confidence in analytics outputs?
Response:
They’re absolutely critical. Margin models are very sensitive to cost inputs. If there’s any uncertainty around data lineage or assumptions, it directly affects confidence in pricing decisions.
Q10. Does governance enable or constrain the strategic use of analytics?
Response:
Governance is important for defensibility, especially in regulatory discussions. But it can also slow down rapid pricing adjustments, particularly in competitive markets where speed matters.
Theme 4: Trust and Explainability (H2, H3, RQ3)
Q11. What factors increase trust in predictive analytics outputs?
Response:
Trust tends to come from:
· Back-tested elasticity models
· Sensitivity analysis
· Transparent assumptions
· Cross-functional validation
These give confidence that the outputs are robust and grounded.
Q12. What factors reduce trust or create scepticism toward analytics?
Response:
Overly optimistic forecasts, incomplete competitor data, and unexplained variances are the main issues. If something doesn’t align with market reality, it quickly raises questions.
Q13. How important is explainability when analytics informs strategic decisions?
Response:
It’s critical — especially when pricing decisions need to be justified to regulators or customers. You need to be able to clearly explain how a price has been derived.
Q14. How are ethical, regulatory, or compliance concerns addressed when analytics is used?
Response:
Through formal governance processes. Pricing models go through legal and regulatory review, and governance approval is required before anything is rolled out commercially.
Theme 5: Strategic Decision-Making Impact (H3, RQ3)
Q15. Can you describe a situation where predictive analytics significantly influenced a strategic decision?
Response:
Yes, elasticity modelling played a key role in reshaping our renewal pricing strategy for highly competitive segments. It helped us move away from broad assumptions to more targeted, evidence-based pricing.
Q16. Have there been occasions where analytics outputs were ignored or overridden? What were the reasons?
Response:
Yes, particularly when competitor intelligence suggested behavioural shifts that weren’t reflected in historical data. In those cases, judgement and market insight took precedence.
Q17. How does executive trust affect whether analytics informs final decisions?
Response:
Trust is the deciding factor. If executives trust the modelling and the governance behind it, analytics directly shape the final contract terms. If not, it’s treated more as an input than as a driver.
Theme 6: Barriers and Enablers
Q18. What organisational barriers limit the effective use of predictive analytics?
Response:
The key challenges are:
· Market volatility
· Fragmented cost systems
· Incomplete competitor data
All of these can limit the accuracy and applicability of models.
Q19. How do culture, data literacy, or regulatory pressures shape analytics adoption and use?
Response:
Regulation increases the need for transparency, particularly around pricing decisions. Culture influences how comfortable teams are with relying on models versus experience.
Q20. What factors most strongly enable analytics to be embedded into decision-making?
Response:
The main enablers are:
· Integrated cost datasets
· Clear governance frameworks
· Proven forecasting accuracy over time
Theme 7: Integration and Reflection
Q21. What conditions are necessary for predictive analytics to be fully trusted at the executive level?
Response:
You need clear cost drivers, validated projections, governance oversight, and transparency around different scenarios. Without that, it’s difficult to rely on the outputs confidently.
Q22. How could governance arrangements and organisational capability better support the strategic use of analytics?
Response:
Closer alignment between commercial governance forums and enterprise data governance would help, particularly in ensuring consistency in assumptions and data usage.
Q23. Is there anything else you believe is critical to understanding predictive analytics readiness at SSE PLC?
Response:
Yes, in commercial domains, readiness is about balancing ambition with realism. You need robust modelling, realistic market assumptions, and strong governance credibility to make it work effectively.
[bookmark: _Toc240046794]Appendix 5: SPSS Quantitative Statistical Analysis Outputs
This appendix presents the SPSS statistical outputs supporting the quantitative analysis undertaken in this study. It includes descriptive statistics, reliability analysis (Cronbach's alpha), Pearson correlation analysis, multiple regression results, and regression diagnostic tests, including assessments of normality, multicollinearity, residual behaviour, linearity, and homoscedasticity. These outputs provide the statistical evidence underpinning the quantitative findings presented in Chapter 4.
The analyses examine the relationships between Predictive Analytics Capability (PAC), Governance Maturity (GM), Trust and Explainability (TE), and Strategic Embedding (SE), and provide the empirical evidence used to evaluate the study's hypotheses concerning the integration of predictive analytics into strategic decision-making within SSE plc. 
A5.1 Descriptive Statistics

Table A5.1 – Descriptive Statistics for Composite Constructs

	Construct
	N
	Minimum
	Maximum
	Mean
	Std. Deviation

	PAC
	66
	3.00
	5.00
	4.2323
	0.47401

	GM
	66
	2.60
	5.00
	4.1235
	0.65347

	TE
	66
	3.00
	5.00
	4.2091
	0.52205

	SE
	66
	3.00
	5.00
	4.1705
	0.48070


Valid N (listwise) = 66
A5.2 Reliability Analysis

A5.2.1 Predictive Analytics Capability (PAC)
Cronbach’s Alpha = 0.822
Number of Items = 6
Cases Valid = 66 (100%)
Table A5.2 – Reliability Analysis for Predictive Analytics Capability (PAC)
	Case Processing Summary

	
	N
	%

	Cases
	Valid
	66
	100.0

	
	Excludeda
	0
	.0

	
	Total
	66
	100.0

	a. Listwise deletion based on all variables in the procedure.



	Reliability Statistics

	Cronbach's Alpha
	N of Items

	0.822
	6




A5.2.2 Governance Maturity (GM)
Cronbach’s Alpha = 0.832
Number of Items = 5
Cases Valid = 65 (98.5%)
Table A5.3 – Reliability Analysis for Governance Maturity (GM)
	Case Processing Summary

	
	N
	%

	Cases
	Valid
	65
	98.5

	
	Excludeda
	1
	1.5

	
	Total
	66
	100.0

	a. Listwise deletion based on all variables in the procedure.



	Reliability Statistics

	Cronbach's Alpha
	N of Items

	.832
	5



A5.2.3 Trust & Explainability (TE)
Cronbach’s Alpha = 0.844
Number of Items = 5
Cases Valid = 66 (100%)
Table A5.4 – Reliability Analysis for Trust and Explainability (TE)
	Case Processing Summary

	
	N
	%

	Cases
	Valid
	66
	100.0

	
	Excludeda
	0
	.0

	
	Total
	66
	100.0

	a. Listwise deletion based on all variables in the procedure.



	Reliability Statistics

	Cronbach's Alpha
	N of Items

	0.844
	5



A5.2.4 Strategic Embedding (SE)
Cronbach’s Alpha = 0.713
Number of Items = 4
Cases Valid = 66 (100%)
Table A5.5 – Reliability Analysis for Strategic Embedding (SE)
	Case Processing Summary

	
	N
	%

	Cases
	Valid
	66
	100.0

	
	Excludeda
	0
	.0

	
	Total
	66
	100.0

	a. Listwise deletion based on all variables in the procedure.



	Reliability Statistics

	Cronbach's Alpha
	N of Items

	0.713
	4




A5.3 Correlation Analysis

Pearson Correlation Matrix

Table A5.6 – Descriptive Statistics for Correlation Variables

	Descriptive Statistics

	
	Mean
	Std. Deviation
	N

	SE
	4.1705
	.48070
	66

	PAC
	4.2323
	.47401
	66

	GM
	4.1235
	.65347
	66

	TE
	4.2091
	.52205
	66



Table A5.7 – Pearson Correlation Matrix

	Correlations

	
	PAC
	GM
	TE
	SE

	PAC
	Pearson Correlation
	1
	.543**
	.514**
	.527**

	
	Sig. (2-tailed)
	
	<.001
	<.001
	<.001

	
	N
	66
	66
	66
	66

	GM
	Pearson Correlation
	.543**
	1
	.668**
	.607**

	
	Sig. (2-tailed)
	<.001
	
	<.001
	<.001

	
	N
	66
	66
	66
	66

	TE
	Pearson Correlation
	.514**
	.668**
	1
	.610**

	
	Sig. (2-tailed)
	<.001
	<.001
	
	<.001

	
	N
	66
	66
	66
	66

	SE
	Pearson Correlation
	.527**
	.607**
	.610**
	1

	
	Sig. (2-tailed)
	<.001
	<.001
	<.001
	

	
	N
	66
	66
	66
	66

	**. Correlation is significant at the 0.01 level (2-tailed).




A5.4 Multiple Regression Analysis

Model Summary
R = 0.688
R² = 0.474
Adjusted R² = 0.448
F (3,62) = 18.616, p < .001
Table A5.8 – Regression Model Summary
	Model Summaryb

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate

	1
	0.688a
	0.474
	0.448
	0.35700

	a. Predictors: (Constant), TE, PAC, GM

	b. Dependent Variable: SE


Table A5.9 – ANOVA Results for Regression Model
	ANOVAa

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	1
	Regression
	7.118
	3
	2.373
	18.616
	<.001b

	
	Residual
	7.902
	62
	0.127
	
	

	
	Total
	15.020
	65
	
	
	

	a. Dependent Variable: SE

	b. Predictors: (Constant), TE, PAC, GM


Table A5.10 – Regression Coefficients
	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.
	Collinearity Statistics

	
	B
	Std. Error
	Beta
	
	
	Tolerance
	VIF

	1
	(Constant)
	1.190
	.437
	
	2.722
	.008
	
	

	
	PAC
	.216
	.115
	.213
	1.887
	.064
	.664
	1.506

	
	GM
	.208
	.096
	.283
	2.171
	.034
	.500
	2.001

	
	TE
	.287
	.117
	.311
	2.442
	.017
	.522
	1.916

	a. Dependent Variable: SE



A5.5 Multicollinearity Diagnostics
Tolerance and VIF values:
Table A5.11 – Multicollinearity Statistics
	Predictor
	Tolerance
	VIF

	PAC
	0.664
	1.506

	GM
	0.500
	2.001

	TE
	0.522
	1.916


Table A5.12 – Collinearity Diagnostics
	Collinearity Diagnosticsa

	Model
	Dimension
	Eigenvalue
	Condition Index
	Variance Proportions

	
	
	
	
	(Constant)
	PAC
	GM
	TE

	1
	1
	3.976
	1.000
	.00
	.00
	.00
	.00

	
	2
	.013
	17.694
	.31
	.04
	.51
	.01

	
	3
	.006
	25.408
	.06
	.62
	.07
	.58

	
	4
	.005
	27.648
	.62
	.34
	.43
	.41

	a. Dependent Variable: SE



A5.6 Residual and Normality Diagnostics
This section presents the diagnostic statistics used to assess the assumptions underlying the multiple regression model predicting Strategic Embedding (SE). The diagnostics include residual statistics, tests of normality, stem-and-leaf plots, Q–Q plots, and standardised residual analyses.
Assessing these assumptions is important because violations of regression assumptions can bias parameter estimates, inflate standard errors, and reduce the reliability of statistical inference. By confirming that the assumptions are reasonably satisfied, the analysis strengthens confidence in the regression results reported in Chapter 4, particularly the relationships observed between Predictive Analytics Capability (PAC), Governance Maturity (GM), Trust & Explainability (TE), and Strategic Embedding (SE).
A5.6.1 Residual Statistics
Residual diagnostics were examined to assess the presence of outliers and the overall stability of the regression model.
Table A5.13 – Residual Statistics for Regression Model

	Statistic
	Minimum
	Maximum
	Mean
	Std. Deviation
	N

	Predicted Value
	3.3234
	4.7457
	4.1705
	0.33092
	66

	Residual
	-0.75803
	0.82580
	0.00000
	0.34867
	66

	Std. Predicted Value
	-2.560
	1.738
	0.000
	1.000
	66

	Std. Residual
	-2.123
	2.313
	0.000
	0.977
	66


The standardised residuals range between −2.123 and 2.313, remaining well within the commonly accepted threshold of ±3.0 (Field, 2018). This indicates the absence of extreme outliers and supports the stability of the regression estimates.
This is significant because extreme residual values can distort regression coefficients and undermine the model's reliability. The absence of extreme residuals, therefore, suggests that the estimated relationships between governance maturity, trust and explainability, predictive analytics capability, and strategic embedding are not driven by anomalous observations.
A5.6.2 Tests of Normality
Normality of the composite constructs was assessed using the Kolmogorov–Smirnov and Shapiro–Wilk tests.
Table A5.14 – Tests of Normality for Composite Constructs

	Variable
	Kolmogorov–Smirnov
	Sig.
	Shapiro–Wilk
	Sig.

	SE
	0.139
	0.003
	0.951
	0.011

	PAC
	0.099
	0.180
	0.954
	0.016

	TE
	0.110
	0.045
	0.956
	0.021

	GM
	0.131
	0.007
	0.942
	0.004


Lilliefors Significance Correction applied.
Although several p-values fall below 0.05, indicating statistical deviation from perfect normality, the skewness and kurtosis values (reported earlier) remain within acceptable thresholds (±2). Given the sample size (N = 66), regression analysis is generally robust to moderate deviations from normality (Hair et al., 2019; Field, 2018).
This is important for interpreting results because regression models assume normally distributed residuals to ensure accurate hypothesis testing. The observed approximate normality here supports the validity of the regression coefficients and the significance tests reported in Chapter 4.
A5.6.3 Stem-and-Leaf Plots
Stem-and-leaf plots were generated for SE, PAC, TE, and GM to visually assess the data's distributional shape.
The plots indicate:
· Concentration of responses within the 4.0–4.5 range
· Mild negative skew across constructs
· No extreme distributional irregularities
These visual inspections provide further evidence that the distributions approximate normality.
This finding supports the robustness of the statistical analysis because moderately symmetric distributions reduce the likelihood that regression estimates are influenced by skewed data patterns.
A5.6.4 Normal Q–Q Plots
Normal Q–Q plots were generated for Strategic Embedding (SE), Predictive Analytics Capability (PAC), Trust & Explainability (TE), and Governance Maturity (GM) to visually assess the normality assumption required for parametric statistical analysis.
Across all four constructs, the observed values align closely with the diagonal reference line, indicating that the distributions approximate normality. Minor deviations are visible at the distribution tails, which is typical in survey data and does not indicate a substantial departure from normality.
Overall, the Q–Q plots suggest that the data for SE, PAC, TE, and GM are approximately normally distributed, supporting the use of Pearson correlation and multiple regression analysis in the quantitative phase of the study.
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Figure A5.1: Normal Q–Q Plot of Strategic Embedding (SE)
Visual inspection shows data points closely aligned with the diagonal reference line, indicating approximate normal distribution.
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Figure A5.2: Normal Q–Q Plot of Predictive Analytics Capability (PAC)
The distribution highlights minimal deviation from normality, with slight lower-tail dispersion.
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Figure A5.3: Normal Q–Q Plot of Trust & Explainability (TE)
Observed values align closely with expected normal values, supporting approximate normality.
[image: img.png]
Figure A5.4: Normal Q–Q Plot of Governance Maturity (GM)
Minor tail deviations are visible; however, the overall distribution approximates normality.
These plots provide visual confirmation that the assumptions underlying parametric statistical tests are sufficiently satisfied.
A5.6.5 Standardised Residual Analysis
Standardised residuals were examined to assess key regression assumptions, including:
• Linearity
• Homoscedasticity
• Outlier influence
Key diagnostics include:
• Standardised residuals fall within ±2.313
• No residual exceeds the ±3.0 threshold
• Residual mean = 0.000
• Residual standard deviation ≈ 0.977
These values indicate:
• No evidence of extreme outliers
• Acceptable variance consistency
• Adequate model specification
Visual inspection of the following diagnostic plots further supports these conclusions:
• Normal P–P Plot
• ZPRED vs ZRESID scatterplot
Both plots confirm approximate normality and homoscedasticity of the regression residuals.
This is significant because heteroscedasticity or non-linear residual patterns could weaken the validity of regression coefficients. The observed residual patterns therefore support the reliability of the model estimates used to test the study’s hypotheses.
Table A5.15 – Regression Assumptions Diagnostic Summary

	Assumption
	Diagnostic Test
	Result
	Threshold / Guideline
	Interpretation

	Normality
	Kolmogorov–Smirnov and Shapiro–Wilk tests; Q–Q plots
	Minor deviations from normality; Q–Q plots are approximately linear
	Skewness/Kurtosis within ±2
	Data approximates normal distribution; acceptable for regression analysis

	Residual Distribution
	Standardised residual statistics
	Residuals range from −2.123 to 2.313
	Acceptable range ±3.0 (Field, 2018)
	No extreme outliers detected

	Linearity
	Scatterplots of predicted vs observed values
	Relationships appear approximately linear
	Linear relationship required
	Assumption satisfied

	Homoscedasticity
	Residual scatterplot (ZPRED vs ZRESID)
	Residuals randomly dispersed around zero
	No funnel pattern
	Constant variance across predictions

	Multicollinearity
	Variance Inflation Factor (VIF)
	All predictors < 5
	VIF < 5 acceptable (Hair et al., 2019)
	No multicollinearity concerns

	Outlier Influence
	Standardised residual inspection
	No residual exceeds ±3
	±3 threshold
	No influential extreme cases

	Model Stability
	Residual mean and SD
	Mean ≈ 0; SD ≈ 0.977
	Mean close to 0 expected
	Residuals behave as expected


The regression diagnostics indicate that the key statistical assumptions required for multiple regression analysis are sufficiently satisfied. The data demonstrate approximate normality, acceptable residual behaviour, and no evidence of problematic multicollinearity or influential outliers. These results support the validity of the regression model used to examine the relationships between Predictive Analytics Capability, Governance Maturity, Trust & Explainability, and Strategic Embedding.
Consequently, the findings reported in Chapter 4 can be interpreted with a reasonable level of statistical confidence.
Conclusion of Diagnostic Assessment
Overall, the regression diagnostics indicate that the key statistical assumptions required for multiple regression analysis are adequately satisfied. Specifically, the analyses demonstrate acceptable levels of:
· Normality
· Linearity
· Homoscedasticity
· Multicollinearity
· Outlier influence
The absence of major violations strengthens the credibility of the regression model and increases confidence in the findings presented in Chapter 4. Consequently, the relationships identified between governance maturity, trust and explainability, predictive analytics capability, and strategic embedding can be interpreted as statistically reliable within the context of this study.
[bookmark: _Toc240046795]Appendix 6: NVivo Qualitative Coding Framework and Outputs
This appendix presents the NVivo coding framework and analytical outputs used to support the thematic analysis of the qualitative interview data. It includes the hierarchical codebook, coding density statistics, thematic relationship matrices, and NVivo query outputs that document the development and validation of the study's themes. These materials provide an audit trail for the qualitative analysis and support the credibility and trustworthiness of the findings presented in Chapter 4. 
A6.1 NVivo Codebook (Full Thematic Framework)
The table below presents the hierarchical coding framework developed through the thematic analysis of the interview data. The Sources column indicates the number of participant interviews in which each code or theme appears, while the References column shows the total number of coded excerpts assigned to each theme. Together, these measures illustrate the relative prominence and distribution of themes across the qualitative dataset. 
Table A6.1 – NVivo Codebook with Coding Density

	Code
	Description
	Sources
	References

	Barriers_Enablers
	Factors that either constrain or facilitate the embedding of predictive analytics in strategic decision-making.
	8
	26

	Competing_Priorities
	Operational and commercial pressures limiting attention to analytics integration.
	3
	3

	Compliance_Overreach
	Perception that excessive regulatory caution slows analytics innovation or deployment.
	0
	0

	Cultural_Resistance
	Reluctance to rely on data-driven insights over established practices.
	2
	2

	Data_Silos
	Fragmented systems and ownership limiting cross-functional data integration.
	6
	6

	Executive_Sponsorship
	Active senior leadership advocacy for predictive analytics adoption.
	1
	1

	Governance_By_Design
	Embedding governance controls within analytics development processes.
	1
	1

	Legacy_Systems
	Outdated infrastructure constraining analytics scalability and integration.
	7
	7

	Low_Data_Literacy
	Limited understanding of analytics outputs and assumptions.
	4
	4

	Resource_Constraints
	Insufficient financial, technical, or human resources to scale analytics.
	2
	2

	Governance_Maturity
	Structured governance practices enhancing accountability and transparency.
	8
	53

	Data_Ownership_Clarity
	Clear accountability for data assets and outputs.
	7
	7

	Data_Quality_Management
	Processes ensuring data accuracy and reliability.
	4
	4

	Governance_Accountability
	Formal oversight mechanisms for analytics governance.
	7
	7

	Governance_By_Design
	Proactive integration of governance standards in analytics.
	7
	7

	Governance_Friction
	Operational complexity created by governance requirements.
	7
	7

	Lineage_Visibility
	Transparency of data sources and transformations.
	7
	7

	Policy_Formalisation
	Documented governance policies guiding analytics usage.
	6
	6

	Quality_Metrics
	Indicators used to assess data and model quality.
	1
	1

	Regulatory_Defensibility
	Ability to justify analytics outputs in regulatory contexts.
	7
	7

	Organisational_Readiness
	Extent to which leadership and culture support analytics adoption.
	8
	32

	Analytical_Skills_Capability
	Availability of personnel with analytics expertise.
	0
	0

	Change_Readiness
	Organisational willingness to adopt new practices.
	3
	3

	Cultural_Openness
	Acceptance of experimentation and data-driven decisions.
	7
	7

	Executive_Sponsorship
	Senior endorsement of analytics initiatives.
	6
	6

	Leadership_Alignment
	Consistency between executive priorities and analytics.
	8
	8

	Senior_Literacy
	Senior leaders’ understanding of analytics capabilities.
	8
	8

	Predictive_Analytics_Capability
	Technical sophistication of predictive modelling within SSE PLC.
	8
	20

	Data_Availability
	Access to sufficient and relevant modelling data.
	1
	1

	Integration_With_Business
	Alignment of predictive outputs with business processes.
	7
	7

	Model_Validation_Practices
	Testing and back-testing procedures ensuring reliability.
	0
	0

	Senior_Literacy
	Leadership understanding of analytics outputs.
	0
	0

	Technical_Modelling_Strength
	Advanced modelling techniques and methodologies.
	7
	7

	Tooling_Infrastructure
	Technology platforms supporting analytics deployment.
	0
	0

	Uneven_Maturity
	Variability in analytics capability across business units.
	5
	5

	Strategic_Embedding
	Integration of predictive analytics into strategic decision processes.
	8
	30

	Capital_Allocation
	Use of predictive insights in investment decisions.
	4
	4

	Churn_Optimisation
	Application of predictive models in retention strategies.
	0
	0

	Decision_Integration
	Incorporation of analytics outputs in executive discussions.
	7
	7

	Demonstrated_Value
	Observable business impact attributable to analytics.
	6
	6

	Long_Term_Planning_Use
	Use of predictive modelling in long-term strategy.
	5
	5

	Performance_Impact
	Measurable organisational improvements linked to analytics.
	4
	4

	Pricing_Strategy
	Application of analytics in pricing decisions.
	0
	0

	Risk_Modelling
	Use of predictive analytics to anticipate risk.
	2
	2

	Strategic_Alignment
	Alignment between analytics initiatives and organisational goals.
	2
	2

	Trust_Explainability
	Stakeholder confidence shaped by transparency and defensibility.
	8
	40

	Executive_Confidence
	Senior willingness to rely on predictive insights.
	8
	8

	Explainability_Limitations
	Challenges in articulating model assumptions.
	2
	2

	Historical_Accuracy
	Perceived reliability based on past performance.
	4
	4

	Historical_Validation
	Evidence of systematic testing and verification.
	6
	6

	Opaque_Models
	Models perceived as complex or difficult to interpret.
	4
	4

	Regulatory_Defensibility
	Ability to justify analytics outputs to regulators.
	5
	5

	Risk_Perception
	Executive concern about reliance on predictive outputs.
	6
	6

	Transparency_of_Assumptions
	Clarity regarding model inputs and methodological boundaries.
	5
	5


Interpretation of Coding Density
Governance Maturity emerged as the most densely coded theme (53 references across 8 sources), followed by Trust and Explainability (40 references) and Strategic Embedding (30 references). This distribution indicates that participants most frequently emphasised the importance of governance discipline and executive trust in enabling predictive analytics to influence strategic decision-making.
Table A6.2 – Summary of Dominant Themes by Coding Frequency

	Theme
	Sources
	References
	Interpretation

	Governance Maturity
	8
	53
	Most dominant theme linked to accountability and trust

	Trust & Explainability
	8
	40
	Strong emphasis on transparency and executive confidence

	Strategic Embedding
	8
	30
	Analytics increasingly influencing strategic decisions

	Organisational Readiness
	8
	32
	Leadership alignment and culture strongly influence adoption

	Predictive Analytics Capability
	8
	20
	Technical capability exists but varies across functions

	Barriers & Enablers
	8
	26
	Structural and cultural factors affect adoption



Table A6.3 – Cross-Thematic Relationship Matrix

	Primary Theme
	Related Theme
	Nature of Relationship

	Governance Maturity
	Trust & Explainability
	Governance increases confidence in analytics outputs

	Trust & Explainability
	Strategic Embedding
	Trust enables strategic adoption

	Organisational Readiness
	Strategic Embedding
	Cultural readiness influences integration

	Predictive Analytics Capability
	Strategic Embedding
	Capability alone is insufficient without trust

	Barriers & Enablers
	Organisational Readiness
	Structural barriers reduce adoption maturity



Table A6.4 – NVivo Coding Query Outputs

	Query Type
	Purpose
	Outcome

	Word Frequency Query
	Identify dominant, recurring concepts
	Governance, trust, accountability, and transparency emerged strongly

	Matrix Coding Query
	Examine relationships between themes
	Governance and trust are strongly associated with strategic embedding

	Coding Density Analysis
	Assess the concentration of thematic references
	Governance maturity recorded the highest coding density

	Text Search Query
	Explore repeated references to predictive analytics
	Frequent links between trust and explainability were identified


[bookmark: _Toc240046796]Appendix 7: Interview Participant Profile Summary
This appendix presents a summary of the participants who took part in the qualitative phase of the study. It includes anonymised participant profiles, organisational roles, functional areas, interview modes, interview durations, and participant summary statistics. The appendix provides contextual information about the interview sample and shows the breadth of senior expertise represented in the qualitative data used to support the thematic analysis presented in Chapter 4.
Table A7.1: Summary of Interview Participants
	Participant
	Position
	Functional Area
	Interview Mode
	Duration

	P1
	Senior Strategy & Investment Executive
	Group Strategy & Investment Planning
	Microsoft Teams
	56 minutes

	P2
	Executive Director – Enterprise Risk & Corporate Strategy
	Enterprise Risk & Corporate Strategy
	Microsoft Teams
	58 minutes

	P3
	Senior Data Engineering & Architecture Manager
	Data Engineering & Enterprise Architecture
	Microsoft Teams
	55 minutes

	P4
	Business Data Owner & Senior Data Steward
	Commercial & Customer Data Governance
	Microsoft Teams
	61 minutes

	P5
	Senior Data Scientist & Predictive Analytics Lead
	Predictive Analytics & Data Science
	Microsoft Teams
	59 minutes

	P6
	Head of Enterprise Architecture & Data Platforms
	Enterprise Architecture & Data Platforms
	Microsoft Teams
	65 minutes

	P7
	Head of Marketing & Customer Insight
	Marketing & Customer Analytics
	Microsoft Teams
	54 minutes

	P8
	Head of Commercial Strategy & Sales Performance
	Commercial Strategy & Pricing
	Microsoft Teams
	49 minutes


Table A7.2: Participant Summary Statistics
	Characteristic
	Summary

	Number of participants
	8

	Interview approach
	Semi-structured interviews

	Interview mode
	Microsoft Teams

	Total interview duration
	457 minutes (approximately 7 hours 37 minutes)

	Average interview duration
	57.1 minutes

	Duration range
	49–65 minutes

	Participant seniority
	Executive Director (1), Heads of Function (3), Senior Managers/Technical Leads (4)

	Organisational focus
	Strategy, Risk, Data Engineering, Data Governance, Data Science, Enterprise Architecture, Marketing, Commercial Strategy


Appendix Note
Eight senior professionals from SSE plc participated in the qualitative phase of the study using purposive sampling. Participants were selected based on their direct involvement in predictive analytics, data governance, strategic decision-making, enterprise architecture, or commercial data management. To preserve confidentiality and comply with the approved ethical protocol, all participants were anonymised using participant identifiers (P1–P8). Interviews were conducted remotely via Microsoft Teams and ranged from 45 to 60 minutes, yielding a total of 457 minutes (approximately 7 hours and 37 minutes) of qualitative data. The diversity of participant roles and functional expertise provided rich organisational perspectives that complemented and helped explain the quantitative findings.
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Figure 2.3: Predictive analytics readiness as a mediating construct between
organisational strategy and governance capability
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Figure 4.2: Pearson Correlation Matrix for the Principal Study Variables
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Figure 4.1: Descriptive Statistics of Key Predictive Analytics Constructs
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Figure 4.5: Comparative Thematic Distribution of Technical and Executive Perspectives
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Figure 4.7: Integrated Conceptual Model of Predictive Analytics Strategic Embedding
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