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The value of  enterprise analytics has become a strategic necessity for today’s organizations, 
but the perception of  business value is conceptually scattered and ethically debatable. The 
critical juncture between value measurement systems and ethical governance practices 
in enterprise analytics is explored through a comparison of  purely financial return-on-
investment (ROI) value frameworks and multi-stakeholder value frameworks, examining 
how they shape organizational decision-making and ethical outcomes. The study’s conceptual 
reconciliation process is grounded in a literature review of  four key theories stakeholder 
theory, algorithmic fairness, integrated reporting, and data governance and identifies four 
fundamental ethical tensions: (1) shareholder primacy versus broader stakeholder equity; (2) 
short-term financial metrics versus long-term sustainability value; (3) algorithmic fairness 
versus analytical efficiency; and (4) opacity of  data-driven decisions versus transparency 
obligations. The paper proposes a multi-dimensional value architecture combining 
financial performance indicators, environmental, social and governance (ESG) indicators, 
stakeholder participation mechanisms, and ethical audit procedures. The analysis suggests 
that organizations implementing stakeholder-inclusive analytics frameworks realize greater 
trust, innovation potential, and long-term resilience than those relying on financial ROI 
logic alone. The proposed framework is theoretically significant in extending stakeholder 
theory to the analytics domain, and practically significant in offering governance tools for 
reconciling conflicting value claims without compromising stakeholder rights or fairness. 
Policy implications for corporate governance boards and analytics practitioners are discussed.
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INTRODUCTION 
Enterprise analytics now shapes how organizations make 
decisions, compete, and create value, yet how that value 
is measured raises largely unexamined ethical questions. 
Corporate governance has long treated financial return 
on investment (ROI) as the primary yardstick for analytics 
investments, consistent with shareholder primacy theory 
(Friedman, 1970) and agency theory (Jensen & Meckling, 
1976). This view is measurable and administratively 
convenient, but it tends to discount non-financial costs 
such as customer privacy, employee well-being, and 
environmental impact (Morin, 2024; Munteanu et al., 
2025).
Stakeholder theory (Freeman, 1984) offers a counter-
model: it evaluates analytics value against social 
equity, environmental sustainability, and democratic 
accountability (Tapaninaho & Heikkinen, 2022; Yalley, 
2025). Multi-stakeholder value models, integrated 
reporting, and ESG-oriented governance have grown 
in direct response to the perceived limits of  purely 
financial measurement, but each carries its own ethical 
risk: a narrow ROI framing can entrench algorithmic 
bias, privacy erosion, and short-termism (De-Arteaga et 
al., 2022; Landers & Behrend, 2022; Morin, 2024; Quach 
et al., 2022), while multi-stakeholder frameworks struggle 
with measurement ambiguity, stakeholder identification, 

and legitimacy (Dameri & Ferrando, 2021).
This paper addresses three related questions: (1) how do 
financial ROI and multi-stakeholder value frameworks 
differ in their organizational and ethical implications; (2) 
what ethical tensions arise when organizations measure 
the business value of  enterprise analytics; and (3) how 
can these tensions be reconciled without compromising 
stakeholder rights and equity? Through a conceptual 
literature review spanning business ethics, information 
systems, financial management, and data governance, the 
paper makes three contributions: it classifies competing 
measurement approaches and their ethical assumptions; 
identifies four recurring ethical tensions in analytics 
value measurement; and proposes a reconciliation 
framework built on multi-capital accounting, stakeholder 
participation, ethical auditing, and temporal balancing 
mechanisms.

LITERATURE REVIEW
Shareholder Primacy and Financial ROI Logic
The shareholder primacy paradigm, most famously 
articulated by Milton Friedman (1970), holds that the 
social responsibility of  business is to increase its profits, 
and it has strongly influenced how organizations assess 
analytics investments. This approach measures analytics 
efforts financially ROI, NPV, cost-savings ratios, and 
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revenue gains attributable to data-driven decisions 
consistent with agency theory (Jensen & Meckling, 1976), 
which frames managerial decisions as an optimization 
problem on behalf  of  shareholders. The financial ROI 
model has clear strengths: it is measurable, comparable 
across investment types, and fits within existing 
governance structures. Dadd and Hinton (2022) note 
that ROI has become the preferred language for assessing 
human-capital investments precisely because it is legible 
across organizational functions, though its meaning is 
often ambiguous, ranging from a rhetorical stand-in for 
“value” to a precise financial ratio. Morin (2024) similarly 
argues that short-term shareholder orientation creates 
systemic risk for long-term value creation by pushing 
managers toward decisions such as targeted advertising, 
dynamic pricing, or aggressive customer segmentation 
that generate immediate profit at the cost of  unintended 
long-term ethical harm.

Stakeholder Theory and Multi-Dimensional Value
Stakeholder theory, first advanced by Freeman (1984) and 
elaborated by Donaldson and Preston (1995), holds that 
corporations are accountable to all parties whose actions 
affect, or are affected by, the firm’s operations. Applied 
to enterprise analytics, this requires valuation systems 
that account for impacts on employees, customers, 
communities, and the environment, not only shareholders. 
Yalley (2025) develops a stakeholder-inclusive analytics 
governance model that incorporates ethics and 
engagement across the analytics lifecycle, arguing 
that including stakeholder voice yields gains in trust, 
innovation, and long-term resilience that financial metrics 
alone cannot capture. Tapaninaho and Heikkinen (2022) 
similarly show, through a circular-economy case study, 
how a stakeholder-relationship approach to value creation 
generates synergies unavailable to firm-centric analytics. 
Munteanu et al. (2025) connect financial performance to 
normative, epistemological, and behavioral dimensions 
of  value, identifying four thematic clusters corporate 
social responsibility, organizational performance, ethical 
governance, and circular-economy innovation that recur 
across the analytics-valuation literature.
Assumang et al. (2025) offer a complementary perspective 
from outside the corporate-governance literature, 
showing through a conceptual review of  Agile project 
management in non-profit and community-based 
organizations that data-analytics-informed decision-
making strengthens rather than displaces stakeholder 
collaboration when it is embedded in participatory, 
iterative governance processes. This finding reinforces 
the position, central to this paper, that analytics value and 
stakeholder inclusion are not inherently in tension.

Integrated Reporting and ESG Frameworks
Integrated reporting and ESG-aligned governance provide 
a further theoretical lens for analytics value measurement. 
The International Integrated Reporting Framework 
(IIRF) formalizes multi-capital value reporting across 

financial, manufactured, intellectual, human, social/
relational, and natural capital (Velte, 2021). Dameri and 
Ferrando (2021) build on Freeman’s stakeholder theory 
while adding an explicit sustainability dimension; Velte’s 
(2021) systematic review of  85 archival studies finds that 
integrated-reporting quality correlates positively with 
board composition and stakeholder pressure, and that 
adoption is linked to improved firm valuation evidence 
that multi-stakeholder reporting is a strategic asset, not 
merely an ethical preference. Zumente and Bistrova 
(2021) show that companies with stronger sustainability 
awareness generate better long-term shareholder value, 
with qualitative factors such as reputation and employee 
satisfaction exerting a stronger influence than financial 
metrics alone. Huang (2021) argues that ESG factors 
reduce information asymmetry between management 
and shareholders and reveal long-term firm value that 
traditional financial analytics cannot detect.
Ibeama et al. (2025), in a PRISMA-guided systematic 
review published in the American Journal of  Economics 
and Business Innovation, apply Stakeholder Theory and 
the Triple Bottom Line to the intersection of  AI-driven 
(“Green AI”) analytics, digital advertising, and corporate 
sustainability. Their review finds that AI-enabled analytics 
can strengthen ESG communication and stakeholder 
engagement, but only where sustainability metrics are 
embedded in operational governance rather than treated 
as an external messaging layer a finding directly relevant 
to the ESG-integration pillar developed in Section 4.3 of  
this paper.

Algorithmic Ethics and Fairness Frameworks
A fourth relevant domain concerns algorithmic fairness 
and ethics. As organizations deploy machine learning and 
AI to act on analytics insight, a substantial literature has 
emerged on bias, discrimination, and opacity. De-Arteaga 
et al. (2022) offer a comprehensive review of  algorithmic 
fairness in business analytics, arguing that fairness is not 
only a legal and social requirement but an organizationally 
useful one, and that the presumed trade-off  between 
fairness and performance is frequently overstated. 
Häußermann and Lütge (2021) argue that AI ethics must 
extend beyond technical systems to the business and 
value conflicts among analytics stakeholders, proposing 
a deliberative-order-ethics perspective directly applicable 
to the reconciliation challenge addressed in Section 4.3. 
Dynamic pricing (Nunan & Di Domenico, 2022), people 
analytics (Tursunbayeva et al., 2021), and data-privacy 
governance (Quach et al., 2022) are specific domains in 
which these tensions manifest, and are examined further 
in Section 4.2.

MATERIALS AND METHODS
This paper adopts a conceptual, interpretive literature 
review methodology, appropriate for theory-building 
work that seeks to integrate insight across separate 
literatures rather than test hypotheses against primary 
data. This approach follows established practice for 
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conceptual and PRISMA-informed reviews in the 
business and management literature (Assumang et al., 
2025; Ibeama et al., 2025; Tranfield et al., 2003), adapted 
here to a normative and theory-synthesis objective rather 
than a fully pre-registered systematic protocol.

Search and Source Selection
Peer-reviewed literature was identified through Scopus, 
Web of  Science, and Google Scholar, using search terms 
combining “enterprise analytics,” “business value,” “ROI,” 
“stakeholder theory,” “ESG,” “integrated reporting,” 
“algorithmic fairness,” and “data governance,” joined 
with Boolean operators (AND/OR) to capture variant 
terminology. The search prioritized studies published 
between 2015 and 2025, supplemented by foundational 
theoretical sources that predate this window (e.g., 
Donaldson & Preston, 1995; Freeman, 1984; Friedman, 
1970; Jensen & Meckling, 1976) where they remain the 
primary point of  reference for a theory still actively cited 
in the contemporary literature.

Inclusion and Exclusion Criteria
Sources were included if  they were peer-reviewed, 
English-language, and substantively addressed at least 
one of  four domains: financial valuation of  analytics 
or IT investment; stakeholder- or ESG-based value 
measurement; algorithmic fairness and governance; or 
data-privacy ethics. Purely technical machine-learning 
studies with no organizational or ethical dimension, non-
peer-reviewed opinion pieces, and studies unrelated to 
enterprise or organizational analytics were excluded.

Analytical Approach
Because the objective is conceptual reconciliation rather 
than statistical synthesis, the review followed a thematic-
conceptual analysis: sources were coded against the 
four theoretical lenses set out in Section 2 (shareholder 
primacy, stakeholder theory, integrated reporting/ESG, 
and algorithmic fairness) and then cross-read to identify 
recurring points of  ethical conflict between the financial-
ROI and multi-stakeholder traditions. These conflicts 
were consolidated into the four ethical tensions presented 
in Section 4.2, and the resulting reconciliation framework 
(Section 4.3) was developed iteratively by mapping each 
tension to institutional mechanisms documented in the 
practice- and governance-oriented literature (e.g., Dare et 
al., 2025; Landers & Behrend, 2022; Yalley, 2025).

Limitations of  the Method
As a conceptual synthesis rather than a systematic review 
with a pre-registered protocol and reported search yields, 
this method does not support exhaustive claims of  
literature coverage or a formal accounting of  selection 
bias; it is best understood as an interpretive synthesis 
intended to generate a testable reconciliation framework, 
consistent with the paper’s conceptual-review scope and 
the limitations discussed in Section 5.

RESULTS  AND DISCUSSION
Frameworks for Measuring Analytics Business Value
Financial ROI Models
Financial ROI models for the business value of  analytics 
follow the logic of  investment accounting: net financial 
value (NFV) realized from an analytics deployment 
divided by its total financial value (TFV), expressed as 
a percentage. In practice, calculating analytics ROI is 
difficult organizational complexity, confounding variables, 
and the challenge of  constructing credible counterfactuals 
make it hard to attribute individual revenue gains or cost 
savings to specific analytics initiatives.
Chatterjee et al. (2021) provide one of  the strongest 
empirical studies of  analytics’ contribution to 
organizational performance, using partial least squares 
structural equation modelling on data from 306 Indian 
service- and product-sector organizations; data- and tool-
acquisition capabilities were found to raise business value 
through improved process performance and decision 
quality, with the overall model explaining 71% of  variance. 
Their results align with the resource-based view of  
analytics, in which value accrues mainly to organizations 
that build unique capabilities as strategic resources. 
Srivastava and Dixit (2023) extend this line of  work, 
showing that managerial analytics competency is pivotal 
in converting technical competency into decision-making 
efficiency and effectiveness indicating that analytics ROI 
depends on human-capital investment that pure financial 
ROI models often undervalue.

Multi-Stakeholder Value Models
Multi-stakeholder value models measure analytics 
investment against a wider set of  outcomes social equity, 
environmental impact, employee well-being, customer 
trust, and community benefit drawing on stakeholder 
theory, integrated reporting, ESG frameworks, and 
social-value accounting. Dare et al. (2025) present 
a Sustainability-Driven Reporting Model that uses 
weighted scoring, cost-benefit analysis, and impact 
mapping to integrate ESG indicators into traditional ROI 
assessment of  environmentally responsible practices, 
supported by a dynamic, real-time KPI dashboard. Jara 
et al. (2024) identify strategic social value orientation 
(SSVO) as a framework for evaluating how social-value 
considerations shape firms’ strategic analytics posture, 
testing the measure across 1,580 firm-years. In healthcare, 
Thusini et al. (2022) show that ROI concepts in quality-
improvement programmes accommodate both monetary 
and non-monetary benefit at different organizational 
maturity levels evidence that value measurement is 
industry-specific rather than universally transferable.

Integrated and Hybrid Frameworks
A growing body of  practice and scholarship supports 
hybrid approaches to financial and non-financial value 
measurement. Mlybari and Elgohary (2025) develop an AI-
based Value Management System (AIVMS) that integrates 
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explainable AI (XAI), multi-criteria decision-making 
(MCDM), and predictive analytics into a transparent 
decision-support tool for construction-project value 
management, empirically validated on three real-world 
projects with a 23% improvement in decision-making 
consistency, a 31% reduction in value-engineering cycle 
time, and an 89% improvement in stakeholder-reported 

transparency satisfaction. Enholm et al. (2021) conduct a 
systematic review of  AI’s business value, distinguishing 
direct value effects (cost reduction, revenue generation) 
from indirect value effects (organizational learning, 
market signalling, stakeholder trust) a distinction directly 
relevant to the financial-versus-multi-stakeholder framing 
developed in this paper.

Table 1: Comparison of  Analytics Business Value Measurement Frameworks
Dimension Financial ROI Model Multi-Stakeholder Model Integrated/Hybrid Model
Primary Unit of  Value Financial return to 

shareholders
Multi-capital value to diverse 
stakeholders

Weighted financial and non-
financial outcomes

Theoretical Basis Agency theory, 
shareholder primacy

Stakeholder theory, social 
contract

Integrated reporting, ESG 
frameworks

Measurement Approach ROI, NPV, revenue 
attribution

Multi-criteria, social value 
accounting

Balanced scorecard, impact 
mapping

Time Horizon Short to medium term Long term Multi-horizon with transition 
paths

Stakeholder Scope Shareholders/investors All affected parties Prioritized stakeholder groups
Ethical Orientation Instrumental (ethics as 

compliance)
Intrinsic (ethics as obligation) Deliberative (ethics as 

negotiation)
Key Risk Social harm 

externalization
Measurement ambiguity Governance complexity

Representative Studies Chatterjee et al. (2021); 
Srivastava & Dixit 
(2023)

Yalley (2025); Tapaninaho & 
Heikkinen (2022)

Mlybari & Elgohary (2025); 
Dare et al. (2025)

Ethical Tensions in Enterprise Analytics Value 
Measurement
A measurement framework for analytics business value is 
not only a technical or managerial choice; it is also a moral 
choice that shapes organizational priorities, resource 
allocation, and power relationships. Four principal ethical 
tensions emerge at this intersection.

Tension 1: Shareholder Primacy versus Stakeholder 
Equity
The most fundamental conflict in analytics value 
measurement concerns who receives value and who ought 
to. Financial ROI frameworks make explicit an implicit 
normative commitment to shareholder primacy: analytics 
programs are validated only insofar as they produce 
measurable financial returns to capital owners. This 
systematically privileges the interests of  those funding 
the analytics program over the employees monitored by 
it, the customers subject to it, the communities bearing 
the social costs of  data-center operations, and future 
generations inheriting its environmental externalities. 
Morin (2024) traces the systemic implications of  
shareholder primacy in financial management, showing 
that short-term profit maximization drives corporate 
decision-making toward outcomes that sacrifice long-
term value. In the analytics context this manifests in 
surveillance-capitalism business models (Zuboff, 2019) 
that extract value from personal data without reciprocity, 
and in algorithms optimized for revenue generation 
over user autonomy and well-being. Häußermann and 

Lütge (2021) argue this imbalance can only be corrected 
by moving beyond technical fixes: their deliberative-
order-ethics framework holds that stakeholders must 
negotiate the costs and benefits of  analytics systems and 
agree on acceptable trade-offs something financial ROI 
frameworks structurally preclude by privileging a single 
class of  stakeholder claims.

Tension 2: Short-Term Financial Metrics versus 
Long-Term Sustainability Value
A second tension concerns temporal scope. Financial 
ROI frameworks systematically discount future costs 
and benefits, creating structural incentives to base 
analytics-deployment decisions on short-term financial 
return rather than long-term sustainability outcomes a 
distortion made worse in enterprise analytics because the 
negative consequences of  unethical data handling (loss 
of  trust, regulatory penalties, discrimination, ecological 
impact) tend to have longer latency than the positive 
returns. Zumente and Bistrova (2021) show empirically 
that ESG-aware companies generate better long-term 
shareholder value, implying that short-term ROI logic can 
be counterproductive even for shareholders. Reputation, 
stakeholder trust, and employee engagement qualitative 
factors with long-horizon impact are precisely the factors 
financial ROI models omit. Dare et al. (2025) find that 
organizations pursuing sustainable analytics strategies 
realize medium- to long-term gains in operational 
efficiency, stakeholder trust, and competitiveness, 
while noting that inconsistent reporting standards and 
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short-term cost pressure make these benefits harder to 
demonstrate an epistemological problem that requires 
institutional, not merely technical, correction.

Tension 3: Algorithmic Efficiency versus Fairness
The third tension concerns how analytics systems operate. 
Optimization algorithms typically maximize an objective 
function profit, engagement, or efficiency within operational 
constraints; unless fairness is explicitly written into the 
system as a constraint or goal, historically marginalized 
groups are systematically disadvantaged even as outcomes 
appear efficient from an ROI perspective. De-Arteaga et 
al. (2022) provide the most extensive treatment of  this 
dynamic in the business-analytics literature, arguing that 
the presumed trade-off  between fairness and performance 
is frequently misleading: fairness constraints can strengthen 
model robustness, reduce regulatory risk, and build 
customer trust, which in turn create financial value. Landers 
and Behrend (2022) propose a twelve-component auditing 
framework across model characteristics, information 
presentation, and meta-considerations such as cultural 
context and respect for persons. Adaga et al. (2024) argue that 
fairness, privacy, transparency, and ecological responsibility 
should be designed into the analytical problem itself, rather 

than treated as a post-hoc compliance step.

Tension 4: Data Monetization versus Privacy and 
Transparency Rights
The fourth tension concerns the interplay between data 
as an economic good and data as a social good tied 
to individual rights and democratic values. Financial 
ROI schemes encourage organizations to leverage 
data resources in ways that risk misuse of  personal 
information or breaches of  information sovereignty, even 
when doing so is profitable. Quach et al. (2022) examine 
this balance using structuration theory, identifying four 
firm typologies privacy leaders, selective sharers, data 
minimizers, and privacy laggards and find that data-privacy 
leadership correlates with stronger customer-relationship 
quality and lower regulatory exposure. Tursunbayeva et al. 
(2021) document how this tension manifests specifically 
in people analytics, where transparency gaps, privacy 
concerns, data discrimination, and weak ethical culture 
emerge as key risks; they argue that putting employees 
first is structurally impossible within an ROI-only framing 
of  people-analytics business models, because employee 
benefit must be specified as an explicit outcome rather 
than assumed as a by-product.

Table 2: Summary of  Ethical Tensions in Enterprise Analytics Value Measurement
Ethical Tension Manifestation in 

Analytics
Ethical Stakes Key References

Shareholder primacy vs. 
stakeholder equity

Analytics optimized for 
investor return at the cost of  
broader stakeholder welfare

Exploitation of  employee/
customer data, community-harm 
externalization

Morin (2024); 
Häußermann & Lütge 
(2021)

Short-term metrics vs. 
long-term sustainability

Discount rates undervalue 
future social and 
environmental costs

Erosion of  trust, regulatory 
backlash, reputational and climate 
costs

Zumente & Bistrova 
(2021); Dare et al. (2025)

Algorithmic efficiency 
vs. fairness

Optimization algorithms 
discriminate against 
marginalized groups

Legal liability, social harm, 
reputational risk

De-Arteaga et al. (2022); 
Landers & Behrend 
(2022)

Data monetization vs. 
privacy rights

Commercial data strategies 
conflict with privacy and 
transparency norms

Privacy violations, loss of  
customer trust, regulatory 
penalties

Quach et al. (2022); 
Tursunbayeva et al. (2021)

A Reconciliation Framework for Ethical Analytics 
Value Measurement
The ethical tensions identified above are not irresolvable, 

but resolving them requires purposive institutional design: 
governance structures, measurement architectures, and 
deliberative processes that make multi-stakeholder value 

Figure 1:   The Multi-Stakeholder Analytics Value Reconciliation Framework
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visible, accountable, and actionable. This section presents 
a reconciliation framework organized around four pillars: 
multi-capital value accounting, stakeholder participation 
mechanisms, ethical audit procedures, and temporal 
balancing mechanisms. Figure 1 provides a schematic 
representation of  the framework.

Pillar 1: Multi-Capital Value Accounting
The first pillar adapts the integrated-reporting framework 
to enterprise analytics, requiring organizations to 
measure and disclose value creation and destruction 
across six capital categories: financial, manufactured, 
intellectual, human, social/relational, and natural capital 
(Dameri & Ferrando, 2021; Velte, 2021). Applied to 
analytics investment, this means tracking revenue 
attribution and cost savings alongside employee capability 
development, customer-relationship quality, intellectual-
property creation, infrastructure depreciation, and the 
environmental footprint of  data-center operations. 
Dare et al. (2025) offer a practical template through their 
Sustainability-Driven Reporting Model, which integrates 
ESG indicators with financial metrics via weighted 
scoring, impact mapping, and a real-time dashboard; 
the standardization challenge they identify can be partly 
addressed through alignment with emerging frameworks 
such as the International Sustainability Standards Board 
(ISSB) standards and the Global Reporting Initiative 
(GRI).

Pillar 2: Stakeholder Participation Mechanisms
The second pillar addresses the governance gap in 
analytics decision-making by institutionalizing meaningful 
stakeholder participation in analytics strategy, design, and 
evaluation, responding directly to the shareholder-primacy 

tension by creating legitimate channels through which 
employees, customers, communities, and other affected 
parties can influence analytics governance. Yalley’s 
(2025) stakeholder-inclusive framework operationalizes 
this through participatory design engaging stakeholders 
across the analytics lifecycle, from problem definition 
through outcome monitoring; Häußermann and Lütge’s 
(2021) deliberative-order-ethics framework supplies the 
normative foundation. Practical mechanisms include 
analytics ethics advisory boards, participatory data-
governance councils, algorithmic impact assessments 
with public comment periods, and community benefit 
agreements for high-impact analytics projects. Assumang 
et al. (2025) provide a further, cross-sector illustration of  
this pillar: in their review of  Agile, data-analytics-informed 
project management for non-profit and community-based 
organizations, iterative stakeholder collaboration rather 
than rigid, pre-specified reporting was the mechanism 
through which real-time analytics insight was translated 
into decisions accountable to affected communities, 
reinforcing that participatory governance and analytical 
rigor are complementary rather than competing design 
goals. Tursunbayeva et al. (2021) similarly recommend 
diverse stakeholder inclusion and transparency as core 
ethical requirements for people analytics, while Bogina 
et al. (2021) argue that organizations must invest in 
stakeholder literacy to enable meaningful participation.

Pillar 3: Ethical Audit Procedures
The third pillar supplies the technical and procedural 
infrastructure for detecting, documenting, and remediating 
ethical harms arising from analytics deployment, directly 
addressing the algorithmic-fairness and data-privacy 
tensions through systematic accountability mechanisms. 

Table 3: The Analytics Value Reconciliation Framework: Pillars, Mechanisms, and Addressed Tensions
Framework Pillar Key Mechanisms Tension(s) Addressed Governance Level
Multi-Capital Value 
Accounting

Six-capital KPI tracking; 
ESG-integrated reporting; 
sustainability dashboards; 
ISSB/GRI alignment

Shareholder primacy vs. 
stakeholder equity; short-
term vs. long-term value

Organization; 
Regulatory

Stakeholder Participation Ethics advisory boards; 
participatory data governance 
councils; algorithmic impact 
assessments; community 
benefit agreements

Shareholder primacy vs. 
stakeholder equity; data 
monetization vs. privacy 
rights

Organization; 
Community

Ethical Audit Procedures Pre-deployment bias testing; 
model cards; incident 
response; third-party auditing; 
fairness monitoring

Algorithmic efficiency vs. 
fairness; data monetization 
vs. privacy rights

Technical; Regulatory

Temporal Balancing Multi-horizon value 
forecasting; social-cost 
shadow pricing; sunset 
clauses; balanced portfolio 
mandates

Short-term metrics vs. 
long-term sustainability; 
shareholder primacy vs. 
stakeholder equity

Strategic Governance 
Board
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Landers and Behrend’s (2022) twelve-component AI 
auditing framework covers source-data quality, model 
design, output characteristics, information presentation, 
affected-party perspectives, and cultural context. Sura 
and Governance (2025) show empirically that ethical 
AI practices correlate positively with stakeholder trust, 
arguing for automated ethical review and comprehensive 
guidelines as necessary infrastructure. This aligns with the 
ethical-design-by-default approach advocated by Paulraj 
(2025), whose framework spans technical architecture, 
governance structures, and organizational workflow. Key 
procedural elements include pre-deployment bias testing 
across protected-attribute groups, model documentation 
(model cards, datasheets for datasets), incident-response 
procedures, and regular third-party auditing of  high-
stakes analytics systems.

Pillar 4: Temporal Balancing Mechanisms
The fourth pillar addresses the short-term-versus-
long-term value tension by establishing governance 
mechanisms that explicitly balance temporal horizons in 
analytics investment decisions essential because the harms 
of  irresponsible analytics deployment typically materialize 
over longer horizons than the financial benefits, creating 
structural incentives for ethical short-termism. Concrete 
mechanisms include multi-horizon value forecasting 
extending ROI calculations to ten-year or longer time 
frames, shadow pricing of  social and environmental 
externalities, sunset and review clauses for high-impact 
analytics systems, and governance-committee mandates 
requiring consideration of  long-term stakeholder 
impact before approving major analytics investments. 
Sewpersadh (2023) argues that governance structures 
must explicitly recognize and manage trade-offs between 
value drivers that sometimes conflict with societal benefit, 
requiring explicit temporal-balancing authority. At the 
portfolio level, organizations can maintain a balanced 
mix of  short-term financial-return projects and longer-
term stakeholder-value initiatives, analogous to portfolio 
balancing in financial management, reducing pressure on 
any single analytics project to justify itself  solely on short-
term financial terms.

Implications for Theory, Practice, and Policy
Theoretical Contributions
This paper makes three theoretical contributions. First, 
it extends stakeholder theory into analytics governance, 
arguing that the Freemanian approach offers both a 
descriptive account of  analytics stakeholders and a 
normative basis for multi-stakeholder value accounting; 
it details the specific mechanisms through which 
shareholder-centric analytics measurement causes 
stakeholder harm and proposes institutional remedies 
grounded in deliberative ethics theory (Häußermann & 
Lütge, 2021). Second, it extends the integrated-reporting 
and ESG literature previously applied mainly to traditional 
corporate reporting to enterprise analytics investment 
specifically, showing that multi-capital accounting logic 

transfers directly to the analytics-governance domain and 
providing a template for analytics-specific KPIs. Third, 
it contributes to the algorithmic-fairness literature by 
treating fairness not only as a technical model property 
but as an organizational and governance problem 
requiring institutional solutions, bridging the technicist 
and governance literatures with a shared conceptual 
vocabulary.

Implications for Organizational Practice
The reconciliation framework offers several actionable 
principles. The multi-capital accounting pillar gives 
analytics practitioners a usable path for extending 
business cases from financial ROI to human, social, 
intellectual, and environmental value not only an 
ethical choice but, per Zumente and Bistrova (2021), a 
strategically sound one, since firms integrating multi-
stakeholder value creation achieve better long-term 
results. Addressing stakeholder participation requires 
governance infrastructure advisory ethics boards, 
participatory design processes, community engagement 
channels that gives non-shareholder voices legitimate 
influence over analytics decisions; Rukh et al. (2025) offer 
a practical blueprint for enterprise AI governance that 
embeds stakeholder-impact measurement and ethical 
controls into human-AI teaming. The ethical-audit pillar 
requires treating fairness, transparency, and privacy as 
design principles rather than compliance obligations; 
Paulraj (2025) and Sura and Governance (2025) provide 
complementary approaches for embedding ethical 
design into both analytics architecture and governance 
process, positioning organizations to manage an evolving 
regulatory landscape that includes the EU AI Act and 
comparable proposed regulation elsewhere.

Implications for Policy and Regulation
The reconciliation process carries policy implications as 
well. The persistence of  four structural ethical tensions 
suggests that voluntary governance alone is insufficient: 
the incentives embedded in financial ROI approaches 
will continue to generate ethical lapses absent regulatory 
correction. Policy options consistent with the framework 
include treating privacy by design as a legal obligation 
rather than a best practice; requiring algorithmic impact 
assessments for high-stakes analytics deployments; 
mandating multi-capital analytics value disclosure for 
organizations above a defined size or impact threshold; 
and investing in public stakeholder-literacy and 
participation infrastructure. At the international level, 
aligning this framework with emerging AI governance 
instruments the EU AI Act, OECD AI Principles, and 
the UNESCO Recommendation on the Ethics of  AI 
would provide a more coherent governance environment 
for enterprise AI-driven analytics.

CONCLUSION
This paper examined the ethical tensions created by 
competing approaches to measuring the business value 
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of  enterprise analytics. The choice between financial ROI 
and multi-stakeholder frameworks is an ethical decision 
as much as a technical one. The four tensions identified 
(shareholder primacy versus stakeholder equity, short-
term metrics versus long-term sustainability, algorithmic 
efficiency versus fairness, and data monetization versus 
privacy) are unlikely to be resolved through incremental 
adjustments alone. The proposed framework, combining 
multi-capital accounting, stakeholder participation, 
ethical auditing, and temporal balancing, suggests that 
ethical governance and analytical capability can reinforce 
one another.
As a conceptual review, the study offers no empirical test 
of  the framework. Future research should examine it 
through case studies and field research, extend it to sector-
specific settings such as healthcare and financial services, 
and address the new challenges raised by generative AI.
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