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CONCEPTUAL FRAMEWORK & SYNTHESIS ARTICLE

ABSTRACT

Professional organisations increasingly use dashboards, predictive models and other analytical tools to guide decisions. Yet
access to more information does not necessarily lead to better judgement or outcomes. This conceptual article examines that
gap. Drawing on selected scholarship in evidence-based management, analytics capability and data governance, it develops
a decision-to-outcome accountability perspective. The central proposal is to follow a traceable decision episode: what
evidence was available, why a choice was made, who acted on it and what happened afterwards. The framework
distinguishes three achievements that must be assessed separately: a technically sound prediction, a well-justified decision
and a beneficial realised outcome. The article identifies conditions that may shape these links, suggests indicators for future
research and illustrates the argument through a hypothetical university example. The framework is a conceptual proposal for
empirical testing.
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1. Introduction
Professional organisations make decisions amid changing
technologies, competing demands and growing expectations
of accountability. Managers must often act quickly while
explaining not only what they decided, but why. Data can
help with that task. It can also complicate it when indicators
conflict or the available information is incomplete.

In this article, professional organisations are
knowledge-intensive, service-oriented organisations in
which staff use specialist expertise to make decisions and
deliver services. Examples include universities, hospitals,
public agencies and professional service firms.

Digital records, dashboards and predictive models give
organisations new ways to spot patterns and compare
options. Their value depends on the questions being asked
and what happens next. A sophisticated analysis has little
practical value if nobody can act on it.

More information is not the same as better judgement. An
organisation may collect reliable data yet struggle to
interpret it, agree on a course of action or learn from the
results. These are organisational problems as much as
technical ones.

Szukits and Móricz (2024), using survey data from 305
medium-sized and large companies in Hungary, found that
analytical culture was associated with data-driven
decision-making. They did not find support for a direct

association between centralisation of data use and
data-driven decision-making. This distinction matters:
concentrating access to information should not be mistaken
for improving the decisions made with it.

The relevance of DDDM extends beyond immediate
productivity. Organisations increasingly need to understand
how their decisions affect financial stability, employee
well-being, service quality, resource consumption, and
environmental performance. Data can help identify
inefficiencies, monitor progress, and reveal unintended
consequences. Nevertheless, sustainability cannot be
established through a single indicator, and short-term
improvements may conflict with longer-term organisational
objectives.

This article treats data-driven decision-making (DDDM) as
a process involving evidence, people and responsibility. Its
guiding question is straightforward: how can an organisation
tell whether an analytical insight contributed to a
worthwhile decision and, ultimately, a worthwhile outcome?

2. Research Objectives
The article has five objectives:

To explain the role of data-driven decision-making in
contemporary professional organisations.

To identify the principal opportunities and challenges
associated with analytical approaches to organisational
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decisions.

To examine the relationship between data-driven practices,
managerial judgement, and sustainable organisational
performance.

To develop a conceptual framework for integrating data,
analytical capability, governance, and performance
evaluation.

To propose practical recommendations for organisations
seeking to improve decision quality and long-term
effectiveness.

The analysis addresses the following questions:

How can data-driven decision-making improve the quality of
professional and organisational decisions?

Which technological, managerial, and organisational
barriers limit the effective use of data?

How should professional judgement and analytical evidence
be integrated into decision-making?

What governance mechanisms are necessary to promote
reliable, ethical, and accountable data use?

How can organisations evaluate the contribution of
data-driven practices to sustainable performance?

4.1 Research Design

This article adopts a conceptual integrative research design.
It draws on selected scholarly literature concerning
data-driven decision-making, evidence-based management,
business analytics, organisational culture, and data
governance.

Rather than attempting to cover every publication in the
field, the article brings selected perspectives together to
develop a conceptual argument. The sources were chosen
for their relevance to evidence use, analytics capability,
governance and the movement from decisions to outcomes.
This is a purposive synthesis, not a systematic literature
review.

4.2 Analytical Approach

The discussion is organised around five interconnected
themes:

Data quality, accessibility, and infrastructure.

Analytical capability and organisational culture.

Professional judgement and managerial interpretation.

Governance, accountability, and ethical data use.

Performance evaluation and organisational sustainability.

These themes inform the proposed conceptual framework
and the practical implementation model.

4.3 Scope and Limitations

This is a conceptual article rather than a systematic review
or empirical study. No original surveys, interviews,
experiments, or organisational datasets were collected. The
article does not claim to have conducted an exhaustive
database search or applied a formal systematic-review
protocol.

The resulting framework is a proposal for examination, not a
finding about what works. Its assumptions need testing in
settings where decisions, implementation and outcomes
can be observed.

5.1 Defining Data-Driven Decision-Making

Data-driven decision-making involves the systematic use of
data and analytical evidence to support decisions. It can
include descriptive analysis of past performance, diagnostic
examination of possible causes, predictive modelling of
future outcomes, and prescriptive analysis of alternative
actions.

Descriptive analytics can help managers understand what
has occurred. Diagnostic analytics examines why a
particular pattern may have emerged. Predictive analytics
estimates what may happen under specified conditions,
while prescriptive approaches evaluate possible actions and
their expected consequences.

These forms of analysis are related but serve different
purposes. A report showing declining customer satisfaction
does not independently establish why satisfaction has
fallen. A predictive model may estimate the likelihood of
employee turnover without identifying an appropriate or fair
intervention. Managers must interpret analytical outputs in
relation to the organisational context and the decision being
considered.

Provost and Fawcett (2013) emphasise the relationship
between data science, analytical reasoning, and business
decision-making. Their work supports the view that
analytical tools are most useful when connected to clearly
defined organisational problems and a sound understanding
of how data should inform decisions. Davenport and Harris
(2007) likewise situate analytical capability within
organisational strategy and practice.

5.2 Evidence-Based Management

Data-driven decision-making overlaps with evidence-based
management, but the concepts are not identical.
Evidence-based management involves the systematic use
of relevant evidence from multiple sources, including
scientific research, organisational data, professional
expertise, and the perspectives of affected stakeholders.

Rousseau (2006) argues for a stronger connection between
scientific evidence and management practice. This
perspective challenges decisions based solely on
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managerial intuition, tradition, or untested assumptions.

DDDM can contribute to evidence-based management by
making organisational information more accessible and
analytically useful. However, data should not be treated as
the only legitimate source of evidence. Professional
experience, qualitative observations, ethical considerations,
and stakeholder knowledge may reveal important factors
that quantitative indicators do not adequately capture.

A balanced approach uses data to test assumptions and
improve reasoning while recognising the limitations of
measurement.

5.3 Organisational Analytics Capability

An organisation's ability to use data depends on more than
software or technical infrastructure. It also requires
appropriate skills, processes, leadership support, and an
organisational culture that values evidence.

Szukits and Móricz (2024) found that a stronger analytical
culture was associated with greater use of data in
decision-making. Their analysis found no evidence of a
direct association between centralisation of data use and
data-driven decision-making.

Organisations need employees who can interpret data,
managers who can formulate useful questions, and
governance processes that support reliable information
sharing. They also need mechanisms for translating findings
into action.

Without these capabilities, analytical systems may produce
reports that are technically sophisticated but disconnected
from actual decisions.

This purposive synthesis uses selected studies to illustrate
what is known about analytics capability, adoption and
implementation. It makes no claim to exhaustive coverage.

Research on analytics capability cautions against treating
investment in data infrastructure as a direct route to
organisational success. Mikalef et al. (2020) found that the
relationship between big data analytics capability and
competitive performance was mediated by dynamic and
operational capabilities in a survey of Norwegian firms.
Their finding supports a capability-based account but does
not establish that the same pathways operate in
universities, hospitals or smaller professional organisations.

In a mixed-method study involving Greek firms, Mikalef et
al. (2019) identified different combinations of analytics
resources associated with high performance. The
implication is not that a single best-practice bundle exists.
Rather, organisations may need different combinations of
technical, managerial and organisational resources
depending on their circumstances. This challenges any
linear assumption that more data or more advanced models
necessarily yield better results.

The distinction between technical accuracy and human
acceptance also matters. Dietvorst et al. (2015) found in
experimental settings that people sometimes avoided an
algorithm after observing its errors, even when it
outperformed a human forecaster. This evidence concerns
judgement and prediction tasks; it should not be
generalised without qualification to all organisational
decisions. It nevertheless suggests that the adoption and
interpretation of analytical advice require attention
alongside model quality.

Organisational resistance can arise after analytics systems
have been purchased. Mikalef et al. (2021) used multiple
organisational cases to examine how different forms of
inertia constrain the development of dynamic capabilities.
Their analysis suggests that implementation should be
understood as organisational change rather than a purely
technical deployment. Taken together, these studies justify
examining the full decision pathway, while leaving open
whether the present framework improves outcomes in
practice.

6.1 Improved Decision Quality

One major opportunity is the ability to make decisions using
more systematic evidence. Managers can compare
historical results, examine trends, and test whether
assumptions are supported by available information.

For example, a professional organisation evaluating a
declining service outcome may compare performance
across time periods, locations, service categories, and
relevant operational conditions. This analysis can help
identify where further investigation is needed.

Data cannot remove uncertainty. It can, however, help
managers state assumptions clearly, compare realistic
alternatives and revisit a decision when new evidence
appears.

6.2 Operational Efficiency and Resource Allocation

Data analytics can help organisations identify bottlenecks,
redundant processes, underused resources, and variations
in operational performance.

In service organisations, workflow data may reveal delays
between stages of a process. In educational institutions,
administrative records may identify recurring scheduling
problems. In business operations, inventory and demand
information may support better resource planning.

Identifying a bottleneck is only the beginning. If staff lack
the authority, time or resources to change a process, the
insight may never lead to improvement.

6.3 Predictive Planning and Risk Management

Predictive analytics can help organisations estimate future
demand, identify potential operational disruptions, and
evaluate risks under different scenarios.
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Financial forecasts may support budgeting, while
operational models may help estimate staffing
requirements or anticipate equipment maintenance needs.
Risk indicators may also help managers identify emerging
problems before they become more costly.

However, predictions are conditional on the data,
assumptions, and methods used. A model developed under
stable conditions may become less reliable when markets,
regulations, technology, or organisational behaviour
change. Predictive outputs should therefore be reviewed
periodically and interpreted alongside contextual
information.

6.4 Organisational Learning and Innovation

Organisations learn from data when they return to earlier
decisions and ask what happened next. That review must
be more than a report: someone needs the authority to act
on what it reveals.

When organisations compare expected results with actual
performance, they can identify assumptions that require
revision and practices that deserve further investigation.
This process can encourage experimentation, reflection,
and improvement.

Analytical evidence may also reveal opportunities for
innovation by identifying unmet needs, recurring customer
concerns, or variations in service delivery. However,
innovation requires creativity and judgement in addition to
analytical detection. Data can reveal a problem or pattern
without independently generating the most appropriate
solution.

6.5 Accountability and Transparency

Well-designed data systems can make organisational
decisions more traceable. Documented performance
indicators, clearly defined procedures, and recorded
decision rationales can help explain why particular actions
were taken.

Transparency may strengthen internal accountability by
allowing managers and relevant stakeholders to review the
evidence supporting decisions. It can also help identify
inconsistencies between organisational objectives and
actual practice.

A dashboard can look authoritative even when its measures
are incomplete or poorly chosen. Transparency requires
explaining what an indicator captures, what it misses and
how it is used.

6.6 Support for Sustainable Performance

Sustainable organisational performance involves the
capacity to maintain effectiveness over time while
managing economic, social, and environmental
consequences.

Data can help organisations monitor financial resilience,
employee turnover, service quality, energy consumption,
material waste, and other relevant indicators. By identifying

trends and evaluating interventions, organisations can
make more informed decisions about resource use and
long-term priorities.

However, the relationship between DDDM and sustainability
is not automatic. An organisation may improve short-term
financial results while increasing employee stress or
environmental costs. Sustainable performance therefore
requires balanced measures that reflect the organisation's
wider responsibilities.

For example, a university could combine room-use records
with electricity-meter data to decide which buildings to
keep open during low-demand periods. A trial could track
total campus electricity use and students’ access to study
spaces. Campus-wide measurement would help show
whether the change reduced consumption or shifted it to
other buildings.

7.1 Data Quality and Reliability

The quality of a decision depends partly on the quality of
the information supporting it. Data may contain missing
values, inconsistent definitions, duplicate records,
inaccurate entries, or outdated information.

When different departments use incompatible data
standards, the same organisational measure may be
calculated differently across units. This can create
misleading comparisons and reduce confidence in analytical
results.

Organisations should establish data-quality standards,
assign responsibility for important datasets, document
definitions, and introduce appropriate validation
procedures. Data limitations should be communicated
clearly rather than concealed behind polished reports.

7.2 Data Silos and Fragmented Systems

Professional organisations often use multiple information
systems that were developed for different purposes.
Financial, operational, human resource, customer, and
service records may be stored separately.

Fragmented systems can restrict the ability to examine
relationships across organisational functions. For example,
managers may be unable to determine whether changes in
staffing, training, and workflow are associated with
variations in service quality if the relevant information
cannot be compared reliably.

Integration can improve analytical opportunities, but it also
requires attention to privacy, security, access rights, and
the compatibility of data definitions. More data sharing is
not always better; organisations should share information
according to legitimate purposes and appropriate
safeguards.

7.3 Analytical Skills and Interpretation
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Data-driven management requires employees to
understand what analytical results mean and what they do
not establish.

A correlation between two variables does not necessarily
demonstrate that one causes the other. A model may
perform well on historical data but produce weaker results
under new conditions. A dashboard may highlight changes
without explaining their causes.

Managers need sufficient analytical literacy to ask relevant
questions, assess uncertainty, recognise limitations, and
determine when specialist advice is required. Organisations
should also ensure that technical analysts understand the
practical context of the decisions they support.

7.4 Overreliance on Quantitative Indicators

Quantitative measures are valuable because they support
comparison and monitoring. However, not every important
organisational outcome can be represented adequately by a
numerical indicator.

Employee morale, professional judgement, service quality,
organisational trust, and stakeholder experiences may
require qualitative evidence or contextual interpretation.
Excessive emphasis on measurable targets can also
encourage employees to optimise indicators at the expense
of the broader objective.

Organisations should therefore combine quantitative
indicators with qualitative feedback, professional
assessment, and periodic review of whether the chosen
measures remain appropriate.

7.5 Privacy, Security, and Ethical Concerns

Organisational datasets may contain personal, confidential,
or commercially sensitive information. Poor data
governance can expose individuals and institutions to
privacy violations, unauthorised disclosure, and other forms
of harm.

The use of AI and advanced analytics can introduce
additional concerns involving discriminatory outcomes,
opaque decision-making, and unclear accountability. These
risks are especially significant when analytical systems
influence employment, access to services, financial
decisions, or other consequential outcomes.

The National Institute of Standards and Technology (NIST)
provides an AI Risk Management Framework that helps
organisations address trustworthiness considerations
throughout the design, development, deployment, and use
of AI systems (Tabassi, 2023). Although this framework
focuses specifically on AI, its emphasis on governance, risk
assessment, measurement, and ongoing management
offers relevant guidance for organisations using AI-assisted
analytics.

Responsible data practices should include appropriate
access controls, privacy safeguards, clear accountability,
and mechanisms for reviewing consequential decisions.

7.6 Organisational Resistance and Cultural Barriers

Introducing analytical approaches can challenge established
decision-making routines. Managers may be reluctant to
change practices based on experience, while employees
may worry that performance data will be used primarily for
surveillance or punitive evaluation.

Resistance can also arise when analytical systems are
introduced without consulting the people expected to use
them. Employees may regard dashboards as additional
administrative work if the results do not improve
operational decisions.

Organisations should explain the purpose of analytical
initiatives, involve relevant employees in system design,
provide training, and demonstrate how evidence will
support learning and improvement.

7.7 Costs and Unequal Analytical Capacity

Data infrastructure, specialist staff, cybersecurity,
integration, and ongoing maintenance can require
substantial investment. Smaller organisations may lack the
resources available to larger institutions.

A complex analytical system may also be inappropriate
when a simpler method can answer the decision question
effectively. Organisations should evaluate expected
benefits, implementation costs, staff capabilities, and
long-term maintenance requirements before committing to
a particular technology.

The objective should be to develop analytical capability
appropriate to organisational needs rather than pursue
technological sophistication for its own sake.

This article proposes a five-dimensional framework linking
data-driven decision-making to sustainable organisational
performance. Figure 1 shows where each dimension
contributes to a decision episode. Governance applies
throughout, and the review of realised outcomes informs
subsequent decisions.

Figure 1

The Five Dimensions Across a Decision Episode

Note. D1–D5 refer to the dimensions in Sections 8.1–8.5.
Implementation is a stage in the episode, with
responsibilities assigned through accountable governance.

8.1 Data Quality and Accessibility
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The first dimension concerns the availability of relevant,
accurate, timely, and appropriately governed information.

Organisations should establish clear data definitions,
validation procedures, access arrangements, and ownership
responsibilities. Decision-makers need access to information
relevant to their responsibilities, but access should remain
consistent with privacy, security, and confidentiality
requirements.

Reliable data create the foundation for analysis, although
data quality alone cannot guarantee appropriate decisions.

8.2 Analytical Capability

The second dimension concerns the technical and
organisational ability to convert data into meaningful
insights.

Analytical capability includes suitable tools, trained
personnel, appropriate methods, and the ability to evaluate
uncertainty. It also requires alignment between analytical
tasks and the decisions the organisation needs to make.

Organisations should select analytical methods according to
the complexity of the question, the quality of available data,
and the consequences of potential error.

8.3 Managerial Interpretation and Professional Judgement

The third dimension concerns the interpretation of
analytical results in their organisational context.

Managers must connect findings to strategic objectives,
operational realities, stakeholder needs, and professional
standards. They should examine alternative explanations,
identify important limitations, and determine whether
additional evidence is required.

This dimension recognises that data-driven decisions
remain human and organisational activities. Analytics can
strengthen judgement, but it cannot independently resolve
every ethical, contextual, or strategic question.

8.4 Accountable Governance

The fourth dimension concerns the rules and responsibilities
that guide data use.

Governance arrangements should establish who may collect
and access data, who validates analytical systems, who
approves consequential decisions, and who responds when
problems occur.

Where AI or predictive models are used, organisations
should apply proportionate risk assessment, monitor
performance, and provide appropriate human review.
Decision processes should be sufficiently documented to
support accountability and learning.

8.5 Continuous Performance Evaluation

The fifth dimension concerns the assessment of whether
analytical decisions produce meaningful and sustainable
improvements.

Organisations should compare intended outcomes with
actual results, consider unintended consequences, and
revise decisions when evidence indicates that the original
approach is ineffective.

Performance evaluation should include economic outcomes
alongside relevant social, operational, and environmental
considerations. This helps prevent narrow efficiency
measures from displacing broader organisational objectives.

The proposed framework suggests that data-driven
sustainable performance depends on the interaction of all
five dimensions. Reliable data must be interpreted through
analytical competence, contextual judgement, accountable
governance, and continuous evaluation.

This framework is a conceptual proposal and has not yet
been empirically validated.

9.1 Stage One: Define the Decision Problem

Organisations should begin by identifying a specific decision
that requires improvement.

Examples include reducing service delays, improving
resource allocation, forecasting demand, strengthening
employee development, or evaluating the sustainability of
operational practices.

The decision problem should be clearly defined before data
are collected or analytical tools are selected. This prevents
organisations from investing in extensive data processing
without a clear purpose.

9.2 Stage Two: Identify Relevant Data

The next step is to determine what information is required,
where it is available, and whether it is suitable for the
intended analysis.

Organisations should examine data completeness,
accuracy, timeliness, representativeness, and accessibility.
They should also identify privacy, security, and legal
requirements that affect data collection and use.

Where essential information is unavailable, decision-makers
should acknowledge the limitation and consider whether
additional data collection is justified.

9.3 Stage Three: Select Appropriate Analytical Methods

The analytical method should match the decision question.

Descriptive reports may be sufficient for monitoring routine
performance. Diagnostic methods may help investigate
possible causes, while forecasting or predictive models may
be appropriate when future outcomes need to be estimated.

More complex methods are not necessarily better.
Analytical sophistication should be justified by the decision's
importance, the available evidence, and the organisation's
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ability to interpret and maintain the system.

9.4 Stage Four: Interpret Findings Collaboratively

Analytical results should be reviewed by people with
relevant technical, managerial, and operational expertise.

Cross-functional discussion can help determine whether the
results make sense in the actual working environment,
identify alternative explanations, and clarify the
implications of different actions.

For significant decisions, organisations should document the
principal evidence, assumptions, uncertainties, and reasons
supporting the selected course of action.

9.5 Stage Five: Implement and Monitor Decisions

A data-driven decision produces value only when it informs
appropriate action.

Organisations should assign responsibilities, establish
realistic implementation timelines, and identify indicators
that can show whether the intervention is working.
Monitoring should also examine whether the action creates
unintended consequences.

Where results differ from expectations, decision-makers
should investigate the reasons and revise the approach
where necessary.

9.6 Stage Six: Review and Institutionalise Learning

The final stage involves examining what the organisation
learned from the decision process.

Teams should consider which data were useful, which
assumptions proved inaccurate, whether the selected
indicators were appropriate, and what should change in
future decisions.

Lessons should be incorporated into relevant procedures,
training, data standards, and analytical practices. This
converts isolated analytical projects into a continuing
organisational capability.

The contribution of DDDM should be evaluated through
multiple indicators rather than a single measure of
efficiency.

The selection of indicators should reflect the organisation's
purpose and operating context. A healthcare provider,
educational institution, business enterprise, and public
agency may require different measures of sustainable
performance.

Organisations should also distinguish between association
and causation. If performance improves after the
introduction of an analytical system, the improvement may
also reflect changes in staffing, leadership, market
conditions, or operational processes.

Where causal conclusions are important, organisations
should use suitable evaluation designs and consider
alternative explanations.

For a longer-term example, a hospital could use purchasing
and waste records to identify supplies suitable for a
reusable option. Before a pilot, it could set a review date
and specify how it will measure disposable waste, energy
and water used for reprocessing, lifecycle costs and
infection-control outcomes. Comparing the pilot with
baseline practice over a full year would help the hospital
assess whether reductions in waste persist and whether
they shift environmental burdens to other activities. This is
an illustrative evaluation design.

The central lesson is that installing analytics software is not
the same as learning to make better decisions. Access to
analytics can create opportunities for better decisions, but
the value of those opportunities depends on the quality of
the evidence, the competence of decision-makers, and the
organisational arrangements through which findings are
translated into action.

Szukits and Móricz (2024) emphasise the importance of
analytical culture and organisational arrangements in
understanding how data-driven decision-making becomes
embedded in managerial practice. Their research supports
the argument that analytical investments should be
accompanied by changes in organisational processes and
decision-making routines.

The conceptual framework developed in this article extends
that perspective by integrating data quality, analytical
capability, managerial interpretation, accountable
governance, and continuous evaluation. These dimensions
should be considered jointly rather than as independent
technical requirements.

For example, an organisation may possess reliable data and
sophisticated models but still make poor decisions if
managers misunderstand the results. Similarly, analytically
sound recommendations may not produce sustainable
outcomes when implementation responsibilities are unclear
or performance measures reward short-term gains at the
expense of longer-term objectives.

The framework also emphasises the continuing role of
professional judgement. Data can reveal patterns and
challenge assumptions, but organisational decisions often
involve uncertainty, competing priorities, and ethical
considerations that cannot be resolved through numerical
analysis alone.

This does not justify ignoring evidence in favour of intuition.
Instead, managers should use data to test their reasoning,
recognise uncertainty, and identify when further
investigation is needed. Professional experience and
qualitative evidence can complement quantitative analysis,
particularly when the data do not capture relevant
contextual factors.
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Governance is another central consideration. Organisations
need clear rules governing data access, analytical
responsibilities, privacy, and the review of consequential
decisions. Where AI systems are involved, risk management
should be integrated throughout their use rather than
restricted to an initial approval stage. The NIST framework
offers a practical reference for structuring such
risk-management activities (Tabassi, 2023). The allocation
of decision rights and accountability is also a central
concern of data governance (Khatri & Brown, 2010).

Finally, sustainable performance requires a broader
conception of success than immediate financial or
operational improvement. Decisions should be evaluated
according to their longer-term implications for
organisational resilience, employee well-being, service
quality, stakeholder trust, and environmental outcomes
where relevant.

A useful test comes after the recommendation: who acted
on it, what changed and who checked whether the change
helped?

The following recommendations are proposed for
professional organisations seeking to improve DDDM.

Begin with clearly defined decisions. Identify the
organisational problem before investing in new analytical
tools or collecting additional data.

Strengthen data governance. Establish responsibilities for
data quality, access, documentation, privacy, and security.

Develop analytical literacy. Train managers and employees
to interpret findings, understand uncertainty, and recognise
limitations in statistical and predictive methods.

Integrate professional judgement. Use analytical evidence
alongside relevant experience, contextual knowledge, and
stakeholder perspectives.

Encourage cross-functional collaboration. Involve technical
specialists, managers, and operational employees in
interpreting results and planning implementation.

Adopt proportionate technology. Select analytical methods
according to the problem, organisational resources, and
consequences of potential errors.

Protect privacy and fairness. Review data collection
practices and assess the potential for biased or harmful
outcomes, particularly when personal data or AI-assisted
decisions are involved.

Document consequential decisions. Record significant
assumptions, evidence, uncertainties, responsibilities, and
reasons supporting the chosen action.

Measure sustainable outcomes. Evaluate economic
performance alongside relevant social, operational,
governance, and environmental indicators.

Create a continuous learning cycle. Review results, identify
unexpected consequences, and use lessons to improve
future decisions and organisational procedures.

Align incentives with responsible practice. Avoid rewarding
managers exclusively for short-term numerical targets
when doing so could encourage manipulation or neglect of
broader objectives.

Review analytical systems periodically. Reassess models,
data sources, and performance measures as organisational
conditions and decision requirements change.

The article advances a decision-to-outcome accountability
perspective. Its contribution is not the claim that data
quality, analytical skills or governance matter
independently; these are established themes. Instead, it
proposes that the consequential unit of analysis is an
auditable decision episode linking (a) a defined decision and
its alternatives, (b) the evidence and uncertainty available
at the time, (c) interpretation and decision rights, (d)
implementation fidelity, and (e) intended and unintended
outcomes. This enables a distinction between a technically
accurate prediction, a well-justified choice and a beneficial
result. These are not interchangeable measures of success.

Unlike analytics-adoption accounts that emphasise
organisational capability or technology use, the proposed
account predicts that high analytics maturity may coexist
with weak performance when incentives reward proxy
metrics, decision authority is unclear or outcome feedback
cannot change practice. The model is therefore conditional
rather than universally positive. Its value is conceptual and
must be tested against competing explanations.

The notes below identify the dimensions each proposition
tests. Several propositions concern interactions between
dimensions.

P1. Data quality will be more strongly associated with
decision quality when decision-makers possess the
analytical literacy to interpret uncertainty, model limitations
and missing information.

Dimensions 1 and 2. Analytical literacy conditions how data
quality relates to decision quality.

P2. Explicit decision rights and documented escalation
routes will strengthen the association between analytical
recommendations and accountable implementation.

Dimension 4. Decision rights and escalation routes connect
analytical recommendations to accountable
implementation.

P3. The inclusion of professional and stakeholder knowledge
will weaken the association between metric optimisation
and adverse unmeasured outcomes, particularly in
high-stakes services.
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Dimension 3. Professional and stakeholder judgement can
expose consequences that the chosen metrics omit.

P4. Decision traceability will be associated with
organisational learning only where outcome reviews have
authority to revise routines, incentives or analytical models.

Dimensions 4 and 5. Traceability supports learning when
outcome review can change practice.

P5. Short-term efficiency gains will be less strongly
associated with sustainable performance when
distributional effects, workforce outcomes and longer-term
costs are not monitored.

Dimension 5. Longer-term and distributional measures help
distinguish immediate efficiency gains from sustainable
performance.

The propositions are not unique explanations for
performance differences. Better-resourced organisations
may both adopt analytics and achieve stronger results
because of leadership quality, institutional stability or prior
investment. Conversely, a crisis may prompt analytics
adoption at the same time that performance declines.
Future studies should measure these alternative
explanations before attributing improvements to the
proposed framework.

The model is most applicable to repeated or consequential
decisions for which outcomes can be defined and revisited.
Its value may be limited where data are sparse, outcomes
take years to emerge, professional discretion is legally
protected, or performance indicators systematically omit
important social costs. Under such conditions, qualitative
deliberation and procedural safeguards may matter more
than analytical sophistication.

A decision episode begins when a consequential choice is
formally framed and ends at a prespecified outcome review.
Data quality may be assessed through completeness,
provenance, timeliness and error rates; analytical literacy
through scenario-based interpretation tasks; decision
quality through blinded expert assessment of alternatives,
assumptions and proportionality; and traceability through
the completeness of contemporaneous decision records.
Implementation fidelity should be measured separately
from decision quality, using documented deviations from
the agreed action. Sustainable performance should use
context-specific operational, financial, employee, equity and
environmental indicators, with the time horizon specified
before analysis.

Each proposition can be assessed against a specified
outcome. For P1, sample decision episodes that vary in both
data quality and the analytical literacy of decision-makers.
Assess data quality and literacy separately, and have
independent assessors rate decision quality using the
documented rationale without knowing the eventual
outcome. Estimate the interaction between data quality and
analytical literacy and compare the strength of the
data-quality–decision-quality association at lower and
higher levels of literacy. A precise estimate showing a
similar or weaker association at higher literacy would count
against P1. For P4, researchers could compare documented
outcome reviews with and without authority to act. The
outcome would be whether the review led to a recorded
change in a routine, incentive or analytical model within a
prespecified period. Similar associations between
traceability and such changes in both groups would
challenge P4. Section 13.10 illustrates the framework
through a single hypothetical university decision.

Interpretation of these tests depends on the comparability
of the decision episodes. Researchers should account for
prior analytics investment, decision stakes, sector
regulation and organisational resources. A weak or
imprecise estimate may reflect limited variation or
measurement problems, so researchers should specify in
advance what size and pattern of result would count against
each proposition.

A longitudinal multi-organisation study could prospectively
sample decision episodes before outcomes are known.
Researchers could preregister decision-quality rubrics,
record baseline organisational capacity and compare
outcomes at specified intervals. Independent coders should
assess decision records without knowing subsequent
performance, with inter-rater agreement reported.
Mixed-method interviews could investigate why apparently
well-governed decisions succeed or fail. Observational
findings would not establish causality without credible
controls; quasi-experimental designs may be appropriate
when a governance intervention is introduced in stages.

This article develops a conceptual argument by bringing
together selected work on evidence-based management,
business analytics, data governance and AI risk. The
selection is purposive rather than exhaustive. It does not
claim exhaustive coverage or quantitative evidence
aggregation. The five dimensions were selected for their
distinct roles in the proposed decision episode, not derived
from a formally coded review. Accordingly, claims about the
frequency, magnitude or generalisability of relationships
should be interpreted as hypotheses rather than established
findings.
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13.7 Decision-Episode Evaluation Protocol
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For practical assessment, an organisation could select a
small number of consequential decisions prospectively.
Before acting, the decision owner would record the
question, available alternatives, evidence sources, data
limitations, anticipated benefits, foreseeable harms and the
reason for choosing one option. The team would also agree
on an outcome-review date and indicators that include
unintended consequences.

At review, an assessor independent of the original decision
should make four separate judgements. First, assess
whether the data and analysis were technically adequate
for the question. Second, assess whether the choice was
justified given the feasible alternatives, uncertainty and
constraints known at the time. Use the contemporaneous
decision record and, where feasible, withhold the eventual
outcome from the assessor until this judgement is recorded.
Third, compare the agreed action with what was delivered
and document deviations. Fourth, compare realised
outcomes with the prespecified indicators and review
unintended effects. Recording these judgements separately
allows the organisation to identify where the decision
episode went well and where changes are needed.

Illustrative indicators include completeness and timeliness
of source data, documentation of uncertainty, rate of
justified overrides, time between recommendation and
action, proportion of decisions receiving outcome review,
and reported adverse impacts. These are candidate
measures, not a validated scale. Their relevance and
weighting should be agreed with affected stakeholders
before use.

The framework does not replace established approaches. Its
narrower emphasis is the decision episode: a particular
choice followed from evidence and justification through
implementation to outcomes. Table 1 shows how this
emphasis relates to earlier work without assuming that
those approaches overlooked accountability.

Table 1. Conceptual positioning.

Approach Existing emphasis Additional focus in
this article

Evidence-based
management
(Rousseau, 2006)

Critically appraised
evidence in
managerial
judgement

Traceability from a
specific choice to
implementation and
outcomes

Analytics capability
(Mikalef et al., 2019,
2020, 2021)

Resources and
capabilities
supporting analytics

Why capability may
fail to translate into
realised benefits

Data governance
(Khatri & Brown,
2010)

Data-related
decision rights and
accountabilities

Accountability for
actions, monitoring
and correction

AI risk management
(Tabassi, 2023)

Identification and
management of AI
risks

Recording risk,
overrides and
consequences per
decision

These indicators are starting points for research and local
evaluation, not validated scales. Their usefulness depends
on the decision, organisation and people affected.

Table 2. Illustrative indicators and evidence sources.

Construct Candidate indicator Potential evidence

Evidence adequacy Completeness,
timeliness,
provenance,
uncertainty

Data audit

Decision
justification

Recorded
alternatives,
assumptions,
rationale

Decision
memorandum

Governance Named owner,
escalation and
appeal
arrangements

Governance records

Implementation
fidelity

Planned actions
actually completed

Implementation log

Realised outcomes Prespecified targets,
harms,
distributional effects

Outcome data and
feedback

Organisational
learning

Documented
changes after
review

Minutes and policy
versions

This example is hypothetical; it does not report student data
or an evaluated intervention. Imagine a university
considering extra tutoring for students whom a predictive
model identifies as at risk of not completing a course.
Before making offers, the university would need to examine
the model’s errors, consider other ways to identify need and
decide who may override a recommendation. It might pilot
the approach, record whether students received support
and compare outcomes with an appropriate alternative. The
review should also ask whether any groups were unfairly
excluded. Even an accurate prediction would not show, on
its own, that tutoring improved completion.

The argument remains conceptual. It has not demonstrated
that decision traceability improves performance. The
literature was selected purposively, the proposed measures
have not been validated and the illustration is hypothetical.
Future studies should test the framework against competing
explanations, including organisational resources, leadership
and analytics maturity.

This article has several limitations. First, it presents a
conceptual framework rather than original empirical
findings. It therefore does not establish a causal relationship
between DDDM and sustainable organisational
performance.
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Generative AI tools, including ChatGPT (OpenAI),
assisted with proofreading and language
improvement.

Second, the value of analytical practices may differ across
industries, organisational sizes, regulatory environments,
and levels of technological maturity. Small organisations
may face different resource constraints from large
enterprises, while public institutions may operate under
different accountability requirements from private
companies.

Third, the article draws on selected scholarly literature and
institutional guidance rather than an exhaustive systematic
review. Future research should use transparent database
searches, explicit inclusion criteria, and reproducible
procedures to examine the evidence more
comprehensively.

Several empirical directions are recommended. Quantitative
studies could examine the relationship between analytical
capability, organisational culture, decision quality, and
performance outcomes. Comparative case studies could
explore how different governance structures influence the
implementation of DDDM. Longitudinal research could
examine whether analytical systems continue to provide
value as organisational conditions change.

Future research should also distinguish between the
adoption of analytical technologies and their effective use.
An organisation may invest substantially in data systems
without integrating them into consequential decisions.
Studies should therefore investigate how frequently
analytical insights influence actual managerial action and
which organisational conditions support that influence.

Further work is needed on sustainable performance
measurement. Researchers could examine whether
organisations using balanced economic, social, and
environmental indicators make different decisions from
those focused primarily on short-term financial outcomes.

Finally, the increasing use of AI-assisted analytics creates
opportunities for research into human–AI collaboration,
algorithmic accountability, professional autonomy, and the
governance of automated recommendations. Such studies
could help identify the circumstances in which AI
strengthens decision quality and the safeguards needed to
prevent overreliance or harmful outcomes.

Data-driven decision-making offers professional
organisations opportunities to improve decision quality,
operational efficiency, risk management, innovation, and
organisational learning. Its contribution to sustainable
performance, however, depends on more than the
availability of data or the sophistication of analytical
technologies.

This article has argued that effective DDDM requires reliable
data, appropriate analytical capability, informed managerial
interpretation, accountable governance, and continuous
performance evaluation. The proposed five-dimensional
framework provides a conceptual basis for integrating these
elements into organisational practice.

The analysis also demonstrates that data-driven decisions
should not displace professional judgement. Analytical
findings must be interpreted in context, uncertainty should
be acknowledged, and decisions involving significant
consequences should be subject to appropriate oversight.

Organisations should evaluate the outcomes of DDDM using
measures that reflect their broader responsibilities,
including operational effectiveness, financial resilience,
employee well-being, stakeholder outcomes, and
environmental performance where relevant.

Collecting more data will not automatically improve an
organisation’s judgement. The harder task is to question the
evidence, explain a decision, follow through and remain
willing to change course.
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