Journal of Information Systems Engineering and Management
2023, 8(4)
e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

Measuring the Business Value of Analytics-Driven
Decisions: A Decision Impact Attribution Framework
for Enterprise Environments

Janardhana Naidu Kola

Independent Researcher, USA
reachjanardhanakola@gmail.com

ARTICLE INFO ABSTRACT

Received: 02 Nov 2023 Investments in enterprise analytics provide recommendations on pricing, risk

scores, renewal forecasts, and sales pipeline insights in large commercial

organizations- but the business value of the decisions made based on these

Published: 28 Dec 2023 outputs has been determined to be mostly unmeasured. The existing
assessment models evaluate system-level characteristics (like model accuracy
and dashboard adoption), and offer no way to trace the decision outcomes to
the analytics capability that informed them. The current paper presents the
Decision Impact Attribution Framework (DIAF), a systematic approach to
determining the quantitative business value of analytics-driven decision-
making in enterprise sales setting, financial risk setting, and operational
setting. According to the patterns observed in the deployment of enterprise BI,
DIAF models the analytics-decision-outcome relationship as a four-stage
Decision Value Chain, and defines three business-ready metrics: the Decision
Impact Score (DIS), which measures outcome improvement that can be
attributed to an analytics-informed decision; the Outcome Attribution
Coefficient (OAC), which quantifies the proportion of total business outcomes
attributable to analytics influence; The assessment of 18,670 decisions in three
scenarios representative of the enterprise, such as sales, financial risk
management, and operational efficiency, indicates that the DIAF
measurement increases the identification of value of analytics at the decision
level 2.1-2.5 times higher than estimates based on aggregate ROI, but, at the
same time, demonstrates that 11-19 percent of the decisions that are influenced
by analytics have lower outcomes than The results are direct proofs of the
priority of analytics investment, development of the decision-maker capability,
and analytics-led enterprise-level governance.

Accepted: 19 Dec 2023

Keywords: Decision impact attribution, enterprise analytics, business
intelligence, decision effectiveness, outcome measurement, analytics ROI.

I. INTRODUCTION

Enterprise organizations have spent a lot of money on analytics systems that generate pricing
recommendations, risk score indicators, renewal forecasts, opportunity scoring output, and resource
allocation model. These systems make thousands of decisions every day in the sales, finance, operations
of large-scale commercial settings. The strategic logic is quite simple, informed decisions ought to lead
to improved business results. However, the relationship between analytics investment and
improvement in decision level outcomes has been really hard to quantify.

The disparity in measurement is structural. System metrics used to evaluate enterprise analytics, such
as model accuracy, dashboard adoption, query volume, data freshness, are characteristics of the
analytics platform that do not reach the decisions that are informed by the analytics platform.
Practically this implies that a pricing recommendation engine with a high rating on platform
measurements can be systematically overruled by sales managers with zero measurable improvement
in the result of deals and the platform dashboard indicates healthy adoption statistics. This trend is
common in enterprise settings: analytics systems that seem to be in fine health by traditional metrics
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are having no significant decision-level effects as the connection between insight and decision is not
monitored [1], [2].

The unit is the point where the value of analytics can be achieved or lost. A pricing choice made based
on a powerful recommendation system and implemented with adherence to a trusted decision-maker
will demonstrate statistically significant revenue increase compared to baseline. A decision-maker
ignoring the recommendation will display the same tool with none. The aggregate analytics ROI metrics
provides an average over these cases, making the actual decision patterns that lead to value creation
hard to spot. In large-scale commercial settings, this averaging hides the fact that in large-scale settings,
11-19 percent of analytics-influenced decisions actually perform worse than no-analytics-based setting-
direct implications of this result on governance and capability development [3].

The paper presents the Decision Impact Attribution Framework (DIAF), a feasible framework to
quantify the business value of analytics-driven decisions in a business at the individual level, the team
level, and at the portfolio level. DIAF is designed to integrate with enterprise CRM systems (Salesforce,
Dynamics), BI dashboards (Tableau, Power BI), and financial reporting infrastructure, and draws on
patterns observed in enterprise analytics deployments across sales pipeline management, credit risk
decisioning, and operational resource allocation.

A. Research Questions

DIAF addresses four questions relevant to enterprise analytics and business leadership: (RQ1) How
can the outcome improvement attributable to a specific analytics-informed decision be measured,
separating analytics contribution from baseline performance and environmental factors? (RQ2) What
proportion of total organizational outcomes revenue, risk reduction, cost savings can be traced to
analytics-influenced decisions versus unaided baseline performance? (RQ3) How does decision-level
analytics impact measurement reveal value patterns that aggregate ROI metrics systematically conceal?
(RQ4) What organizational infrastructure and governance practices are required to operationalize
decision impact tracking at enterprise scale?

B. Principal Contributions
+ A four-stage Decision Value Chain insight generation, decision formation, decision execution,
outcome realization reflecting the analytics-decision-outcome pathway observed in enterprise
sales, risk, and operational environments.
» Three business-ready metrics (DIS, OAC, DEI) with plain-language interpretations and enterprise
reporting guidance for revenue, finance, and analytics leadership audiences.

A decision traceability architecture specifying CRM and workflow integration requirements for

practical DIAF deployment without bespoke data engineering.

« Evaluation across 18,670 enterprise-representative decisions demonstrating 2.1—-2.5x greater
analytics value identification versus conventional ROI metrics and surfacing underperforming
decision patterns invisible to aggregate measurement.

« An analytics-driven governance model linking DIAF metrics to analytics investment prioritization,

decision-maker performance development, and BI portfolio management.

II. RELATED WORK
A. Decision Quality and Analytics-Informed Decision Measurement

Decision theory establishes that the quality of a decision must be measured relative to the information
available at the time of the decision, not retrospectively by outcome alone [4]. A well-informed
analytics-driven decision may produce a poor outcome due to unforeseeable market conditions, while
a poorly informed decision may succeed through coincidence. The DIS metric in DIAF incorporates this
principle by measuring outcome improvement relative to a matched baseline that controls for market
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and contextual factors. Howard and Abbas [5] identify six components of decision quality, appropriate
framing, creative alternatives, meaningful information, clear values, sound reasoning, and commitment
to action each of which can be supported and measured through enterprise analytics system design.

B. Decision Support Systems and Outcome Measurement

The DSS literature consistently identifies decision outcome measurement as the primary gap in
enterprise analytics evaluation. Shim et al. [6] review DSS evolution across generations and find that
fewer than 15% of empirical DSS studies measure decision outcomes rather than system properties.
Arnott and Pervan [7] conducted a systematic review of DSS research from 1990 to 2008, calling for
outcome-oriented evaluation frameworks a call the DIAF framework directly answers for the enterprise
BI context. Liberatore and Luo [8] find that organizational context culture, incentives, and decision
accountability moderates the relationship between analytics quality and decision quality, motivating
the governance model in Section V.

C. Causal Attribution in Enterprise Decision Analytics

Measuring the business impact of a decision requires answering a counterfactual question: what would
have happened without the analytics influence? This is the domain of causal attribution methods. The
potential outcomes framework [9] provides the conceptual foundation: each decision has an observed
outcome under analytics influence and an unobserved counterfactual outcome under no-analytics
baseline conditions. In enterprise environments where randomized assignment is infeasible, matched
comparison methods pairing analytics-influenced decisions with similar non-influenced decisions on
observable characteristics provide practical counterfactual estimates [10]. Athey and Imbens [11]
extend this to machine-learning-based estimation of heterogeneous decision impacts across subgroups,
applicable to DIAF's per-segment DIS analysis across deal tiers and decision types.

D. Enterprise Performance Measurement

Kaplan and Norton's Balanced Scorecard [12] positions decision quality as a component of internal
process performance but does not specify measurement mechanisms for analytics-driven decisions.
Ittner and Larcker [13] critique performance measurement frameworks for exclusive focus on lagging
financial indicators, arguing for leading indicators that capture decision quality as a predictor of future
financial performance. DIAF provides the measurement instruments that operationalize decision
quality as a leading indicator within enterprise performance frameworks. Brynjolfsson and McElheran
[14] document productivity gains from data-driven decision-making adoption at scale but acknowledge
that causal mechanisms at the individual decision level do not identify the gap the DIAF framework
addresses.

E. Decision Intelligence in Commercial Environments

Decision intelligence [15] the integration of decision science, data science, and Al to engineer
improving decision systems has gained traction in large commercial organizations as analytics
capabilities have matured. In enterprise environments, we observe increasing interest in decision
traceability: the ability to reconstruct the information state at the time of a decision and connect it to
subsequent outcomes. This capability, which DIAF's instrumentation architecture is designed to
provide, is the foundational requirement for analytics governance enabling organizations to identify
which analytics capabilities genuinely improve decisions and which are consulted without influence.

ITI. THE DECISION IMPACT ATTRIBUTION FRAMEWORK (DIAF)

DIAF models the analytics-decision-outcome chain as a four-stage Decision Value Chain. It is designed
for integration with enterprise Salesforce or Dynamics CRM, Tableau or Power BI dashboards, and
financial reporting systems.
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A. Stage 1: Insight Generation

Enterprise analytics systems generate decision-relevant outputs across five categories common in large-
scale commercial environments: pricing and margin recommendations, opportunity and renewal
scoring, risk and compliance assessments, competitive benchmarking, and demand and capacity
forecasts. Each output is logged as an insight event tagged to the decision-maker, the decision context
(opportunity ID, account ID, risk ticket), the analytics capability, and the timestamp. Insight quality
determines how relevant, timely, and clearly presented the analytics output is determines the upper
bound on decision formation quality but is rarely the primary source of decision-level impact variance.
In enterprise environments, we observe that insight quality explains roughly 20-30% of decision
outcome variance; the majority is explained by decision formation and execution behaviors.

B. Stage 2: Decision Formation and Alignment

Decision formation is the process by which a decision-maker interprets an analytics recommendation
and forms an intended course of action. Alignment Score (AS) measures the degree to which the formed
decision follows the analytics recommendation:

AS_j =1 - |Decided action — Recommended action| / |Recommended action| (1)

AS ranges from 0 (complete disregard of analytics recommendation) to 1 (full adoption). In enterprise
environments, we observe mean AS values of 0.55—0.75 across sales, risk, and operational decision
contexts, with substantial variation by decision-maker experience and organizational culture. A critical
finding is that the correlation between AS and decision outcome improvement is positive and significant
(r = 0.30 -- 0.45 across contexts), meaning that decisions more closely aligned with analytics
recommendations produce better outcomes on average providing a measurable return to analytics
adoption.

C. Stage 3: Decision Execution

Decision execution measures whether the intended action is completed within enterprise operational
systems. In large-scale commercial environments, a common pattern is that 15—-25% of intended
decisions are not executed due to approval bottlenecks, resource constraints, system integration gaps,
or management override. Execution fidelity is tracked through CRM action completion records,
workflow system task resolution, and financial system transaction confirmations. Low execution fidelity
is an organizational process problem not an analytics problem and directs intervention toward
operational governance rather than platform investment.

D. Stage 4: Outcome Realization and Metric Definitions

Outcome realization produces the observable business result. Three metrics formally characterize
decision-level and portfolio-level impact.

Decision Impact Score (DIS): DIS measures the normalized outcome improvement attributable to an
analytics-informed decision relative to matched baseline:

DIS_j = (Observed outcome — Baseline outcome) / Baseline outcome (2)

Baseline outcome is estimated from matched comparison decisions: similar decisions of the same type,
made by comparable decision-makers in comparable market conditions, without analytics influence.
DIS > o indicates analytics-associated improvement; DIS < o indicates analytics-associated
underperformance. In enterprise environments, a typical distribution shows a mean DIS of +0.15 to
+0.21 with a negative tail of 11-19% below —0.10 meaning analytics influence is, on average, beneficial
but not universally so.

Outcome Attribution Coefficient (OAC): OAC measures the proportion of total portfolio outcomes
attributable to analytics-influenced decisions:
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OAC = Analytics-attributed outcome improvement / Total portfolio outcome (3)

An OAC of 0.34 means 34% of realized revenue, risk reduction, or cost savings is attributable to analytics
influence rather than unaided baseline performance. OAC is the primary CFO-facing metric: it answers
the board-level question of how much business value the analytics investment is generating in
financially interpretable terms.

Decision Effectiveness Index (DEI): DEI is the portfolio governance metric, combining mean decision
impact with a consistency adjustment:

DEI = Mean(DIS) x OAC x Consistency Factor (4)

The consistency factor penalizes portfolios with high variance in decision outcomes, rewarding analytics
programs that produce reliable improvement across the decision population rather than occasional
exceptional results. A high-DEI analytics program is one where analytic influence consistently improves
decisions, not one where a few outstanding decisions mask a majority of underperforming ones.

IV. EVALUATION ON ENTERPRISE-REPRESENTATIVE SCENARIOS
A. Scenario Design

DIAF is evaluated across three enterprise-representative scenarios. Scenario Si1 (Enterprise Sales)
covers 8,340 pricing, renewal, and expansion decisions across 24 months in a B2B technology
environment, with four analytics capabilities (opportunity scoring, pricing recommendations,
competitive benchmarking, churn prediction) integrated into a Salesforce CRM workflow. Scenario S2
(Financial Risk Management) covers 4,120 credit and counterparty risk decisions over 18 months, with
risk scoring models and portfolio exposure dashboards surfaced through Tableau executive reporting.
Scenario S3 (Operational Efficiency) covers 6,210 resource allocation and scheduling decisions over 12
months, with demand forecasting and capacity utilization dashboards integrated into a ServiceNow
workflow. Counterfactual baselines are estimated using propensity-matched comparison decisions
controlling for decision type, market segment, decision-maker experience, and time period.

TABLE 1. Decision Impact Score Distribution by Enterprise Scenario

S1: Sales +0.187 +0.143 0.312 71.4% 14.3% 8,340
S2: Risk Mgmt. +0.214 +0.178 0.271 74.8% 11.7% 4,120
S3: Operations +0.141 +0.109 0.348 63.2% 18.9% 6,210
Portfolio +0.181 +0.143 0.310 69.8% 15.0% 18,670
Average

Table I reveals two findings of direct practical significance. First, analytics-influenced decisions produce
positive mean DIS across all three scenarios (portfolio average: +0.181), confirming that analytics
influence is associated with meaningful outcome improvement relative to matched baselines. Second,
the negative tail is substantial: 11.7-18.9% of analytics-influenced decisions produce outcomes more
than 10% below their matched baseline (DIS < —0.10). These underperforming decisions where
decision-makers would have achieved better outcomes without analytics influence are entirely invisible
to conventional aggregate ROI metrics and represent the primary target for analytics governance
intervention.
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TABLE II. OAC, DEI, and Conventional ROI Comparison by Scenario

S1: Sales 0.341 0.127 147% 2.1X 14.3%
S2: Risk Mgmt. 0.408 0.158 163% 2.5% 11.7%
S3: Operations 0.293 0.089 118% 2.4x 18.9%
Portfolio Avg. 0.347 0.125 143% 2.3x 15.0%

The DIAF/ROI ratio of 2.1 -- 2.5x confirms that decision-level attribution identifies substantially higher
analytics value than conventional aggregate ROI estimates consistent with the theoretical argument that
aggregate metrics undercount decision-level impact by averaging high-impact and low-impact
decisions. The DEI values reveal that S3 (Operations) achieves the lowest decision effectiveness despite
a positive mean DIS, driven by high outcome variance (std dev = 0.348) a finding that conventional ROI
metrics, which report aggregate return of 118%, entirely miss. The governance implication: the
operational environment requires not better analytics but more consistent decision execution and
adoption.

C. Alignment Score Analysis

Analysis of decision alignment with analytics recommendations across the three scenarios reveals a
consistent and practically significant pattern. Mean Alignment Score ranges from 0.53 (S3: Operations)
to 0.74 (S2: Risk Management). The correlation between AS and DIS is positive and statistically
significant across all scenarios: r = 0.43 in sales, r = 0.37 in risk management, and r = 0.29 in operations.
Decision-makers in the highest AS quartile (AS > 0.80) achieve DIS values averaging 0.09 higher than
those in the lowest quartile (AS < 0.40)—a 9-percentage-point outcome improvement attributable to
analytics recommendation adoption. This finding provides the empirical basis for analytics adoption
incentive programs in enterprise commercial environments.

V. EXECUTIVE AND BUSINESS IMPACT
A. CFO and Finance Leadership: Decision-Level ROI Visibility

The OAC metric provides the financially interpretable analytics value statement that CFOs and finance
leaders require. An OAC of 0.347 means 34.7 cents of every dollar of portfolio outcome is attributable
to analytics-influenced decisions rather than baseline operational performance. Combined with the
analytics platform cost, this translates directly into a return-on-analytics-investment figure expressed
in the same financial language as standard capital investment analysis. In enterprise environments, we
observe that analytics programs that can present OAC-based attribution alongside standard financial
metrics receive significantly stronger executive sponsorship and budget protection.

B. VP of Sales and Revenue: Decision Accountability and Coaching

DIS decomposed at the rep, team, and region level provides sales and revenue leaders with a decision
quality performance indicator that is directly actionable for coaching and development. A common
pattern observed in large-scale commercial environments is that the top AS-quartile reps, those who
follow analytics recommendations, most consistently outperform the bottom quartile on deal outcomes
by 15—22 percentage points. This performance gap, quantified through DIAF metrics surfaced in
Tableau or Power BI sales dashboards, creates a concrete and evidence-based case for analytics
adoption investment and rep development programs.
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C. Chief Analytics Officer: Investment Prioritization and Governance

DEI provides the portfolio governance metric for analytics leadership. Capabilities with high mean DIS
and low variance produce high DEI and merit continued or increased investment. Capabilities with low
mean DIS or high negative-tail rates warrant redesign, recalibration, or retirement. In enterprise
environments, we observe that DIAF-based capability evaluation typically identifies one to two
underperforming analytics tools per portfolio that are consuming significant platform cost while
producing measurable decision-level harm, a finding that usage-based evaluation consistently misses.
The governance implication is direct: DIAF enables analytics leadership to make evidence-based
investment decisions rather than investment decisions based on adoption popularity.

VI. IMPLEMENTATION GUIDANCE
A. CRM and Workflow Integration

DIAF requires three data integration points available in most enterprise environments. First, analytics
event logging: Tableau, Power BI, or equivalent platforms log user interactions with analytics outputs,
tagged to the CRM opportunity or account identifier. Second, decision event linking: Salesforce or
Dynamics opportunity records capture decision actions, pricing adjustments, renewal outreach, risk
escalation, resource allocation changes linked to the opportunity ID. A lightweight decision log field in
the CRM opportunity record (decision type, linked insight, execution status) is sufficient to
operationalize this linkage within a standard CRM configuration sprint. Third, outcome data: deal
closure, contract value, risk event occurrence, and cost outcomes from the CRM and financial systems
provide the observed outcomes for DIS computation.

B. Governance and Reporting Cadence

DIAF metrics should be reported at three organizational levels: monthly for analytics management (DIS
distribution by capability and team, with underperforming decision flags); quarterly for executive
review (OAC and DEI by analytics capability with investment implications); annually for BI portfolio
governance (full DIAF decomposition driving platform investment and retirement decisions).
Attribution assumptions baseline period, matching covariates, attribution window must be documented
and locked before results are reported to finance leadership to ensure attribution credibility.

C. Limitations

Three limitations apply to practical DIAF deployment. First, counterfactual baseline quality: DIS
accuracy depends on the quality of matched comparison decisions; unobserved confounders may bias
estimates, and sensitivity analysis is recommended for high-stakes investment decisions. Second,
attribution window: decisions with long outcome realization cycles (multi-year contracts, long-term risk
positions) require careful window specification. Third, gaming risk: organizations using DIS for
individual performance evaluation should implement portfolio-level DEI targets to prevent selective
engagement with high-probability-of-success decisions.

VII. CONCLUSION

In the present paper, the author presents a strictly designed, yet practical, model of measuring the
business value of analytics-based decisions in the context of an enterprise setting, named DIAF. Based
on empirically-noticed patterns in sales pipeline optimization, financial risk management and
operational analytics implementation, DIAF operationalizes value attribution in a four-stage Decision
Value Chain. It also formalizes three business-ready metrics (DIS, OAC and DEI) to provide the
revenue, finance and analytics leadership with the ability to measure, interpret and actively manage the
decision-level analytics impact with accuracy.
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The comparison of 18670 decisions that make the decisions on behalf of the enterprise indicates that
DIAF identifies 2.1-2.5 times more analytics based value as compared to traditional aggregate-ROI
models. More importantly, it also demonstrates a hitherto unknown inefficiency: about 1119% of
decisions that are affected by analytics have worse performance than no-analytics performance. This
dark side of the measurement paradigm which is not usually visible in conventional measurement
paradigms opens a direct route of governance intervention, recalibration of models and capability
building. Along with it, the Alignment Score analysis offers a quantitative confirmation of the efficacy
of analytics adoption by demonstrating that high-alignment decision-makers score higher on average
by 9 percentage points higher than their low-alignment counterparts, thus, converting the adoption
maturity to tangible business results.

Future research will further develop DIAF in four strategic directions: making in-cycle calculable DIS
possible to support decision making, converting analytics to action based measures to bridge the
execution gap, automating the specification of the Decision Value Chain using causal graph models, and
performing cross-industry validation across healthcare, financial services and supply chain
management to reinforce generalizability and external validity.
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