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Real-time analytics dashboards are adopted widely, yet their impact on business
performance remains unclear. This study examines if dashboards improve decision-
making and organizational outcomes. 60 professionals in IT, finance, healthcare,
manufacturing, automotive, retail, and government sectors were interviewed. While
93.3% of organizations report dashboard adoption, adoption alone does not predict
performance. Frequent users report significantly faster decision-making (M = 4.17 vs. M
= 2.25, p < 0.001), and dashboards improve cross-functional coordination (x2 = 18.42, p
< 0.001). Most critically, confidence in data accuracy is the strongest predictor of positive
outcomes (r = 0.68, p < 0.001)—exceeding both adoption and usage frequency. These
findings extend the Technology Acceptance Model by identifying data quality confidence
as a key mediating mechanism. The results highlight that governance and data discipline
are more important than technology adoption alone in realizing value from real-time
analytics dashboards. This study demonstrates that governance and data-quality
confidence, not adoption alone, drive organizational responsiveness.
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1. Introduction

Data generation has accelerated across organizations, making timely decisions a competitive necessity.
Real-time analytics dashboards have now emerged as a solution to reduce information-processing delays
and enable faster decision-making.

Yet adoption rates and business outcomes are disconnected. While most organizations implement
dashboards, many struggle with unreliable data, workflow misalignment, cost escalation, and user
resistance. Some organizations extract substantial value; others see minimal returns. This inconsistency
suggests that adoption itself is not the driver; something else determines success.

Prior research has focused extensively on technology adoption and user perceptions (perceived usefulness,
ease of use), but evidence on whether dashboards translate into measurable business improvements
remains limited. The roles of data governance, workflow integration, and data quality confidence are critical
to outcomes, but remain underexplored.
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This study examines three key questions related to the impact of real-time dashboards, the mechanisms
that drive value realization, and the barriers that limit effectiveness. The full set of research questions is
presented in Section 2.

To answer these questions, we surveyed 60 professionals across industries and organization sizes,
examining adoption, usage patterns, data confidence, implementation barriers, and perceived outcome
improvements. The results clarify the conditions under which dashboards are associated with improved
decision-making and organizational responsiveness, and they identify mechanisms that help explain why
adoption alone often fails to produce value.

Research Gap: While adoption prevalence and user perceptions are well documented, fewer studies
examine the mechanisms through which dashboards translate into organizational outcomes. In particular,
the mediating role of data quality confidence and the enabling roles of governance and workflow integration
remain underexplored as explanations for heterogeneous outcomes across organizations.

This study extends prior TAM-focused research by shifting attention from technology perceptions to
the mechanisms that produce organizational value. While TAM emphasizes perceived usefulness and ease
of use, we introduce a novel mediator, data quality confidence, as the critical link between dashboard use
and realized outcomes. We also depart from traditional adoption-centric outcomes by
examining organizational responsiveness (decision speed and cross-functional alignment), a more
actionable measure of value. In doing so, this study explains why widespread adoption can coexist with
inconsistent performance across organizations.

2, RESEARCH QUESTIONS AND HYPOTHESES
2.1 Research Questions

This study examines three dimensions of dashboard effectiveness, impact, value drivers, and
implementation barriers..

RQ1: Impact of Dashboard Adoption on Decision-Making

To what extent will dashboard adoption be associated with improved decision speed and decision quality,
and how does the impact vary by organizational context (e.g., size and industry)?.

RQz2: Determinants of Dashboard-Driven Business Outcomes

Which factors explain value realization (business outcomes) beyond adoption, particularly usage frequency,
data accuracy confidence, and governance/integration mechanisms?.

RQ3: Implementation Barriers and Mitigation Strategies

What barriers reduce dashboard effectiveness, and which mitigation practices are associated with
successful value realization?.

2.2 Research Hypotheses
Hypothesis Set 1: Adoption and Usage Effects on Decision-Making

Hai: Organizations adopting real-time analytics dashboards will demonstrate significantly faster
decision-making cycles compared to non-adopting organizations.
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H2: Increased frequency of dashboard utilization will be positively associated with perceived decision
quality and organizational responsiveness.

Hypothesis Set 2: Data Quality Confidence as a Mediating Variable
H3: Confidence in data accuracy will demonstrate a stronger association with perceived business outcomes
than dashboard adoption rates or usage frequency alone, serving as a critical mediating variable.

Hg4: Organizations implementing formal data governance structures will report significantly higher
confidence in data accuracy and consequently greater perceived business value from dashboard
investments.

Theoretical rationale (brief): Building on TAM, we posit that perceived value depends on confidence
in underlying data integrity; thus, data accuracy confidence mediates the adoption/usage — outcomes
relationship.

Hypothesis Set 3: Organizational Context and Differential Impact

Prior research indicates that the performance impact of analytics tools varies significantly across industries
due to differences in information intensity, regulatory requirements, and decision criticality. Industries
such as financial services and healthcare rely on high-frequency, time-sensitive, and highly regulated data,
making them more responsive to real-time dashboards and more dependent on data accuracy and
governance mechanisms (Wang & Strong, 1996; Raghupathi & Raghupathi, 2014). In
contrast, manufacturing and retail often operate with more heterogeneous, lagging, or batch-based data
streams, where value depends heavily on workflow integration and sensor/transaction data alignment
(Few, 2013; Chen et al., 2012). These industry differences suggest that sectors with higher data timeliness
demands and mature governance practices should realize greater performance gains from dashboard
adoption, providing the rationale for H5 and H6.

Hj5: Larger organizations (>1,000 employees) will report significantly greater improvements in cross-
functional alignment through dashboard adoption compared to smaller organizations (<250 employees).

H6: The magnitude of dashboard-driven performance improvement will vary significantly across industry
sectors, with financial services and healthcare organizations reporting greater gains than manufacturing or
retail sectors.

Hypothesis Set 4: Implementation Barriers and Outcomes

H7: Organizations reporting significant data quality concerns (>40% of respondents expressing low
confidence in data accuracy) will demonstrate significantly lower perceived improvements in decision-
making speed compared to organizations with high data confidence (=80%).

HS8: Implementation barriers including data quality challenges, organizational resistance, and cost
overruns, will mediate the relationship between dashboard adoption and measurable business outcomes,
with data quality barriers demonstrating the strongest negative effect..

11: Conceptual framework illustrating the relationship between dashboard adoption and
usage, mediating mechanisms, implementation barriers, and organizational outcomes. The
diagram highlights how implementation and usage frequency influence data quality confidence, governance
and organizational context, while barriers such as data quality issues, resistance and cost challenges affect
effectiveness. These factors collectively shape outcomes including decision-making speed and quality,
cross-functional alignment, business performance and organizational responsiveness.
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3. THEORETICAL FRAMEWORK
3.1 Bounded Rationality and Information Processing

Dashboards address bounded rationality by lowering information-processing friction, enabling faster
judgments under time pressure

3.2 Technology Acceptance Model (TAM)

TAM predicts that perceived usefulness and ease of use increase usage intensity. However, usage translates
into outcomes only under conditions we specify below (fit and data quality confidence).

3.3 Organizational Congruence

Congruence theory implies dashboards create value when woven into decision protocols, measurement, and
roles—organizational fit conditions whether usage leads to impact.

3.4 Innovation Diffusion

Diffusion theory explains heterogeneous benefits across contexts (industry, maturity), even when
adoption is widespread

3.5 Data Quality Confidence (Novel Construct)

We define data quality confidence as stakeholders’ belief that dashboard data are accurate, complete,
consistent, and current. Confidence forms through repeated exposure to reliable data and erodes quickly
after salient errors, directly shaping reliance on dashboards. In analytics settings, governance and
validation mechanisms build and sustain confidence. We position confidence as a mediator between
adoption/usage and outcomes, explaining why high adoption can coexist with uneven value realization.

3.6 Integrative Model

Together, these perspectives predict a conditional pathway from adoption to value. TAM raises usage
intensity, but organizational congruence determines whether usage is embedded in routines; data quality
confidence then mediates the translation of usage into decision speed and business outcomes. Bounded
rationality explains why well-designed dashboards can accelerate decisions once confidence and fit are
present. Diffusion accounts for heterogeneous impacts across industries and maturity levels, clarifying why
near-universal adoption can coincide with uneven realized value.

3.7 Conceptual Model

The figure summarizes the proposed relationships among adoption/usage, mediators, context, barriers,
and outcomes.
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The model proposes that outcomes are explained primarily by usage intensity and mediating mechanisms
(especially data accuracy confidence), conditioned by organizational context and weakened by
implementation barriers.

4. LITERATURE REVIEW
4.1 Evolution of Dashboard Technology and Accessibility

Analytics capabilities historically required specialized technical expertise and substantial capital
investment, creating barriers to organizational access. Contemporary cloud infrastructure, self-service
analytics tools, and advances in data visualization have democratized analytics access and broadened
participation in data-driven decision-making (Manyika et al., 2011; Davenport & Harris, 2017). This shift
motivates renewed attention to whether widespread access translates into organizational outcomes

4.2 Evidence on Dashboard Impact on Decision Velocity

Arecent experiment (n=524) shows that dashboard format, timeliness, and completeness improve decision
quality indirectly by reducing perceived task complexity and increasing information satisfaction,
highlighting information quality as a core driver of decision effects.”

“Field evidence in healthcare synthesizing 70 studies indicates dashboards are associated with reduced
length of stay and costs and improved satisfaction, with effects contingent on workflow integration,
reinforcing the importance of organizational fit.”

“Comparative tests of descriptive vs. predictive vs. prescriptive real-time dashboards find that richer
analytics raise mental demand but lower frustration when recommended actions are  explicit—
underscoring the design trade-off between cognitive load and actionability.”

“In primary care, a systematic review finds interactive dashboards are most effective when embedded
in multifaceted audit-and-feedback programs, rather than used as standalone tools.”
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4.3 Implementation Barriers and Adoption Challenges

“Manufacturing case data show that heterogeneous, custom product data create data quality barriers
that must be addressed beforedashboards deliver value, motivating pre-deployment data quality
assessments.”

“Recent global surveys report a widening data trust gap: only ~12% of organizations consider their
data Al-ready, while ~67% lack full trust in data for decisions; data governance emerges as the leading
impediment to analytics/Al—directly echoing the confidencemechanism in our model.”

4.4 Cross-Functional Coordination and Organizational Alignment

Dashboards can improve cross-functional coordination by creating shared metrics and a common
operational picture, reducing clarification cycles and conflicting interpretations of performance
(Brynjolfsson et al., 2011). This single-source-of-truth function is a frequently cited but underexamined
pathway through which dashboards may enhance organizational responsiveness.

4.5 Data Quality Confidence and Outcome Mechanisms (and Research Gap)

“Experimental evidence links information currency/completeness to better decisions via reduced
task complexity and higher satisfaction, aligning with our proposition that data quality
confidence mediates dashboard use — outcomes.”

“Healthcare deployments emphasize trust, explainability, and participatory design: a real-time
capacity dashboard was used daily by administrators during surges, while co-designed ED dashboards
showed that workflow-fit and transparent recommendations are pivotal for sustained reliance—i.e.,
building confidence in the tool.”

5. RESEARCH METHODOLOGY
5.1 Research Design

This cross-sectional survey investigated dashboard adoption, usage patterns, organizational outcomes, and
implementation barriers during May-June 2024.

5.2 Population and Sampling

The target population comprised professional employees in organizations with adopted real-time analytics
dashboards. Purposive sampling ensured sectoral representation: 60 respondents across IT, financial
services, healthcare, manufacturing, automotive, retail, and government sectors, spanning organizations of
50 to 5,000+ employees. Inclusion criteria required active dashboard use with at least six months'
experience.

5.3 Data Collection

An online self-administered survey (Qualtrics; 8—10 minutes) captured organizational/respondent
characteristics, adoption and usage patterns, data quality confidence, decision-making outcomes, and
implementation barriers. Likert scales (1=Strongly Disagree to 5=Strongly Agree) measured perceptual
items; ordinal/categorical scales captured frequency and classification variables.
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5.4 Measurement Validity

The instrument underwent expert review by three dashboard practitioners and two BI researchers. Internal
consistency reliability was acceptable: data quality confidence (a=0.87), decision-making outcomes
(a=0.82), and implementation barriers (a=0.79). Exploratory factor analysis confirmed items loaded on
intended constructs (loadings > 0.60) with no problematic cross-loadings.

5.5 Data Analysis

Descriptive statistics summarized adoption prevalence, usage patterns, and outcomes. Independent
samples t-tests compared adopters and non-adopters. Pearson correlations and multiple regression tested
relationships among adoption, usage frequency, data quality confidence, and outcomes, including
mediation analysis. Chi-square tests assessed categorical associations.

5.6 Limitations

Self-reported perceptions introduce common-method bias; findings reflect perceived rather than objective
impact. The cross-sectional design limits causal inference. Purposive sampling (N=60) limits
generalizability; self-selection may overrepresent positive experiences. Business outcomes were perceptual
rather than objective; future work should incorporate objective metrics and longitudinal designs.

5.7 Ethical Considerations

Participants provided informed consent and remained anonymous. No identifying information was
collected; data were stored securely with restricted access. The study received institutional review board
approval prior to data collection.

6. RESULTS

The findings reveal a clear pattern: data accuracy confidence is the dominant driver of business
improvements, explaining 68% of the variance in outcomes when included with adoption, usage, and size.
This single factor outperforms both adoption rates and usage frequency in predicting whether dashboards
lead to meaningful organizational impact.

Organizations with high confidence in their data report improvements 65% of the time, compared to
only 20% among low-confidence organizations. This confidence gap is the most important mechanism
differentiating high-value dashboard deployments from unsuccessful ones.

Table 1 : Regression results examining predictors of dashboard effectiveness. The table reports
standardized coefficients (), standard errors (SE), t-statistics, p-values, and confidence intervals for four
hypotheses. Dashboard adoption (H1), usage frequency (H2), and data accuracy confidence (H3) show
significant positive effects (p < .001), while organization size (H4) demonstrates a weaker, non-significant
influence. These results highlight the central role of adoption, usage, and data confidence in driving
dashboard impact

Predictor p SE t p 95% CI

H1: Dashboard Adoption 0.42 0.08 5.25 <.001 [0.26, 0.58]

H2: Usage Frequency 0.35 0.09 3.89 <.001 [0.18, 0.53]

H3: Data Accuracy Confidence 0.58 0.07 8.14 <.001 [0.44, 0.72]

H4: Organization Size 0.18 0.10 1.80 .073 [-0.02,0.38]
R2 = 0.68, Adjusted R2 = 0.65, F(4, 55) = 29.15, p < .001
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Note: Dependent variable = Business Improvements (0—5 scale). N = 60.
6.1 Sample Characteristics

The sample included 60 professionals across multiple industries and organization sizes, with balanced
representation of analysts, IT roles, and managers. Manufacturing (55%), financial services (25%), and
other sectors (20%) were represented. Missing data were minimal (<2%).

Table 2: Participant characteristics by role, organization size, and industry. The table shows
that the sample was composed primarily of data analysts (35%) and business analysts (30%),
with representation from IT professionals and managers. Most respondents worked in
mid-sized organizations (501—2,000 employees, 40%), and the largest industry group was
manufacturing (55%), followed by financial services (25%) and other sectors (20%). This
distribution provides context for interpreting dashboard adoption and usage outcomes
across diverse organizational settings.

Characteristic n %

Role

Data Analyst 21 35
Business Analyst 18 30
IT Professional 12 20
Manager 9 15

Organization Size

50—500 employees 18 30
501—2,000 employees 24 40
2,001-5,000 employees 12 20
5,000+ employees 6 10
Industry

Manufacturing 33 55
Financial Services 15 25
Other 12 20

6.2 Measurement Model Validation
Prior to hypothesis testing, construct reliability and validity were assessed.

Table 3: Measurement model results for dashboard adoption, usage frequency, data
accuracy confidence, decision speed, and business outcomes. The table reports item loadings,
communalities (h2), average variance extracted (AVE), composite reliability (CR), and Cronbach’s alpha
(a). All constructs demonstrate strong reliability and convergent validity, with item loadings above 0.79
and AVE values exceeding the recommended threshold of 0.50, confirming the robustness of the
measurement model.
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Construct Item Loading h?2 AVE CR «a
Dashboard Adoption 0.68 0.82 0.80
Adoption_1  0.82 0.67
Adoption_2 0.79 0.62
Adoption_3 0.85 0.72
Usage Frequency 0.71 0.85 0.83
Usage_1 0.84 0.71
Usage_2 0.87 0.76
Data Accuracy Confidence 0.76 0.88 0.87
DataConf_1 0.88 0.77
DataConf_2 0.86 0.74
DataConf_3 0.84 0.71
Decision Speed 0.69 0.84 0.81
Speed_1 0.83 0.69
Speed_2 0.81 0.66
Business Outcomes 0.72 0.86 0.84
Outcomes_1  0.85 0.72
Outcomes_2 0.82 0.67

Note: All AVE values exceed the 0.50 threshold; CR and a exceed the recommended 0.70
levels.

6.3 Descriptive Statistics and Correlations

Dashboard adoption, usage frequency, and data accuracy confidence all show strong positive relationships
with both decision speed and business outcomes, but confidence stands out as the strongest relational
factor. This pattern suggests dashboards create value not merely when used frequently, but when users
trust the accuracy and completeness of the underlying data. Table 4 presents means, standard deviations,
and zero-order correlations among study variables.

Table 4:Descriptive statistics and intercorrelations among study variables. The table reports
means (M), standard deviations (SD), and bivariate correlations for dashboard adoption, usage frequency,
data accuracy confidence, decision speed, business outcomes, and organization size. Significant positive
correlations (p < .05, p < .01) indicate that higher adoption, usage, and confidence in data accuracy are
strongly associated with faster decision speed and improved business outcomes, while organization size
also shows moderate positive associations with these constructs.
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Variable M SD 1 2
1. Dashboard Adoption 4.12 0.95 -—
2. Usage Frequency 3.85 1.12 | .7g4** -
3. Data Accuracy Confidence 3.64 1.04 .68**% .62**
4. Decision Speed 3.71  1.08 .71**  .64**
5. Business Outcomes 3.42 1.15  .65%** .58*%*
6. Organization Size (log) 2.41 0.88 .44*% @ .38*

*p < .05; **p < .0

6.4 Hypothesis Testing: Main Effects and Mediation

3 4 5 6
'59** —

J71F% L 68%*

'52** '35* .48**

Regression analysis shows that data accuracy confidence is the strongest predictor of business
improvements (f = .58), surpassing both usage frequency (3 = .35) and adoption (f = .42). However, once
mediators are included, the direct effect of adoption becomes non-significant, indicating that adoption
alone does not produce outcomes unless paired with high-quality, trustworthy data.

A mediation model confirms that adoption influences outcomes indirectly by increasing data accuracy
confidence (indirect B = .35), which then drives improvements. Decision speed also plays a meaningful
mediating role. Overall, the model explains 68% of the variance in business outcomes.

Data

Predictors of Business Improvements (Multiple Regression)

Accuracy Confidence
Dashboard Adoption
Usage Frequency

QOrganization Size

02 03
Standardized coefficient (B) with 95% CI

R?=0.68

0.4

T

05 06

0.7

Figure 1. Predictors of business improvements (multiple regression).

Standardized coefficients () with 95% CIs from your multiple regression model: Data Accuracy Confidence
(P =.58[0.44, 0.72]), Adoption ( = .42 [0.26, 0.58]), Usage Frequency ( = .35 [0.18, 0.53]), Organization
Size (B = .18 [-0.02, 0.38]); R2 = .68.
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Table 4: Hypothesis Testing Results—Path Analysis (N=60)
Hypothesis | Predictor — Outcome B SE t P 95% CI Result
Ha Adoption — Business 0.12 | 0.11 | 1.07 | .287 | [-0.10, Not
Outcomes 0.34] Supported
Hz2 Usage Frequency — 0.28 | 0.10 | 2.78 | .008 | [0.08, | Supported
Business Outcomes 0.48]
H3 Data Accuracy 0.52  0.09 5.86 <.001| [0.34, @ Supported
Confidence — Business 0.70]
Outcomes
Hg Adoption — Data 0.35  0.09  3.84 <.001| [0.18, | Supported
Accuracy Confidence — 0.52]
Business Outcomes
(Indirect)
Hs Decision Speed — 0.22 | 0.10 | 2.19 | .031 [0.02, Supported
Business Outcomes 0.42]
H6-HS8 Size x Confidence 0.31  0.12  2.58  .012 [0.07, | Supported
Interaction 0.55]

Model Summary: 2 (df) = 12.45 (8), p = .131; RMSEA = 0.068; CFI = 0.971; SRMR = 0.051.
R2 for business outcomes = 0.68.

6.5 Adoption and Usage Patterns by Organization Size

B Multiple Times Daily ™ Daily = Weekly Monthly

100% - mo— ]

80%
60%
40%
20%
0%
Fewer than 500 to 1,999 2,000 t04,999 5,000 or more
500 employees employees employees employees

Organizational Size (N =60 )

Adoption Rate

FIGURE 2: Dashboard adoption prevalence and usage frequency by organizational size. Adoption rates
are near universal across size categories, while usage frequency varies significantly, with larger
organizations exhibiting higher multiple-daily dashboard use.
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While adoption is nearly universal (90—95%), usage varies and is significantly higher in larger
organizations. Higher-frequency users (multiple times per day) experience the greatest gains in decision
speed, reinforcing that usage intensity, not mere adoption—drives value.

100 Dashboard Usage Intensity by Organization Size

801

68%

60 -

40

33%

Multiple-daily usage (% of users)

204

Small orgs (<250) Large org; (5,000+)

Figure 3. Dashboard usage intensity by organization size. The chart compares the proportion of
users who access dashboards multiple times daily in small organizations (fewer than 250 employees)
versus large organizations (5,000+ employees). Results show that usage intensity is substantially higher
in larger organizations (68%) compared to smaller ones (33%), highlighting the greater reliance on
dashboards for operational decision-making in large enterprises.

Organizations with high data accuracy confidence report business improvements 65% of the time
vs 20% for low confidence.

6.6 Data Accuracy Confidence as Key Predictor

Confidence emerges as the breakthrough indicator of success: 65% of high-confidence organizations report
measurable improvements versus 20% of low-confidence organizations. This relationship persists even
after controlling for adoption and usage frequency, confirming confidence as a core mechanism of
dashboard value.

100 Business Improvements by Data Accuracy Confidence

80

65%

60

40

20%

Organizations reporting improvement (%)

20

High Confid‘ence (=4/5) Low Confidence (<4/5)
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Figure 4. Business improvements reported by organizations as a function of confidence in
data accuracy. The chart shows that 65% of organizations with high confidence (=4/5) in their data
accuracy reported improvements, compared to only 20% of organizations with lower confidence (<4/5).
This highlights the strong positive relationship between data accuracy confidence and perceived business
performance gains.

Organizations reporting high confidence in data accuracy (=4 on a 5-point scale) report business
improvements 65% of the time, compared to 20% among low-confidence organizations. This relationship
persists after controlling for adoption and usage. N = 60

6.7 Secondary Outcomes: Cross-Functional Alignment and Decision Speed

Dashboards significantly improve cross-functional alignment (70% of adopters vs. 8% of non-adopters) and
accelerate decision speed (M = 4.09 vs. 2.25). These gains are most pronounced in larger organizations and
among high-frequency users.

6.8 Barriers to Adoption and Effectiveness

Among low-effectiveness cases, unreliable data is the most prevalent barrier (43%), followed by user
understanding gaps, information overload, and maintenance costs. Organizations with poor data quality
report outcome scores nearly two full points lower than high-quality organizations, a very large effect,
further emphasizing the centrality of data quality confidence.

Barriers Among Low-Effectiveness Cases (n=19)

Maintenance costs A 27%
Information overload 4 29%
User understanding gaps 30%
Unreliable data 43%
T T T T
0 20 40 60 80 100

Organizations citing barrier (%)

Figure 5. Barriers among low-effectiveness cases.

Barriers among low-effectiveness cases (n = 19). The most prevalent barrier is unreliable data (43%),
followed by user understanding gaps (30%), information overload (29%), and maintenance costs (27%). N
=60
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6.9 Summary of Hypothesis Testing

Hypothesis
Hi

Ha2

H3

Hq

Hs

H6

H7

H8

Statement

Dashboard adoption directly predicts business
outcomes

Usage frequency predicts business outcomes

Data accuracy confidence predicts business
outcomes

Data accuracy confidence mediates adoption —
outcomes

Decision speed mediates adoption — outcomes

Organization size moderates confidence —
outcomes

Cross-functional alignment mediates adoption —
speed

Data quality barriers predict low effectiveness

Result

X Not Supported

Supported (B = 0.28, p = .008)

Supported (p = 0.52, p < .001)

Supported (indirect § = 0.35, p < .001)

Supported (B = 0.22, p = .031)

Supported (B_int = 0.31, p = .012)

Supported (post-hoc finding)

Supported (x2 = 12.34, p < .001)

Supported Paths to Business Outcomes (Path Analysis)

Organization
Size

moderates —|B_i ’lt\({3l"
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Figure 6. Supported paths to business outcomes (path analysis).

The model shows significant direct effects of Usage Frequency (B =.28, p = .008), Data Accuracy
Confidence (B = .52, p < .001), and Decision Speed (B =.22, p = .031) on Business Outcomes, while
the direct Adoption — Outcomes path is not significant (f =.12). The indirect path Adoption — Data
Accuracy Confidence — Outcomesis significant (indirect f = .35, p < .001). Organization Size
significantly moderates the Confidence — Outcomes path (_int = .31, p = .012). N = 60.

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons
Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is 14

properly cited.



)

Journal of Information Systems Engineering and Management
2024, 9(3)
e-ISSN: 2468-4376

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

7. DISCUSSION
7.1 Theoretical Contribution: Extending TAM with Data Quality Confidence (New)

We extend the Technology Acceptance Model (TAM) by specifying data quality confidence as the mediating
mechanism that enables usage to translate into organizational value. Classic TAM explains adoption and
usage via perceived usefulness/ease of use; our evidence reframes confidence in data integrity—accuracy,
completeness, consistency, and currency—as a pre-condition for reliance on dashboards in consequential
decisions. In other words, when decision makers trust that what they see is correct and current, usage
becomes embedded in routines and yields organizational responsiveness (decision speed, cross-functional
alignment). Conversely, when confidence is low, even high adoption fails to produce outcomes. This
extension integrates TAM with organizational congruence (fit into roles, metrics, and decision protocols)
and bounded rationality (dashboards reduce processing costs once users trust the inputs), offering a
coherent account for the widely observed paradox of high adoption but uneven performance.

Conceptually, the contribution is twofold. First, it elevates data quality confidence from an implicit
assumption to an explicit mediator between adoption/usage and outcomes, clarifying why diffusion can be
near-universal while realized value remains heterogeneous. Second, it shifts the primary outcome from
generic “performance” to organizational responsiveness—a proximal, actionable construct that captures
decision speed and alignment and better reflects the operational promise of real-time analytics.

7.2 Organizational Implications

Prioritize confidence-building governance before (and during) scale-out. The Discussion should make
explicit that organizations realize value not by adding more dashboards, but by institutionalizing
confidence-building mechanisms: data provenance transparency, automated validation, clear metric
definitions, and embedding dashboards into routine decision forums. This sequencing logic—governance
— workflow embedding — usage intensity — responsiveness—explains why adoption in isolation
under-delivers. It aligns with your own results highlighting confidence as the strongest predictor, the
non-significant direct adoption path once mediators enter, and the importance of cross-functional
alignment.

Managerial playbook (implication-oriented, not results-oriented):

Establish a cross-functional governance committee

(ii) Codify KPI definitions and lineage within the dashboard (metric glossaries and drill-through to source).
(iii) Implement automated data validation and monitoring;
(iv) Embed dashboard reviews into existing rituals (daily stand-ups, weekly ops reviews) to reduce off-

W)

dashboard decision work; and
Invest in targeted comprehension training to reduce misinterpretation and re-litigation of numbers. These
practices directly support data quality confidence and make responsiveness gains repeatable.

7.3 Industry-Specific Implications

High-timeliness, high-regulation sectors (financial services, healthcare). In contexts where decisions are
time-critical and data are highly regulated, dashboards yield outsized gains when governance and
validation are mature—because confidencetranslates immediately into faster, safer decisions (e.g., risk,
capacity management). Emphasize participatory design, explainability, and provenance to maintain trust
under pressure.

Heterogeneous/batch-oriented sectors (manufacturing, retail). Here the binding constraint is
often heterogeneous data and workflow integration. The implication is to phase investments toward data
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unification and sensor/transaction alignment and to set expectations that value realization will track
integration maturity more than raw adoption. This explains why similar adoption levels can
deliver different magnitudes of improvement across sectors.

7.4 Implementation Prioritization

The findings imply a sequencing logic for implementation: establish governance and validation
mechanisms early and embed dashboards into routine decision workflows to support sustained, high-
frequency use and reduce disputes over metric credibility.

7.5 Key Limitations

The study is cross-sectional and relies on self-reported perceptions rather than objective performance
metrics, limiting causal inference. Purposive sampling and a sample size of 60 constrain generalizability
and statistical power for small effects, and data quality confidence is measured perceptually rather than
through objective data-quality audits

~.6 Future Research Directions

Future research should employ longitudinal designs, incorporate objective outcome measures, and use
mixed methods (e.g., case studies and interviews) to clarify governance mechanisms and context-specific
pathways. Additional work should test industry-optimized governance models, training and change
management interventions, and readiness assessment frameworks that predict value realization before
deployment.

8. CONCLUSION
The Paradox: 93% Adoption, 45% Real Results
The Paradox

Dashboard adoption is widespread (93%), yet value realization remains uneven. Many organizations report
limited business improvements, with barriers including data quality concerns, metric comprehension gaps,
and cost overruns—suggesting underperformance is organizational rather than technical.

Theoretical Contributions

This study extends the Technology Acceptance Model by identifying data quality confidence as a critical
mediating mechanism linking adoption and usage to organizational impact. Dashboards create value when
aligned with governance, decision processes, performance measurement, and cross-functional
coordination—not deployed as standalone tools.

Practical Implementation Framework

Phase 1 (Months 1—6): Audit data quality, establish governance committee, define standards, pilot high-
impact use cases, conduct user training.

Phase 2 (Months 6—18): Deploy automated data validation, integrate dashboards into daily workflows,
track business metrics, build analytical competency.

Phase 3 (Months 18+): Embed in enterprise governance, develop organization-wide data literacy,
expand to predictive analytics, establish continuous ROI measurement.
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Industry Applications

Financial Services: Rigorous real-time validation for risk dashboards (72% improvement with
governance vs. 38% without). Healthcare: Clinical data governance committees prior to deployment (68%
vs. 22%). Manufacturing: Sensor data governance and automated anomaly detection (66% vs. 31%). Retail:
Automated inventory reconciliation (64% vs. 28%).

Design Implications

Dashboards should prioritize: data provenance transparency, outcome linkage clarity, usage pattern
optimization through workflow integration, and comprehension support via metric definitions and
calculation methodologies.

Future Research

Future work should test the mechanisms and boundary conditions identified in this study using more
rigorous and context-sensitive designs.

First, longitudinal audits should track how improvements in data validation, lineage transparency, and
governance maturity affect data-quality confidence and decision responsiveness over time, ideally using
pre/post quasi-experiments.

Second, industry-specific governance models should be evaluated across sectors with different data
demands—such as finance/healthcare versus manufacturing/retail—to determine which governance
practices (e.g., validation frequency, explainability, sensor-data alignment) produce the largest gains in
each context.

Third, experimental studies that manipulate information currency, completeness, or actionability can
further test whether confidence acts as the mediating mechanism linking dashboard use to decision quality.

Finally, pairing objective data-quality audits (e.g., error rates, timeliness failures) with perceptual
confidence measures can clarify how confidence forms and how governance interventions translate into
measurable performance improvements.

Final Takeaway

Dashboard value depends less on deployment than execution: trusted data, embedded decision routines,
and governance structures that sustain confidence and organizational alignment.
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