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Abstract

Artificial intelligence has expanded the role of business intelligence systems from retrospective reporting to
contextual, real-time decision support. As part of this transition, data platforms have come to be the functional
heart of real-time business insight, bridging data ingestion, stream processing, semantic integration,
analytical modelling, and decision delivery, across organizational functions. This review examines the design
of Al-driven data platforms that are aimed at moving beyond static dashboards to decision intelligence
architectures that can facilitate quick interpretation and action. The review covers streaming data
management, data quality and governance, platform elasticity, digital-twin thinking, explainable Al, and the
organizational conditions necessary to create analytical value. The literature indicates that real-time insight
depends less on visualization than on well-orchestrated data pipelines, adaptive models, semantic consistency,
and decision workflows. Continued gaps exist in cross-layer analysis, elucidation in high-velocity situations,
combining human judgment and automated suggestions, and approaches to connect technical measures to
business performance. This topic has become increasingly important due to the growing number of situations
where organizations have to operate in environments where slow or less contextualized analytics are
undermining operational decisions despite the ever-increasing data volume and computational capacities.
Keywords: business intelligence; data platforms; decision intelligence; real-time analytics; stream processing

1. Introduction

Over the past twenty years, the concept of business
intelligence has changed substantially. Historical
business intelligence systems were mostly used to
enable retrospective analysis using warehouses,
periodic reports and performance monitoring based
on dashboards. Modern organizations increasingly
require analytics that are operational and immediate.
Online commerce, platform ecosystems, financial
services, health care delivery, industry processes and
channels of customer interaction now produce event
streams, the relevance of which rapidly decays over
time. The importance of analytics in such
environments is not just based on the explanatory
power, but also how well it fits across time, is
semantically consistent and can be used to take action
before opportunities or risks have been exploited.
Early research on business intelligence and analytics
characterized the shift in structured reporting, to more
generic analytical settings defined by big data,
sophisticated algorithms and varied decision-making
settings [1]. The later studies on the potential of big-
data analytics revealed that the analytical value is
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created when data, technology and company strategy
are congruent instead of when the sophistication of
algorithms develops in isolation [2]. These trends put
the emergence of Al-based data platforms in the
context of the challenge of modern information
systems studies. Real-time business insight has a
special significance today in the context of research.
Organizations have become digitalized on the basis
of the traces that they generate via transactions,
sensors, applications, clickstreams, enterprise
systems and external platforms. These digital traces
make near-continuous monitoring possible, but this
alone does not generate an insight. Data has to be fed,
purged, augmented, controlled, modelled and linked
to pertinent decision-making processes. Evidence on
business analytics and organizational value suggests
that companies gain the greatest when analytics is
linked to business processes, managerial routines and
performance management frameworks as opposed to
being viewed as an independent technical resource
[3]. Concurrent efforts on large-scale analytics
infrastructure have demonstrated that the technical
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architecture enabling the use of modern analytics
needs to be able to scale, be heterogeneous, and have
a high level of computational intensity with hard
latency requirements [4]. It implies that the design
issue is much more than the interface building.
Indicators can be displayed in dashboards, but it is the
underlying platform that determines whether the
indicators are up to date, reliable, and meaningful.
The increased disciplinary applicability is due to the
fact that data platforms powered by Al are at the
intersection of a number of research areas. The
information systems scholarship provides an insight
on the decision support, adoption in an organization
and creation of business value. The study of the
distributed systems brings the study of stream
processing, resource management and scalable
platform design. Research in data management
provides semantics, state management and data
quality. Research in the management adds
interpretability, and alignment. Reviews of big-data
literature have found that analytical capability often
goes unrealized—not due to a lack of data, but
because organizations cannot translate technical
potential into business  significance, timely
interpretation, and coordinated action [5]. That is of
interest specifically to real-time settings. A system
providing numerous indicators, whilst having poor
contextual cues can result in a state of informational
richness, but without an ability to make decisions.
Creating more than dashboards thus involves
consideration of architecture, methodology, human
interaction as well as governance equally. Several
important questions remain insufficiently addressed
in the literature. One of them has to deal with the
excessive focus on visualization as compared to
upstream platform design. Dashboards may appear
sophisticated while relying on fragile data pipelines,
irregular definitions or aging transformations. The
second problem is related to how algorithmic
automation and the human judgment are connected.
A large number of organizations are interested in Al-
generated alerts, predictions, rankings, or
recommendations, but limited research elucidates
when automated decision support works better than
not and when it brings about transparency or
dependence. A third concern is with regard to
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evaluation. Latency, throughput or model accuracy
are also commonly reported in technical studies,
adoption, perceived usefulness or organizational
performance are common in management studies.
Limited evidence on cross-layers linking these
metrics exists. Fourth is that of governance. In
domains where recommendations influence pricing,
credit, staffing, operations, or customer treatment,
data quality, lineage, explainability, and clear paths
for accountable intervention are essential to real-time
decision intelligence. The aim of the current review
IS to consider the way the conceptualization and
assessment of Al-driven data platforms to generate
real-time business insights and decision intelligence
are conceptualized and reviewed in the peer-reviewed
body of scholarship. The literature is reviewed in the
subsequent sections, and the current conceptual and
methodological approaches have been organized,
findings of various studies have been discussed,
future directions of research as well as the conclusion
have been given and finally the main findings of the
subject matter.

2. Literature Review

The literature applicable to Al-driven data platforms
to support real-time business insight can be divided
into four streams that are interrelated: business
intelligence and analytical decision support,
streaming and platform architecture, data quality and
governance as well as explainable or organizationally
embedded intelligence. A study on business
intelligence system success reported that an
analytical maturity, and data-driven culture can make
a significant difference to the degree to which
analytics enhances decision making [6]. Another
stream on organizational knowing held that business
intelligence systems enhance value not just because
they provide information, but because they organize
the interpretation and facilitate the transfer of
fragmented information to actionable knowledge in
organizational practices [7]. These results make the
notion of dashboards being considered the business
intelligence more complicated. The attention and
performance monitoring can be facilitated by a visual
layer, but more permanent decision intelligence
needs a more profound consistency between data
architecture, analytical logic and decision context.
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A second research area deals with the architecture of
real-time, large-scale data platforms. Studies on
distributed stream processing have shown that to
ensure analytical relevance under the continuous
arrival of data, a state-aware execution environment
Is required [8], [9]. This was reinforced by cloud
resource-provisioning studies showing that including
predictive signals in allocation logic increases
responsiveness during fluctuating workloads [10].
Generalized surveys of the cloud resource
management also revealed that real-time analytical
systems need to maintain a balance between latency,
scale, cost, and resilience instead of targeting a
specific aspect in isolation [11]. The literature on
edge intelligence took the debate further to contend
that the choice of analytics ought to be brought to the
proximity of data sources in case timing delay of the
network or contextual urgency is a concern [12].
Throughout this stream, the platform is not a passive
infrastructural setting but a driving determinant of an
analytical timing, stability, and extent. A third stream
deals with the issue of digital representation, learning
under change and semantic continuity. Digital twin
studies have shown how dynamically evolving virtual
models could be used to aid in monitoring, prediction
and operational decision making in dynamic settings
[13]. Concept-drift studies also demonstrated models
on live systems can become obsolete when the
underlying trends change and adaptive monitoring
and updating is critical to maintain the quality of its
analytics [14]. The contributions are important to
business insight platforms since the real-time
conditions can dynamically vary due to a shift in the
market, redesign of processes, customer behaviour,
and external shocks. Without changing the
interpretation of analytics, surface changes can be
registered on the static dashboards. Conversely,
decision intelligence platforms should be able to
accommodate the necessities to change thresholds,
evolve models, and keep on recalibrating business
meaning. A fourth research stream has to do with the
quality of decisions, data governance and
explainability. Research on big-data decision making
has discovered that information quality, governance
and organizational context have a significant effect
on the decision to enhance decision making with
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analytics [15]. Research on data science and data-
driven decision making suggested that a system ought
to correlate predictive performance with the real
improvements a system is supposed to make, instead
of considering it as a goal in itself [16]. This stance
was supported by data-quality studies which revealed
that the measurement, correction, and prevention of
quality defects are still basic in all analytical
applications [17]. Surveys of big-data challenges
observed that even in analytically-advanced
organizations, integration, velocity, veracity and
governance are still enduring challenges [18]. Lastly,
explainable Al has been focused on highlighting that

the opaque models can undermine trust,
accountability, and managerial acceptance of
recommendations based on its effect on

consequential business decisions [19]. This set of
questions suggests that the real time decision
intelligence relies on plausible, interpretable and
controllable analytics as opposed to speed. Another
line of literature is a connection between analytical
capability and innovation and competitive
adaptation. Studies on analytics capability and
innovation implied that dynamic capabilities
interpose the connection between big-data capability
and organizational results, which showed that
technology produces value via complementary
organizational mechanisms as opposed to a direct
mechanical communication [20]. This thought has a
lot of relevance with this topic. Real-time insight
platforms are not automatic in enhancing the quality
of the decisions. Value is determined by the way data
products, the model output, alerts and explanations
are integrated into work processes, the escalation
path, and the strategic routines. Throughout the
literature, one can see a particular trend: to be able to
move beyond dashboards successfully, one would
have to switch to more integrated platforms in which
data operations, the methods of data analysis, and
decision making processes go hand in hand. Table 1
summarizes representative studies from References
[6] through [17]. The table points out the
heterogeneity of the evidence base and explains how
research has been made in the fields of architecture,
decision support, data quality, governance and
adaptive intelligence and not in a particular
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theoretical tradition.
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Table 1 Summary of Key Findings

Ref Focus Key Findings
Business intelligence system Analytical culture and system maturity improved the
[6] | maturity and analytical decision contribution of business intelligence to decision quality
making beyond simple reporting functionality.
N . Business intelligence created value by structurin
Organizational knowing through | . . g . . y o g .
[7] . . . interpretation and collective sense-making within decision
business intelligence systems . . .
processes rather than by information delivery alone.
. o Stateful streaming architectures enabled continuous
Elastic and scalable distributed . g_ . .
[8] . analytics under changing workload intensity, although state
stream processing . . .
migration remained operationally costly.
. . i Dynamic scaling improved throughput stability and service
Elastic scaling mechanisms for y - g1mp . anp L Y .
[9] . continuity yet checkpointing and repartitioning introduced
data stream processing .
nontrivial overhead.
- L Workload-aware provisioning improved responsiveness
Predictive resource provisioning . : .
[10] . ) and reduced allocation mismatch compared with purely
in cloud environments . .
reactive strategies.
. Multi-objective management was necessary to balance
Resource management in cloud e . -
[11] utilization, performance, and operational resilience across
platforms .
analytics workloads.
. . - Localized analytics reduced response delay for context-
Edge intelligence for distributed .\ st . P . y
[12] . sensitive tasks but increased coordination and model-
Al execution .
management complexity.
. : . Continuously updated digital representations supported
Digital twin as an operational UOUSTy P . g . P . pp :
[13] . monitoring, prediction, and intervention planning in
representation : . :
dynamic operational settings.
Adaptive monitoring and model updating were necessary
[14] Learning under concept drift when live data distributions changed over time, especially
in evolving environments.
. .. . Governance, information quality, and organizational fit
Big-data decision-making : . .
[15] . strongly influenced whether data-rich environments
quality ..
produced better decisions.
. .. Predictive modelling delivered greater value when
Data science and decision- . .
[16] . evaluated against decision consequences rather than
centred analytics . i
statistical fit alone.
. Data-quality methods showed that prevention,
Data quality assessment and quatity - p. .
[17] . measurement, and remediation remain critical
improvement . .
preconditions for trustworthy analytics.
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A number of common constraints are evident in these
studies. First, the management focused articles tend
to focus on adoption, culture and business value but
architectural detail has not been developed. Second,
articles with systems orientation give solid evidence
of performance and scalability but often do not
emphasize  organizational integration and
interpretability. Third, numerous articles talk about
the real-time analytics as a technical attribute without
explaining the conversion of the insight into action.
Fourth, research designs are hard to compare due to
the different metrics of the outcome across domains
and methods. Literature thus advocates an integrative
analysis which considers real-time decision
intelligence as a technical and organizational design
ISSue.

3. Conceptual Framework

A useful theoretical framework for this area begins
by distinguishing between reporting systems and
decision-intelligence platforms. Reporting systems
combine and display historical or near current
indicators, which may have fixed metrics and be
periodically refreshed. Decision-intelligence systems
base their logic on a larger logic of continuous event
consumption, semantic integration, contextually
sensitive modelling, recommendation generation and
reaction to the consequences of an action into
subsequent analytical action. These layers are
proposed to give rise to value when they reinforce
each other according to the literature. BIS literature
identifies cultural maturity and integration of
processes as being important [6], [7]. Scalable,
stateful and elastic dataflow has been observed to be
crucial in distributed systems research [8], [9], [11].
The research of governance and explainability
indicates that there is a need of traceable logic and
high quality of inputs [15], [17], [19]. The conceptual
implication relates to the fact that decision
intelligence is not an application attribute that is
overlaid on data. It is an architecture composed of
data, models, workflows, and control structures. The
literature employs several major methodological
approaches. One set of researches applies the
methods of organization and surveys to investigate
the correlation between the maturity of analytics,
culture, business processes, and decision outcomes
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[6], [20]. These studies are useful since the success of
the platforms is based on adoption, trust, and
embedded in the managerial practices. A second
group examines systems-level testing of streaming
engines, scalability, workload adjustment, and
resource provisioning [8]-[11]. This approach offers
high technical specificity and precision on
performance trade-offs such as latency versus
checkpoint cost, or elasticity versus stability. A third
category adopts review-based/conceptual approaches
to knowledge organization of concept drift, concept
explainability, edge intelligibility and big-data
problems [12], [14], [18], [19]. This type of work
makes the theory more visible, however with fewer
causal assertions being as strong when there is less
empirical validation. The fourth category uses
design-oriented or even digital-representation
methods, especially in the context of digital-twin
studies, to demonstrate how constantly updated
model of operations can aid contextualized
monitoring and intervention [13]. There are a number
of methodological patterns, which appear in the
literature. To start with, real time value of analysis is
typically mediated by some intermediate abstractions
in comparison to raw streams of data. Translation
mechanisms include feature stores, stateful windows,
digital twins, semantic layers and business rules are
all translation mechanisms between raw events and
managerial action. This trend is due to the fact that
business decisions usually need consistent types, time
conscious aggregations and contextualization as
opposed to the bursts of events. Second, numerous
effective strategies are not exclusive but a
combination of various strategies. Statistical
baselines can be used in conjunction with machine-
learning models. Rule engines can be used to
supplement predictive scoring. Stream processors
can feed warehouses or Lakehouse environments that
can be used to perform retrospective validation and
retraining of models. Third, the literature suggests
that the explainability cannot be considered as a post-
hoc. Where pricing, risk scoring, customer treatment,
prioritization of supply or workforce is concerned in
business, the recommendations must have a reason
usually understandable and traceable [19]. Figure 1
presents a conceptual model derived from the
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reviewed literature. The figure puts in a feedback
loop data acquisition, semantic preparation,
analytical inference, decision orchestration, and
governance. Such a setup echoes an important finding
of the studies under review: business insight

enhances to decision intelligence when the outputs of
analysis are linked to a managed intervention and
future learning based on results.

s hY I3

Decision layer Govemance layer

alerts, recommendations, explainabllity, policy,
workflow triggers audit, access control

\ J \, A
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Analytics layer ( \
siream models, scoring, Outcome feedback
X forecasting, detection business resuls,

Datd acquisition Semantic layer |, e —— G LT |
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sensors, external feads context enrichment

4 8

Figure 1 Con'ceptual Framework for Al-Powered Real-Time Business Insight Platforms

Table 2 Method comparison

Ref Method Strengths Limitations
. . . Clarifies organizational readiness, Offers limited guidance on
Business intelligence . .
[6] . analytical culture, and process platform architecture and
maturity assessment . - . . )
alignment for decision use runtime technical constraints
Organizational [lluminates how interpretation and Difficult to operationalize
[7] knowing through Bl collective understanding shape directly in high-velocity
systems insight value technical platform design
Elastic distributed Supports continuous analy_tlcs Checkpom_tlng,_ repartitioning,
[8] . under bursty data rates with and state migration can increase
stream processing . . ;
scalable stateful execution complexity and tail latency
Elastic scaling for Improve_s throughpu_t _stablllty and Reactlve_ scaling I_oglc may I_ag
[9] runtime adaptability under abrupt spikes and incur transient
stream platforms . . -
workload variation instability
_— Connects workload forecasts to Forecast error can create under
Predictive cloud ; ) L
[10] L infrastructure allocation for provisioning or waste under
provisioning . ; : .
improved responsiveness volatile traffic patterns
. Balances performance, utilization, Instrumentation demands and
Multi-objective o c s . . ;
[11] and resilience within platform policy complexity can hinder
resource management . o :
operations practical implementation
. . Reduces local decision delay and Fragmented observability and
Edge intelligence " 2
[12] supports context-sensitive distributed model governance
deployment . . L
inference near data sources complicate coordination
[13] Digital-twin Preserves operational contextand | Model maintenance burden can
representation supports scenario-aware be high when processes and
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interpretation of real-time events constraints evolve rapidly
. : Sustains temporal relevance of False alarms, unstable retraining
Drift-aware online . : . .
[14] learnin models in changing data triggers, and monitoring
g environments overhead remain concerns
. Improves transparency, Explanation quality may vary
Explainable Al L . .
[19] methods accountability, and managerial and can trade off against model
confidence in recommendations complexity or speed

The other significant trend has to do with the
disparity in the technical success and the business
impact. It is common to find clear throughput or
resource efficiency improvement or quality of
allocation in technical platforms studies [8], [10],
[11]. It is frequently reported in the literature of
organizational studies that there are improvements in
the quality of the decision process, maturity in
analytical process or value creation [3], [6], [20].
However, there are less articles relating these results
by a unified cause-and-effect. Table 3 presents the

summary of the representative results in the literature
and shows that the performance is gauged in
extremely different perspectives: quality of
decisions, interpretative ability, latency, utilization,
quality of information and accountability. It is this
heterogeneity that means that seemingly powerful
platforms might still fail to deliver on deployment. A
company can have an increase in throughput without
the decision quality, or visibility without the quality
of intervention.

Table 3 Results Comparison

Ref System Metric Outcome
[6] Enterprise business Analytical decision Higher maturity and stronger culture
intelligence environment effectiveness improved decision support contribution
Business intelligence- Better structuring of organizational
[7] enabled organizational Interpretive capability knowing improved analytical use in
process practice
Distributed streaming Throughput and Elastic stateful execution sustained
[8] - : . )
platform scalability continuous analytics under variable load
Stream-processing engine . - Adaptive scaling reduced service
9] with dynamic scaling Runtime stability degradation during workload shifts
Cloud-based analytical Provisioning Predlctlv_e provisioning |mproveo_l
[10] . resource alignment relative to reactive
infrastructure accuracy
control
Cloud resource- Utilization- Joint management |mprove_d_trade-offs
[11] . among responsiveness, efficiency, and
management environment | performance balance -
resilience
Digital twin-supported Contextual decision . Virtual opergtlo_nal representation
[13] : . improved monitoring and intervention
operational environment support
relevance
[14] Live analytical model Temporal model Drift-aware methods preserved analytical
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environment

validity

relevance under changing data conditions

[15] Big-data decision setting

Decision quality

Information quality and governance
strongly influenced decision outcomes

[19] | Al-assisted decision context

trust

Explainability and

Transparent recommendations improved
interpretability and acceptance

Figure 2 summarizes the primary evaluation
emphases identified across the reviewed studies in
that it depicts the frequency of key evaluation
dimension appearing as major concerns. The figure
shows that the literature places greater emphasis on
platform performance and accuracy in analytics, and
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explainability and governance are relatively less. The
gaps that are constantly observed between technically
developed platforms and environments of decisions
that require accountability are explained with the help
of this distribution.
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v
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Figure 2 Primary Evaluation Emphases in The Reviewed Literature

Figure 2 trend is pointing towards a broader analysis.
There has been a tremendous increase in the literature
both technically and not institutional. The ability to
scale and cope with complexity is increasingly
becoming available to real time insight platforms,
although the literature is still less mature in how that
capability is related to auditable, explainable and
reliably adopted decision processes. Figure 3 is amap
of the connections among key platform design
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variables among the reviewed studies. As
emphasized in the diagram, data quality, platform
scalability, model adaptivity, and governance not
only influence decision intelligence, but in an
integrated manner, as opposed to being independent
dimensions. This pattern of failure can be attributed
to the failure of dashboard-based solutions: the
visualization layer is not capable of balancing
weaknesses in the upstream semantics, model
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stability or intervention design.

Data quality
[ Governance and lineage j Model adaptivity

[ User trust

[ Workflow integration J [ Platform scalability J

( L . W ‘
Decision intelligence
J*

Figure 3 Relationship Diagram Among Major
Design Variables in Real-Time Decision-
Intelligence Platforms

The picture shows a common theme throughout the
literature: the upstream decisions of the technical

s

alerts, next-best action,
workflow orchestration
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nature have a downstream impact on the workflow
integration and user confidence. It is graphical
evidence of an old teaching of the literature: users
trust and workflow integration is a downstream effect
of upstream technical decisions. There is no use in
having a good interface design when it is
accompanied by poor lineage, unstable models or
poor data quality. Because of this, efficient platforms
have to be developed upwards in terms of the data
layer as opposed to downwards in terms of the
dashboard layer. Figure 4 presents a comprehensive
model for designing Al-driven data platforms that
move beyond dashboards. The integrated model
integrates ingestion of events, semantic curation,
real-time analytics, delivery of recommendations,
human supervision and post-decision learning. This
design indicates the most coherent message of the
literature: valuable business knowledge can be
achieved when the data operations, model operations,
and decision operations are synchronized in the
context of a continuous learning architecture.

Quersight layer
explanations, approval,
policy checks

.. 4
—

hY
Decision layer

————————
Learning layer

Ia

outcomes, drift, retraining,

Insight layer

process redesign

scoring, forecasting,
anomaly detection

Event layer Curation layer

transactions, logs, ——  quality control,
external streams semantic mapping

AN 4 AN s

Figure 4 Integrated Model for Al-Powered Platforms Delivering Real-Time Business Insights and
Decision Intelligence

The integrated model highlights the importance of
explicit overseeing layer. There are a number of real
time systems capable of generating quick
recommendations and speed without explanation or
policy verification could be an operational risk,
particularly in a regulated or customer-facing
environment. The feedback loops further emphasize
that decision intelligence must learn both through
predictive mistakes and intervention results, hence
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connecting analytics to business ramifications as
opposed to data processing. Altogether, the studied
articles point to the necessity of a change in thinking
in designing beyond dashboards to platform-centric
thinking. When elastic data infrastructure,
trustworthy data quality, adaptive modelling,
explainable suggestions, and workflow conscious
delivery are joined, real-time insight is most
effective. The continued shortcomings are in cross-
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layer assessment, longitudinal data on organizational
results and patterns of design to balance human
judgment and automated intervention. Despite that,
the literature increasingly suggests that the future of
business intelligence lies in integrated decision
platforms, as opposed to visualization surfaces.

4. Future Directions

One important future direction is the development of
cross-layer assessment frameworks. Recent research
frequently decouples platform performance, accuracy
of the analytics or organization adoption. The
interrelationships in a single evaluative framework
would be more informative designs, bridging
ingestion latency, semantic integrity, model drift,
recommendation acceptance and business outcome
measures. This work can give an understanding of the
technical design alternatives that the most significant
influence on the quality of choices, and the
organization forms that may promote or deter
platform value. The second trend is in regard to
adaptive semantics and model governance. The real
time environments breed perpetual change in the
definition of the data, the process structure, customer
behaviour and operational limitations. The future
platforms should possess a more profound semantic
monitoring, automatic lineage validation and drift
conscious model management which can transcend
the statistical monitoring into  business-rule
evolution. Advances in this direction would lessen
the mismatch that would arise between current
looking interfaces and old interpretive logic. A third
direction concerns human-Al collaboration. It is
already mentioned in the literature that a dashboard
in itself is inadequate, and a black-box automation
may be a problem. Future research should therefore
be on the role played by explanations, the measures
of confidence, logic of escalation and interaction
design in affecting quality of judgment in time
pressure situations. The degree of automation might
be needed in different contexts of decision making
and more specific design advice is needed in areas of
risk, regulation or reputational risk. Fourth direction
is in regard to architectural convergence. Platform
designs are not commonly studied in conjunction
with streaming systems, Lakehouse environments,
and digital twins, as well as explainable Al.
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Integrative architectures would be beneficial in future
scholarship in relating these components and putting
them through a realistic organizational environment.
This work could help establish decision-intelligence
platform design as a coherent discipline, rather than a
collection of promising but disconnected technical
contributions.

Conclusion

According to the reviewed literature, the paradigm of
Al-based data platforms to deliver real-time business
intelligence is no longer leaning towards the
traditional dashboard paradigm. Dashboards continue
to be valuable as a user interface to control and
interact but now the primary academic and practical
challenge is beneath the interface. The data
acquisition and semantic curation process, stream
processing, adaptive modelling, governance, and
workflow integration have a role to play in the
capability of turning the insight into actionable
decision intelligence. Several key patterns emerge
from the reviewed literature. Essential to timeliness
are platform elasticity and streaming architecture.
Trustworthiness is required to have data quality and
lineage. Model adaptivity is needed to have temporal
validity. Explainability, as well as organizational fit
is needed to achieve managerial acceptance and
responsible utilization. The reviewed evidence
therefore frames decision intelligence as a stratified
architecture rather than a visualization layer or a
single algorithmic function. Persistent gaps remain.
The cross-layer analysis is not developed vyet,
longitudinal data is not balanced, the correlation of
automated recommendations and human judgment
are to be analysed more attentively. There is also still
discontinuity of the literature in the areas of systems
research, organizational analytics, governance
scholarship and decision-support traditions. Despite
these limitations, the field has matured to a point
where a consistent trajectory is discernible. Next-
generation platforms are likely to integrate
continuous data flows, make analytics clear,
workflow wise delivery of suggestions and response
to the attained results into the continuous learning.
Beyond dashboards design in the larger picture
suggests designing data platforms that can convert
high-velocity data to business action in a timely,
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reliable and context-sensitive form.
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