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Abstract

Saudi manufacturing firms are under growing pressure to improve productivity, cost discipline and
decision speed while supporting industrial diversification. Although enterprise resource planning, shop-
floor systems and predictive analytics are increasingly discussed, the literature rarely specifies how
operational signals should be reconciled with finance-grade definitions before managers authorize
decisions. This critical integrative review develops an integrated enterprise data analytics framework
that connects operational event capture, governed data products, causal diagnosis, financial translation
and accountable intervention. The review distinguishes adoption conditions from value-realization
mechanisms and assesses tensions involving data latency, model portability, management control and
small-firm constraints. Four conceptual figures articulate the architecture, value-conversion logic,
decision cycle and staged adoption sequence. Three tables contrast selected empirical evidence and
present transparent, hypothetical performance and investment scenarios; these scenarios are not
observations from Saudi factories. The synthesis indicates that integration creates defensible value only
when operational improvements can be traced to validated financial consequences, adverse effects are
measured, and decision rights remain explicit. The article offers a testable conceptual contribution and a
practical evaluation agenda consistent with industrial capability building in Saudi Arabia.

Keywords: enterprise analytics; manufacturing performance; financial integration; Saudi Arabia; data
governance; decision intelligence; working capital

1 Introduction

Manufacturing competitiveness depends on decisions made at different speeds and expressed in
different units. A machine controller records cycle time in seconds; a production planner assesses
weekly capacity; procurement monitors supplier delivery variability; and the finance function
recognizes material consumption, inventory movements and revenue over reporting periods. These
activities are causally connected, yet their information infrastructures are often separated by system
boundaries and departmental definitions. Consequently, a reduction in measured downtime can
coexist with unchanged throughput, and a favorable purchasing-price variance can mask deteriorat-
ing material yield. Enterprise data analytics becomes strategically meaningful when it resolves such
contradictions rather than simply adding dashboards to an already fragmented environment (Tao et
al,, 2018; Choi et al., 2018).

The Saudi manufacturing setting makes this integration problem especially pertinent. National
industrial-development priorities emphasize competitiveness, manufacturing capability, supply-chain
depth, localization and the diffusion of advanced production technology. These aims intersect with

https://doi.org/10.64388/ire1724618 ISSN 2456-8880 Paper ID: 1724618 | Page 841


https://orcid.org/0009-0002-3561-5518
https://doi.org/10.64388/ire1724618

Iconic Research and Engineering Journals Vol. 10, Issue 5, November 2026

firm-level concerns about margins, cash tied up in inventories, production reliability and the ability
to serve customers at acceptable cost. Nevertheless, the relevant academic evidence must be
interpreted carefully: investigations conducted in other industrial environments can inform
mechanisms but do not establish Saudi-specific financial effect sizes. The Saudi survey by Aldossari et
al. (2025) adds valuable context on analytics adoption and decision-making in manufacturing small
and medium-sized enterprises; it does not by itself demonstrate that technology investment causes
higher cash flow or operating profit.

Research has moved from analytics as a technical resource toward analytics as an organizational cap-
ability. Akter et al. (2016) argue that the alignment of management, technological and talent re-
sources with business strategy conditions performance effects, while Gupta and George (2016)
demonstrate why complementary assets matter. Wamba et al. (2017) and Mikalef et al. (2019) simil-
arly direct attention to dynamic capability formation. At the production level, however, sensor
analytics, maintenance diagnostics and supply-chain forecasting are frequently examined as separate
applications. At the enterprise level, productivity, return on assets and competitive performance are
commonly modeled without tracing the intermediate accounting rules through which plant-level
changes become economic outcomes. This separation leaves managers with plausible benefits but
insufficiently auditable value chains.

The central problem is therefore one of integration and attribution, not merely prediction accuracy. A
forecasting model might reduce average error while increasing shortage exposure for an economic-
ally important product family. A maintenance algorithm might predict failures accurately but
recommend interventions during a high-demand production window. A production optimization may
improve overall equipment effectiveness while increasing work in process and financing costs. Such
conflicts imply that organizations should optimize a joint set of operating and financial constraints,
rather than maximize isolated performance measures. The proposed approach treats analytics as a
governed sequence from verified events to conditional recommendations, decisions and measured
financial consequences (Ivanov et al., 2019; Dubey et al., 2020).

The aim of this review is to develop and critically assess an integrated enterprise data analytics
framework that links production, supply-chain and finance information to accountable performance
improvement in Saudi manufacturing. Five objectives guide the analysis: first, to identify the
organizational and technical conditions under which analytics becomes actionable; second, to map
the mechanisms connecting operational measures with margins, working capital and risk; third, to
specify an interoperable architecture with clear governance and decision rights; fourth, to propose a
measurement logic that avoids double-counting and false causal attribution; and fifth, to identify
empirical tests suitable for Saudi firms of different sizes and production technologies. The study asks
how these mechanisms interact, which constraints limit their transferability and what evidence
would justify claims of enterprise-wide optimization.

This is a critical integrative review and conceptual framework paper, not a survey of Saudi factories,
an experimental evaluation or a statistical meta-analysis. Its contribution is intentionally different
from technology-adoption studies and general accounts of business analytics: it defines the points at
which physical events must become validated management information, the rules by which their
economic implications are calculated, and the institutional checks needed before a predicted benefit
is counted as realized value. The framework is designed for empirical scrutiny, not presented as an
already validated intervention.
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2 Conceptual foundations and literature synthesis

2.1 From digital infrastructure to enterprise capabilities

The literature distinguishes the availability of digital equipment from the ability to reorganize
decisions around its information. Lee et al. (2015) provide an influential cyber-physical architecture
in which connected machines and analytical functions support manufacturing activity. Zhong et al.
(2017) locate these technologies within wider intelligent-manufacturing arrangements, while Kusiak
(2018) emphasizes the coordination of data, predictive engineering and production resources. These
contributions establish the engineering feasibility of capturing events and calculating process states.
They are necessary foundations, yet technology capability alone cannot establish whether a cost
center, product or plant benefits economically from the resulting information.

Implementation research shows why the distinction matters. Frank et al. (2019) observed differing
bundles of digital technologies among manufacturing firms, suggesting that equipment connectivity
and analytical sophistication need not develop at the same pace. Dalenogare et al. (2018) found that
anticipated performance contributions vary by technology and context; expectations should not be
confused with realized plant results. For smaller manufacturers, Moeuf et al. (2018) report practical
barriers to broad digital integration and a tendency toward narrower monitoring uses. Their
evidence cautions against prescribing a fully autonomous enterprise platform when basic process
definitions, network reliability and workforce capacity remain unsettled. Implementation maturity is
better understood as a sequence of organizational capabilities than as a count of installed applica-
tions.

2.2 Analytics resources and value appropriation

Firm-level studies generally support a positive relationship between analytics capability and valuable
organizational outcomes, but they disagree on how directly that relationship operates. Wamba et al.
(2017) link big data analytics with dynamic capabilities and performance; Miiller et al. (2018) identi-
fy productivity benefits that vary substantially by industry characteristics. The latter observation is
especially important for Saudi manufacturing, where continuous-process chemicals, discrete
assembly and food processing have distinct bottlenecks, cost structures and product-mix flexibility. A
model built around a single average manufacturing gain would erase precisely those differences that
determine investment returns.

Mikalef et al. (2020) find that competitive benefits can be mediated through dynamic and operational
capabilities rather than originating from data assets alone. Similarly, the mixed-method evidence of
Mikalef et al. (2019) explains why firms require coherent organizational arrangements to exploit
analytical potential. Under this interpretation, a data lake is not itself a strategic resource; it becomes
useful when managers can repeatedly identify process problems, select interventions and revise
routines faster or more reliably than before. Financial optimization must therefore assess both an
analytical artifact and the organizational capability that turns it into action. This also explains why
high predictive accuracy cannot serve as the sole proof of business value.

2.3 Operational domains and economic transmission

Production research identifies complementary but non-identical optimization levers. Wuest et al.
(2016) describe machine-learning opportunities and limitations in manufacturing; Carvalho et al.
(2019) classify predictive-maintenance methods and identify practical challenges. Bokrantz et al.
(2020) conceptualize smart maintenance as an integration of technical data, people and organization-
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al relationships. Maintenance value consequently depends not only on avoided equipment failure but
also on spare-parts planning, production scheduling and the cost of intervention. Where spare
capacity is abundant, some avoided downtime may have little effect on sales; where a constrained
resource governs plant throughput, a similar reduction may protect substantial contribution margin.

Quality and flow must also be interpreted through connected constraints. Buer et al. (2018) discuss
the relationship between lean manufacturing and digital technologies, indicating that analytics can
reinforce process stability when it complements established improvement routines. Choi et al. (2018)
extend the operational view to forecasting, inventory, transport and revenue decisions. These
domains interact: reduced variability can lower safety stock and working-capital requirements, while
improvements in schedule adherence can reduce premium freight and order penalties. Conversely,
pushing utilization toward its maximum can raise queues and degrade delivery performance. An
enterprise model should reveal these trade-offs before local managers act on them.

Supply-chain integration further complicates attribution. Kache and Seuring (2017) emphasize data-
sharing, information quality and interorganizational analytics challenges. Hofmann and Riisch (2017)
explain how digitally supported logistics may change replenishment and coordination. Ivanov et al.
(2019) show that digital technology can inform disruption and ripple-effect analysis, while also
exposing firms to network dependencies. In an integrated framework, supplier reliability is therefore
not simply an inbound logistics score. It is a driver of production variance, buffer inventory,
procurement expedites and customer service; each effect must be recognized on the appropriate
temporal and financial basis.

2.4 Decision uncertainty and computational realism

Sophisticated tools do not eliminate incomplete data or the problem of model drift. Sivarajah et al.
(2017) distinguish challenges involving data capture, analytical methods and interpretation,
providing a useful corrective to technology-centered optimism. Digital twins make interactions
between equipment and processes more visible, but Lattanzi et al. (2021) and Soori et al. (2023)
identify challenges translating virtual representations into stable industrial systems. Reliable
enterprise analytics must therefore include quality thresholds, uncertainty intervals and a fallback
mechanism for decisions when feeds are delayed or equipment changes. A financial forecast that
silently relies on stale master data is not an improvement over an explicit manual estimate.

2.5 Transformation as governance rather than digitization

Vial (2019) interprets digital transformation through organizational responses and structural
barriers, and Verhoef et al. (2021) distinguish basic digitization from changes in operating models
and strategic metrics. These insights imply that implementation responsibility cannot rest with
information technology alone. Production engineering must own physical definitions, finance must
validate valuation and margin logic, and enterprise leaders must assign authority for accepting,
rejecting or overriding analytic recommendations. Shared accountability is necessary because a
single optimization decision may transfer cost or risk between departments without altering the
consolidated result.

2.6 Contextual adoption conditions in Saudi Arabia

Aldossari et al. (2025) report 384 valid survey responses in a study of analytics adoption among
Saudi manufacturing SMEs. Their framework includes technology, organizational and environmental
dimensions and relates adoption to decision-making. The evidence makes training, system compatib-
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ility, leadership support and enabling policy conditions legitimate design considerations for Saudi
implementation. Yet cross-sectional self-reports cannot identify the counterfactual financial outcome
had a firm not adopted analytics. This paper uses the Saudi study to delimit implementation
conditions, while drawing on production and management scholarship for mechanism design. It
avoids assigning causal Saudi performance estimates where the evidence does not support them.

3 Review design and analytical methodology

3.1 Review logic and corpus boundaries

A structured critical integrative approach was selected because the research problem spans
information systems, manufacturing engineering, operations research and financial management,
with inconsistent outcome definitions across fields. Methodological guidance supports integrative
synthesis when the objective is to develop an explanatory model rather than aggregate statistically
commensurable effects (Snyder, 2019; Paul et al., 2021). The analytical corpus comprises 30 peer-re-
viewed journal articles dated 2015-2025. Coverage was intentionally distributed across organiza-
tional analytics capabilities, industrial digitalization, operations and supply chains, implementation
constraints and review design. One study directly examines analytics adoption among Saudi manufac-
turing SMEs; the remaining evidence is international and is not misrepresented as Saudi field data.

3.2 Identification and eligibility

Publications were located through targeted searches of academic-publisher records and bibliograph-

» o«

ic indexes using combinations of “big data analytics capability,” “manufacturing performance,’

» o«

“financial performance,” “enterprise integration,

» o« » o«

smart manufacturing,” “predictive maintenance,”
“supply chain analytics,” “digital transformation” and “Saudi manufacturing SMEs.” Titles, abstracts,
available article summaries and publication metadata were assessed for conceptual or empirical
relevance. Eligible works had a publication date between 2015 and 2025, an identifiable scholarly
venue, a verifiable digital object identifier and a direct contribution to at least one framework
component. Material outside the time interval, unsupported performance claims, duplicate publica-
tions and sources whose connection to enterprise decision-making was only incidental were not
used. This is a purposive, transparently described corpus, not a claim that all database hits were
screened or that every eligible paper worldwide was captured.

3.3 Extraction and synthesis

Each retained publication was examined for its primary unit of analysis, application setting,
theoretical or technical mechanism, reported outcome and boundary conditions. Evidence was then
coded across five analytical questions: what data are needed; who converts them into decisions;
which operating variable changes; how any economic effect would be recognized; and what could
invalidate the inference? Complementary findings were synthesized into design propositions,
whereas conflicts were retained as constraints. For example, a study reporting productivity
associations was not treated as evidence of a specific maintenance saving, and an analytics-adoption
survey was not treated as an enterprise profit-and-loss observation.

3.4 Evidence hierarchy and quality caution

Stronger inferential weight was assigned to direct, objective performance measures and comparisons
that clearly identify units and time periods; lower weight was assigned to self-reported expectations
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or broad conceptual claims. However, studies with stronger internal measurement may still have
limited external transferability to Saudi production environments. Published sample sizes indicate
scope, not methodological equivalence or causal certainty. Table 1 documents representative differ-
ences in design and context. The proposed framework is an abductive synthesis: its relationships are
theoretically and empirically motivated, but causal coefficients and effective investment thresholds
remain hypotheses until tested with Saudi firm data.

Table 1. Contrasting empirical research designs relevant to framework transfer.

Study Year Reported sample Setting / research emphasis

Akter et al. 2016 152 analysts US survey; analytics capability

Miiller et al. 2018 814 firms Panel; industry-specific productivity
Dalenogare et al. 2018 2,225 firms Brazil; expected technology benefits
Frank et al. 2019 92 firms Manufacturing; technology patterns
Mikalef et al. 2020 202 managers Norway; dynamic capability mediation
Aldossari et al. 2025 384 responses Saudi SMEs; adoption and decisions

Note: Sample sizes and units are as stated in the cited publications and are not pooled; outcomes and study designs differ.

3.5 Treatment of numerical material

Two numerical tables use a stated fictional manufacturing baseline to explain measurement and
investment logic. Inputs are chosen to make calculations transparent rather than to imply a national
benchmark, firm average or externally validated effect. They do not contribute evidence to the
review's substantive claims. No proprietary dataset, human participants, model-training exercise or
Saudi factory experiment was created for this article. Accordingly, results below comprise a critical
thematic synthesis, a proposed architecture and worked analytical examples—not observed treat-
ment effects or predictive validation. This separation protects the review from false precision.

4 Integrated enterprise data analytics framework

4.1 Design principle: Every insight requires a defensible economic pathway

The proposed integrated enterprise data analytics framework (IEDAF) contains six interoperable
layers. The event layer combines enterprise resource planning transactions, manufacturing execution
records, quality inspection, maintenance history, warehouse movements and approved external
demand or supplier information. The integration layer resolves identity, timestamp, plant, product,
batch, asset and currency inconsistencies. The governed data-product layer publishes versioned
definitions, lineage and access controls. The analytical layer supports descriptive diagnostics,
forecasting, constraint identification and option simulation. The decision layer records accountable
approvals and exceptions. Finally, the performance layer reconciles actual operational changes with
verified cost, cash and service outcomes. Feedback from the last layer alters the definitions and
models used in future decisions (Tao et al., 2018; Akter et al., 2016). The six layers and the feedback
principle are shown in Figure 1.
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01 | ENTERPRISE REFERENCE ARCHITECTURE
Six layers connect industrial events to controlled decisions

01 EVENT SOURCES 02 INTEGRATION 03 GOVERNED PRODUCTS
ERP - MES - quality identity - time - units common metrics - lineage
maintenance - suppliers financial reconciliation security - versioning

06 PERFORMANCE 05 DECISION RIGHTS 04 ANALYTICS

operations - margins approve - intervene diagnose - predict

working capital - risk override - audit simulate - optimize

Feedback: measured value and model drift update the data contracts and decision rules

Figure 1. Six-layer integrated enterprise analytics architecture and the continuous feedback principle.

A central requirement is that the framework must reconcile different grains of data without inventing
information. Machine faults occur at asset-event level, scrap is often recorded by batch, overhead
allocation is conducted by cost center and revenue appears at customer-order or invoice level. The
correct joining key may therefore require a production-order bridge rather than a direct asset-to-
invoice match. Timestamp alignment also matters: a production loss recorded this week may affect
inventory this month and revenue later. Metadata must preserve event time, accounting period,
original source, ownership and revision history. The result is not a monolithic warehouse but a
consistent semantic layer through which finance and operations can interrogate the same event with
different approved lenses.

4.2 A shared performance ontology

In IEDAF, an operational indicator is defined by numerator, denominator, unit, frequency, inclusion
rules and accountable owner. For example, unplanned downtime excludes planned shutdowns and
distinguishes a critical bottleneck from nonconstraining equipment. Scrap rates specify whether
rework, start-up loss and supplier-rejected material are included. Financial counterparts likewise
require agreed rules for variable cost, standard versus actual cost, foreign-exchange effects,
capitalization and changes in product mix. These definitions should be signed off by production,
controlling and internal data governance. The purpose is not bureaucratic consistency for its own
sake; it is to prevent a favorable score in one department from representing a transfer of cost to an-
other.

4.3 Linking process mechanisms to financial statements

Four conversion bridges support analysis. The throughput bridge values incremental saleable output
only where demand and constrained capacity make the additional units commercially realizable. The
quality bridge connects lower scrap or rework with net material, labor and disposal effects while
excluding recoveries already included in standard-cost variances. The reliability bridge assesses
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avoidable maintenance cost, service loss and premium freight, net of inspection and intervention
expense. The working-capital bridge translates inventory and receivable changes into cash-cycle days
and financing exposure without treating the full release of inventory as operating profit. This
separation is essential because EBITDA, cash flow and return on invested capital answer different
questions. The conversion gates are summarised in Figure 2.

02 | VALUE CONVERSION LOGIC

One operating event; multiple financial interpretations

TRIGGER MECHANISM TEST RECORD

Lost bottleneck time Recovered good units Demand? constraint? Finance

or elevated process scrap or avoided material loss Incremental cost? timing? validation
PROFIT ® CASH ® RISK ®
Contribution margin / cost avoided Inventory / receivables release Service and disruption exposure

Not additive by default ¢ Finance confirms the counterfactual ¢ Timing determines recognition

Figure 2. Operational-to-financial conversion gates that prevent unsupported benefit claims.

Consider a production line that recovers 100 hours of scheduled availability. If demand is weak, the
line is not constrained, or output cannot meet quality specifications, the recovered hours may yield
no incremental contribution. If customer demand is firm and capacity is binding, the relevant benefit
is additional good units multiplied by contribution per unit, less incremental variable costs and
related logistics. Similarly, reducing inventory by SAR 1 million releases working capital but does not
increase profit by SAR 1 million; profit effects may instead arise from avoided storage, damage and
financing costs. The framework obliges decision owners to state these assumptions before projects
are approved and to revisit them afterward (Choi et al., 2018; Miiller et al., 2018).

4.4 Analytics methods selected by decision characteristics

Descriptive analytics can expose cost and yield trends where comparable transactions exist.
Diagnostic tools can investigate event sequences, bottlenecks and controllable causes. Predictive
methods estimate future demand, failure propensity or order lateness, but must be calibrated for the
decision horizon and relative cost of different errors. Prescriptive methods may recommend lot sizes,
maintenance slots or capacity allocations subject to explicit constraints on safety, quality, service and
cash. The framework favors simple, auditable models when data are sparse and reserves more
complex machine-learning models for settings where validated features, substantial histories and
model-monitoring capabilities justify them. Technical sophistication is treated as a cost-bearing
design choice, not an end in itself.
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4.5 Decision rights and safeguards

Recommended actions do not bypass human judgment where evidence is weak or consequences are
material. Each analytic use case has a sponsor, a data owner, a model owner, a financial validator and
an operational approver. Thresholds route low-risk, reversible actions to bounded automation,
whereas major production changes, supplier switches or inventory reductions require explicit
authorization. Overrides are logged with reasons and later compared with model outcomes. Change
management, segregation of duties, access permissions and model versioning allow audit teams to
reconstruct what data and assumptions informed the decision. This arrangement addresses the
institutional dimension of business value identified by Gupta and George (2016) and Verhoef et al.
(2021). The resulting decision loop is shown in Figure 3.

03 | HUMAN-IN-THE-LOOP DECISION SYSTEM
Analytics supports accountable action—not automatic authority

A Detect B Estimate C Decide D Reconcile
Data-quality and Forecast with Authorize or override Observed change vs
change checks uncertainty bounds within risk limits finance-approved baseline
DATA OWNER OWNER OPERATIO FINANCE
source integrity calibration & drift feasibility & safety benefit verification

Logged intervention outcomes update model, metrics and authorization thresholds

Figure 3. Approval, exception logging and model-learning responsibilities in the analytics loop. Source: Author's
conceptual synthesis.

4.6 Differentiated architecture for firm size and technology

Large integrated plants may already use sophisticated planning, historian and accounting applica-
tions but still lack harmonized master data. Smaller firms may have trustworthy spreadsheet extracts
yet little streaming infrastructure. A valid common framework must admit both cases: batch data
with daily reconciliation can support weekly scheduling and cash forecasting, while near-real-time
event streams are warranted for safety-critical or rapidly changing bottlenecks. Firm maturity should
be assessed by data reliability, decision governance and demonstrated benefit, not the volume of
sensor messages. This bounded approach is consistent with the heterogeneous implementation
patterns described by Frank et al. (2019) and the resource limitations noted by Moeuf et al. (2018).
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5 Synthesis, performance logic and analytical illustrations

5.1 Main themes emerging from the synthesis

Across the corpus, three relationships recur. First, digital resources and modeling techniques are
enabling conditions whose benefits depend on complementarities with skills, business strategy and
management routines (Akter et al., 2016; Wamba et al.,, 2017). Second, operating gains arise in do-
main-specific processes and may interact positively or negatively across maintenance, quality,
planning and logistics (Carvalho et al., 2019; Buer et al., 2018; Ivanov et al., 2019). Third, enterprise
outcomes require careful definition and are context-sensitive, as demonstrated by variation across
industrial settings and implementation patterns (Miiller et al., 2018; Dalenogare et al., 2018). IEDAF
joins these relationships through the mechanism of traceable conversion: an improvement is not
called financially realized until its path to the approved ledger or cash-flow metric can be reconciled.

The evidence also exposes unresolved disagreements. Some work foregrounds predictive and cyber-
physical sophistication, whereas SME-oriented research emphasizes basic interoperability, financial
constraints and limited deployment depth (Lee et al,, 2015; Moeuf et al.,, 2018). Studies of digital
twins offer rich possibilities for simulation but do not establish that their incremental complexity is
justified in every production context (Lattanzi et al., 2021; Soori et al., 2023). IEDAF resolves neither
debate by assumption. Instead, it imposes a decision-specific investment gate: the organization
selects the least complex architecture capable of meeting an agreed service, risk and financial
criterion. This shifts the question from whether a technology is advanced to whether a use case offers
verifiable net value.

5.2 Measurement design and baseline discipline

Any evaluation should establish the unit of observation before generating a dashboard. For batch
production, plant-product-week may be appropriate for yield and contribution, whereas cash
conversion requires consistent month-end working-capital balances. Baselines should cover seasonal
demand, planned shutdowns, major product-mix changes and identifiable policy transitions. An
apparent reduction in defects after analytics deployment may reflect different quality inspections or
lower-risk product mix rather than improved control. A difference-in-differences approach using
comparable lines, plants or phased rollouts can provide stronger evidence than simple before-and-
after comparisons, provided parallel trends and spillovers are evaluated. Interrupted time-series
analysis is another option when repeated pre- and post-intervention observations are available.

5.3 Illlustrative KPI translation

Table 2 presents a single deliberately hypothetical production site with targets that demonstrate
arithmetic and interpretive discipline. Percentage-point differences are distinguished from relative
percentage changes. A change in scrap rate from 5.0% to 3.8% represents a 1.2-percentage-point
reduction, not a 1.2% relative reduction; the proportional decline would be 24%. The indicators are
not automatically additive. Higher schedule adherence might partly explain lower premium freight,
and better forecast accuracy might partly explain lower inventory days. Consequently, the enterprise
financial bridge should allocate overlapping benefits to one primary mechanism or use an explicit
causal accounting procedure instead of summing every operational KPI improvement.
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Table 2. Hypothetical baseline and target metrics for one manufacturing site.

Indicator Baseline Target Difference
On-time delivery (%) 86.0 92.0 +6.0 pp
Scrap rate (%) 5.0 3.8 -1.2pp
Unplanned downtime (h/month) 14.0 10.0 -4.0h
Forecast error, MAPE (%) 24.0 17.0 -7.0 pp
Inventory days 66 58 -8 days
Cash conversion cycle (days) 79 71 -8 days
Gross margin (%) 22.0 23.3 +1.3 pp

Note: All values are illustrative planning assumptions; “pp” means percentage points; relationships are not additive.

An additional distinction concerns measurement frequency. Downtime alerts can operate in minutes
while the manufacturing cost ledger closes monthly, and inventory financing costs depend on a rate
applied over a period. Using real-time values in one layer does not justify real-time recognition of
every economic benefit. Provisional operational benefits should therefore carry a status label until
verified in finance after the appropriate closing or realization period. This approach permits timely
intervention without sacrificing financial controls. It also reduces disputes when operations
dashboards and management accounts initially move in different directions.

5.4 Financial investment logic

Table 3 shows transparent scenario calculations for a single hypothetical analytics program with an
initial expenditure of SAR 1.8 million, annual operating costs of SAR 0.7 million and three possible
annual gross-benefit outcomes. No figure is attributed to a Saudi manufacturing sample. Net annual
benefits equal gross annual benefit less recurring cost; simple payback equals initial expenditure
divided by positive annual net benefit. The three-year net present value uses a 10% annual discount
rate and assumes level annual cash benefits, a payment at time zero and no residual value. These
assumptions are simplified for comparability: implementation delays, tax treatment, inflation,
additional working capital, asset depreciation and correlated project risks are outside the arithmetic.

Table 3. [llustrative three-year investment sensitivity (SAR millions).

Scenario Annual gross benefit Annual net benefit Simple payback (years) 3-year NPV @ 10%
Conservative 1.2 0.5 3.60 -0.56
Base 2.4 1.7 1.06 +2.43
Stretch 3.2 2.5 0.72 +4.42

Under the hypothetical base case, gross benefits of SAR 2.4 million produce annual net benefits of
SAR 1.7 million, simple payback just above one year and a positive three-year net present value. The
conservative case remains unattractive over three years despite technically positive recurring
benefits. The lesson is not that one outcome is most likely; there is no empirical probability
distribution. Rather, an enterprise decision process should reveal exactly which operational
assumptions generate the forecast and what evidence would change the investment decision. Sensit-
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ivity analysis should vary throughput constraints, realization rates, cost of financing, demand, model

maintenance and adoption speed before management treats any scenario as a commitment.

5.5 A practical method for avoiding double-counting

For each use case, finance should create a benefit register with a unique event group, counterfactual
baseline, operating measure, financial account, valuation rule, realization date and named approver.
Benefits are categorized as cost avoided, contribution earned, cash released or risk reduced; the
categories are not collapsed into one total without suitable economic conversion. If a predictive-
maintenance action lowers both downtime and missed shipments, a shipment benefit may already
incorporate avoided lost contribution. Similarly, lower inventory holdings and reduced obsolescence
may reflect related causes. The register requires a dependency note and either a single dominant
attribution or a model that allocates shared effects consistently.

5.6 Uncertainty and adverse outcomes

Models should report calibration, confidence or prediction intervals, exposure to distributional
change and the economic cost of false decisions. For predictive maintenance, false positives generate
avoidable inspection and downtime; false negatives can create breakdown and safety exposure. For
demand forecasting, errors must be weighted by shortage costs and capital tied up in surplus
material rather than only by statistical forecast accuracy. For financing decisions, higher apparent
margin may arise from changes in allocation rather than genuine cash generation. Performance
reviews should therefore track avoided harm alongside forecast gains and retain a documented
override pathway (Sivarajah et al., 2017; Carvalho et al,, 2019).

6 Saudi implementation priorities and research propositions

6.1 A staged rather than universal rollout

The proposed implementation sequence begins with baseline reconciliation and a value hypothesis,
not broad procurement of analytical platforms. Phase one establishes data contracts for material,
production-order, cost-center and product identifiers; tests ledger reconciliation; and identifies one
economically meaningful bottleneck. Phase two deploys a bounded analytic intervention with an
explicit control group or credible baseline. Phase three integrates the operational output into finance
approval and executive reporting. Phase four extends only those use cases that maintain acceptable
model performance, user adoption and realized value. Each phase has a stop or redesign gate,
preventing investments already made from becoming the justification for further investment. The
four phases and their gates are shown in Figure 4.
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04 | STAGED ADOPTION AND VALUE GATES
Scale only when the evidence, not the sunk cost, supports it

01 BASELINE 02 PILOT 03 EVALUATE 04 EXPAND

reconcile identifiers bounded analytic use case control comparison repeatable standards

define financial counterfact®al  explicit decision owner ledger-confirmed benefits monitor drift and risks
Gate A: trusted data Gate B: valid model Gate C: positive value Gate D: durable returns

Evidence gatesta completeness <« operational feasibility ¢ reconciled net value < stable governance

Stop, redesign or defer any phase that does not meet its predefined acceptance criterion.

Figure 4. Four implementation phases with evidence-based advancement and stop criteria.

The approach accommodates Saudi manufacturing heterogeneity. In a capital-intensive process plant,
asset integrity, yield and energy intensity may dominate the first portfolio; in an assembly
manufacturer, engineering-change control, supplier lead times and inventory variability may be more
consequential. A food producer might prioritize shelf-life losses, forecast accuracy and traceability.
These are illustrative use-case choices derived from differences in production economics, not claims
about measured Saudi subsector performance. Local technical capability, available finance systems
and data quality should determine the starting point rather than external rankings of fashionable
analytics technologies.

6.2 Propositions for empirical examination

P1 states that cross-functional semantic consistency will strengthen the relationship between
analytics capability and the reliability of operational decisions. P2 proposes that auditable financial
translation mediates the relationship between operating improvements and reported enterprise
performance. P3 predicts that the positive effect of predictive accuracy on realized value will weaken
when actions are not linked to clear decision rights. P4 proposes that the returns to near-real-time
integration depend on decision latency and the economic consequence of delay. P5 predicts that
implementation scope has an inverted-U relationship with early-stage net value in resource-
constrained manufacturing SMEs, with coordination complexity initially outweighing benefits beyond
a firm-specific threshold. These are propositions, not empirically supported causal findings in the
present review.

A multi-plant Saudi research design could test the propositions using phased implementations over
18-24 months and a harmonized measurement dictionary. Repeated monthly observations would
link operational outcomes to validated accounting measures while recording product mix, demand,
policy changes and capital expenditures. Model use and override behavior would be recorded rather
than assumed. A nested study design could compare SME and large-plant implementation pathways
and use qualitative process tracing to understand why analytics recommendations are accepted or
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bypassed. Statistical estimation would need to address firm fixed effects, time trends and selection
into deployment; matching alone would not remove unobserved implementation differences.

6.3 Implications for managers and policymakers

Management teams should fund analytics programs through a portfolio of business problems with
named benefit owners, rather than through technology categories. Universities and training
providers can support integrated skills spanning production systems, statistics, management
accounting and decision governance. Industrial support programs may use demonstration projects
and shared capability-building to reduce SME adoption barriers, but should assess realized pro-
ductivity separately from technology uptake. This distinction aligns the framework with industrial
competitiveness and knowledge development while avoiding a claim that every investment in digital
tools necessarily advances national economic outcomes (Aldossari et al., 2025; Vial, 2019).

7 Discussion and limitations

IEDAF contributes to the literature by making an explicit distinction between data availability,
analytical capability, operational action and realized financial value. Earlier frameworks explain
capability formation or detail production data architectures, but the conversion from physical events
to consolidated economic benefit often remains implicit. A cross-domain causal ledger is therefore
the framework's central conceptual addition. It makes analytical decisions contestable: managers can
disagree about a valuation rule, the counterfactual or the authority to intervene, rather than treating
a sophisticated model output as self-evident proof of performance. This is especially useful where
multi-department optimization creates apparent local gains and hidden organizational costs.

There are meaningful limitations. The corpus is purposive and interdisciplinary rather than
exhaustive, and its publications use noncomparable performance measures. Most empirical studies
were conducted outside Saudi Arabia; contextual transfer therefore remains uncertain. The included
Saudi study is cross-sectional and centered on reported adoption and decision-making rather than
audited enterprise financial performance. The proposed architecture has not been implemented or
technically stress-tested, and the scenario values are explanatory assumptions. Moreover, a 2015-
2025 publication window omits both older foundational theories and later developments; no claim is
made that the review captures all available work. These limitations restrict inference without
negating the usefulness of a clearly testable framework.

Future scholarship should evaluate value attribution across the full cycle from data quality to ledger-
validated outcomes, including unsuccessful deployments. Research would benefit from common
reporting standards for model error, deployment cost, intervention uptake, financial reconciliation
and adverse effects. Comparative studies could clarify whether bottleneck characteristics, organiza-
tional size or data latency most strongly moderate program value. Ethical and information-security
safeguards also warrant empirical attention where employee activity, supplier records and commer-
cial forecasts are integrated. Ultimately, the framework's defensibility will depend on whether
independent investigators can reproduce the chain of evidence connecting recommendations to
observable enterprise results.
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8 Conclusion

An integrated enterprise data analytics strategy should be judged by the decisions it improves and by
the financial consequences that can be verified, not by the volume of data collected or the number of
models deployed. This review combines scholarship on analytics capabilities, smart manufacturing,
supply chains and digital transformation to propose a six-layer architecture with shared metrics,
accountable decision rights and an auditable conversion from operating change to economic value. Its
core claim is deliberately conditional: analytics can help Saudi manufacturers improve cost, service
and working-capital decisions when data are reliable, interventions are feasible and benefits are
measured against credible alternatives. The practical next step is a disciplined, bounded pilot with
transparent counterfactuals and financial reconciliation, followed by expansion only where the
evidence supports it.
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