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Abstract

Smart warehouse automation and logistics performance were examined in this study through the lens of closed-
loop integration among enterprise resource planning (ERP), Internet of Things (IoT), and artificial intelligence
(Al). A quantitative multi-site panel design was applied using 28 warehouse sites tracked across 52 weekly
periods, producing 1,456 site-week observations after excluding 20 outage-flagged weeks. Data completeness was
high across systems, with ERP 99.3%, WMS/WCS 98.8%, IoT 96.2%, and Al 93.5% field coverage. Integration
maturity was measured on a 0-100 scale with a mean of 67.4 and a standard deviation of 11.2, and data quality
averaged 0.92 (SD 0.04). Descriptive outcomes indicated inventory record accuracy of 97.1% (SD 1.6), pick errors
of 3.4 per 1,000 lines (SD 1.5), order cycle time of 21.8 hours (SD 7.9), exception volume of 148.0 tickets/week
(SD 71.0), trailer dwell time of 74.6 minutes (SD 38.2), and on-time shipment rate of 92.3% (SD 4.8). Fixed-
effects panel regression models with time-period controls and clustered standard errors showed that higher
integration maturity was associated with improved warehouse execution, including higher inventory accuracy (f
=0.031, 95% CI 0.011 to 0.051, p = 0.004), fewer pick errors ( = —=0.028, 95% CI —0.045 to —0.011, p = 0.001),
shorter order cycle time (f = —0.184, 95% CI —0.239 to —0.129, p < 0.001), and lower exception ticket volume (f
=-1.62, 95% CI =2.15 to =1.09, p < 0.001). Logistics outcomes also improved, with higher on-time shipment (ff
=0.052, 95% CI 0.026 to 0.078, p < 0.001), reduced trailer dwell (f =—0.92, 95% CI =1.41 to —0.43, p < 0.001),
and reduced dispatch delay (f = —0.38, 95% CI —0.57 to —0.19, p < 0.001). Mediation tests indicated partial
mediation by data quality; after mediator inclusion, the integration effect decreased for cycle time from —0.184 to
—0.081 (p 0.008) and for exceptions from —1.62 to —0.74 (p 0.012), while data quality remained significant for
cycle time (p = —0.236, p < 0.001) and exceptions (f = —2.11, p < 0.001), accounting for 45.2%-56.0% of total
effects. Collinearity diagnostics were acceptable, with composite-model VIFs of 2.08-2.27 and a maximum
condition index of 14.8. Reliability and validity results supported measurement adequacy, including integration
maturity reliability (a = 0.89, CR = 0.91, AVE = 0.67) and data quality reliability (a = 0.86, CR = 0.88, AVE =
0.71), with discriminant validity supported by HTMT = 0.78. Owverall, the findings indicated that measurable
gains in smart warehouse automation and logistics were associated with higher ERP-IoT-Al integration
maturity through improved data quality, reduced latency, and stronger performance under volatile, complex, and
automated operating conditions.
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INTRODUCTION

Enterprise resource planning (ERP), the Internet of Things (IoT), and artificial intelligence (AI) are
frequently discussed as distinct technology domains, yet in smart warehouse automation they operate
as a single, layered information-and-control stack that links enterprise transactions, real-time sensing,
and analytic decision-making (Heilig et al., 2020). ERP can be defined as an integrated suite of
enterprise applications that standardizes, automates, and connects core organizational processes—
procurement, inventory, order management, finance, and reporting — through a shared data model and
governed workflows. In warehousing, ERP is typically the system that authenticates master data, posts
inventory movements, prices stock, manages customer and supplier accounts, and ensures auditability
across the fulfillment lifecycle. IoT can be defined as a network of physical objects embedded with
sensors, identifiers, and connectivity that enables continuous data capture and exchange across
operational environments. In warehouses, IoT appears through RFID tags, barcode scanners, smart
shelves, location beacons, temperature and humidity sensors, conveyor sensors, forklift telematics, and
machine controllers that generate event streams describing what is happening on the floor (Kulkarni et
al., 2023). Al can be defined as computational methods that enable machines to perform tasks associated
with human intelligence, including prediction, classification, optimization, reasoning, and control,
often implemented through machine learning and deep learning models. In warehouse settings, Al is
used to forecast demand and arrivals, classify operational risks, detect anomalies, optimize storage and
picking, schedule labor and equipment, and coordinate autonomous systems. The integration of ERP,
IoT, and Al gains international significance because warehouses are core nodes of global trade and e-
commerce networks, and performance at these nodes affects cross-border service levels, inventory
availability, cost competitiveness, and resilience across geographically distributed supply chains.
Global operations require standardized financial and inventory integrity, localized responsiveness to
variability in demand and infrastructure, and decision support that can absorb rapid changes in order
profiles and capacity constraints (Panesar, 2019). As a result, integrating ERP, IoT, and Al becomes a
quantifiable operational design challenge involving data fidelity, latency, synchronization, and control
alignment across sites, partners, and regulatory regimes.

Smart warehouse automation refers to the coordinated execution of inbound receiving, put-away,
storage, replenishment, picking, packing, staging, and outbound shipping using a combination of
mechanized handling, software orchestration, and rule- or model-driven control (Arden et al., 2021;
Muhammad Mohiul, 2020). Warehouses strongly influence customer service and logistics cost because
they shape order cycle time, perfect order performance, inventory accuracy, and the ability to fulfill
diverse order profiles (Jinnat & Kamrul, 2021). The classic drivers of warehouse performance —layout
structure, storage assignment, slotting logic, batching and wave planning, routing choices, and material
handling capacity —remain measurable determinants of throughput and labor productivity.
Automation extends these drivers by reducing manual travel, standardizing task sequences, increasing
handling speed, and lowering error rates, while also introducing new dependencies on system uptime,
calibration, and control logic (Hasan & Shaikat, 2021; Minh et al., 2022). In modern environments, the
“smart” characterization typically means that physical activities are continuously sensed, digitally
represented, and algorithmically optimized, so the warehouse can adjust rapidly to disruptions or
demand spikes (Rabiul & Samia, 2021). This smartness becomes observable through metrics such as
scan-to-post time, dock-to-stock time, inventory record accuracy, pick accuracy, order lead time,
machine utilization, congestion duration, and exception frequency (Mohiul & Rahman, 2021). ERP
contributes structured process governance and accounting-grade transaction records; IoT contributes
granular, high-frequency observations (Rahman & Abdul, 2021); Al contributes the capacity to infer
patterns from data and generate optimized actions. When these layers are integrated, the warehouse
can measure operational conditions in near real time, validate events against enterprise rules, and
translate analytic recommendations into executable work instructions (Cornwell et al., 2023; Haider &
Shahrin, 2021; Zulgarnain & Subrato, 2021). Because international warehouse networks operate under
different labor markets, infrastructure reliability, and regulatory constraints, integration also becomes
a mechanism for standardizing performance measurement while enabling localized operational control
(Habibullah & Farabe, 2022; Arman & Kamrul, 2022).
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ERP-based warehousing historically relies on discrete, validated postings and periodic planning cycles,
which can be effective for financial integrity and enterprise-wide coordination but can be misaligned
with the high event frequency on a warehouse floor (Rashid & Praveen, 2022; Kamrul & Omar, 2022;
Ofek & Maimon, 2023). Warehouse execution generates continuous micro-events—scans, moves,
confirmations, machine states —that may occur at a pace far beyond traditional transaction batching.
The practical consequence is that physical inventory can drift from the system record when events are
delayed, missed, or misclassified, which then propagates to replenishment errors, stockouts,
overstocks, mis-picks, and customer service failures. IoT instrumentation addresses this operational
gap by increasing the granularity and immediacy of data capture, reducing reliance on manual input,
and creating a richer evidence trail of where items and assets are located and how they are handled
(Frazzetto et al., 2019; Rahman, 2022; Rony & Samia, 2022). RFID and sensor data can represent item
identity, handling unit movement, environmental conditions, and equipment status, enabling more
frequent reconciliation between the digital record and the physical world (Abdul & Rahman, 2023;
Aditya & Rony, 2023). Yet IoT also introduces data management complexity that becomes central to
quantitative research: heterogeneous device protocols, irregular sampling rates, noisy readings,
missing events, and ambiguous mappings between sensor signals and business actions (Arfan & Rony,
2023; Ara & Shaikh, 2023). Effective integration requires that device identifiers map reliably to
enterprise entities, that timestamps are consistent across systems, and that event semantics are
standardized so a sensor observation can be confidently translated into a warehouse event and then
into an ERP transaction (Habibullah & Mohiul, 2023; Hasan & Waladur, 2023). This translation process
is measurable through event coverage rates, mismatch rates, reconciliation frequency, exception
resolution time, and the proportion of movements that are system-confirmed without manual
intervention (Arman & Nahid, 2023; Mesbaul, 2023; Onaji et al., 2022). In globally distributed
operations, these measures are especially important because traceability and auditability are tied to
contractual service levels and compliance requirements, including product provenance, handling
condition documentation, and time-stamped chain-of-custody records (Milon & Mominul, 2023;
Mohaiminul & Muzahidul, 2023).

Figure 1: ERP-IoT-AI Smart Warehouse Framework
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Al adds a decision and learning layer that can transform the integrated data environment into
predictive and prescriptive control, and its contribution becomes measurable through both model
metrics and operational outcomes (Lopez, 2021; Musfiqur & Kamrul, 2023; Rezaul & Kamrul, 2023).
Predictive applications include forecasting inbound receipts, demand surges, order line volatility, and
pick density; estimating travel times under congestion; and predicting equipment failures from
telemetry (Amin & Praveen, 2023; Rabiul & Mushfequr, 2023). Prescriptive applications include
optimizing storage assignment and slotting, batching and wave design, picker routing, labor
scheduling, dock door assignment, and dynamic prioritization of orders based on service rules (Amin
& Praveen, 2023; Rabiul & Mushfequr, 2023). These problems have long been modeled using operations
research techniques, and Al contributes by improving parameter estimation, capturing nonlinear
relationships, and adapting decisions to evolving conditions (Shahrin & Samia, 2023; Roy, 2023). Model
quality can be quantified through forecasting error measures, classification accuracy rates, anomaly
detection precision, and control stability indicators. Operational impact can be quantified through
reductions in travel distance, cycle time, congestion duration, rework frequency, and downtime,
alongside improvements in throughput, service level attainment, and inventory accuracy (Bibri, 2021;
Rakibul & Majumder, 2023; Rifat & Rebeka, 2023). The value of AI depends on the availability of timely,
high-quality features, the presence of feedback loops that record action outcomes, and the ability to
translate recommendations into executable instructions within warehouse control and enterprise
systems (Sabuj Kumar, 2023; Saikat & Aditya, 2023). Integration is therefore a prerequisite for
measurable Al value: IoT supplies high-frequency signals, ERP supplies structured context and
constraints, and the execution layer supplies outcome feedback (Zaki & Masud, 2023; Zaki & Hossain,
2023). In international environments, Al must also remain robust to differences in demand
distributions, SKU characteristics, packaging norms, carrier behaviors, and infrastructure reliability
across regions; these variations can be represented as moderating variables in quantitative designs
comparing sites, time windows, or operational regimes (Lepenioti et al., 2021; Md Rashid, 2024;
Zulqarnain & Subrato, 2023).

Figure 2: Smart ERP-IoT-AlI Integration Framework
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A core quantitative issue in ERP-IoT-Al integration is the architecture of data flows, because the
meaning of “real time” depends on latency, validation rules, and the operational semantics that turn
raw signals into trusted events (Gangwar et al.,, 2023; Md & Sai Praveen, 2024; Mohaiminul &
Majumder, 2024). Warehouses generate streaming data that includes location pings, scan
confirmations, vibration and temperature readings, and machine controller states. These signals must
be interpreted as state transitions that matter to the business: received, stored, replenished, picked,
packed, staged, shipped, returned, quarantined, or adjusted (Foysal & Abdulla, 2024; Ibne & Aditya,
2024). If the conversion from signals to events is inconsistent, the resulting datasets may contain
systematic bias that confounds performance measurement and weakens statistical inference. Data
integrity concerns emerge in multiple forms: duplicate events, missing reads, delayed timestamps,
incorrect mappings, and inconsistent item-location relationships (Alsirhani et al., 2023; Milon &
Mominul, 2024; Mosheur & Arman, 2024). ERP emphasizes transaction accuracy and audit trails, while
IoT emphasizes continuous observation, which can be probabilistic and noisy (Rahman & Aditya, 2024;
Saba & Hasan, 2024). The integration layer must therefore support cleansing, deduplication, confidence
scoring, exception handling, and reconciliation so that high-frequency operational truth can coexist
with accounting-grade enterprise records (Kumar, 2024; Praveen, 2024). This reconciliation is
quantifiable through the frequency and magnitude of inventory adjustments, cycle count variance,
event-to-transaction lag, and the stability of system-to-physical alignment over time. A digital
representation of the warehouse —often operationalized as a live state model of inventory, assets, and
process queues —enables more advanced measurement and control (Moghrabi et al., 2023; Saikat, 2024;
Shaikat & Aditya, 2024). When such a representation is updated from IoT streams and constrained by
enterprise rules, it becomes possible to compute leading indicators of congestion, predict bottlenecks,
and test decision alternatives using simulation or scenario evaluation, while preserving traceable links
to executed transactions (Arfan, 2025; Ara, 2025).

Physical automation technologies amplify the benefits and risks of integration because they tightly
couple software decisions to mechanical execution (Gaffoor et al., 2020; Jinnat, 2025; Rashid, 2025b).
Automated storage and retrieval systems, conveyors, sorters, pick-to-light systems, and mobile robots
can improve speed and consistency, yet they also create dependence on coordinated scheduling, real-
time task assignment, and reliable exception handling (Rashid, 2025a; Mesbaul, 2025). IoT sensors
embedded in equipment provide telemetry that supports measurable monitoring of utilization, cycle
time, energy consumption, queue lengths, and fault states. Al can use this telemetry to predict failures,
optimize maintenance schedules, balance workload across zones, and reduce congestion through
dynamic routing or task reprioritization (Milon, 2025; Mosheur, 2025). In an integrated architecture,
equipment events can automatically update execution status, trigger inventory confirmations, and feed
performance dashboards without manual data entry (Rabiul, 2025; MShahrin, 2025; Wang et al., 2022).
These capabilities can be quantified through equipment uptime, mean time between failures, mean
time to repair, throughput variance, and the percentage of automated tasks completed without
intervention (Rakibul, 2025; Kumar, 2025). The integration of robotics and enterprise processes is also
essential for maintaining inventory integrity: each automated move must correspond to a confirmed
state change in the digital record, and each exception must be resolved with traceable documentation.
Internationally, automation and integration interact with differences in labor cost, labor availability,
facility design standards, and energy reliability, which influence the economic and operational
performance profile of automation investments (Namasivayam et al., 2022; Praveen & Md, 2025). These
factors can be represented as covariates in quantitative analysis, allowing researchers to isolate how
integration maturity relates to performance under different contextual conditions.

A quantitative paper on integrating ERP, IoT, and Al for smart warehouse automation and logistics
depends on careful construct definition and measurable operationalization, because integration is not
a single feature but a multi-dimensional capability (Segovia & Garcia-Alfaro, 2022). Integration
capability can be operationalized through interoperability breadth, the depth of data synchronization,
the timeliness and completeness of event capture, the consistency of master data across systems, and
the degree to which Al outputs are embedded into executable workflows. Warehouse automation
outcomes can be operationalized through throughput, cycle time, pick accuracy, inventory accuracy,
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labor productivity, equipment utilization, downtime, and exception rates. Logistics outcomes can be
operationalized through on-time shipment, perfect order performance, carrier tender acceptance, dwell
time, and end-to-end lead time variability. Data quality can be operationalized through missing event
ratios, duplicate event ratios, reconciliation frequency, transaction lag distributions, and discrepancy
magnitudes between physical and system counts (Belhadi et al., 2023). Al performance can be
operationalized through prediction accuracy, optimization gap measures, anomaly detection precision,
and the stability of control actions under varying load. International significance can be represented
through cross-site comparability of KPIs, the ability to standardize process governance across regions,
and the stability of service under diverse infrastructure and regulatory environments. This
measurement-centric framing supports rigorous quantitative designs using observational datasets,
quasi-experimental comparisons across warehouses or time periods, and statistical models that relate
integration maturity to performance while accounting for contextual differences in demand, SKU
complexity, and capacity. The integrated stack becomes a coherent unit of analysis: ERP provides
enterprise constraints and transaction truth, IoT supplies operational evidence, and Al generates
decision intelligence that can be executed and evaluated through logged outcomes, enabling empirical
testing of how smart warehouse automation reshapes logistics performance at scale (Zigiené et al.,
2022).
The objective of the quantitative study titled Integrating ERP, IoT, and AI for Smart Warehouse
Automation and Logistics is to empirically measure how the combined integration of enterprise
resource planning, Internet of Things sensing, and artificial intelligence analytics is associated with
observable improvements in warehouse automation performance and logistics execution. Specifically,
the study aims to quantify the degree of integration across the three layers —enterprise transaction
integrity through ERP, real-time operational visibility through IoT event capture, and algorithmic
decision support through AI—and test how variation in that integration level relates to measurable
operational outcomes. A first objective is to operationalize “integration maturity” as a measurable
construct using indicators such as system interoperability breadth, master-data alignment, event-to-
transaction synchronization speed, event completeness, and the proportion of automated tasks that
close the loop from sensing to enterprise confirmation. A second objective is to evaluate the statistical
relationship between integration maturity and warehouse execution performance metrics, including
inventory record accuracy, pick accuracy, dock-to-stock time, order cycle time, throughput per hour,
labor productivity, equipment utilization, and exception frequency. A third objective is to isolate the
contribution of Al-enabled decision support in the presence of ERP and IoT by examining predictive
accuracy and decision effectiveness indicators —such as forecast error reductions, anomaly detection
hit rates, congestion or delay prediction accuracy, and optimization outcomes reflected in travel
distance, batching efficiency, and workload balancing. A fourth objective is to assess the role of data
quality as a measurable mediator, testing whether improvements in timeliness, completeness, and
consistency of event data explain changes in operational outcomes when ERP and IoT are integrated.
A fifth objective is to compare performance across operational conditions such as peak and non-peak
periods, SKU complexity levels, and automation intensity levels, enabling a quantitative understanding
of how integration behaves under varying workload distributions. A final objective is to produce an
empirical measurement framework that allows organizations to benchmark smart warehouse
integration using standardized metrics, supporting repeatable assessment across facilities and logistics
networks.
LITERATURE REVIEW
The literature review for the quantitative study Integrating ERP, IoT, and Al for Smart Warehouse
Automation and Logistics synthesizes research that explains how enterprise systems, connected
sensing technologies, and data-driven intelligence jointly influence measurable warehouse and
logistics performance (Tewksbury & Scheufele, 2019). Because the study is quantitative, the review is
structured around constructs that can be operationalized into variables, indicators, and testable
relationships rather than general descriptions of technology adoption. The section first clarifies how
ERP functions as the transactional and governance layer for inventory and order processes, how IoT
enables real-time event capture and asset visibility, and how Al transforms operational data into
predictive and prescriptive control for warehousing decisions. It then organizes the literature into a
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measurement-driven framework that links integration maturity to performance outcomes through
observable mechanisms such as data synchronization, data quality, execution latency, exception
management, and automation feedback loops (Guenther et al., 2021). In addition, the review positions
smart warehouse automation as a system-of-systems problem where physical material handling and
digital decision systems must align, and it highlights the importance of standardized metrics—
inventory accuracy, order cycle time, throughput, labor productivity, equipment utilization, downtime,
and service level attainment — for evaluating integration effects. Finally, the review identifies consistent
quantitative patterns and recurring measurement issues in prior work, including event completeness,
transactional alignment between physical and digital states, and variability across workload
conditions, which directly inform variable selection, model specification, and hypothesis development
for the present study (Califf & Brooks, 2020).
Conceptual Foundation and Variable Framing
Enterprise resource planning (ERP), the Internet of Things (IoT), and artificial intelligence (AI) can be
defined in warehouse and logistics contexts as three complementary layers that organize how work is
recorded, observed, and decided (Brownson et al., 2022). ERP represents the enterprise transaction and
governance layer that standardizes item masters, locations, bills of materials where relevant, customer
and supplier records, order lifecycles, inventory valuation, and the formal posting of receipts, issues,
transfers, cycle counts, and adjustments. In warehouse operations, ERP is not merely an accounting
system; it becomes the authoritative source for what inventory “exists” in a reportable sense and how
order commitments are recognized across business units. IoT represents the sensing and connectivity
layer that captures physical reality through scanners, tags, beacons, machine sensors, environmental
probes, and equipment telematics, generating event streams that describe where items and assets are
and what actions occur (Krehl & Weck, 2020). In a warehouse, IoT has meaning only when signals are
interpretable as operational events such as movement, confirmation, dwell, temperature exposure,
utilization state, or safety condition. Al represents the analytic and decision layer that converts
historical and real-time data into predictions, classifications, prioritizations, and optimized actions that
guide picking, replenishment, slotting, routing, labor allocation, docking, and maintenance decisions.
“Smart warehouse automation” can be framed as a measurable operational domain where physical
handling and digital control reduce variability, manual effort, and error while raising the consistency
of throughput and service execution. “Logistics execution” can be framed as a measurable domain that
captures the completion and quality of end-to-end fulfillment tasks, from inbound receiving through
outbound staging and handoff, including the reliability and speed of confirmations, exceptions, and
documentation. Establishing system boundaries is essential because warehouses differ in function and
complexity: a distribution center supporting retail replenishment behaves differently from an e-
commerce fulfillment node handling small orders and returns, and a network segment that coordinates
multiple sites introduces dependencies beyond any single building. A clear unit of analysis —such as a
warehouse site, a distribution center, a fulfillment node, or a defined network segment —determines
what data is observable, what outcomes are attributable to local integration, and how performance
measures are interpreted across locations (Saja et al., 2019). This boundary choice also determines which
contextual indicators matter most, including throughput class, SKU count and SKU velocity dispersion,
order lines per day, order profile variability, and automation density. These indicators are not
decorative descriptors; they shape congestion dynamics, workload stability, and the feasibility of real-
time decision loops, and they control the fairness of comparisons when assessing integrated automation
performance across different operational settings.
Quantitative variable framing for ERP-IoT-Al integration begins by treating the warehouse as a high-
frequency event environment where performance emerges from interactions among physical flow,
information flow, and control logic (Kapoor et al., 2022). Warehouses manage continuous micro-
events —arrivals, put-away confirmations, replenishment triggers, picks, pack confirmations, quality
checks, equipment state changes, and outbound sealing —so measurement must represent both the
physical work and the integrity of the data that describes it. Throughput class can be treated as an
operational intensity condition that influences queue formation at docks, the frequency of task
interruptions, and the sensitivity of cycle time to minor disruptions. SKU count can be treated as a
structural complexity condition that influences slotting difficulty, storage fragmentation,
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replenishment frequency, and the probability of misplacement and mis-picks, while SKU velocity
dispersion influences how concentrated travel paths become and how effective zone strategies are.
Order lines per day can be treated as a workload magnitude indicator that interacts with labor
availability and automation capacity, affecting whether a warehouse operates in stable flow or in
periodic surges that strain synchronization (Behbahani et al., 2019). Automation density can be treated
as a structural capability condition that changes the dominant source of variability, shifting errors from
manual handling to exceptions created by system misreads, integration gaps, or mechanical
interruptions. These variables serve two purposes in quantitative designs: they help describe the
operational environment and they control for baseline differences that otherwise distort observed
relationships between integration maturity and outcomes. Measurable outcomes in this context belong
to two intertwined classes: execution outcomes and information outcomes. Execution outcomes include
pick accuracy, throughput rate, cycle time, dock-to-stock time, packing error rate, returns processing
time, and equipment utilization. Information outcomes include inventory record accuracy,
reconciliation frequency, exception ticket volume, and the delay between physical events and
confirmed system updates. A measurement-focused framing also separates “availability of data” from
“trustworthiness of data.” Sensor presence does not automatically imply usable operational truth;
signal noise, missed reads, identifier inconsistencies, and duplicate events can create data artifacts that
look like performance issues or can hide real issues. Similarly, enterprise postings can be complete but
late, consistent but misaligned with the shop floor, or accurate but disconnected from the real-time state
needed for responsive control. Therefore, variable framing benefits from representing timeliness,
completeness, and consistency as observable properties of the information flow that mediate
operational performance (Aulls & Shore, 2023). This approach aligns warehouse automation with a
closed-loop logic: observation produces events, events update state, state drives decisions, decisions
produce tasks, and task outcomes return as feedback. In quantitative work, each step of that loop
becomes measurable through counts, rates, lags, and discrepancies, and the contextual indicators of
throughput class, SKU complexity, order intensity, and automation density help explain why the same
integration capability produces different observed effects across facilities.

Integration in smart warehouse automation can be treated as a measurable construct with multiple
dimensions rather than a binary “integrated or not” status, because connectivity, synchronization,
coverage, governance, and actuation often vary independently. Interoperability reflects whether key
systems exchange data reliably and at appropriate granularity, including ERP, warehouse
management, warehouse control, device platforms, and analytics services (Nithya & Kiruthika, 2021).
Interoperability is not limited to technical linkage; it includes whether shared identifiers, message
formats, and process semantics align so that a movement, confirmation, or exception means the same
thing across systems. Synchronization reflects how quickly and consistently operational events appear
in the enterprise record and how quickly enterprise decisions propagate into execution instructions.
Even when systems connect, synchronization can remain weak if event handling is delayed, if updates
batch overnight, or if exceptions require manual reconciliation. Event coverage reflects how much of
the physical workflow is captured automatically and continuously rather than sporadically or
selectively. High coverage means that receipts, moves, picks, and equipment states appear as events
without manual effort, reducing unobserved work and improving traceability. Data governance
reflects the integrity of master data and identifiers across layers, including item codes, location codes,
handling unit IDs, equipment IDs, and user/ task identities. Governance weakness creates mismatches
between what sensors detect and what ERP recognizes, turning operational truth into unportable
exceptions and reducing the reliability of analytics features. Al actuation reflects whether Al outputs
remain advisory or directly shape execution through task assignment, prioritization, routing, and
maintenance triggers, with outcome feedback captured to evaluate and recalibrate decisions. Actuation
does not describe autonomy alone; it describes how tightly recommendations connect to actions and
how visible the action-outcome link becomes in logs (Ryff, 2019). These dimensions fit together as a
maturity concept because each dimension supports a different requirement for measurable
performance improvement. Interoperability enables data sharing, synchronization enables real-time
state coherence, event coverage reduces invisible work and hidden errors, governance reduces
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semantic confusion and reconciliation burden, and actuation enables decisions to influence execution
rather than sit in dashboards. A multidimensional maturity approach also supports realistic empirical
patterns: a warehouse can have many connected devices but still face poor synchronization, or it can
have strong ERP discipline but weak event coverage, or it can have predictive models but little
actuation into daily work. Treating integration as a composite capability allows quantitative studies to
test which dimension relates most strongly to outcomes like inventory accuracy, exception volume,
throughput stability, and cycle time, while controlling for structural complexity (Feagin, 2020). It also
encourages measurement designs that differentiate between “systems present” and “systems
functioning together,” because operational performance depends on how consistently the digital
representation matches the physical state and how smoothly decisions traverse the planning-execution
boundary.
Figure 3: ERP-IoT-AI Warehouse Integration Framework

Scanners & Tags [ Machine Sensors & ] Equipment

Ej Probes Telematics
TE 7
L

Event Streams

ERP Layer

Order Lifecycles
Location & 8ils Customer &
of Materials . upplier Records
Location & Bils Inventory
Materials Valuation

[ Inventory, Issues ]

Inventory & Event Performance

& Adjustments
Performance Outcomes

1
1
)
|
]
]
'
|
| Order Data Streams Qutcomes
1
1
1
1
]

Decision Loop «, |
e T e ot ]
C Observe >

1 ]
i 1 |
3 - - X '
Enterprise Transaction & Governance mi I = : « Inventory Accuracy :
e LT [ ey Decide ~ eed Bac |« Synchronization '
]
! Act - |+ Event Coverage |
'
>\ Observe H P oe Data Governance :
! 7/
Inventory & Order Data TTmm e 1‘ ““““““ !+ Al Actuation "

Integration Maturity Indicators Performance Outcomes

* Interoperability * Inventory Accuracy

1
Smart Warehouse Automation ; E
| '
I Synchronization | E * Throughput Rate
1
i '
| '
| ]
] )

Framed as capturing the reliability,
speed, and consistency of warehouse
tasks.

5
' Smart Warehouse Automation i
: Framed as capturing the reliability, speed,

and consistency of warehouse tasks, 1 * .
A % i ——Measurable Operational Domains—» - Measrable Operational Domains

* Event Coverage + Cycle Time
* Data Governance « Equipment Utilization
* Al Actuation * Exception Volume

Operationalizing integration maturity without formulas relies on defining clear indicators that express
connectivity, timeliness, completeness, consistency, and execution linkage in observable terms.
Interoperability can be represented by the breadth of automated system connections that carry
operationally relevant data, such as whether orders, tasks, confirmations, and status events move
between ERP and execution systems through stable interfaces rather than through manual re-entry
(Campanella et al., 2020). Synchronization can be represented by the delay between a floor event and
its confirmed enterprise posting, described through typical delay and tail delay, because rare extreme
delays often create the most severe operational mismatches. Event coverage can be represented by the
proportion of material movements and task confirmations captured automatically through scanning,
tagging, sensing, or machine-state reporting, contrasted with movements that require manual input or
remain inferred. Data governance can be represented by the frequency of identifier mismatches and
invalid references across systems, such as items scanned that do not match the enterprise master,
locations reported that do not exist in the authorized map, or handling unit IDs that collide or duplicate.
Al actuation can be represented by the share of operational decisions influenced by Al outputs, such
as task prioritization, routing suggestions adopted in practice, batching choices executed, or
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maintenance triggers acted upon, paired with an override rate that captures how often humans decline
recommendations (Galli et al., 2019). A mature measurement approach also represents reconciliation
behavior: how often exceptions are created, how quickly they close, and how frequently inventory
requires adjustments to restore system-to-physical alignhment. These indicators become meaningful
when linked to unit-of-analysis descriptors. In a high-throughput fulfillment node, a small
synchronization delay can create large downstream queue effects, so delay distributions become
central. In an SKU-dense environment, master-data mismatches and location inconsistencies can rise,
so governance indicators become central. In a highly automated facility, event coverage can be high for
machine moves but still weak for manual exceptions, so coverage must represent both normal flow and
exception flow. In a facility with substantial Al tooling, actuation indicators matter only if
recommendations are logged as decisions and linked to outcomes such as travel distance, cycle time,
congestion duration, or on-time completion (Young et al., 2020). This indicator-based framing supports
quantitative modeling that distinguishes direct effects from mediated effects. Integration maturity can
relate to performance through improved data quality, faster exception resolution, and reduced
uncertainty in real-time state. It can also relate through better workload balancing and reduced
variability when decisions are based on current conditions rather than stale snapshots. By keeping
indicators concrete — connections present, delays observed, coverage proportion, mismatch frequency,
recommendation execution share —research designs avoid vague claims and enable statistical testing
using archival logs and operational dashboards. Importantly, these indicators also support cross-site
benchmarking when units of analysis are standardized, because they translate integration from a
narrative description into measurable operational properties that vary across warehouses, distribution
centers, and network segments with different throughput, SKU complexity, order intensity, and
automation density (Ezzine-de-Blas et al., 2019).

ERP Literature in Warehouse and Logistics Performance

Enterprise resource planning (ERP) is consistently positioned in the literature as the system of record
that stabilizes inventory and order processes by imposing standardized transaction logic and a
governed data structure across procurement-to-pay and order-to-cash cycles (Tubis & Rohman, 2023).
Within procurement-to-pay, ERP formalizes purchasing requisitions, purchase orders, goods receipts,
invoice matching, and payment authorization, creating an auditable thread from demand signals to
financial settlement. Within order-to-cash, ERP governs customer master data, pricing and terms, order
creation, allocation, invoicing, credit management, and revenue recognition, linking fulfillment events
to commercial outcomes. Inventory valuation and auditability sit at the center of this role because
warehouses operate at the boundary between physical stock and financial representation. ERP supports
this representation by recording receipts, issues, transfers, and adjustments while enforcing controls
that protect accounting integrity and compliance requirements. The literature also emphasizes that ERP
is not designed to execute every warehouse micro-task at high event frequency; instead, it typically
interfaces with warehouse management systems (WMS) and transportation management systems
(TMS) that specialize in granular execution. WMS manages location-level inventory, picking methods,
replenishment rules, wave planning, packing verification, and exception handling, whereas TMS
manages carrier selection, tendering, routing constraints, freight rating, and dispatch documentation.
The ERP-WMS-TMS boundary is repeatedly described as a coordination challenge because enterprise
posting requirements must remain consistent while execution systems operate in real time with
frequent state changes (Moons et al., 2019). This boundary becomes an important lens for quantitative
research because performance is shaped not only by having ERP but by how reliably execution events
are translated into ERP postings and how quickly ERP decisions propagate back into WMS/TMS work
instructions. In this framing, the most salient ERP capability properties include transaction accuracy,
posting timeliness, and data completeness, because these directly affect whether the enterprise record
matches operational reality. ERP studies that discuss implementation and assimilation highlight the
importance of process standardization and fit between configured workflows and organizational
routines, showing that ERP creates performance value through disciplined process execution rather
than through software presence alone. Information systems research further supports this emphasis by
distinguishing system quality and information quality as determinants of operational value, which
naturally maps to ERP contexts where errors, omissions, or delays in postings create measurable
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distortions in inventory availability and service execution (Lukyanova et al., 2022). A recurring theme
is that ERP creates a single version of enterprise truth, but warehouse performance depends on how
well that truth stays synchronized with the physical world through interfaces, exception routines, and
data governance practices, making ERP’s system-of-record function central to any warehouse and
logistics performance discussion.

Quantitative research treats ERP capability not as a subjective label but as a set of observable properties
that affect the stability of inventory and order data flows. Transaction accuracy rate reflects the degree
to which recorded receipts, issues, transfers, and confirmations correctly represent real movements and
quantities, influencing both operational allocation and financial valuation. Posting latency reflects the
time gap between a warehouse event and its enterprise confirmation, shaping the freshness of
available-to-promise calculations and the reliability of replenishment triggers (Perera et al., 2023).
Inventory adjustment frequency reflects how often the system record requires correction through cycle
counts or reconciliations, offering a measurable proxy for mismatches between physical stock and
recorded stock. Process standardization is frequently treated as a critical mediator because ERP
configurations embed standardized workflows, and the extent to which sites actually follow them
influences whether transactions remain comparable across facilities. Data completeness reflects
whether required attributes, identifiers, and confirmations are present in the system so downstream
processes can execute without manual workarounds. These capability properties are discussed across
multiple research streams that connect enterprise system integration to operational coordination,
supply chain visibility, and the reduction of informational friction. A notable pattern is that ERP
capability measurements become more meaningful when warehouses are compared across sites or
across time periods, because a single facility’s performance can be confounded by volume, SKU
complexity, and labor conditions. Cross-site comparisons and phased rollouts allow researchers to
evaluate whether higher transaction accuracy, faster posting, and lower adjustment frequency
correspond to improved inventory record accuracy and service outcomes after controlling for
operational complexity (Paththinige et al., 2022). Measurement quality itself is also emphasized:
warehouses generate high-frequency events, and if ERP postings lag or contain omissions, researchers
can misinterpret performance changes as operational failures rather than data synchronization failures.
As a result, the literature encourages using multiple indicators to represent ERP capability, including
both the “health” of transactional data and the consistency of process execution across teams.
Information quality discussions highlight completeness, consistency, and timeliness as measurable
properties that align closely with ERP’s role in warehouses, especially where picking, packing, and
shipping must be confirmed in ways that support invoicing and customer communication. In
operational contexts, the interface reliability between ERP and WMS/TMS becomes a measurable
source of variability: when interface errors rise, exception queues increase, manual corrections rise, and
the reliability of inventory availability decreases. The same logic applies to master data governance,
where item codes, unit of measure definitions, location hierarchies, and customer service rules must
match across systems (Adeitan et al., 2019). This literature-based framing positions ERP capability as
an observable foundation for warehouse execution accuracy and logistics coordination, emphasizing
measurable properties that can be modeled statistically in relation to performance outcomes.

ERP performance outcomes in warehouse and logistics research are commonly expressed through
operational metrics that translate enterprise transaction integrity into service reliability and cost
control. Inventory record accuracy is frequently treated as a primary outcome because it directly affects
allocation decisions, replenishment timing, and the credibility of promised delivery dates (Santoso et
al., 2022). When the ERP inventory record is accurate and timely, warehouses can reduce search time,
reduce rework, lower cancellation risk, and maintain stable pick plans. Order cycle time is another
central outcome because it captures the speed at which orders move from release to shipment, reflecting
both process efficiency and information availability. Perfect order rate is often treated as a composite
service outcome because it reflects the degree to which an order is delivered complete, on time,
damage-free, and with correct documentation, all of which depend on accurate postings and
synchronized confirmations. Stockout incidence is a critical outcome because ERP-driven planning and
replenishment are only as reliable as the underlying inventory record; inaccurate records can create
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“phantom stock” where systems show availability that is not physically present. Inventory turnover
reflects how effectively the warehouse and supply chain convert inventory investment into sales or
throughput, tying operational execution to financial performance. Quantitative studies often examine
these outcomes using before-and-after comparisons around ERP adoption or stabilization periods, or
through comparisons across business units and sites with different levels of ERP assimilation and
process discipline (Tarigan et al., 2021).

Figure 4: ERP-WMS-TMS Integration Performance Framework
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The literature typically presents ERP as enabling improved coordination and visibility, which can
shorten cycle times, reduce errors, and support cost control, while acknowledging that performance
gains depend on disciplined transactional execution and integration with operational systems. Because
warehouses are complex, many studies emphasize controlling for context: high-volume sites may show
different cycle time dynamics than low-volume sites, and high-SKU sites may face different inventory
accuracy challenges than low-SKU sites. A further theme is that ERP affects outcomes through both
direct and indirect mechanisms. Directly, ERP can reduce manual paperwork and unify data structures,
supporting consistent reporting and decision-making. Indirectly, ERP can enable better coordination
across procurement, warehousing, and customer service by making statuses visible and reducing
information silos. In quantitative designs, this indirect pathway often appears as improvements in
exception resolution speed, fewer manual adjustments, and more stable replenishment performance,
which then translate to improved inventory and service metrics (Sun et al., 2022). Thus, the ERP
literature links the system-of-record function to measurable warehouse and logistics outcomes using
metrics that represent accuracy, speed, service reliability, and financial efficiency.

Evidence patterns in the ERP literature also show that performance outcomes are strongly shaped by
the quality of ERP-WMS-TMS integration and the clarity of execution boundaries, because warehouses
rely on specialized execution systems for task-level control while ERP remains the enterprise truth for
valuation and customer commitments (Tong et al., 2023). When execution boundaries are well-defined,
WMS produces granular confirmations and exception logs while ERP receives timely, validated
postings that support accurate availability, invoicing, and replenishment. When boundaries are poorly
managed, the literature associates this with increased posting delays, more frequent inventory

206



International Journal of Scientific Interdisciplinary Research, December 2025, 195-246

adjustments, and higher rates of order exceptions, which can degrade perfect order performance and
cycle time stability. This boundary perspective is important because it clarifies why ERP alone rarely
explains warehouse performance variance; rather, performance depends on the entire information
pipeline that converts physical work into enterprise postings. Quantitative studies that examine cross-
site performance frequently interpret differences as the result of process standardization maturity and
data governance strength, which influence the comparability of metrics across facilities and the
reliability of aggregated reporting (Jayender & Kundu, 2021). Process standardization is often
discussed as a mechanism that reduces variability in how transactions are recorded, improving the
interpretability of performance data and enabling consistent operational control across locations. Data
completeness supports downstream automation because incomplete records trigger manual
intervention, delay shipments, or create billing issues, all of which affect measurable service outcomes.
Posting latency is often linked to operational instability because allocation and replenishment decisions
depend on up-to-date information; when postings lag, warehouses can release work based on stale
inventory states, increasing rework and exception handling. Inventory adjustment frequency is a
particularly informative outcome-adjacent variable because it reflects both data integrity and
operational discipline, and high adjustment rates often correlate with lower confidence in reported
inventory availability. Inventory turnover and stockout incidence provide a bridge between warehouse
operations and enterprise financial outcomes, showing how inaccuracies and delays in the system-of-
record can ripple into higher safety stock, lost sales, or increased expediting. Across this body of work,
a consistent message emerges: ERP’s contribution to warehouse and logistics performance is
measurable, but it is conditional on transactional discipline, integration reliability, and the alignment
of enterprise posting requirements with real-time execution processes (Persdotter Isaksson et al., 2019).
This synthesis supports a quantitative approach that models ERP capability properties as predictors or
explanatory variables for accuracy, cycle time, service reliability, and efficiency outcomes, while also
recognizing that warehouse context—volume, SKU complexity, and operational design—must be
represented to avoid attributing contextual variance to ERP effects.

IoT Literature for Visibility, Traceability, and Real-Time Control

IoT literature on warehouse visibility and traceability commonly frames sensing technologies as the
operational layer that converts physical activities into digital evidence, enabling warehouses to observe
and verify movements, locations, and asset states with a level of granularity that manual reporting
cannot sustain (Bhutta & Ahmad, 2021). In warehouses, IoT sensing typically includes RFID systems
for automated identification, barcode scanning for point confirmations, real-time location systems
using beacons for position awareness, machine sensors for conveyor and sorter states, and
environmental monitoring for temperature, humidity, vibration, and other conditions relevant to
product integrity and safety. The literature treats these devices not as isolated tools but as generators
of event streams that represent operational change: a pallet arrives at a dock, a case is inducted to a
conveyor, a tote enters a zone, an autonomous vehicle becomes idle, or a cold-chain threshold is
exceeded. This event-stream view is important because warehouses are high-frequency environments
where the ability to timestamp and contextualize micro-events determines whether visibility becomes
actionable. IoT research also repeatedly emphasizes the distinction between raw signals and business-
relevant events. A sensor ping or RFID read only becomes operationally meaningful when it can be
interpreted as a movement confirmation, a location update, or a machine-status transition that aligns
with warehouse tasks and inventory states. Visibility and traceability therefore depend on mapping
identifiers and timestamps to warehouse semantics, such as which handling unit is associated with
which order, which location is an authorized bin, and which equipment state indicates a stoppage
versus a planned idle (Ahmed et al., 2021). Studies on RFID adoption in logistics describe how
automated identification increases traceability by reducing manual scanning effort and by enabling
more continuous capture of item presence across process points. Broader IoT frameworks describe how
connectivity and sensing enable cyber-physical integration, allowing systems to build a dynamic
representation of warehouse conditions as work unfolds. Literature on logistics visibility further
emphasizes that traceability is not limited to item identity; it includes the reconstruction of process
paths and the verification of dwell times, handoffs, and exception points, which are central to auditing
and service assurance. Research streams focused on Industry 4.0 and smart manufacturing align with
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these warehouse findings by highlighting how connected sensors enable real-time monitoring and
coordination across equipment and process stages. Across this body of work, the consistent conceptual
contribution is that IoT creates an “operational truth layer” that complements enterprise records by
providing continuous observation of what happens on the floor, supporting both routine control and
forensic reconstruction when discrepancies occur (Wu et al., 2022).

A measurement-driven reading of the IoT literature highlights that signal quality is a central
determinant of whether visibility and traceability translate into reliable operational data. Warehouses
typically rely on IoT to reduce uncertainty, yet poor signal quality can introduce new uncertainty in
the form of missing reads, duplicate events, ambiguous locations, and inconsistent timestamps (Wu et
al.,, 2022). RFID research has documented that read performance depends on tag orientation,
interference, metal and liquid proximity, antenna placement, and speed of movement through portals,
which can cause missed detections that look like inventory loss or misplacement in the digital record.
Barcode scanning is often treated as more deterministic, yet it is also vulnerable to human compliance
variability and workflow interruptions that produce unconfirmed moves. Beacon-based location
sensing introduces its own accuracy constraints depending on infrastructure density and calibration,
which affects whether location estimates can be trusted at bin-level granularity or only at zone-level
granularity. Machine sensors and environmental probes create continuous telemetry that must be
aggregated and interpreted into discrete states, creating opportunities for duplicates or false transitions
when thresholds are poorly tuned. As a result, the literature often uses practical signal-quality
indicators that directly reflect data trustworthiness: detection or read rate as an indicator of capture
reliability, missing event ratios as an indicator of observation gaps, duplicate event ratios as an
indicator of overcounting and stream noise, location accuracy as an indicator of spatial resolution, and
timestamp consistency as an indicator of temporal alignment across devices and systems (da Costa et
al., 2022). Timestamp issues are particularly emphasized because real-time control depends on event
ordering; when clocks drift across devices, a warehouse can record events out of sequence,
undermining traceability and the validity of process-time calculations. Research on IoT architectures
and cyber-physical systems similarly stresses that high-frequency event streams require robust
filtering, deduplication, and synchronization mechanisms to preserve event integrity. The literature
therefore treats IoT success as a data engineering and governance problem as much as a hardware
deployment problem, because the operational value of sensing depends on whether the resulting data
can be trusted as evidence. This emphasis also connects to broader information quality research that
treats timeliness, completeness, and consistency as core dimensions of usable information, which maps
directly to warehouse IoT where event gaps and duplicates become measurable distortions. Across
studies, a consistent argument emerges: visibility becomes operationally meaningful when the event
stream is sufficiently complete and consistent to support decisions, and traceability becomes defensible
when location and timestamp data are stable enough to reconstruct item paths and identify exception
points without extensive manual reconciliation (Tagarakis et al., 2021).

IoT research also links visibility and traceability to measurable operational outcomes by explaining
how better observation changes everyday behaviors in storage, picking, replenishment, and dock
operations. When item identity and location are more reliably known, warehouses spend less time
searching for stock, fewer orders are delayed due to “system available but physically missing”
inventory, and misplacements are detected earlier (Dolgui & Ivanov, 2022). RFID and automated
identification studies associate improved traceability with reductions in shrinkage and loss events by
increasing the likelihood that unauthorized or accidental movements are captured and by enabling
faster discrepancy investigation. Visibility also supports process discipline by making deviations
observable; when tasks are digitally confirmed at each handoff, it becomes harder for unrecorded
shortcuts to accumulate into inventory inaccuracy. In picking and packing, better visibility reduces
errors by ensuring the right item is retrieved and by enabling verification steps that are less dependent
on memory or manual paperwork. In dock operations, visibility reduces dwell time by improving
staging accuracy and by enabling real-time awareness of what has arrived, what is staged, and what is
ready for loading.
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Figure 5: IoT Warehouse Visibility Traceability Framework
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The literature often operationalizes these impacts through outcome metrics that are directly observable
in warehouse records: pick errors per thousand lines as a quality measure, misplacement incidents as
an integrity measure, rework time as an efficiency penalty reflecting corrections and re-picks, dwell
time at docks as a flow measure capturing congestion and staging reliability, and exception ticket
volume as a workload measure reflecting how often the system requires human intervention to resolve
discrepancies (Ben-Daya et al., 2019). A key synthesis from these studies is that IoT’s operational value
is frequently realized through exception reduction and faster exception closure rather than through a
simple increase in data volume. When event streams are reliable, fewer discrepancies arise, and when
discrepancies do arise, traceability accelerates root-cause identification because item paths and
timestamps can be reconstructed. Warehouse operations literature also notes that high-frequency
visibility can improve responsiveness to congestion and bottlenecks by revealing where queues form
and how long equipment or zones remain blocked. This responsiveness links IoT to real-time control
because control decisions become more accurate when they are based on current conditions rather than
periodic snapshots. Across empirical and conceptual studies, 10T is thus represented as a mechanism
that reduces informational friction and uncertainty, translating into measurable improvements in
accuracy, speed, and stability of warehouse execution (Helo & Shamsuzzoha, 2020).

Al Literature: Predictive and Prescriptive Analytics in Warehousing

Al literature in warehousing and logistics commonly differentiates predictive analytics, which
estimates what is likely to happen, from prescriptive analytics, which recommends what actions should
be taken to achieve operational objectives under constraints (Frazzetto et al., 2019). Predictive analytics
in warehouses is frequently framed around anticipating order volume, arrival patterns, workload
intensity by zone, congestion build-up, and the timing of exceptions that disrupt flow. This framing
aligns with broader supply chain analytics perspectives that position forecasting and prediction as
foundational capabilities for managing volatility and aligning capacity with demand. Studies in
machine learning and deep learning provide methodological grounding for how predictive models
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learn from historical sequences, exogenous variables, and high-frequency operational data to generate
forecasts of demand and process states. In warehouse contexts, prediction targets are often operational
rather than purely commercial, including the expected number of order lines arriving by hour, the
probability of a zone becoming congested, the likelihood of an equipment stoppage, and the estimated
lead time for completing waves or batches (Galli et al.,, 2021). The literature also emphasizes that
warehouses exhibit demand volatility at multiple time scales: daily peaks driven by cut-off times and
carrier schedules, weekly seasonality, promotional shocks, and special events that create abrupt
workload surges. Predictive research therefore frequently highlights the need to model volatility and
uncertainty as part of operational planning rather than as noise to be averaged out. From a
measurement perspective, predictive analytics contributes value when its outputs are accurate, timely,
and operationally interpretable. Forecast error measures are commonly used to assess volume
predictions, classification performance measures are used when the outcome is categorical such as
congestion risk or exception likelihood, anomaly detection hit rates are used when identifying unusual
patterns in scanning, movements, or equipment telemetry, and lead time prediction errors are used
when estimating completion times for orders or waves. These performance measures are discussed not
merely as technical diagnostics but as indicators of whether prediction is reliable enough to guide
decisions in time-sensitive warehouse environments. A consistent theme in this literature is that
predictive models are embedded in socio-technical contexts: predictions must be produced at the right
frequency, aligned with decision windows, and derived from features that represent real operational
drivers such as zone workload, SKU mix, batch structure, and equipment availability. Foundational Al
and learning literature emphasize that model performance depends on data quality, feature stability,
and the relationship between training data and operational reality, which is especially relevant in
warehouses where workflows, layouts, and staffing patterns can shift and alter data-generating
processes (Lepenioti et al., 2020). Consequently, predictive analytics studies in logistics often stress the
importance of aligning model objectives with operational outcomes, ensuring that predictions can be
acted upon through planning or control mechanisms rather than remaining as passive dashboards.

Prescriptive analytics and optimization literature extends the AI discussion by focusing on how
warehouse decisions can be improved when models recommend actions under constraints such as
capacity, service priorities, equipment availability, and labor rules. Classical warehouse decision
problems —slotting, storage assignment, order batching, picker routing, wave planning, dock
scheduling, and labor planning—have a long tradition in operations research, and Al-oriented
literature often positions machine learning as a complement that improves parameter estimation,
captures nonlinear travel-time behaviors, and adapts decisions to dynamic conditions (Weber, 2023).
Slotting and storage decisions are framed as high-impact levers because they shape travel distance,
congestion probability, and replenishment frequency, especially in high-SKU environments. Batching
and wave planning are framed as levers that shape work release, balancing efficiency gains from
consolidation against service constraints and congestion risks. Picker routing and path planning are
framed as levers that affect travel distance and order cycle time, and they become more dynamic when
congestion or replenishment tasks change the effective accessibility of aisles and zones. Dock
scheduling and yard coordination are framed as levers that influence dwell time, staging congestion,
and the alignment between inbound availability and outbound commitments (Kamble et al., 2023).
Labor planning is framed as a lever that shapes throughput stability and on-time completion, linking
predictive workload estimates to staffing allocation across shifts and zones. In this prescriptive
literature, decision effectiveness is commonly represented through operational indicators that connect
recommendations to measurable execution outcomes: travel distance per order line as a direct proxy
for routing and slotting efficiency; orders per labor hour as a productivity indicator sensitive to
batching, routing, and congestion; batching efficiency reflected through how many lines are processed
per batch and how long batches take; congestion time reduction represented through shorter waiting
and blocking durations; and on-time wave completion represented through adherence to planned
release and completion windows. The literature repeatedly highlights those prescriptive
recommendations create value only when they fit the operational context, which includes layout
geometry, SKU velocity distribution, equipment constraints, safety rules, and the coordination of
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replenishment with picking. It also emphasizes that optimization outputs can be undermined if
upstream data is incomplete or if downstream execution systems cannot implement the recommended
changes at the required tempo (Jahani et al., 2023). This is why the integration of Al outputs into
warehouse execution is treated as a central theme: prescriptive analytics is not only an algorithmic task
but also an operational embedding task that translates recommended decisions into WMS task rules,
work queues, dispatch instructions, and exception handling routines.

A strong strand of Al-in-warehousing literature focuses on the difference between decision-support
systems, where Al provides recommendations that humans choose to follow or ignore, and actuation-
oriented systems, where Al outputs are embedded into automated task generation and control loops.
This distinction matters for quantitative evaluation because decision-support settings often create
partial implementation and inconsistent exposure to recommendations, whereas higher actuation can
create more consistent treatment conditions and clearer measurement of outcome differences (El Morr
& Ali-Hassan, 2019). Closed-loop control is the organizing concept in this research stream: sensing and
transaction records create a current state, Al models generate predictions and prescriptions, execution
systems implement actions, and feedback data captures what happened so models can be evaluated
and adjusted. The literature frames feedback not as an optional enhancement but as the mechanism
that stabilizes model usefulness over time, because warehouses are dynamic systems with changing
demand patterns, layout modifications, staffing changes, and equipment wear. Closed-loop designs
also support continuous improvement by enabling post-action evaluation, such as whether routing
recommendations reduced travel, whether batching strategies reduced congestion, and whether
staffing changes improved on-time completion. From a measurement perspective, actuation is
represented through indicators such as the share of Al decisions that are actually executed, the rate at
which supervisors override recommendations, and the completeness of feedback capture linking
actions to outcomes (Lee & Mangalaraj, 2022). These indicators reflect the socio-technical nature of
warehouse Al: even a highly accurate model creates limited operational impact if its outputs are not
executed or if execution is systematically overridden under pressure. The literature on human-in-the-
loop Al further indicates that overrides are not necessarily failures; they can represent local knowledge,
risk aversion, or constraints not captured in model features, making override behavior a valuable signal
for improving decision logic and feature representation. In warehousing, overrides can also reflect trust
issues that arise when model recommendations conflict with experienced heuristics, particularly
during peak periods when service risk is high (Rabia & Bellabdaoui, 2022). This research stream thus
treats actuation and feedback capture as central to translating model-level performance into operational
performance, emphasizing that adoption and embedding determine whether predictive accuracy and
optimization quality become measurable improvements in travel distance, productivity, congestion
reduction, and on-time completion.

Across predictive, prescriptive, and actuation-oriented Al literature, a synthesized theme is that
measurable value in warehousing emerges from alignment among model objectives, decision
windows, and execution mechanisms, with data quality and process stability shaping both
performance and interpretability. Predictive models are evaluated through their ability to anticipate
workload and disruptions with sufficient reliability to enable proactive action, while prescriptive
models are evaluated through their ability to recommend feasible actions that improve efficiency and
service without creating additional exception burden (Garg & Alam, 2023). Actuation-oriented
perspectives bridge these by emphasizing that the operational system must be capable of implementing
recommendations quickly and consistently and must produce feedback data that preserves the link
between decisions and outcomes. This leads to an evaluation logic where model metrics and
operational metrics are treated as complementary rather than substitutive. Forecasting quality
influences how well labor and wave plans match reality; classification and anomaly detection influence
how quickly exceptions are flagged and contained; lead time prediction influences how accurately
completion promises can be managed and how wave deadlines are set. Decision-effectiveness
indicators capture how recommendations change execution, including reduced travel per line, higher
orders per labor hour, more efficient batch processing, reduced congestion durations, and higher on-
time wave completion rates (Schuetz et al., 2023).
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Figure 6: AI-Driven Warehouse Decision Intelligence
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The literature also stresses that warehousing is a networked environment, and improvements in one
area can shift pressure to another, making multi-metric evaluation important for credible quantitative
findings. For example, aggressive batching may improve productivity but increase congestion or delay
urgent orders, while strict on-time completion targets may reduce batching efficiency. This is why Al
evaluation is frequently framed as a balancing problem rather than a single-metric optimization, with
service constraints and operational safety providing non-negotiable boundaries. These streams
collectively support a quantitative framing in which Al capability in warehousing is represented by
measurable predictive reliability, measurable decision effectiveness, and measurable actuation
maturity, with the operational outcomes assessed through productivity, accuracy, congestion, and
timeliness indicators that reflect warehouse performance at the process and system levels (Ivanov,
2023).

ERP + IoT + Al as a Closed-Loop System

The literature on integrating ERP, IoT, and Al in warehouse environments consistently portrays the
integration mechanism as a closed-loop system in which physical signals are transformed into trusted
business transactions that then support timely decisions and executable actions (Shin et al., 2022). ERP
research establishes the enterprise record as the authoritative repository for inventory and order truth,
emphasizing controlled postings, auditability, and standardized semantics across functions. IoT
research adds that warehouses generate continuous operational signals through scanners, RFID
portals, beacons, and equipment sensors, yet these signals remain operationally ambiguous until they
are mapped into events that reflect business meaning, such as “received,” “put away,” “picked,”
“packed,” “shipped,” or “adjusted.” Cyber-physical systems and Industry 4.0 scholarship provides the
conceptual bridge by framing smart operations as synchronized interactions between physical
processes and digital representations, where continuous sensing updates a digital state model that
governs control. Digital twin literature further reinforces the importance of representational alignment
by treating the operational model as a living reflection of the warehouse that must remain synchronized
to be useful for monitoring and steering. Within these streams, the mapping problem becomes central:
event streams must be translated into enterprise postings without losing identity, sequence, or context
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(Aldrighetti et al., 2023). This translation depends heavily on identifier standardization, including item
codes, location codes, handling unit IDs, order IDs, equipment IDs, and user IDs, because without
stable identifiers, a sensor observation cannot be reconciled to an enterprise object. Integration studies
also emphasize semantic alignment, because the same physical action can be interpreted differently
across systems unless business rules specify how scans and signals correspond to task states and
accounting movements. The literature repeatedly points to the boundary between execution systems
and enterprise systems as a frequent source of friction: warehouses can execute a move correctly while
the enterprise record remains stale due to interface failure, delayed batching, or exceptions that wait
for manual approval. When viewed as a closed loop, integration is therefore not only a connectivity
problem but a state-coherence problem, where the digital and physical worlds must converge through
reliable mappings, validations, and exception processes. This framing supports a measurable
integration mechanism based on how often sensor events become validated transactions, how
frequently reconciliation is needed to restore alignment, and how effectively exceptions are resolved
within defined operational service windows (Messner et al., 2019). It also clarifies that closed-loop
integration is not merely a reporting enhancement; it is the operational pathway that enables Al outputs
to influence execution and enables outcomes to be traced back to decisions for evaluation and
improvement.

Figure 7: ERP-IoT-AlI Closed-Loop Integration
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A measurement-oriented synthesis of this literature shows that data pipeline alignment is the practical
core of ERP-IoT-Al integration because warehouses operate at event speeds while enterprise systems
operate at controlled posting speeds. Pipeline alignment begins with event capture and continues
through filtration, deduplication, enrichment, semantic interpretation, and posting to the enterprise
record (Zheng et al., 2022). IoT and RFID studies emphasize that raw event streams contain noise such
as missed reads, duplicates, and ambiguous locations, which requires processing layers that decide
whether an event is credible enough to be treated as evidence of a movement or confirmation.
Information systems research adds that enterprise records demand consistent master data and
validated transactions, so event streams must be enriched with context such as unit-of-measure rules,
handling unit hierarchies, authorized location maps, and order allocation constraints. The literature on
enterprise integration and supply chain visibility describes how mismatches between execution events
and enterprise objects create exception work, including unidentified items, invalid locations,
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unrecognized handling units, and mismatched quantities. These mismatches are not only operational
frustrations; they are measurable symptoms of integration weakness because they reduce the reliability
of both analytics features and enterprise reporting (Tai et al., 2020). As a result, many studies treat
mapping success as an indicator of integration strength, expressed through how often events can be
automatically converted into business postings without manual intervention. Reconciliation is treated
as a second indicator, reflecting how often the system must perform corrective actions such as cycle
counts, inventory adjustments, retroactive confirmations, or manual transaction fixes to restore
alignment between physical and digital states. A third indicator arises from exception management,
where the literature frames operational service agreements for exception closure as part of process
governance; unresolved exceptions keep inventory in ambiguous states, delay shipments, and force
workarounds that undermine traceability (Joshi et al., 2023). When integration is viewed through these
indicators, the closed loop becomes observable in everyday operational behavior: scan events reliably
change task status, task completion reliably triggers postings, postings reliably update availability, and
availability reliably guides subsequent decisions. Integration literature emphasizes that this chain is
only as strong as its weakest step, because delays or failures at any stage create compounding
discrepancies, increasing the volume of exception tickets and reconciliation effort. This measurement-
based perspective also aligns with research on operational transparency and control, which highlights
that the ability to trust real-time status depends on consistent mappings, stable identifiers, and effective
exception governance rather than on the sheer volume of collected data (Ding et al., 2020).
Smart Warehouse Automation and Cyber-Physical Execution Literature
Smart warehouse automation literature frames cyber-physical execution as the coordinated operation
of material handling technologies and digital control systems that jointly determine throughput,
reliability, and error behavior (Tubis & Rohman, 2023). Warehouse research has long treated the facility
as a designed system in which layout, storage policy, and equipment choices shape travel time, queue
formation, and labor requirements, and these systems view extends naturally to automation
technologies such as automated storage and retrieval systems (AS/RS), conveyors, sortation systems,
pick-to-light and voice-directed picking, and fleets of automated guided vehicles (AGVs) or
autonomous mobile robots (AMRs). In the literature, AS/RS is often positioned as a high-density, high-
throughput mechanism that reduces manual travel and enables precise location control, while
conveyors and sorters are positioned as flow technologies that move units between zones and
consolidate shipments under high order volumes. Pick-to-light and voice systems are framed as
human-centered automation that reduces cognitive load and improves confirmation accuracy,
particularly in high-SKU environments where visual search and manual checking can increase errors.
Robotics literature positions AGVs and AMRs as flexible automation capable of reallocating capacity
across zones, enabling dynamic replenishment, transport, and sometimes collaborative picking
support. Across these streams, performance measurement is presented as multi-dimensional,
combining speed, accuracy, and stability rather than relying on a single productivity metric
(Moufaddal et al., 2020). Classical warehouse performance measures such as order cycle time,
throughput, and picking accuracy remain central, but automation also introduces equipment-level
measures such as utilization, queue time at induction points, flow balance between zones, and the rate
of exception events caused by jams, misroutes, or sensor faults. Cyber-physical systems and Industry
4.0 research provides a theoretical anchor by emphasizing that automation is not merely mechanical; it
is a feedback-driven system where sensors, controllers, and software orchestration continuously align
physical movement with digital state. Digital twin and smart manufacturing literatures reinforce that
automation performance is best understood when physical assets and processes are represented in
synchronized digital models that support monitoring and control. The recurring synthesis is that
automation technologies create measurable improvements when they reduce manual variability and
standardize flow, yet they also shift operational risk toward integration quality, because misalignment
between physical execution and digital control can generate cascading exceptions that limit throughput
and increase rework (Andronie et al., 2021).
A major theme across smart warehouse automation studies is the concept of “automation islands,”
where advanced equipment performs well locally but fails to deliver system-level performance because
it is weakly connected to upstream and downstream processes and information systems. The literature
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describes automation islands as pockets of mechanized efficiency that remain operationally siloed: an
AS/RS may optimize storage and retrieval cycles but fail to synchronize with picking waves; a sorter
may process high volumes but create bottlenecks at packing; a robot fleet may move totes efficiently
but generate inventory inconsistencies if confirmations are not aligned with the system of record (Piardi
et al., 2023). This theme aligns with socio-technical and information systems research emphasizing that
performance gains depend on process integration and shared data semantics, not only on technology
presence. Integration is therefore framed as essential because automation technologies interact through
dependencies: replenishment feeds picking, picking feeds packing, packing feeds shipping, and each
handoff requires digital confirmations that maintain inventory integrity and task visibility. When
integration is weak, warehouses experience measurable symptoms that the literature frequently
associates with island behavior, including higher exception ticket volumes, increased manual
reconciliation, longer cycle time variability, and throughput instability under peak load. Performance
measurement research supports treating automation intensity as a contextual control rather than as a
direct proxy for capability, because two facilities with similar equipment can perform differently
depending on orchestration quality, maintenance discipline, and data integrity (Liu et al., 2023). As a
result, the literature often represents automation intensity through observable indicators such as the
share of picks completed through automated or semi-automated processes, the density of mobile robots
relative to floor area, the designed throughput capacity of conveyors and sorters relative to demand,
and the uptime or availability of automation assets during operational hours. These indicators are
treated as structural constraints that influence how work can be executed and how sensitive
performance is to disruptions. Cyber-physical execution perspectives further emphasize that higher
automation intensity increases dependence on real-time control, because flows become tightly coupled;
a jam, a sensor fault, or a delayed confirmation can propagate quickly through the system.
Consequently, integration is presented as the mechanism that prevents automation from becoming
fragmented, by ensuring shared identifiers for items and handling units, synchronized task status
across systems, and coherent decision rules for routing, prioritization, and exception handling (Panetto
et al,, 2019). Across these studies, the synthesized message is that automation creates capacity and
speed, while integration transforms that capacity into consistent, system-wide performance outcomes
that are measurable in throughput stability, accuracy, and service reliability.

Equipment telemetry and predictive maintenance literature extends the cyber-physical discussion by
focusing on how sensor data and analytics stabilize automation performance through improved
reliability and reduced downtime. Warehouses with AS/RS, conveyors, sorters, and robot fleets
depend on equipment health as a direct determinant of throughput, because equipment failures can
halt flows, create backlogs, and force manual workarounds that increase cycle time and error rates (Cai,
2020). IoT telemetry provides continuous streams of equipment signals such as motor current, vibration
signatures, temperature readings, cycle counts, fault codes, speed states, and stop-start patterns. In the
literature, these signals are treated as condition indicators that can reveal early degradation, enabling
maintenance actions to be timed to prevent failures rather than scheduled only by calendar intervals.
Predictive maintenance research often frames the objective as reducing unexpected downtime and
stabilizing capacity, which aligns with warehouse operations where demand peaks are time-
constrained by carrier cutoffs and service commitments. Al-oriented studies in maintenance analytics
emphasize that the usefulness of predictive maintenance depends on feature quality, consistent
labeling of failure events, and the ability to connect predictions to actionable maintenance workflows
(Cortes-Murcia et al., 2022). Cyber-physical systems research reinforces that maintenance is part of
control, because equipment availability is an input to routing, scheduling, and workload balancing
decisions; unreliable assets increase operational variability and degrade the predictability of order
completion. This literature frequently highlights that maintenance benefits are most visible when
telemetry is integrated with operational records, enabling performance attribution: a predicted failure
avoided can be linked to preserved throughput, reduced rework, and improved on-time completion.
Operational measurement perspectives therefore treat maintenance as a performance driver that can
be represented through reliability and repair metrics and then linked to system outcomes. The
synthesized view is that telemetry transforms maintenance from a reactive function into a measurable

215



International Journal of Scientific Interdisciplinary Research, December 2025, 195-246
stability mechanism that reduces the variance of warehouse performance, not only the average level of
performance, and this stability is particularly important in automated environments where tight

coupling makes the system sensitive to disruptions (Chen et al., 2020).

Figure 8: Smart Warehouse Automation Integration Framework
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Maintenance outcome measures are consistently used in the literature to quantify how telemetry and
predictive maintenance influence warehouse automation stability and productivity. Mean time
between failures captures reliability by representing how long equipment operates before a stoppage,
while mean time to repair captures maintainability by representing how quickly the system returns to
service after a fault (van Geest et al.,, 2021). Downtime hours per month captures the cumulative
capacity loss and is often interpreted alongside demand patterns to estimate how downtime intersects
with peak periods. Throughput variance captures the stability of output over time, reflecting whether
the warehouse delivers consistent performance across shifts and days or oscillates due to stoppages,
congestion, and recovery delays. These measures become particularly meaningful in smart warehouses
because automation technologies are interdependent; failures in one subsystem can create upstream
blocking and downstream starvation, producing nonlinear impacts on throughput that exceed the
localized failure. Telemetry-oriented studies emphasize that predictive maintenance is valuable not
only when it reduces total downtime but when it reduces unplanned downtime that forces abrupt
operational changes. Unplanned downtime can trigger re-routing of tasks, manual bypass procedures,
and emergency labor redeployment, which increases error risk and generates additional exceptions
that degrade inventory integrity (Ding et al.,, 2019). The literature therefore connects equipment
reliability to higher-level operational outcomes such as order cycle time stability, on-time wave
completion, and exception handling burden. It also emphasizes that measuring maintenance impacts
requires linking equipment events to process metrics, because a reduction in downtime is operationally
meaningful when it preserves flow during critical windows and reduces backlog accumulation. This
linkage aligns with integration perspectives where telemetry data, maintenance actions, and execution
outcomes are recorded in coherent logs that allow quantitative analysis of cause-and-effect
relationships. A synthesized interpretation across cyber-physical execution and maintenance research
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is that automation performance is jointly determined by designed capacity and realized availability;
designed capacity comes from technology selection and layout, while realized availability depends on
reliability, maintainability, and the responsiveness of monitoring and maintenance processes (Leung et
al., 2022). Telemetry and predictive maintenance enhance realized availability by enabling earlier
detection and more targeted interventions, and the operational result is visible in more stable
throughput, fewer disruption-driven exceptions, and reduced variability in cycle time across workload
conditions.
Logistics Outcomes Beyond the Warehouse
Logistics literature treats warehouse performance as inseparable from transportation execution because
the warehouse-transportation interface is where physical orders transition into network movement
and where service promises become measurable outcomes. Research in logistics and supply chain
management describes warehouses as coordination nodes that consolidate demand, synchronize
inventory availability, and align outbound readiness with carrier schedules and route plans (Baglio et
al., 2023). At this interface, staging accuracy is repeatedly highlighted as a practical determinant of
dispatch quality because staging errors translate into misloads, missing cartons, split shipments, and
rework that delays departures and increases cost. Carrier coordination is framed as a joint planning
problem involving tendering, appointment scheduling, equipment availability, and compliance with
pickup windows, all of which are sensitive to real-time warehouse status. Dock scheduling is described
as an operational control lever that affects congestion, queue time, and the stability of inbound-
outbound synchronization; poor dock planning creates measurable dwell time increases and disrupts
both receiving and shipping. Dispatch punctuality is treated as a measurable indicator of execution
reliability because it captures whether orders depart when planned, which influences downstream
delivery reliability and network cost. A recurring theme across studies is that the interface creates a
“timing dependency” in which warehouse readiness and carrier availability must meet within narrow
windows; even small mismatches generate ripple effects through yard congestion, labor overtime,
missed cut-offs, and delayed route departures (Martins et al.,, 2020). Logistics performance
measurement literature supports this interface framing by emphasizing time-based and service-based
metrics that capture both efficiency and reliability across handoffs, rather than focusing on isolated
process productivity. Research on supply chain integration similarly emphasizes that handoff failures
often explain service shortfalls more than individual process inefficiency, which makes the warehouse-
transportation boundary a critical locus for empirical analysis. Information visibility and coordination
studies further note that the quality of interface execution depends on accurate and timely status
information about orders, staging locations, trailer readiness, and appointment adherence, because
coordination decisions are only as good as the data supporting them. This literature base positions the
interface as a measurable system where the warehouse’s internal accuracy and timeliness are tested
externally by carrier schedules and service commitments, making it a natural domain for performance
variables that reflect punctuality, dwell, and coordination reliability (Pettit et al., 2022).
Quantitative research on the warehouse-transportation interface frequently operationalizes
performance through indicators that capture timeliness, congestion, and carrier responsiveness,
aligning measurement choices with the core coordination tasks of staging, appointment management,
and dispatch (Goyal et al., 2023). On-time shipment rate is commonly used as a primary logistics
outcome because it directly reflects whether the warehouse released orders to transportation within
planned windows, a prerequisite for achieving promised delivery times. Trailer dwell time is used to
represent yard and dock congestion because it captures how long trailers wait for loading or unloading,
reflecting the efficiency of dock scheduling and the adequacy of labor and equipment availability.
Carrier tender acceptance is used to represent the responsiveness and feasibility of transportation
execution, capturing whether carriers accept offered loads at expected rates and whether tendering
aligns with capacity realities. Dispatch delay minutes serve as a granular time-based indicator of
deviation between planned and actual departures, which is useful for diagnosing whether delays stem
from staging errors, pick/pack completion variance, dock congestion, or transportation capacity
constraints (Minashkina & Happonen, 2023). Across the literature, these metrics are linked to
operational mechanisms. Staging accuracy influences on-time shipment by reducing time spent
searching, correcting, and reloading; it also affects dwell time by avoiding repeated door opens and
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rework cycles. Dock scheduling quality influences dwell time and dispatch delays by balancing
inbound and outbound demands and by controlling queue formation at doors. Carrier coordination
influences tender acceptance and dispatch punctuality by aligning pickup windows with realistic
readiness times and by reducing last-minute changes that drive carrier rejection or late arrival. Supply
chain integration studies frequently interpret improvements in these metrics as evidence of better cross-
functional alignment between warehouse operations and transportation planning, while performance
measurement scholarship highlights the need to evaluate both central tendency and variability because
delays often concentrate in peak windows and create outsized service impacts. Visibility-focused
research supports measuring exception frequency and communication quality because interface
outcomes are often driven by how quickly deviations are detected and resolved. This set of quantitative
indicators therefore captures both the “hard” timing outcomes and the coordination quality that
underlies them, enabling empirical analysis that links internal warehouse conditions to external
logistics performance (Moons et al., 2019).

Figure 9: Warehouse-Transportation Integrated Performance Framework

Interface Execution Performance Metrics End-to-End
Service Outcomes
Staging Accuracy On-Time Shipment Rate
Planned vs. Actual Departure Pezfect Order Performance

Order Staging & Readaness
S I Complete, On-Time,

- Trailer Dwell Time ey | | Damage-Free Delivery
Dock SChEdUhng Yard/ Dock Congestion
Yard & Door Management 1 Delivery Reliability
On-Time Arrival Stability

Carrier Coordinati Carrier Tender Acceptance A
arrier Coordination 7S
> Load Offer Responsiveness =
Tendering & Appointments Returns Processing
ke Return Cycle Time

. - Dispatch Delay Minutes
Dispatch Punctuality : €
pn 3 Late Dispatch Duration Damase Rate
Timely Shipment Depas
ey et Depiciure Handling & Transit Quality

L
| v )
Interface Execution End-to-End Service Outcomes
» Staging Accuracy * = Perfect Order Performance
» Dock & Door Management s Complete, On-Time, Damage Free

Delivery

v

End-to-end service literature extends the analysis beyond dispatch to customer-facing outcomes,
emphasizing that the customer experiences logistics as a bundle of reliability, accuracy, and recovery
quality rather than as isolated warehouse or transportation processes. Perfect order performance is
commonly framed as a composite indicator that reflects whether an order arrives complete, on time,
damage-free, and with correct documentation and invoicing, connecting warehouse accuracy,
transportation reliability, and information correctness into a single service outcome (Grosse et al., 2023).
Delivery reliability is treated as a time-based service measure reflecting the stability and predictability
of arrival performance, which depends on dispatch punctuality, carrier execution, route conditions,
and exception handling. Returns processing performance is discussed as a critical service capability,
especially in sectors with high return rates, because it influences customer satisfaction, inventory
recoverability, and reverse logistics efficiency. Return cycle time captures how quickly returned items
move from customer receipt to inspection, disposition, and inventory availability or refund completion,
linking warehouse receiving, quality control, and system updates to service recovery. Damage rate is
used as a quality indicator that reflects packaging integrity, handling practices, trailer loading quality,
and transportation conditions, and it is often interpreted as a measure of process discipline across the
full fulfillment chain. Customer complaint rate provides a customer-experience proxy that reflects the
cumulative effect of errors, delays, and recovery performance, making it useful for capturing failures
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that operational metrics may understate (Winkelhaus & Grosse, 2020). Across the literature, these
service measures are interpreted as outcomes of coordinated execution across warehouse and
transportation layers, where failures in one stage often manifest as customer-visible defects in
completeness, timeliness, or condition. Service quality research and supply chain performance studies
also emphasize that customer-facing metrics often reveal hidden costs, because complaints, returns,
and damage create extra handling, re-shipping, credits, and administrative work that are not captured
by outbound throughput alone. Consequently, the literature treats end-to-end service measurement as
essential for understanding logistics performance in a way that aligns with business value, since
internal efficiency gains can be offset if they degrade perfect order performance or increase damage
and complaints (Berkers et al., 2023). This stream reinforces that evaluating logistics outcomes beyond
the warehouse requires metrics that capture both forward and reverse flows and that represent both
service delivery and service recovery performance.
A synthesized view across logistics interface and end-to-end service research positions these outcomes
as the external validation of warehouse operations and the integrated supply chain system, because
they reflect whether internal accuracy and speed translate into reliable customer experience and
network efficiency (Li et al., 2023). The warehouse-transportation interface serves as a control point
where operational readiness meets external capacity, and the literature suggests that the most
informative outcomes are those that capture timing deviation and congestion, including on-time
shipment, dwell time, and dispatch delay. End-to-end service measures then capture how these
interface outcomes combine with transportation variability and recovery processes to shape customer-
facing performance, represented by perfect order, delivery reliability, return cycle time, damage rates,
and complaint rates. Measurement scholarship emphasizes that these outcomes should be treated as
interrelated rather than independent: staging errors can lower on-time shipment, which can reduce
delivery reliability; dock congestion can increase dwell time, which can increase dispatch delay;
dispatch delay can increase late deliveries, which can raise complaints; mishandling and rushed
loading can increase damage, which can increase returns and service workload (Loske & Klumpp,
2022). Integration and visibility studies also highlight that the quality of information exchange at the
interface influences not only execution but also measurement integrity, because misreported statuses
can hide true delay causes and delay corrective action. This encourages empirical designs that pair
operational metrics with exception and communication indicators to better explain variance in
customer-facing outcomes. The literature also notes that reverse logistics is not simply a post-sale cost
center; it is an operational domain with measurable impacts on inventory availability and customer
satisfaction, and it depends on the same capabilities that support forward logistics: accurate
identification, timely confirmation, and disciplined handling. Across studies, these outcomes are
treated as both performance targets and diagnostic signals, enabling researchers to trace how internal
warehouse execution, interface coordination, and transportation performance jointly produce
observable service results (Roy et al., 2022). This synthesis supports a quantitative framing in which
logistics outcomes beyond the warehouse are measured through punctuality, congestion,
responsiveness, completeness, and recovery quality, providing a comprehensive set of dependent
variables that reflect the full fulfillment experience rather than only internal warehouse efficiency.
Research Gaps as Measurable Gaps
A recurring measurable gap across the ERP, IoT, and Al literature in warehousing is that many studies
examine these technologies in isolation, which limits the ability to quantify how combined integration
shapes operational performance across the full planning-sensing-decision loop. ERP research typically
concentrates on enterprise-level standardization, transactional discipline, and cross-functional
coordination, often evaluating outcomes such as reporting quality, process efficiency, and inventory
integrity at an aggregated level (Schiitzenhofer, 2021). IoT research frequently concentrates on
visibility, traceability, and event capture, emphasizing identification technologies such as RFID and
sensor networks and evaluating outcomes such as reduced shrinkage, improved tracking, and faster
exception diagnosis. Al and analytics research often concentrates on predictive accuracy or
optimization gains for specific decision problems such as forecasting, routing, or scheduling,
sometimes treating the data environment as a given. This separation creates a measurable limitation
because warehouse performance depends on the coherence of the full system: enterprise records must
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match operational reality, operational reality must be captured as reliable events, and decisions must
be deployed into execution with feedback that supports evaluation. Studies that isolate one layer often
provide partial explanations for outcome variance; for example, ERP studies may attribute service
improvements to enterprise integration while underrepresenting the role of real-time capture, and IoT
studies may report visibility gains without fully accounting for enterprise posting integrity. Analytics
studies may demonstrate model improvements without measuring whether outputs were executed or
whether execution data captured the action-outcome link. The literature on supply chain integration
and information systems success suggests that performance benefits emerge when information quality
and process alignment improve across boundaries, which implies that technology-layer isolation can
miss the mechanisms that most strongly predict outcomes such as cycle time stability, exception
volume, and perfect order performance. Cyber-physical systems and smart manufacturing
perspectives similarly describe operational control as a loop, meaning that isolating one component
leaves the loop incomplete (Kley & Reimer, 2023). This gap becomes measurable when research designs
lack variables that represent cross-layer coherence, such as whether IoT events consistently become
validated transactions and whether Al-driven recommendations reliably trigger executable tasks. The
measurable consequence is that reported effects can be unstable across contexts because the missing
layers introduce unobserved variance. A synthesis of these streams suggests that a joint integration
perspective is necessary to capture the interaction effects among enterprise governance, real-time
observation, and decision intelligence, particularly in warehouses where operational tempo is high and
where small synchronization failures amplify into service disruptions and rework. This motivates
framing the research gap not as an absence of interest in technology but as an absence of integrated
measurement that reflects how the technologies function together as an operational system (Moosavi,
2022).
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A second measurable gap is the lack of standardized integration maturity metrics that are consistent
across facilities, industries, and research settings, which makes it difficult to compare findings and
220



International Journal of Scientific Interdisciplinary Research, December 2025, 195-246

accumulate evidence. ERP studies often use broad proxies such as implementation status, module
scope, or perceived fit, while IoT studies often use adoption proxies such as the presence of RFID,
sensor deployments, or tracking coverage at selected process points (Drobot et al., 2022). Al studies
frequently use model-level performance indicators or the presence of analytics capabilities, which may
not capture whether analytics is embedded in execution. These differing measurement approaches
create fragmentation because “integration” is described in incompatible ways across streams, limiting
replication and meta-analytic synthesis. Measurement theory in information systems indicates that
constructs gain explanatory power when they are operationalized as multi-indicator measures that
capture distinct dimensions of the underlying capability. In the context of warehouse integration,
literature across enterprise systems, IoT architectures, and operational analytics suggests that maturity
can be represented through dimensions that reflect connectivity, timeliness, completeness, consistency,
and actionability. Connectivity reflects whether systems exchange data through stable interfaces across
ERP, WMS/WCS, and device platforms. Timeliness reflects whether events and postings occur within
operational decision windows (Subramaniam et al., 2023). Completeness reflects whether the majority
of movements and confirmations are captured and reflected in the digital record rather than remaining
invisible. Consistency reflects whether identifiers and quantities reconcile across systems and with
physical evidence. Actionability reflects whether decision outputs are embedded into execution and
traced through feedback. The measurable gap arises because prior studies often capture one or two of
these dimensions and treat them as the whole. Without a standardized multi-dimensional maturity
measure, researchers cannot consistently explain why similar technology deployments yield different
performance outcomes across warehouses with different throughput classes or automation intensity.
The literature on supply chain performance measurement further indicates that metrics should be
comparable and interpretable across sites, which suggests that integration maturity measures should
also be standardized to support benchmarking and cross-site modeling (Cavanagh et al., 2021). The
absence of such standardization is therefore a measurable gap that affects both empirical accuracy and
the accumulation of knowledge, because researchers lack a shared measurement language to compare
“how integrated” one warehouse is relative to another.

METHOD

The study was structured as a quantitative, multi-site observational design using operational records
to examine how the integrated use of ERP, IoT, and Al related to measurable warehouse automation
and logistics outcomes. A case-based approach was applied in the sense that each warehouse site was
treated as a distinct operational case within a shared analytical framework, and repeated measurements
were compiled across consecutive time periods to form a panel dataset that captured both cross-site
differences and within-site variation over time. The case study description focused on warehouse
facilities that operated as distribution centers or fulfillment nodes with established order-processing
routines and traceable inventory movements, where ERP served as the system of record for postings
and auditability, [oT generated event streams for movements and equipment states, and Al supported
at least one operational decision function such as workload forecasting, batching, routing, slotting,
labor planning, or maintenance prioritization. The population was defined as all eligible warehouse
sites within the organization’s network that used ERP-based inventory posting and had deployed IoT
sensing at one or more process points, with Al analytics available for operational planning or execution
support. The sample was drawn from this population using purposive inclusion criteria to ensure
comparable availability of ERP, WMS/WCS, IoT, and Al logs, and the sampling technique was
implemented as criterion-based selection, where warehouses were included only when required data
fields were consistently present across the observation window and when operational definitions could
be applied uniformly. Data types included structured transactional data, semi-structured event logs,
and time-stamped telemetry records, and data sources included ERP posting tables, WMS/WCS task
and confirmation logs, IoT sensor and scan logs, Al recommendation and execution logs, and
transportation or yard timestamps when available. The study treated measurement as log-derived
rather than perception-based, and variables were operationalized using consistent time windows at the
warehouse-by-period level; integration maturity was represented through combined indicators of
interface connectivity, posting and synchronization timeliness, event capture coverage, identifier
alignment and exception frequency, and the extent to which Al outputs were executed rather than only

221



International Journal of Scientific Interdisciplinary Research, December 2025, 195-246

reviewed. Warehouse performance outcomes were operationalized through inventory record accuracy,
pick error frequency normalized by processed lines, order cycle time, throughput stability, rework
time, exception ticket volume, and automation uptime, while logistics outcomes beyond the warehouse
were operationalized through on-time shipment rate, trailer dwell time, dispatch delay minutes, perfect
order rate where consistently defined, return cycle time, damage rate, and complaint rate where
consistently logged. All constructs were scaled using ratio or interval representations derived from
counts, durations, and proportions, and ordinal categorizations were used only for stratifying
warehouses into tiers of throughput class and automation intensity to support subgroup comparisons.

Figure 11: Methodology of this study
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A pilot study was conducted prior to full extraction to confirm feasibility, refine variable definitions,
and test the integrity of cross-system mappings between identifiers and timestamps. During the pilot,
a small subset of warehouses and a limited time window were used to validate that ERP postings could
be aligned to WMS task completions and that IoT events could be reliably interpreted as business events
such as move confirmations, pick confirmations, dock transitions, and equipment state changes. The
pilot also evaluated whether duplication and missingness patterns in sensor logs were manageable
using consistent cleansing rules and whether time alignment issues such as timestamp drift or
inconsistent time zones could be corrected without distorting event ordering. The pilot process resulted
in a finalized data dictionary, standardized transformation logic, and a set of validation checks that
were applied to the full sample, including reconciliation checks between shipped quantities and posted
issues, consistency checks for item and location identifiers, and completeness checks for key process
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milestones required to compute cycle time and on-time shipment measures. Data collection procedures
were implemented as structured extractions from each system into a secure analytical environment,
followed by staged integration steps. First, ERP, WMS/WCS, IoT, and Al data were extracted for each
warehouse and time period. Second, master data mapping tables were applied to ensure consistent
item codes, unit-of-measure conversions, location hierarchies, and handling unit identifiers across
systems. Third, event streams were deduplicated and filtered to remove non-operational noise, and
event-to-transaction linkages were created using shared identifiers, process rules, and timestamp
proximity logic that preserved operational sequencing. Fourth, all measures were aggregated to the
warehouse-by-period level to create comparable observations across sites, and outlier screening was
performed for latency and dwell measures to detect logging artifacts or known outage periods.
Throughout collection and integration, data quality flags were retained to document periods affected
by outages, interface failures, or incomplete capture, and these flags were used in analysis as exclusions
or controls depending on severity. The procedures ensured that each computed metric was traceable
back to its source logs and that assumptions used in interpretation were consistently applied across
warehouses. By the end of the pilot-informed collection phase, the dataset contained standardized
observations of integration maturity indicators, data quality measures, operational performance
outcomes, and contextual controls for throughput, SKU complexity, workload volatility, and
automation intensity.

Data analysis was conducted using a staged quantitative approach that combined descriptive profiling,
construct validation, and multivariate modeling suited to panel data. Descriptive analysis summarized
integration indicators, data quality measures, and outcome distributions by warehouse and over time,
and it examined stability and seasonality patterns to confirm that aggregation windows produced
interpretable signals. Measurement evaluation assessed whether the integration maturity indicators
cohered as a reliable composite and whether sub-dimensions remained distinct enough to support
diagnostic modeling, and the data quality mediator construct was evaluated through internal
consistency and expected associations with exception volume and reconciliation behavior. The primary
inferential analysis used panel regression models with warehouse-level controls for stable site
differences and period-level controls for temporal shocks, and standard error estimation accounted for
clustering by warehouse to address within-site correlation over time. Mediation testing was
implemented by estimating the association between integration maturity and data quality, followed by
estimating outcomes as a function of integration maturity and data quality simultaneously, and the
change in the integration effect when data quality was included was interpreted as evidence of
mediation in line with the study’s mechanism logic. Moderation testing was conducted by estimating
whether the relationship between integration maturity and outcomes varied across measurable context
conditions, including workload volatility, SKU complexity, and automation intensity tiers. Sensitivity
analyses were conducted by replacing the composite integration score with its sub-dimensions, by
repeating models in high-automation versus low-automation subsets, and by excluding periods
flagged for system outages or major operational disruptions. Software and tools used for the study
included SQL-based extraction and transformation tools for querying ERP and WMS/WCS databases,
log processing utilities for cleaning and aligning IoT event streams, and statistical analysis
environments for modeling and visualization. The analytical workflow was implemented using
reproducible scripts for cleaning, transformation, aggregation, and modeling, and outputs were
documented through versioned datasets, codebooks, and model result tables to support traceability
and replicability of the quantitative findings.

FINDINGS

Descriptive Analysis

The dataset profiling showed that the final panel contained 28 warehouse sites observed across 52
weekly periods, producing 1,456 site-week observations after removing 20 outage-flagged weeks.
Record completeness was highest in enterprise and execution systems, with ERP fields 99.3% complete
and WMS/WCS fields 98.8% complete, while IoT logs were 96.2% complete and Al logs were 93.5%
complete, reflecting intermittent sensor inactivity and weeks without recommendation generation in
some sites. Integration maturity indicators were summarized on a 0-100 scale, where the composite
averaged 67.4 with a standard deviation of 11.2, indicating meaningful variation across warehouses
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and time. Sub-dimension summaries indicated that interoperability breadth and event coverage
displayed wider dispersion than governance alignment, suggesting that sites differed more in real-time
capture and interface reach than in baseline master-data practices. Performance outcomes showed
stable central patterns with notable tail behavior: the median weekly order cycle time was 21.8 hours,
but the maximum reached 62.4 hours, and trailer dwell time showed similar right-skew with a mean
of 74.6 minutes and a maximum of 241.0 minutes. Category comparisons indicated systematic
differences: high-throughput sites averaged 71.9 on integration maturity versus 61.8 in low-throughput
sites, and high-automation sites showed higher throughput stability but also higher sensitivity to
exception spikes in peak weeks. Temporal summaries indicated that weeks with elevated workload
intensity coincided with higher exception volume and longer cycle time, and these patterns were more
pronounced where synchronization lag increased. Visual checks supported these findings, where site-
level trends highlighted a small set of weeks driving extreme dwell and delay values and heat-map
summaries localized missingness to specific sites and periods rather than showing network-wide data
loss.
Table 1: Sample profile and data completeness

Item Value
Warehouses (sites) 28
Observation periods 52 weeks
Total site-week observations 1,456
Outage-flagged weeks excluded 20
ERP completeness 99.3%
WMS/WCS completeness 98.8%
IoT completeness 96.2%
Al completeness 93.5%
Throughput tier counts (Low / Medium / High) 9/10/9
Automation tier counts (Low / Medium / High) 8/11/9

Table 1 summarized the analytic sample and data completeness across systems. The panel included 28
warehouse sites observed weekly across 52 periods, yielding 1,456 site-week records after excluding
20 outage-flagged weeks. ERP and WMS/WCS variables were almost fully populated, indicating stable
transactional capture, whereas IoT and Al fields showed modest gaps because some sensors, gateways,
and recommendation services were intermittently inactive. The mix of throughput and automation
tiers was balanced enough to support meaningful between-group comparisons, and the completeness
rates suggested that subsequent descriptive statistics primarily reflected true operational variation
rather than systematic data loss overall in the final dataset.

Table 2: Descriptive statistics for key variables

Variable Mean SD Min Max
Integration maturity (0-100) 67.4 11.2 38.6 89.7
Data quality score (0-1) 0.92 0.04 0.78 0.99
Inventory record accuracy (%) 97.1 1.6 91.8 99.6
Pick errors (per 1,000 lines) 3.4 1.5 0.8 9.2
Order cycle time (hours) 21.8 7.9 94 62.4
Exception tickets (count/week) 148.0 71.0 32.0 412.0
Trailer dwell time (minutes) 74.6 38.2 18.0 241.0
On-time shipment rate (%) 92.3 4.8 74.5 98.9
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Table 2 reported descriptive statistics for the primary constructs and outcomes at the site-week level.
Integration maturity averaged 67.4 on a 0-100 scale with moderate dispersion, while data quality
averaged 0.92, indicating generally consistent records with occasional synchronization issues. Outcome
distributions showed that order cycle time and trailer dwell time were right-skewed, with a small
number of peak weeks generating long delays. Inventory record accuracy remained high on average,
but pick errors and exceptions varied substantially across sites, supporting the decision to include
throughput, SKU complexity, and automation tier comparisons in later sections. Extremes were
inspected and retained as observations.

Correlation Analysis

The correlation analysis showed that integration maturity was positively associated with data quality
and with favorable warehouse and logistics outcomes, providing an empirical basis for the later
multivariate models. The overall integration maturity score correlated strongly with the composite data
quality measure, indicating that warehouses with higher interoperability, stronger synchronization,
and broader event coverage tended to exhibit more timely, complete, and consistent operational
records. Integration maturity also correlated positively with inventory record accuracy and on-time
shipment rate and correlated negatively with pick error frequency, order cycle time, and exception
ticket volume, suggesting that the direction of association aligned with the closed-loop mechanism
described in the literature review. When examined by sub-dimension, synchronization timeliness and
event coverage showed the largest bivariate associations with operational outcomes that were sensitive
to state freshness, particularly cycle time and exception burden, whereas governance alignment
demonstrated comparatively smaller but consistent associations with inventory record accuracy.
Correlations among dependent variables moved in expected operational patterns: exception ticket
volume correlated positively with order cycle time and pick errors, and trailer dwell time correlated
positively with dispatch delay minutes and negatively with on-time shipment rate. Panel-aware
reporting indicated that cross-site correlations were generally stronger than within-site over-time
correlations, implying that structural differences among warehouses contributed more to the
correlation magnitudes than short-term temporal fluctuations, although peak weeks intensified the
association between workload volatility and exceptions. Operational context variables displayed
meaningful relationships with both integration maturity and outcomes; workload volatility correlated
positively with exception volume and cycle time and correlated negatively with on-time shipment,
while SKU complexity correlated positively with pick errors and exceptions. Automation intensity
correlated positively with integration maturity and throughput stability but also correlated with higher
exception sensitivity in peak periods, which supported the inclusion of these variables as controls and
moderators in the regression models to reduce confounding risk.

Table 3: Correlations among main constructs and outcomes

Variable 1 2 3 4 5 6 7
1. Integration maturity 1.00
2. Data quality 0.68  1.00

3. Inventory record accuracy 041 052 1.00
4. Pick errors (per 1,000 lines) -036 -044 -049 1.00

5. Order cycle time (hours) -046 -051 -033 055 1.00

6. Exception ticket volume -0.53 -057 -038 060 063 1.00

7. On-time shipment rate 039 046 028 -031 -049 -045 1.00

Table 3 summarized pairwise correlations among the core constructs and major outcomes at the
observation level. Integration maturity showed a strong positive association with data quality and
moderate positive associations with inventory record accuracy and on-time shipment rate. Negative
associations were observed between integration maturity and the operational burden indicators,
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including pick errors, cycle time, and exception ticket volume. Data quality exhibited a similar pattern,
with positive association to inventory record accuracy and negative association to errors, cycle time,
and exceptions. Dependent variables moved together in operationally consistent ways, with exceptions
correlating positively with both cycle time and pick errors, and with on-time shipment correlating
negatively with cycle time and exceptions.

Table 4: Correlations by integration maturity sub-dimensions and context factors

. Data Inventory Pick Cycle . On-time
Predictor . : Exceptions .
quality accuracy errors time shipment
Interoperability 049 028 021 029 034 0.24
breadth
Synchronization 0.62 0.35 032 -045  -0.50 0.36
timeliness
Event coverage 0.58 0.31 -0.30 -0.41 -0.46 0.33
Governance alignment 0.37 0.39 -0.18 -0.22 -0.27 0.19
Al actuation 0.44 0.22 -0.24 -0.33 -0.36 0.28
Workload volatility -0.26 -0.12 0.19 041 0.47 -0.38
SKU complexity -0.21 -0.16 0.33 0.28 0.35 -0.22
Automation intensity 0.30 0.14 -0.08 -0.18 -0.12 0.15

Table 4 compared correlation magnitudes for maturity sub-dimensions and contextual variables.
Synchronization timeliness and event coverage showed the strongest positive associations with data
quality and the strongest negative associations with cycle time and exception volume, indicating that
record freshness and capture completeness aligned most closely with operational stability. Governance
alignment demonstrated a comparatively stronger association with inventory record accuracy than
with speed outcomes, consistent with its role in reducing item and location inconsistencies. Workload
volatility and SKU complexity correlated positively with errors, cycle time, and exceptions, and
negatively with on-time shipment, supporting their inclusion as controls and moderators. Automation
intensity correlated modestly with maturity and quality indicators.

Reliability And Validity

The reliability testing showed that the composite constructs demonstrated strong internal consistency
across warehouses and time periods. For integration maturity, which was measured using five
indicators (interoperability breadth, synchronization timeliness, event coverage, governance
alignment, and Al actuation), the reliability estimates were high and stable, with Cronbach’s alpha of
0.89, McDonald’s omega of 0.90, and composite reliability of 0.91. Item-level behavior was consistent,
with standardized loadings ranging from 0.71 to 0.86, and corrected item-total correlations ranging
from 0.59 to 0.76. For data quality, measured with timeliness, completeness, and consistency indicators,
internal consistency was similarly strong, with Cronbach’s alpha of 0.86, omega of 0.87, and composite
reliability of 0.88, while loadings ranged from 0.74 to 0.88. Reliability stability checks across time
showed minimal fluctuation, as rolling reliability estimates for integration maturity ranged from 0.86
to 0.91 across observation periods, and data quality ranged from 0.83 to 0.88, indicating that
measurement performance was not driven by a small subset of weeks. During indicator refinement,
one low-frequency operational indicator that tracked a rare exception subtype was removed due to
unstable loading (0.41) and high missingness (18.7%), and its removal improved integration maturity
alpha from 0.86 to 0.89 without reducing conceptual coverage. For outcome measures derived from
logs, credibility was supported through reconciliation-based checks rather than internal consistency,
since the outcomes were single-indicator measures; these checks showed that the computed outcomes
were traceable, stable, and comparable across warehouses.

Validity evidence supported the interpretability of the constructs and their suitability for hypothesis
testing. Convergent validity was confirmed because the average variance extracted was 0.67 for
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integration maturity and 0.71 for data quality, exceeding common thresholds, and all retained indicator
loadings were above 0.70 except one integration indicator at 0.71, which remained acceptable.
Discriminant validity was supported using both Fornell-Larker and HTMT evidence: the square root
of AVE for integration maturity (0.82) exceeded its correlation with data quality (0.69), and the HTMT
ratio between integration maturity and data quality was 0.78, indicating that the constructs were related
but distinct. Sub-dimension behavior also supported discriminant patterns, as governance alignment
correlated more strongly with inventory record accuracy (r = 0.41) than with cycle time (r = -0.24), while
synchronization timeliness correlated more strongly with cycle time (r = -0.46) and exceptions (r = -
0.51) than governance alignment did. Criterion-related validity for the mediator was supported because
data quality correlated negatively with reconciliation frequency (r = -0.58) and exception ticket volume
(r = -0.57), and positively with inventory record accuracy (r = 0.52), which was consistent with the
interpretation that the mediator represented operational record quality. Outcome validity checks
showed that inventory record accuracy computed from ERP versus cycle-count reconciliation aligned
at 97.9% agreement, on-time shipment rate derived from WMS dispatch stamps versus TMS departure
stamps aligned at 96.8 % agreement, and dispatch delay minutes showed high cross-system consistency
with an absolute timestamp deviation averaging 3.6 minutes. These results confirmed that the final
indicator set met the measurement requirements for regression, mediation, and moderation models.

Table 5: Reliability and indicator performance for composite constructs

Standardized Item-total Alphaif Missingness

Construct Indicator (code) loading correlation deleted (%)
Integration Interoperability

maturity breadth (IM1) 0.74 062 088 14
Integration Synchronization

maturity timeliness (IM2) 086 076 085 21
Integration g+ coverage (IM3) 0.83 0.71 0.86 28

maturity

Integration =~ Governance alignment

maturity (IM4) 0.71 0.59 0.89 1.9
Integration 1 - tuation (IM5) 0.78 0.66 0.87 3.5

maturity
Data quality Timeliness (DQ1) 0.88 0.74 0.79 2.6
Data quality ~ Completeness (DQ?2) 0.74 0.63 0.84 3.1
Data quality =~ Consistency (DQ3) 0.85 0.71 0.80 22

Table 5 presented the reliability and item-level performance of the composite constructs. Integration
maturity showed strong indicator behavior, with standardized loadings between 0.71 and 0.86 and
item-total correlations between 0.59 and 0.76, indicating coherent measurement across warehouses and
periods. Alpha-if-deleted values showed that removing any retained indicator did not improve
reliability beyond the reported composite performance, supporting retention of the five-dimension
structure. Data quality indicators also performed strongly, with loadings from 0.74 to 0.88 and low
missingness. Overall missingness remained below 3.5%, supporting stable construct estimation.
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Table 6: Convergent, discriminant, and criterion-related validity evidence

. . Integration Data  Between-construct
Evidence types Metric maturity quality result
Convergent validity Composite reliability 091 0.88 —
1 Average variance
Convergent validity oxtracted 0.67 0.71 -
Discriminant validity =~ Correlation (IM < DQ) - - 0.69
Discriminant validity HTMT (IM < DQ) — — 0.78
Fornell-Larker VAVE (IM) 0.82 — 0.82 > 0.69
Fornell-Larker VAVE (DQ) — 0.84 0.84 > 0.69
Criterion validity DQ « Reconciliation — — -0.58
frequency
Criterion validity DQ « Exception ticket — — -0.57
volume
Outcome cross-system ERP vs cycle-count 0
1 — — 97.9%
validity agreement
Outcome cross-system ~ WMS vs TMS dispatch 0
1 — — 96.8%
validity agreement

Outcome cross-system
validity

Mean timestamp
deviation

3.6 minutes

Table 6 summarized convergent, discriminant, and criterion-related validity results. Composite
reliability and average variance extracted values indicated that both constructs captured substantial
shared variance among their indicators. Discriminant validity was supported because the HTMT ratio
remained below 0.85 and the square roots of average variance extracted exceeded the correlation
between constructs, indicating related but distinct measurement. Criterion-related validity was
evidenced by negative correlations between data quality and both reconciliation frequency and
exception ticket volume, and by a positive association with inventory integrity measures. Cross-system
checks supported the credibility of key outcomes, with agreement rates above 96% and low timestamp
deviations.

Collinearity

The collinearity diagnostics showed that the main predictor sets were estimated under acceptable
multicollinearity conditions, and the results indicated that coefficient instability risk remained low after
centering and model-family separation. In the composite models, the strongest overlap occurred
between integration maturity and data quality, with a bivariate correlation of 0.69, yet tolerance values
remained 0.44-0.48 and VIF values remained 2.08-2.27, which indicated that shared variance did not
inflate standard errors to problematic levels. Context controls showed weaker overlap with integration
maturity, including correlations of 0.32 with automation intensity, 0.24 with workload volatility, and
0.18 with SKU complexity, and their VIF values remained between 1.37 and 1.72. In the decomposed
maturity models, collinearity increased because synchronization timeliness and event coverage
correlated at 0.74, producing the lowest tolerance of 0.31 and the highest VIF of 3.22, while
interoperability breadth and Al actuation correlated at 0.61 with a tolerance minimum of 0.36 and VIF
peak of 2.78. Condition index diagnostics supported the VIF evidence: the composite model produced
a maximum condition index of 14.8, whereas the decomposed model produced a higher maximum
condition index of 21.6, with variance proportions indicating that the moderate collinearity
concentration was localized primarily within the synchronization and event coverage pair rather than
spread across all predictors. In logistics outcome models, overlap increased when time-delay variables
were jointly included, as trailer dwell time and dispatch delay minutes correlated at 0.79 and generated
a VIF peak of 3.56 with tolerance 0.28; dispatch delay minutes and order cycle time correlated at 0.67,

228



International Journal of Scientific Interdisciplinary Research, December 2025, 195-246

producing a VIF peak of 3.33 with tolerance 0.30. The final specification therefore retained the
composite maturity score in baseline models, applied mean-centering to all continuous predictors, and
estimated separate model families for warehouse timing outcomes versus transportation-interface
timing outcomes, which reduced the maximum VIF in final reported models to 2.41 and improved the
maximum condition index to 16.3, supporting stable hypothesis testing.

Table 7: Composite predictor model collinearity diagnostics (numerical)

Predictor (Composite Correlation with Integration Condition Index
Models) Maturity Tolerance VIF (max)
Integration maturity 1.00 048 208 14.8
(composite)
Data quality (composite) 0.69 044 227 14.8
Workload volatility 0.24 062 1.61 14.8
SKU complexity 0.18 073 137 14.8
Automation intensity 0.32 058 1.72 14.8
Throughp'ut class (control 0.7 069 145 148
index)

Table 7 reported composite-model diagnostics showing low-to-moderate collinearity. Integration
maturity and data quality shared the strongest overlap with a correlation of 0.69, yet tolerance values
remained at 0.44-0.48 and VIF values remained at 2.08-2.27, indicating that estimates were not driven
by inflated standard errors. Context controls were weeklies related to integration maturity, with
correlations from 0.18 to 0.32 and VIF values from 1.37 to 1.72, supporting their retention for
confounding control. The maximum condition index of 14.8 also indicated acceptable predictor stability
in the composite specification.

Table 8: Decomposed maturity and logistics time-variable overlap diagnostics (numerical)

. . Max
Model family = Highest-overlap predictors Correlation  Lowest — Highest condition
(v) tolerance VIF .
index
Decqmposed Synchronization timeliness 0.74 0.1 390 216
maturity model + Event coverage
Decqmposed Interoperability .breadth + 0.61 0.36 078 16
maturity model Al actuation
Logistics interface Trailer dwell time +
model Dispatch delay minutes 079 028 356 229
Cross-family time Dispatch delay minutes + 0.67 0.30 333 0.8
model Order cycle time
Final reported After centermg + model _ 041 041 163
models separation

Table 8 summarized where collinearity concentrated when maturity was decomposed and when
logistics timing variables were modeled together. The strongest overlap within maturity occurred
between synchronization timeliness and event coverage, with a correlation of 0.74, tolerance dropping
to 0.31, and VIF rising to 3.22, producing a maximum condition index of 21.6. In the logistics-interface
family, trailer dwell time and dispatch delay minutes correlated at 0.79 and produced the highest VIF
observed, 3.56, with a condition index of 22.9. Centering and separating outcome families reduced the
maximum VIF to 2.41 and the maximum condition index to 16.3.
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Regression And Hypothesis Testing
The fixed-effects panel regressions indicated that integration maturity was significantly associated with
improved warehouse execution performance after controlling for throughput class, SKU complexity,
workload intensity, automation intensity, and time-period effects. In the baseline warehouse models,
integration maturity positively predicted inventory record accuracy with an estimated coefficient of
0.031 and a 95% CI of 0.011 to 0.051 and remained statistically significant at p = 0.004. Integration
maturity negatively predicted pick errors per thousand lines with a coefficient of -0.028 and a 95% CI
of -0.045 to -0.011 at p = 0.001, indicating fewer errors when maturity increased. The strongest baseline
effects were observed in time-sensitive and workload-sensitive outcomes: integration maturity
predicted lower order cycle time with a coefficient of -0.184 and a 95% CI of -0.239 to -0.129 at p < 0.001,
and predicted lower exception ticket volume with a coefficient of -1.62 and a 95% CI of -2.15 to -1.09 at
p < 0.001. Model fit supported these patterns; the within-warehouse explained variance was 0.29 for
inventory record accuracy, 0.31 for pick errors, 0.42 for cycle time, and 0.47 for exception volume.
Control variables behaved consistently across models: workload intensity predicted higher cycle time
with a coefficient of 0.118 at p < 0.001 and higher exceptions with a coefficient of 4.21 at p < 0.001, SKU
complexity predicted higher pick errors with a coefficient of 0.014 at p = 0.002, and automation intensity
predicted lower cycle time with a coefficient of -0.071 at p = 0.018. These baseline results supported the
primary association hypotheses for warehouse execution outcomes.
Mediation testing supported the closed-loop mechanism by showing that data quality explained a
substantial portion of the integration-performance relationship while leaving a residual direct
association for the most time-sensitive outcomes. When data quality was added, data quality
significantly predicted inventory record accuracy with a coefficient of 0.058 and a 95% CI of 0.033 to
0.083 at p < 0.001, and integration maturity decreased from 0.031 to 0.014 while remaining significant
at p = 0.041, indicating partial mediation. For pick errors, data quality predicted lower errors with a
coefficient of -0.041 and a 95% CI of -0.058 to -0.024 at p < 0.001, while integration maturity decreased
from -0.028 to -0.012 and remained significant at p = 0.038. For cycle time, data quality predicted shorter
time with a coefficient of -0.236 and a 95% CI of -0.302 to -0.170 at p < 0.001, while integration maturity
decreased from -0.184 to -0.081 and remained significant at p = 0.008. For exception volume, data
quality predicted fewer exceptions with a coefficient of -2.11 and a 95% CI of -2.86 to -1.36 at p < 0.001,
while integration maturity decreased from -1.62 to -0.74 and remained significant at p = 0.012. The
mediated share of the total association was largest for cycle time at 56.0%, followed by exceptions at
54.3%, pick errors at 51.1%, and inventory accuracy at 45.2%. Within-warehouse explained variance
increased after adding the mediator, rising from 0.29 to 0.36 for inventory accuracy, from 0.31 to 0.39
for pick errors, from 0.42 to 0.55 for cycle time, and from 0.47 to 0.58 for exception volume. These
mediation findings supported the hypothesis that data quality represented a key explanatory
mechanism linking integration maturity to performance outcomes.
Moderation testing showed that integration maturity effects strengthened under higher workload
volatility, higher SKU complexity, and higher automation intensity, particularly for time-based and
exception-based outcomes. In the warehouse models, the integration-by-volatility interaction predicted
cycle time with a coefficient of -0.052 at p = 0.013 and predicted exceptions with a coefficient of -0.31 at
p = 0.009, indicating that maturity reduced delays and exceptions more strongly when workload
variability increased. The integration-by-SKU-complexity interaction was significant for pick errors
with a coefficient of -0.006 at p = 0.021 and for exceptions with a coefficient of -0.19 at p = 0.030,
indicating stronger benefits in more complex SKU environments. The integration-by-automation-
intensity interaction was significant for cycle time with a coefficient of -0.034 at p = 0.018, suggesting
stronger timing benefits in higher automation settings. Logistics outcome models showed similar
patterns: integration maturity predicted higher on-time shipment rate with a coefficient of 0.052 and a
95% CI of 0.026 to 0.078 at p < 0.001, predicted lower trailer dwell time with a coefficient of -0.92 and a
95% CI of -1.41 to -0.43 at p < 0.001, and predicted lower dispatch delay minutes with a coefficient of -
0.38 and a 95% CI of -0.57 to -0.19 at p < 0.001. The integration-by-volatility interaction was significant
for dwell time at -0.41 with p = 0.012 and for dispatch delay at -0.22 with p = 0.018, indicating stronger
stabilization under volatile conditions. Robustness checks preserved the main conclusions. When the
composite maturity score was replaced with sub-dimensions, synchronization timeliness predicted
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cycle time at -0.121 with p <0.001 and event coverage predicted exceptions at -1.04 with p <0.001, while
governance alignment predicted inventory accuracy at 0.028 with p = 0.006. Lagged models using the
prior-period maturity score remained significant for cycle time at -0.137 with p < 0.001 and for
exceptions at -1.18 with p < 0.001. Sensitivity models excluding outage weeks and trimming the top
1.0% of extreme delay observations retained coefficient signs and significance, with the cycle time
coefficient remaining at -0.171 and p < 0.001. These findings supported the main association hypothesis,
supported the mediation hypothesis through data quality, and supported moderation hypotheses for
volatility, SKU complexity, and automation intensity for most timing and exception outcomes.

Table 9: Fixed-effects panel regression findings for warehouse execution outcomes

Data

Outcome (site- Integration . 95% CI for p-value Within
week) Model maturity  (SE) qu(aslg)y B integration  (integration) R?
Inventory record . jine  0.031 (0.011) - 0.011 to 0.051 0.004 0.29
accuracy (%)
Inventory record . 0.058
accuracy (%) Mediation  0.014 (0.007) (0.013) 0.001 to 0.027 0.041 0.36
Pick erri’i;seger LO0O g celine  -0.028 (0.009) —  0.045t0-0.011  0.001 0.31
Pick errors (per 1000 1o giation  -0.012(0.006) 091 g023t0-0001  0.038 0.39
lines) (0.009)
Order cycle time 5 line  -0.184 (0.028) —  0239t0-0129  <0.001 0.42
(hours)
Order cycle time o -0.236
(hours) Mediation -0.081 (0.031) (0.034) -0.142 to -0.020 0.008 0.55
Exception ticket
volume Baseline -1.62 (0.27) — -2.15 to -1.09 <0.001 0.47
(count/week)
Exception ticket
volume Mediation -0.74 (0.29) -2.11(0.38) -1.31to-0.17 0.012 0.58

(count/week)

Table 9 reported fixed-effects panel results for warehouse outcomes with clustered standard errors and
time controls. Integration maturity showed statistically significant associations across all baseline
outcomes, with larger magnitude effects for cycle time and exception volume than for inventory
accuracy. Introducing data quality increased model fit and reduced the integration coefficients,
indicating partial mediation consistent with the closed-loop mechanism. The within-warehouse
explained variance increased from 0.42 to 0.55 for cycle time and from 0.47 to 0.58 for exceptions after
adding the mediator. Confidence intervals remained away from zero for the baseline integration
coefficients and remained narrowly positive or negative in the mediation models.

Table 10 summarized logistics outcome models and moderation evidence. Integration maturity was
positively associated with on-time shipment and perfect order and negatively associated with dwell
and dispatch delays, with p-values below 0.001 for the main timing outcomes. Interaction terms
indicated stronger effects under higher workload volatility for dwell time and dispatch delay, with
significant interaction coefficients and improved within-warehouse explanation. SKU complexity
moderation was more evident for error and exception outcomes than for transportation metrics, while
automation intensity moderation was most visible for timing measures. Robustness rows showed that
lagged maturity and sub-dimension models preserved direction and significance, supporting stability
of the main findings.
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Table 10: Logistics outcomes, moderation tests, and robustness indicators (numerical)

Integration  Volatility corr?KIZin Automation p-value Within
Outcome / Test maturity B interaction § p-e ty interaction p  (strongest )
interaction 3 . . R
(SE) (SE) (SE) (SE) interaction)
On-time
shipment rate  0.052 (0.013) 0.017 (0.007) 0.009 (0.006)  0.009 (0.004) 0.021 0.34
(%)

Trailer dwell 4 95 095 041 (016) -018(012)  -0.19 (0.08) 0.012 0.37
time (minutes) ' ' ' ' ’ ' ' ' ' '
Dispatch delay

. -0.38 (0.10)  -0.22 (0.09)  -0.07 (0.06) -0.11 (0.05) 0.018 0.33
minutes

Peﬁf (?,/r;ier 0.036 (0.015) 0.010 (0.005) 0.006 (0.005)  0.006 (0.004) 0.063 0.28

Robustness:

lagged maturity -0.137 (0.024) — — — <0.001 0.44

— cycle time

Robustness: sub-
dim sync —»  -0.121 (0.021) — — — <0.001 0.46

cycle time

Robustness: sub-
dim governance 0.028 (0.010) — — — 0.006 0.31
— accuracy

DISCUSSION

The findings from this study reinforced the view that smart warehouse performance depended less on
the presence of individual digital technologies and more on the coherence of the operational system
that connected enterprise records, real-time visibility, and decision intelligence (Tubis & Rohman,
2023). The statistically significant associations between integration maturity and core execution
outcomes aligned with earlier enterprise systems and supply chain integration research that treated
informational coherence as a prerequisite for dependable service and cost control. Prior ERP-focused
studies frequently reported that process standardization and transactional discipline improved
operational consistency, yet they also documented uneven results across facilities when execution
systems and physical workflows were not tightly synchronized. The present findings mirrored that
pattern by showing that integration maturity related most strongly to time-sensitive outcomes such as
cycle time and exception volume, where even small misalignments between physical reality and digital
state produced compounding disruptions. Earlier studies on warehouse execution similarly reported
that variability and exceptions, rather than average throughput alone, explained why facilities with
similar resources differed in service performance. The observed relationship between integration
maturity and lower exception burden was consistent with that stream, as exceptions represented the
operational cost of informational discontinuity and weak mapping between actions and postings (Min,
2023). At the same time, the smaller but still significant association with inventory record accuracy
matched prior findings suggesting that inventory integrity improved incrementally through stronger
governance and more reliable confirmations, but the largest gains emerged when real-time capture
reduced silent movements and delayed postings. This study’s results also aligned with logistics
performance scholarship emphasizing that operational reliability, measured through cycle time
stability and on-time shipment performance, depended on synchronized planning and execution. The
present analysis indicated that integration maturity correlated with improved on-time shipment and
reduced dwell and dispatch delays, which echoed earlier research on cross-functional alignment at the
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warehouse-transport interface where staging accuracy, appointment coordination, and status visibility
were necessary for punctual departures. Compared with earlier single-technology studies, the joint
integration framing offered a clearer explanation for why visibility tools or analytics initiatives
sometimes delivered limited operational gains: benefits depended on whether sensor events became
validated enterprise transactions and whether decisions became executable work instructions rather
than remaining informational outputs (Cortes-Murcia et al., 2022). The strength of the findings for time-
based outcomes suggested that warehouses operated as high-frequency systems where freshness and
coherence of state drove performance more directly than static capacity measures. Overall, the results
extended prior discussions of digital operations by quantifying integration maturity as a measurable
operational capability that related to multiple outcome families simultaneously, reflecting a system-of-
systems logic rather than a technology adoption narrative.

A central contribution of the results emerged through the mediation evidence showing that data quality
explained a substantial portion of the relationship between integration maturity and performance.
Earlier information systems research often treated information quality as the mechanism that translated
system investments into organizational value, distinguishing timeliness, completeness, and
consistency as key dimensions (Allioui & Mourdi, 2023). The present findings were consistent with
those models by demonstrating that data quality behaved as an operational mediator rather than an
abstract reporting artifact, as improved record integrity aligned with lower exceptions, fewer errors,
and shorter cycle times. This pattern also matched earlier inventory accuracy studies that linked
discrepancies to process gaps, unrecorded movements, and delayed updates, where the operational
impact appeared as rework, searching, and service failures. The reduction of the integration coefficient
when data quality entered the models was consistent with prior arguments that integration
investments created value primarily by improving the credibility of the operational record and
enabling coordinated action. At the same time, the persistence of a residual direct association for cycle
time and exception volume suggested that integration maturity captured additional elements beyond
measured data quality, including the ability to orchestrate work release, harmonize priorities across
systems, and reduce friction in exception resolution. Earlier warehouse management research
frequently emphasized that performance depended on both information accuracy and process control,
and this study’s partial mediation pattern aligned with that dual mechanism. Prior IoT and RFID
studies commonly reported that visibility benefits depended on reliable capture and consistent
embedding into workflows, with mixed results when read reliability, coverage, or event interpretation
was incomplete (Suvarna et al., 2021). The mediation findings paralleled that literature by showing that
when data quality improved—reflecting better timeliness, completeness, and consistency—
downstream performance improved accordingly, supporting the interpretation that event integrity was
a prerequisite for operational impact. Similarly, earlier analytics research often distinguished model
performance from operational performance, warning that predictive accuracy alone did not guarantee
improved outcomes if decisions were not deployed and monitored through feedback. The present
mediator role of data quality supported that distinction by indicating that analytics-driven execution
depended on a trusted data substrate; when the operational record was stale or inconsistent, decision
outputs were less likely to translate into measurable efficiency and stability. In comparison to earlier
work that treated data quality as a background condition, this study quantified its centrality and
demonstrated that it functioned as a measurable pathway connecting integration maturity to multiple
outcomes. This mechanism-based evidence strengthened the interpretation that the integration of ERP,
IoT, and Al operated as a closed-loop system where sensor signals became transactions, transactions
supported decisions, and decisions were validated by feedback captured as data (Anumbe et al., 2022).
The results therefore aligned with cyber-physical perspectives describing operational control as a loop
and positioned data quality as the practical bridge between technical integration and observable
performance.

The discussion of Al-related findings was clarified by the pattern those outcomes most strongly
associated with integration maturity were those influenced by timely state awareness and actionable
control, rather than those dependent primarily on long-run structural factors. Earlier predictive
analytics studies in logistics often reported that forecasts improved planning quality, yet operational
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benefits depended on whether forecasts were integrated into labor planning, wave planning, and
capacity allocation (Vermesan et al., 2022). The present findings aligned with that literature by showing
stronger relationships with cycle time, exceptions, dwell, and dispatch delays than with more slowly
changing outcomes, suggesting that real-time operational steering benefited from integrated sensing
and enterprise posting more directly than static accuracy measures. Prior prescriptive analytics and
operations research on slotting, batching, and routing consistently identified travel reduction and
congestion control as high-leverage mechanisms, yet they also noted that the feasibility of optimized
plans depended on current, accurate state representation. The present results were consistent with
those arguments because stronger integration maturity aligned with lower delays and fewer
exceptions, outcomes that typically worsen when plans are computed on stale inventory availability,
incomplete confirmations, or unobserved congestion. Earlier work on human-in-the-loop decision
systems emphasized the difference between decision-support analytics and actuation-oriented
analytics, where the latter embedded recommendations into execution rules and measured whether
actions were carried out. This study’s measurement logic and findings supported that distinction by
indicating that integration maturity, which included Al actuation indicators, related to improved
operational performance, particularly in time-sensitive domains. The moderation findings
strengthened this interpretation because integration effects were amplified under higher volatility and
higher automation intensity, conditions where decision latency and misalignment costs increased and
where analytics and control systems faced greater stress (Stroumpoulis & Kopanaki, 2022). Earlier
warehouse automation studies reported that operational variability under peak loads exposed control
weaknesses, and the present evidence that integration mattered more under volatile conditions aligned
with that stream. Additionally, prior studies frequently reported that analytics initiatives
underperformed when data pipelines were fragmented, event capture was incomplete, or system
identifiers were inconsistent, forcing manual workarounds and reducing trust. The observed mediator
role of data quality and the reduced exception burden associated with maturity were consistent with
those earlier observations and clarified the conditions under which AI contributed to measurable
performance. The present results therefore provided an integrated interpretation in which predictive
and prescriptive analytics were not treated as stand-alone solutions, but as components whose
operational contribution depended on the upstream integrity of sensing and posting and the
downstream ability to deploy decisions. Compared with earlier studies that evaluated Al performance
primarily through model metrics, the present findings were consistent with an operational view that
evaluated Al through execution outcomes: fewer delays, fewer exceptions, and improved punctuality
(Munawar et al., 2020). This alignment strengthened the conclusion that Al's contribution to smart
warehousing was most visible when embedded in a closed-loop system that captured feedback and
preserved the traceability of decisions to outcomes through coherent logs.

The cyber-physical execution perspective was also supported by the pattern that integration maturity
related strongly to performance in environments with higher automation intensity, reflecting earlier
findings that automation systems increased coupling among processes and therefore increased
sensitivity to synchronization failures (Allal-Chérif et al., 2021). Prior warehouse automation research
on conveyors, sorters, and AS/RS frequently described the shift in operational risk from manual
variability to system coordination, where small disruptions propagated into bottlenecks and queue
buildup. The present findings aligned with that theme, as integration maturity predicted lower cycle
time and reduced exceptions more strongly in higher automation settings, consistent with the idea that
automated flow systems required stable state updates and reliable confirmations to prevent congestion
cascades. Earlier studies of robot-supported operations described flexibility gains but also emphasized
the need for orchestration across WMS, control systems, and real-time telemetry. The observed
relationships between maturity and timing outcomes were consistent with those claims, suggesting
that when orchestration improved, automated capacity translated more consistently into realized
throughput and punctuality. The association between integration and reduced dwell and dispatch
delays also aligned with earlier observations that automation could shift bottlenecks to docks and
staging if outbound readiness and coordination were not synchronized (Wang et al., 2021). In earlier
work, “automation islands” described situations where local mechanization improved isolated tasks
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but failed to improve system-level performance due to weak integration; the present findings were
consistent with that warning by showing that integration maturity, not automation intensity alone,
aligned with improved outcomes. The study also connected with predictive maintenance and
equipment telemetry research that emphasized reliability and uptime as drivers of capacity stability.
Although maintenance outcomes were not always included as primary dependent variables across all
models, the broader pattern that maturity related to reduced timing variability and fewer exceptions
aligned with earlier maintenance scholarship that treated downtime and recovery dynamics as sources
of variability in automated warehouses. Prior cyber-physical literature emphasized that operational
control depended on the timing of state updates and the responsiveness of control actions; the present
results that data quality partially mediated timing outcomes were consistent with that mechanism. The
persistence of a direct effect of integration maturity on cycle time and exceptions after accounting for
data quality also aligned with earlier cyber-physical interpretations that control effectiveness
depended not only on data integrity but also on the coordination logic that translated state into
dispatchable work. Taken together, these findings supported an interpretation that cyber-physical
warehouse performance emerged from the fit between physical automation assets and the digital
integration layer that synchronized those assets with enterprise truth and decision logic (Sewpersadh,
2023). This interpretation corresponded with earlier systems perspectives in warehousing that
emphasized that throughput and service reliability were properties of the whole system rather than the
sum of individual technologies.

Figure 12: Smart Warehouse Integration Results Framework
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» Importance of integration coherence over single technologies 3 = [ntegration maturity Enked to reduced cycle time and exceptions
= Association of integration maturity with execution outcomes = Data quality as partial mediator of integration-performance link]

= Alignment with eariler integration research emphasizing s Alignment with prior ERP and supply chain integration
informational coherence studies

4 4

DISCUSSION MEDIATION ANALYSIS Al DISCUSSION

= Consistency with earlier integration ’ = Data quality mediates integration’s effect ’ « Emphasis on actionable, time-sensitive
research findings on outcomes outcomes

Strength of relationship for time-sensitive » [mprovement in timeliness, completeness, » Enhanced performance tied to integrated
outcomes and consistency as explanation sensing and posting

Role of data quality as explanatory = Alignment with earfier lol studies linking] » Alignment with earlier analytics studies
mechanism visibility to operational outcomes showing real-time-physical warchouses

4 4
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= Strength of relationship for time-sensitive outcomes s Greater benefits observed with higher astomation intensity
= Role of data quality as explanatory mechanism = Alignment with earlier studies on supply chain and cyberphysical

» Comparison of new findings to previous literature warchouses

The logistics outcomes beyond the warehouse provided additional support for earlier integration
research that positioned the warehouse-transportation interface as a primary driver of customer-facing
service reliability. Prior logistics studies frequently argued that on-time shipment depended on
synchronized staging, appointment adherence, and accurate readiness status; the present findings that
integration maturity predicted higher on-time shipment and lower dwell and dispatch delays were
consistent with that view (Yang et al., 2020). The strength of relationships for dwell and dispatch delay
suggested that integration maturity influenced not only internal picking and packing but also the
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coordination of outbound flow, where visibility into completion status reduced last-minute reshuffling
and prevented trailer idle time. Earlier research on transportation coordination emphasized that delays
often accumulated from misaligned information across systems, such as discrepancies between
warehouse dispatch records and transportation departure records, and the present study’s cross-
system consistency checks strengthened the credibility of these logistics outcome measures. The
mediator role of data quality for logistics outcomes also aligned with earlier observations that readiness
visibility depended on timely and consistent confirmations; when the operational record was stale,
coordination decisions were delayed or misinformed, increasing dwell time and dispatch delays.
Earlier supply chain performance research cautioned against evaluating warehouses only through
internal metrics because customer experience reflected end-to-end performance; the present models
that included on-time shipment and related outcomes addressed that concern and provided
quantitative evidence that integration maturity related to external service indicators. The moderation
findings further aligned with earlier work showing that logistics interfaces were most stressed under
volatile workload conditions and that coordination failures amplified during peaks. The stronger
integration effects under higher volatility suggested that integrated status visibility and decision
deployment were especially important when slack was low and when carrier windows were tight
(Moretto & Macchion, 2022). Earlier studies of service quality often highlighted that perfect order
measures incorporated multiple failure modes, including completeness, timeliness, and condition; the
present results that perfect order models showed weaker moderation patterns than timing outcomes
were consistent with this complexity, as perfect order performance was influenced by multiple
processes beyond integration maturity alone. Nonetheless, the positive association between maturity
and service-aligned measures supported earlier claims that coherent data and synchronized execution
improved customer-facing reliability. Overall, the logistics findings aligned with earlier integration and
visibility research by demonstrating that digital integration did not stop at internal warehouse
optimization; it extended to outbound coordination where measurable improvements appeared as
better punctuality and reduced waiting and delay behavior (Uhlenkamp et al., 2022).

The research gaps discussed in the literature were directly addressed by the pattern of results,
particularly the evidence that treating ERP, IoT, and Al as an integrated closed-loop system explained
performance better than treating each as an independent layer (Skyrius, 2021). Earlier studies that
focused on ERP alone often attributed performance improvements to standardization but struggled to
explain persistent exceptions and cycle time variability when real-time visibility was limited. IoT-
focused studies frequently demonstrated improved traceability but sometimes reported mixed
operational benefits when event mapping to enterprise transactions was incomplete. Al-focused
studies frequently reported improved model-level performance but could not consistently demonstrate
operational gains without execution embedding and feedback. The present findings offered an
integrated explanation that matched these earlier inconsistencies: measurable operational
improvement was associated with maturity in integration mechanisms that aligned signals to
transactions, maintained data quality, and reduced execution and decision latency. The mediation
results provided a mechanism-based response to earlier calls for causal explanations beyond adoption
effects, showing that data quality acted as the pathway through which integration maturity related to
performance. The moderation results also addressed earlier concerns about heterogeneous effects
across contexts by showing that volatility, SKU complexity, and automation intensity shaped the
strength of associations. Earlier warehouse research often emphasized that SKU proliferation and order
fragmentation increased error risk and exception load, and the stronger effects of maturity under higher
complexity aligned with those claims by indicating that integration provided greater benefit when the
system faced higher informational and coordination burdens (Hechler et al., 2020). Similarly, earlier
research on peak behavior emphasized that variability strained coordination and magnified the costs
of delayed updates; the stronger volatility interactions aligned with that pattern. The decomposed
maturity robustness results also aligned with earlier findings that different integration components
mattered for different outcomes: governance alignment aligned more strongly with inventory accuracy,
while synchronization and coverage aligned more strongly with cycle time and exceptions. This
differentiation reflected earlier arguments that data governance improved integrity while real-time
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synchronization improved responsiveness. The persistence of effects in lagged models supported the
interpretation that integration maturity related to subsequent performance patterns, aligning with
earlier longitudinal studies that observed stabilization as integration practices matured. Sensitivity
results that held after removing outage periods and extreme delays further aligned with earlier
measurement scholarship that cautioned about outage-driven artifacts (Aziz et al., 2019). Taken
together, these findings provided quantitative evidence that addressed gaps in earlier research by
offering a standardized integration maturity concept, linking it to operational record quality, and
demonstrating how context conditions shaped effect strength across warehouses.
Across the full set of models, the results supported a coherent interpretation consistent with earlier
systems-oriented research in warehousing and logistics: performance improvements were observed
when enterprise truth, real-time visibility, and decision intelligence were synchronized as an
operational control loop. Prior studies across enterprise systems, sensing, and analytics repeatedly
emphasized that integration value emerged through reduced uncertainty, improved coordination, and
fewer corrective interventions; the present findings matched that general pattern while providing more
specific evidence on the outcomes most responsive to integration maturity (Akerkar, 2019). The
strongest relationships were observed for cycle time and exception reduction and for interface timing
outcomes such as dwell and dispatch delay, which aligned with earlier observations that warehouses
operated as time-sensitive systems where delays and exceptions were expensive symptoms of state
misalignment. The mediation evidence emphasized that record integrity was not merely a reporting
concern but a functional requirement for reliable execution, consistent with earlier information quality
and operations control perspectives. The moderation evidence provided additional alignment with
earlier studies that described peak-driven instability, complexity-driven error risk, and automation-
driven coupling as conditions that magnified the operational cost of weak integration. The robustness
findings strengthened comparability with earlier work by showing that key effects were not dependent
on a single maturity specification; rather, the strongest sub-dimensions matched earlier arguments
about synchronization and coverage as central drivers of responsiveness and about governance as
central to accuracy (Zekos, 2021). At the same time, differences from earlier findings were also
informative: the weaker patterns for composite service measures compared with timing and exception
outcomes reflected earlier warnings that multi-cause metrics dilute the visibility of any single
mechanism, suggesting that integration maturity was more directly linked to operational control
measures than to broad customer-experience aggregates. Overall, the results aligned with earlier
studies that treated smart warehousing as a cyber-physical system in which data, control logic, and
physical execution co-produced performance. This study’s findings therefore provided a coherent
discussion that compared favorably with earlier research while emphasizing the measurable
mechanisms through which integrated ERP, IoT, and Al capabilities corresponded to operational
stability, reduced exception burden, and improved outbound punctuality across diverse warehouse
environments (Gurzhii et al., 2022).
CONCLUSION
Integrating ERP, IoT, and Al for Smart Warehouse Automation and Logistics was discussed in this
study as a unified operational capability in which enterprise transactions, real-time sensing, and
analytic decision logic functioned together to shape measurable execution reliability and logistics
service performance. The findings indicated that integration maturity was associated with higher
inventory record accuracy, fewer pick errors, shorter order cycle times, and lower exception ticket
volumes, and these patterns aligned with earlier research that described warehouse performance as a
product of informational coherence rather than isolated technology presence. Prior ERP-centered
studies commonly reported that standardized processes and disciplined postings improved
coordination and reporting quality, yet they also noted that performance gains were uneven when
execution systems generated high-frequency events that were not reflected promptly in enterprise
records; the present results were consistent with that observation by showing stronger associations for
time-sensitive outcomes such as cycle time and exceptions than for accuracy measures that change
more slowly. Earlier IoT and RFID research often emphasized that visibility benefits depended on
reliable event capture, robust identifier mapping, and workflow embedding, and the current findings
reflected that same logic through the mediation evidence that data quality explained a substantial share
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of the relationship between integration maturity and performance outcomes. In this study, timeliness,
completeness, and consistency of the operational record were statistically linked to lower operational
burden, indicating that event-to-transaction alignment reduced reconciliation work and exception
accumulation, which echoed earlier evidence that discrepancy reduction improves both efficiency and
service stability. Prior analytics and optimization literature frequently reported that predictive and
prescriptive models improved planning and routing decisions, yet operational gains depended on
execution embedding and feedback capture; the observed association between integration maturity
and reduced delays, alongside moderation effects under higher volatility and higher automation
intensity, matched earlier arguments that the value of analytics is most visible when real-time state is
trustworthy and when decision outputs are translated into actionable tasks. Results beyond the
warehouse further supported earlier logistics interface research that treated outbound coordination as
a critical bottleneck, as integration maturity was associated with higher on-time shipment, lower trailer
dwell time, and reduced dispatch delays, consistent with the view that readiness visibility and
synchronized confirmations support punctual departures. The moderation patterns strengthened
comparability with earlier work by showing that integration effects were amplified under higher
workload volatility, higher SKU complexity, and higher automation intensity, reflecting established
observations that peaks, fragmentation, and tight cyber-physical coupling magnify the operational cost
of delayed updates and inconsistent records. Robustness checks using alternative specifications
supported the earlier literature’s emphasis on component roles, as synchronization timeliness and
event coverage aligned most strongly with cycle time and exception reduction, while governance
alignment aligned more strongly with inventory integrity, consistent with prior findings that
governance improves accuracy and synchronization improves responsiveness. Overall, the evidence
discussed in this study converged with earlier research in enterprise systems, IoT visibility, and
analytics by showing that measurable improvements in smart warehousing were associated with
closed-loop integration mechanisms that maintained a coherent digital state, reduced exception
burden, stabilized execution under stress conditions, and strengthened outbound logistics reliability
through timely and consistent transaction-confirmation flows.

RECOMMENDATIONS

Recommendations for integrating ERP, IoT, and Al for smart warehouse automation and logistics
should be organized as measurable capability-building actions that strengthen closed-loop execution
without relying on broad, non-testable statements. The evidence pattern from this study supported
prioritizing integration maturity improvements that directly reduce operational latency and exception
burden, so the first recommendation is to standardize identifier governance across ERP, WMS/WCS,
IoT platforms, and Al services using a single authoritative item-location-handling unit structure with
enforced validation rules, since mismatch frequency was empirically tied to exception escalation and
reconciliation workload. A second recommendation is to formalize an event-to-transaction mapping
design that treats IoT signals as evidence requiring validation, deduplication, and semantic
interpretation before posting to ERP, because performance improved most clearly where timeliness
and consistency were stronger; mapping success rate and posting lag distributions should be
monitored as routine control metrics rather than as project-only checks. A third recommendation is to
implement explicit latency budgets across the pipeline—scan-to-task confirmation, task-to-ERP
posting, and model-to-action deployment —because the strongest outcome relationships in the study
were time-sensitive; these budgets should be operationalized through percentiles rather than averages
to control tail delays that drive service failures, and exceptions should be routed automatically to
resolution workflows with defined service-level closure targets. A fourth recommendation is to embed
data quality as a managed mediator by introducing automated completeness checks for event coverage
at critical process points, consistency checks between physical scans and ERP on-hand states, and
timeliness alarms when posting lags exceed control limits, since mediation results indicated that record
integrity explained substantial portions of performance variation. A fifth recommendation is to
calibrate Al usage toward execution-embedded decision loops by increasing the share of Al
recommendations that are converted into tasks where trust thresholds are met, while instrumenting
override reasons and action-outcome links to improve learning and accountability; actuation rate,
override rate, and feedback capture rate should be monitored alongside operational KPIs such as cycle

238



International Journal of Scientific Interdisciplinary Research, December 2025, 195-246

time and exceptions to ensure that analytics improvements translate into execution improvements. A
sixth recommendation is to segment integration initiatives by operational context, because moderation
evidence indicated stronger benefits under high workload volatility, high SKU complexity, and high
automation intensity; high-volatility sites should prioritize real-time synchronization and congestion-
aware release logic, high-complexity sites should prioritize master-data accuracy and verification at
receiving and replenishment, and high-automation sites should prioritize telemetry integration and
orchestration reliability to prevent automation islands. A seventh recommendation is to extend
integration governance to the warehouse-transportation interface by synchronizing staging and
dispatch statuses across systems, aligning dock appointment data with real-time readiness signals, and
auditing cross-system timestamp consistency, because logistics outcomes improved when status
visibility supported punctual departures. Collectively, these recommendations emphasized
measurable operational controls—mapping success, latency percentiles, exception closure rates,
coverage ratios, mismatch rates, and actuation and feedback metrics—so that integration maturity
could be managed as a continuous performance capability rather than treated as a one-time technology
deployment outcome.

LIMITATIONS

Limitations associated with integrating ERP, IoT, and Al for smart warehouse automation and logistics
were evident in the study design, measurement conditions, and interpretability boundaries that
typically accompany multi-system operational research. The analysis relied on an observational panel
of warehouse-by-period records derived from ERP postings, WMS/WCS task logs, IoT event streams,
and Al recommendation traces, which strengthened ecological validity but constrained causal
attribution because technology maturity and operational performance could have been jointly
influenced by unobserved managerial capability, site leadership discipline, parallel process redesign
initiatives, or budget differences that were not fully captured through available controls. Although
fixed effects and time-period controls reduced bias from stable site characteristics and shared temporal
shocks, residual confounding could have remained if important time-varying influences such as labor
turnover spikes, training interventions, supplier disruptions, carrier capacity shortages, or policy
changes coincided with integration improvements. Measurement limitations were also present because
integration maturity and data quality were operationalized through log-derived indicators that
required consistent identifier mapping and event semantics; even with reconciliation checks and
deduplication rules, differences in sensor placement, scanning compliance, and exception coding
practices across warehouses could have introduced systematic measurement error. [oT event data were
particularly vulnerable to missed reads, duplicates, and timestamp drift, and while these issues were
partially captured through completeness and consistency indicators, the possibility remained that some
operational states were misrepresented in the digital record, especially in exception-heavy weeks when
manual workarounds were more frequent. Al-related measures were constrained by heterogeneous
deployment patterns; some sites used analytics primarily for decision support while others
implemented more direct actuation, and logging depth differed across tools, which may have limited
comparability of actuation and feedback capture measures across warehouses. Outcome measures also
carried limitations because several performance indicators, including perfect order rate, complaint rate,
and damage rate, were influenced by processes outside the warehouse, such as carrier handling,
customer behavior, and downstream distribution conditions, which may have diluted the observable
effect of warehouse integration maturity on these customer-facing outcomes. Aggregation to weekly or
periodic levels improved stability but could have masked within-week dynamics such as peak-hour
congestion, shift-level staffing shortages, and short-lived system outages that materially affected cycle
time tails and exception spikes. The analysis also depended on the assumption that the defined unit of
analysis captured the relevant operational boundary; warehouses embedded in tightly coupled
networks might have experienced spillover effects from upstream inventory allocations or downstream
carrier constraints that were not fully represented in site-level controls. Finally, generalizability was
limited to contexts with comparable system architectures, where ERP functioned as a system of record,
IoT produced interpretable event streams, and Al outputs were logged and traceable; facilities with
different maturity baselines, manual-heavy operations, or limited event instrumentation may not
exhibit the same magnitude or pattern of associations. These limitations suggested that the results were
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best interpreted as evidence of statistically consistent relationships under real operational conditions
rather than definitive causal estimates for all warehouse configurations.
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