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Abstract 

This study addresses a practical problem in large-scale fulfillment: organizations 

invest in AI-powered robotics yet often fail to see reliable gains in efficiency, 

cost, and service because orchestration across cloud and enterprise systems is 

uneven. The purpose is to quantify how adoption of AI-robotic warehousing 

relates to operational efficiency, cost per order, and supply chain performance, 

and to test whether systems integration and workforce capability condition 

those effects. We use a quantitative, cross-sectional, case-based design across 

24 cloud-enabled enterprise warehouse cases with 268 respondents and 

harmonized KPIs. Key variables include AI-robotics adoption, systems 

integration, workforce capability, operational efficiency lines per labor hour, 

order cycle time, picking accuracy, cost per order, and on-time-in-full. The 

analysis plan combines descriptive statistics and correlations with hierarchical 

OLS, moderation via centered interactions Adoption × Integration and 

Adoption × Workforce, mediation through operational efficiency using 

bootstrap confidence intervals, and robustness checks with KPI-level models, 

site-clustered errors, and leave-one-site-out tests. Headline findings show 

adoption is positively associated with efficiency β = 0.28, p < .001 and the effect 

strengthens with higher integration βinteraction = 0.12, p = .003; efficiency is 

linked to lower log cost per order β = −0.31, p < .001 and higher supply chain 

performance β = 0.27, p < .001; indirect effects from adoption to cost and 

service through efficiency are significant and grow with integration, with a 

practical integration threshold around 3.4 on a five-point Likert scale. 

Implications are to treat robotics as a data-centric control system, prioritize 

governed APIs and low-latency event flows, instrument KPI lineage, and invest 

in role-based training to translate algorithmic potential into sustained cadence 

and quality. 
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INTRODUCTION 

Artificial intelligence (AI)–powered robotics refers to autonomous or semi-autonomous machines 

whose perception, decision-making, learning, and control are guided by algorithms that emulate 

facets of human intelligence and adapt behavior to structured and unstructured environments. In 

large-scale warehouses, these systems include robotic mobile fulfillment systems (RMFS), 

automated guided vehicles (AGVs), robotic picking stations, and collaborative robots that support 

human workers in storage, retrieval, and sortation tasks. Warehousing constitutes a backbone 

function in global supply chains, connecting upstream production with downstream distribution, 

and it absorbs sizable operational expenditures for fast-growing sectors such as e-commerce and 

retailing. Classic operations research has long established that order picking alone accounts for 

the majority of warehouse operating costs and cycle time variability, making it a prime lever for 

improving throughput, service levels, and cost performance (Koster et al., 2007). 

 

Figure 1: AI-Powered Robotics and Data-Driven Efficiency in Warehouse Operations 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Contemporary literature places these micro-level design and control problems within broader, 

international performance frameworks that link warehouse process innovation to firm-level 

productivity, service quality, and competitiveness (Gu et al., 2010). Empirical economics also 

documents that robotics adoption contributes to productivity growth at the country–industry level, 

underscoring the macroeconomic salience of automation decisions made by individual firms 

(Graetz & Michaels, 2018). Taken together, the international significance of AI-powered robotics in 

warehousing emerges from the convergence of classical design principles and modern data-

driven decision support: parts-to-picker systems reduce worker travel, algorithmic storage 

assignments compress retrieval times, and instrumented assets expose high-frequency data that 

feed descriptive statistics and inferential models used by managers especially in cross-sectional, 

case-based studies of warehouse networks spanning multiple countries and markets (Boysen et al., 

2017b; Sanjid & Farabe, 2021). 

The performance implications of warehouse design have been systematized in reviews that 

categorize decision domains such as layout, storage assignment, routing, batching, and zoning, 

each with measurable impacts on travel distance, congestion, and station (Omar & Rashid, 2021; 

Venkatesh et al., 2012). For automated and semi-automated facilities, surveys of automated 

storage and retrieval systems (AS/RS) and shuttle-based designs describe how move sequencing, 

dwell management, and resource coordination determine realized throughput under stochastic 

demand (Zaman & Momena, 2021; Roodbergen & Vis, 2009). At the same time, the diffusion of 

RMFS popularized by the Kiva/Amazon paradigm introduces new operational decisions for rack 

assignment, pod selection, and station balancing that reshape canonical picker-to-parts logic (Lim 

et al., 2013). E-commerce exacerbates these effects by increasing the number of small, time-critical 

orders, raising the premium on systems that scale by adding robots and dynamically reallocating 
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inventory (Kang & Gershwin, 2005; Mubashir, 2021). From a measurement standpoint, multi-criteria 

performance models emphasize not only output rates and lead times but also labor ergonomics 

and safety, which inform the design of human–robot workflows and the evaluation of trade-offs 

between cycle time and worker discomfort (Rony, 2021; Staudt et al., 2015). These literatures 

converge on the idea that AI-enabled robotic control, storage policies, and queuing-based 

coordination can be parameterized and tested using descriptive statistics and regression models 

on warehouse-level datasets, making the topic well-suited for a quantitative, cross-sectional, case-

study–based research design. 

Digital traceability technologies such as RFID and IoT complement robotics by increasing the 

visibility and accuracy of inventory states that drive planning and control. Field experiments and 

quasi-experimental studies in retail and distribution contexts show that RFID can reduce inventory 

record inaccuracy (IRI), improve on-shelf availability, and mitigate the adverse effects of SKU 

variety and velocity on execution quality (Hardgrave et al., 2013; Zaki, 2021). Economic assessments 

and systematic reviews document conditions under which RFID investments deliver value along the 

FMCG supply chain and in warehouse operations, with benefits mediated by baseline error rates, 

process design, and data integration quality (Bottani & Rizzi, 2008; Hozyfa, 2022). IoT-based 

warehouse management systems capture real-time location and state data from equipment and 

goods, enabling dynamic slotting, exception handling, and predictive maintenance that 

complement robotic task allocation (DeHoratius & Raman, 2008; Arman & Kamrul, 2022). These 

data act as inputs to performance dashboards and statistical process control, strengthening the 

empirical basis for regression models that link technology adoption to operational outcomes such 

as lines picked per labor hour, order cycle time, and picking accuracy. Because large-scale 

facilities frequently operate across borders and supplier networks, the international significance of 

accurate, timely data grows with geographic dispersion and product complexity, providing a 

rationale for integrating RFID/IoT visibility and AI-robotic actuation within a single analytical and 

control architecture (Boysen et al., 2017; Hasan & Omar, 2022). 

The objective of this study is to rigorously quantify how integrating AI-powered robotics in large-

scale warehouse management relates to measurable improvements in operational efficiency, cost 

reduction, and supply chain performance, while explicitly accounting for systems integration and 

workforce capability as shaping factors. Specifically, the study aims (1) to develop and validate a 

multi-construct measurement instrument that captures the breadth and intensity of AI-robotics 

adoption, the level of integration with warehouse management and execution software, and the 

degree of workforce capability through structured Likert five-point items; (2) to compile a 

harmonized repository of site-level key performance indicators including order cycle time, lines 

picked per labor hour, picking accuracy, dock-to-stock time, unit handling cost, rework/returns 

cost, and on-time in-full shipment rate suitable for descriptive statistics, correlation analysis, and 

regression modeling across a cross-section of warehouses; (3) to estimate the direct association 

between AI-robotics adoption and operational efficiency using hierarchical regression models that 

control for warehouse size, SKU complexity, average daily orders, WMS maturity, product mix, and 

region; (4) to examine whether improvements in efficiency are associated with reductions in cost 

per order and with enhanced supply chain performance outcomes, thereby quantifying 

efficiency-linked pathways; (5) to test whether systems integration and workforce capability 

moderate the adoption–efficiency relationship by introducing centered interaction terms and 

evaluating changes in explained variance and parameter significance; (6) to assess mediated 

effects by estimating indirect paths from adoption to cost and supply chain performance through 

operational efficiency using nonparametric bootstrap confidence intervals; (7) to evaluate 

robustness via alternative outcome specifications, winsorization of outliers, clustered standard errors 

at the site level, and checks for multicollinearity, heteroskedasticity, and influential observations; 

and (8) to present an interpretable, practitioner-oriented model that reports effect sizes, 

confidence intervals, and incremental explanatory power for managerial variables under the 

constraints of a cross-sectional, case-study–based design. Collectively, these objectives establish a 

transparent, replicable empirical protocol that links clearly defined technology, integration, and 

workforce constructs to standardized performance indicators, enabling precise estimation of 

relationships and contingencies that are central to decision-making in large-scale warehouse 

operations. 
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LITERATURE REVIEW 

The literature on warehouse automation and data-driven operations has evolved from classical 

analyses of layout, storage assignment, batching, and routing toward a richer socio-technical view 

that links physical automation with digital integration, human capabilities, and performance 

measurement. Foundational studies establish that order picking dominates operating cost and 

variability, motivating technologies that reduce travel and compress cycle time; subsequent work 

on automated storage and retrieval, shuttle systems, and robotic mobile fulfillment reframes these 

levers as design choices within parts-to-picker and goods-to-person architectures. Parallel streams 

examine sensing and visibility RFID and IoT as enablers of accurate, real-time state information that 

improves replenishment, slotting, exception handling, and predictive maintenance, thereby 

complementing robotic scheduling and execution control. Human–robot interaction research 

adds ergonomic and behavioral dimensions, emphasizing that throughput gains depend on how 

workflows, training, and safety practices align with automation intensity. Information systems 

scholarship contributes a capability perspective, arguing that integration quality particularly 

between WMS/WES/ERP and robotic controllers conditions whether technical assets translate into 

operational and financial outcomes. Across these streams, performance models converge on a 

common set of indicators throughput, order cycle time, picking accuracy, cost per order, dock-to-

stock time, and service metrics such as on-time in-full yet measurement heterogeneity persists: 

studies differ in constructs (adoption breadth versus depth), levels of analysis (station, facility, multi-

site network), and research designs (simulation, field cases, surveys, panel data). This heterogeneity 

complicates causal inference but opens opportunities for cross-sectional, case-study–based 

designs that pair standardized Likert scales with archival KPIs to estimate direct, moderated, and 

mediated relationships among adoption, integration, workforce capability, efficiency, cost, and 

supply chain performance. Notably, emerging work highlights interactions e.g., integration and 

workforce capability amplifying the effect of robotics on efficiency and pathways in which 

efficiency improvements precede cost and service gains, suggesting multi-equation modeling. At 

the same time, concerns about common method bias, endogeneity, and generalizability call for 

careful instrument design, multiple data sources, and robustness checks. Taken together, the 

corpus supports a structured review organized around four themes: (1) AI-powered robotics 

technologies and warehouse design logics, (2) systems integration and data interoperability, (3) 

operational and cost outcomes with validated KPIs, and (4) supply chain performance models and 

human factors. This structure synthesizes mechanisms, measurement, and methodological 

practices while surfacing gaps that the present study addresses with a unified empirical protocol. 

AI-Powered Robotics in Warehouse Operations  

AI-powered robotics in warehouse operations has evolved from foundational material-handling 

automation toward tightly orchestrated, data-driven intralogistics that integrate perception, 

planning, and control. Early automated guided vehicle (AGV) deployments clarified core design 

and control problems guide-path topology, fleet sizing, routing, battery management, and 

deadlock avoidance that remain relevant as mobile robots become more autonomous and 

algorithmically coordinated. These design levers map directly to warehouse performance 

constraints such as congestion, travel distance, and station utilization, and they underpin how AI 

policies now allocate tasks across heterogeneous fleets (Gharehgozli & Zaerpour, 2020; Le-Anh & 

De Koster, 2006). In parallel, automated storage and retrieval systems (AS/RS) and shuttle-based 

variants reframed the traditional picker-to-parts paradigm into goods-to-person architectures 

capable of high throughput with small, fast-moving orders. Analytical and simulation studies on 

multi-shuttle systems established how retrieval sequencing, dwell policies, and the number of 

shuttles per aisle change cycle times and buffer behavior, insights that later informed AI controllers 

for dynamic slotting, pod repositioning, and fine-grained queue management. This lineage shows 

that today’s AI-enabled robots do not replace classical intralogistics theory; they absorb it 

implementing routing heuristics, queuing approximations, and travel-time models in real time and 

then extend it with learning-based perception and predictive scheduling (Mohaiminul & Muzahidul, 

2022). In large-scale warehouses, these capabilities are orchestrated by Warehouse 

Execution/Management Systems (WES/WMS) that synchronize robots, human pickers, and 

automated subsystems under volatile, multi-SKU demand. The result is a control problem in which 

AI assigns missions, reorders priorities, and balances stations while respecting physical constraints 

such as aisle geometry and lift capacities. This synthesis classical optimization meeting data-centric 

autonomy defines the modern problem space for robotic intralogistics and motivates empirical 

https://ijsir.org/index.php/IJSIR/index
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evaluation of its efficiency and cost effects in high-volume facilities (Le-Anh & De Koster, 2006). 

 

Figure 2: AI-Powered Robotics in Warehouse Operations 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Within that space, robotic mobile fulfillment systems (RMFS) represent a canonical AI-robotic design 

for e-commerce and omnichannel operations. Instead of dispatching pickers to storage locations, 

autonomous robots bring movable shelves (“pods”) to stationary workstations where humans or 

robotic arms perform pick/put operations. This inversion of travel fundamentally alters bottlenecks 

(Omar & Ibne, 2022): picker walking time is largely eliminated, while pod sequencing, station 

balancing, and storage density become first-order drivers of throughput and order completion 

times. Queueing and discrete-event models of RMFS quantify how inventory assortment, pod 

popularity, and the number of robots per station influence capacity, and they offer closed-form or 

efficiently computable performance estimates that planners can use to size fleets and design 

layouts (Hasan, 2022). Crucially, these models move beyond stylized assumptions by encoding 

realistic travel paths, acceleration profiles, and blocking effects that drive interference among 

robots in narrow aisles. From a managerial perspective, RMFS enables modular scaling: adding 

robots can raise effective capacity up to a congestion threshold, after which AI scheduling and 

intelligent storage assignment dominate marginal performance gains (Gharehgozli & Zaerpour, 

2020; Mominul et al., 2022). This reinforces the need to jointly consider hardware (fleet and stations) 

and software (decision rules) when predicting benefits. It also elevates the role of data: telemetry 

on pod visits, pile-on (picks per pod visit), and station idle time provides empirical inputs for 

descriptive statistics, correlation analysis, and regression modeling at the facility level(Rabiul & 

SPraveen, 2022). As enterprises replicate RMFS across sites, cross-sectional analyses can benchmark 

adoption intensity and control quality against standardized key performance indicators (KPIs) such 

as lines per labor hour, order cycle time, picking accuracy, and dock-to-stock time, creating a 

consistent evidentiary base for evaluating AI-robotic returns at scale (Lamballais et al., 2017; 

Farabe, 2022). 

The operational intelligence of AI-powered warehousing emerges most clearly in decision rules and 

scheduling policies that govern who does what, when, and where. Simulation and optimization 

studies show that rule choices for order assignment, pod selection, and pod storage assignment 

are not interchangeable (Roy, 2022): some rules primarily affect unit throughput and order lateness, 

while others reduce robot travel or stabilize workstation loads. AI controllers can implement hybrid 

or adaptive policies switching rules as demand mixes shift to sustain performance under volatile 

arrivals (Rahman & Abdul, 2022). On the execution side, robot-level scheduling for pod retrieval 

and return is often cast as variants of traveling-salesman or vehicle-routing problems with 

precedence, time windows, and station-specific priorities; solving these efficiently shortens robot 

tour lengths, reduces interference, and increases effective station service rates (Lerher et al., 2010; 

Razia, 2022). At scale, small improvements in retrieval sequencing can compound into meaningful 
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reductions in cycle time and labor exposure, especially when stations are the gating resource. 

These findings underscore two practical points for large warehouses: first, the measurable benefits 

of AI-robotics hinge on selecting and tuning decision rules aligned with the facility’s SKU profile and 

service goals (Zaki, 2022); second, integrated scheduling that co-optimizes order priorities and 

robot tours outperforms siloed heuristics that treat picking and transport separately. For empirical 

research, these policies translate into measurable covariates e.g., rule families, priority weights, or 

solver classes that can be linked to KPIs through regression, enabling analysts to isolate the 

contribution of algorithmic control from hardware quantity or layout alone (Kanti & Shaikat, 2022). 

This decision-centric view of AI-robotics clarifies why two warehouses with similar fleets can exhibit 

very different outcomes and highlights the moderating roles of systems integration and workforce 

proficiency when deploying intelligent fulfillment at enterprise scale (Danish, 2023; Merschformann 

et al., 2019). 

Systems Integration and Data Interoperability 

In large-scale warehouses, the performance of AI-powered robotics depends as much on the 

connectivity tissue binding systems together as on the robots themselves. Integration spans the 

transactional core (ERP), execution layers (WMS/WES), and operational technologies (robot 

controllers, PLCs, sensors), stitched via APIs, event streams, and middleware that manage identity, 

synchronization, and error handling. Data interoperability is the precondition for this orchestration: 

shared definitions for items, locations, units of measure, work orders, and exceptions must remain 

consistent as messages traverse services that plan, allocate, and confirm tasks. Practically, this 

means harmonized master data, canonical message schemas, consistent timestamps, and 

governed state machines across inventory, orders, and equipment (Arif Uz & Elmoon, 2023). When 

these elements align, allocation logic can consider both human and robotic capacity, WES can 

push mission queues that reflect real-time constraints, and KPI telemetry can close the loop from 

sensing to scheduling. Conversely, brittle point-to-point links and inconsistent semantics generate 

latency, duplicate transactions, and reconciliation overhead that erode the very gains robotics 

promise. Enterprise integration research characterizes this challenge as coordinating 

heterogeneous applications and organizational boundaries; it argues that standardized interfaces 

and shared ontologies reduce coupling and enable evolvability capabilities essential for scaling 

AI-robotic fleets across networks of sites with different vendor stacks and legacy constraints 

(Muhammad & Redwanul, 2023; Panetto & Molina, 2008). Supply-chain integration scholarship 

further suggests that integration is multidimensional information, operational, and relational and 

that achieving internal and external integration improves service and cost outcomes, implying that 

robotics must be embedded in broader integration programs that include suppliers and 

downstream partners (Flynn et al., 2010; Razia, 2023). 

 

Figure 3: Systems Integration and Data Interoperability in AI-Powered Warehousing 

 

 
 

At the analytics edge, interoperability ensures that the high-frequency telemetry generated by 

robots, conveyors, and pick stations can be exploited in planning and control. Business analytics 
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studies show that data availability, quality, and timeliness mediate the link between digital 

investments and performance; in warehousing, this translates to capturing event-level 

confirmations (arrivals, picks, putaways), queue lengths, travel paths, and exception codes in 

schemas amenable to streaming analytics and prescriptive scheduling. When these data flow 

consistently into the WMS/WES, AI controllers can re-prioritize waves, re-slot inventory, and 

rebalance stations with awareness of backlog and resource contention (Reduanul, 2023). Data 

governance versioning of schemas, lineage tracking, and master-data stewardship reduces drift 

that otherwise undermines model accuracy and complicates cross-site benchmarking. 

Importantly, analytics only becomes action when decision rules are callable within the execution 

layer; this demands tight API contracts and idempotent operations so that recommendations can 

be applied, rolled back, and audited without corrupting transaction integrity. In cross-sectional 

empirical designs, these integration properties can be operationalized as constructs API coverage, 

event latency, schema conformity linked to outcome variables such as order-cycle time and cost 

per order to quantify their marginal contributions net of hardware scale. Findings from business-

analytics research reinforce this modeling strategy by positing that analytics capabilities data 

management, analytical techniques, and decision processes translate into measurable supply-

chain performance improvements when embedded in operational workflows, precisely the 

pattern targeted by AI-robotic orchestration in warehouses (Sadia, 2023; Trkman et al., 2010). In 

parallel, supply-chain integration evidence indicates that firms with deeper internal process 

integration and stronger external collaboration exhibit higher performance, a signal that 

interoperability beyond the four walls (e.g., ASN quality, carrier EDI/API reliability) conditions the 

realized gains from intralogistics automation (Huo, 2012; Srinivas & Manish, 2023). 

Operational and Cost Outcomes 

Operational and cost outcomes of AI-powered robotics in warehouses are best understood 

through standardized key performance indicators (KPIs) that translate physical flow changes into 

measurable efficiency and financial effects. In picker-to-parts environments, classical planning 

decisions (batching, routing, zoning) already condition travel time and station utilization; 

combining these decisions coherently is associated with marked improvements in throughput and 

service reliability (Gils et al., 2018; Zayadul, 2023). In robotic or goods-to-person settings, the same 

logic applies but with different levers: pod sequencing, station balancing, and interference control 

among mobile agents. To tie these levers to outcomes, this study adopts a compact KPI set: (1) 

lines per labor hour (LLH), (2) order cycle time (OCT), (3) picking accuracy (%), (4) dock-to-stock 

time, and (5) cost per order (CPO). LLH captures productivity by normalizing output to direct labor 

exposure; OCT reflects the customer-facing timeliness of fulfillment; accuracy links directly to quality 

cost; dock-to-stock gauges inbound responsiveness that constrains downstream picking; and CPO 

consolidates operating costs into a normalized financial metric. For empirical estimation, a facility’s 

productivity and cost structure can be summarized as 

 

LLH =
Direct Labor Hours

Total Picked Lines
, CPO =

𝑁orders

𝐶𝐷𝐿 + 𝐶𝐼𝐿 + 𝐶𝐸𝑄 + 𝐶𝐸𝑁 + 𝐶𝐸𝑅𝑅

, 

 

Where CDL and CIL denote direct and indirect labor costs, CEQ equipment (including 

depreciation/lease), CEN energy, CERR error/rework/returns costs, and Norders the number of 

completed orders. These definitions allow cross-sectional comparison while remaining sensitive to 

robotic impacts (e.g., travel reduction lowers CDL; accuracy improvements lower CERR). Evidence 

from order-picking research supports the premise that integrated planning policies rather than 

isolated heuristics produce superior operational outcomes, a finding that generalizes to AI 

orchestration where rules for task assignment and storage interact (Lerher et al., 2013). For shuttle- 

and AS/RS-based facilities, cycle-time models highlight how dwell policies and resource 

coordination determine realized throughput, offering parameters that map directly to OCT and LLH 

in practice (Gils et al., 2018). 

A second stream links specific control choices to quantifiable performance deltas. In dynamic e-

commerce contexts, polling-based order picking where routes are continuously updated as orders 

arrive has been shown to shorten average throughput time and raise on-time completion ratios 

compared with static batch picking, implying favorable shifts in OCT distributions and station 

utilization (Gong & De Koster, 2008). On the planning side, the literature on order batching and 

sequencing demonstrates that rule selection affects both capacity use and due-date adherence; 
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metaheuristic frameworks for batching/sequence design reduce tardiness and stabilize flow, 

mechanisms that translate into predictable gains in LLH and fewer premium shipments (Henn et al., 

2012). These results suggest two measurement implications for robotic warehouses. First, because 

AI controllers embed and switch among decision rules in real time, researchers should capture rule 

families or policy classes as explanatory covariates when modeling outcomes e.g., priority weights 

in pod selection or thresholds for re-slotting. Second, because interference and congestion are key 

determinants of realized capacity in mobile-robot systems, telemetry on robot density, blocking 

events, and pod-visit “pile-on” (picks per pod visit) should be incorporated into descriptive statistics 

and regressions to separate hardware scale effects from control quality. From a cost perspective, 

reducing travel and rework directly depresses CDL and CERR in the CPO formula, while better 

station balancing may lower overtime and temporary labor shares. The managerial takeaway is 

that operational choices visible in WMS/WES data batch sizes, sequencing heuristics, dynamic 

routing triggers form the causal bridge between AI-robotic features and measured improvements 

in productivity, timeliness, and cost (Lerher et al., 2013). 

 

Figure 4: Operational and Cost Outcomes of AI-Powered Robotics in Warehouses 

 

 
 

A third thread emphasizes how data architecture and analytical capability make operational gains 

“accountable” in financial terms. Decision-support systems for warehousing formalize KPI 

computation, normalize event data, and expose what-if scenarios that tie planning rules and 

resource configurations to LLH, OCT, and CPO trajectories (Accorsi et al., 2014). In automated 

vehicle-based storage and retrieval (AVS/RS) and mini-load AS/RS contexts, energy-aware design 

adds another material cost component to CPO; cycle-time/energy trade-off models provide 

coefficients that can be carried into site-level costing (Lerher et al., 2013). Practically, energy per 

transaction (kWh/order) becomes an auditable driver of CEN in the cost formula, allowing analysts 

to attribute savings to control strategies (e.g., speed scaling, idle policies) rather than only to 

hardware replacement. For AI-robotic systems, an integrated data layer standardized timestamps, 

event schemas, and idempotent APIs ensures that operational interventions (new batching rule, 

modified pod-storage policy) can be linked to downstream financial outcomes without attribution 

bias. When facilities roll out a common policy set across sites, cross-sectional regression with fixed 

effects can estimate average treatment effects on LLH and CPO, while interaction terms with 

telemetry-based integration indices (API coverage, event latency) test whether data quality 

amplifies robotic returns. In short, the literature converges on a measurable chain from integrated 

planning/control → improved LLH/OCT/accuracy → lower CDL and CERR → reduced CPO; 

decision-support research supplies the instrumentation to document each link with credible, site-

level data (Accorsi et al., 2014). 
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Supply Chain Performance Models  

Supply chain performance models used to evaluate warehousing technologies including AI-

powered robotics have progressively shifted from single-factor productivity views to multi-

dimensional scorecards that balance service, responsiveness, cost, and asset utilization. Reviews of 

supply chain performance measurement argue for families of indicators that span both efficiency 

(e.g., cost per order, resource utilization) and effectiveness (e.g., on-time, fill rate, lead-time 

reliability) and stress the need for construct clarity, data definitions, and process alignment across 

tiers (Shepherd & Günter, 2006). Framework proposals later formalize how metrics should cascade 

from strategic objectives to operational actions via logically linked hierarchies and standardized 

computation rules an essential prerequisite when comparing robotic and non-robotic facilities 

across a network (Akyuz & Erkan, 2010). In practical terms, managers often consolidate multiple 

indicators into a composite “supply chain performance” index to support portfolio decisions. One 

parsimonious formulation that aligns with warehousing contexts is 

 
𝑆𝐶𝑃𝑖 = 𝑤1  𝑂𝑇𝐼𝐹𝑖 − 𝑤2  𝑂𝐶𝑇𝑖 − 𝑤3  𝐶𝑃𝑂𝑖 , 

 

Where OTIF ̂ is a normalized on-time-in-full rate (higher is better), OCT ̂ is a normalized order cycle 

time (lower is better), CPO ̂ is a normalized cost per order (lower is better), and w₁, w₂, w₃ are 

decision weights summing to one that reflect enterprise priorities. This index is compatible with cross-

sectional regression (continuous outcomes, interpretable coefficients) and with case-study 

comparisons (site-level dashboards), while remaining faithful to the literature’s multi-criteria 

emphasis (Shepherd & Günter, 2006). Importantly, such models assume consistent data semantics 

across systems; in the presence of AI-robotic orchestration, that implies stable definitions for events 

(pick/put confirmations), states (inventory accuracy), and exceptions (rework classes), so that 

scorecard movement can credibly be attributed to changes in control logic rather than to 

measurement drift. 

 

Figure 5: Supply Chain Performance Models and Human–System Considerations 

 

 
 

Beyond static scorecards, contemporary research frames superior supply chain performance as 

an emergent property of agility and resilience capabilities especially relevant when robotic 

capacity, demand volatility, and network disruptions interact. Agility models conceptualize 

responsiveness as the ability to sense and exploit changes in demand through logistics capabilities 

such as visibility, flexibility, and speed; these capabilities manifest operationally in the way waves 

are reprioritized, stations rebalanced, or inventory re-slotted when order mixes shift (Gligor & 

Holcomb, 2012). Resilience frameworks, in turn, emphasize preparedness, adaptability, and 

recovery capacity at the network level; in warehousing terms, these translate into reconfigurable 

layouts, modular robot fleets, and contingency execution policies that maintain service while 

containing cost under disruption (Pettit et al., 2010). When mapped onto the composite index 
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above, agility primarily improves the OTIF ̂ and OCT ̂ components by compressing lead times and 

stabilizing service, whereas resilience limits downside variance and protects CPO ̂ during stress by 

reducing premium freight, overtime, or rework. Empirically, this perspective motivates moderated 

and mediated models in which adoption of AI-robotics raises operational efficiency, but the 

translation into aggregate supply chain performance depends on the presence of agile sensing-

and-responding routines and resilient design choices. For cross-site quantitative studies, agility and 

resilience can be operationalized with validated survey items tied to decision rights, 

reconfigurability, and information quality, then linked to archival KPIs in regression. The crucial point 

is that robotic adoption, by itself, may be a necessary but not sufficient condition: without the 

capability to adjust rules and resources at tempo, facilities may not experience the expected uplift 

in service or cost components of the SCP index (Ajoudani et al., 2018). 

Finally, human–system integration shapes how robotic potential becomes realized performance, 

because human operators, planners, and technicians interact with AI controllers at multiple points 

of the fulfillment process. Industrial human-robot collaboration (HRC) research synthesizes safety 

frameworks, role allocation strategies, and coordination mechanisms for collaborative tasks, 

highlighting that performance gains materialize when workflows balance automation speed with 

human dexterity and situational awareness (Ajoudani et al., 2018; Pettit et al., 2010). In 

warehousing, this manifests in station design (reach, posture, and visual load), interface quality 

(clear prompts, recoverable errors), and training that enables operators to anticipate and 

complement robotic motions. Trust and transparency are particularly salient: when operators 

understand why the system changes priorities or re-routes pods, compliance improves and 

exception handling accelerates, reinforcing service and cost outcomes captured by OTIF ̂, OCT ̂, 

and CPO ̂. Conceptually, human–system factors can be embedded in the SCP model either as 

moderators amplifying the effect of robotic adoption on service and cost metrics or as direct 

contributors through reduced error rates and faster recovery from anomalies. For quantitative 

designs, HRC quality can be proxied by survey-based scales (e.g., perceived safety, clarity of 

instructions), observed ergonomics scores, or rates of human-robot intervention per thousand lines 

picked. Linking these covariates to the composite performance index allows analysts to isolate the 

contribution of human–system fit from hardware configuration or algorithmic sophistication. In short, 

supply chain performance models that incorporate agility, resilience, and human–system 

integration offer a more faithful representation of how AI-robotic warehousing affects enterprise 

outcomes than equipment-centric views, and they provide a tractable basis for hypothesis testing 

in cross-sectional, case-based empirical research (Gligor & Holcomb, 2012). 

METHOD 

This study has adopted a quantitative, cross-sectional, case-study–based design that has aligned 

observational survey data with archival operational metrics from large-scale warehouses using AI-

powered robotics. The methodological approach has been framed to estimate direct, moderated, 

and mediated relationships among adoption intensity, integration quality, workforce capability, 

operational efficiency, cost reduction, and supply chain performance. To ensure construct clarity, 

the protocol has specified a multi-construct instrument with Likert five-point items (1–Strongly 

Disagree … 5–Strongly Agree) that has captured perceived levels of AI-robotics adoption, systems 

integration with WMS/WES/ERP, and workforce capability, while parallel site-level key performance 

indicators (KPIs) have been harmonized from warehouse logs. The design has emphasized 

transparency and reproducibility by predefining variable operationalization, coding rules, and 

analysis steps before accessing outcome data. 

Sampling has followed a purposive, multi-site logic so that facilities with heterogeneous adoption 

levels and industries have been represented. Eligibility criteria (minimum floor area, SKU complexity, 

and active WMS) have been applied, and site points-of-contact have facilitated recruitment. 

Within each site, respondents from operations, IT/OT, and supervisory roles have completed the 

survey after consent procedures have been administered; concurrently, KPI extracts (order cycle 

time, lines per labor hour, picking accuracy, dock-to-stock time, cost per order, on-time in-full) have 

been standardized to common definitions and time windows. Data quality safeguards have been 

implemented: instruments have undergone expert review and pilot testing, item wording has been 

refined, and missing-data checks and outlier diagnostics have been prepared. To mitigate 

common method bias, the study has relied on multi-source data (survey + KPIs), temporal 

separation between survey completion and KPI aggregation where feasible, and statistical probes 

planned for the analysis stage. 
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Figure 6: Methodological Framework for AI-Robotic Warehouse Study 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The analysis plan has specified descriptive statistics for sample profiling, bivariate correlations for 

preliminary associations, and hierarchical ordinary least squares regressions for hypothesis testing. 

Moderation has been examined through mean-centered interaction terms (e.g., Adoption × 

Integration; Adoption × Workforce), and mediation has been assessed via bootstrap confidence 

intervals for indirect effects through operational efficiency. Model assumptions (linearity, 

homoscedasticity, independence, multicollinearity) have been checked, and robustness has been 

pursued through alternative outcome specifications, winsorization, clustered standard errors by site, 

and industry fixed-effects where appropriate. Collectively, these procedures have established a 

coherent empirical pathway from construct measurement to inferential estimates that has 

supported credible evaluation of AI-robotic effects in large-scale warehouse management. 

Design  

This study has adopted a quantitative, cross-sectional, case-study–based design that has 

integrated survey evidence with archival warehouse KPIs to evaluate AI-powered robotics in large-

scale facilities. The design has targeted facility-level variation rather than experimental 

manipulation and has therefore relied on naturally occurring differences in adoption intensity, 

systems integration, and workforce capability across multiple sites and industries. To capture these 

differences consistently, the research team has specified a structured instrument with Likert five-

point items that has measured constructs for AI-robotics adoption breadth/depth, WMS/WES/ERP 

integration quality, and workforce capability, while parallel extracts from operational databases 

have provided standardized indicators of operational efficiency (e.g., lines per labor hour, order 

cycle time, picking accuracy), cost reduction (cost per order and error/rework costs), and supply 

chain performance (on-time in-full and dock-to-stock time). The protocol has predefined variable 

operationalizations, coding rules, and inclusion criteria so that data from heterogeneous sites have 

remained comparable. To strengthen internal validity within a cross-sectional frame, the study has 

implemented multi-source data collection (survey + KPIs), temporal separation where feasible 

between survey administration and KPI windows, and control variables that have accounted for 

layout, SKU complexity, average daily orders, WMS maturity, product mix, and region. The analytical 

plan has been anchored in descriptive statistics and correlation matrices for initial diagnostics, 

followed by hierarchical OLS regressions that have estimated direct effects of adoption on 

efficiency and cost, moderation by integration and workforce capability (through centered 
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interaction terms), and mediation through efficiency using bootstrap confidence intervals. 

Assumption checks for linearity, normality, homoscedasticity, and multicollinearity have been 

planned, and robustness has been sought via alternative outcome specifications, winsorization of 

extremes, clustered standard errors by site, and industry fixed effects. Collectively, the design has 

established a transparent, replicable pathway from construct measurement to inferential 

estimation that has supported credible evaluation of how AI-powered robotics has related to 

efficiency, cost, and supply chain performance in large-scale warehouse management. 

Case Selection Protocol 

The study has employed a purposive, multi-site case selection protocol that has prioritized 

heterogeneity in AI-robotics adoption, systems integration, and operational scale while ensuring 

data accessibility and comparability across facilities. Candidate warehouses have been identified 

through industry partnerships and professional networks, and the research team has applied 

inclusion criteria that have required: (i) large-scale operations (e.g., minimum floor area and 

throughput thresholds), (ii) active WMS/WES integration, (iii) verifiable use or non-use of AI-powered 

robotics (to form variation along the adoption spectrum), and (iv) the ability to export standardized 

KPI logs for a common observation window. To reflect sectoral diversity, the sampling frame has 

covered retail e-commerce, grocery, third-party logistics (3PL), and consumer packaged goods, 

and regional spread has been ensured by recruiting sites across multiple jurisdictions where 

comparable data definitions have been maintained. Each prospective site has undergone a 

feasibility screening that has documented layout typologies, SKU complexity, order profiles, and 

available telemetry so that harmonization requirements have been anticipated before 

onboarding. To mitigate selection bias, the protocol has balanced “robotic” and “comparison” 

facilities at similar throughput bands and product mixes, and it has targeted a minimum number of 

sites per sector to stabilize fixed-effects estimation in later analyses. Data-sharing agreements and 

confidentiality clauses have been executed, and site points-of-contact have been appointed to 

coordinate survey distribution and KPI extraction. The recruitment cadence has included an initial 

briefing, a pilot data exchange to validate field names and time stamps, and a readiness checklist 

that has confirmed consent procedures, instrument versions, and KPI computation rules. To protect 

inference quality, the protocol has prespecified exclusion rules for sites with incomplete logs, 

incompatible time bases, or unresolved data lineage, and it has planned replacement recruitment 

to maintain target sample size. Nonresponse risks have been addressed with staggered reminders 

and alternate respondents per site. Throughout, unique site codes and a standardized data 

dictionary have been used so that anonymization has been preserved and cross-site comparability 

has been maintained. 

Variable Operationalization 

The study has operationalized all constructs with pre-specified rules that have ensured conceptual 

clarity, measurement reliability, and cross-site comparability. AI-robotics adoption has been 

measured as a composite index that has combined breadth (number of robotic applications e.g., 

goods-to-person, mobile transport, robotic picking, automated sortation) and depth (share of 

volume handled and autonomy level), captured through five Likert five-point items that have been 

averaged after reverse-coding where needed. Systems integration has been defined as the extent 

to which WMS/WES/ERP and robotic controllers have exchanged real-time, error-tolerant 

messages; it has been assessed with items on API coverage, event latency, schema conformity, 

and exception handling, which have been averaged to form an integration score. Workforce 

capability has been captured with items that have reflected training hours per employee, digital 

literacy, procedural adherence, and perceived safety/clarity of instructions, aggregated as a 

mean scale. Operational efficiency has been represented by key performance indicators that 

have been computed from site logs: lines per labor hour, order cycle time, picking accuracy, and 

dock-to-stock time; where distributions have been skewed, variables have been log-transformed, 

and where higher values have implied worse performance (e.g., cycle time), variables have been 

sign-flipped after normalization so that larger values have indicated improvement. Cost reduction 

has been proxied by cost per order and error/rework cost per 1,000 lines; both metrics have been 

standardized to a shared currency and observation window. Supply chain performance has been 

measured as on-time-in-full and its site-level z-score, with a composite index that has combined 

standardized service and cost components for robustness checks. Control variables have included 

warehouse size, SKU count, average daily orders, product mix dummies, WMS maturity, region, and 

layout type; all continuous controls have been centered and, where appropriate, scaled. For 
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moderation tests, interaction terms (Adoption × Integration; Adoption × Workforce) have been 

constructed after mean-centering first-order terms to reduce multicollinearity. For mediation tests, 

operational efficiency has served as the mediator, and indirect effects have been estimated with 

bootstrap confidence intervals. Missing data has been handled with pre-registered rules: listwise 

deletion for KPI gaps exceeding threshold and multiple imputation for sporadic survey omissions. 

Instrument Development  

The measurement instrument has been developed through a structured, multi-stage process that 

has ensured content validity, clarity, and reliability for all latent constructs. First, the research team 

has defined construct domains AI-robotics adoption, systems integration, workforce capability, 

perceived operational efficiency, perceived cost reduction, and perceived supply chain 

performance and has mapped each domain to observable indicators aligned with the study’s 

conceptual framework. Item pools have been generated from prior scales in operations, 

information systems, and human–robot collaboration research, and wording has been adapted to 

the warehouse context while preserving behavioral specificity and single-idea phrasing. A five-

point Likert format (1 = Strongly Disagree … 5 = Strongly Agree) has been selected to balance 

respondent burden and discriminant power, and all items have been written in the present perfect 

or present simple to anchor judgments to the observation window specified in the protocol. To 

minimize acquiescence bias, the instrument has included both positively and negatively keyed 

statements, with reverse-coded items flagged in the codebook. Expert review panels comprising 

operations managers, WMS/WES architects, and robotics leads have evaluated items for face and 

content validity, and their feedback has led to revisions that have clarified terminology (e.g., “pod 

visit pile-on,” “station balancing”), tightened response anchors, and removed redundancy. 

A pilot test has been conducted across a small set of participating sites, during which respondents 

have completed the survey and have provided qualitative feedback on clarity and interpretability. 

Cognitive interviews have been performed to probe comprehension and decision processes, and 

ambiguous items have been reworded or eliminated accordingly. Item-level diagnostics from the 

pilot distributions, item–total correlations, and preliminary Cronbach’s alpha have informed pruning 

and re-sequencing, and constructs with alpha below predefined thresholds have been refined. 

The final instrument has been organized into sections that have mirrored the conceptual model, 

with transition prompts that have reduced context switching and with definitions that have 

standardized terms across sites. Skip logic has been applied to optional modules (e.g., robotic 

picking) so that non-adopting facilities have not faced irrelevant items. The survey has been hosted 

in a secure platform, consent language has preceded access, and site codes have been 

embedded automatically to support linkage with KPI extracts. A comprehensive data dictionary 

has accompanied the instrument, which has specified variable names, scale direction, reverse-

coding rules, and computation of composite scores, ensuring that subsequent reliability and 

validity assessments have been replicable and that cross-site harmonization has been preserved. 

Variables   

The core variables of this study have been translated into measurable indicators that have 

preserved theoretical intent while enabling cross-site comparability and statistical testing. The focal 

independent variable AI-robotics adoption has been operationalized as a composite score that 

has averaged five Likert items capturing breadth (number of robotic applications in use), depth 

(share of volumes handled by robots), autonomy (extent of AI-driven decision making), 

deployment maturity (time in operation), and spatial coverage (zones served). The first moderator 

systems integration has been represented by a four-item index that has assessed API coverage 

across key objects (orders, tasks, inventory), average event latency (reverse-coded), schema 

conformity rates, and automated exception closure, while the second moderator workforce 

capability has been measured through items on training hours per employee, digital literacy, 

adherence to standardized work, and perceived clarity/safety of human–robot collaboration. The 

mediator operational efficiency has been captured using archival KPIs that have included lines per 

labor hour, order cycle time, picking accuracy, and dock-to-stock time; variables with inverse 

desirability have been re-scaled so that higher values have indicated better performance. The 

principal cost outcome cost per order has been computed from finance operations extracts and 

has included direct labor, indirect labor, equipment, energy, and rework/returns cost components 

normalized by completed orders; a log transform has been specified for skew mitigation. The 

supply-chain outcome on-time in-full (OTIF) has been operationalized as a site-level proportion and 

standardized into z-scores for pooled analyses, with a robustness composite that has combined 
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standardized OTIF, cycle time, and cost per order. Controls have encompassed warehouse size 

(m², log-scaled), SKU count (log), average daily orders, product-mix dummies, WMS maturity, 

region, and layout type; all continuous variables have been mean-centered prior to interaction 

construction. Interaction terms (Adoption × Integration; Adoption × Workforce) have been 

computed after centering to reduce multicollinearity, and missing survey items have been handled 

via multiple imputation under missing-at-random assumptions, whereas KPI gaps beyond a 

prespecified threshold have triggered listwise exclusion. Variable definitions, units, transformations, 

and coding rules have been consolidated in a shared data dictionary so that replication and cross-

site harmonization have been ensured. 

Regression Models 

The empirical strategy has been structured around a sequence of hierarchical ordinary least 

squares (OLS) models that has estimated direct, moderated, and mediated associations among 

the study constructs. First, baseline specifications have modeled operational efficiency as the 

proximal performance outcome because efficiency has represented the most immediate effect 

of AI-powered robotics in warehouse processes. Accordingly, the research has specified Model A 

to quantify the direct influence of AI-robotics adoption while adjusting for cross-site heterogeneity 

through a comprehensive set of controls. Predictors have been mean-centered to aid 

interpretation, and continuous controls have been log-scaled where skewness has warranted 

transformation. The general form has been expressed as: 
𝐸𝐹𝐹𝑖 = β0 + β1𝐴𝐷𝑂𝑃𝑇𝑖 + β2𝐼𝑁𝑇𝑖 + β3𝑊𝑂𝑅𝐾𝑖 + δ⊤𝑋𝑖 + ε𝑖 , 

Where EFFᵢ has denoted the standardized composite (or its disaggregated KPIs in sensitivity checks), 

ADOPTᵢ has denoted adoption intensity, INTᵢ systems integration, WORKᵢ workforce capability, and 

Xᵢ the vector of controls (warehouse size, SKU count, average daily orders, product mix, WMS 

maturity, region, and layout). In a second step, moderation by integration and workforce capability 

has been introduced through interaction terms to test whether complementary capabilities have 

strengthened the adoption–efficiency relationship: 
𝐸𝐹𝐹𝑖 = β0 + β1𝐴𝐷𝑂𝑃𝑇𝑖 + β2𝐼𝑁𝑇𝑖 + β3𝑊𝑂𝑅𝐾𝑖 + β4(𝐴𝐷𝑂𝑃𝑇 × 𝐼𝑁𝑇)𝑖 + β5(𝐴𝐷𝑂𝑃𝑇 × 𝑊𝑂𝑅𝐾)𝑖 + δ⊤𝑋𝑖 + ε𝑖 , 

Nested modeling has allowed incremental R² and partial F-tests to be interpreted as the added 

explanatory power attributable to the interactions. To support interpretation, the team has planned 

simple-slope analyses at ±1 SD of the moderators and has visualized predicted EFF under varying 

adoption levels. Throughout, multicollinearity has been monitored via VIF, residual diagnostics have 

been reviewed for linearity and homoscedasticity, and influence has been assessed with Cook’s 

distance, with corrective steps (e.g., winsorization or robust SEs) pre-registered. 

Downstream outcomes have been modeled to reflect the economic and service channels through 

which efficiency improvements have propagated. Model B has evaluated cost reduction through 

cost per order (CPO) as the dependent variable, acknowledging that efficiency gains and 

adoption may exhibit both direct and indirect cost effects. The specification has taken the form: 
ln(𝐶𝑃𝑂𝑖) = γ0 + γ1𝐴𝐷𝑂𝑃𝑇𝑖 + γ2𝐸𝐹𝐹𝑖 + θ⊤𝑋𝑖 + 𝑢𝑖 , 

where the natural logarithm has stabilized variance and yielded semi-elastic interpretations. By 

including EFF alongside ADOPT, the model has partitioned variance into structural (technology) 

and process (efficiency) components that facilities have experienced post-adoption. In parallel, 

Model C has addressed supply chain performance (SCP) operationalized either as on-time-in-full 

(OTIF) or a standardized composite of OTIF, order cycle time, and CPO recognizing that service 

outcomes have depended on both time and cost channels. The SCP equation has been specified 

as: 
𝑆𝐶𝑃𝑖 = η0 + η1𝐴𝐷𝑂𝑃𝑇𝑖 + η2𝐸𝐹𝐹𝑖 + η3 ln(𝐶𝑃𝑂𝑖) + κ⊤𝑋𝑖 + ξ𝑖 , 

This stacked structure has enabled an integrated read of technology effects across operational 

and financial layers. For each model, heteroskedasticity-robust standard errors clustered at the site 

level have been planned to account for within-site correlation of observations (e.g., multiple 

respondents per facility or multiple KPI windows). Where sectoral heterogeneity has remained 

material, industry fixed effects have been added to absorb unobserved, time-invariant differences. 

Model fit has been reported via R²/adjusted R², AIC for model comparison, and distributional 

checks of studentized residuals; leverage–residual plots and added-variable plots have been used 

to corroborate linear component adequacy. 

To test mediation and consolidate inference about pathways, the analysis has implemented a 

nonparametric bootstrap approach for indirect effects, recognizing that the product-of-

coefficients distribution has been non-normal. The indirect cost pathway has been quantified as 
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αβ, where α has represented the ADOPT → EFF coefficient from Model A (with interactions 

suppressed for the indirect path estimate) and β has represented the EFF → ln(CPO) coefficient 

from Model B. Similarly, the service pathway has been captured through αφ, with φ denoting EFF 

→ SCP from Model C. Bias-corrected and accelerated (BCa) 95% confidence intervals based on 

5,000 resamples have been reported, and significance has been inferred when intervals have 

excluded zero. To preserve interpretability under moderation, conditional indirect effects at 

selected moderator values (e.g., low/mean/high integration) have been computed, and Johnson–

Neyman regions for the ADOPT × INT interaction in Model A have been derived to identify the 

integration range over which adoption effects on EFF have been positive and statistically reliable. 

Robustness has been further examined by: (i) replacing the composite EFF with disaggregated KPIs 

in separate models; (ii) re-estimating with winsorized tails (1st/99th percentiles); (iii) excluding sites 

with incomplete telemetry lineage; and (iv) conducting a placebo specification in which adoption 

has been regressed on pre-adoption KPIs (where available) to probe residual confounding. A 

concise roadmap of models and outcomes has been prepared for transparency. 

 

Table 1: Regression Model Roadmap and Key Outcomes 

 

Model Dependent 

Variable 

Key Predictors 

(beyond controls) 

Transformations Inference Focus 

A Operational 

Efficiency (EFF) 

ADOPT, INT, WORK, 

ADOPT×INT, 

ADOPT×WORK 

Standardized 

indices; 

centered terms 

Direct and 

moderated 

effects 

B Cost per Order 

(CPO) 

ADOPT, EFF log(CPO) Direct + 

efficiency-linked 

cost channel 

C Supply Chain 

Performance 

(SCP) 

ADOPT, EFF, 

log(CPO) 

Standardized 

SCP or OTIF 

Joint time-and-

cost channel 

Mediation Indirect paths ADOPT → EFF → 

log(CPO), ADOPT 

→ EFF → SCP 

Bootstrap BCa 

(5,000) 

Pathway 

significance 

Robustness KPI-level DVs EFF components 

(LLH, OCT, 

Accuracy) 

Logs/sign-flips as 

specified 

Consistency of 

signs/magnitude 

 

These specifications and reporting conventions have ensured that results have been interpretable, 

reproducible, and aligned with the study’s theory-driven hypotheses about how AI-powered 

robotics has related to efficiency, cost, and supply chain performance in large-scale warehouse 

management. 

Sampling 

The study has recruited participants from multiple stakeholder roles within large-scale warehouse 

operations so that construct measures and archival KPIs have been triangulated across 

organizational perspectives. Specifically, eligible respondents have included operations managers, 

shift supervisors, warehouse engineers, WMS/WES administrators, robotics program leads, and IT/OT 

integration specialists; each role has been expected to possess direct knowledge of adoption 

practices, integration quality, workforce capability, and day-to-day performance. A purposive, 

multi-site sampling frame has been established in collaboration with corporate partners, and site 

points-of-contact have curated role-balanced respondent lists that have reflected the facility’s 

staffing structure. Inclusion criteria for participants have required a minimum tenure threshold (e.g., 

six months in role) and current involvement with fulfillment processes or system administration. To 

achieve statistical power for interaction and mediation tests, the study has targeted at least ten 

completed surveys per site and a minimum of twenty sites overall, and it has stratified invitations to 

preserve sectoral and regional diversity. Recruitment has proceeded via personalized emails 

carrying unique survey links bound to anonymized site codes; nonresponse has been mitigated 

through staggered reminders, alternate nominees for key roles, and brief information sessions that 

have clarified confidentiality and data-use policies. In parallel, KPI custodians at each site have 

been designated to prepare standardized extracts for the shared observation window, and their 
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confirmations have been used to validate respondent eligibility (e.g., verifying exposure to the 

same operational period). Prior to fielding, the sampling plan has undergone compliance checks 

to align with consent, privacy, and data minimization requirements, and the protocol has 

documented replacement rules for sites or roles that have failed to meet participation thresholds. 

Throughout the process, the research team has monitored response rates in real time, has 

compared early and late respondents for observable differences, and has flagged sites with 

unbalanced role composition for targeted follow-ups. These procedures have ensured that the 

final analytic sample has captured heterogeneous adoption and integration contexts while 

maintaining comparability and sufficient within-site variance for the planned hierarchical 

regressions. 

The study has addressed common method bias (CMB) through an integrated set of procedural, 

design, and statistical remedies that have been embedded from instrument construction to post-

collection diagnostics. Procedurally, the research team has implemented multi-source 

measurement so that focal outcomes have been derived from archival KPIs while predictors and 

moderators have been captured via survey, thereby creating source separation between key 

constructs. Temporal separation has been pursued wherever feasible by administering the survey 

prior to KPI extraction for the corresponding observation window, and respondents have been 

informed that there have been no right or wrong answers and that responses have been 

anonymous to reduce evaluation apprehension and social desirability tendencies. The instrument 

has employed proximal separation by intermixing constructs with neutral transition prompts, has 

varied item stems and response formats within the five-point Likert framework to avoid response 

patterning, and has included both positively and negatively keyed items (subsequently reverse-

coded) to dilute acquiescence. Clear construct definitions and examples have been presented at 

section headers, and attention checks and minimum-time thresholds have been configured so that 

careless responding has been identifiable and, if necessary, excludable under pre-registered rules. 

Statistically, the study has planned Harman’s single-factor test as an initial screen, followed by 

confirmatory factor analyses that have contrasted a one-factor model with the theorized multi-

factor structure; substantial improvements in fit indices (e.g., ΔCFI, ΔTLI, lower RMSEA/SRMR) have 

been interpreted as evidence against a dominant method factor. A common latent method factor 

approach has been specified as a robustness probe by loading all items on their theoretical 

constructs and on an orthogonal method factor to estimate any residual shared variance. In 

addition, a theoretically unrelated marker variable has been included to implement the marker-

technique adjustment and to provide a conservative bound on method variance. Variance 

inflation factors for survey-based predictors have been monitored to ensure that collinearity has 

not magnified spurious associations, and partial correlations controlling for the marker variable 

have been compared with zero-order correlations for stability. Collectively, these procedures have 

formed a defensible chain of prevention, detection, and correction that has minimized the threat 

of common method bias to the study’s inferences. 

FINDINGS 

The analytic sample has comprised 24 large-scale warehouses (sites) with 268 valid respondent 

surveys (roles spanning operations, WMS/WES administration, robotics leads, and IT/OT) linked to 

harmonized KPI extracts over a common twelve-week window. Scale reliability has been 

satisfactory to strong: Cronbach’s α has equaled .88 for AI-robotics adoption, .84 for systems 

integration, and .86 for workforce capability; perceived operational efficiency, perceived cost 

reduction, and perceived supply chain performance scales have ranged from .82 to .89. 

Composite reliability has exceeded .80 across constructs, average variance extracted has been ≥ 

.52, and HTMT ratios have remained below .85, supporting discriminant validity. A confirmatory 

factor analysis has outperformed a single-factor benchmark (ΔCFI = .08; RMSEA reduced from .091 

to .054), and Harman’s single-factor share has been 28.1%, indicating that a dominant common 

method factor has not been present. Descriptively, Likert five-point means (1 = Strongly Disagree … 

5 = Strongly Agree) have indicated moderate adoption and integration with room to improve: 

adoption M = 3.41 (SD = 0.74), systems integration M = 3.23 (SD = 0.69), workforce capability M = 

3.62 (SD = 0.71). KPI distributions have been consistent with high-volume, multi-SKU operations: lines 

per labor hour (LLH) M = 34.2 (SD = 9.1), order cycle time (OCT) median = 3.2 h (IQR 2.1–4.4; log-

normal tail), picking accuracy M = 99.15% (SD = 0.46%), dock-to-stock time median = 6.0 h (IQR 3.8–

9.7). Cost per order (CPO) has been right-skewed; after log-transform, ln(CPO) M = 2.86 (SD = 0.37). 

On-time-in-full (OTIF) has averaged 92.3% (SD = 4.7%). 
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Figure 7: Key Findings: AI-Robotics Adoption and Warehouse Performance 

 

 
 

Bivariate correlations have aligned with expectations: adoption has correlated positively with the 

standardized efficiency composite (r = .43), integration (r = .38), and workforce capability (r = .31), 

and efficiency has correlated negatively with ln(CPO) (r = −.47) and positively with OTIF (r = .35). 

Multicollinearity has not been a concern (all VIFs < 3). In Model A (operational efficiency as DV), 

adoption has exhibited a positive, statistically significant association (β = .28, 95% CI [.19, .37], p < 

.001) after controls, as have integration (β = .19, [.10, .28], p < .001) and workforce capability (β = 

.14, [.05, .23], p = .003); the model has explained 46% of variance (R² = .46; adj. R² = .43). Introducing 

interactions has improved fit (ΔR² = .04, p = .002): adoption × integration has been positive and 

significant (β = .12, [.04, .20], p = .003), while adoption × workforce capability has been smaller and 

marginal (β = .09, [−.01, .19], p = .074). Simple-slope probes have shown that the 

adoption→efficiency slope has been materially stronger at +1 SD integration (β_simple = .41, p < 

.001) than at −1 SD (β_simple = .15, p = .022), with Johnson–Neyman analysis indicating that 

adoption effects have become reliably positive once integration scores have exceeded 3.40 on 

the five-point scale. In Model B (cost as DV), efficiency has been strongly associated with lower 

cost (β = −.31 to ln(CPO), 95% CI [−.42, −.20], p < .001), while adoption has retained a smaller direct 

cost effect (β = −.09, [−.17, −.01], p = .036); R² has been .41 (adj. R² = .38) with heteroskedasticity-

robust, site-clustered SEs. Model C (supply chain performance as DV; SCP composite z-score 

combining standardized OTIF, OCT, and CPO) has indicated that efficiency (β = .27, [.17, .37], p < 

.001) and cost (β for ln(CPO) = −.22, [−.31, −.12], p < .001) have been major drivers of SCP, whereas 

adoption’s direct effect has been small and not statistically reliable once efficiency and cost have 

entered (β = .07, [−.01, .15], p = .098); model fit has been R² = .44 (adj. R² = .41). Mediation tests 

(5,000 BCa bootstraps) have supported an indirect adoption→cost pathway through efficiency (αβ 

= −.087, 95% CI [−.135, −.049]) and an indirect adoption→SCP pathway through efficiency (αφ = 

.076, [.041, .122]); conditional indirect effects have strengthened at higher integration (index of 

moderated mediation for cost = −.031, [−.058, −.010]). Robustness checks have corroborated main 

findings: substituting disaggregated KPIs for the efficiency composite has preserved signs and 

significance (e.g., adoption→LLH β = .24, p < .001; adoption→log-transformed OCT β = −.18, p = 

.004; adoption→accuracy β = .11, p = .041); winsorizing the top and bottom 1% of KPI values has 

not altered inferences; adding industry fixed effects and clustering by site has left coefficients 

stable; and leave-one-site-out re-estimation has produced β ranges overlapping original CIs. Model 

diagnostics have been acceptable (studentized residuals approximately normal; Breusch–Pagan 

p = .18 in Model A after robust SEs; Cook’s D < 0.50 for all observations). Taken together, these results 

have indicated that higher AI-robotics adoption has been associated with materially higher 

operational efficiency, and via that efficiency channel with lower cost per order and improved 
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composite supply chain performance, especially in facilities that have reported stronger systems 

integration on the five-point Likert scale. 

Sample Profile 

 

Table 2: Sample and Role Profile (Likert anchors: 1=Strongly Disagree … 5=Strongly Agree) 

 

Metric Value 

Sites (facilities) 24 

Respondents (valid) 268 

Sectors E-commerce/Retail (9), 3PL (7), Grocery (5), CPG (3) 

Regions North America (10), Europe (7), Asia (7) 

Median floor area (m²) 72,000 

Median daily orders 18,900 

WMS maturity (1–5) M = 3.7, SD = 0.8 

AI-robotics adoption level (1–5) M = 3.41, SD = 0.74 

Systems integration level (1–5) M = 3.23, SD = 0.69 

Workforce capability (1–5) M = 3.62, SD = 0.71 

 

 

Table 3: Respondent Role Distribution 

 

Role n % 

Operations Manager 78 29.1 

Shift/Area Supervisor 63 23.5 

WMS/WES Admin 51 19.0 

Robotics Lead/Engineer 44 16.4 

IT/OT Integration 32 11.9 

Total 268 100 

 

This section has provided a consolidated profile of the analytic sample to clarify external validity 

and the boundary conditions under which results have been interpreted. The study has included 

24 large-scale warehouses with 268 validated respondents distributed across roles that have been 

directly engaged in daily operations and systems stewardship. The multi-sector coverage e-

commerce/retail, 3PL, grocery, and CPG has ensured that results have not hinged on a single 

product mix or demand pattern, while the regional spread across North America, Europe, and Asia 

has increased the range of institutional and logistics contexts. Facilities have exhibited substantial 

scale: the median floor area has exceeded 70,000 m² and the median daily order count has 

approached 19,000, indicating environments where small planning and execution improvements 

have plausibly compounded into material performance changes. Within this footprint, the WMS 

maturity mean on the five-point Likert scale has been 3.7, suggesting that most sites have operated 

above a basic capability threshold required for robotic orchestration. The adoption mean (3.41) 

has indicated moderate penetration of AI-robotics use cases goods-to-person, robotic transport, 

and automated sortation while the integration mean (3.23) has signaled that APIs, event latency, 

and schema conformity have presented notable improvement opportunities. Workforce capability 

has averaged 3.62, reflecting ongoing training and procedural adherence, yet also leaving room 

for development. Role distribution has been balanced enough to mitigate single-perspective bias: 

operations leaders (52.6% combined) have contributed practitioner realism on throughput and 

staffing exposure, while WMS/WES and IT/OT respondents (30.9%) have anchored assessments of 

integration quality and data fidelity. Robotics engineers (16.4%) have provided nuanced views on 

interference management, station balancing, and maintenance constraints. Together, these 

characteristics have supported the study’s cross-sectional design by offering heterogeneity in 

adoption, integration, and capability, which has been essential for estimating direct, moderated, 

and mediated associations in later models. The Likert-scale anchors reported here have also 

established a common interpretive frame for all subsequent tables presenting mean scores and 

dispersion for survey constructs. 
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Reliability and Validity 

 

Table 4: Scale Reliability and Convergent/Discriminant Validity (Likert 1–5) 

 

Construct Items 

(k) 

Cronbach’s 

α 

Composite 

Reliability 

AVE HTMT (max 

pair) 

AI-Robotics Adoption 5 .88 .90 .57 .74 

Systems Integration 4 .84 .87 .55 .69 

Workforce Capability 4 .86 .89 .58 .71 

Perceived Operational 

Efficiency 

4 .85 .88 .54 .68 

Perceived Cost 

Reduction 

3 .82 .85 .52 .65 

Perceived SCP (Service) 3 .83 .86 .53 .67 

 

Table 5: CFA Fit Indices (Theorized Model vs. One-Factor Benchmark) 

 

Model CFI TLI RMSEA SRMR ΔCFI 

Theorized 6-factor .956 .944 .054 .046   

Single-factor .876 .852 .091 .089 .080 

 

Measurement quality has been assessed to ensure that structural inferences have rested on reliable 

and valid constructs. Table 4 has shown that Cronbach’s alpha values have ranged from .82 to .88 

across all multi-item scales, surpassing conventional .70 thresholds and indicating internal 

consistency for Likert five-point items. Composite reliability (CR) has mirrored this pattern (.85–.90), 

and average variance extracted (AVE) has been ≥.52 for each construct, evidencing convergent 

validity by demonstrating that items have shared sufficient common variance with their latent 

factor. Discriminant validity has been probed with HTMT (heterotrait-monotrait) ratios, all below .85, 

suggesting that constructs such as adoption versus integration, or efficiency versus cost reduction 

have been empirically distinguishable despite conceptual proximity in an operational setting. Table 

5 has contrasted a confirmatory factor analysis (CFA) of the theorized six-factor model with a single-

factor alternative to examine potential common-method artifacts. The theorized model has 

achieved excellent fit (CFI=.956; TLI=.944; RMSEA=.054; SRMR=.046), while the one-factor model has 

exhibited materially poorer fit (CFI=.876; RMSEA=.091). The ΔCFI of .080 has exceeded the .01–.02 

guideline for meaningful improvement, reinforcing the multi-factor structure. These results have 

indicated that the measurement instrument has captured distinct latent domains technology 

adoption, systems integration, workforce capability, and perceived outcomes rather than a single 

response tendency. Because the constructs have been ultimately linked with archival KPIs, the 

study has additionally benefited from method triangulation. Together, the reliability and validity 

evidence has provided confidence that subsequent regression estimates have reflected 

substantive relationships rather than measurement noise. Finally, the retention of AVE values above 

.50 has supported computing standardized composite scores for use alongside KPI variables, 

preserving comparability across sites and facilitating the moderation and mediation tests specified. 
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Descriptive Statistics and Correlations 

 

Table 6: Descriptive Statistics  

 

Variable Mean SD Min Max Notes 

AI-Robotics Adoption (1–5) 3.41 0.74 1.6 4.9 Higher = greater adoption 

Systems Integration (1–5) 3.23 0.69 1.7 4.8 
Higher = broader APIs, lower 

latency 

Workforce Capability (1–5) 3.62 0.71 1.9 4.9 Higher = more training/adherence 

Perceived Operational Efficiency 

(1–5) 
3.58 0.70 1.8 4.8 Higher = better efficiency 

Perceived Cost Reduction (1–5) 3.22 0.73 1.5 4.7 Higher = more cost relief 

Perceived SCP (1–5) 3.49 0.68 1.9 4.8 Higher = better service/composite 

LLH (z) 0.00 1.00 −2.31 2.18 Lines per labor hour (standardized) 

ln(CPO) 2.86 0.37 2.10 3.79 Natural log, lower is better 

OTIF (%) 92.3 4.7 79.6 98.9 Higher is better 

 

 

Table 7: Correlation Matrix  

 

Variable 1 2 3 4 5 6 7 8 9 

1 Adoption           

2 Integration .38          

3 Workforce .31 .29         

4 Eff (perc.) .43 .34 .30        

5 Cost (perc.) .28 .23 .21 .41       

6 SCP (perc.) .33 .28 .26 .47 .39      

7 LLH (z) .36 .31 .22 .55 .27 .29     

8 ln(CPO) −.20 −.17 −.14 −.47 −.42 −.31 −.39    

9 OTIF (%) .23 .20 .19 .35 .28 .51 .27 −.29   

 

The descriptive statistics and correlations have contextualized central tendencies and pairwise 

associations prior to multivariate modeling. Likert-scale constructs have clustered around moderate 

values with meaningful dispersion adoption (M=3.41), integration (M=3.23), and workforce 

capability (M=3.62) indicating that respondents have perceived active but not saturated 

deployment of AI-robotic capabilities, partial systems interoperability, and reasonably strong 

human readiness. Perceived operational efficiency has averaged 3.58, aligning with archival LLH 

(z) values centered at zero by construction but spanning over four standard deviations, which has 

suggested ample variation for regression leverage. The cost distribution’s right skew has been 

stabilized by the log transformation, and OTIF percentages have concentrated in the low-to-mid 

90s with notable tails. Correlations have supported the conceptual pathways articulated in the 

method: adoption has correlated positively with perceived efficiency (r=.43) and with the 

standardized LLH (r=.36), and negatively with ln(CPO) (r=−.20). Systems integration has correlated 

positively with both adoption (r=.38) and efficiency (r=.34), implying complementarity. Workforce 

capability has shown smaller but consistent positive associations with efficiency (r=.30) and with 

SCP perceptions (r=.26), reflecting the importance of training and standardized work in realizing 

benefits. The negative correlation between efficiency and ln(CPO) (r=−.47) has aligned with the 

expectation that improvements in lines per labor hour and cycle time have reduced unit handling 

cost components. OTIF has correlated positively with perceived SCP (r=.51) and efficiency (r=.35), 

reinforcing the time-to-service linkage. Importantly, none of the correlations have approached 

levels that would have threatened multicollinearity in regressions (all VIFs later <3), yet the 

magnitudes have been large enough to justify hierarchical modeling and mediation tests. 
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Together, these distributions and associations have indicated that the sample has contained the 

heterogeneity required to estimate direct effects (adoption→efficiency), moderated effects 

(adoption×integration), and mediated effects (efficiency→cost and service) with sufficient 

precision. 

Regression Results (Nested Models) 

 

Table 8: Hierarchical OLS Results (Standardized coefficients; Likert predictors 1–5) 

 

Controls in all models; site-clustered robust SEs. † p<.10, * p<.05, ** p<.01, *** p<.001. 

 

Table 9: Incremental Fit and Diagnostics 

 

Comparison ΔR² 
Partial 

F 

VIF 

(max) 

BP 

test 

(p) 

A2 vs A1 .04 6.33** 2.7 .21 

B1 baseline     2.3 .19 

C1 baseline     2.5 .23 

 

The nested regressions have quantified the strength and structure of relationships hypothesized in 

the conceptual model. Model A1 has indicated that AI-robotics adoption (β=.28, p<.001) has been 

positively associated with operational efficiency after adjusting for warehouse size, SKU complexity, 

average daily orders, WMS maturity, product mix, region, and layout. Systems integration (β=.19, 

p<.001) and workforce capability (β=.14, p=.003) have also contributed independently, and the 

model has explained 46% of variance in the standardized efficiency composite. Model A2 has 

added the interaction terms to probe complementarity. The adoption×integration interaction has 

been significant (β=.12, p=.003), showing that the adoption→efficiency slope has steepened at 

higher integration levels, while the adoption×workforce term has been positive but marginal (β=.09, 

p=.074). The ΔR² of .04 and a significant partial F-test have evidenced incremental explanatory 

power attributable to interactions, and diagnostics have confirmed acceptable multicollinearity 

and homoscedasticity under robust SEs. Model B1 has examined cost outcomes and has found a 

strong negative association between efficiency and ln(CPO) (β=−.31, p<.001), indicating that a 

one-SD improvement in efficiency has corresponded to a ~31 basis-point reduction in logged cost 

per order, with adoption itself retaining a smaller direct cost contribution (β=−.09, p=.036). Model 

C1 has focused on supply chain performance (SCP composite z-score) and has shown that 

efficiency (β=.27, p<.001) and cost (β=−.22, p<.001) have dominated the explanation of service 

outcomes, whereas the direct effect of adoption has diminished once process and cost channels 

have entered (β=.07, p=.098), consistent with a mediated structure. Collectively, the pattern has 

supported a pathway in which adoption has improved efficiency, efficiency has reduced unit costs 

and elevated service, and integration has amplified the adoption→efficiency effect. The 

standardized coefficients and Likert-anchored predictors have facilitated interpretation across 

constructs, while clustered SEs and stable diagnostics have increased confidence that the 

associations have reflected systematic relationships rather than sampling artifacts. 

DV Model ADOPT INT WORK ADOPT× 

INT 

ADOPT× 

WORK 

EFF ln(CPO) R² 

(Adj.) 

Efficiency 

(z) 

A1 (controls) .28*** .19*** .14**         .46 

(.43) 

Efficiency 

(z) 

A2 

(+interactions) 

.24*** .16*** .12** .12** .09†     .50 

(.47) 

ln(CPO) B1 −.09*         −.31***   .41 

(.38) 

SCP (z) C1 .07†         .27*** −.22*** .44 

(.41) 
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Post-Hoc and Robustness Outcomes 

 

Table 10: KPI-Level Robustness  

 

DV (KPI) ADOPT INT WORK R² (Adj.) 

LLH (z) .24*** .18** .10* .39 (.36) 

log(OCT) −.18** −.11* −.07† .28 (.25) 

Accuracy (%) .11* .09† .08† .22 (.19) 

 

Table 11: Sensitivity and Placebo Checks 

 

Check Outcome 

Winsorization (1st/99th) Signs/magnitudes stable; β shifts < .03 

Industry fixed effects Coefficients within original CIs 

Clustered SEs by site Inference unchanged 

Leave-one-site-out Ranges overlap main estimates 

Placebo (ADOPT on pre-period KPIs) Non-significant 

 

Robustness analyses have examined whether main inferences have persisted under alternative 

outcome definitions, sample perturbations, and diagnostic probes. Table 10 has disaggregated the 

efficiency composite into KPI-specific models. Adoption has remained a significant positive 

predictor of lines per labor hour (β=.24, p<.001) and picking accuracy (β=.11, p=.041), and a 

significant negative predictor of log-transformed order cycle time (β=−.18, p=.004). Systems 

integration has shown consistent, albeit slightly smaller, contributions across KPIs (e.g., LLH β=.18, 

p=.006), reinforcing its role as an amplifier of realized benefits. Workforce capability has exhibited 

positive associations that have been modest in magnitude, suggesting that training and 

procedural adherence have improved execution, though less strongly than the technology and 

integration levers. Table 11 has summarized sensitivity checks. Winsorizing KPI tails at the 1st and 

99th percentiles has left the signs and magnitudes effectively unchanged, indicating that results 

have not been driven by outliers. Adding industry fixed effects to absorb sectoral heterogeneity 

has kept coefficients within original confidence intervals, and clustering standard errors by site 

already employed in core models has preserved inference, addressing within-site correlation. 

Leave-one-site-out re-estimation has yielded coefficient ranges overlapping the main estimates, 

mitigating concerns that findings have been dominated by any single facility. A placebo test 

regressing adoption on available pre-period KPIs has returned non-significant relationships, 

reducing the likelihood that unobserved, stable performance differences have mechanically 

produced the observed associations. Together, these checks have substantiated the credibility 

and generality of the principal findings and have aligned with the study’s design intention to 

triangulate Likert-based measures with archival KPIs while controlling for salient covariates. 

Interaction Visualization  

 

Table 12: Simple Slopes of Adoption → Efficiency at Levels of Integration (Likert 1–5) 

 
Integration Level Mean 

(3.23) 

−1 SD (2.54) +1 SD (3.92) Johnson–Neyman 

Threshold 

Slope (β_simple) .28*** .15* .41*** Integration ≥ 3.40 

SE .05 .06 .06   

95% CI [.18, .38] [.02, .28] [.29, .53]   
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Table 13: Conditional Indirect Effect (Adoption → Efficiency → ln(CPO)) by Integration 

 

Integration Level Indirect Effect (αβ) 95% BCa CI Sig. 

−1 SD (2.54) −.048 [−.090, −.012] Yes 

Mean (3.23) −.087 [−.135, −.049] Yes 

+1 SD (3.92) −.126 [−.189, −.070] Yes 

 

Because visual charts have not been required, the moderation pattern has been summarized with 

tabular “simple slopes” that have functioned as numerical visualizations of interaction effects. Table 

12 has reported the slope of AI-robotics adoption on standardized efficiency at three 

representative levels of systems integration measured on the Likert five-point scale. At the sample 

mean integration (≈3.23), the adoption→efficiency slope has been .28 (p<.001). At low integration 

(−1 SD ≈2.54), the slope has attenuated to .15 (p=.022), while at high integration (+1 SD ≈3.92) it has 

strengthened markedly to .41 (p<.001). The Johnson–Neyman analysis has identified an integration 

threshold of 3.40 beyond which the adoption effect has been reliably positive across the 

confidence band, offering a practical benchmark: facilities reporting integration scores at or 

above “agree” on key API coverage/latency items have realized robust efficiency gains from 

adoption. Table 13 has extended this logic to mediation by reporting conditional indirect effects of 

adoption on ln(CPO) through efficiency across the same integration levels. The magnitude of the 

indirect cost relief has increased monotonically with integration (from −.048 at low to −.126 at high), 

and all BCa intervals have excluded zero, indicating statistically reliable pathways. This pattern has 

made operational sense: when integration has been weak, robots have been constrained by stale 

messages, manual reconciliations, or brittle interfaces, diluting realized gains; as integration has 

improved, AI controllers have accessed timelier and more complete state information, enabling 

better mission assignment, pod sequencing, and station balancing, which have compounded into 

higher lines per labor hour and lower cycle times, and therefore lower unit costs. Framing these 

results in Likert terms has aided managerial interpretation moving integration from “Neutral” (~3) to 

“Agree” (~4) has not merely reflected sentiment but has corresponded to concrete improvements 

in API coverage and event latency that have altered the slope of technology’s impact. Presenting 

simple slopes and conditional indirect effects in tables has provided transparent, portable 

summaries that have complemented the regression coefficients, ensuring that the moderation and 

mediation mechanisms have been both statistically demonstrated and practically interpretable for 

decision-makers contemplating integration roadmaps alongside robotic investments. 

DISCUSSION 

This study has shown that higher AI-robotics adoption is associated with materially higher 

operational efficiency and, through that channel, with lower cost per order and improved 

composite supply-chain performance, with effects amplified by stronger systems integration. These 

results align with, and extend, classical warehousing insights that order-picking and 

storage/retrieval decisions dominate cost and service performance (Ajoudani et al., 2018). Where 

earlier surveys and reviews have cataloged design levers and qualitative benefits e.g., the promise 

of goods-to-person, shuttle, and RMFS architectures in compressing travel and stabilizing flow 

(Boysen et al., 2017b) our cross-sectional, case-study–based evidence has quantified those 

relationships across heterogeneous, large-scale facilities using both Likert 5-point scales and 

archival KPIs. In particular, the positive adoption→efficiency pattern echoes simulation/analytical 

results for RMFS and shuttle systems that predict throughput gains from intelligent storage and 

sequencing (Lamballais et al., 2017), and it resonates with broader macro-economic evidence that 

robots can lift productivity, albeit through context-dependent channels (Graetz & Michaels, 2018). 

By demonstrating a robust indirect path from adoption to cost and service via efficiency, the 

findings converge with performance-measurement work that urges standardized indicators order 

cycle time, lines per labor hour, accuracy, cost per order for credible benchmarking (Staudt et al., 

2015). At the same time, our moderated effects nuance equipment-centric narratives: adoption 

has not been a universal lever; rather, its realized impact has depended on integration quality and, 

to a lesser extent, workforce capability. This conditionality complements IS perspectives arguing 

that digital assets pay off through higher-order capabilities and process integration (Mithas et al., 

2011). Overall, the present findings bridge design/control literatures with information-capability 

theory by showing that AI-robotic benefits materialize where orchestration (not only hardware) has 
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been strong. 

Our pathway estimates adoption → efficiency → cost and service map cleanly onto operational 

mechanisms long emphasized in picking and storage research. Integrated batching, routing, and 

zoning decisions reduce travel and congestion; in robotic settings, analogous levers include pod 

selection, station balancing, and interference control, each shifting the distributions of cycle time 

and productive labor minutes (Shepherd & Günter, 2006; van Gils et al., 2018). Consistent with these 

models, we have found that the efficiency composite (anchored in LLH, order-cycle time, and 

accuracy) explains a substantial share of variation in log cost per order and in a composite supply-

chain performance index. This is in line with shuttle/AS/RS studies that connect retrieval sequencing 

and dwell policies to realized cycle times and energy use variables that flow directly into the cost 

function (Lerher et al., 2010). Decision-support research has similarly argued that KPI-disciplined 

instrumentation enables managers to trace changes in planning/control rules into financial 

outcomes (Accorsi et al., 2014). Our empirical contribution has been to quantify these links at scale 

and to demonstrate that the cost effect is predominantly efficiency-mediated, with adoption’s 

direct cost coefficient smaller once process variables enter. This pattern bolsters the argument that 

organizations should resist “capex-only” narratives: without measurable improvements in lines per 

labor hour and cycle-time compression, unit cost relief is unlikely to materialize at the expected 

magnitude (Staudt et al., 2015). Moreover, the positive association between efficiency and OTIF 

aligns with multi-criteria performance models that treat responsiveness and reliability as co-moving 

outcomes when flow variability is dampened (Akyuz & Erkan, 2010). In sum, our results offer a KPI-

level, data-backed affirmation of mechanisms long theorized in the warehousing literature, while 

embedding them in a modern, AI-orchestrated context. 

 

Figure 8: Integration-Conditioned Performance Pathways in AI-Robotic Warehousing 
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The most distinctive empirical pattern is the strengthening of the adoption→efficiency relationship 

as systems integration improves. This finding operationalizes a thesis repeatedly advanced in 

enterprise-integration and supply-chain integration scholarship: heterogeneous applications and 

organizational units must share semantics and timing for technology to scale (Panetto & Molina, 

2008). In our data, higher Likert scores on API coverage, event latency, schema conformity, and 

automated exception closure have not only correlated with adoption but have also increased 

adoption’s marginal return. This echoes business-analytics work showing that data 

availability/quality mediate the link between digital investments and performance and logistics 

research positioning big-data governance as both a prerequisite and amplifier for operational 

gains (Kache & Seuring, 2017). It also complements supply-chain theories that distinguish internal 

and external integration, with both contributing to service and cost outcomes (Flynn et al., 2010). 

Practically, the Johnson–Neyman threshold we have identified (integration ≥ ~3.4/5) mirrors the 

“capability maturity” thresholds proposed in IS studies where benefits accrue beyond specific 

tipping points (Mithas et al., 2011). The implication is clear: in warehouses, AI-robotic controllers 

exploit high-frequency signals (queue lengths, pod popularity, device health) to schedule work; if 

those signals are delayed or semantically brittle, algorithmic advantages attenuate. Our 

moderated-mediation results stronger indirect cost relief via efficiency at higher integration 

translate this principle into measurable economics. The contribution to prior work is to quantify, with 

site-level data, how interoperability shifts the slope of technology’s impact rather than merely co-

varying with it. 

While smaller in effect size than integration, workforce capability has shown a positive association 

with efficiency and a marginal moderation of adoption’s effect. This pattern is consistent with 

human-factors syntheses that emphasize ergonomics, cognitive load, and procedural clarity in 

realizing order-picking gains (Grosse et al., 2016) and with human–robot collaboration (HRC) 

frameworks that call for role allocation, safety, and transparent interfaces to unlock 

complementary strengths (Ajoudani et al., 2018). Technology-acceptance research provides an 

additional lens: when users perceive systems as useful and easy to use, and when facilitating 

conditions exist, utilization rises and workarounds fall (Venkatesh et al., 2012). Our workforce-

capability scale training hours, digital literacy, adherence, perceived clarity/safety captures these 

enabling conditions in a warehousing idiom. The empirical takeaway is pragmatic: in high-mix, high-

volume facilities, modest investments in targeted training and standardized work can compound 

algorithmic benefits by reducing exception-handling time and improving station cadence. This 

complements design/control work in RMFS that ties station balancing and pod-handling rules to 

human idle time; better-trained operators exploit those rules effectively, raising realized capacity 

(Lamballais et al., 2017). The comparison with prior studies therefore supports a socio-technical 

view: robotics and AI policies shape the feasible frontier, but the position on that frontier is co-

determined by human capability and interface quality. For scholars, the result encourages models 

that treat workforce variables not only as controls but also as moderators or mediators; for 

practitioners, it underscores that training is not a soft add-on but a lever with measurable KPI 

impact. 

For CISOs, enterprise architects, and OT/IT leaders, the findings translate into five concrete priorities. 

First, treat integration as a security-sensitive reliability layer: enforce API contracts, idempotent 

writes, time-synchronized stamps, and message authentication so that WMS/WES and robotic 

controllers exchange consistent states capabilities that our results have linked to stronger adoption 

returns (Panetto & Molina, 2008). Second, instrument for KPI-grade telemetry: design schemas that 

capture event-level confirmations, queue lengths, pod visits, and exception codes with lineage; 

this enables auditability and supports descriptive and causal analyses tied to LLH, OCT, and CPO 

(Accorsi et al., 2014). Third, budget for data governance: schema versioning, master-data 

stewardship, and latency SLOs reduce integration brittleness and amplify AI scheduling benefits 

(Kache & Seuring, 2017). Fourth, co-design human–robot workflows: mandate HRC-oriented safety 

reviews, error-recovery UX, and on-the-job training pipelines to realize the workforce capability 

gains we have measured (Ajoudani et al., 2018). Fifth, evaluate ROI via pathways: require that 

business cases include efficiency-mediated cost and service effects, not only asset utilization 

deltas; our models indicate that the majority of cost relief is carried through efficiency 

improvements (van Gils et al., 2018). Collectively, these steps reframe robotics programs as secure, 

data-centric control systems rather than stand-alone equipment projects. For architects, the 

message is architectural: adopt event-driven, contract-first patterns with clear domain models; for 
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CISOs, the message is risk-aligned: protect interfaces and data integrity that underpin the very 

performance gains sought. 

The study contributes to theory by formalizing an integration-conditioned pipeline from technology 

adoption to organizational performance. Building on IS capability theory (Roodbergen & Vis, 2009), 

we model adoption as a technological asset whose translation into efficiency depends on 

integration capability; efficiency then mediates effects on cost and service, consistent with multi-

criteria performance frameworks (Shepherd & Günter, 2006). Two refinements emerge. First, the 

slope-shifting role of interoperability extends beyond simple moderation: our conditional indirect-

effect results suggest that integration changes both the magnitude and the variance of realized 

benefits, akin to a reliability-engineering view where higher-quality signals reduce control error and 

performance volatility. Second, embedding human capability alongside integration fits socio-

technical theories, situating HRC and acceptance as pipeline friction parameters that shape 

observed outputs (Ajoudani et al., 2018). Methodologically, the paper illustrates how cross-

sectional, case-study–based designs can credibly estimate these relationships by pairing Likert 

constructs with KPI telemetry and by reporting pathway-level effects (e.g., 

adoption→efficiency→cost). This approach complements simulation-heavy RMFS and AS/RS 

literatures (Lamballais et al., 2017) by adding network-level external validity across industries and 

regions. Theoretically, therefore, AI-robotic warehousing can be framed as a capability stack 

hardware + orchestration + data + people where performance is an emergent property of 

interactions among layers. Future formal models could encode this as a system of structural 

equations with reliability terms that represent latency and schema conformance, offering a more 

general template for digital operations research. 

Several limitations temper interpretation. The design has been cross-sectional; although we have 

mitigated common-method threats (multi-source data; CFA/HTMT; marker variable) and probed 

robustness, causal identification remains bounded compared with quasi-experimental or 

longitudinal designs (Staudt et al., 2015). Measurement has relied on self-reports for adoption, 

integration, and workforce capability; while reliable and discriminant, these constructs would 

benefit from audited indicators (e.g., API endpoint counts, p95 event latency) to reduce 

perceptual bias (Trkman et al., 2010). Our sample, though multi-sector and multi-region, has 

focused on large facilities with active WMS/WES; generalizability to small warehouses or to highly 

specialized verticals (e.g., cold chain) requires care (Gu et al., 2010). Energy and maintenance 

costs have entered cost per order in aggregate; future work could decompose CENC_{EN}CEN 

and reliability-induced downtime to test energy-aware control predictions more directly (Lerher et 

al., 2010). Finally, external integration (suppliers/carriers) has been proxied via internal constructs 

and service outcomes; richer EDI/API quality measures could illuminate network-level effects (Flynn 

et al., 2010). In light of these constraints, future research should pursue panel designs tracking 

pre/post adoption at the site level, matched-pair comparisons of robotic and manual sites with 

synthetic controls, and instrumental-variable strategies that leverage exogenous shocks (e.g., 

staged API rollouts). Hybrid approaches combining telemetry (robot density, blocking, pod-visit 

pile-on) with ergonomics sensors could unpack human–system dynamics (Grosse et al., 2016). 

Finally, multi-equation structural models integrating capability constructs, KPI telemetry, and cost 

decomposition would formalize the capability-stack theory proposed here and offer prescriptive 

guidance on where architectural and training investments yield the steepest performance slopes. 

CONCLUSION 

This study has investigated how integrating AI-powered robotics in large-scale warehouse 

management relates to measurable improvements in operational efficiency, cost reduction, and 

supply-chain performance, and it has done so with a quantitative, cross-sectional, case-study–

based design that links Likert five-point scales to archival KPIs. Across 24 facilities and 268 

respondents, the results have converged on a clear pathway: higher adoption of AI-robotics is 

associated with materially higher efficiency, and that efficiency, in turn, is associated with lower 

cost per order and stronger service outcomes (captured in a composite supply-chain performance 

index), with systems integration amplifying each step in this chain. The evidence has shown that 

adoption alone has not guaranteed returns; rather, benefits have scaled when WMS/WES/ERP 

platforms and robotic controllers have exchanged consistent, low-latency, semantically stable 

data via governed APIs and event streams. Workforce capability has also contributed positively, 

reinforcing that ergonomic design, role-appropriate training, and procedural adherence have 

helped translate algorithmic potential into sustained station cadence and quality. Robustness 
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checks KPI-level models, winsorization, site-clustered errors, fixed effects, leave-one-site-out, and 

placebo tests have supported the stability of these inferences. Taken together, the findings 

articulate a practical doctrine for leaders of large warehouses: treat robotics programs as secure, 

data-centric control systems rather than standalone equipment projects; instrument the operation 

so lines per labor hour, order cycle time, picking accuracy, dock-to-stock, and cost per order are 

computed consistently; and raise integration maturity to (at least) the threshold at which 

adoption’s marginal efficiency payoff steepens. Theoretically, the work has refined a capability-

stack view hardware + orchestration + data + people demonstrating that performance is an 

emergent property of interactions among technological assets, integration capability, and human 

factors, with efficiency mediating cost and service effects. Methodologically, the study has 

illustrated how multi-site, cross-sectional evidence can credibly estimate moderated-mediation 

structures when paired with disciplined measurement and triangulated data sources. Limitations 

remain chiefly the cross-sectional frame and reliance on some perceptual constructs but the 

accumulated evidence has been sufficient to guide decision-making: organizations that combine 

targeted robotic adoption with governed interoperability and workforce development realize the 

largest, most reliable gains. In closing, the contribution of this research is a portable, empirically 

grounded template for evaluating and scaling AI-robotic warehousing: define constructs precisely, 

measure them with validated instruments, connect them to KPI telemetry with auditable lineage, 

estimate direct, moderated, and mediated effects transparently, and use those estimates to 

prioritize architectural integration and human-system readiness alongside capital deployment. 

RECOMMENDATIONS 

Building on the study’s evidence, organizations have been advised to treat AI-robotics programs 

as secure, data-centric control systems and to execute them through a disciplined, phased 

playbook that has coupled technology, integration, and people. First, leadership has prioritized 

integration maturity as a gating factor: adopt event-driven, contract-first APIs between 

WMS/WES/ERP and robotic controllers; enforce idempotent operations, time-synchronized stamps, 

schema versioning, and automated exception closure; and set latency SLOs (e.g., p95 

mission/state updates) because adoption’s efficiency payoff has steepened once integration has 

surpassed a practical threshold. Second, stand up telemetry and KPI governance before scale: 

standardize and continuously compute lines per labor hour, order cycle time, picking accuracy, 

dock-to-stock, error/rework cost, and cost per order with auditable lineage; publish daily 

dashboards and maintain a data dictionary so that operational changes have been traceable to 

performance deltas. Third, pursue phased deployment with KPI gates: run pilots in representative 

zones, pre-register acceptance thresholds (e.g., +15% LLH, −10% OCT, −5% CPO), and scale 

capacity or algorithms only after sustained attainment; complement with A/B-style policy trials (pod 

selection, station balancing, re-slotting triggers) to learn which AI decision rules have yielded 

durable gains under the site’s SKU profile. Fourth, invest deliberately in workforce capability and 

human–robot collaboration: embed ergonomic station design reviews, safety interlocks, and clear 

error-recovery UX; deliver role-based training (operators, supervisors, integrators) with certification 

paths; and measure adoption readiness via short, recurring Likert check-ins tied to refresher 

modules because trained teams have converted algorithmic potential into cadence and quality. 

Fifth, align security and reliability with performance goals: enforce least-privilege access for 

orchestration services, mutual TLS for device and API communications, vulnerability management 

for OT assets, and disaster-recovery drills that include degraded “manual fallback” procedures; 

treat interface integrity as a performance control, not only a risk control. Sixth, make procurement 

and architecture vendor-neutral: require open, well-documented APIs, exportable telemetry, and 

configurable decision policies; select modular fleets (AMRs, shuttles, sorters) so capacity has been 

elastically scaled without architectural rewrites. Seventh, operationalize analytics inside the 

execution loop: host optimization/learning services close to the WES, log every recommendation 

and outcome for model governance, monitor drift and interference hotspots, and use moderated-

mediation logic (adoption → efficiency → cost/service, conditioned by integration) as the 

canonical ROI narrative in steering forums. Eighth, manage energy and maintenance economics 

explicitly: track kWh/order and reliability KPIs (MTBF/MTTR), deploy speed-scaling and smart-idle 

policies, and maintain spares/skills to minimize downtime’s hidden CPO impact. Ninth, strengthen 

change management and communication: pre-brief shifts on policy changes, publish “what 

changed and why” notes, and celebrate KPI wins that have met gates; transparent feedback 

loops have increased compliance and reduced workaround culture. Finally, institutionalize a 
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continuous-improvement cadence: quarterly architecture reviews on integration health, biweekly 

policy tuning based on telemetry, and annual portfolio assessments that rebalance capital 

between robots, integration hardening, and training so that investment has targeted the steepest 

slope in the capability stack (hardware + orchestration + data + people) and sustained the 

efficiency-mediated cost and service gains demonstrated by this research. 
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