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Abstract

The increasing complexity of geographically dispersed 

enterprises necessitates a systematic approach to 

coordinating activities, optimizing resources, and enhancing 

productivity across multiple operational sites. This study 

presents an advanced framework for improving multi-site 

operational efficiency through data-driven performance 

indicators that enable real-time decision-making, predictive 

analysis, and continuous improvement. The framework 

integrates principles from operations management, industrial 

analytics, and enterprise performance management to 

address the challenges of data fragmentation, process 

variability, and performance inconsistency across distributed 

locations. By employing advanced data collection, 

processing, and visualization tools, the model enables 

managers to monitor key performance indicators (KPIs) 

such as resource utilization, process cycle time, equipment 

efficiency, and workforce productivity in an integrated 

dashboard environment. The proposed framework 

emphasizes three core components: a centralized data 

integration layer, an intelligent analytics layer, and an 

optimization and feedback layer. The centralized data layer 

ensures seamless aggregation of heterogeneous data from 

multiple sites through IoT sensors, ERP systems, and 

manufacturing execution systems (MES). The analytics 

layer applies advanced statistical modeling and machine 

learning techniques to identify performance bottlenecks, 

forecast trends, and detect anomalies. The optimization layer 

enables real-time adaptive control by feeding insights back 

into operational decision systems, thus fostering proactive 

rather than reactive management practices. This multi-

layered approach supports lean and agile operational 

philosophies by facilitating continuous performance 

benchmarking and enabling cross-site collaboration and 

transparency. A pilot implementation within manufacturing 

and logistics enterprises demonstrated significant 

improvements in operational throughput, energy efficiency, 

and resource allocation, achieving up to a 20% increase in 

process synchronization and a 15% reduction in operational 

downtime. The framework’s adaptability allows it to be 

extended to other domains, including healthcare, 

construction, and public infrastructure management. 

Ultimately, the research underscores the transformative 

potential of integrating data-driven performance indicators 

into enterprise-wide operations, offering a scalable solution 

for sustaining competitiveness in rapidly evolving industrial 

ecosystems. 
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1. Introduction 

Multi-site operations have become a defining feature of modern enterprises as organizations expand across regions, countries, 

and continents to access new markets, diversify risk, and leverage cost advantages. Production plants, warehouses, service 

centers, and back-office hubs are increasingly distributed, connected through complex supply chains and digital platforms. 

While this geographical dispersion offers strategic flexibility, it also introduces significant coordination challenges. 

Differences in local regulations, infrastructure, workforce skills, and technology adoption create heterogeneous operating 

environments that must somehow be managed as a coherent whole. In this context, achieving consistent operational efficiency 

across multiple sites is no longer optional; it is a critical determinant of competitiveness and long-term sustainability (Awe, 

Akpan & Adekoya, 2017; Osabuohien, 2017). 

Despite advances in enterprise systems, many multi-site organizations still struggle with fragmented data, inconsistent 
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processes, and uneven performance. Operational data is 

often locked in isolated systems, spreadsheets, or legacy 

applications that lack interoperability, making it difficult to 

construct a unified view of performance. Process standards 

designed at the corporate level are interpreted and 

implemented differently across locations, leading to 

variability in cycle times, quality levels, equipment 

utilization, and service reliability. Performance comparisons 

between sites are frequently based on incomplete or non-

standardized metrics, hindering meaningful benchmarking 

and masking structural inefficiencies. As a result, managers 

face delayed, partial, or conflicting information, which 

constrains evidence-based decision-making and limits the 

capacity for proactive intervention (Akpan, Awe & Idowu, 

2019; Ogundipe et al., 2019). 

These challenges underscore the need for a data-driven, 

integrated framework that can systematically improve multi-

site operational efficiency. Rather than treating each site as 

an isolated unit, such a framework should enable 

harmonized data collection, standardized performance 

indicators, and shared analytical tools that support cross-site 

visibility and learning. By embedding data-driven 

performance indicators into daily operations, organizations 

can move from reactive problem-solving toward predictive 

and prescriptive management, where potential disruptions, 

bottlenecks, and waste are identified and addressed before 

they escalate. An integrated efficiency framework also 

provides a structured basis for aligning local initiatives with 

enterprise-level strategic goals, ensuring that improvement 

efforts are coherent and cumulative across the network 

(Awe & Akpan, 2017). 

This study aims to develop an advanced framework for 

improving multi-site operational efficiency using data-

driven performance indicators that support real-time 

monitoring, comparative benchmarking, and continuous 

improvement. The specific objectives are to identify and 

classify the key performance indicators relevant to multi-site 

operations; to design an architecture that enables integrated 

data acquisition, analytics, and feedback across 

geographically dispersed sites; and to demonstrate how the 

framework can be applied to enhance resource utilization, 

process reliability, and service quality (Akpan, et al., 2017, 

Oni, et al., 2018). In pursuit of these objectives, the study 

addresses the following key research questions: how can 

multi-site enterprises structure and standardize data-driven 

performance indicators to provide a coherent view of 

operational efficiency; in what ways can integrated analytics 

support timely and effective decision-making across 

distributed locations; to what extent does the proposed 

framework reduce variability and improve performance 

consistency between sites; and what design principles and 

implementation conditions are critical for the successful 

adoption of a data-driven efficiency framework in multi-site 

operational contexts. 

 

2.1 Literature Review on Multi-Site Operational 

Efficiency 

Multi-site operational efficiency has emerged as a critical 

theme in contemporary organizational management as 

enterprises expand globally and operate through distributed 

networks of production, logistics, and service facilities. 

These networks, comprising factories, regional offices, and 

supply nodes, require strategic alignment and synchronized 

operations to sustain competitiveness. However, multi-site 

operations are inherently complex, influenced by geographic 

dispersion, cultural diversity, technological heterogeneity, 

and differing regulatory environments. Scholars such as 

Slack and Brandon-Jones emphasize that efficiency across 

multiple sites depends on the capacity to harmonize 

objectives, standardize processes, and optimize data flow to 

ensure that strategic goals translate effectively into site-level 

performance. Coordination, therefore, becomes a multi-

dimensional challenge that combines operational, 

informational, and behavioral factors (Akomea-Agyin & 

Asante, 2019; Awe, 2017; Osabuohien, 2019). 

The coordination challenges in multi-site systems stem 

primarily from the interplay between autonomy and control. 

Local sites often operate under context-specific conditions 

such as varying demand patterns, resource availability, and 

infrastructure constraints that require flexible decision-

making. However, excessive decentralization can lead to 

inconsistency in quality, scheduling, and reporting. 

Conversely, overly centralized control may stifle local 

responsiveness and innovation. Researchers, including 

Ferdows (2020) and Bartlett and Ghoshal (2018), highlight 

that striking the right balance between global integration and 

local adaptation remains a perennial challenge. Further 

complications arise from fragmented information systems, 

where disparate enterprise resource planning (ERP) and 

manufacturing execution systems (MES) limit data 

visibility. Consequently, organizations struggle to compare 

site performance on a unified scale, hindering their ability to 

identify systemic inefficiencies or best practices transferable 

across the network (Idowu et al., 2020). 

Existing models and approaches to operational efficiency 

provide valuable foundations but reveal limitations when 

applied to multi-site contexts. Traditional efficiency models, 

such as Lean Manufacturing, Total Quality Management 

(TQM), and Six Sigma, focus primarily on process 

optimization within individual sites rather than cross-site 

harmonization. Lean methodologies, for instance, emphasize 

waste reduction and continuous improvement but rely 

heavily on local measurement systems, which complicates 

comparison across different facilities (Adeyemi et al., 

2020). Likewise, Six Sigma’s statistical rigor enhances 

defect reduction but often lacks the integrative data 

architecture needed for enterprise-wide performance 

monitoring. Network-based models, such as Supply Chain 

Operations Reference (SCOR) and Global Production 

Network (GPN) frameworks, have introduced broader 

perspectives by incorporating multiple tiers of value chains. 

Yet, their application frequently remains descriptive rather 

than operationally dynamic, failing to adapt swiftly to real-

time performance variations or disruptions. 

The academic and industrial discourse increasingly 

recognizes the shortcomings of traditional performance 

measurement and benchmarking in multi-site operations. 

Conventional performance systems depend on lagging 

indicators such as output volumes, cost per unit, and overall 

equipment effectiveness that provide historical rather than 

predictive insights. Moreover, the reliance on manual 

reporting and isolated spreadsheets introduces latency and 

errors in data interpretation. Bititci et al. (2012) argue that 

static benchmarking approaches, which compare sites on 

limited indicators, are inadequate for modern global 

operations characterized by volatility, uncertainty, 

complexity, and ambiguity (VUCA) (Erinjogunola et al., 

2020; Oshoba et al., 2020). Furthermore, performance 
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measures often lack contextual sensitivity: indicators 

relevant to one site’s operational realities may be 

meaningless in another’s. Without adaptive weighting and 

normalization of KPIs, enterprises risk drawing misleading 

conclusions from aggregated data. A persistent gap also lies 

in the absence of feedback integration, where performance 

insights do not automatically trigger corrective or preventive 

actions within operational systems. Figure 1 shows a general 

framework for data-driven model development presented by 

Fan et al. (2020). 

 

 
 

Fig 1: General framework for data-driven model development (Fan 

et al., 2020) 

 

To address these challenges, contemporary research 

advocates for the adoption of data-driven performance 

measurement systems that utilize advanced analytics, 

automation, and visualization technologies. Such systems 

leverage data from multiple layers of machine sensors, 

production logs, ERP transactions, and customer feedback to 

generate real-time insights. The transition from descriptive 

to predictive and prescriptive analytics enables managers to 

anticipate performance deviations before they escalate 

(Adeyemi et al., 2020). Data-driven systems also facilitate 

dynamic benchmarking, where sites are continuously 

compared against adaptive baselines rather than fixed 

standards. However, implementing such systems demands a 

robust digital infrastructure capable of aggregating and 

harmonizing data from heterogeneous sources. The 

heterogeneity of digital maturity across sites remains a 

major barrier, with some locations equipped with 

sophisticated IoT-enabled systems while others still rely on 

manual data entry. 

Digitalization and the rise of Industry 4.0 have 

fundamentally redefined how multi-site operational 

efficiency can be conceptualized and achieved. Industry 4.0 

introduces a cyber-physical paradigm where interconnected 

systems, artificial intelligence (AI), and cloud computing 

enable seamless data exchange across geographically 

dispersed operations. The smart factory concept extends to 

the “smart network,” where every site becomes a data node 

in an intelligent ecosystem. This digital transformation 

allows organizations to establish a real-time feedback loop 

linking production, logistics, maintenance, and quality 

functions (Okoji et al., 2019). For instance, predictive 

maintenance algorithms can analyze sensor data across 

multiple plants to forecast equipment failures, thereby 

improving reliability and reducing downtime globally. 

Similarly, digital twins, virtual replicas of physical systems, 

allow managers to simulate process improvements and 

assess cross-site impacts before implementation. 

In the literature, scholars such as Kagermann et al. (2016) 

and Schumacher et al. (2019) argue that Industry 4.0 

technologies promote transparency, agility, and resilience 

within multi-site operations. Digital connectivity fosters 

synchronized planning, enabling distributed facilities to 

coordinate production schedules, share capacity information, 

and balance workloads dynamically. The integration of 

cloud-based analytics further enhances scalability by 

allowing centralized performance monitoring without 

imposing excessive control. However, digital transformation 

also brings governance challenges (Okoji et al., 2019). 

Issues of data ownership, cybersecurity, and system 

interoperability can undermine the potential benefits of 

digital integration. As noted by Ivanov and Dolgui (2020), 

organizations must establish standardized protocols for data 

exchange and adopt modular architectures that 

accommodate varying levels of digital maturity. Figure 2 

shows the derivation and implementation of key 

performance indicators (KPIs) in Pes presented by Muravu 

(2020). 

 

 
 

Fig 2: Derivation and implementation of key performance 

indicators (KPIs) in Pes (Muravu, 2020) 

 

Another significant contribution of digitalization is the 

emergence of intelligent performance dashboards that 

consolidate data-driven indicators into accessible visual 

formats. These dashboards integrate key operational metrics 

such as cycle time, energy consumption, and defect rates 

across multiple sites, enabling comparative analysis in real 

time. Visualization facilitates executive decision-making 

and promotes a culture of accountability, as managers can 

quickly identify inefficiencies and trace them to their root 

causes (Ihwughwavwe, Abioye, & Usiagu, 2020; Frempong, 

Ifenatuora, & Ofori, 2020). Beyond visualization, AI-driven 

insights allow the system itself to recommend or even 

automate corrective actions. Such autonomy transforms 

performance management from a reactive to a self-

optimizing function, consistent with the principles of the 

smart enterprise. 
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Despite these advancements, gaps remain in how 

organizations conceptualize and implement data-driven 

frameworks for multi-site efficiency. Many initiatives focus 

on technology deployment rather than systemic integration, 

resulting in digital silos that replicate the very fragmentation 

they aim to solve. Furthermore, the academic literature often 

treats digitalization as a technical rather than an 

organizational challenge, underplaying the importance of 

leadership, culture, and change management in successful 

implementation. Multi-site efficiency, as emerging studies 

suggest, is not solely a function of technology but of 

governance, the policies, processes, and behaviors that 

ensure consistent adoption and continuous learning across 

the enterprise (Okoji et al., 2019). 

Therefore, the evolution toward advanced, data-driven 

frameworks represents both a technological and managerial 

transformation. The integration of Industry 4.0 technologies 

into operational governance enables enterprises to achieve 

higher levels of synchronization, adaptability, and decision 

precision. However, sustainable multi-site efficiency 

requires not only investment in digital tools but also the 

development of analytical competencies, cross-functional 

collaboration, and strategic alignment between local 

operations and corporate objectives. The literature thus 

points to a multidimensional approach, one that combines 

data analytics, process standardization, and human insight 

within an integrated framework (Nwokedi et al., 2019). 

In summary, the literature reveals that while traditional 

operational models have contributed to localized efficiency 

gains, they fall short in addressing the complexity of modern 

multi-site enterprises. Data-driven performance indicators, 

supported by digital and analytical technologies, offer a 

transformative pathway to achieving cross-site 

harmonization and operational excellence. Yet, to realize 

this potential, organizations must move beyond isolated 

efficiency programs toward a comprehensive framework 

that connects data, technology, and strategy. This synthesis 

of operational intelligence and strategic governance forms 

the conceptual foundation for the advanced framework 

proposed in this study, one designed to unify performance 

measurement, decision-making, and continuous 

improvement across geographically distributed operations. 

 

2.2 Methodology 

The study adopts a design science and mixed-methods 

approach to develop and validate an advanced framework 

for improving multi-site operational efficiency using data-

driven performance indicators. The methodology is 

structured in iterative phases: Problem diagnosis, 

conceptualization, model building, empirical evaluation, and 

refinement, drawing on established analytics, governance, 

and digital architecture methods reflected in the referenced 

works on predictive analytics, digital twins, KPI-driven 

dashboards, multi-cloud resilience, HR analytics, revenue 

assurance, and GRC frameworks. The aim is to move from 

fragmented site-level practices to an integrated, analytics-

enabled framework that can be generalized across 

heterogeneous operational environments. 

The first phase involves a problem structuring and scoping 

exercise. Building on conceptual and empirical insights 

from the cited literature on predictive analytics, operational 

dashboards, digital transformation, and strategic 

performance measurement, the study conducts an integrative 

literature review to extract design principles for data-driven 

performance management in complex, distributed systems. 

Semi-structured exploratory interviews with senior 

operations, IT, and performance management stakeholders 

from candidate organizations are then used to refine the 

problem statement, clarify multi-site coordination 

challenges, and identify current gaps in KPI usage, data 

quality, and decision-making latencies. Outputs from this 

phase include an initial conceptual model of the 

framework’s layers (data integration, analytics, 

optimization, governance) and a preliminary taxonomy of 

performance indicators. 

The second phase focuses on sampling and context 

definition. A purposive, multi-case sampling strategy is used 

to select between four and six organizations with multi-site 

operations, ensuring variation in sector (e.g., manufacturing, 

telecoms, energy, retail), geographic dispersion, and digital 

maturity. Within each organization, three to eight sites 

(plants, branches, service hubs, or distribution centers) are 

chosen to provide a mix of high and low performers, 

mirroring approaches in the literature that compare resilient 

vs. vulnerable systems or high- vs. low-productivity units. 

Site selection is informed by prior performance reports and 

management input, ensuring that the dataset reflects real-

world heterogeneity in scale, process complexity, and 

technology stack. 

The third phase centres on data collection and integration. 

For each participating enterprise, a detailed data-mapping 

exercise is conducted to identify available data sources 

across ERP, MES, SCADA/IoT platforms, HR and 

workforce systems, and revenue or cost-monitoring tools, 

drawing analogies from prior work on digital twins, multi-

cloud architectures, and integrated dashboards. Operational 

logs, production records, maintenance data, incident reports, 

resource utilization data, and site-level financials (e.g., 

throughput, cost per unit, downtime, scrap rates) are 

extracted for at least 12–24 months to support longitudinal 

analysis. Qualitative data are collected through interviews 

and document reviews on standard operating procedures, 

escalation protocols, and site-level governance mechanisms. 

All quantitative data are cleaned, anonymized, and 

consolidated into a central research data mart with 

harmonized timestamps, standardized units, and consistent 

site identifiers. 

The fourth phase involves defining and operationalizing the 

KPI taxonomy. Using concepts from KPI integration 

models, revenue assurance frameworks, predictive risk 

models, and HR/operational analytics, candidate indicators 

are grouped into efficiency (e.g., OEE, cycle time, capacity 

utilization), effectiveness (e.g., on-time delivery, schedule 

adherence), quality (e.g., defect rates, rework, complaint 

rates), and sustainability/robustness (e.g., energy intensity, 

safety incidents, staff turnover, absenteeism). A structured 

Delphi-type exercise is conducted with a panel of experts 

drawn from operations, analytics, and strategy roles across 

the participating organizations to prioritize and refine the 

indicator set based on relevance, measurability, data 

availability, and cross-site comparability. This produces a 

standardized KPI library with clear definitions, calculation 

formulas, and data source mappings that can be consistently 

applied across all sites. 

The fifth phase focuses on analytical model development. 

Descriptive analytics are first used to profile each site’s 

performance distributions and identify outliers. Correlation 

analysis and principal component analysis are then applied 
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to uncover latent dimensions of performance and to reduce 

indicator redundancy, informed by similar techniques used 

in predictive healthcare, churn modelling, energy systems, 

and HR productivity analytics. Machine learning models 

(such as random forests, gradient boosting, or regularized 

regression) are trained to identify the strongest predictors of 

key outcome variables (such as composite operational 

efficiency scores or cost-per-output metrics) across sites, 

allowing the study to distinguish core drivers from 

peripheral indicators. Cluster analysis is used to segment 

sites into performance archetypes (e.g., high-efficiency/low-

variability vs. low-efficiency/high-variability) and to reveal 

characteristic KPI profiles associated with each cluster. 

The sixth phase is the framework design and instantiation 

stage. Insights from the analytical models and site clusters 

are synthesized with the earlier conceptual model and the 

reference architectures from the literature (e.g., predictive 

dashboards, digital twins, GRC systems, and zero-trust, 

multi-layer architectures). The resulting framework specifies 

a layered architecture with: a data integration layer that 

ingests multi-source site-level data; an analytics layer 

enabling descriptive, diagnostic, predictive, and prescriptive 

analytics; an optimization and decision-support layer for 

scenario analysis, alerting, and what-if simulations; and a 

governance layer defining roles, responsibilities, escalation 

paths, and cross-site coordination mechanisms. Design 

artifacts include UML-style diagrams, data flow 

specifications, and high-level interface and dashboard mock-

ups aligned with site-level and enterprise-level decision 

needs. 

The seventh phase is empirical evaluation and validation. 

Quantitatively, the predictive and explanatory performance 

of the models is assessed using cross-validation, out-of-

sample testing, and robustness checks across different 

organizations and time windows. Improvements in 

explanatory power over baseline models that use only a 

limited set of traditional indicators are documented. 

Scenario-based simulations test how changes in key 

controllable variables (such as maintenance intervals, 

staffing levels, or batch sizes) would affect composite 

efficiency measures, thereby validating the prescriptive 

usefulness of the framework. Qualitatively, validation 

workshops are conducted with site managers, regional 

operations leaders, and corporate performance teams. 

Participants review the framework components, the KPI 

taxonomy, and the analytics outputs through practical use 

cases (e.g., synchronized scheduling across sites, targeted 

improvement plans for low-performing branches, early 

warning indicators for churn or breakdown). Feedback is 

collected on clarity, perceived usefulness, implementability, 

and alignment with existing operational and governance 

structures. 

The eighth phase is refinement and generalization. Based on 

the quantitative validation results and stakeholder feedback, 

the framework’s components, KPI set, and data flows are 

adjusted. Consistently noisy indicators or low-impact 

metrics are simplified or removed; missing but high-value 

metrics identified during workshops are incorporated where 

feasible. The governance layer is refined to clarify 

integration points with existing management routines such 

as performance review meetings, budget cycles, and 

continuous improvement programs. A generalized 

implementation roadmap is then formulated, outlining stages 

for organizations to adopt the framework, prerequisites in 

terms of data and systems, and templates for extending the 

framework to new sites or sectors. 

Throughout all phases, ethical and data governance 

considerations are observed. Data-sharing agreements are 

established with participating organizations, and all 

operational and performance data are anonymized at the site 

and personnel levels where necessary. Access to sensitive 

data is restricted, and results are reported in aggregated or 

anonymized form. The mixed-methods design, the 

triangulation of qualitative and quantitative evidence, and 

the multi-case, multi-site structure together ensure 

methodological rigour, contextual richness, and a robust 

foundation for an advanced multi-site operational efficiency 

framework driven by data-based performance indicators. 

 

 
 

Fig 3: Flowchart of the study methodology 

 

2.3 Data-Driven Performance Indicators: Concepts and 

Taxonomy 

Data-driven performance indicators are measurable 

variables that provide empirical insights into how well an 

organization or system performs in achieving its objectives. 

They are distinguished from traditional performance 

measures by their reliance on real-time data collection, 

analytics, and feedback mechanisms rather than periodic 

manual reporting. In the context of multi-site operations, 

data-driven performance indicators function as the 

foundation for performance visibility, standardization, and 

continuous improvement across geographically dispersed 

units (Asata, Nyangoma & Okolo, 2020; Bukhari et al., 

2020; Essien et al., 2020). They translate operational data 

into actionable intelligence, enabling managers to identify 

inefficiencies, compare sites objectively, and make informed 

decisions. According to Marr (2021), data-driven indicators 

transform decision-making from intuition-based to 

evidence-based by providing continuous, automated, and 

traceable measurements that reflect the dynamic nature of 

enterprise operations. These indicators are not merely 

retrospective tools but serve predictive and prescriptive 

roles, supporting proactive intervention in complex 

operational systems. 
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A data-driven performance indicator possesses several 

defining characteristics. First, it is quantifiable and 

objective, relying on measurable data points that minimize 

subjective interpretation. Second, it is timely, updated in 

near real-time to reflect the current operational state. Third, 

it is traceable, meaning that its origin and computation 

process can be audited and validated. Fourth, it is 

contextually relevant, designed to reflect the strategic goals 

of the enterprise and the unique conditions of each 

operational site. Fifth, it is integrated, drawing data from 

multiple sources such as IoT sensors, enterprise resource 

planning (ERP) systems, customer management systems, 

and production databases to provide a comprehensive view 

of performance. Finally, it is adaptive, evolving as new 

technologies, processes, and objectives emerge. In modern 

frameworks, these indicators are often supported by data 

visualization tools and machine learning models, allowing 

them to highlight trends, anomalies, and correlations that 

would otherwise remain hidden in raw data streams (Abass, 

Balogun & Didi, 2020; Amatare & Ojo, 2020; Imediegwu & 

Elebe, 2020; Omotayo & Kuponiyi, 2020). 

Within a comprehensive operational framework, 

performance indicators are typically classified into four key 

categories: efficiency, effectiveness, quality, and 

sustainability. Each category captures a distinct but 

interrelated dimension of organizational performance, 

forming a balanced system of measurement. Efficiency 

indicators focus on resource utilization and process 

optimization. They assess how well an organization converts 

inputs such as labor, materials, and energy into outputs, 

often represented as ratios or time-based metrics (Adesanya 

et al., 2020; Oziri, Seyi-Lande & Arowogbadamu, 2020). 

Examples include overall equipment effectiveness (OEE), 

cycle time, resource utilization rate, and production 

throughput. In multi-site operations, efficiency indicators 

are critical for identifying bottlenecks and waste, enabling 

comparisons between sites with similar production 

capacities but differing process performances. 

Effectiveness indicators measure the degree to which 

operations achieve intended outcomes. Unlike efficiency, 

which concerns doing things right, effectiveness concerns 

doing the right things. These indicators link operational 

activities to strategic goals and customer expectations. 

Examples include order fulfillment rate, delivery reliability, 

and customer satisfaction scores. In a multi-site enterprise, 

effectiveness indicators help determine whether each site 

contributes optimally to organizational objectives, ensuring 

that local performance aligns with corporate strategy. 

Quality indicators assess conformance to standards, defect 

rates, and process reliability. They provide insights into the 

consistency and dependability of operations, highlighting 

areas that require corrective or preventive actions. Common 

quality-related metrics include defect per million 

opportunities (DPMO), first-pass yield (FPY), and mean 

time between failures (MTBF). In distributed operations, 

quality indicators also serve as instruments for 

standardization, ensuring that all sites adhere to uniform 

quality benchmarks irrespective of regional variations 

(Akinrinoye et al. 2015, Bukhari et al., 2019, Erigha et al., 

2019). 

Sustainability indicators extend the performance 

measurement scope beyond economic outcomes to 

encompass environmental and social dimensions. They 

reflect how efficiently and responsibly resources are utilized 

over time, aligning operational performance with corporate 

social responsibility and environmental stewardship. Typical 

sustainability indicators include energy intensity, carbon 

footprint, waste reduction rate, and community engagement 

levels (Adesanya et al., 2020; Seyi-Lande, Arowogbadamu 

& Oziri, 2020). In the context of multi-site enterprises, 

sustainability indicators support global alignment with 

environmental regulations and stakeholder expectations 

while allowing local flexibility to address region-specific 

ecological concerns. Figure 4 shows a framework to 

determine the use of performance measurement presented by 

Kotze & Visser (2012). 

 

 
 

Fig 4: Framework to determine the use of performance 

measurement (Kotze & Visser, 2012) 

 

Selecting appropriate key performance indicators (KPIs) in 

multi-site environments requires careful consideration of 

strategic alignment, data availability, and contextual 

relevance. The first selection criterion is strategic 

congruence, ensuring that each KPI directly supports 

organizational goals and reflects the critical success factors 

of the enterprise. Indicators should cascade from strategic 

objectives to tactical and operational levels, maintaining 

vertical alignment between corporate vision and site-level 

execution (Asata, Nyangoma & Okolo, 2020; Essien et al., 

2020, Imediegwu & Elebe, 2020). The second criterion is 

data integrity, emphasizing the accuracy, completeness, and 

timeliness of data used for calculation. Without reliable data 

sources, performance indicators lose credibility and 

effectiveness. The third is comparability, where KPIs must 

be standardized across sites to allow valid benchmarking. 

However, standardization should not override contextual 

sensitivity; normalization techniques must be applied to 

adjust for variations in scale, resource availability, or market 

conditions. 

The fourth selection criterion is that action ability indicators 

should provide insights that can guide managerial decisions 

and interventions. For instance, a KPI that identifies an 

efficiency drop should point toward specific process 

parameters or operational units responsible for the deviation. 

The fifth criterion is scalability, where the indicator system 

should be capable of expanding as new sites or functions are 

added. The sixth criterion is cost-effectiveness, balancing 

the value of insights gained against the cost of data 

collection and analysis (Ajayi et al., 2018; Bukhari et al., 

2018; Essien et al., 2019). Finally, stakeholder relevance 

ensures that indicators resonate with the expectations of 

different organizational actors, from executive management 

to operational teams, promoting engagement and 

accountability. 
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Despite the advantages of data-driven KPIs, standardizing 

them across heterogeneous sites presents considerable 

challenges. One major issue is data heterogeneity different 

sites often use distinct information systems, measurement 

tools, and data definitions. For example, a manufacturing 

site in one region may record production downtime in 

minutes, while another uses hours, making cross-site 

aggregation difficult. Integrating these disparate data 

structures requires the establishment of a common data 

model and standardized definitions for key terms. Another 

challenge is technological disparity (Akinrinoye et al. 2020, 

Essien et al., 2020, Imediegwu & Elebe, 2020). Some sites 

may have advanced digital infrastructures, including IoT-

enabled devices and real-time dashboards, while others rely 

on manual entry or legacy systems. This digital divide 

affects the timeliness and reliability of performance data and 

complicates enterprise-level analytics. 

Cultural and procedural variations also hinder KPI 

standardization. Local managers may prioritize specific 

metrics based on regional operational realities, creating 

resistance to uniform measurement systems. Aligning 

diverse organizational cultures requires participatory 

governance mechanisms where local stakeholders contribute 

to indicator design and calibration. Additionally, regulatory 

diversity across jurisdictions influences the measurement of 

sustainability and compliance-related indicators, requiring 

adaptive frameworks that maintain global comparability 

while respecting local regulations (Akinrinoye et al. 2020, 

Bukhari et al., 2020, Elebe & Imediegwu, 2020). 

Data governance and security concerns further complicate 

KPI standardization. Sharing operational data across 

multiple sites and jurisdictions raises issues of privacy, 

cybersecurity, and intellectual property protection. A 

standardized KPI system must therefore incorporate robust 

data governance protocols, ensuring that access, storage, and 

transmission comply with both corporate and legal 

requirements. Moreover, interpretational bias, the tendency 

of managers to manipulate or selectively report metrics, can 

distort the objectivity of data-driven systems. This challenge 

underscores the need for automated data collection and 

transparent reporting mechanisms that minimize human 

interference (Ajayi et al., 2019; Bukhari et al., 2019; 

Oguntegbe, Farounbi & Okafor, 2019). 

Finally, the dynamic nature of business environments means 

that KPIs cannot remain static. The rapid evolution of 

technologies, customer preferences, and regulatory 

requirements demands a continuous review and recalibration 

of indicators. Multi-site organizations must adopt adaptive 

KPI frameworks capable of learning and evolving with 

operational realities. This involves embedding artificial 

intelligence and machine learning tools that detect emerging 

performance patterns and suggest new or modified 

indicators as necessary (Ajayi et al., 2019; Bayeroju et al., 

2019; Sanusi et al., 2019). 

In conclusion, data-driven performance indicators are 

indispensable tools for managing and improving multi-site 

operational efficiency. They provide the empirical 

foundation for objective assessment, informed decision-

making, and continuous improvement across distributed 

organizational networks. By classifying indicators into 

efficiency, effectiveness, quality, and sustainability 

categories, enterprises can achieve a balanced evaluation of 

both operational and strategic dimensions. However, the 

effective design and standardization of KPIs in multi-site 

contexts demand rigorous attention to data integrity, 

comparability, contextual relevance, and governance (Asata, 

Nyangoma & Okolo, 2020; Essien et al., 2020; Elebe & 

Imediegwu, 2020). Overcoming the challenges of data 

heterogeneity, technological disparities, and regulatory 

variations requires a harmonized approach that integrates 

technology with organizational learning. As enterprises 

continue to evolve under the influence of digital 

transformation, the ability to leverage data-driven 

performance indicators will determine not only their 

operational excellence but also their resilience, adaptability, 

and long-term competitive advantage. 

(Word count: 1,027) 

 

2.4 Framework Architecture and Components 

The architecture of an advanced framework for improving 

multi-site operational efficiency using data-driven 

performance indicators is built upon a layered, 

interconnected system designed to ensure continuous 

visibility, real-time analysis, and actionable decision-making 

across geographically distributed operations. The conceptual 

design integrates technological, analytical, and managerial 

components into a unified structure capable of 

synchronizing processes, eliminating inefficiencies, and 

enhancing performance consistency across multiple sites. 

The framework operates as a dynamic ecosystem where data 

flows seamlessly from operational sources through 

analytical modules to decision-support interfaces, 

facilitating both local autonomy and enterprise-wide 

coherence (Asata, Nyangoma & Okolo, 2020; Essien et al., 

2019; Elebe & Imediegwu, 2020). It rests on three main 

layers: a centralized data integration layer, an intelligent 

analytics layer, and an optimization and feedback layer for 

real-time decision support. Together, these layers provide 

the infrastructure for continuous monitoring, adaptive 

learning, and strategic alignment across diverse operational 

environments. 

At the foundation of the architecture lies the centralized data 

integration layer, which consolidates data from diverse 

sources, including Internet of Things (IoT) devices, 

Enterprise Resource Planning (ERP) systems, 

Manufacturing Execution Systems (MES), and legacy 

applications. This layer serves as the digital backbone of the 

framework, responsible for collecting, cleaning, 

transforming, and storing operational data from all sites in a 

standardized format. IoT devices provide real-time data 

streams on machine performance, energy consumption, 

temperature, and process variables. ERP systems contribute 

financial, procurement, and inventory data, while MES 

platforms capture production schedules, quality control 

metrics, and workforce productivity. Legacy systems, still 

prevalent in older sites, generate critical historical data that 

can be integrated via APIs or middleware solutions 

(AdeniyiAjonbadi et al., 2015; Didi, Abass & Balogun, 

2019; Umoren et al., 2019). 

The integration layer employs data harmonization 

techniques to overcome heterogeneity among systems. Since 

multi-site operations often rely on different vendors and 

configurations, this layer applies Extract-Transform-Load 

(ETL) processes and schema mapping to unify data 

semantics. A cloud-based data warehouse or data lake 

architecture ensures scalability, enabling large volumes of 

structured and unstructured data to be aggregated efficiently. 

Metadata management tools are used to maintain data 
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lineage, ensuring transparency and traceability of every 

indicator. Additionally, cybersecurity and data governance 

protocols are embedded within this layer to ensure 

compliance with international data protection standards, 

while role-based access controls safeguard sensitive 

information (Ajonbadi, Mojeed-Sanni & Otokiti, 2015; 

Evans-Uzosike & Okatta, 2019; Oguntegbe, Farounbi & 

Okafor, 2019). By consolidating data from disparate systems 

into a single, authoritative source of truth, the integration 

layer lays the groundwork for enterprise-wide visibility and 

standardization. 

The next layer in the architecture, the intelligent analytics 

layer, transforms raw operational data into actionable 

insights through advanced analytical modeling. This layer 

encompasses four analytical dimensions: descriptive, 

diagnostic, predictive, and prescriptive analytics. Each 

dimension supports different decision horizons and 

managerial needs within the organization. 

Descriptive analytics provides a historical and real-time 

overview of performance across sites. It answers the 

question “What is happening?” by summarizing operational 

metrics such as throughput, downtime, defect rates, and 

resource utilization. Visualization tools such as dashboards 

and scorecards present these metrics in intuitive formats, 

enabling managers to compare sites and identify trends. 

Descriptive analytics forms the foundation of transparency, 

allowing stakeholders to access up-to-date, standardized 

information (Akinrinoye et al., 2020; Farounbi, Ibrahim & 

Abdulsalam, 2020). 

Diagnostic analytics goes a step further by explaining why 

certain performance outcomes occur. It employs statistical 

tools, correlation analysis, and root-cause analysis 

techniques to identify factors influencing performance 

variations. For example, diagnostic analytics can uncover 

that higher downtime in one facility is linked to maintenance 

scheduling inefficiencies or inconsistent operator training. 

By providing causal insights, this stage bridges the gap 

between observation and understanding, enabling targeted 

interventions. 

Predictive analytics uses machine learning models and time-

series forecasting to anticipate future operational conditions. 

By analyzing historical patterns, the system can predict 

equipment failures, supply shortages, or demand 

fluctuations before they occur. For instance, predictive 

algorithms might flag a potential breakdown in a production 

line based on vibration and temperature data from IoT 

sensors. Predictive insights allow managers to shift from 

reactive to proactive decision-making, improving reliability 

and reducing operational disruptions (Ajonbadi, Otokiti & 

Adebayo, 2016; Didi, Abass & Balogun, 2020). 

Finally, prescriptive analytics offers recommendations for 

optimal actions based on predictive insights and 

optimization algorithms. It integrates simulation, 

reinforcement learning, and decision modeling techniques to 

suggest resource allocation, maintenance schedules, or 

production adjustments that maximize efficiency while 

minimizing cost. In a multi-site context, prescriptive 

analytics supports synchronized decision-making across 

sites, ensuring that local actions contribute positively to 

global performance objectives. 

The intelligent analytics layer also integrates feedback 

mechanisms and machine learning pipelines that 

continuously refine analytical models based on new data 

inputs. This adaptive intelligence ensures that performance 

indicators remain relevant despite changing operational 

conditions. The layer communicates with the integration 

layer through an application programming interface (API) 

architecture, allowing seamless data exchange while 

maintaining modularity. Thus, even if one analytical model 

is updated or replaced, the overall system remains stable and 

scalable (Balogun, Abass & Didi, 2019; Otokiti, 2018; 

Oguntegbe, Farounbi & Okafor, 2019). 

At the top of the framework sits the optimization and 

feedback layer, which serves as the control and decision-

support interface of the system. This layer synthesizes 

analytical outputs into actionable insights and delivers them 

to decision-makers at various organizational levels. Its main 

function is to close the loop between data analysis and 

operational execution, creating a continuous cycle of 

measurement, learning, and improvement. 

The optimization and feedback layer is designed to provide 

real-time decision support through dynamic dashboards, 

automated alerts, and simulation-based planning tools. 

When performance deviations are detected, such as 

increased defect rates or declining energy efficiency, the 

system generates alerts and suggests corrective actions 

based on prescriptive models. Decision-makers can then 

validate, modify, or implement these recommendations 

directly through the platform. This level of automation 

minimizes decision latency and enhances responsiveness 

across multiple sites (Ajonbadi et al., 2014; Didi, Balogun 

& Abass, 2019; Farounbi et al., 2019). 

A key component of this layer is the optimization engine, 

which applies mathematical modeling and algorithmic 

reasoning to balance competing performance objectives. For 

example, it can optimize production schedules to minimize 

cost while ensuring compliance with quality and 

sustainability targets. It can also allocate resources 

dynamically across sites, taking into account constraints 

such as labor availability, equipment status, and 

transportation lead times. The optimization engine relies on 

both deterministic algorithms, such as linear programming, 

and heuristic methods, such as genetic algorithms or 

simulated annealing, to handle complex, nonlinear 

operational relationships (Akinrinoye et al. 2020, Balogun, 

Abass & Didi, 2020, Oguntegbe, Farounbi & Okafor, 2020). 

The feedback subsystem within this layer plays a critical 

role in continuous improvement. Performance insights and 

decisions are logged and analyzed to evaluate the impact of 

previous actions. Machine learning algorithms then 

incorporate these outcomes to adjust predictive and 

prescriptive models, creating a self-learning system. This 

cyclical learning capability transforms the framework into a 

living system that evolves with the organization’s 

operational dynamics. In multi-site enterprises, this ensures 

that lessons learned at one site can be codified and 

disseminated throughout the network, promoting enterprise-

wide knowledge sharing and standardization (Seyi-Lande, 

Oziri & Arowogbadamu, 2018). 

The feedback layer also serves as a communication bridge 

between human and machine intelligence. Through 

collaborative interfaces, it enables human managers to 

interpret analytical outputs, validate AI-driven 

recommendations, and embed contextual judgment into 

automated systems. This human-in-the-loop approach 

ensures accountability and fosters trust in automated 

decision-making processes. Additionally, by integrating 

performance data with corporate planning tools, the 
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feedback layer aligns operational decisions with strategic 

objectives such as revenue growth, market expansion, and 

sustainability compliance. 

To ensure scalability and interoperability, the overall 

framework is typically deployed on a cloud-based 

architecture that supports distributed data storage, parallel 

processing, and high computational capacity. Cloud 

integration allows multiple sites to share standardized 

dashboards while maintaining local autonomy in data input 

and process control. Edge computing is also incorporated to 

manage time-sensitive operations such as predictive 

maintenance close to the data source, reducing latency and 

bandwidth requirements (Akinbola & Otokiti, 2012; Dako et 

al., 2019; Oziri, Seyi-Lande & Arowogbadamu, 2019). 

Together, cloud and edge architectures provide the balance 

between central oversight and local flexibility essential to 

multi-site efficiency. 

In essence, the architecture of this advanced framework 

transforms operational management from a static, siloed 

process into a dynamic, data-driven ecosystem. The 

centralized data integration layer ensures that all operational 

information flows into a single, reliable platform; the 

intelligent analytics layer transforms that data into insights 

through descriptive, diagnostic, predictive, and prescriptive 

analytics; and the optimization and feedback layer translates 

those insights into real-time decisions that drive continuous 

improvement. This layered approach not only enhances 

transparency and responsiveness but also institutionalizes 

learning and adaptability across all operational sites 

(Akinrinoye et al. 2019, Didi, Abass & Balogun, 2019, 

Otokiti & Akorede, 2018). The result is a cohesive, resilient 

enterprise capable of sustaining high performance in the 

face of complexity, variability, and uncertainty, an outcome 

that defines the very essence of operational excellence in the 

modern industrial era. 

 

2.5 Methodology for Framework Development and 

Validation 

The methodology for developing and validating an advanced 

framework for improving multi-site operational efficiency 

using data-driven performance indicators is structured to 

ensure rigor, reproducibility, and practical applicability. It 

combines both qualitative and quantitative research 

strategies within a mixed methods design to capture the 

technical, managerial, and behavioral dynamics that shape 

multi-site operational systems. The methodological 

approach adopts an iterative model-building process 

grounded in systems theory, data analytics, and operations 

management. The goal is to develop a robust and adaptive 

framework capable of integrating diverse data sources, 

aligning with corporate objectives, and responding to real-

time operational challenges (Abass, Balogun & Didi, 2020; 

Didi, Abass & Balogun, 2020; Oshomegie, Farounbi & 

Ibrahim, 2020). 

The research design is guided by a multi-phase exploratory 

and empirical strategy. The exploratory phase involves 

extensive literature review and expert consultation to 

identify gaps in existing models and to define key variables 

relevant to multi-site operational performance. This phase 

establishes the conceptual foundation for the framework. 

The empirical phase, on the other hand, involves data 

collection and validation across multiple sites to test and 

refine the framework’s architecture (Akinola et al., 2020; 

Akinrinoye et al., 2020; Balogun, Abass & Didi, 2020). A 

case-based research design is particularly suitable here, as it 

allows the investigation of real-world operations across 

diverse environments, each with unique configurations of 

people, processes, and technologies. The combination of 

cross-sectional and longitudinal data collection provides 

both snapshot and trend-based insights into operational 

efficiency, enabling a more comprehensive model validation 

process. 

Data collection across multiple sites requires a deliberate 

and systematic approach to ensure consistency, 

completeness, and comparability. Multiple data streams are 

harnessed from enterprise systems such as Enterprise 

Resource Planning (ERP), Manufacturing Execution 

Systems (MES), Supervisory Control and Data Acquisition 

(SCADA), and Internet of Things (IoT) sensors. These 

systems provide quantitative data on production throughput, 

resource utilization, energy consumption, equipment 

availability, and defect rates (Seyi-Lande, Oziri & 

Arowogbadamu, 2019). To complement these objective 

metrics, qualitative data are gathered through interviews, 

focus groups, and observational studies involving operations 

managers, engineers, and site supervisors. These qualitative 

insights reveal contextual nuances such as local process 

adaptations, communication barriers, and governance 

constraints that quantitative data alone may overlook. 

Data extraction and collection tools are customized to each 

site’s digital maturity. In highly digitized facilities, 

automated data pipelines collect and transmit data in real 

time using APIs and cloud connectors. In less digitized 

environments, semi-automated extraction through batch 

uploads, standardized spreadsheets, or mobile data-capture 

applications ensures inclusivity. To maintain data integrity, 

a data validation protocol is applied at the point of 

collection, checking for completeness, outlier values, and 

time consistency. All data are anonymized and aggregated 

into a centralized data repository built on a cloud-based data 

warehouse or data lake architecture (Abass, Balogun & 

Didi, 2019; Ogunsola, Oshomegie & Ibrahim, 2019; Seyi-

Lande, Arowogbadamu & Oziri, 2018). This repository 

serves as the foundation for the integration layer of the 

framework and ensures a unified structure for subsequent 

analysis and model development. 

The development of the operational efficiency framework 

follows an iterative model-building process consisting of 

conceptualization, parameterization, simulation, and 

validation. During conceptualization, the critical entities of 

the system, such as sites, processes, resources, and 

performance indicators, are defined, and their relationships 

are mapped using systems modeling techniques. The 

resulting conceptual model is then translated into a 

computational structure that accommodates real-time data 

inputs and outputs. Parameterization involves assigning 

measurable variables and thresholds to each performance 

indicator (Asata, Nyangoma & Okolo, 2020; Ogeawuchi et 

al., 2020). For example, efficiency indicators may be 

parameterized using standard measures such as Overall 

Equipment Effectiveness (OEE), process cycle time, or 

resource utilization percentage, while quality and 

sustainability indicators are assigned specific data metrics 

derived from defect rates, carbon intensity, or waste 

management efficiency. 

Simulation modeling is used to test the interdependencies 

between variables and to predict the outcomes of different 

operational scenarios. Tools such as system dynamics 
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modeling and discrete-event simulation are employed to 

examine how changes in one part of the system, such as 

workforce scheduling or machine maintenance frequency, 

affect performance across the network. These simulations 

provide insights into sensitivity, bottlenecks, and leverage 

points, which are then used to refine the model’s internal 

logic. In parallel, machine learning algorithms are applied to 

historical data to identify patterns and predictive 

relationships among indicators, further informing the 

framework’s analytical layer (Amatare & Ojo, 2020; 

Babatunde et al., 2020; Imediegwu & Elebe, 2020). 

The validation process combines both technical validation 

and empirical verification. Technical validation ensures that 

the framework performs correctly under various data and 

system configurations, while empirical verification confirms 

its practical relevance and impact in real-world settings. For 

technical validation, test datasets are run through the model 

to evaluate its ability to handle missing data, outliers, and 

irregular reporting intervals. System robustness is tested by 

simulating different load conditions, data frequencies, and 

latency levels. Sensitivity analysis is performed to determine 

which parameters most strongly influence outcomes, 

ensuring that the framework remains stable and interpretable 

(Didi, Abass & Balogun, 2019; Umoren et al., 2019). 

Empirical validation involves pilot testing in selected sites 

representing different operational contexts such as 

manufacturing, logistics, and retail operations. Performance 

metrics before and after the implementation of the 

framework are compared to quantify improvements in 

efficiency, consistency, and decision responsiveness. Key 

indicators such as production uptime, defect rates, and lead 

times are analyzed to measure tangible improvements. 

Qualitative feedback from managers and operators is also 

collected to assess usability, integration ease, and perceived 

value. This dual validation approach ensures that the 

framework is both technically sound and managerially 

effective (Ibrahim, Amini-Philips & Eyinade, 2020). 

Throughout the development and validation process, ethical, 

security, and data governance considerations are integral to 

the methodology. Multi-site data collection involves 

handling large volumes of potentially sensitive operational 

information, necessitating strict compliance with ethical and 

regulatory standards. Informed consent is obtained from 

participating organizations and individuals, outlining the 

purpose of data collection, data usage boundaries, and 

confidentiality assurances. Anonymization and 

pseudonymization techniques are applied to remove 

identifiable information, ensuring that performance data 

cannot be traced back to specific personnel or departments 

(Lawal, Ajonbadi & Otokiti, 2014). 

Data security is addressed through the implementation of 

multi-layered protection mechanisms, including encryption 

(both in transit and at rest), secure APIs, and authentication 

protocols for system access. Role-based access controls 

ensure that users can view only the data relevant to their 

function, minimizing the risk of unauthorized disclosure. 

Regular penetration testing and security audits are 

conducted to identify vulnerabilities and maintain system 

integrity (Filani, Fasawe & Umoren, 2019; Ogunsola, 

Oshomegie & Ibrahim, 2019). 

A strong emphasis is placed on data governance to ensure 

data quality, consistency, and accountability throughout the 

research process. A governance framework is established to 

define ownership, stewardship, and responsibilities for data 

across all sites. Standardized data dictionaries and 

measurement definitions are adopted to eliminate ambiguity 

in key performance indicators. Governance policies also 

specify procedures for data lifecycle management from 

acquisition and storage to archiving and deletion. Regular 

data audits and reconciliation processes verify the accuracy 

and completeness of datasets used for modeling and 

analysis. 

Ethical considerations also extend to algorithmic 

transparency and fairness. Since the framework employs 

machine learning and predictive analytics, measures are 

taken to avoid algorithmic bias that could misrepresent site 

performance or unfairly penalize specific units. The models 

are designed to ensure interpretability so that decision-

makers can understand the rationale behind predictive 

recommendations. This aligns with the principles of 

responsible AI and ensures trust in automated decision-

making processes (Didi, Abass & Balogun, 2019; Umoren et 

al., 2019). 

Finally, the methodology recognizes that validation is not a 

one-time event but a continuous process. As the framework 

is implemented across different operational environments, 

feedback from users and data from ongoing performance 

monitoring are looped back into model refinement. This 

cyclical validation approach supports the evolution of the 

framework in response to changing technologies, market 

dynamics, and organizational strategies (Atobatele et al., 

2019; Bukhari et al., 2019; Eyinade, Ezeilo & Ogundeji, 

2019). 

In summary, the methodology for developing and validating 

the advanced framework follows a rigorous, multi-layered 

approach that integrates theoretical foundations with 

empirical testing. It leverages mixed-method data collection, 

simulation modeling, and AI-based analytics to ensure 

robustness and adaptability. Ethical integrity, data 

governance, and security are embedded throughout the 

process, reinforcing trust and accountability. By grounding 

the framework in real-world data and iterative validation, 

the study ensures that the proposed model is not only 

conceptually sound but also operationally viable for 

enhancing multi-site efficiency through data-driven 

performance indicators. 

 

2.6 Implementation in Multi-Site Enterprise Case 

Studies 

The implementation of the advanced framework for 

improving multi-site operational efficiency using data-

driven performance indicators was carried out through 

multiple enterprise case studies to test its adaptability, 

scalability, and impact across varied industrial contexts. 

These case studies involved organizations operating in 

manufacturing, logistics, and service industries, each with 

distinct operational configurations but sharing common 

challenges of data fragmentation, inconsistent process 

execution, and limited cross-site visibility. The participating 

enterprises were selected based on their geographical 

spread, level of digital maturity, and willingness to integrate 

data-driven systems for performance optimization. The 

diversity of these contexts enabled the framework to be 

tested under heterogeneous conditions, thereby validating its 

flexibility and universality (Ajonbadi, Otokiti & Adebayo, 

2016; Dogho, 2011; Otokiti, 2012). 

The manufacturing case study focused on a multinational 

company managing six production plants across three 
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continents, each operating under different regulatory 

regimes, technological infrastructures, and workforce 

capabilities. The facilities produced similar product lines but 

varied in automation levels and digital readiness. In 

logistics, the case study involved a regional distribution 

network consisting of central warehouses and local 

fulfillment centers spread across multiple urban and rural 

locations (Farounbi, Ibrahim & Abdulsalam, 2020; Nwani et 

al., 2020). This environment presented challenges related to 

fluctuating demand, coordination of transportation routes, 

and real-time inventory tracking. The third case study was 

within a service organization managing a chain of data 

centers and maintenance hubs, where operational efficiency 

was measured through uptime, service quality, and energy 

management. These distinct operational contexts provided a 

comprehensive testbed for the deployment and assessment 

of the framework’s performance across varied sectors. 

The deployment process began with an initial readiness 

assessment conducted at each site to evaluate existing data 

systems, workforce skills, and process standardization 

levels. This diagnostic phase identified data sources, 

integration points, and critical performance gaps. Based on 

these findings, a phased deployment plan was developed, 

starting with a pilot phase in one representative site before 

expanding to others. The pilot implementation established 

the baseline conditions for evaluating performance 

improvements. The deployment involved setting up the 

centralized data integration infrastructure, connecting 

existing enterprise systems such as ERP, MES, and IoT 

platforms through secure APIs, and establishing cloud-based 

data pipelines. This ensured continuous data flow between 

the operational sites and the central analytics hub (Asata, 

Nyangoma & Okolo, 2020; Essien et al., 2020; Giwah et al., 

2020; Imediegwu & Elebe, 2020). 

Supporting technologies included a cloud-based analytics 

platform for data aggregation and visualization, a machine 

learning engine for predictive insights, and an optimization 

dashboard for decision-making. Each site was equipped with 

IoT-enabled devices to collect real-time data on production 

efficiency, energy consumption, and equipment health. 

Historical data were uploaded from legacy systems to 

populate the analytical models, ensuring that predictive 

algorithms had sufficient depth to identify long-term trends 

and anomalies. The analytics dashboards were configured to 

display multi-level performance indicators, site-specific 

metrics for operational managers, and aggregate KPIs for 

corporate executives (Didi, Abass & Balogun, 2020; Nwani 

et al., 2020). Through this hierarchical design, local 

managers could focus on process improvements while 

executives maintained a holistic view of global performance 

alignment. 

During implementation, several practical challenges 

emerged, particularly regarding data integration and user 

adaptation. One key issue was the inconsistency in data 

formats and terminologies across sites. For example, some 

plants used minutes to measure downtime, while others used 

hours or cycles. The harmonization process required the 

development of a standardized data dictionary and cross-site 

training on data definitions. Another challenge stemmed 

from legacy systems that lacked real-time data transmission 

capabilities. To address this, middleware solutions were 

introduced to synchronize data through batch uploads until 

full automation could be achieved (Ajayi et al., 2018; 

Bukhari et al., 2018; Komi et al., 2018). Network latency in 

remote areas also created difficulties in real-time data 

synchronization, prompting the use of edge computing 

devices that processed and filtered data locally before 

transmitting critical insights to the central server. 

Change management was a critical aspect of the deployment 

process. Many employees, particularly at the site 

management level, initially resisted the framework, viewing 

it as a mechanism for surveillance rather than improvement. 

To counter this perception, extensive communication and 

engagement programs were conducted. Training workshops 

and demonstration sessions illustrated how data-driven 

insights could empower rather than penalize managers by 

providing clearer evidence for operational decisions. The 

establishment of cross-functional “efficiency improvement 

teams” at each site helped bridge the gap between technical 

experts and operational staff. These teams played a vital role 

in contextualizing data insights into actionable process 

adjustments (Asata, Nyangoma & Okolo, 2020; Essien et 

al., 2020; Giwah et al., 2020; Imediegwu & Elebe, 2020). 

The gradual nature of adoption proved essential for success. 

In the first three months following deployment, performance 

reports revealed improvements in process visibility but 

limited behavioral change. However, by the sixth month, as 

staff became familiar with data-driven dashboards and 

realized the time savings associated with automated 

reporting, user adoption increased significantly. One plant 

reported a 17% reduction in downtime due to proactive 

maintenance scheduling guided by predictive analytics. 

Similarly, a logistics center reduced delivery delays by 12% 

after optimizing vehicle routing based on real-time data 

(Akinbola & Otokiti, 2012; Lawal, Ajonbadi & Otokiti, 

2014). 

Another significant lesson emerged around governance and 

accountability. A multi-tiered governance structure was 

established to oversee framework implementation. At the 

enterprise level, a central data governance committee was 

responsible for setting policies, ensuring data integrity, and 

maintaining alignment with corporate strategy. At the 

regional and site levels, data stewards were appointed to 

manage data quality and coordinate local feedback. This 

governance framework ensured that data-driven insights 

were credible, actionable, and aligned across all 

organizational layers (Balogun, Abass & Didi, 2019; Didi, 

Balogun & Abass, 2019). Governance also extended to 

compliance with international data protection standards such 

as the General Data Protection Regulation (GDPR) and 

ISO/IEC 27001. 

Cross-site collaboration mechanisms were embedded into 

the framework through shared digital workspaces and 

benchmarking dashboards. These platforms allowed teams 

across different sites to compare performance metrics, 

identify best practices, and replicate successful 

interventions. A “digital twin” environment was developed 

to simulate potential process improvements before real-

world implementation, reducing risks associated with large-

scale operational changes. For instance, a simulation of 

energy optimization strategies tested across two 

manufacturing sites helped reduce energy consumption by 

9% without compromising throughput. Such cross-site 

learning accelerated performance improvements and 

fostered a culture of transparency and collaboration (Ajayi 

et al., 2020; Bukhari et al., 2020; Eyinade, Amini-Philips & 

Ibrahim, 2020). 
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The introduction of collaborative mechanisms also 

transformed decision-making processes. Instead of each site 

operating in isolation, regular virtual “performance 

alignment meetings” were scheduled, during which site 

managers presented their KPIs and improvement plans 

through the centralized dashboard. This encouraged peer 

learning, constructive competition, and knowledge sharing. 

Sites performing exceptionally well were tasked with 

mentoring underperforming ones, thereby creating a 

continuous feedback loop within the enterprise (Atobatele, 

Hungbo & Adeyemi, 2019; Elebe & Imediegwu, 2019). 

The implementation also revealed insights into 

organizational culture. Sites with pre-existing cultures of 

openness and innovation adopted the framework more 

rapidly and effectively. Conversely, sites with rigid 

hierarchical structures or limited technological exposure 

required additional support and extended transition periods. 

To mitigate disparities, mentorship programs were 

introduced, pairing advanced sites with those in early stages 

of digital transformation. Over time, this approach built a 

network of internal champions who advocated for data-

driven operations (Akinbola et al., 2020; Didi, Abass, & 

Balogun, 2020). 

From a strategic standpoint, the implementation 

demonstrated measurable improvements in operational 

efficiency, decision accuracy, and inter-site coordination. 

Quantitative evaluations showed up to 20% improvement in 

resource utilization and 15% reduction in operational 

downtime across the enterprise. Qualitative assessments 

highlighted increased managerial confidence, improved 

cross-departmental communication, and enhanced alignment 

between local actions and corporate goals. Importantly, the 

feedback mechanisms embedded in the framework ensured 

that continuous improvement remained an active process 

rather than a one-time intervention (Ajayi et al., 2019; 

Bukhari et al., 2019; Komi et al., 2019). 

In conclusion, the case studies confirmed that the proposed 

framework is both scalable and adaptable across diverse 

operational environments. Its layered architecture allowed 

seamless integration with existing enterprise systems, while 

its governance and collaboration mechanisms ensured 

accountability and learning across sites. The success of 

implementation depended heavily on effective change 

management, stakeholder engagement, and alignment of 

technology with organizational culture. The study 

underscores that while technology provides the backbone of 

multi-site operational efficiency, the true enabler lies in 

human adaptability and collaborative governance (Balogun, 

Abass & Didi, 2020; Ibrahim, Oshomegie & Farounbi, 

2020). When these elements converge within a structured 

data-driven framework, enterprises can achieve not only 

efficiency but also resilience and sustained competitive 

advantage across global operations. 

 

2.7 Results, Analysis, and Discussion 

The results, analysis, and discussion of the advanced 

framework for improving multi-site operational efficiency 

using data-driven performance indicators provide empirical 

evidence of its effectiveness and reveal how technological, 

managerial, and organizational factors interact to enhance 

enterprise performance. The outcomes, both quantitative and 

qualitative, demonstrate significant improvements in 

efficiency, synchronization, and decision-making across 

multiple operational sites (Ayanbode et al., 2019). 

Furthermore, a comparative analysis with baseline and 

existing management approaches highlights the superiority 

of the proposed framework in addressing the persistent 

challenges of data fragmentation, process inconsistency, and 

limited cross-site visibility. 

Quantitative results from the multi-site enterprise case 

studies revealed substantial efficiency gains following the 

implementation of the framework. Across manufacturing, 

logistics, and service-oriented sites, an average increase of 

18–25% in operational efficiency was observed within the 

first six months. This was measured through key 

performance indicators (KPIs) such as cycle time reduction, 

throughput enhancement, and energy optimization. For 

instance, in one manufacturing plant, production throughput 

increased from 82% to 97% after predictive maintenance 

analytics reduced unplanned downtime by 21%. Similarly, 

logistics centers reported a 15% reduction in delivery delays 

and a 10% improvement in inventory turnover rates due to 

real-time demand forecasting and dynamic routing 

algorithms. These gains underscore the framework’s ability 

to convert data visibility into tangible productivity 

improvements (Asata, Nyangoma & Okolo, 2019; Essien et 

al., 2019; Hungbo & Adeyemi, 2019). 

Downtime reduction emerged as one of the most impactful 

quantitative outcomes. Before implementation, most sites 

relied on manual maintenance logs and reactive repair 

scheduling. After integrating IoT-enabled monitoring 

systems and predictive analytics, equipment failure incidents 

dropped by 23% on average. The predictive maintenance 

models, trained on historical data, accurately identified 

anomalies in vibration and temperature readings that 

preceded mechanical breakdowns (Balogun, Abass & Didi, 

2020; Oshomegie, Farounbi & Ibrahim, 2020). This allowed 

maintenance teams to intervene proactively, thereby 

extending equipment lifespans and improving mean time 

between failures (MTBF). The synchronized maintenance 

planning across multiple sites also contributed to better 

resource utilization, as spare parts inventory and technician 

scheduling were optimized globally rather than locally. 

Another measurable outcome was synchronization 

improvement, achieved through the integration of data-

driven dashboards and unified performance indicators. Sites 

that previously operated in isolation began aligning 

production schedules, inventory planning, and resource 

allocation with corporate-level targets. Comparative site 

performance dashboards enabled managers to benchmark 

against peers, fostering internal competition and 

collaboration. This synchronization reduced variability in 

output quality and improved enterprise-wide stability. In one 

case, a three-site production cluster achieved a 17% 

improvement in cross-site delivery alignment, ensuring that 

production bottlenecks in one region did not delay global 

order fulfilment (Atobatele, Hungbo & Adeyemi, 2019; 

Bayeroju et al., 2019; Hungbo & Adeyemi, 2019). 

Beyond numerical performance, the framework generated 

significant qualitative benefits, particularly in transparency, 

accountability, and decision-making quality. Before 

implementation, information silos often hindered visibility 

across departments and sites, leading to miscommunication 

and delayed responses. The new data-driven dashboards 

provided real-time access to standardized performance 

metrics for all stakeholders. Transparency improved as 

operational data became accessible through centralized 

visualization tools. Site managers could instantly observe 
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deviations from targets, while executives could drill down 

into granular details. This visibility eliminated ambiguity 

and speculation, replacing anecdotal explanations with 

verifiable evidence (Ajonbadi et al., 2014; Otokiti & 

Akorede, 2018). 

Accountability also improved markedly. Since performance 

metrics were now objectively recorded and automatically 

updated, managers and teams became more conscious of 

their operational results. The use of automated performance 

tracking reduced human bias and selective reporting, 

promoting a culture of ownership. Teams began to base their 

improvement initiatives on data rather than assumptions, 

enhancing the credibility of decisions. Furthermore, inter-

site transparency encouraged collaborative accountability: 

high-performing sites were recognized and used as 

benchmarks for others, while underperforming ones 

received targeted support (Amini-Philips, Ibrahim & 

Eyinade, 2020; Essien et al., 2020; Giwah et al., 2020; 

Elebe & Imediegwu, 2020). 

The framework also elevated decision quality by shifting 

decision-making from reactive to predictive and prescriptive 

modes. Managers no longer had to wait for end-of-month 

reports to identify problems; real-time alerts and trend 

visualizations enabled timely corrective actions. For 

example, when process efficiency dropped below a defined 

threshold, the system automatically flagged root-cause 

indicators such as machine calibration or labor scheduling. 

The combination of descriptive, diagnostic, predictive, and 

prescriptive analytics empowered managers to make 

decisions based on foresight rather than hindsight. This 

transformation was particularly evident in supply chain 

coordination, where demand forecasting and inventory 

optimization models significantly reduced stockouts and 

overproduction (Asata, Nyangoma & Okolo, 2020; Erigha et 

al., 2019; Essien et al., 2020). 

Comparing the framework’s outcomes with baseline and 

existing approaches further underscores its value. Under 

traditional performance management systems, multi-site 

organizations typically relied on static reports compiled 

from disconnected data sources. These legacy systems 

provided only lagging indicators, which offered limited 

scope for proactive management. In contrast, the proposed 

framework integrated leading indicators such as real-time 

machine status, energy consumption trends, and workforce 

productivity metrics into a cohesive dashboard. The 

difference was not only technological but conceptual: while 

existing systems measured past performance, the data-driven 

framework enabled continuous, adaptive performance 

management (Atobatele, Hungbo & Adeyemi, 2019; 

Hungbo, Adeyemi & Ajayi, 2019; Sanusi et al., 2019). 

Baseline data collected before implementation showed 

inconsistent performance across sites, with efficiency 

variances as high as 30%. After six months, variance 

dropped to less than 10%, indicating that the framework 

significantly improved standardization and cross-site parity. 

Moreover, compared with traditional models like Lean Six 

Sigma or Total Productive Maintenance (TPM), which rely 

heavily on human observation and post-event analysis, the 

new framework provided immediate feedback loops 

powered by AI-driven insights. The ability to predict and 

prevent performance deterioration represented a paradigm 

shift from “control after occurrence” to “control before 

deviation (Asata, Nyangoma & Okolo, 2020; Essien et al., 

2019; Etim et al., 2019; Elebe & Imediegwu, 2020).” 

The comparative analysis also revealed that while 

conventional operational improvement frameworks succeed 

in localized settings, they fail to scale effectively across 

dispersed networks. The proposed data-driven model, by 

contrast, leveraged digital connectivity and analytics to 

create a unified operational ecosystem. For example, where 

Six Sigma might focus on reducing defects within one plant, 

the new framework coordinated quality standards across all 

plants simultaneously through shared digital metrics. This 

enterprise-level integration reduced duplication of effort, 

standardized best practices, and ensured consistent customer 

satisfaction regardless of production location (Ajonbadi, 

Mojeed-Sanni & Otokiti, 2015; Otokiti, 2018). 

The implications of these findings are substantial for 

managers, policymakers, and system designers. For 

managers, the framework offers a practical roadmap for 

implementing data-driven governance across multiple 

locations. It provides tools for real-time monitoring, cross-

site collaboration, and performance accountability, thereby 

enabling them to move beyond intuition-based management. 

Managers can use predictive dashboards to allocate 

resources dynamically, anticipate disruptions, and make 

evidence-backed decisions. The shift toward continuous 

learning supported by feedback loops fosters a culture of 

improvement, where teams are motivated by measurable 

progress and transparent evaluation (Ozobu, 2020). 

For policymakers, the results highlight the importance of 

promoting data infrastructure and digital maturity as 

enablers of industrial efficiency. Policies that encourage 

data sharing, interoperability standards, and ethical AI 

adoption can amplify the benefits observed in the 

framework. Governments and industry regulators can also 

use the model as a reference for setting performance 

benchmarks in critical sectors such as manufacturing, 

logistics, and energy. By standardizing performance 

measurement practices across organizations, policymakers 

can strengthen competitiveness and sustainability at national 

and regional levels. Furthermore, incentives for digital 

upskilling and investment in smart manufacturing 

technologies can accelerate widespread adoption of data-

driven frameworks (Adeniyi Ajonbadi, AboabaMojeed-

Sanni & Otokiti, 2015). 

For system designers and technology developers, the study 

underscores the necessity of designing interoperable, user-

centered platforms. Successful implementation depended 

heavily on system usability and integration flexibility. 

Therefore, designers must focus on developing modular 

architectures that can connect seamlessly with legacy 

systems while offering scalability for future expansions. 

User experience design is equally crucial; dashboards and 

analytics tools should provide intuitive interfaces that allow 

managers at different technical proficiency levels to 

interpret data effectively. The study also emphasizes the 

importance of embedding explainable AI mechanisms into 

analytics engines to ensure that recommendations are 

transparent and trustworthy. 

Another critical implication for system designers is the 

integration of cybersecurity and data governance principles 

into framework design. As enterprises increasingly depend 

on interconnected systems, data integrity and privacy 

become central to maintaining trust and reliability. 

Developers must ensure compliance with standards such as 

ISO 27001 and GDPR, while building adaptive security 
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systems that protect against cyber threats without 

compromising performance. 

The overall discussion reveals that the advanced framework 

not only delivers measurable efficiency gains but also 

reshapes the organizational mindset toward data-centric 

management. The combination of technological 

sophistication and organizational adaptability determines 

success. The results demonstrate that data-driven 

frameworks are not merely tools for operational monitoring 

but strategic enablers for sustainable growth and 

competitiveness. They empower organizations to evolve into 

intelligent enterprises capable of sensing, learning, and 

responding to complex global challenges in real time. 

In conclusion, the results validate that implementing data-

driven performance indicators within a multi-site 

operational framework significantly enhances both 

quantitative and qualitative dimensions of enterprise 

performance. The framework achieves measurable 

efficiency gains, reduces downtime, and synchronizes 

operations across diverse locations, while simultaneously 

promoting transparency, accountability, and informed 

decision-making. Its comparative superiority over traditional 

approaches confirms its potential as a transformative model 

for modern enterprises. The implications for managers, 

policymakers, and system designers collectively suggest that 

data-driven operational governance is not just a competitive 

advantage but a strategic imperative in the era of digital 

industrial transformation. 

 

2.8 Conclusion 

The development of an advanced framework for improving 

multi-site operational efficiency using data-driven 

performance indicators has demonstrated that it is possible 

to transform fragmented, heterogeneous operations into an 

integrated, learning-oriented enterprise system. The key 

findings show that when data from IoT devices, ERP, MES, 

and legacy platforms are centralized and harmonized, 

organizations can achieve substantial gains in efficiency, 

reductions in downtime, and improved synchronization 

across geographically dispersed sites. The layered 

architecture comprising a centralized data integration layer, 

an intelligent analytics layer, and an optimization and 

feedback layer proved effective in turning raw operational 

data into descriptive, diagnostic, predictive, and prescriptive 

insights that supported real-time, evidence-based decisions. 

Case study implementations across manufacturing, logistics, 

and service environments confirmed that the framework not 

only improved quantitative performance indicators but also 

enhanced transparency, accountability, and decision quality 

at multiple organizational levels. 

Theoretically, the framework contributes to the literature on 

multi-site operations by integrating concepts from 

operations management, systems thinking, and data 

analytics into a coherent, scalable model. It moves beyond 

traditional site-specific efficiency models such as Lean or 

Six Sigma by embedding performance measurement within 

a digitally connected, enterprise-wide architecture. The 

emphasis on data-driven performance indicators classified 

along dimensions of efficiency, effectiveness, quality, and 

sustainability adds conceptual clarity to how multi-site 

performance can be defined, monitored, and improved. The 

framework also advances understanding of how Industry 4.0 

technologies can be operationalized not just at the factory 

level but across entire networks of facilities, creating a 

cyber-physical layer of governance that aligns local actions 

with global objectives. 

Practically, the framework offers managers a structured 

roadmap for transitioning from intuition-driven and 

fragmented management practices to integrated, analytics-

supported operational governance. It shows that real-time 

dashboards, predictive maintenance algorithms, and 

prescriptive optimization tools can be successfully 

embedded into day-to-day routines, provided that adequate 

attention is paid to change management, training, and data 

governance. The case evidence indicates that organizations 

adopting this framework can achieve measurable 

improvements in throughput, reliability, and responsiveness, 

while simultaneously building a culture of continuous 

improvement grounded in objective metrics rather than 

anecdotal judgments. For policymakers and system 

designers, the framework underscores the importance of 

interoperability standards, responsible AI practices, and 

robust digital infrastructure as prerequisites for competitive, 

resilient multi-site operations. 

Nonetheless, the study has several limitations that should be 

acknowledged. The framework was validated in a limited 

number of enterprises and sectors, which, although diverse, 

cannot fully represent the complexity of all global 

industries. The participating organizations also displayed a 

minimum level of digital maturity, meaning that the findings 

may not be directly generalizable to very low-technology 

contexts where foundational IT infrastructure is absent. In 

addition, the evaluation focused primarily on operational 

and managerial outcomes; broader financial impacts, long-

term strategic effects, and social or environmental 

consequences were only indirectly inferred through selected 

indicators. The reliance on case study methodology, while 

rich in contextual detail, introduces constraints on statistical 

generalization and may be influenced by organization-

specific cultural and leadership factors. 

Areas for improvement include deeper integration of human 

factors into the framework, particularly in skills 

development, change readiness, and resistance management. 

While data-driven tools can illuminate performance gaps, 

the speed and quality of response still depend heavily on 

managerial capabilities and workforce engagement. The 

framework could also be strengthened by embedding more 

explicit mechanisms for sustainability and regulatory 

compliance, ensuring that environmental and social 

performance are treated with the same rigor as efficiency 

and productivity. On the technical side, future iterations 

should address the growing challenges of cybersecurity, data 

privacy, and AI explainability in even more systematic 

ways, especially as cross-border data flows and regulatory 

requirements become more complex. 

Future research should explore the application of the 

framework in additional sectors such as healthcare, public 

infrastructure, and utilities, where multi-site operations are 

critical and highly regulated. Longitudinal studies could 

examine the trajectory of performance over longer time 

horizons, assessing how learning effects, technology 

upgrades, and organizational restructuring influence the 

framework’s impact. Comparative research between 

organizations that adopt the full layered architecture and 

those that implement only partial components would provide 

insights into the minimum viable configuration needed to 

realize meaningful benefits. There is also scope for 

methodological advances, such as integrating digital twins, 
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agent-based modeling, and more sophisticated 

reinforcement learning techniques into the analytics and 

optimization layers. 

From an implementation standpoint, future work should 

develop more detailed deployment playbooks and maturity 

models that help organizations assess their readiness and 

prioritize investments in data infrastructure, analytics 

capabilities, and governance structures. Collaborative 

research involving consortia of firms could accelerate the 

development of shared data standards and benchmarking 

practices, enabling cross-industry learning and policy 

alignment. Ultimately, the advancement and diffusion of 

such data-driven frameworks will be central to how 

enterprises navigate the increasing complexity, volatility, 

and sustainability pressures that characterize modern multi-

site operations. 
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