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Abstract 
Warehouse dashboards often report backlog and inventory turnover without showing 
which operating decisions can change them. This paper develops a three-tier KPI 
hierarchy and a diagnostic cycle for third-party logistics operations. Strategic 
outcomes are linked to client-level flow measures and owned process indicators, 
supported by explicit definitions, segmentation and exception review. The framework 
distinguishes average work in process from aged backlog and uses consistent units 
when relating throughput, time in system and inventory. Practitioner experience 
reports a 2.5 percent improvement in inventory turnover alongside a reduction in 
backlog. These outcomes are descriptive: the baseline, observation period and 
transaction-level estimates are not available for independent recomputation. The 
contribution is a practical link between measurement design and root-cause 
investigation, rather than an identified causal effect. Prospective validation should 
publish denominators, client and product mix, implementation dates, lag analyses and 
comparison-period uncertainty. The framework offers a structured basis for testing 
whether better diagnosis improves warehouse flow while separating operator-
controlled delays from client inventory policy. 
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1. Introduction 

Warehouses have moved from being passive storage points to active, time-critical nodes in supply chains. The growth of e-

commerce, the compression of delivery windows and the volatility of demand that characterized 2020 and 2021 placed 

unprecedented pressure on distribution operations across North America. Many shippers responded by outsourcing warehousing 

to third-party logistics (3PL) providers, which offered flexible capacity and specialized capability (Selviaridis & Spring, 2007). 

The same disruptions renewed attention to resilience and risk management across distribution networks (Anene, 2021). Studies 

of supply chain risk and resilience in other sectors point to the same lesson: operations with weak visibility and slow recovery 

routines absorb disruption poorly (Agbabiaka et al., 2019; Ogunwole et al., 2021; Awulu et al., 2022b). Simulation studies of 

the COVID-19 outbreak showed how quickly such disruptions propagate through supply networks (Ivanov, 2020), reinforcing 

the argument that resilience must be designed into supply chains rather than added after the fact (Christopher & Peck, 2004). 

For 3PL operators, however, this growth exposed a recurring operational problem: work arriving faster than it could be 

processed, and inventory sitting longer than it should. 
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Two related symptoms illustrate this problem. The first is 

backlog, defined here as the volume of inbound receipts, 

putaway tasks, replenishment tasks and outbound orders that 

remain unprocessed beyond their planned or contractually 

agreed time window. The second is low inventory velocity, 

observed as declining inventory turnover and rising days on 

hand. Backlog damages service performance and client 

relationships directly, because late shipments and delayed 

receiving are visible to clients and frequently carry financial 

penalties. Low inventory velocity is less visible but equally 

costly: it consumes storage positions, increases travel 

distances for pickers, raises the risk of obsolescence and 

inflates the working capital that clients must carry. 

Most 3PL warehouses already collect a large volume of 

performance data through warehouse management systems 

(WMS), labor management systems and client portals, 

reflecting a broader shift toward analytics-driven operations 

management (Agboada et al., 2018). The difficulty is rarely 

a lack of metrics. Instead, metrics are often presented as flat 

dashboards in which order accuracy, units per hour, dock-to-

stock time and inventory accuracy appear as independent 

numbers. Dashboard research in other domains has shown 

that visualization alone does not close visibility gaps unless 

measures are organized around the decisions they support 

(Sanni & Atima, 2021; Ogbole et al., 2021). When a top-line 

indicator such as on-time shipment deteriorates, managers 

lack a structured path from the symptom to its cause. The 

common response is to add labor or overtime, which can 

relieve backlog temporarily while leaving the underlying 

process failures intact (Hopp & Spearman, 2008). 

 

1.1. Warehouse Performance Measurement 

Research on warehouse operations has historically focused 

on design and control problems such as layout, storage 

assignment, batching and routing (Gu et al., 2007; de Koster 

et al., 2007). Performance evaluation has received 

comparatively less attention, although Gu et al. (2010) 

identified it as an essential complement to design decisions. 

Frazelle (2002) offered one of the most widely used 

practitioner frameworks, organizing warehouse measures 

across financial, productivity, utilization, quality and cycle-

time dimensions for each warehouse activity from receiving 

through shipping. Standard texts on warehouse management 

organize performance measures in a similar activity-based 

way (Richards, 2017; Bartholdi & Hackman, 2019). 

Staudt et al. (2015) conducted a systematic review of 

warehouse performance measurement and found that 

indicators cluster into four dimensions: time, quality, cost and 

productivity. They also observed that the literature tends to 

propose lists of indicators without describing how indicators 

interact or how they should be used to support decisions. 

Johnson and McGinnis (2011) took a different approach, 

using data envelopment analysis to benchmark warehouse 

efficiency, and showed that single-ratio productivity 

measures can be misleading when warehouses differ in their 

operating context. Industry benchmarking efforts, notably the 

annual DC Measures studies of the Warehousing Education 

and Research Council (WERC, 2021), provide comparative 

data on metrics such as dock-to-stock cycle time, order 

picking accuracy and on-time shipments, but they too present 

metrics individually. Sector studies outside warehousing 

reach a similar conclusion. Awulu et al. (2022a) found that 

operational metrics in pharmaceutical operations deliver 

value only when they are tied to clear definitions and review 

practices, and Ogbete et al. (2018) showed that spatial 

planning decisions shape throughput as much as staffing 

does. 

Foundational reviews framed warehouse management as a set 

of interrelated design and control decisions spanning layout, 

storage, batching, routing and labor (van den Berg & Zijm, 

1999; Rouwenhorst et al., 2000; Baker & Canessa, 2009). 

Later reviews traced how this agenda evolved, with growing 

attention to stochastic behavior, combined planning problems 

and the pressures of e-commerce and omni-channel 

fulfillment (Gong & de Koster, 2011; Kembro et al., 2018; 

van Gils et al., 2018; Boysen et al., 2019; Kumar et al., 2021). 

Order picking, the most labor-intensive warehouse activity, 

has been studied in depth in terms of storage, picking and 

routing policies (Petersen & Aase, 2004), and automated 

storage and retrieval systems have been reviewed as an 

alternative where volumes justify the investment 

(Roodbergen & Vis, 2009). Davarzani and Norrman (2015) 

observed, however, that much of this research optimizes 

individual decisions and gives limited attention to how 

practitioners monitor and diagnose overall performance. 

Work that does address measurement shows that the 

organization of warehouse management matters. Faber et al. 

(2002, 2013) linked warehouse complexity to the design of 

planning and control structures, and Hackman et al. (2001) 

and de Koster and Balk (2008) used efficiency benchmarking 

to compare warehouses across countries and operating 

models. Case studies have proposed warehouse-specific KPI 

sets (Kusrini et al., 2018), integrated analysis and 

optimization approaches (Dotoli et al., 2015), and explicit 

links between service level, inventory management and 

warehousing practices (Gallmann & Belvedere, 2011). 

Comparative benchmarking models from other regulated 

operating environments reinforce the value of consistent 

definitions when comparing units (Adeyelu & Dagodzo, 

2022), and analytical efficiency frameworks for 

infrastructure delivery show how process-level measures can 

expose system-wide bottlenecks (Nwafor et al., 2019). 

 

1.2. Linked Measurement Systems and KPI Hierarchies 

Outside warehousing, the performance measurement 

literature has long argued that measures should be linked to 

strategy and to one another. Kaplan and Norton (1992) 

introduced the balanced scorecard to connect financial 

outcomes with customer, internal process and learning 

measures. Neely et al. (1995) emphasized that a performance 

measurement system is more than a set of individual metrics 

and must include the infrastructure that connects measures to 

decisions. In supply chain management, Gunasekaran et al. 

(2004) classified metrics by strategic, tactical and operational 

level, and Lambert and Pohlen (2001) argued that supply 

chain metrics should be traced to the processes that create 

value. The Supply Chain Operations Reference (SCOR) 

model similarly organizes metrics into hierarchical levels, 

with top-level attributes decomposed into diagnostic metrics 

at lower levels (APICS, 2017). 

Melnyk et al. (2004) cautioned that organizations frequently 

fall into a "metrics maze" in which measures proliferate 

without coherence. A hierarchical structure addresses this 

risk by requiring each lower-level measure to justify its 

existence through a defined relationship with a higher-level 

outcome. In warehousing, however, explicit hierarchies of 

this kind remain rare, and those that exist are seldom tailored 

to the multi-client conditions of 3PL operations. 
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Recent work has reinforced these principles. Sakyi, Filani, et 

al. (2022) show that KPI frameworks strengthen 

accountability in large commercial organizations when each 

indicator has a defined owner and a clear line of sight to 

organizational goals. Seyi-Lande et al. (2022) argue that 

cross-functional KPI frameworks are needed to align 

departments whose local metrics might otherwise pull in 

different directions, a problem that is acute in warehouses 

where receiving, inventory control and shipping are often 

managed separately. Standardizing reporting and decision 

workflows has also been shown to improve data quality and 

management visibility (Alieme et al., 2022), which is a 

precondition for any hierarchy to be trusted by the people 

who use it. 

Real-time dashboards extend these ideas by shortening the 

delay between a deviation and a response. Filani et al. (2022) 

describe machine-learning dashboards that flag supply chain 

risks as they emerge, and Nnaji and Akinlolu (2022) show 

that real-time performance analytics reduce decision delays 

in time-sensitive service settings. Governance models for 

distributed retail and supply networks likewise stress that 

measurement must be coupled with clear accountability to 

sustain operational quality (Akin-Oluyomi & Akhigbe, 

2022). Performance dashboards in training environments 

(Orise & Niniola, 2022), risk-based business intelligence 

architectures (Mbonu et al., 2021) and business intelligence 

for resource allocation in service organizations (Owoade et 

al., 2022) illustrate the same principle across sectors. 

The broader performance measurement literature provides 

the theoretical basis for such hierarchies. Early logistics 

measurement work distinguished efficiency from 

effectiveness and called for metrics that capture both 

(Mentzer & Konrad, 1991; Chow et al., 1994; Fugate et al., 

2010), and Caplice and Sheffi (1994) set out criteria such as 

validity, robustness and compatibility for judging individual 

logistics metrics. Supply chain studies extended this to multi-

level metric systems (Beamon, 1999; Gunasekaran et al., 

2001; Shepherd & Günter, 2006; Gunasekaran & Kobu, 

2007; Akyüz & Erkan, 2010), and the balanced scorecard has 

been adapted both to supply chains in general (Bhagwat & 

Sharma, 2007) and to third-party logistics providers in 

particular (Rajesh et al., 2012). Griffis et al. (2007) argued 

that logistics measures should be chosen according to the 

information needs of the decisions they support, and Chae 

(2009) proposed a practical process for developing supply 

chain KPIs aligned with the SCOR model. 

A smaller body of work models the relationships between 

indicators directly. Rodriguez et al. (2009) quantified 

dependencies between KPIs to support decision-making, Cai 

et al. (2009) analyzed how KPI accomplishment propagates 

through networks of related measures, Popova and 

Sharpanskykh (2010) formalized performance indicators and 

their causal relations, and Kang et al. (2016) proposed a 

hierarchical KPI structure for operations management and 

continuous improvement in production systems. On 

implementation, Bititci et al. (1997) and Bourne et al. (2000) 

described how integrated measurement systems are designed, 

introduced and updated, Neely (2005) and Franco-Santos et 

al. (2012) reviewed how such systems affect behavior and 

results, and Parmenter (2015) offered practitioner guidance 

on separating a few key indicators from the wider set of 

performance measures. Financial planning research makes a  

parallel case that analytics must be aligned with strategy and 

embedded in executive decision systems if they are to 

influence choices (Lawal & Oduleye, 2019, 2021). 

 

1.3. Root-Cause Analysis and Structured Improvement 

Root-cause analysis is a family of structured techniques used 

to identify the fundamental reasons for a problem rather than 

its surface symptoms. The cause-and-effect diagram 

(Ishikawa, 1990) organizes potential causes into categories 

such as methods, machines, materials, people, measurement 

and environment. The five-whys technique, associated with 

the Toyota Production System, asks successive "why" 

questions until a controllable cause is reached (Ohno, 1988). 

Pareto analysis prioritizes causes by their contribution to the 

observed effect. These tools are well established in 

manufacturing quality management, yet their application to 

warehouse performance gaps is less documented, and they 

are seldom anchored to a formal measurement hierarchy that 

tells the analyst where to start and how to verify a suspected 

cause. 

These tools are increasingly combined within structured 

improvement methods. Lean Six Sigma and its DMAIC cycle 

(define, measure, analyze, improve, control) provide a staged 

route from problem definition to sustained control, and 

simplified variants have been proposed for organizations with 

limited resources (Ambali et al., 2021). The same approach 

has been used to cut cycle time in service processes, where 

queues and handoffs rather than task duration drive delay 

(Oyeleye et al., 2022). In distribution settings, Obukadata et 

al. (2021b) applied Lean Six Sigma to relieve bottlenecks in 

pharmacy distribution, showing that flow problems often 

originate in handoffs between steps rather than in any single 

activity. A systematic review by Aneke et al. (2022) found 

that corrective and preventive actions succeed only when root 

causes are rigorously verified rather than assumed. At the 

supply chain level, lean practices have been associated with 

waste reduction and improved operational efficiency (Ike et 

al., 2022), and data-driven lean models have been proposed 

that combine flow principles with analytics in manufacturing 

and retail operations (Efobi et al., 2022b). 

The root-cause literature also identifies common failure 

modes. Doggett (2005) compared RCA tools and showed that 

they differ in their ability to separate causes from symptoms, 

and Card (2017) cautioned that the five-whys technique, used 

alone, tends to produce a single linear explanation for 

problems that have several interacting causes. Practitioner 

texts therefore recommend combining tools and checking 

each candidate cause against evidence (Wilson et al., 1993; 

Andersen & Fagerhaug, 2006). Lean and Six Sigma research 

supplies the improvement logic within which RCA usually 

sits: lean practice bundles have measurable performance 

effects (Shah & Ward, 2003, 2007), Six Sigma rests on 

structured problem-solving and metric discipline (Schroeder 

et al., 2008), and value stream mapping makes waiting and 

handoffs visible across a process (Rother & Shook, 1999; 

Womack & Jones, 2003; Liker, 2004). Risk-based decision 

frameworks in good manufacturing practice (Aneke & 

Adesemoye, 2020), diagnostic quality systems in clinical 

laboratories (Yusuf & Abdulrazaq, 2018) and technology-

enabled audit and risk assessment (Akomolafe & Agu, 2018; 

Obogo et al., 2020) show that disciplined cause verification 

is a cross-sector requirement rather than a peculiarity of 

manufacturing. 
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1.4. Flow Relationships and Inventory Velocity 

Queueing theory offers a precise lens on backlog. Little's Law 

states that, in a stable system, the average number of items in 

the system equals the average arrival rate multiplied by the 

average time each item spends in the system (Little, 1961). 

Hopp and Spearman (2008) demonstrated how this 

relationship governs work-in-process and cycle time in 

production systems. In a warehouse, backlog is the work-in-

process of each process step. This makes it possible to 

decompose backlog into a throughput component and a 

dwell-time component, each of which can be diagnosed 

separately. Inventory turnover follows the same logic: 

average inventory equals the outbound flow rate multiplied 

by average time on hand. Predictive demand analytics can 

reduce inventory inefficiencies by aligning stock more 

closely with consumption (Aifuwa et al., 2020), and 

inventory availability has been shown to drive operational 

uptime directly in asset-intensive environments (Okonkwo et 

al., 2018b). Related work links materials readiness to supply 

chain performance (Okonkwo, Agbabiaka, et al., 2021) and 

shows that demand forecasting models improve planning 

accuracy when they are fed by operational data (Tonoyan et 

al., 2021a). 

Little (2011) reviewed fifty years of applications of the law 

and highlighted its value for operations management 

precisely because it holds under very general conditions. 

Empirical inventory research shows that turnover varies 

systematically with gross margin, capital intensity and sales 

surprise (Gaur et al., 2005), that U.S. firms reduced 

inventories substantially over recent decades (Chen et al., 

2005), and that demand uncertainty depresses turnover 

performance (Hançerlioğulları et al., 2016). Inventory record 

inaccuracy is widespread and directly affects both service and 

stock levels (Fleisch & Tellkamp, 2005; Kang & Gershwin, 

2005; DeHoratius & Raman, 2008), information distortion 

along the chain amplifies variability (Lee et al., 1997), and 

sharing inventory information can reduce its cost (Cachon & 

Fisher, 2000). Multi-criteria ABC classification offers a 

practical way to segment SKUs for differentiated control 

(Flores & Whybark, 1986). On the financial side, predictive 

cash flow models show how inventory velocity feeds 

working capital in retail (Tonoyan et al., 2021b), and 

predictive budgeting models built on operational signals link 

these flows to planning (Adesuyi et al., 2022). 

 

1.5. The Third-Party Logistics Operating Context 

The 3PL context adds contractual and relational layers to 

warehouse performance. Reviews describe the growth and 

strategic development of logistics outsourcing (Hertz & 

Alfredsson, 2003; Marasco, 2008) and the criteria clients use 

to select providers (Aguezzoul, 2014). Performance in 3PL 

arrangements depends on relationship factors as well as 

operational ones (Knemeyer & Murphy, 2004; Liu & Lyons, 

2011), and performance-based contracts shift risk toward the 

provider, which raises the stakes of accurate measurement 

(Selviaridis & Norrman, 2014). Research on contractual 

resilience in supply chains (Uchechi et al., 2020), shared 

responsibility in multi-party supply chain governance 

(Ominyi et al., 2021) and governance alignment among 

multiple stakeholders (Eyetsemitan et al., 2020) speaks 

directly to the multi-client setting, in which each client 

relationship carries its own service commitments. A review 

of barriers and intervention models in last-mile drug 

distribution to underserved communities (Asiedu & Asiedu, 

2022) shows how service commitments become harder to 

honor toward the end of a distribution network, which 

reinforces the case for measuring aged backlog by client and 

by flow rather than in aggregate. 

Procurement and vendor management research offers 

complementary lessons on how data-driven evaluation 

improves performance in contractual relationships. Studies 

have proposed frameworks for strategic procurement 

optimization (Okonkwo et al., 2018a), cost reduction through 

contract negotiation and vendor governance (Okonkwo et al., 

2019), regulatory-compliant procurement (Okonkwo, 

Ogunwole, et al., 2021), ERP-based and data-driven vendor 

evaluation (Ahiaeke Patrick et al., 2020, 2021), negotiation 

optimization (Akinleye & Adeyoyin, 2022a) and supplier 

relationship management (Akinleye & Adeyoyin, 2022b). 

Smart-contract models link supplier payment to measured 

performance (Akomolafe et al., 2022), and standardized 

contract review workflows shorten the cycle time of high-

volume administrative processes (Uchechi et al., 2021). 

Sustainable procurement models extend the scope of supply 

chain performance to environmental and social outcomes 

(Okojie et al., 2020; Efobi et al., 2022a). 

Analytics capability has become a central theme in supply 

chain research. Waller and Fawcett (2013) and Wang et al. 

(2016) described how data science and big data analytics 

could transform logistics decision-making, and empirical 

studies found that business analytics and supply chain 

analytics improve operational performance when supported 

by sound processes and data (Trkman et al., 2010; Chae et 

al., 2014). Visibility in particular depends on information 

sharing and process integration across partners (Barratt & 

Oke, 2007). Warehouse management systems and related 

platforms provide the transactional foundation for such 

analytics, but their value depends on data quality, governance 

and interoperability (Ilodigwe & Adesemoye, 2021; Atakpa 

& Abolaji, 2022). Real-time compliance pipelines (Uchechi 

et al., 2022), AI-enabled control automation (Mbonu et al., 

2022), log analytics with automated incident response 

(Mbonu et al., 2019) and enterprise cloud migration (Ladapo 

et al., 2022) illustrate how monitoring is moving from 

periodic reporting toward continuous exception detection. 

Reviews of longitudinal data in mature hydrocarbon 

portfolios make the same point about long operating 

histories: curation, harmonization and quality control of 

records come before any analysis of trends can be trusted 

(Nwangwu et al., 2022), which is why the hierarchy fixes 

indicator definitions and unit bases before trends are 

compared. 

Forecasting and segmentation methods developed in 

commercial settings also transfer to warehouse planning. 

CRM-based sales forecasting (Dada et al., 2021), audience 

segmentation and forecasting (Basnet et al., 2021), customer 

churn prediction (Oziri et al., 2020), customer service 

analytics (Sakyi, Nnabueze, et al., 2022) and geospatial 

predictive analytics for location decisions (Tonoyan et al., 

2022a) all rely on segmenting heterogeneous demand, which 

is the same logic that underpins client- and SKU-level KPI 

reporting in a multi-client warehouse. Predictive resource 

scaling in cloud environments (Ahmed et al., 2020) offers a 

close analogy to flexing labor against forecast arrivals, and 

data-driven models in agriculture and education show that 

efficiency gains follow when resource decisions are grounded 

in measured performance (Michael & Ogunsola, 2021; Efobi 

et al., 2021). 
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Warehouse performance also depends on people and 

equipment. Human factors shape picking productivity and 

error rates (Grosse et al., 2017), and safety leadership and 

hazard-reducing systems lower warehouse accident rates (de 

Koster et al., 2011). Safety governance models for large 

commercial facilities (Obogo et al., 2022), contractor safety 

performance in multi-contract environments (Arumosoye & 

Obriki, 2020), maturity models for continuous safety 

improvement (Arumosoye & Obriki, 2021), data-driven 

safety risk control (Obriki & Arumosoye, 2018), workforce 

safety training (Obriki et al., 2022) and incident prevention 

in maintenance settings (Obogo et al., 2021) offer 

transferable frameworks for facilities that handle heavy loads 

and powered equipment. Nwangwu et al. (2018) show that 

productivity and safety compliance must be balanced rather 

than traded against each other. Workforce capability matters 

as well: strategic recruitment and integration build capacity 

(Akhigbe et al., 2020), and competency frameworks improve 

first-time resolution of service requests (Wikiri, 2021). 

Equipment reliability is the other side of capacity. Predictive 

maintenance and condition monitoring (Adaramola et al., 

2018; Mayo et al., 2021), reliability-centered maintenance 

(Obetta, 2020), non-intrusive inspection that reduces 

shutdowns (Obetta et al., 2021) and risk-based process 

engineering (Asibor & Isong, 2019) all aim to remove 

unplanned capacity loss, which in a warehouse appears as 

throughput shortfalls at conveyors, sortation and material 

handling equipment. Enterprise risk assessment (Dosunmu & 

Ogundele, 2019) and the balance between cost and 

operational continuity in multi-site organizations (Anyanwu, 

2020) complete the picture of operational risk that a 

diagnostic framework must recognize. 

 

1.6. Backlog, Capacity and Coordination Research 

Informing the Design 

1.6.1. Backlog as an Inventory State and as an 

Operational Queue 

Inventory theory has long treated backlog as a state of unmet 

demand that carries its own cost. Aull-Hyde (1996) modeled 

backlogged inventory during restricted sale periods, Al Kindi 

and Sarker (2011) derived an optimal inventory policy with 

two backlog costs when a supplier offers a discount, and 

Singer and Khmelnitsky (2010) developed a finite-horizon 

stochastic control policy for a production-inventory system 

in which lost sales depend on the size of the backlog. Chen 

and Chao (2019) studied demand learning with limited price 

exploration in a backlogged stochastic inventory system, 

Singh and Rathore (2016) combined two-warehouse storage 

with partial backlogging and investment in preservation 

technology, and Gayon et al. (2016) gave approximation 

algorithms for the one-warehouse, multiple-retailer problem 

under backlog or lost sales. 

In these models backlog is customer demand waiting for 

stock. In a 3PL warehouse the more frequent situation is the 

reverse: stock is physically present, but receipts, putaway, 

replenishment and picks wait for labor, information or a 

resolved discrepancy. The present framework therefore 

defines backlog as aged tasks counted separately for each 

flow (Table 1), not as unmet demand alone. Xiang and 

Rossetti (2014) examined the effect of backlog queues and 

load-building processing in a multi-echelon inventory 

network, which indicates that the way queued work is 

released at one stage matters for performance at the next; the 

framework accordingly treats inbound and internal backlog 

as leading indicators of outbound failure. Nerlove (1989) 

examined inventory and order-backlog appraisals reported in 

business-test surveys, a reminder that reported backlog 

depends on how the respondent defines it. For that reason the 

framework fixes the aging rule and the flow boundary before 

any before-and-after comparison is made. 

 

1.6.2. Storage Capacity, Bottlenecks and Warehouse 

Control 

Capacity limits make stock a constraint as well as an asset. 

Hasija (1972) formulated an early two-warehouse inventory 

problem in which storage is split between facilities, and Lee 

and Wang (2008) analyzed how a buyer should manage the 

level of consigned inventory when its own warehouse 

capacity is constrained. The consignment case is close to the 

3PL position, in which the operator holds client-owned stock 

without controlling how much the client sends. Solis and 

Schmidt (2007) modeled stochastic lead times in a one-

warehouse, N-retailer system in which the warehouse carries 

no stock, Uzsoy et al. (2018) surveyed demand planning, 

inventory management and capacity planning models for 

semiconductor supply chains, and an earlier manufacturing 

study examined how sensitive inventory and due-date 

performance are to job mix and load-capacity bottlenecks 

(HUQ & BERNARDO, 1995). Two design choices follow. 

The Tier 2 ratio of throughput to arrivals is computed by 

process rather than for the facility, because a bottleneck at 

one step can depress due-date performance while aggregate 

capacity looks adequate. The inventory-on-hold indicator 

separates physical stock from stock usable for the task, 

because constrained space filled with unusable units behaves 

like lost capacity. 

Warehouse control studies indicate what the measurement 

layer must support. Atieh et al. (2016) reported 

improvements in inventory management processes after an 

automated warehouse management system was introduced, 

Yi and Reklaitis (2014) designed an adaptive model 

predictive inventory controller for a multiproduct warehouse, 

and Litvak and Vlasiou (2010) surveyed performance 

analysis methods for warehouse carousel systems. Song and 

Savelsbergh (2007) addressed how performance should be 

measured for inventory routing decisions. The framework 

takes from this work the requirement that each Tier 2 and Tier 

3 indicator be computable from transactions the WMS 

already records and be tied to the process decision it informs, 

instead of being reported as a standalone efficiency score. 

 

1.6.3. Forecast Use, Readiness and Decision Coordination 

Forecasts enter the framework through labor and 

replenishment planning rather than as outcomes in their own 

right. Aifuwa et al. (2020) linked predictive analytics to 

improved demand forecasting accuracy and reduced 

inventory management inefficiencies, and lean supply chain 

practices have been associated with higher operational 

efficiency and less waste (Ike et al., 2022). For this reason the 

diagnostic cycle reviews forecast error alongside aged 

backlog: a putaway queue that forms when arrivals exceed 

the forecast profile calls for a different countermeasure from 

one that forms when the forecast was accurate but labor was 

scheduled evenly across the shift. The materials-readiness 

model of Okonkwo, Agbabiaka, et al. (2021) connects 

inventory availability with maintenance-driven supply chain 

performance, and Ashore-Onisemo et al. (2021) 

reconceptualized the cost of poor quality as a governance 

http://www.transdisciplinaryjournal.com/


International Journal of Multidisciplinary Futuristic Development www.transdisciplinaryjournal.com  

 
    138 | P a g e  

 

metric that crosses organizational boundaries. Together these 

motivate the distinction drawn in Table 3 between stock that 

is absent, stock that is present but unusable, and stock 

awaiting correction of a process error. 

Diagnosis also depends on how people decide. Knemeyer and 

Naylor (2011) argued for behavioral experiments as a way to 

deepen understanding of logistics and supply chain decision 

making, and the default attribution of backlog to labor 

shortage discussed in Section 3.1 is the kind of judgment such 

work examines. The framework responds by requiring 

evidence before a countermeasure is approved and by giving 

every KPI a named owner and an escalation rule. 

Benchmarks are interpreted with similar care. Faber et al. 

(2013) examined how warehouse management is organized 

in relation to its operating context, and industry 

benchmarking reports present metrics individually 

(Warehousing Education and Research Council, 2021). 

Comparisons with such benchmarks are therefore made only 

after automation level, service mix and client-specific 

definitions have been aligned. 

 

1.7. Research Gap and Objectives 

Taken together, this literature provides comprehensive lists 

of warehouse metrics, general principles for linking metrics 

to strategy and well-tested root-cause tools. Less attention has 

been paid to an integrated approach that (a) structures 

warehouse KPIs hierarchically for the 3PL context, (b) uses 

flow relationships to make the links between levels 

quantitative, and (c) embeds root-cause analysis in that 

structure so that performance gaps can be traced and verified 

(Staudt et al., 2015; Davarzani & Norrman, 2015). The 

framework presented in Sections 2 and 3 is designed to meet 

these three requirements. 

This paper develops a KPI-based diagnostic framework that 

brings two methods together: the design of a hierarchical KPI 

structure and the systematic root-cause analysis of 

performance gaps identified within that structure. The study 

has three aims. First, it designs a KPI hierarchy that links the 

outcomes 3PL clients care about (service, velocity and cost) 

to operational drivers and process-level root indicators. 

Second, it develops a root-cause protocol that uses the 

hierarchy to move from an observed gap to candidate causes, 

tests of those causes and corrective actions. Third, it applies 

the framework to North American 3PL warehouse 

operations, where practitioner records report a reduction in 

aged backlog and a 2.5 percent improvement in inventory 

turnover; these outcomes are presented as descriptive case 

evidence rather than an estimated causal effect. In doing so, 

the study offers practitioners a repeatable way to diagnose 

backlog and velocity problems without relying on intuition or 

reflexive labor additions, and it connects two research 

streams that are usually treated separately in warehousing: 

the design of performance measurement systems and the 

diagnosis of performance gaps. 

 

2. Research Method 

The study adopts a design science approach combined with 

an applied case analysis. Design science is appropriate 

because the aim is to create an artifact (the diagnostic 

framework) that solves a practical problem and then to 

evaluate it in use (Hevner et al., 2004; Holmström et al., 

2009), following the build-and-evaluate sequence described 

by Peffers et al. (2007). The applied element draws on case 

and action research traditions in operations management, in 

which the researcher engages directly with the operation 

being studied (Coughlan & Coghlan, 2002; Voss et al., 2002). 

The method proceeds in four phases: (1) KPI inventory and 

data assessment, (2) KPI hierarchy design, (3) root-cause 

analysis of performance gaps, and (4) implementation and 

evaluation of corrective actions. 

 

2.1. Case Setting and Data Sources 

The framework was developed and applied through an 

analysis of KPI data from North American 3PL warehouse 

operations. The operations shared characteristics typical of 

contract logistics: multiple clients sharing labor and storage 

resources, a mix of case-pick and each-pick fulfillment, 

client-specific service level agreements, and WMS-based 

transaction recording. Data sources included WMS 

transaction logs (receipts, putaway, replenishment, picks and 

shipments), inventory snapshots by SKU and location, labor 

hours by function, client order and SLA records, and 

exception logs for receiving discrepancies and inventory 

adjustments. Integrating these sources follows the broader 

pattern in which digital transformation and analytics raise 

operational performance by joining data previously held in 

separate systems (Mbonu et al., 2020; Obukadata et al., 

2021a). Descriptive analysis and visualization were carried 

out with standard business intelligence and spreadsheet tools, 

an approach shown to be practical for operational 

profitability analysis (Akin-Oluyomi et al., 2020). 

Before analysis, the existing KPI set was inventoried. Each 

metric was documented with its definition, formula, data 

source, reporting frequency and owner. This step revealed 

several measurement problems that are common in practice: 

inconsistent definitions of "on time" across clients, backlog 

that was reported only for outbound orders and not for 

inbound or internal tasks, and inventory turnover calculated 

at facility level only, which concealed wide variation between 

clients and SKUs. 

 

2.2. Measurement Conventions and Evidence Status 

Three measurement conventions govern every comparison in 

this paper. First, a comparison is valid only when the client 

and process boundary, the observation window and the task-

aging rule are held fixed, because the validity and robustness 

of a logistics metric depend on stable definitions (Caplice & 

Sheffi, 1994). Second, overdue tasks are counted separately 

from overdue orders: a single late order may sit behind an 

unreceived pallet, an open putaway task and a missed 

replenishment, and summing these stages would count the 

same demand several times. Third, Little's Law is applied to 

total work in process and matching throughput over a 

sufficiently stable window (Little, 1961), not to aged backlog 

alone, which is counted directly against its due-date rule. 

Turnover is computed as outbound volume divided by time-

weighted average on-hand inventory, with both expressed on 

the same unit or cost basis over the same period; it is 

undefined when average inventory is zero, and unit-based and 

cost-based ratios are never pooled. Backlog counts tasks or 

orders exceeding a fixed processing window and is reported 

separately by flow. The practitioner account compares 

backlog and inventory turnover before and after the 

corrective actions. Such a descriptive comparison cannot 

isolate the effect of the framework from client mix, demand, 

staffing or concurrent changes, so the outcomes reported in 

Section 3.3 are treated as case-derived evidence rather than a 

controlled causal estimate. 
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2.3. KPI Hierarchy Design Procedure 

The hierarchy was designed top-down from outcomes and 

configured bottom-up around the proposed data checks. This 

procedure is a diagnostic design, not an independently 

validated measurement instrument. The procedure followed 

five steps: 

1. Define strategic outcomes. The outcomes most 

important to 3PL clients and operators were identified as 

service reliability, inventory velocity and cost to serve. 

2. Decompose outcomes into flow drivers. Using Little's 

Law and standard inventory relationships, each outcome 

was expressed as a function of measurable throughput, 

dwell time and capacity variables. 

3. Map drivers to processes. Each driver was assigned to 

the warehouse process that controls it: receiving, 

putaway, storage, replenishment, picking, packing, 

shipping and returns. 

4. Define root indicators. For each process, a small set of 

indicators was selected that captures the most frequent 

failure modes, such as receiving discrepancies, putaway 

task aging and replenishment stock-outs at pick faces. 

5. Test linkages. The diagnostic protocol proposes 

correlation and lag analysis to assess relationships 

between lower-level indicators and outcomes. Such 

analyses must report observation windows, uncertainty, 

temporal dependence and confounders. They have not 

been demonstrated by fitted estimates here and should 

not be described as confirming the hierarchy. 

 

Design criteria were drawn from the performance 

measurement literature (Neely et al., 1995; Melnyk et al., 

2004). Each KPI had to be clearly defined, computable from 

existing system data, owned by a named role, actionable at its 

level and logically connected to at least one KPI on the level 

above. 

 

2.4. Root-Cause Analysis Protocol 

Root-cause analysis was performed whenever a strategic or 

operational KPI fell outside its target band for two or more 

consecutive reporting periods. The protocol combined four 

techniques in sequence. First, the hierarchy itself was used to 

localize the gap by walking down from the affected outcome 

to the driver and process indicators that had moved. Second, 

Pareto analysis was applied to the exceptions within the 

localized process to identify the clients, SKUs, shifts or task 

types that accounted for most of the gap. Third, cause-and-

effect diagrams were constructed with frontline supervisors 

to generate candidate causes across the categories of 

methods, people, systems, materials, measurement and 

environment. Fourth, the five-whys technique was applied to 

the leading candidates until a controllable cause was reached. 

The protocol then required each candidate root cause to be 

tested against transaction data before corrective action was 

approved, in line with evidence that unverified causes lead to 

ineffective corrective actions (Aneke et al., 2022). 

 

2.5. Flow Relationships Underpinning the Hierarchy 

The framework has two integrated components: a three-tier 

KPI hierarchy that defines what is measured and how 

measures relate, and a diagnostic cycle that defines how gaps 

in those measures are investigated and closed. 

The hierarchy rests on two flow relationships. The first 

applies Little's Law (Little, 1961) to the work in process at 

each process step: 

 

Average work in process (units) =
Throughput rate (units per hour) ×
Average time in system (hours)  (1) 

 

This form of Little's Law applies to average work in process 

within a common system boundary under stable flow 

conditions. It is not an identity for aged backlog. Total 

unfinished work changes with arrivals and completions; aged 

backlog must be counted using a defined due-date or age 

threshold. Capacity shortfalls and long waiting intervals 

therefore require different diagnostic evidence. 

The second relationship defines inventory velocity: 

 

 Inventory turnover =
Period outbound quantity

Time-weighted average inventory quantity
(same unit and boundary)  

(2) 

 

Days on hand =
Days in period

Inventory turnover
   (3) 

 

Because average inventory equals the outbound flow rate 

multiplied by average time on hand, turnover improves when 

stock spends less time in the building. In a 3PL setting, the 

warehouse does not control client purchasing decisions, but 

it does control a meaningful share of time on hand: the time 

from arrival at the dock to availability for picking (dock-to-

stock), the time inventory spends in non-pickable status 

because of discrepancies or holds, and the visibility it 

provides to clients about slow-moving and obsolete stock. 

 

2.6. Three-Tier KPI Hierarchy 

Table 1 presents the hierarchy, which follows the SCOR 

principle of decomposing top-level attributes into diagnostic 

metrics (APICS, 2017) and the hierarchical KPI structure 

proposed for production systems by Kang et al. (2016). Tier 

1 contains strategic outcome KPIs reported to clients and 

senior management. Tier 2 contains operational driver KPIs 

that explain movements in Tier 1. Tier 3 contains process root 

indicators that explain movements in Tier 2 and point to 

specific failure modes. 
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Table 1: Three-tier KPI hierarchy for 3PL backlog and inventory velocity 
 

Tier KPI Definition / Formula Linked to 

1. Strategic outcome On-time shipment rate Orders shipped within SLA window ÷ total orders due Client service 

1. Strategic outcome Total backlog (aged) Units or tasks past planned processing window, by flow Client service, cost 

1. Strategic outcome Inventory turnover Outbound volume ÷ time-weighted average inventory, same unit basis Velocity, space 

1. Strategic outcome Cost per unit handled Total operating cost ÷ units shipped Cost to serve 

2. Operational driver Dock-to-stock time Hours from receipt check-in to pickable status Backlog, turnover 

2. Operational driver Throughput vs. arrivals Units processed per hour ÷ units arriving per hour, by process Backlog 

2. Operational driver Order cycle time Hours from order release to shipment confirmation On-time shipment 

2. Operational driver 
Days on hand by 

client/SKU 
Days in period ÷ turnover, by segment Turnover 

2. Operational driver Labor utilization Direct productive hours ÷ paid hours, by function Cost, backlog 

3. Process root Receiving discrepancy rate Receipts with count, label or ASN mismatch ÷ total receipts Dock-to-stock 

3. Process root Putaway task aging Share of putaway tasks open longer than target Dock-to-stock 

3. Process root Pick-face stock-out rate Picks short due to empty location ÷ total picks Order cycle time 

3. Process root Inventory record accuracy Locations with correct count ÷ locations counted Cycle time, turnover 

3. Process root 
Slow-moving and obsolete 

share 
Inventory with no movement in 90+ days ÷ total inventory Days on hand 

3. Process root Inventory on hold Units in quarantine, damage or discrepancy status ÷ total units Turnover, backlog 
Note. Targets for each KPI are set by client SLA where applicable and otherwise by internal baseline performance. All Tier 2 and Tier 3 KPIs are reported both 

at facility level and by client to expose cross-client variation. 

 

Three design choices distinguish this hierarchy from 

conventional warehouse dashboards. First, backlog is 

measured across all flows, not only outbound orders. Inbound 

and internal backlogs (unreceived trailers, unputaway pallets, 

unexecuted replenishments) are leading indicators of 

outbound failure, and measuring them exposes problems 

before they reach the client. Second, every KPI is segmented 

by client, because facility averages conceal the fact that a 

small number of clients or SKU families often drive most of 

the variance. Third, inventory turnover is linked to process 

indicators that the warehouse controls, such as dock-to-stock 

time and inventory on hold, so that velocity is not treated as 

a purely client-driven number. 

 

2.7. Diagnostic Cycle and Review Cadence 

The second component of the framework is a six-step 

diagnostic cycle, summarized in Table 2. 

 

Table 2: Diagnostic cycle 
 

Step Activity Tools Output 

1. Detect Identify Tier 1 KPI outside target band for two or more periods Control charts, target bands Confirmed performance gap 

2. Localize Walk down hierarchy to Tier 2 and Tier 3 indicators that moved KPI tree, lag analysis Affected process and driver 

3. Prioritize Segment exceptions by client, SKU, shift and task type Pareto analysis Vital few segments 

4. Explain Generate and narrow candidate causes with frontline staff 
Cause-and-effect diagram, 

five whys 
Candidate root causes 

5. Verify Test each candidate cause against transaction data 
Data stratification, 

before/after comparison 

Supported or rejected 

candidate causes 

6. Correct and 

sustain 
Implement countermeasures, assign owners, update targets 

Action log, standard work, 

KPI review cadence 
Closed gap, updated standard 

 

The verification step deserves emphasis. In practice, root-

cause sessions often end with a plausible explanation that is 

never tested. The framework requires that each candidate 

cause be supported by data before a countermeasure is 

approved. For example, if supervisors attribute dock-to-stock 

delays to labor shortages on the night shift, the analyst checks 

whether putaway task aging is in fact concentrated on that 

shift, and whether it coincides with lower staffing or with 

some other factor such as late-arriving trailers or unresolved 

receiving discrepancies. 

The framework is sustained through a tiered review cadence 

that mirrors the hierarchy. Tier 3 indicators are reviewed 

daily by area supervisors at shift start. Tier 2 indicators are 

reviewed weekly by operations managers, where cross-

process interactions are discussed. Tier 1 indicators are 

reviewed monthly with client account managers and site 

leadership, and form the basis of client business reviews. 

Each KPI has a single named owner and a documented 

escalation rule specifying when a gap triggers the diagnostic  

cycle. These routines are written into standard operating 

procedures, which help preserve improvements after the 

initial project team moves on (Agboada et al., 2019). Treating 

SOPs as strategic assets rather than compliance paperwork is 

what allows them to carry improvements across shifts and 

sites (Eyetsemitan et al., 2022). 

 

3. Results and Discussion 

3.1. Diagnostic Patterns and Candidate Causes 

The practitioner account identifies three diagnostic patterns: 

upstream backlog preceding outbound deterioration, local 

throughput falling below arrivals despite adequate aggregate 

labor productivity, and slow-moving or held inventory 

concentrated within particular clients and SKU families. No 

underlying time series, lag estimates or controlled 

comparisons are supplied, so these patterns are observations 

motivating the framework rather than independently 

estimated findings. 

Applying the diagnostic cycle to the case records yields the  
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candidate causes summarized in Table 3, which traces each 

Tier 1 symptom through a Tier 2 driver to a Tier 3 cause. 

These causes were identified in supervisor sessions and in the 

practitioner's review of exception logs. They are case-derived 

candidates: confirming them independently would require the 

transaction-level tests specified in step 5 of Table 2. 
 

Table 3: Case-derived candidate causes of backlog and low inventory velocity 
 

Symptom (Tier 1) Driver (Tier 2) Candidate cause (Tier 3) Category 

Rising aged backlog 
Dock-to-stock time above 

target 

Receiving discrepancies (ASN mismatches, missing labels) held 

pallets in exception status awaiting client confirmation 

Methods / 

Information 

Rising aged backlog 
Putaway throughput below 

arrival rate at peak 

Inbound appointments clustered in the same time windows, while 

putaway labor was scheduled evenly across the shift 

Methods / 

Planning 

Late shipments 
Order cycle time above 

target 

Pick-face stock-outs because replenishment was triggered by fixed 

schedules rather than by demand-based minimums 
Systems 

Late shipments 
Order cycle time above 

target 

Low inventory record accuracy in reserve locations caused failed 

replenishment and repeated searches 

Measurement / 

Materials 

Low inventory turnover 
High days on hand for 

selected clients 

Slow-moving and obsolete stock not reported to clients at SKU 

level, so no disposition decisions were triggered 

Information / 

Governance 

Low inventory turnover 
High days on hand for 

selected clients 

Inventory on hold (damage, quarantine, discrepancy) lacked an 

aging limit and owner for resolution 

Methods / 

Governance 

In the practitioner account, labor shortage, which was the 

default explanation offered at the outset, was not supported 

as a primary cause, because total available labor hours were 

reported as broadly sufficient across the week. The apparent 

binding constraint was synchronization: labor, inbound 

arrivals and replenishment triggers were not aligned in time, 

so queues formed at specific process steps even when overall 

capacity existed. This is consistent with the flow perspective 

of Hopp and Spearman (2008), in which variability and poor 

coordination inflate queues independently of average 

utilization. 

 

3.2. Countermeasures 

Countermeasures were designed to address each candidate 

cause in Table 3 and were assigned to named owners with 

target dates: 

• Receiving exception protocol. A time limit was set for 

resolving receiving discrepancies, with escalation to the 

client account manager when the limit was exceeded. 

Pallets with minor discrepancies were received into a 

provisional status that allowed putaway, rather than 

remaining on the dock. Procedural standardization of this 

kind is known to raise throughput in other high-volume 

processing environments (Uchechi et al., 2018). 

• Inbound appointment leveling and labor alignment. 

Dock appointments were spread more evenly across the 

day where client carriers allowed, and putaway labor was 

scheduled against the forecast arrival profile rather than 

as a flat shift allocation. This mirrors predictive capacity 

planning approaches that match resources to forecast 

demand rather than to fixed allocations (Edivri & Oteri, 

2022). 

• Demand-based replenishment. Pick-face minimum 

and maximum levels were recalculated from recent 

demand, and replenishment was triggered by those 

thresholds, following the logic that demand-informed 

inventory settings reduce stock imbalances (Aifuwa et 

al., 2020), supplemented by wave-based top-off before 

peak picking windows. 

• Targeted cycle counting. Cycle counting was focused 

on reserve locations feeding high-velocity pick faces and 

on locations with recent replenishment failures, 

improving record accuracy where it most affected flow. 

Predictive, data-driven audit approaches (Okoli et al., 

2022) and reconciliation controls embedded in workflow 

redesign (Dogbatsey et al., 2019) informed the design of 

this targeted counting approach. 

• Client-level velocity reporting. A monthly report of 

slow-moving and obsolete inventory at SKU level was 

introduced into client business reviews, giving clients the 

information needed to make disposition, consolidation or 

promotion decisions. This reflects evidence that end-to-

end visibility improves transparency and decision-

making across supply chain partners (Nnabueze et al., 

2021). 

• Hold inventory governance. Every unit placed on hold 

was assigned a reason code, an owner and an aging limit, 

with weekly review of items exceeding the limit. 

 

3.3. Reported Outcomes 

The practitioner record reports a 2.5 percent improvement in 

inventory turnover and a reduction in backlog. The case 

record does not include baseline denominators, a dated 

measurement window or raw warehouse records, so the 

outcomes cannot be independently recomputed or causally 

attributed to the framework. Backlog direction is reported 

qualitatively. Table 4 summarizes the direction of each 

reported change and the mechanism the case record 

associates with it. 

The reported 2.5 percent change requires an explicit turnover 

definition and baseline before its scale can be interpreted. It 

should not be converted to percentage points or attributed 

entirely to warehouse actions. Client ordering policy, product 

mix, gross margin and demand uncertainty can all change 

average inventory independently of warehouse practice 

(Gaur et al., 2005; Hançerlioğulları et al., 2016), and 

seasonality adds a further source of variation. Prospective 

evaluation should separate those influences from dock-to-

stock time, holds and warehouse-controlled delays. 
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Table 4: Summary of outcome changes 
 

Outcome Direction of change Proposed mechanism 

Aged backlog (inbound and internal) Reduced (practitioner-reported) Faster exception resolution; labor aligned to arrival profile 

Aged backlog (outbound) Reduced (practitioner-reported) Fewer pick-face stock-outs; shorter order cycle time 

Inventory turnover 
Practitioner-reported improvement of 2.5%; 

baseline and period require verification 

Shorter dock-to-stock; less hold inventory; client 

disposition of slow movers 

KPI governance Strengthened 
Defined owners, segmented reporting, tiered review 

cadence 

3.4. Theoretical Implications 

The framework extends indicator classification by specifying 

candidate relationships between hierarchy levels (Staudt et 

al., 2015). Flow identities provide diagnostic structure only 

when their units, time windows and boundaries are 

consistent. The root-cause cycle then connects an observed 

exception to a testable operating explanation; it does not 

establish that explanation merely by placing it in a table. 

The case observations are also consistent with a flow-based 

interpretation of warehouse backlog. The observation that 

synchronization failures, rather than aggregate labor 

shortages, appeared to dominate echoes the factory physics 

view that variability and coordination determine queue length 

as much as capacity does (Hopp & Spearman, 2008). This 

suggests that warehouse research could make greater use of 

queueing and flow concepts when analyzing service 

performance. 

 

3.5. Managerial Implications 

For 3PL managers, several practical lessons emerge. First, 

measure backlog everywhere, not just at the outbound dock. 

Inbound and internal backlogs are the earliest warnings of 

service failure. Second, segment before you average. Client- 

and SKU-level reporting reveals concentrations of problems 

that facility averages hide. Third, verify before you staff. 

Adding labor is the most common response to backlog, but it 

is expensive and often ineffective when the true cause is poor 

timing or information flow. This is consistent with lean 

supply chain research, which emphasizes waste arising in 

coordination and flow rather than in resource shortfalls (Ike 

et al., 2022; Efobi et al., 2022b). Where genuine capability 

gaps exist, structured talent development across sites is more 

durable than ad hoc overtime (Falemi et al., 2020). Fourth, 

treat inventory velocity as a shared responsibility. Although 

clients control purchasing, the warehouse can shorten 

controllable time on hand and can supply the visibility that 

enables clients to act on slow-moving stock. Doing so 

strengthens the 3PL's position as a value-adding partner 

rather than a commodity storage provider. Collaborative 

client relationships of this kind are a recognized source of 

innovation and resilience in supply chains (Ike et al., 2021). 

Finally, the framework is deliberately built on data that most 

WMS platforms already capture. Its adoption requires 

disciplined definitions, ownership and review routines more 

than new technology, which makes it accessible to mid-sized 

operators as well as large networks. Data-driven cost 

management models suggest that the same measurement 

discipline also sharpens cost-to-serve evaluation (Oduleye & 

Medon, 2021). 

 

3.6. Limitations and Future Research 

The case context is North American contract logistics, and 

transferability remains untested. The reported outcome lacks 

a published baseline, observation window and comparison 

design. Concurrent demand, product-mix and seasonal 

changes may explain some or all of it. Proposed leading-

indicator relationships require independent testing, and client 

inventory policy must be distinguished from delays that a 

warehouse operator can control. 

Future research could pursue several directions. Multi-site 

studies using comparative or quasi-experimental designs 

would strengthen causal inference. The hierarchy could be 

extended to include sustainability indicators such as energy 

use per unit handled, and labor wellbeing indicators such as 

overtime concentration. The integration of predictive 

analytics, for example forecasting inbound arrivals to 

schedule putaway labor proactively, offers a natural 

extension of the synchronization observations. Simulation 

and machine-learning cost optimization models could be used 

to test countermeasures before deployment (Tonoyan et al., 

2022b, 2022c), and automating routine transactional 

processes may further reduce the delays that feed backlog 

(Akinleye & Adeyoyin, 2021). Equipment availability is 

another candidate for the hierarchy, since moving from 

reactive to predictive maintenance of material handling 

equipment could remove a hidden source of throughput loss 

(Sunday et al., 2020). Multi-site standardization could also 

draw on maturity models developed for geographically 

distributed operations (Anyanwu, 2019). Research could also 

examine how contractual structures between 3PLs and 

clients, such as shared incentives for inventory velocity, 

influence the effectiveness of the framework. 

 

4. Conclusion 

The KPI framework connects warehouse outcomes to client-

level flows and owned diagnostic actions. Its value lies in 

consistent definitions, segmentation and a traceable 

investigation of exceptions. The reported 2.5 percent turnover 

improvement is descriptive and cannot independently 

establish an effect of the framework. Aged backlog must be 

measured directly, and comparisons require consistent units 

and denominators. Prospective evaluation should establish 

whether the proposed hierarchy improves diagnosis and 

operating performance across different warehouse settings. 

Operational use should begin with a shared dictionary for 

inventory, throughput, overdue tasks and overdue orders. 

Client and process boundaries must remain consistent across 

comparison periods. A receiving task, replenishment task and 

outbound order represent different units of work, even when 

they concern the same stock. Managers should examine these 

flows separately before combining any measures. A small set 

of owned exceptions supports clearer action than an 

expanding dashboard with ambiguous denominators. Each 

corrective action requires a stated mechanism and a follow-

up measure. 

Three measurement distinctions carry most of the practical 

weight of the framework. Inventory turnover requires 

matching units or cost values in the numerator and 

denominator, and a zero average inventory makes the ratio 

undefined. Little's Law applies to total work in process with 
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matching throughput under stable operating conditions, 

whereas aged backlog requires direct counting against a fixed 

deadline rule. Holding these distinctions constant protects 

comparisons from apparent gains produced by changed 

definitions, shifted boundaries or duplicated overdue work, 

and keeps the descriptive turnover improvement separate 

from changes in client mix, arrivals, labor availability or held 

inventory. 

Prospective studies should preserve task histories, inventory 

snapshots, arrival volumes and process-level completion 

records. Researchers should test whether upstream 

exceptions consistently precede service deterioration and 

whether corrective actions reduce overdue work without 

creating shortages or safety problems elsewhere. Evaluation 

should report results by client, demand pattern and process 

constraint, alongside implementation effort. Replication 

across facilities would establish the limits of the hierarchy 

and the circumstances supporting transfer. The framework 

offers a structured diagnostic method, with its effectiveness 

dependent on measured operational outcomes rather than 

dashboard completeness. 
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