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Received: 20 February 2026

Revised: 5 March 2026

Accepted: 13 March 2026

Published: 23 March 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Real-Time Supply Chain Wave Analytics: A Framework for KPI
Monitoring in Non-Food Retail
Paria Mahmoudi 1,*, Mohammad Hori Najafabadi 1,*, Bernd Noche 1 and André Terharen 2

1 Department of Transport Systems and Logistics, Faculty of Engineering, University of Duisburg-Essen,
Keetmanstr. 3-9, 47058 Duisburg, Germany; bernd.noche@uni-due.de

2 TEDi GmbH & Co. KG, 44309 Dortmund, Germany; andre.terharen@tedi.com
* Correspondence: paria.mahmoudi@stud.uni-due.de (P.M.);

mohammad.hori-najafabadi@stud.uni-due.de (M.H.N.)

Abstract

Background: Modern supply chains (SC) are increasingly difficult to manage as they become
more complex and interconnected. This encourages companies to rely more on real-time
data analysis and analytical tools on operational processes. This study aims to develop and
evaluate a Supply Chain Wave Report for a non-food retail that represents goods movement
across logistics stages as a continuous analytical flow. Methods: Proposed framework inte-
grates multiple operational phases—Booked Orders, Main Transit, On-Carriage, Warehouse
Operations, Store Delivery, and Sales—into a unified monitoring structure. This model
can combine operational data with advanced analytics, including Artificial Intelligence-,
cloud computing-, and Internet of Things-based technologies. Through cloud-based data
infrastructures, System enables data integration and near real-time visibility across organi-
zational functions, allowing continuous monitoring through key performance indicators
and predictive simulations. Results: This framework enables dynamic performance of
supply chain management and generates real-time signals as goods move across logistics
network. This enables managers to detect irregularities earlier and respond before oper-
ational deviations propagate further along the chain. Wave-based monitoring approach
highlights interdependence between SC stages and illustrates how small disruptions may
propagate over time, potentially contributing to effects like bullwhip effect. Conclusions:
Findings suggest that a cloud-enabled wave analytics framework can enhance coordination,
reduce information gaps, and support informed decision-making in retail.

Keywords: real-time data analysis; cloud computing; analytical flow; supply chain
management; wave analytics framework; bullwhip effect; artificial intelligence

1. Introduction
In today’s fast-moving and highly competitive retail sector, supply chain transparency

and responsiveness have become essential prerequisites for operational success [1]. Many
organizations increasingly rely on real-time data and cloud-based logistics platforms to
coordinate and optimize the different stages of their supply chains, from order placement
to the final point of sale [2]. The growing adoption of Artificial Intelligence (AI), Machine
Learning (ML), Internet of Things (IoT), and cloud computing technologies enables orga-
nizations not only to collect large volumes of operational data but also to process, share,
and interpret these data almost immediately, thereby supporting faster and more informed
decision-making [3–6]. These technological capabilities are gradually transforming tra-
ditional supply chain models that often struggled with mismatches between supply and
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demand, excessive inventory accumulation, and inefficient replenishment cycles. Such
inefficiencies frequently resulted in increased operational costs and lower levels of customer
satisfaction [5].

The Supply Chain Wave Report introduced in this study arose from the need to analyze
supply chain operations as an integrated process rather than as isolated operational stages.
Instead of examining each step independently, the proposed framework structures the sup-
ply chain into several interconnected phases—Booked Orders, Main Transit, On-Carriage,
Warehouse Operations, Store Delivery, Stores, and Sales. When analyzed collectively, these
stages form a continuous analytical structure referred to as a “Supply Chain Wave.”

In this study, the term Supply Chain Wave refers to the continuous analytical repre-
sentation of goods flow across multiple logistics stages derived from operational event
data. This concept should not be confusing with wave picking in warehouse operations,
which refers to batching strategies used for organizing order-picking tasks. The framework
relies on cloud-based data integration, allowing operational data from different systems
and locations to be consolidated into a unified analytical environment.

Each stage within the wave provides real-time key performance indicators (KPIs) and
operational status signals, enabling managers to monitor supply chain activities as goods
move through the system. This continuous monitoring approach makes it possible to detect
irregularities earlier, often before they develop into larger operational disruptions. Through
centralized cloud-based processing and integrated data flows, the wave structure supports
operational monitoring, risk awareness, and faster decision-making. Over time, such
analytical visibility may contribute to improved coordination and operational efficiency
across supply chain stages. From a broader perspective, research on big data analytics
and cloud-enabled supply chain systems has shown that data-driven technologies signifi-
cantly influence operational performance, sustainability, and predictive capabilities within
supply chain networks [7]. These approaches are increasingly applied across strategic,
tactical, and operational decision levels. Their effectiveness lies in combining real-time in-
formation infrastructures with predictive and adaptive analytical models, thereby enabling
organizations to respond more dynamically to changing operational conditions [8].

Demand uncertainty remains a fundamental challenge in supply chain management.
However, the analytical framework proposed in this study focuses primarily on the op-
erational execution stage of the supply chain, where booked orders represent confirmed
demand entering the logistics system. Even within this stage, disruptions in transportation,
warehousing, or distribution processes may propagate across the network and amplify
variability across supply chain stages. This phenomenon is commonly referred to as the
bullwhip effect, where small fluctuations at one stage may result in amplified variations
upstream in the supply chain [9].

The wave-based analytical approach aims to increase visibility across the entire op-
erational flow by representing supply chain processes as a continuous time-dependent
structure. Rather than eliminating variability entirely, the framework enables earlier detec-
tion of deviations and supports more coordinated responses through improved information
transparency and dynamic monitoring [10].

Wave analysis provides an additional analytical perspective for understanding the
interactions between supply chain stages. By representing the movement of goods as a
continuous operational flow, the approach allows organizations to observe how delays
emerge, how bottlenecks accumulate over time, and how disruptions propagate across
multiple logistics stages. When supported by cloud-based data infrastructures, such mon-
itoring capabilities can reveal operational risks that may remain hidden in conventional
reporting systems. This type of analysis supports not only inventory management and
logistics planning but also scenario-based evaluation of potential disruptions. By providing
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earlier signals of operational deviations, the framework strengthens the ability of organi-
zations to respond proactively before localized disruptions escalate into broader supply
chain disturbances.

This study therefore investigates the design and application of the Supply Chain Wave
Report as a cloud-enabled analytical framework for integrating real-time operational data
across multiple supply chain stages in a retail environment. The research aims to contribute
to the field of data-driven supply chain management by introducing a unified monitoring
structure that combines operational event data, KPI-based performance analysis, and wave-
based flow modeling. Through this approach, the study seeks to enhance supply chain
transparency, support risk-aware decision-making, and provide practical insights for the
development of more adaptive and resilient retail supply networks.

2. Related Work: Supply Chain Integration and
Performance Implications

Supply chain integration (SCI) is widely recognized as a critical enabler of operational
efficiency and firm performance in complex supply networks. SCI refers to the coordinated
alignment of processes, information flows, and decision-making activities within and across
organizational boundaries in order to ensure efficient material, information, and financial
flows along the supply chain [11,12]. Prior studies consistently indicate that higher levels
of integration enhance transparency, responsiveness, and coordination among supply chain
partners, thereby improving overall organizational performance [13,14].

The literature generally differentiates between internal and external integration within
supply chain management. Internal integration emphasizes coordination and information
exchange among functional units inside the organization, whereas external integration
is concerned with the development of collaborative relationships with key suppliers and
customers [15,16]. Empirical research shows that organizations with higher levels of both
internal and external integration tend to achieve superior operational performance, includ-
ing enhanced process capabilities, reduced lead-time variability, and more stable inventory
flows [11,17]. Internal integration primarily supports the alignment of planning and ex-
ecution activities across logistics, procurement, warehousing, and sales functions, while
supplier and customer integration contributes to improved coordination along upstream
and downstream supply chain processes [18].

Recent research increasingly highlights the role of digital technologies and cloud-
enabled information infrastructures in strengthening supply chain integration. These
technologies support real-time information exchange across organizational boundaries
and improve transparency across supply chain processes [19,20]. Such capabilities are
particularly relevant in retail supply chains, where demand patterns change rapidly and
product life cycles are relatively short. In this environment, several studies emphasize
that digital adaptability—rather than the mere adoption of new technologies—plays a
central role in improving supply chain resilience and responsiveness when disruptions
occur [21,22].

The performance implications of SCI have been widely examined in the literature. In
general, higher levels of integration are associated with improvements in operational per-
formance, including more reliable deliveries, improved inventory utilization, and shorter
cycle times. These operational improvements are often linked to positive financial out-
comes such as cost reductions and improved profitability [13,14,23]. Many researchers
argue that operational performance represents the primary mechanism through which SCI
affects financial results, as improved coordination and reduced inefficiencies support more
effective resource utilization and stable service levels [11,24]. In this context, KPI-based
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performance measurement has been widely adopted as a practical approach for evaluating
operational outcomes in supply chain systems [25].

Despite the extensive discussion of SCI, many existing studies still evaluate integra-
tion outcomes using static indicators or questionnaire-based assessments. While such
approaches have provided valuable insights into supply chain collaboration, they offer
limited visibility into how disruptions and operational performance changes evolve over
time and interact across multiple supply chain stages. Studies that explicitly analyze supply
chain dynamics using real-time operational data remain comparatively limited [26,27]. Rel-
atively few contributions address the simultaneous development of lead-time variability,
inventory accumulation, and material flow synchronization within a unified analytical and
visualization framework.

To address this limitation, the present study adopts a different analytical perspec-
tive. Rather than examining integration as a static organizational condition, the proposed
approach operationalizes integration through a real-time, wave-based analytical represen-
tation of supply chain processes. The Supply Chain Wave Report combines continuous KPI
monitoring, mathematical representations of material flows, and end-to-end visualization
across logistics stages. By linking operational event data with dynamic flow modeling,
the framework allows integration effects to be observed directly in operational process
behavior as it evolves over time. In this way, the study extends existing SCI research
by introducing a practical analytical framework for real-time monitoring and risk-aware
decision support in retail supply chain environments.

3. System Description and Process Structure
The Supply Chain Wave Report is used in this study as an operational framework to

improve transparency across the retail supply chain. Rather than analyzing each operational
stage independently, the framework integrates real-time data from ordering, transportation,
warehousing, distribution, and sales into a unified analytical structure. This integrated
perspective allows the movement of goods and information to be observed as a continuous
operational flow.

Each stage of the wave represents a specific segment of the physical product flow
and its corresponding information processes. These stages are connected through key
performance indicators (KPIs) that support performance monitoring, trend identification,
and predictive analysis. When these indicators are evaluated collectively, the supply chain
can be interpreted as a dynamic system rather than a set of isolated operational activities.
This perspective improves the ability of managers to detect potential disruptions earlier
and to respond more effectively to operational risks.

Figure 1 illustrates the overall structure of the supply chain analyzed in this study. The
diagram depicts the sequential flow of goods from the booking stage at the supplier to the
final sales in retail stores. The operational stages include booked orders, main transit, port
arrival, on-carriage transportation, warehouse processing, store delivery, store inventory,
and sales. In addition, the figure highlights the key performance indicators (KPIs) used to
monitor each stage of the process, such as Estimated Time of Shipment (ETS), Estimated
Time of Arrival (ETA), Actual Time of Arrival (ATA), Goods Receipt Notification (GRN),
and Goods Issue Notification (GIN). Together, these stages form the analytical structure
referred to in this study as the Supply Chain Wave. It should be noted that the term
“wave” in this context refers to the continuous flow of goods and information across the
entire supply chain and should not be confused with the concept of wave picking used in
warehouse order-picking operations.
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Figure 1. Supply chain structure of the investigated non-food retail network.

Before introducing the mathematical modeling framework used to represent this
wave, the operational definition of each stage of the supply chain is described in the
following subsections.

3.1. Booked Orders

The Booked Orders phase represents the initial stage of the supply chain process. At
this point, goods are formally booked with a freight forwarder and prepared for shipment
from the port of origin (POL). The primary KPI used in this stage is the Estimated Time of
Shipment (ETS), which represents the planned departure time of goods from POL.

ETS is determined based on supplier production completion, inventory availability,
and carrier scheduling information. As an early planning indicator, this KPI enables
downstream functions such as warehouse planning and transportation scheduling to
anticipate incoming volumes and allocate resources accordingly.

Differences between planned and actual shipment initiation can provide insights into
supplier reliability and logistics readiness. Once the shipment process begins, the goods
move from the booking stage into the main international transportation phase.

3.2. Main Transit

The Main Transit phase represents the international transportation of goods from POL
to the port of destination (POD). Two time-based KPIs are particularly relevant in this stage:

• Estimated Time of Shipment (ETS)—the planned departure time from POL.
• Estimated Time of Arrival (ETA)—the predicted arrival time at POD.

While ETS reflects the planned shipment initiation, ETA represents the expected arrival
time calculated based on route distance, vessel speed, and environmental conditions.

To evaluate transportation reliability, ETA is typically compared with the Actual
Time of Arrival (ATA) recorded when the shipment reaches at POD. Differences between
ETA and ATA provide a measurable indicator of transport performance and allow early
identification of potential delays that may affect downstream operations.

Continuous monitoring of these temporal indicators helps logistics managers antici-
pate disruptions and coordinate subsequent supply chain stages more effectively.

3.3. On-Carriage

The On-Carriage phase refers to the inland transportation of goods from POD to the
warehouse. This stage represents the transition between international transportation and
internal distribution.
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Two primary KPIs are monitored in this phase:

• Actual Time of Arrival (ATA)—the recorded arrival time of goods at POD.
• Goods Receipt Notification (GRN)—the timestamp confirming that the goods have

been received and registered in the warehouse management system (WMS).

The time difference between ATA and GRN reflects the efficiency of port-to-warehouse
transportation and customs processing activities. Continuous monitoring of this interval
allows the Wave Report to estimate inbound warehouse flows and anticipate potential
capacity constraints.

Unusual delays in this stage may indicate congestion at the port, customs clearance
issues, or transportation capacity limitations.

3.4. Warehouse

The Warehouse phase represents the operational core of the supply chain, where goods
are received, stored, processed, and prepared for distribution to retail stores.

Two key performance indicators are used to monitor warehouse operations:

• Goods Issue Notification (GIN)—the timestamp indicating that goods are released
from the warehouse system for outbound shipment.

• Picking Rate (Pr)—the number of items or units picked and prepared for shipment
during a given operational period.

The time interval between the Goods Receipt Notification (GRN) and the Goods Issue
Notification (GIN) reflects the throughput performance of the warehouse. Meanwhile, the
picking rate provides a detailed indicator of operational productivity within the order-
picking process.

Monitoring these indicators allows warehouse managers to detect inefficiencies such
as resource shortages, workflow bottlenecks, or order consolidation issues. By continuously
observing these KPIs, the Wave Report supports adaptive planning and helps maintain
synchronization between inbound and outbound logistics activities.

3.5. Store Delivery

The Store Delivery phase represents the distribution of goods from the warehouse to
individual retail stores. This stage directly affects product availability at the point of sale
and therefore has a significant impact on customer service levels.

The primary KPI in this phase is Delivery Performance, typically evaluated by com-
paring planned delivery times with actual arrival times at the stores.

Additional indicators include the following

• Delivery Accuracy—the proportion of deliveries completed on time and in full (OTIF).
• Transit Variance—the deviation between planned and actual delivery duration.

These metrics collectively evaluate the efficiency of last-mile logistics operations. Even
minor disruptions in this phase can affect store inventory availability and
sales performance.

3.6. Stores

In the Stores phase, goods enter the retail inventory and become available for sale.
The most relevant KPI in this stage is the Inventory Turnover Ratio (ITR), which measures
how efficiently inventory is sold and replenished within a given period.

Additional store-level indicators include Stock Availability Rate and Days of Supply,
which provide insights into inventory sufficiency and replenishment efficiency.

Data generated at the store level serves as an important feedback mechanism for
upstream supply chain stages. Sales and inventory information helps improve fore-
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casting accuracy, replenishment planning, and procurement decisions. Effective moni-
toring of store-level KPIs enables retailers to balance product availability with efficient
inventory utilization.

3.7. Sales

The Sales phase represents the final stage of the supply chain wave, where inven-
tory is converted into revenue through customer purchases. The primary KPI in this
stage is the Sales Rate, which measures the number of units sold during a specific time
interval. This metric reflects market demand and provides a direct indicator of supply
chain responsiveness.

Comparing actual sales with forecasted demand allows organizations to evalu-
ate forecasting accuracy and adjust replenishment strategies. Sales data also con-
tributes to product life-cycle analysis and supports continuous improvement of demand
planning processes.

3.8. Interconnectivity and Dynamic Behavior

A key characteristic of the Supply Chain Wave framework is the interconnectivity
between all operational stages. Each KPI not only reflects the performance of its respective
stage but also influences downstream processes. This interconnected structure allows
the supply chain to behave as a dynamic system that continuously adapts to changes in
demand, lead times, and operational capacity. Real-time monitoring of KPIs such as ETS,
ETA, ATA, GRN, GIN, and picking rate enables the detection of early disruption signals
across the Supply Chain Wave.

By aligning information flows and decision timing across operational stages, the
framework also contributes to mitigating the bullwhip effect, where demand variability
amplifies upstream in the supply chain. When these indicators are integrated within
the wave-based analytical structure, the Supply Chain Wave Report functions as both a
monitoring and decision support system. It enables predictive visualization of operational
fluctuations across the supply chain and supports proactive risk management, performance
optimization, and continuous operational improvement.

An overview of the supply chain phases, associated with KPIs, and their operational
roles is provided in Table 1.

Table 1. Supply chain phases and key KPIs.

Supply Chain Phase Key KPIs Description

Booked Orders ETS Initial Shipment Planning
Main Transit ETS, ETA Transit Accuracy and Delays
On-Carriage ATA, GRN Port–Warehouse Handover
Warehouse GIN, Pr Warehouse Throughput

Store Delivery Delivery Accuracy Last-Mile Performance
Store ITR Stock Efficiency
Sales Sales Rate Demand Realization

4. Mathematical Modeling and Process Throughput Analysis
To represent the operational flow of the Supply Chain Wave Report within a quantita-

tive analytical framework, each stage of the supply chain is modeled as a time-dependent
process characterized by its throughput rate and corresponding lead time. Let Si(t) denote
the instantaneous supply (or flow) rate associated with stage i, where i ∈ {1, 2, . . . , 7}
represents the seven sequential phases of the supply chain. The lead time Li defines the
time required for goods to pass through stage i. By integrating the flow rate over the
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respective lead-time interval, the amount of inventory currently present in that stage can
be estimated.

Formally, the instantaneous inventory level within stage i at time t is defined
as follows:

Ii(t) =
∫ t

t−Li

Si(τ) dτ (1)

where

• Ii(t)—instantaneous inventory level in stage i at time t;
• Si(τ)—inflow rate into stage i at time τ;
• Li—effective lead time of stage i, estimated from empirical operational data;
• τ—continuous time variable representing past inflow events.

This formulation implies that the area under the flow curve within the time
interval [t − Li, t] corresponds to the amount of material currently present in that stage.

Aggregating the inventory across all stages yields the total amount of goods present
within the entire supply chain:

Itotal(t) =
7

∑
i=1

Ii(t) =
7

∑
i=1

∫ t

t−Li

Si(τ) dτ (2)

This total inventory function represents the mathematical foundation of the Supply
Chain Wave Report and allows a dynamic estimation of material distribution across the
supply chain.

4.1. Mathematical Model of Booked Orders

The Booked Orders phase represents the initiation of the logistics process. The key
temporal KPI for this stage is the Estimated Time of Shipment (ETS), which defines the
expected departure time of goods from POL.

Let S1(t) denote the rate of shipment bookings. The amount of inventory currently
assigned to this stage is given by

I1(t) =
∫ t

t−L1

S1(τ) dτ (3)

where L1 (lead time for booked orders) represents the average duration between booking
confirmation and actual shipment departure. This formulation captures the volume of
orders that have been booked but have not yet entered the physical transportation stage.

4.2. Mathematical Model of Main Transit

The Main Transit stage corresponds to international transportation between origin
and destination ports. Two time-related KPIs are relevant in this phase:

Estimated Time of Shipment (ETS);
Estimated Time of Arrival (ETA).
The lead time for this stage L2 can be approximated by the expected difference between

ETA and ETS:
L2 = E[ETA − ETS] (4)

The quantity of goods currently in international transit is therefore

I2(t) =
∫ t

t−L2

S2(τ) dτ (5)

This value represents the amount of material moving between POL and POD at time t.
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4.3. Mathematical Model of On-Carriage

The On-Carriage phase represents inland transportation from POD to the warehouse.
Two operational KPIs characterize this stage:

• Actual Time of Arrival (ATA) at POD;
• Goods Receipt Notification (GRN) recorded in the warehouse management system.

The empirical lead time is defined as the average time difference between these events:

L3 =
1
K

K

∑
i=1

(GRNi − ATAi) (6)

where k is the total number of inbound transportations from different ports to warehouse
in observed period (Day).

The inventory in this stage is therefore

I3(t) =
∫ t

t−L3

S3(τ) dτ (7)

which corresponds to goods currently transported from port to warehouse but not yet
registered in the warehouse system.

4.4. Mathematical Model of Warehouse

In the Warehouse phase, goods are received, processed, and prepared for
store distribution.

The main KPIs include

• Goods Issue Notification (GIN);
• Picking Rate Pr.

The warehouse lead time L4 is defined as the time difference between GRN and
GIN events.

Following the previously validated formulation, the warehouse inventory can be
represented as follows:

I4(t) =
∫ t

t−L4

S4(τ) dτ (8)

where, S4(τ) denotes the inbound warehouse flow.
The picking rate is defined as

Pr(t) =
dQp(t)

dt
(9)

where Qp(t) is the cumulative number picked items in the time t. This indicator reflects
the operational throughput capacity of warehouse order-picking activities.

The integral under this curve shows the total number of items prepared for dispatch
within a given period.

4.5. Mathematical Model of Store Delivery

The Store Delivery phase measures the time between departure from warehouse and
arrival at retail stores. As the transportation is primarily controlled by temporal distance,
the average duration between dispatch (t1) and receipt (t2) defines its lead time:

L5 =
1
K

K

∑
i=1

(t2i − t1i) (10)
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The quantity of goods currently in store delivery is therefore

I5(t) =
∫ t

t−L5

S5(τ) dτ (11)

This expression captures all current goods in outbound’s transit from warehouses to
stores. Variations in L5 provide early warning signals for last-mile delays.

4.6. Mathematical Model of Stores

At the store level, the principal KPI is the Inventory Turnover Ratio (ITR) is defined as

ITR =
Csales
Iavg

(12)

where Csales represents the cost of sold goods within a period and Iavg shows the average
inventory level. The instantaneous stock in stores is calculated by using the general integral:

I6(t) =
∫ t

t−L6

S6(τ) dτ (13)

where L6 provides the average staying time of the good on shelves at store. A decreasing
L6 or an increasing ITR indicates faster turnover and efficient replenishment cycles.

4.7. Mathematical Model of Sales

The Sales phase converts inventory into revenue. The Sales Rate S7t shows the instan-
taneous number of sold goods per unit time.

The cumulative sales volume Qs(t) over a given interval is the integral of the
sales rate:

Qs(t) =
∫ t

t0

S7(τ) dτ (14)

The Sales Performance KPI compares realized sales with forecasted demand Df(t):

Sales Accuracy = 1 − |Qs(t)− Df(t)|
Df(t)

(15)

This metric links the terminal stage of the supply chain back to demand forecasting
accuracy and completes the analytical feedback loop.

4.8. Total Wave Integral

Finally, the total integral under the supply chain wave represents the overall stock
level across all interconnected stages.

If the entire chain is modeled as a continuous process wave W(t), then

W(t) =
7

∑
i=1

Si(t) (16)

and the total cumulative material volume within the supply chain is given by

Itotal(t) =
∫ t

t−Lmax
W(τ) dτ (17)

where Lmax = max(L1, L2, . . . , L7) provides the maximum effective lead time among
all stages.

Mathematically, this formula defines the area under the supply chain’s wave, which is
equal to the instantaneous total stock distributed across the chain.
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4.9. Interpretation

From a systems perspective, these integrals provide a continuous time representation
of inventory dynamics across the supply chain.

The area under each stage-specific flow curve represents the amount of material
present within that stage, while the total integral corresponds to the overall system inven-
tory at time t.

This mathematical representation enables predictive monitoring of supply chain dy-
namics, supports the detection of cumulative delays, and provides an analytical basis for
identifying propagation effects such as the bullwhip phenomenon.

The proposed integral formulation is conceptually related to classical stock–flow bal-
ance models widely used in operations research and system dynamics. In such models,
inventory levels are determined by the accumulation of inflows over time, which is math-
ematically represented through integration of the flow rate. The approach adopted in
this study follows the same fundamental principle but applies it to a multi-stage retail
supply chain structure in which each operational phase is represented as a time-dependent
flow segment within a unified analytical wave. By linking stage-specific lead times with
real-time KPI observations, the model extends traditional stock–flow formulations toward
a data-driven representation of supply chain dynamics suitable for operational monitoring
and decision support.

5. Methodology
This study adopts a quantitative and data-driven research design to develop and

evaluate the Supply Chain Wave Report within a real retail supply chain environment.
The analysis is based on operational data obtained from a large non-food discount retailer
operating an extensive multi-stage supply network in Germany. The methodological
approach integrates data engineering, mathematical modeling, and analytical visualization
by combining structured database extraction with dynamic supply chain monitoring.

5.1. Data Collection and Extraction

Operational and historical supply chain data were extracted from the retailer’s en-
terprise systems using Structured Query Language (SQL). The dataset covered multiple
operational systems across the supply chain, including the following:

• Booking and freight-forwarding systems;
• International transportation and vessel-tracking systems;
• Port arrival and customs clearance records;
• Warehouse management system (WMS) logs;
• Distribution and store delivery documentation;
• Retail inventory records;
• Point-of-sale (POS) transaction data.

The dataset includes operational observations across multiple supply chain stages over
a multi-month observation period and covers several thousand product SKUs distributed
across a large network of retail stores.

To ensure consistency between different IT systems, all datasets were standardized
and synchronized. Timestamp information from different sources was aligned to a common
time format, and missing or inconsistent records were filtered through validation checks to
ensure data quality.

An overview of the data sources, corresponding systems, and their analytical purposes
is provided in Table 2.
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Table 2. Data Sources.

Data Source System Purpose

Booking Forwarder ETS Calculation
Vessel-Tracking Carrier ETA Prediction
Customer/Port Port Authority ATA & Clearance

WMS Warehouse System GRN & GIN
Distribution Transport Logs Delivery Performance
Store Stock Retail IT Inventory turnover

POS Sales System Sales Velocity

5.2. Data Processing and KPI Computation

After data extraction, key performance indicators used in the Supply Chain Wave
Report—including ETS, ETA, ATA, GRN, GIN, picking rate, inventory turnover, and sales
velocity—were computed using SQL-based transformations.

In Figure 2, data processing pipelines are used to construct the Supply Chain Wave
Report. Raw operational events from enterprise systems are cleaned, reconciled, and
validated before lead-time estimation and stock calculations are performed. The pro-
cessed data are then transformed into Wave KPIs and visualized through real-time
analytical dashboards.

 
Figure 2. Data processing pipeline.

Lead times (Li) for the seven supply chain stages were calculated from timestamp
differences between relevant operational events. Aggregate SQL functions were used to
compute average stage durations and time distributions.

The processed data was then imported into Power BI for further analytical processing
and visualization. This workflow ensured a reproducible transformation pipeline capable
of handling large operational datasets.

5.3. Modeling and Analytical Framework

The wave-based analytical framework was implemented based on the integral formu-
lation described in Section 3.

For each supply chain stage, three primary analytical variables were derived:

• The flow rate Si(t);
• The stage-specific inventory level Ii(t);
• The total system inventory Itotal(t);

Since the operational data is recorded in discrete time intervals, the continuous in-
tegrals described in the mathematical model were approximated using discrete daily
aggregation of supply chain flows.

Analytical implementation combined several tools:

• SQL for data preparation and KPI pre-calculation;
• Power BI and DAX (Data Analysis Expressions) for numerical approximation of the

integral functions;
• Automated daily data refresh cycles for near real-time reporting.
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5.4. Visualization and System Integration

To support real-time monitoring and analytical transparency, the Supply Chain Wave
framework is implemented through a cloud-based data architecture that integrates opera-
tional data sources with visualization and reporting tools.

Figure 3 illustrates the cloud-based system architecture used to implement the Supply
Chain Wave Report. Operational data are ingested from multiple enterprise systems and
processed through several analytical layers before being visualized in Power BI dashboards.

Figure 3. System architecture of the Supply Chain Wave data pipeline and dashboard integration.

The dashboard integrates KPI monitoring with visual flow representation and provides
analytical capabilities, including the following:

• Real-time monitoring of supply chain performance;
• Detection of operational bottlenecks;
• Scenario exploration and sensitivity analysis;
• Early identification of potential disruptions.

The interactive interface allows operational users from procurement, logistics, ware-
house operations, and sales departments to explore supply chain dynamics and identify
deviations from expected performance patterns.

5.5. Validation Approach

The analytical model was validated by comparing predicted inventory levels derived
from the integral formulation with actual observed inventory levels in warehouses and
retail stores. Validation procedures included the following:

• Historical back-testing of lead time estimates;
• Cross-validation of KPI calculations across multiple datasets;
• Expert evaluation through structured discussions with supply chain managers.

The validation results confirmed that the Supply Chain Wave framework provides
a reliable representation of operational supply chain dynamics and supports practical
decision-making in retail logistics environments.

6. Results
The implementation of the Supply Chain Wave Report provides a dynamic view of

how the non-food retail supply chain evolves over time. Instead of analyzing operational
stages separately, the system visualizes the entire chain as a continuous flow of goods
across seven interconnected phases. The primary output of the framework is the Wave
Diagram, which aggregates data from ordering, transportation, warehouse operations,
store replenishment, and sales into a single analytical representation.

Figure 4 illustrates the conceptual idea behind the Supply Chain Wave visualization.
The figure presents the theoretical structure in which supply chain stages are arranged
sequentially and represented as a continuous wave. The purpose of this conceptual model
is to illustrate how operational events occurring in earlier stages propagate through later
stages of the supply chain over time.
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Figure 4. Supply Chain Wave Report—Initial Idea.

Figure 5 shows the real-world implementation of the Wave dashboard based on
operational data from the case company. The horizontal axis represents time in days, while
the vertical axis indicates the number of units moving through the supply chain. Each
segment of the curve corresponds to one operational stage: booked orders, main transit,
on-carriage transportation, warehouse processing, store delivery, store inventory, and
final sales.

Figure 5. Supply Chain Wave Report—Real-World Case Study. (The colored segments distinguish the
different operational stages of the supply chain, allowing the temporal propagation of goods across
stages to be visually identified).

By aggregating all operational flows into a single dynamic curve, the Wave Diagram
provides a continuous visualization of how inventory and product movements propagate
across the supply chain. Peaks in the curve generally correspond to procurement cycles
and shipment arrivals, while downward movements may reflect slower logistics processes
or inventory depletion at later stages.

An important feature of the dashboard is its interactive analytical capability. By
selecting a specific day within the Wave Diagram, users can trace how shipments propagate
across subsequent supply chain stages. For example, selecting a point in the Booked
Orders phase reveals how many units are expected to appear in later stages such as
warehouse processing or store delivery after the corresponding lead time. In the illustrated
example, a selected booking event results in approximately 5.7 million units moving
through subsequent stages over the following 41 days. This functionality allows managers
to analyze the temporal distribution of goods flows and supports proactive planning across
operational departments.

6.1. Overall Wave Behavior

The observed Wave Diagram reveals several recurring patterns that align with the
operational cycles of the retailer. Increases in the booked orders and main transit sections
correspond closely with procurement planning cycles and international shipment schedules.
Subsequent stages react to these upstream changes with predictable delays that reflect the
natural lead-time structure of the supply chain.

For instance, increases in booked order volumes are followed by rising curves in
the main transit phase and later appear as inbound peaks in the warehouse stage. This
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sequential propagation illustrates the temporal dependencies between supply chain stages
and validates the conceptual wave structure proposed in the analytical model.

Visualization also makes operational disruptions easier to detect. Sudden deviations in
the On-Carriage phase, for example, often correspond to transport delays or port congestion.
Similarly, extended accumulation patterns in the warehouse section can signal reduced
picking capacity or temporary imbalances between inbound and outbound flows.

6.2. Section-Specific KPI Dashboards

In addition to the integrated Wave Diagram, the dashboard provides dedicated KPI
trend charts for each supply chain stage. These charts track the development of operational
indicators over the previous three months and complement the wave visualization with
more detailed performance analysis. The monitored indicators include the following:

• ETS deviation trends for the Booked Orders stage;
• ETS–ETA variance trends for the Main Transit phase;
• ATA–GRN lead-time development for the On-Carriage stage;
• GIN processing time and picking-rate trends in the warehouse;
• Delivery accuracy trends for Store Delivery operations;
• Inventory turnover development at the store level;
• Sales velocity trends for the Sales stage.

These time-series views allow users to observe gradual changes in operational perfor-
mance that may not be immediately visible in the aggregated Wave Diagram. By combining
stage-specific KPIs with the integrated wave visualization, the dashboard provides both
macro-level and micro-level insights into supply chain behaviors.

6.3. Impact on Operational Insights

The combined analysis of the Wave Diagram and KPI trends enabled several opera-
tional insights.

First, the propagation of disturbances across stages became clearly observable. Delays
in the main transit phase were followed by increased warehouse accumulation approxi-
mately 20–30 days later, reflecting the typical transport and processing lead times within
the supply chain. This time lag illustrates the temporal wave effect described in the
analytical framework.

Second, correlations between micro-level operational indicators and macro-level in-
ventory behaviors became visible. For example, temporary decreases in picking rates
were directly associated with increased warehouse inventory levels, demonstrating the
sensitivity of the system to throughput variations.

Third, the KPI trend charts provided early warning signals for potential operational
risks. Gradual declines in delivery reliability and increasing lead-time variability were
detectable before stock shortages occurred at the warehouse or store level.

Finally, the integrated visualization significantly improved decision support. Man-
agers were able to link short-term operational fluctuations with downstream supply chain
effects and therefore adjust procurement, transportation, and warehouse planning earlier
than with previous static reporting tools.

6.4. Qualitative Feedback

Qualitative feedback from supply chain managers confirmed the practical usefulness
of the Wave Report. According to operational users, the combination of a single integrated
Wave Diagram and complementary KPI trend charts provided a level of transparency that
had not previously been achievable with traditional reporting approaches.
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The system improved cross-functional communication between procurement, logistics,
warehouse operations, and store management teams. In particular, the ability to trace how
operational events propagate through the supply chain helped decision-makers understand
the broader consequences of local disruptions.
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