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Demand variability in engineer-to-order supply chains: insights from a DDMRP

case study
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ABSTRACT

Engineer-to-Order (ETO) supply chains with modular T-plant structures face critical inventory chal-
lenges: shared components must buffer against demand variability across multiple product variants,
while planners struggle to balance responsiveness and cost efficiency under stochastic demand.
Demand-Driven Material Requirements Planning (DDMRP) has been proposed to enhance resilience
and inventory efficiency, yet its effectiveness in such contexts remains underexplored. This study
simulates a two-echelon industrial piping chain, where shared components are managed as Make-
to-Stock and final assemblies as ETO. Using real purchase order data, DDMRP is compared with the
current push-based method at the supplier level, tracking inventory levels, fill rates, and order counts.
Results show that DDMRP reduced weighted average on-hand inventory by 21.4%, improved fill rates
by 7.5 percentage points, and cut backorders by 76%, while increasing order frequency by 1.5%. Sen-
sitivity analysis highlights the Average Daily Usage (ADU) window as the primary lever for balancing
service and inventory. The study demonstrates that resilience can be achieved through adaptive
response rather than static redundancy alone, identifies signal averaging horizon as a key parameter
affecting the balance between responsiveness and efficiency, and supports selective use of DDMRP,
suggesting particular effectiveness under high uncertainty in demand timing, or both timing and
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1. Introduction

The ability to respond efficiently to variable customer
demand while maintaining cost-effective operations is a
defining challenge in Supply Chain Management. Inven-
tory management is central in this balance (Boylan and
Syntetos 2010; Zhao and Simchi-Levi 2006; Zinn 1990),
especially in multi-echelon supply chains (MESCs) where
inventories span several interconnected stages (Sbai and
Berrado 2018; Schmitt et al. 2017; Wang 2011) and
replenishment coordination is critical to minimise stock-
outs and excess inventory (Dessevre et al. 2023; Vicente,
Relvas, and Pévoa 2020; Zinn 1990). These challenges
intensify in environments with high product complexity
and customisation, characterised by demand lumpiness
and low forecasting accuracy (Boylan and Syntetos 2010).

A relevant example is the ETO environment, where
customer orders penetrate design and trigger produc-
tion (Gosling and Naim 2009; Olhager 2010). In paral-
lel, modular architectures such as the T-plant structure
play a critical role in managing complexity. A T-plant
refers to a configuration where numerous end prod-
ucts share common components (Umble 1992). While

ETO defines the fulfilment strategy, T-plant describes
the structural design that supports postponement: delay-
ing final product differentiation until customer demand
is known (Aviv and Federgruen 2001; Bagchi and Gaur
2018; Zinn 1990). When these two concepts intersect,
managing upstream inventories of shared components
becomes strategically important, as their usage reflects
correlated and dependent demand patterns (Aviv and
Federgruen 2001; Casado et al. 2020; Dessevre et al. 2023;
Thiirer, Fernandes, and Stevenson 2022; Zinn 1990).
Effective coordination at this level can reduce safety stock
requirements, improve fill rates, and increase resilience
to market variability (Aviv and Federgruen 2001; Des-
sevre et al. 2023; Garcia-Dastugue and Lambert 2007;
Graman 2010; Ptak and Smith 2011; Saghiri and Barnes
2016; Zinn 1990).

While many competent Production Planning and
Control (PPC) systems exist, managing inventories in
MESCs remains challenging, especially in ETO envi-
ronments, where fluctuating demand patterns introduce
uncertainty. Traditional push and pull methods often
struggle to absorb the risks associated with high demand
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variability and customisation (Miclo et al. 2019; Ptak
and Smith 2011). Customer-specific requirements for
finished products impose demand irregularities, stem-
ming from variability in both order frequency and
order size, to upstream echelons for shared components,
making forecasting difficult and responsiveness essen-
tial. As Boylan and Syntetos (2010) note in the con-
text of spare parts, demand lumpiness makes forecast-
ing difficult. This observation aligns with the challenges
found in managing upstream component inventories for
shared components, where demand emerges irregularly
on Stock Keeping Unit (SKU) level and in varying vol-
umes depending on customer-specific requirements. To
address these challenges, demand-driven systems offer an
alternative by dynamically adjusting buffer levels based
on historical or near-future demand signals, enabling
more flexible inventory positioning and replenishment
strategies aligned with actual consumption (Ptak and
Smith 2011). This study investigates how such demand-
driven logic can be applied within an ETO system and a
two-echelon inventory structure to improve responsive-
ness and resilience under demand uncertainty.

Recently, DDMRP has emerged as an innovative
approach to materials management, integrating elements
form Material Requirements Planning (MRP), Distri-
bution Requirements Planning (DRP), Lean Manufac-
turing, and the Theory of Constraints (TOC) into a
dynamic hybrid push-pull system (Ptak and Smith 2011).
Unlike traditional MRP, which relies heavily on fore-
casts, DDMRP focuses on actual demand signals to
drive replenishment decisions, aligning more closely with
Just-in-Time (JIT) and Kanban principles (Ptak and
Smith 2011). This responsiveness makes DDMRP partic-
ularly promising for improving inventory efficiency and
resilience in environments characterised by variability
and customisation, by helping ensure that the right SKUs
in the right quantities at the right time.

While reviews (Azzamouri et al. 2021; Butturi et al.
2021), case studies (Kortabarria et al. 2018), parameteri-
zations (Damand, Lahrichi, and Barth 2023), and success
stories of DDMRP implementations (Butturi et al. 2021;
Miclo et al. 2019) can be found, there are areas wor-
thy of more exploration. Comparative studies in complex
manufacturing environments remain limited. Addition-
ally, little attention has been paid to demand categori-
sation and supplier-level implementations, despite the
fact that upstream inventory decisions directly influence
system-wide responsiveness, cost efficiency, and fill rates
(Dessevre et al. 2023; Li et al. 2025; Ohta, Ikena, and
Rahim 2009; Rota, Thierry, and Bel 2002). To address
this gap, this study investigates the impact of implement-
ing DDMRP at the supplier level within a two-echelon,
ETO supply chain using categorised demand profiles.

The research question is: How does integrating DDMRP
at supplier level impact the efficiency and resilience of
inventory management in ETO supply chains?

The study conducts a simulation using real world data
from manufacturing case company to evaluate inventory
performance in a two-echelon supply chain. The sup-
pliers sub-component (SC) inventory acts as a strategic
inventory position, and it is simulated with two manage-
ment methods for a comparative analysis: (1) DDMRP
and (2) a static push-based method combining Safety
Stock (SS), Reorder Point (ROP), and Economic Order
Quantity (EOQ), which reflects the current state of oper-
ations. Although this baseline may not represent state-of-
the-art inventory management practices available today,
it reflects the current approach used by the case company
and remains common in industry due to its simplic-
ity and familiarity, making it a relevant benchmark for
assessing the potential benefits of adopting DDMRP in
similar contexts. The simulation uses real purchase order
(PO) data to derive demand distributions and lead times
for all SKUs, and inventories are simulated daily over an
18-month period. Efficiency and is assessed by compar-
ing total on-hand inventory levels and total number of
orders, metrics that reflect inventory holding costs and
ordering costs (Azzamouri et al. 2021; Butturi et al. 2021;
Miclo et al. 2019; Ptak and Smith 2011; Thiirer, Fer-
nandes, and Stevenson 2022). Additionally, resilience is
treated as a performance dimension reflected through fill
rate, which translates to service reliability and the ability
to absorb demand variability (Liicker, Timonina-Farkas,
and Seifert 2025). Furthermore, results are analysed in
relation to distinct demand categories identified from the
sample data (Syntetos, Boylan, and Croston 2005), pro-
viding insights into whether supplier level integration of
DDMRP can improve inventory management efficiency
and resilience in modular ETO supply chains under vary-
ing demand conditions.

DDMRP is studied in an ETO setting operating within
a modular T-plant structure. In this context, customer
orders influence design and finalise product definition,
while the T-plant architecture enables postponement
by consolidating shared components upstream (Olhager
2010). This yields order - specific or configured Bills of
Materials (BOM), embeds engineering lead time within
cumulative lead time, and orients execution around
project specific kits and due-date reliability rather than
single-SKU service (Gosling and Naim 2009; Olhager
2010). These contingencies differ from Assemble-to-
Order or Make-to-Stock contexts where product struc-
ture is fixed and forecastability is typically higher. In
the setting of this study, the system can be described as
impure ETO (Gosling and Naim 2009; Ptak and Smith
2016), since shared components are managed as MTS



across variants creating aggregated demands. The shared
components therefore present distinct pull patterns (Syn-
tetos, Boylan, and Croston 2005) at upstream nodes,
shaping DDMRP’s strategic decoupling, ADU windows,
and buffer parameters. While postponement ideology
and decoupling are used as general mechanisms to miti-
gate effective variability (Bagchi and Gaur 2018; Saghiri
and Barnes 2016; Zinn 1990), they are not claimed as
ETO - exclusive. Rather, it is argued that ETO’s design
- penetrating orders and project specific execution make
buffer placement and sizing particularly consequential.
This ETO orientation aligns with established literature
on ETO supply chains and Customer Order Decou-
pling Point (CODP) theory (Gosling and Naim 2009;
Olhager 2010), and it connects to the broader Demand
- Driven/TOC heritage that applies buffer management
not only to materials (DDMRP) but also to projects (Crit-
ical Chain) (Goldratt 1997; Smith 1999).

The remainder of this paper is organised as follows:
Section 2 reviews the theoretical background and rele-
vant literature. Section 3 describes the research design
and simulation methodology. Section 4 presents the
results and sensitivity analysis. Section 5 discusses key
findings, theoretical contribution, and managerial impli-
cations, and Section 6 concludes with limitations direc-
tions for future research.

2. Literature review

A literature review was conducted to explore inventory
management in ETO supply chains, with a focus on mod-
ular T-plant structures and multi-echelon systems where
product variety and demand variability complicate plan-
ning. It examines how decoupling and component-level
strategies improve responsiveness. The review also eval-
uates DDMRP’s principles and potential advantages over
traditional PPC methods, while highlighting key gaps,
particularly in empirical validation, supplier-level imple-
mentation, parameterisation, and integration with other
methods.

2.1. Demand variability in modular ETO supply
chains

Modular ETO supply chains face a dual challenge: man-
aging volatile demand and coordinating shared compo-
nents across product variants. These conditions make
inventory management fundamentally different from
more standardised environments. Firms often keep min-
imal to no finished goods inventory and instead rely
on flexible production triggered by confirmed customer
orders (van Jaarsveld and Scheller-Wolf 2015; Zhao and
Simchi-Levi 2006). In modular context, sub-components
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are procured in advance while final differentiation is
postponed, creating T-plant-like structures where many
customised products stem from a limited set of shared
components (Umble 1992). Demand for these compo-
nents is both dependent and correlated across BOM lev-
els, since the same components are required for multiple
product variants, the configuration of one product may
influence which other products are selected (and thus
which components are required), and certain compo-
nents are only compatible with specific others (Aviv and
Federgruen 2001; Casado et al. 2020; Thiirer, Fernandes,
and Stevenson 2022). Forecasting dependent demand
particularly difficult when customer demand for end
products is volatile, creating irregular patterns that are
hard to capture with traditional forecasting-based poli-
cies (Boylan and Syntetos 2010; Syntetos, Boylan, and
Croston 2005). From a resilience perspective, demand
variability represents a recurrent risk that inventory sys-
tems must absorb without creating excessive cost or ser-
vice failures (Liicker, Timonina-Farkas, and Seifert 2025).
Fill rate therefore serves as a key indicator of resilience,
reflecting the system’s ability to satisfy demand on time
despite uncertainty.

To quantify such uncertainty, measures such as the
Coeflicient of Variation (CV) are widely used, as they
normalise fluctuations relative to average demand and
enable comparison across products (Jalilibal et al. 2021).
Building on this, Syntetos, Boylan, and Croston (2005)
proposed a demand categorisation framework that clas-
sifies items as smooth, intermittent, erratic, or lumpy
based on inter-demand intervals and CV 52, providing a
structured basis for differentiated control policies. While
demand classification has been widely studied for fore-
casting and stock control, its adaptation as a lens for
differentiated control policies remains underexplored.

Postponement and upstream decoupling have been
widely emphasised as strategies to mitigate variability
amplification by buffering common components and
delaying final differentiation (Saghiri and Barnes 2016;
Van Hoek 2001; Zinn 1990). Postponement aligns pro-
duction more closely with actual orders by delaying
product differentiation until customer demand is known,
reducing the mismatch between predicted and realised
demand (Aviv and Federgruen 2001; Garcia-Dastugue
and Lambert 2007; Graman 2010). A central mecha-
nism for achieving this is modularisation, which allows
firms to pool demand at the component level and lower
the need for large buffers (Bagchi and Gaur 2018; Yang
and Burns 2003; Zinn 1990). The choice of the point
of differentiation is critical for balancing cost and risk
(Vanteddu and Chinnam 2014). Importantly, collabora-
tive implementation across the supply chain can amplify
these benefits, whereas isolated adoption may shift costs
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upstream or downstream (Garcia-Dastugue and Lambert
2007).

Postponement and customer order decoupling are not
specific to ETO, but they cut across manufacturing and
fulfilment strategy typologies. However, postponement
in partial ETO (via modular shared components and
late differentiation) reflects a general variability — miti-
gation mechanism that our case exploits. In such settings,
postponement stabilises upstream operations by enabling
common components to be stocked and later config-
ured into end-products (Aviv and Federgruen 2001; Zinn
1990). Dynamic buffer-based methods such as DDMRP
extend this principle by continuously adjusting compo-
nent buffers in response to realised demand, combining
the long-recognised advantages of postponement with
adaptive, data-driven control (Ptak and Smith 2016). Still,
there is limited empirical validation of DDMRP in ETO
or T-plant settings, and little is known about how it inter-
acts with postponement to manage shared components
under volatile demand.

Together, strategies such as modularisation, postpone-
ment, and dynamic buffering can address the dual chal-
lenges of variability and complexity by consolidating
demand for shared components and aligning invento-
ries more closely with actual requirements (Bagchi and
Gaur 2018; Ptak and Smith 2016; Thiirer, Fernandes, and
Stevenson 2022; Yang and Burns 2003). When integrated
with demand categorisation frameworks (Syntetos, Boy-
lan, and Croston 2005), these approaches can be tailored
to SKU-specific profiles, enabling selective adoption of
buffer policies that reflect both the structural features
of modular supply chains and the variability patterns of
individual items.

2.2. Managing variability with DDMRP

Demand Driven MRP (DDMRP), introduced in the
third edition of Orlicky’s Material Requirements Plan-
ning (Ptak and Smith 2011), is a methodology designed
to maintain material flow by using buffer status to trig-
ger replenishment orders. The Demand Driven Insti-
tute’s programmes frame DDMRP within an enterprise
model that includes operations and project components
(DDI 2025). DDMRP is part of a broader Demand -
Driven/TOC lineage that also addresses project envi-
ronments through buffer management, which protects
schedules using project and feeding buffers and manages
execution by buffer consumption (Goldratt 1997; Ptak
and Smith 2011; Smith 1999).

Unlike traditional push or pull systems, DDMRP
emphasises responsiveness to actual demand, aiming to
mitigate stockouts and excess inventory (Azzamouri et al.
2023; Kortabarria et al. 2018; Miclo et al. 2019). This

capability is particularly relevant in environments with
high product customisation and volatile demand, where
conventional planning methods struggle to absorb vari-
ability (Miclo et al. 2019). DDMRP implementation fol-
lows a structured process comprising five core steps:
strategic inventory positioning, buffer profiling and siz-
ing, dynamic adjustments, demand-driven planning, and
visible execution (Damand, Lahrichi, and Barth 2023;
Kortabarria et al. 2018; Ptak and Smith 2011), with a sixth
step of continuous adaptation recently recognised by the
Demand Driven Institute (DDI 2025). As such, DDMRP
has built-in variability control mechanisms through three
interrelated principles. These mechanisms aim to sta-
bilise material flow by absorbing fluctuations in demand
and lead time, reducing nervousness, and mitigating
stockouts or excess inventory.

First, strategic decoupling and selective buffering relo-
cate inventory to nodes that absorb the greatest variability
impact, thereby decoupling upstream supply from down-
stream volatility. This supports upstream decoupling and
selective buffering in multi-product systems where com-
mon parts face asynchronous usage (Dessevre et al. 2023;
Miclo et al. 2019). In postponement contexts, decoupled
buffers at common components stabilise upstream flows
while allowing late configuration downstream (Bagchi
and Gaur 2018; Van Hoek 2001; Zinn 1990).

Second, temporal demand signal smoothing via the
ADU window filters short-term noise. Theoretically,
shorter windows increase responsiveness, whereas longer
windows emphasise stability. Evidence from prior stud-
ies suggests that continuous buffer adjustment improves
responsiveness when orders are infrequent, whereas
periodic adjustments suit high-frequency replenishment
(Azzamouri et al. 2023). This positions ADU as a pri-
mary service-inventory trade-off lever, aligning DDMRP
parameterisation with control-theoretic notions of signal
filtering and feedback (Thiirer, Fernandes, and Stevenson
2022).

Third, adaptive buffer sizing scales to lead times and
variability through Lead time Factor (LTF) and Vari-
ability Factor (VF). Parameterisation remains a deci-
sive factor in how effectively DDMRP manages variabil-
ity. However, these parameters are often set subjectively
(Butturi et al. 2021; Damand, Lahrichi, and Barth 2023;
Miclo et al. 2019; Uzun Araz et al. 2024). While flexi-
bility supports adaptation, it also raises concerns about
reliability and transparency. Algorithmic approaches to
tuning these parameters have been proposed (Damand,
Lahrichi, and Barth 2023; Uzun Araz et al. 2024), but
empirical validation is limited. This underscores the need
for further exploration of data-driven methods that link
buffer sizing to observed variability and lead time expo-
sure.



DDMRP’s potential relevance is clear in multi-
product systems and modular architectures with com-
plex BOMs, where shared components amplify variability
across product variants (Azzamouri et al. 2021; Des-
sevre et al. 2023). In such contexts, selective buffering
at upstream nodes can decouple variability, while ADU-
based signal smoothing prevents overreaction to short-
term spikes. Comparative analyses between DDMRP
and other planning methods show that simulation-
based studies often report favourable results for DDMRP
(Miclo et al. 2019). While empirical studies remain lim-
ited (Butturi et al. 2021), the consistent pattern sug-
gests that DDMRP’s core mechanisms offer advantages
in environments characterised by variability and uncer-
tainty. These dynamics position DDMRP as a planning
logic that has potential in managing demand variability,
yet there are some areas warranting further exploration.

2.3. Research gaps and positioning

Despite increasing interest in DDMRP, the literature
remains in a formative stage, particularly in terms
of empirical validation and theoretical consolidation
(Azzamouri et al. 2021). Case studies such as Kortabar-
ria et al. (2018) acknowledge the potential benefits of
DDMRP on supply chain performance in uncertain con-
ditions, but also highlight the lack of consistent, context-
specific validation.

This study highlights four gaps that persist in the
DDMRP literature. First, evidence on multi-stage sys-
tems performance remains scarce, as most studies focus
on the focal firm, leaving upstream applications largely
unexplored. Yet, supplier-level buffering directly influ-
ences system-wide responsiveness and cost efficiency
(Dessevre et al. 2023; Li et al. 2025; Ohta, Ikena,
and Rahim 2009; Rota, Thierry, and Bel 2002). Sec-
ond, contextual evidence is lacking (Azzamouri et al.
2023), and modular configurations such as T-plants
with shared components and high interdependencies
are underrepresented, despite their relevance as pro-
duction strategies (Aviv and Federgruen 2001; Umble
1992). Third, parameterisation lacks standardisation:
while the original method and subsequent studies pro-
pose sizing logics for factors such as ADU window,
LTE and VE these approaches often rely on manage-
rial judgment and heuristic ranges rather than fully
algorithmic or data-driven tuning, limiting reproducibil-
ity and theoretical consolidation (Butturi et al. 2021;
Damand, Lahrichi, and Barth 2023; Miclo et al. 2019;
Ptak and Smith 2016). Fourth, claims about resilience
benefits and hybrid integration with other PPC systems
remain largely conceptual, with little empirical validation
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(Lucker, Timonina-Farkas, and Seifert 2025; Thiirer, Fer-
nandes, and Stevenson 2022).

This study addresses these gaps by simulating DDMRP
at the supplier level in a modular ETO system, apply-
ing a transparent parameterisation method, conducting
sensitivity analysis to identify key levers, and bench-
marking against EOQ/ROP/SS. Evidence on DDMRP’s
performance is still dominated by simulations and lim-
ited empirical studies, reinforcing the value of examining
it under ETO - style variability and T-plant structures
(Butturi et al. 2021; Miclo et al. 2019).

3. Materials and methods

This study adopts a simulation approach using real
purchase order data from an industrial piping supply
chain. Simulation is particularly well-suited for complex,
stochastic environments such as ETO modular supply
chains, where interdependencies between components
and fluctuating demand complicate the use of purely
analytical models (Calleja et al. 2018). The case supply
chain is modelled as a two-echelon system, comprising
a supplier-managed sub-component inventory and the
manufacturer’s demand for finished items. Specifically,
this study focuses on the supply chain of industrial pip-
ing, which exemplifies a T-plant environment (Umble
1992), where many end items are built from a limited
set of common components. In this context, customised
pipes are sourced from a specialist supplier and used
as components in the manufacturer’s modular assembly
system. While all pipes initially undergo an ETO design
process to fit project-specific requirements, their degree
of standardisation varies: some items are semi-standard
with limited revisions, whereas others are subject to fre-
quent design changes or are entirely new.

Initially, essential data, including BOMs and histori-
cal PO records, were collected and organised. The dataset
comprised 1 561 unique SKUs, 3 439 orders, and 21
395 ordered units over a span of 524 days. The proce-
dure involved following steps: data collection, data clean-
ing, product grouping, demand categorisation, inventory
modelling, simulation, and result analysis. Data analy-
sis and modelling were performed using MATLAB. All
data used in this study were anonymized to protect the
confidentiality of the participating companies.

The study relies on historical demand data within
a limited time frame, which may not fully capture all
nuances. However, the data enables the analysis of a
real environment, creating a foundation to study broader
challenges in similar supply chains. To realistically cap-
ture demand uncertainty, the study applies a non-
parametric bootstrapping method to reconstruct empir-
ical demand distributions directly from historical data
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Figure 1. Example pipe BOM.

(Boylan and Syntetos 2010). This approach accommo-
dates the irregular nature of real-world demand without
relying on potentially incorrect assumptions. Although
historical inventory data was unavailable for direct com-
parison, the model uses actual demand data. The created
model has been validated for logical behaviour under
both zero demand and extreme spikes. Flow conservation
was verified through daily results, supporting the internal
consistency of the simulation.

The CODP acts as a strategic buffer between forecast-
driven upstream operations and demand-driven down-
stream execution, enabling standardised SCs (e.g.
straight pipes, flanges, and valves (Figure 1)) to be sched-
uled efficiently while absorbing variability from uncer-
tain customer orders (Gosling and Naim 2009). These
SCs exhibit relatively low form variability and shelf value,
making them cost-effective to hold in inventory. Addi-
tionally, their long replenishment lead times increase the
risk of backlogs in case of stockouts. These attributes
align with the critical inventory positioning factors iden-
tified by Ptak and Smith (2011), suggesting that SC inven-
tory is a strategic decoupling point and buffer position.
Among these SCs, straight piping is particularly influen-
tial in determining the specifications of the parent prod-
uct. It varies across multiple dimensions: material, diam-
eter, wall thickness, length, surface treatment. It requires
3D bending and the addition of e.g. flanges or grooves.
Due to its central role in final configuration, straight pip-
ing was selected as the representative item for modelling
the supplier’s inventory, serving as a proxy for SC flow.

Furthermore, SCs were categorised by demand char-
acteristics to enhance the analysis of DDMRP effective-
ness. Demand categorisation was based on the work
of Syntetos, Boylan, and Croston (2005), utilising Ccv?
of demand sizes and the Average Demand Interval
(ADI) to differentiate between demand variability in
quantity and timing, respectively. These metrics help
distinguish between smooth, intermittent, erratic, and

Demand Categorization

A
Intermittent: Lumpy:
- ADI >= 132 ADI >=1.32
g CV? < 0.49 cv? >=0.49
5
=
©
=
[
o
£
> .
g Smooth: Erratic:
% ADI < 1.32 ADI < 1.32
& CV? <049 CV? >=0.49
>

Variability in demand quantity

Figure 2. Demand categorisation, adapted from Syntetos, Boy-
lan, and Croston (2005).

lumpy demand, providing insights into variability in both
demand timing and quantity (Figure 2).

A comparison between the current state (Figure 3)
and the proposed demand-driven approach was made
by modelling and simulating inventory flow using col-
lected data. The model includes the supplier’s (Stage 1)
and the manufacturer’s (Stage 2) inventories. The man-
ufacturer assembles final products using the customised
pipes sourced from the supplier, who stores standard-
ised SCs until customisation and assembly according to
manufacturer’s specification.

For both scenarios, customer demand is represented
by three sequential order signals, where # is a given day
in simulation: (1) manufacturer’s POs to supplier with
demand Dpo,, (1), (2) supplier’s Assembly Orders (AO)
with demand D 40,(n) initiated after a delay of Decoupled
Lead Time for Stage 1 (DLT1) + 1 from the manufac-
turer’s PO, and (3) manufacturer’s AOs for final assembly
with demand Dao,,(n), which are initiated after cumu-
lative Lead Time (LT) + 1 following the supplier’s AO.
This means todays arriving replenishment orders are
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Figure 3. Flow chart of current state supply chain.

usable the next day. A stockout can occur if replenish-
ment orders cannot sustain inventory, and a stockout
in Stage 1 leads to an incomplete order in Stage 2. If
no stockouts occur, finished pipes arrive at the manu-
facturer’s pre-assembly warehouse by JIT principle after
DLT1 + DLT2 = LT, specifically the day before they are
needed in production. The model operates on a daily
level, including maximum one demand and one replen-
ishment order signal each day. Finally, inventory levels,
fill rates, and order numbers are calculated each day for
both Stages during examination period (524 days) and
averaged or summed at the end for results.

Each SKU in both stages has a constant, non-zero
replenishment lead time based on data averages. The
model assumes guaranteed arrival times. This approach
isolates the effect of inventory control logic by removing
variability in supply reliability. Additionally, no capacity
constraints were modelled at either stage of the supply
chain. Both supplier and manufacturer were assumed
to have unlimited production and transportation capac-
ity, ensuring that replenishment decisions were not
influenced by resource limitations. These simplifications
allowed for controlled evaluation of DDMRP parame-
terisation and demand-driven buffering under consistent
conditions, while acknowledging that real-world systems
may experience lead time variability and capacity restric-
tions.

The current state (Control scenario) is modelled as
follows: For each SKU, Stage 1 starts on day 1 with
an initial on-hand-inventory Ipg;(1) = ROP + 1, and

Stage 2 starts at Iop2(1) = 0. Manufacturer’s POs arrive
at the supplier, triggering a demand signal Dpo,,(n)
for pipes, and the required parts through BOM. After
DLT1 + 1, supplier’s AO requires the SCs from Ipg; (1)
by D4os(n), and that demand is satisfied if Iom; (1) >=
Daos(n). Otherwise, orders are backlogged. No backlog
or stockout cost was defined in this study, as those are
case specific and provide little generalisable results. The
Stage 1 inventory is replenished using net flow princi-
ple (Equation 1) with predefined SS (Equation 2), ROP
(Equation 3), and EOQ (Equation 4) for each SC. The
replenishment rules are calculated from PO data. SS
in particular can be calculated in various ways, and a
method for normally distributed demand with uncer-
tainty was selected for this study (Thieuleux 2025). A 99%
fill rate was pursued, affecting the SS through the Z-score,
as seen in Equation (6). The Z-score (approximately 2.33)
corresponds to the 99th percentile of the standard normal
distribution.

Inr1(n) = Iog1(n) + Ico1(n) — Daos(n) (1)

where Iy is Net Flow Inventory at Stage 1, Ioy; is On-
hand Inventory at Stage 1, Ico; is Cumulative On-order
Inventory at Stage 1, and D os is Demand from Supplier’s
Assembly Order

SS = Z * StDev(ADU)#,/LT(S1) )
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where SS is Safety Stock, Z is Z-score, ADU is Average
Daily Usage, LT(S1) is Lead Time for Stage 1

ROP = ADU # LT(S1) + SS (3)

where ROP is Reorder Point, ADU is Average Daily
Usage, LT(S1) is Lead Time for Stage 1, and SS is Safety
stock

2xAAD=C,
EOQ= |—F— (4)
Ch

where EOQ is Economic Order Quantity, AAD is Aver-
age Annual Demand, C, is Ordering Cost (per order),
and Cy, is Holding Cost (annual)

When Inpi(n) < ROP, a replenishment order Og =
EOQ is sent to a second-tier supplier, and items are
added to replenished inventory Igp;(n) after DLT1.
Items added to Ir;(n) are usable the day after, mean-
il‘lg Iom (n) = IRl(l‘l — 1). If INFl(n) <SS, then O =
MAX(EOQ; ROP — Infi(n)) is placed instead.

In the DDMRP scenario (Figure 4), the Stage 1
inventory is managed with DDMRP buffer zones: Red
(Equation 5), Yellow (Equation 6), and Green (Equation
7), allowing buffers to be maintained dynamically for
common components. Stage 2 is managed with JIT prin-
ciple, like the Control scenario. As with the Control sce-
nario, the replenishment was executed using inventory
net flow principle (Miclo et al. 2019). Stage 1 inven-
tory buffers are adjusted daily based on a 30-day mov-
ing average for ADU calculated from arriving manu-
facturer POs (Equation 8). Demand spikes are included
in buffer calculations, meaning they are not considered
separately. Suppliers AO is delayed by DLT1 + 1 from
manufacturer’s PO, giving the ADU calculation a fore-
cast horizon equal to DLT1 for Stage 1 replenishment,
which reflects DDMRP’s short-horizon forecasting abil-
ity. Each SKU starts at the same Iop; (1) as in the Con-
trol scenario. A replenishment order Or = (TOG(n) —
Inr1(n)) is placed when Inpi(n) < TOY(n). SKU lead
times remain the same for both scenarios.

Redzone = TOR = Redbase + Redsafety
= ADU % DLT = LTF
+ ADU # DLT * LTF = VF (5)

when TOR is Top of Red zone, which is the sum of red
base and red safety. ADU is Average Daily Usage, DLT is
Decoupled Lead Time, LTF is Lead Time Factor, and VF
is Variability Factor.

Yellow zone = TOY — TOR = ADU = DLT  (6)

where TOY is Top of Yellow zone, ADU is Average Daily
Usage, and DLT is Decoupled Lead Time.

Green zone
=TOG — TOY
= Max{MOQ, ADU « DLT = LTF, ADU « OC} (7)

where TOG is Top of Green zone, TOY is Top of Yellow
zone, MOQ is Minimum Order Quantity, ADU is Aver-
age Daily Usage, DLT is Decoupled Lead Time, LTF is
Lead Time Factor, and OC is Order Cycle.

1
ADU(n) = %(Dpo,n(n —29) + Dpom(n —28) + ...

+ Dpom(n)) (8)

where ADU is Average Daily Usage, Dpoy, is Demand
from manufacturer’s purchase order, and n is a given day.

The last step involves a detailed analysis of the results,
focusing on average on-hand inventory levels, fill rates,
and number of orders. To analyse the average on-hand
inventory levels, the mean of on-hand beginning of day
inventories was calculated (Equation 9). This helps in
understanding the inventory holding costs. Fill rates were
measured to determine the ability of the supply chain
to meet variable customer demand without incomplete
orders or stockouts. Total fill rates were computed as
demand-weighted averages rather than simple daily aver-
ages, ensuring that high-demand periods exert appro-
priate influence on the metric (Equation 10). Only days
with actual demand were included in these calculations to
avoid distortion from zero-demand days. Inventory lev-
els were constrained to remain non-negative throughout
the simulation. Instead, stockouts were captured through
backorder calculations, allowing measurement of both
the frequency and depth of unmet demand. The num-
ber of orders was tracked to evaluate the frequency of
replenishment orders (Equation 11), providing insights
into ordering costs. This approach aimed for a compre-
hensive evaluation of the research question by providing
numeric insights.

> Tor(n)
N

where Ipy is On-Hand Inventory, 7 is a given day, and N

is total number of days.

>, backorders(n)

> wDaos(n)

)

Ion=1-

Fill rate = 1 — , if Dgos(n) > 0

(10)
where 7 is a given day, and Dos is Demand from Sup-
plier’s Assembly Order.

N
Norders = Z O(n) (11)
n=1
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Figure 4. DDMRP flowchart.

4. Results

The study conducted comparative analysis by modelling
a supplier-manufacturer supply chain for industrial pip-
ing and simulating the inventory flow of both stages
using actual PO data from the manufacturer. The anal-
ysis was further deepened by categorising the supplier’s
SKUs based on their demand characteristics.

In this case, the primary challenge for efficient inven-
tory management lies in the vast pipe portfolio and
supplier’s reliance on periodic demand forecasts from
the manufacturer to manage the inventory of SCs.
This approach often leads to demand/supply variabil-
ity, buffering issues, and inaccurate supplier inventory
due to extensive form variability of final products and
the frequent introduction of new items. To address this
challenge at supplier level, final products were systemat-
ically grouped based on their physical form, specifically
focusing on similar SCs (Straight pipe, Figure 1), to bet-
ter reflect the demand faced by the supplier (Casado
et al. 2020; Ram, Naghshineh-Pour, and Yu 2006). This
strategy consolidates orders from the manufacturer’s PO
data. From the perspective of a T-plant, the demand
of few shared components is approximated from many
final products. Although this method significantly sim-
plifies the portfolio, the length of used pipes varies greatly,
since they are cut to specification. Considering individual
lengths would make the modelling excessively complex;
therefore, average lengths for each SKU were used.

This consolidation reduces the number of unique
SKUs from 1 561 to just 46 during the examined period.
The final number of analysed unique SKUs was further
limited to 37 by excluding SKUs with fewer than twenty
orders and a total ordered quantity under twenty dur-
ing the examined period. These are considered extremely
low-volume items, e.g. prototypes, and their exclusion
has no significant effect on the results. The validity of
this approach was also confirmed by representatives from
the manufacturing company. The volume distribution of
resulting SKUs, i.e. SCs is depicted in Figure 5.

Besides simplifying the portfolio, another reason
for this consolidation was to reduce demand varia-
tion in buffer calculations. Within the used framework,
this would mean categorically moving towards smooth
demand. Yet, the categorisation by demand profile reveals
that most SCs exhibit intermittent and lumpy demand
patterns, with one SC showing erratic demand (Figure
6). Additionally, SKUs were categorised into groups with
short, moderate, and long lead times. Importantly, lead
times vary only for SC replenishments, while all deliv-
eries from the supplier to the manufacturer have a fixed
lead time. The resulting categorisation matrix with the
number of matching SCs is depicted below in Table
1.

To assign values for the LTFs and VFs (Table 2) used
in the DDMRP scenario, reference values for the CV
and average lead time were first extracted from the PO
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Figure 6. Categorisation of sub-components by demand variability, thresholds adapted from Syntetos, Boylan, and Croston (2005).

Table 1. Demand categorisation.

Table 2. Used LTFs and VFs.

Short LT Moderate LT Long LT Lead time DLT1 (d) LTF Variability v VF
Smooth 0 0 0 Long 53.27 0.20 Low 0.00 0.00
Intermittent 12 2 1 41.60 040 1.14 0.40
Erratic 1 0 0 Moderate 41.01 041 Moderate 117 0.41
Lumpy 20 1 0 29.92 0.60 1.71 0.60
Short 2933 061 High 1.74 0.61
6.56 1.00 285 1.00
data by identifying the minimum and maximum val-  principles.
ues observed across all SKUs. These boundary values
were then mapped to the recommended lower and upper DLT or CV = (Factor — b)/a (12)

bounds for LTFs and VFs as proposed by Ptak and Smith
(2016). For SKUs falling between these extremes, corre-
sponding factor values were interpolated using a linear
function (Equation 9). This approach enabled a consis-
tent assignment of buffer factors across the SKU port-
folio, ensuring that items with greater demand variabil-
ity or longer replenishment times received proportion-
ally higher buffer protection, in alignment with DDMRP

where DLT is Decoupled Lead Time, CV is Coeflicient of
Variation, b is intercept (1.1124 for DLT; 0 for CV), and
a is gradient (—0.0171 for DLT; 0.3514 for CV).

The comparison was made between two scenarios:
one where the supplier’s SC inventory is managed with
a combination of EOQ, SS, and ROP, and another where
the inventory is managed using DDMRP (example result



INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH ‘ 1

Supplier inventory (Control scenario) - SC 1
|| 1 1 1 I

1200 T T T T T
On Hand
Demand
1000 |- Reorder Point 7
— — — Safety Stock
800 |- -
w
£ 600 h —
- n [ ] [\ A‘_‘ —
e e TSRV
200 -1
o 1 1 1 1 1 1 1 1 1 1
50 100 150 200 250 300 350 400 450 500
Day
Supplier inventory (DDMRP) - SC 1
T T T T T T T T T T
1200 |- -1
On Hand
Demand
1000 - — — —Top of Red N
Top of Yellow
800 } Top of Green " I
= ]!
5 600 |- ;, ,' l x -
| ' A { B
400 e l ’ | f { |
N (NI ! :
200 - 1 ay \Ji‘,’L{ ¥ "‘—\_1‘ , -
. 1 ri ‘:‘T\"\r—l - L[ — \‘;: ' \_ [ X
0 - 1 1 1 1 1 e i =
150 200 250 300 350 400 450 500
Day

Figure 7. Example simulation results for sub-component 1.

SC1 in Figure 7). In both scenarios, the manufacturers
inventory is managed using JIT principle.

The overall results are presented below in Table 3. The
findings suggest that integrating DDMRP at supplier level
can positively impact inventory management efficiency
and resilience in a two-echelon modular ETO supply
chain. The simulation analysis with this sample shows
a 16.7% average and a 21.4% volume-weighted average
reduction in on-hand inventory levels across two inven-
tory stages. This marks a notable reduction in excess
inventory and can directly lower inventory holding costs.
Additionally, an average of 8.1% and a weighted aver-
age of 7.5% increase in total fill rates were achieved,
indicating DDMRPs ability to absorb demand variabil-
ity. The target fill rate for Stage 1 inventory in the control
scenario was set at 99% through safety stock calcula-
tion, yet the simulation resulted in 91.3% fill rate, while
98.12% was achieved with DDMRP. Furthermore, aver-
age stockout depth decreased by 81%, and total number
of backorders was reduced by 76%, meaning that most
previously occurred stockouts were avoided. Lastly, the
overall results indicate an average of 4.6% and a weighted

average of 1.5% increase in the number of orders. In this
case, a 1.5% increase in total number of orders translates
to c. 25 more orders across the portfolio. However, as with
the other result, the outcome is highly dependent on the
specific SKU.

The study also examined the effectiveness of DDMRP
in the context of categorised demand environments.
While the results in this case suggest an overall improve-
ment in performance when using DDMREP, its effective-
ness was found to vary depending on component-specific
demand characteristics (Table 4). The analysis suggests
improvement in all three metrics only for erratic short
lead time items, of which there was only one item in the
sample. Most samples exhibited intermittent or lumpy
demand with short lead time. For those items, DDMRP
achieved moderate to significant reductions in on-hand
inventory levels, significant improvement in fill rates,
while number of required orders rose on average. On-
hand inventory levels were improved for all other cate-
gories identified in the analysis, except for intermittent
items with moderate and long lead times. The number of
orders decreased for intermittent moderate lead time and
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Table 3. Overall results compared to control scenario.

D Relative volume Category DLT1 cv Average on-hand Average fill rate Number of orders
SC1 25.97% Erratic Short High —30.4% 10.6% —3.8%
SC2 11.32% Lumpy Short Moderate —16.6% 4.8% —1.8%
SC3 8.07% Lumpy Short High —43.2% 19.5% 2.2%
SC4 7.47% Lumpy Short Moderate —33.6% 12.5% 0.9%
SC5 7.30% Lumpy Short High 28.1% 7.7% —10.3%
SC6 6.49% Lumpy Short Moderate —24.8% 6.1% 9.1%
SC7 6.07% Lumpy Short Moderate —25.0% 6.8% —10.8%
SC8 4.49% Lumpy Short Moderate —2.8% 4.0% —6.2%
SC9 2.66% Lumpy Short Low —40.1% 5.3% 9.1%
Na 2.16% Intermittent Short Low 0.6% 10.3% —10.9%
SC 2.13% Lumpy Short Low —29.3% 13.4% 0.0%
SC12 2.10% Lumpy Short Low —21.6% 25.5% 0.0%
SC13 1.99% Lumpy Short Low —40.4% 7.2% 11.1%
SC14 1.38% Lumpy Short Low —43.4% 8.1% 21.1%
SCi15 1.37% Intermittent Short Low 6.0% 3.9% 1.5%
SC16 0.99% Lumpy Short Low —8.6% 7.6% 0.0%
sC17 0.84% Lumpy Short Low —27.1% 4.0% 5.3%
SC18 0.65% Lumpy Short Moderate —51.1% 0.0% 17.2%
SC19 0.63% Lumpy Short Low —51.4% 8.9% 21.4%
SC20 0.53% Lumpy Moderate Low —23.2% 2.8% 3.1%
SC21 0.52% Lumpy Short Low 13.8% 11.0% —15.4%
SC22 0.51% Lumpy Short Moderate —36.9% 3.2% 9.5%
SC23 0.48% Intermittent Short Low —29.1% 12.0% 13.8%
SC24 0.47% Lumpy Short Low —29.7% 2.0% 0.0%
SC25 0.47% Intermittent Short Low —24.8% 0.0% —6.3%
SC26 0.39% Intermittent Short Low —23.7% 1.2% 0.0%
SC27 0.36% Intermittent Long Low 2.7% 2.7% 3.6%
SC28 0.35% Lumpy Short Low —35.8% 0.0% 29.4%
SC29 0.31% Intermittent Moderate Low —2.2% 0.0% —5.6%
SC30 0.27% Intermittent Short Low —1.7% 0.0% 0.0%
SC31 0.26% Intermittent Short Low 18.3% 31.0% 0.0%
SC32 0.24% Intermittent Short Low —18.7% 0.0% 9.5%
S@33 0.23% Intermittent Short Low —43.1% 0.0% 26.7%
SC34 0.16% Intermittent Short Low 33.5% 17.2% 0.0%
S@35 0.13% Intermittent Short Low 2.9% 0.0% 28.6%
SC36 0.12% Intermittent Short Low 6.5% 18.2% 20.0%
SC37 0.12% Intermittent Moderate Low 26.9% 31.6% 0.0%
Average —-16.7% 8.1% 4.6%
Weighted Average —-21.4% 7.5% 1.5%

Table 4. Results based on categorised demand.

Sub-component category  Number of samplesindata  Average on-hand  Averagefillrate  Number of orders

Intermittent, Short LT 12 —6.11% 7.81% 6.91%

Intermittent, Moderate LT 2 12.35% 15.79% —2.78%

Intermittent, Long LT 1 2.71% 2.67% 3.57%

Erratic, Short LT 1 —30.39% 10.63% —3.85%

Lumpy, Short LT 20 —25.98% 7.88% 4.59%

Lumpy, Moderate LT 1 —23.17% 2.75% 3.13%

erratic short lead time. Finally, the average fill rate in the
two-echelon system was improved in every category with
DDMRP.

The results align with previous studies in terms of
potentially significant reductions in on-hand inventory
levels as well as maintaining if not improving already
high fill rates (Butturi et al. 2021; Kortabarria et al.
2018; Miclo et al. 2019). However, the number of orders
slightly increased on average, while SKU-specific results
varied, highlighting the need for more detailed exami-
nation. Furthermore, even though the number of orders
is directly linked to ordering costs, which can be a sig-
nificant cost in some cases, the use of this metric is
rarely mentioned in previous studies, promoting further

research on that front. Overall, these findings under-
score the potential importance of demand categorisa-
tion when selecting appropriate inventory management
methods.

4.1. Sensitivity analysis

A one-factor-at-a-time sensitivity analysis over the
observed demand horizon (days 1-524) was conducted
for the DDMRP configuration in Stage 1. Four factors
were varied with designated high and low values, aim-
ing for realistic changes: (1) the ADU window, (2) the
upstream decoupled lead time DLT1, (3) VE and (4) LTE,
while holding other parameters at their baseline values.



Table 5. Results of the sensitivity analysis.

INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH . 13

Variable Level Fill rate A Fill rate Avg on-hand A Avg on-hand Orders A Orders
Baseline - 98.12% - 50.3 - 405 -
ADUWindow Low (15d) 100.00% 1.88% 76.7 26.4 292 —-113
High (60d) 89.97% —8.15% 41.8 -85 460 55
DLT1 Low (—2d) 94.22% —3.90% 449 —-54 451 46
High (+2d) 99.86% 1.74% 57.2 6.9 372 -33
VF Low (0.75x) 97.89% —0.23% 48.7 -1.6 403 -2
High (1.25x) 98.30% 0.18% 51.6 13 405 0
LTF Low (0.75x) 95.51% —2.61% 44.4 -59 462 57
High (1.25x) 98.17% 0.05% 529 2.6 389 -16

For VF and LTFE, the values were capped at the suggested
range of factors (Table 2). The same three KPIs used
in other results are reported for Stage 1 DDMRP sce-
nario and compared to the control scenario. The baseline
performance for DDMRP scenario was an average of 50
on-hand inventory and 98.1% fill rate across portfolio,
with 405 total upstream replenishment orders. For con-
trol scenario, the Stage 1 KPIs were 64, 91.3%, and 380,
respectively. The variation level of parameters as well as
the results is presented in Table 5.

The ADU window exhibits the largest influence on
all three outcomes. Reducing the window (more respon-
sive. ADU) increases average on - hand from 50 to
77 units (+27), increases fill rate from 98.1% to 100%
(+1.9 pp), and reduces order count from 405 to 292
(—113). Conversely, lengthening the window smooths
usage excessively, yielding lower inventory buffers (42),
more frequent ordering (460), and lower service (90%).
This indicates that ADU responsiveness is the primary
service-inventory trade — off lever in the context of this
study.

The upstream decoupled lead time DLT1 is the sec-
ond - most influential factor. DLT1 was varied in buffer
calculations, not in the actual timing of shipments, but
effectively resulting in the replenishments arriving ear-
lier or later than buffered for. Increasing DLT1 increased
average on — hand to 57 (47) and improved fill rate to
99.9% (+1.8 pp), while decreasing orders to 372 (—33).
This is consistent with buffer sizing rules that scale with
lead time, as longer replenishment exposure necessi-
tates larger buffers, improving availability at the cost of
higher inventory. Decreasing DLT1 in buffer calculations
resulted in average on-hand of 45 (—5), fill rate of 94.2%
(—3.9 pp), and 451 orders (446).

The lead time factor, which affects the size of red
and green zones, also has a moderate effect: lower LTF
reduced on-hand to 44 (—6), fill rate to 95.5% (—2.6 pp),
and increased orders to 462 (457), while increasing LTF
had more modest impact. The variability factor, affect-
ing the size of red zone, shows a small effect with this
dataset: lowering VF decreases on-hand to 49 (—1), fill
rate to 97.9% (—0.2 pp), and orders to 403 (—2), while
raising VF had even more marginal impact.

The results of the sensitivity analysis are visualised
in Figure 8 against the control scenario. At baseline,
DDMRP outperforms the control in service (98.12% vs
91.3%) and inventory efliciency (50 vs 64 units per com-
ponent), though with more placed orders (405 vs 380).
Under favourable conditions DDMRP clearly dominates
in terms of average on-hand inventory and fill rate, only
underperforming with low ADU window (413 on-hand)
and high ADU window (—1.3 pp in fill rate) with those
KPIs. This indicates that DDMRP can cut excess buffers
when demand is low, but also raise them in times of
higher demand, as expected. Furthermore, as indicated
by the baseline results, DDMRP tends to underperform
in number of required replenishment orders, only out-
performing control scenario when low ADU window
(—88 orders) and high DLT (—8 orders) are used in buffer
sizing. This behaviour can be explained by more accurate
responses to demand spikes with lower ADU window,
and higher buffers (although not as high as the con-
trol scenario) with higher DLT. Proportionally, number
of orders is most parameter-dependent out of the mea-
sured KPIs. Changing VF and LTF by +—25% did not
reverse the relative performance of DDMRP in any KPI.
From these results, it can be said that DDMRP robustly
outperforms the control scenario in inventory levels and
fill rates under most conditions considered in this study.
However, it is also important to note that, on average
across the product portfolio, DDMRP only outperformed
in all three KPIs simultaneously when DLT1 was raised
above the actual DLT1 when calculating buffers, thereby
preparing for replenishment delays.

5. Discussion
5.1. Interpretation of key findings

The findings of this study highlight the nuanced ben-
efits of applying DDMRP at supplier level and under-
score the importance of aligning inventory strategies
with demand characteristics. The most notable improve-
ment was the reduction of on-hand inventory, with
weighted average reductions exceeding 20%, translating
directly into lower holding costs and more efficient use
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Figure 8. Sensitivity analysis with tornado charts.

of inventory space. Sensitivity analysis provides addi-
tional insight: inventory reduction was most pronounced
when ADU windows were longer, although this resulted
in unfilled orders. Higher DLT assumptions increased
buffer size and partially offset inventory savings, further
illustrating the trade-off between service assurance and
inventory efficiency. These dynamics suggest that inven-
tory efficiency under DDMRP can be highly parameter-
dependent, reinforcing the need for careful calibration
rather than default settings. This interpretation supports
prior claims that DDMRP can reduce excess inven-
tory in variable demand conditions (Azzamouri et al.
2021; Kortabarria et al. 2018; Miclo et al. 2019) while
adding nuance on how parameter choices shape these
benefits.

The most consistent improvement associated with the
DDMRP scenario was fill rate, as it was improved for

every SKU that did not already hit 100% in the con-
trol scenario. Fill rate improvements were notable given
the already high target levels (99%) in the control sce-
nario. The sample exhibited substantial demand vari-
ability (average CV? & 0.97), which contributed to the
control scenario falling short at around 91% average fill
rate. Dynamic buffering not only raised overall fill rates
but also reduced the depth and duration of shortages: per-
item backorders decreased by 76%, and maximum stock-
out depth by 81%. This result demonstrates DDMRP’s
ability to manage the depth and duration of shortages
more effectively than static methods. Sensitivity analysis
highlights that ADU window responsiveness is the pri-
mary lever for service performance, while adjusting DLT
has a moderate effect. Overall, the fill rates were improved
in the DDMRP scenario, which aligns with previous stud-
ies suggesting that DDMRP often maintains or increases



fill rates (Azzamouri et al. 2021; Kortabarria et al. 2018;
Thiirer, Fernandes, and Stevenson 2022).

The mixed results for number of orders suggests
that DDMRP’s effectiveness on order reduction depends
on the specific application case. On average, DDMRP
increased the number of replenishment orders com-
pared to control scenario, reflecting its emphasis on
smaller, more frequent replenishments to maintain adap-
tive buffers. While this pattern improves responsiveness
and reduces inventory exposure, it also implies higher
administrative effort and ordering costs. Sensitivity anal-
ysis highlights that order frequency under DDMRP is
highly parameter-dependent, and managers can influ-
ence this trade-off by adjusting ADU horizons and lead
time assumptions to balance responsiveness with admin-
istrative effort. Although some studies, e.g. Kortabarria
et al. (2018), report optimisation of order sizes, this met-
ric has been underemphasised in previous comparative
DDMRP studies (Butturi et al. 2021). As lowering the
number or required replenishment orders can reduce
administrative effort and ordering costs, this finding
invites further exploration.

ADU window is the dominant lever and governs
the service-inventory-workload frontier. Compared to
other tested factors, decision on used window length is
also more managerial, as it is less tied to frameworks
or operational realities. Shorter ADU windows adjust
buffers more rapidly to current demand, providing more
accurate protection and consolidating replenishments;
longer windows smooth and lag demand signals, com-
pressing buffers, increasing order cadence, and impair-
ing service under volatile demand. DLT shows moderate
effects consistent with buffer logic. In DDMRP, buffers
scale with ADU x (expected)DLT; longer lead times
inflate buffer targets, improving service and smoothing
ordering at the expense of inventory. LTF acts as a policy
dial similar to lead time, with moderate impact. Unlike
physical lead time, LTF is purely managerial and can be
tuned to balance service vs holding cost and buyer work-
load. Tuning VF had minimal effects within the tested
range. Raising VF had especially minimal effect, due to
the already high demand variability within the sample.
This suggests that the system is relatively robust to mod-
erate variability scaling compared to the ADU window
and lead - time - driven levers.

These parameterisation effects are shaped by the
hybrid ETO context of the case. The presence of project-
specific kits and design-penetrating orders places greater
emphasis on service reliability and responsiveness, mak-
ing shorter ADU windows more suitable for capturing
irregular demand signals. Buffer placement was influ-
enced by the modular structure, with shared components
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managed as MTS upstream and configured piping sec-
tions treated as ETO downstream. This separation jus-
tified strategic decoupling at the component level, while
LTF and VF tuning reflected the need to balance service
against workload in a setting where demand variability is
already high and engineering lead time is embedded in
the total lead time.

A key insight from the simulation is that DDMRP’s
impact varies across categories. Components with lumpy
demand and short lead times (20 samples) experienced a
26% reduction in average on-hand inventory and a 7.9%
improvement in fill rate, indicating that dynamic buffer-
ing effectively absorbs irregular spikes without inflat-
ing stock. Similarly, intermittent items with short lead
times (12 samples) showed moderate inventory reduc-
tion (—6.1%), with more variation between individual
samples, and a notable fill rate gain (+7.8%). In con-
trast, intermittent items with moderate lead times (only
2 samples) exhibited an increase in inventory (412.3%)
alongside the largest fill rate improvement (415.8%),
suggesting that buffer sizing under longer lead times can
trade off inventory for service. The single erratic item
showed the most dramatic inventory decrease (—30.4%)
with a 10.6% fill rate gain, though the small sample limits
generalisation. These patterns underscore that DDMRP’s
benefits are not uniform: they depend on the interplay
between demand variability and lead time exposure. This
finding is relevant for environments, where demand pro-
files and lead times differ across components. It suggests
that selective adoption of buffer policies may yield greater
efficiency than blind implementation.

These insights also validate the study’s decision to sim-
plify the SKU portfolio through postponement by aggre-
gating parts based on shared physical attributes. Even
though the demand classification revealed that demand
is overall highly volatile in this case even with aggre-
gation, this allowed for greater visibility into demand
behaviour at the component level, improving the appli-
cability of DDMRP while reducing the complexity asso-
ciated with managing a vast portfolio with great variation
of demand across the items. Furthermore, representa-
tives from the manufacturing company confirmed that
this grouping reflects how the demand behaves from their
supplier’s perspective, which aligns with literature on the
subject (Aviv and Federgruen 2001; Casado et al. 2020;
Gosling and Naim 2009). This practical validation sug-
gests the aggregation is not just a modelling simplification
but a realistic way of viewing the upstream node. Nev-
ertheless, the assumptions underlying this aggregation,
such as using average lengths for variable-sized compo-
nents, represent a trade-off between model simplicity and
granularity.
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Overall, the findings suggest that implementing
DDMRP at supplier level can deliver notable benefits in
modular ETO supply chains, particularly when paired
with postponement strategies that consolidate demand.
However, these benefits are not unconditional. Perfor-
mance can depend strongly on demand profile and
parameterisation choices, as shown by sensitivity analy-
sis: factors such as ADU window length and lead time
assumptions shape outcomes for inventory, service, and
order frequency. Furthermore, relaxing some assump-
tions could alter outcomes: variable lead times might
necessitate overestimation of DLT in buffering, increas-
ing buffer sizes, while capacity constraints could reduce
the effectiveness of dynamic buffering and affect replen-
ishment timing. Findings reinforce that DDMRP is not
a universal solution but a context-sensitive approach
requiring careful calibration and selective application.
These insights contribute to practical decision-making
for managers seeking resilience under uncertainty and
advance theoretical understanding of adaptive buffering
in complex supply networks.

5.2. Theoretical contribution

This study derives generalised insights from simulation
results and links them to established theoretical frame-
works. Rather than viewing DDMRP solely as an oper-
ational technique, its mechanisms - adaptive buffering,
temporal signal smoothing, and demand-driven plan-
ning - are conceptualised as dynamic control princi-
ples that contribute to resilience theory, control theory,
contingency theory, and fit theory in operations man-
agement. Table 6 summarises these contributions by
connecting empirical findings to underlying theoretical
mechanisms, offering a foundation for future research on
adaptive inventory systems under uncertainty.

Methodologically, this study contributes by adapting
the demand categorisation framework of Syntetos, Boy-
lan, and Croston (2005) from its original use in fore-
casting to the evaluation of planning methods. Linking
demand categories and DDMRP performance allows the
framework to be used as an analytical lens. This adapta-
tion provides a structured way to assess how SKU-level
demand characteristics influence the outcome. In doing
so, the study demonstrates how demand categorisation
can be extended beyond forecasting to guide the evalua-
tion and application of inventory control policies.

5.3. Managerial implications

This study offers several actionable insights for man-
agers considering DDMRP application, while operating
in environments with high product variety and demand

variability. First, the results indicate that integrating
DDMRP into decoupled modular supply chains can
simultaneously improve inventory efficiency and service
levels, particularly for SKUs with intermittent or lumpy
demand and short lead times. Managers should antici-
pate a modest increase in order frequency as a trade-off
for reduced inventory and improved responsiveness.

Second, the findings underscore the importance of
demand profiling as a foundation for planning method
selection. Blind application of DDMRP may lead to ineffi-
ciencies. Leveraging demand categorisation frameworks,
such as proposed by Syntetos, Boylan, and Croston
(2005), enables firms to tailor replenishment strategies
to SKU-specific characteristics. This approach supports
hybrid planning models and cautions against one-size-
fits-all solutions, emphasising the need for investment in
demand analytics.

Third, when implementing DDMRP, managers should
prioritise tuning the ADU window and DLT parameters
over lead time or variability factors. The ADU window
strongly influences the responsiveness—efliciency trade-
off: in volatile conditions, shorter windows improve ser-
vice but raise inventory, while longer windows may
reduce inventory at the cost of stockouts when demand
spikes occur. Sensitivity analysis suggests that over-
optimizing LTF and VF yields diminishing returns, mak-
ing ADU window calibration the most impactful adjust-
ment.

Fourth, the study provides practical guidance for
parameter estimation under uncertainty. Slightly conser-
vative estimates for DLT, LTFE, and VF are safer, as under-
estimating these parameters can add noise in replenish-
ment and cause service disruptions.

Finally, the results reinforce the value of simulation-
based decision support tools for inventory policy design.
Simulations allow organisations to test DDMRP con-
figurations under realistic demand conditions, compare
performance against traditional methods, and anticipate
trade-offs before full-scale implementation. This capabil-
ity reduces the risk of costly misalignment and supports
more resilient planning decisions in volatile environ-
ments.

6. Conclusion

The research aimed to address the question: How
does integrating DDMRP at supplier level impact the
efficiency and resilience of inventory management in
ETO supply chains? The results indicate that integrat-
ing DDMRP at supplier level in a two-echelon modu-
lar ETO supply chain can improve inventory manage-
ment efficiency and resilience, particularly by reduc-
ing excess inventory and improving fill rates. Weighted
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Table 6. Generalisations from the empirical study.

# Implication

Empirical basis in the study

Underlying mechanism

1 Adaptive buffering enables both lower
average stock levels and resilience to
stochastic demand fluctuations.

2 Temporal demand signal smoothing
governs the responsiveness —
efficiency frontier.

3 Demand-driven planning is effective
for intermittent and lumpy demand
profiles, particularly when lead times
are short.

The simulation showed DDMRP reduced
on-hand inventory by c. 20%, while
improving fill rates by c. 8pp, and cutting
backorders by 76%. Sensitivity tests
confirmed robustness across parameter
variations.

The ADU window parameter had the strongest
effect: shorter windows improved service
but raised inventory, while longer windows
lowered inventory but increased stockouts
when demand spikes occurred.

Categorised simulation data showed most
consistent performance gains for SKUs with
intermittent or lumpy demand and short
lead times. Other demand profiles exhibited
mixed outcomes, while having limited

Demonstrates that resilience can be achieved
through adaptive response rather than static
redundancy alone: dynamic buffer
recalibration absorbs volatility without
raising inventory costs. This extends
resilience theory by quantifying adaptability
as a dynamic state variable in inventory
management.

Identifies signal averaging horizon as a key
parameter affecting the balance between
responsiveness and efficiency. This creates a
theoretical bridge between DDMRP
parameterisation and control theory
principles of signal filtering, providing a
conceptual framework for understanding
how inventory systems can adapt
dynamically through controlled signal
processing.

Refines the applicability of demand-driven
control by linking its effectiveness to
demand characteristics. Rather than
positioning DDMRP as a universal solution,
this contribution supports selective use,

sample size.

suggesting that demand-driven methods are
especially suitable for environments with
high uncertainty in demand timing, or both
timing and quantity. This adds nuance to
contingency and fit theories in operations
management.

average on-hand inventory was reduced by 21.4%, fill
rates improved by 7.5 percentage points, and backorders
decreased by 76%, although order frequency increased
slightly by 1.5%. These results align with previous litera-
ture that highlights the advantages of DDMRP in volatile
demand environments (Damand, Lahrichi, and Barth
2023; Kortabarria et al. 2018; Miclo et al. 2019; Thiirer,
Fernandes, and Stevenson 2022). The findings also sug-
gest that DDMRP is particularly beneficial for items with
intermittent or lumpy demand profiles and short lead
times, while its effectiveness varies across demand pro-
files, reinforcing the need for selective adoption and care-
ful parameter tuning. Sensitivity analysis identified the
ADU window as the primary lever for balancing service
and inventory, with lead time assumptions also exerting
moderate influence.

The study assumed deterministic lead times, unlim-
ited capacity, and continuous review, which simplifies
real-world dynamics but enables controlled compari-
son of planning methods. The SKU set lacked smooth
demand profiles, restricting generalizability to stable
contexts. Sensitivity analysis was one-factor-at-a-time,
meaning parameter interactions were not captured. Con-
fidence intervals were also not reported; future work
should include stochastic replications and design-of-
experiments approaches to quantify uncertainty. Future
research should evaluate DDMRP under lead time
uncertainty, capacity constraints, and inter-SKU demand

correlation, as well as optimise parameter settings
for cost, service, and space utilisation. Expanding the
analysis across multiple industries and product cate-
gories would help generalise the findings and uncover
potential boundary conditions for the effectiveness of
DDMRP. Additionally, the role of supplier collabora-
tion and information-sharing mechanisms could be fur-
ther emphasised in future studies assessing the effective-
ness of DDMRP implementation. Overall, this research
contributes empirical evidence and practical guidance
for managers seeking inventory efficiency and resilience
under uncertainty, while advancing theoretical under-
standing of adaptive buffering in complex supply net-
works.
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