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Abstract - Dynamic chain of supply with variable service
levels and demand volatility must be supported by a
mechanism for inventory costs that is adaptive and able to
work with enterprise resource planning (ERP). This paper
presents a framework for Adaptive Hybrid Indexing for
Operationally-Aware Inventory Costing (AHI-OAIC) that
combines operational signals, dynamic SKU tiering, and
ERP costing structures to provide a responsive inventory
costing without the need to move inventory. The framework
encompasses simulation-based scenario modelling, weighted
cost-to-serve scoring, buffer-driven volatility control and
metadata-based cost group assignments that can be used
with Oracle EBS RI2.2 workflows. The results from
experiments on 2,500 synthetic SKUs from promotional
surges, carrier disruptions and operational sensitivity
scenarios show enhanced cost visibility and profitability
differentiation. Results show 61.6% stability in Tier
convergence over 30 days, Oracle EBS convergence
improvements of 91-97% in respect to flat baseline costing,
and convergence on cost differentiation of 2.35% to 4.18x
over flat baseline costing. The framework successfully
maintained an even margin lift on all operational profiles
while ensuring auditability, GAAP compliant cost rollups
and ERP-native governance. Findings demonstrate that
adaptive hybrid indexing enables scalable, operationally
responsive, and financially transparent inventory costing in
volatile supply chain environments.

Keywords - Adaptive Inventory Costing, Hybrid Indexing,
ERP Integration, Operational Analytics, Cost Tiering.

1. Introduction

Enterprise resource planning (ERP) systems are an
important tool in the operation of the contemporary supply
chains with regards to inventory costing, cost allocation, and
financial transparency within the context of multi-faceted
operational environment [1][2]. Inventory costing is needed in
the financial reporting, operational planning, and margin
management since it directly affects pricing decisions [3],
profitability analysis, and resource allocation. However, most
ERP systems contain fixed costing policies that fail to
recognize active variation of cost-to-serve among stock-
keeping units (SKUs) [4][5][6]. With the unstable world of
fulfilment networks and the emergence of environments based
on services, the classical costing systems find it hard to
account the operational burden and variability.
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Despite increasing research on the use of ERP-enabling
cost control and supply chain analytics, current methods
primarily target a fixed cost allocation model. Such techniques
are seldom volatility-conscious tiering, signal integration in
operation or automated SKU transitions between levels of
cost. Therefore, there is a great division between the
theoretically advanced costing models and their actual
implementation in the ERP operation where they are
financially compliant, auditable, operational and viable

[7181[%].

In order to overcome this drawback, this paper presents
a dynamic inventory costing model that is grounded on the
concept of hybrid indexing which was initially conceived to
optimize databases [10][11]. The framework is dynamic in
assigning SKU to cost levels based on the operational signals
including velocity, handling effort and demand volatility.
There is a buffer staging mechanism that will manage highly
volatile SKUs to ensure a controlled transition between tiers
without compromising financial reporting periods. The
suggested framework is oriented towards the Oracle EBS
R12.2 cost structures and the simulation of the ERP-native
costing workflows to assess the operational and financial
effect of it [12][13]. The system provides differentiation of
costs through the framework of adaptive tiering logic, ERP-
compatible audit fields, and governance mechanisms,
delivering regulatory compliance and system integrity.

1.1. Novelty and Contributions of the paper

The suggested framework presents a new combination
of hybrid indexing concepts of the data structure theory into
operationally sensitive inventory costing. It is a dynamic
adaptation of SKU tiers with buffer logic sensitive to
volatility, rather than the traditional ERP costing methods,
which are ERP structure compliant and GAAP based. This
allows operational changes to be reacted to in real time,
facilitates better audit trail, and measures the impact on
margin in different situations. Theoretically and practically
symmetrical, ERP addresses gaps in research and offers
practical advice on inventory and financial management. The
significant findings of the study are as follows:

e Volatility-Aware Costing: Uses adaptive hybrid
features to dynamically index buffers as a function
of changing cost tiers based on demand and price
fluctuations.

e ERP-Native Alignment: Maps enhances the costing
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logic for Oracle EBS cost flows and supports
regulatory compliance and auditability.

e Regulatory Compliance: Demonstrates US GAAP
Compliant Tier Assignments, Burden Schedules,
and Cost Roll-Ups.

e Quantified Margin Impact: Evaluate the
profitability implications from an empirical point
of view in the presence of synthetic volatility.

e  Practical Impact: Supports businesses in the U.S. to
improve operational resiliency, precision COGS,
pricing and promotions, while preserving financial
governance.

1.2. Structure of the Paper

The structure of the paper is the following. Section II
includes the preliminaries and initial ideas. Section III will
discuss the pertinent literature and determine the gap in
research. Section IV gives the proposed adaptive hybrid
indexing framework and clarifies the signal modelling of the
operations and the cost-to-serve formulation. Section V
explains the system architecture and tier placement. Section
VI gives the methodology and simulation configuration.
Section VII discusses the experiment and validation results for
the simulated ERP. Section VIII gives implications for the
managers and deployment considerations. Finally, the
conclusion of the paper, including the summarization of key
results and limitations, as well as future research directions, is
given in Section IX.

2. Preliminaries

The author in the section reviews the underlies of
inventory costing and ERP cost management systems based
on the GAAP principles and structural constraints that are
driven to adaptive costing frameworks.

2.1. Costing under US GAAP

The cost of inventory according to the ASC 330 is the
expenditure of this nature that is required to put the inventory
in its current form and place. This would be direct costs
(purchase cost, freight) and indirect costs (handling, storage,
labour) [14].

2.2. ERP costing architecture

ERP solutions such as the Oracle EBS R12.2 have cost
schedules, burden schedules, and extensions. These are,
however, static and rule-based and are not responsive to
operational signals in real-time [15].

Recent research has expanded the role of ERP systems to
control costs and sustainability along the supply chains [16].
The use of ERP in the product life cycle has been reported to
enhance cost discipline and economic robustness. Other
models combine activity-based costing with predictive
analytics in the ERP systems to provide better cost traceability
and analytic decision support [17]. Empirical studies also
show that ERP implementation can enhance the quality of
inventory and quality of operational decisions. In spite of
these breakthroughs, the majority of ERP-based costing
methods continue to be based on fixed cost setups and do not
have systems to respond to volatility by repricing the tiers

[18]. The proposed framework overcomes this limitation by
incorporating the adaptive hybrid indexing concept in the
native ERP cost processes to maintain GAAP-compliant and
to have more responsive and profitability-oriented inventory
costing.

3. Related Work

Traditional costing, such as the Activity-Based Costing
(ABC) and the traditional method of allocating indirect costs
based on the fixed bursts, has been widely used to assign costs
to operations and has been found to be not responsive to
volatile operations and responsive to service levels needed by
the services. The current enterprise resource planning (ERP)
costing models primarily depend on either rule-based setup
and manual extensions, which prevent their responsiveness to
operational changes. Studies on ERP-facilitated cost
management highlight the significance of enterprise systems
in enhancing cost monitoring and decision-making. B.
Jayamaha et al. (2024) discuss the use of ERP applications in
managing construction project costs and highlight various
steps where ERP systems can be used to improve cost
coordination and transparency [19]. Likewise, R. N.
Damayanti, M. Saputra, and T. F. Kusumasari (2022) show
that monitoring reports based on ERP can enhance efficiency
and transparency in the processes of allocating costs through
ABC [20].

ERP research on sustainability has also increased the
scope of enterprise systems. I. U. Yuzgenc and E. Aydemir
(2023) examine the sustainable ERP architectures to
incorporate environmental metrics into the enterprise process
to help manage the green supply chain and achieve resource
efficiency. The innovations in the field of artificial
intelligence and analytics also contribute to the system of
supply chain decision-making [21]. X. Qu, L. Liu, and W.
Huang (2025) suggest an inventory management algorithm,
which is based on reinforcement and learning, and enhances
cost efficiency and stability in learning new products with no
previous demand records [22]. Similarly, A. Chakraborty
(2025) constructs a real-time decision-intelligence framework
wherein Transformer-based forecasting is combined with
ERP-related logistics optimization models, which enhances
the accuracy of the forecast and the cost-efficiency of logistics
[23].

In spite of this, the majority of existing research
revolves around predictive models, sustainable operations
tracking, or operational efficiency as opposed to adaptive
inventory costing. The proposed study bridges this gap by
proposing a signal-responsive model of costing which may
dynamically assign a level of inventory cost, but does not
affect the compatibility of ERP, or the traceability of audit.

4. Methodology

In this section, a signal-based inventory costing model
is introduced that describes SKU tiering, buffer
management, adaptive indexing and ERP-aligned analytics
to stable and compliant cost allocations.
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4.1. Operational Signal Ingestion

Synthetic generation of the operational signals was
done to describe the WIMS and OfMS feeds, including
velocity, SLA sensitivity, handling effort, travel time, and
demand volatility. Each SKU record has these attributes
and the tier assignment and buffer logic are moved between
them. Audit fields in the form of voluntary variables, such
as in_buffer, days in_ buffer, forced promotion flag, and
reason_code, store volatility thresholds and dwell times
based on promotion criteria. In Oracle E-Business Suite
R12.2, signal capturing is achieved through staging tables
and processing promotions, cost profiles and SKU
placement using PL/SQL to process promotions, cost
profiles and SKUs in tiers. This enables signal-based and
dynamic costing with no alteration of major ERP systems.

4.2. Cost-to-Serve Model

The Cost-to-Serve (CTS) model converts
manifestations of operations into one cost variable to assist
in inventory leveling and resource distribution. The CTS
score calculated as Equation (1):
Score =wy.V+ws.S+wp. H+wt.T+wd.D (1)

In which V is the velocity, SLA priority is represented
by S, complexity of handling represented by the handler is
denoted by H, travel time denoted by T, volatility of demand
denoted by denoted by D and the tunable weights by w;.

4.3. Weighted Admission

The framework applies a weighted adjustment of admission
score of the base cost-to-serve score to prioritize SKUs,
which have high service sensitivity or strategic
importance. The adjusted score is computed in Equation (2):

Adjusted Score = Score. (1 + a. Priority Weight) 2)

In this case, a is a tunable coefficient that increases the
effect of the priority weight that may be of the form of SLA
sensitivity, customer tier or strategic SKU designation. This
tradeoff ensure that high-priority SKUs are more likely to be
allocated to higher cost tiers even in the situations when their
raw operational indicators are of medium quality. Weighted
admission is aimed at two objectives:

e Margin alignment: It equalizes decision in the
tiering with expected contribution in the margins and
service levels responsibility.

e ERP compatibility: It enables metadata overrides
in Oracle EBS R12.2 whereby an SLA flag or
customer priority code may be utilized to influence
cost group assignment and leave physical inventory
flows unaltered.

This mechanism is particularly effective in situations
when the promotion is not only going viral, but also the case
is disruptive and the key SKUs of the services should be
offered at competitive prices to reflect the urgency and
workload of the services. The alpha coefficient may be tuned
on unit business or scenario level and is shown in tuning
reproducibility roadmap of stakeholders.

4.4. Buffer Logic and Threshold Calibration

SKUs with volatility exceeding 0.7 or whose volatility
exhibits unstable signals are placed in a buffer and not costed
until its volatility is brought under control or dwell time is
above 3 days. To get thresholds, the ERP-native simulation
sweeps were considered, which offered both the data
consistency and inter-tier stability. These base values should
be calibrated on SKU classification, working cadence and
industry specification. A configuration guide is included in the
reproducibility roadmap, which is used to do the domain-
specific tuning and audit traceability. SKUs that were not
improved in volatility by reaching the dwell threshold in the
buffer are forcefully advanced on period end to have all SKUs
billed in the financial period, and to preserve audit integrity.
Tier changes are constantly observed. The hysteresis and
dwell time logic discourage oscillations so it ensures that the
costing remains stable over the financial period.

4.5. Adaptive Hybrid Indexing Algorithm

The hybrid indexing term is borrowed to database systems,
where different indexing strategies are integrated to optimize
query performance at the various access patterns. Hybrid
indexing in this construct means the dynamic placement of
SKUs into cost levels on an aggregate of operational
indicators including travel time, handling effort, frequency of
replenishment, and volatility of demand [24]. The logic
combines the buffer staging and convergence tracking to both
maintain financial period integrity, as well as represent cost-
to-serve variation. Transitions of tiers are noted. The
oscillations are prevented and costing stability is ensured via
hysteresis and dwell logic. This hybrid approach lets ERP
systems replicate the impact of tier and margin adjustments
without modifying the processes and compliance structure in
the native ERP system.

Tier assignment is based on the adjusted cost-to-serve score:
Tier 1: Adjusted score>0.75

e Tier2:0.50 <score <0.75

e Tier 3: score <0.50

The formal algorithm follows these steps:

Algorithm 1: Adaptive Hybrid Indexing Inventory Costing
Algorithm (AHI-ICA)

. Normalize operational signals (0-1 scale)
. Compute cost-to-serve score

1

2

3. Apply weighted admission

4. If volatility > 0.7 or dwell < 3 days — route to buffer

5. If buffer promotion flag = 'Y’ = assign tier conservatively
e Else = assign tier based on score thresholds

6. Compute unit cost:
e Labor = (travel + handling) x rate

Replenishment = touches x cost/touch

Congestion = 0.06 x (travel + volatility)

SLA premium = SLA x priority X premium rate

e o o o

Buffer carry = days x daily rate

The parameters of all the cost elements are calculated
on the basis of synthetically generated data on operations and
the parameters which were modified on the schedule of the
ERP burden. The coefficients of the values such as the
congestion factor (0.06) and the SLA premium rate could be
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modified depending on the assumptions and system

environments which are specific to the scenario.

4.6. Framework Architecture

The proposed designed framework has four layers that are
interconnected and are supporting one of the aspects of
simulation, ERP alignment, operational realism and analytical
insight:

e Simulation Engine Layer: Python implementation of
models scenario to test logic of tiering in various
volatility scenarios. This layer establishes artificial
operation signals and tracking SKUs movement by
cost levels that are the basis of making margin
impact analysis.

o ERP Integration Layer: Aligns the framework to
Oracle EBS R12.2 frameworks, which include cost
groups, SLA derivation logic and tiering logic that
are based in PL/SQL. The framework employs the
logical tier assignments which are maintained in
custom tabular format rather than the actual
transfer of inventory among the sub-inventories.
Such assignments lead to costing behavior that is
based on metadata overrides that allow signal
responsive valuation generating no material
transactions and no interference with working
processes.

e Data Ingestion Layer: The operations that are
operational to the model are velocity, SLA
sensitivity, handling effort, travel time and demand
volatility. The conceptual basis of such signals is a
warehouse management system (WMS), order
management system (OMS) and synthetically
generated to be employed in simulation.

e Analytics Layer: Improves decision-making
process by using Bl-based deliverables, including
the margin impact reports, audit trails, and tier
distribution visualizations. These products include
stability in tiers, delta in margins, differentiation in
costs, convergence character and tiering based on
priorities [25].
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Fig 1: Adaptive Hybrid Indexing Costing Framework
with Buffer Logic

The general layout of the proposed adaptive costing
system is shown in Fig. 1, which combines operational signal
ingestion, tier assignment logic, buffer staging and costing
layers in line with ERP.

5. Experimental Setup and Simulation Results

This section analyzes the adaptive hybrid indexing
framework with a series of SKU cases, and discusses the
stability of the tiers, margin lift, and alignment with the SLA
priority. The presentation of results through tables and
figures is strong, reliable, and functional.

5.1. Simulation Scenario Summary

Table I provides a summary of the tunable weights and
priority amplification in all of the scenarios of the simulation
to provide reproducibility and traceability. All profiles have
the same buffer logic and promotion criteria but have a
different operational focus.

Table 1: Simulation Scenario Configuration Summary

Scenario wv |ws | wh|wt|wd|a Notes
Promo Surge 0.18]0.38] 0.18 |0.16] 0.10 |0.5 SLA and volatility elevated; strategic SKUs promoted
Carrier Disruption | 0.18/0.38] 0.18 |0.16{ 0.10 |0.5 Travel and handling signals elevated to simulate congestion
1,000-SKU Baseline| 0.18 |0.38] 0.18 {0.16] 0.10 0.5 Balanced configuration for tier validation and margin lift
SLA Heavy 0.10]0.50] 0.15]0.15] 0.10 |0.5|SLA sensitivity emphasized; lower volatility and velocity weights
Volatility Heavy |0.15]0.25| 0.15]0.15] 0.30 |0.5 Volatility emphasized; urgency amplification tested
Handling Heavy |0.15]0.25]0.30]0.15/0.15 0.5 Operational burden emphasized; higher unit cost observed

5.2. Promo Surge Scenario

The SKU tier shift is indicated during a period of 13 days
of significantly high promotional activity of approximately
1,000 SKUs. The majority of items begin at the STAGING
level and transition to active levels, where stabilization occurs
on Day 4. T2 Standard dominates, takes a leading position,
T1 Premium is maintained at an average of 200 units, and
T3 Lean gradually increases. SKUs that receive high SLA
and volatility indicators were selected in Tier 1, which divert

80% of the impacted SKUs to Tier 1, increasing the margin
benefit by 455 and tier stability by less than <2 changes on
85% of SKUs (see Fig. 2). The tunable weights were kept
fixed and priority amplification (o = 0.5) allowed strategic
SKUs to be promoted even when the scores on operation were
moderate.
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Tier distribution by day

1000

800

tier
I T1_Premium
BB T2_Standard
T3_Lean
STAGING

SKU count

400

200

Day

Fig 2: SKU Tier Distribution over Time

The distribution of SLA priority weights is clearly
different at the inventory tiers with T1 Premium having the
highest median (~3) and numerous high-value outliers,
T2 Standard having a moderate distribution, and T3 lean the
lowest median with the largest range. This validates the fact
that the more demanding SKUs are critical and have a high-
priority fulfilment criterion (see Fig. 3).

Priority weight by tier (proxy for SLA sensitivity)

Priority weight

-2 —

T1_Premium T2_Standard

Tier

Fig 3: SLA Priority vs Tier Assignment

T3_Lean

The simulation proves that the weighted admission
logic does not reduce the service-level alignment in the time
of the promotional surge. There was a high level of
concentration, a positive margin lift, and stable tier
maintenance within the SKU population, which indicates
successful prioritization of high-SLA and high-volatility
items.

5.3. Carrier Disruption and Inbound Congestion

In this scenario, elevated travel time and complexity in
handling affected SKUs resulted in dynamic reassignment of
tiers, indicating the additional burden on operations and a
margin lift of $455. This is a simulation of a logistics
disruption, including inbound congestion and carrier delays,
that the adaptive framework captures the impact of a cost-to-
serve.

Fig. 4 emphasizes the reallocation of SKUs in tiers
subject to operational pressure, with greater tiers assignments
relating to SKUs with increased travel and handling
requirements. The Tier changes obey physical loads and the
traceability of audit and effect of positive margin.

Margin Impact vs Baseline by Tier
+$2,608.71

e Baseline
mmm Adaptive
12000

10000 -

8000

Total Margin {S)

6000
+41,025.06

4000

+$386.33
2000

o

T1_Premium T2_Standard T3_Lean

Fig 4: Margin Impact of Adaptive Costing Model

A uniform amplification with priority (a = 0.5) and fixed
and uniform tunable weights is employed. The simulation
confirms that the framework does not require reconfiguring of
weights in case of the operational pressure. During the run,
tier changes are congruent with physical burden, margin lift is
positive and traceability of an audit is upheld.

5.4. Baseline Simulation: 1,000 SKUs

A uniform amplification with priority (a = 0.5) and fixed
and uniform tunable weights is employed. The simulation
confirms that the framework does not require reconfiguring of
weights in case of operational pressure. During the run, tier
changes are congruent with physical burden, margin lift is
positive and traceability of an audit is upheld (Table II).

Table 2: Simulation Results for 1,000 Skus

Tier SKU | Avg $/ Median Margin
Count| nit Priority Lift

T1 Premium |199 $0.617 291 +$1,025.06

T2 Standard 665 $0.504 [1.91 +$2,608.71
T3 Lean 136 $0.362 [1.08 +$386.33

The tunable weights were held constant and the priority
amplification (a = 0.5) was even. Fig. 5 indicates the average
unit cost per tier (Fig. 5) of the costing compared to each tier
and Fig. 6 indicates that hysteresis and dwell-time logic make
sure that there is a constant assignment during the simulation
time. The strategic SKUs were always pushed to Tier 1 and all
the margins were distributed across all tiers. It is on this
situation that reproducibility and benchmark in further sweeps
are based.

Average S$/unit by tier (day 13)

Avg $funit

T1_Premium

T2_Standard
Tier

Fig 5: Average Unit Cost by Inventory Tier

T3_Lean
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Convergence: tier changes per SKU over the run
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Fig 6: Tier Convergence and Stability Distribution

5.5. Sensitivity Sweep: Tunable Weight Profiles

Four different tunable weight profiles were created for
the sensitivity sweep to assess how stable the framework is
under various signal weighting: Balanced, SLA-heavy,
Volatility-heavy, and Handling-heavy. The same priority
amplification factor (o = 0.5) was maintained for each
profile, and the cost-to-serve score of the operational signals
varied in emphasis. The simulations employed 1,000 SKUs,
with a custom signal distribution, and the same buffer logic
and promotion criteria. The results are listed in Table III for
each profile, with Tier 1, average unit cost, median priority
and marginal lift.

Table 3: Sensitivity Sweep: Impact of Tunable Weight

Profiles
Profile Tier 1T1 T1 Margin |Notes
Count (Avg (Median |Lift ($)
Cost |Priority
®
Balanced ({199 |0.617 |2.91 +4,055.53 | Published
baseline
SLA 199  |0.603 [2.95 +3,978.72 | SLA
Heavy empbhasis
Volatility {199  [0.621 |3.19 +4,123.38 | Amplified
Heavy urgency
Handling {199  |0.644 |3.03 +4,030.49 | Operational
Heavy burden

Tier separation and promotion of specific SKUs, margin
lift by volume were always maintained in both profiles. Tier
stability and the ability to audit back were not sacrificed and
cost behavior could be changed without structural change in
response to operational stress. The results show the
disillusionment and the strength of the framework in different
conditions of the business environment.

6. ERP-Simulated Validation Using Oracle EBS

An ERP-based validation was done on an Oracle E-
Business Suite (EBS) R12.2 aligned environment to assess the
practicality of the proposed adaptive hybrid indexing
framework. The aim of this validation was to identify if the
proposed signal-responsive costing mechanism could be
implemented into native ERP costing workflows without
compromising any auditability, financial governance or
system compatibility. This study does not limit itself to
simulation and is also connected with Oracle EBS R12.2 cost

management structure like Cost Groups, burden schedules,
tier assignmesnt logic and audit metadata. The validation was
done without changing the core ERP modules which ensured
the deployment feasibility of the system in enterprise
environment.

6.1. Oracle EBS Cost Structure Mapping

The proposed solution will provide metadata-driven
logic for mapping dynamically assigned inventory tiers to
Oracle EBS cost groups, without physically moving
inventory. SKU movement between tiers will only impact
costing behavior
while the inventory is still in its original sub-inventory
location. This reduces disruption of operations and maintains
ERP transaction integrity. The tier mapping logic is defined as
follows:

e Tier 1 (Tl Premium) — CG_PREMIUM with
high-priority burden schedule for strategic or
service-sensitive SKUSs.

e Tier 2 (T2 Standard) — CG_STANDARD
representing balanced operational profiles.

e Tier 3 (T3 Lean) — CG LEAN for low-handling
and low-priority items.

e STAGING / Buffer Tier — CG BUFFER for
volatile or unresolved SKUs awaiting reassignment.

The implementation of the costing workflow is done by
means of Oracle EBS-compatible staging tables and PL/SQL
driven logic which uses velocity, SLA sensitivity, handling
effort, travel time and demand volatility as signals for the tier
transitions. Buffer logic can be applied so that there is a buffer
of stocks that are not costed immediately but are held until
they become more stable in operations.

6.2. ERP Validation Parameters

To ensure consistency and repeatability, all experimental
scenarios were configured in the same manner as the real ERP
system. Table IV provides an overview of the main validation
parameters for costing alignment on Oracle EBS.

Table 4: Erp Validation Parameters for Oracle Ebs

R12.2 Alignment
Parameter 'Value [Purpose
Velocity Weight (wv) 0.18 | Demand
responsiveness
SLA Priority Weight (ws) 0.38 | Service sensitivity
Handling Complexity 0.18 | Operational burden
Weight (wh)
Travel Time Weight (wt) 0.16 | Routing cost effect
Volatility Weight (wd) 0.10 | Demand instability
Priority Amplification (o) 0.5 Strategic SKU
promotion
Volatility Threshold 0.70 | Buffer admission
Minimum Dwell Time 3 Buffer reassignment
Days

6.3. Adaptive Cost Distribution vs. Flat Baseline

This section compares the proposed framework's adaptive
unit cost with the fixed baseline unit cost of Oracle EBS's flat
costing model. Violin plots of the adaptive unit cost per tier
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compared to the Oracle EBS flat baseline of $0.399 are shown
in Fig. 7.

Adaptive Unit Cost Distribution per ERP Cost Tier vs. Flat Baseline

== Oracle EBS Flat Baseline ($0.399)
225 R
2.00
2
2175
§
= 150
c
=1
v 125
2
& 100
2 —i
0.75
0.50
T’l T 13
Premium Standard Lean
Fig 7: Adaptive Unit Cost per ERP Cost Tier vs. Oracle
EBS Flat Baseline

The median adaptive cost of T1 Premium is the highest
($1.668) because of SLA premiums and congestion costs for
high-priority SKUs. STAGING has the highest mean ($1.811)
because buffer carry charges are applied to operationally
volatile HazMat items. T3 Lean has the smallest distribution
(mean is 1.338, variance is small), which is consistent with the
handling paths being simpler and having little SLA overhead.
All tiers are higher than the baseline by 2.35% to 4.18x,
indicating that HI-OAIC consistently reveals cost-to-serve
differentials, which are hidden by the static costing approach.

6.4. Margin Lift Analysis

The final section analyzes margin improvements by tier
in inventory to assess the cost impact of the proposed adaptive
costing framework. The distribution of the margin lift for all
2,500 SKUs and by tier is shown below in Fig. 8. The
histogram (Fig. 8a) shows a right skew with a large number of
SKUs with a lift of 5-12, and a long tail of SKUs with high
velocity lift (T1 and STAGING).

(a) Margin Lift Histogram (All SKUs) (b) Margin Lift by ERP Cost Tier
i

==+ Median = §1150

[
o
o

Margin LIft (S per 10 units)
B
s

]

11| 11T
75 100 1S 75 200 T i
Per-SKU Margin Lift ($ per 10 units} Premium Standard Lean

Fig 8: Margin Lift Distribution

6.5. Tier Stability and 30-Day Convergence

This section looks at the consistency of the SKU tier
assignments over a 30 day period of operation to assess the
stability of the proposed framework. The convergence
analysis quantifies the amount of tier transition activity, and
evaluates the efficacy of hysteresis and dwell-time logic in
minimizing unnecessary tier volatility. The tier stability
results for a 30-day reporting window are included in Fig. 9.
The majority of the stock portfolio (61.6% of SKUs) had two
or fewer Tier changes, which shows that the hysteresis and
dwell-time logic were successful in smoothing out signal
noise. The remaining 38.4% had more volatility, mainly in
HazMat and Electronics, where the demand signals are more

volatile. The Tier Stability Index (Fig. 9b) increases from 0.62
on Day 1, owing to convergence of the iterative signal
updates, and remains at 0.616 at Day 30. Although the
subcohorts are relatively stable, their values are prone to being
volatile because HazMat and Electronics account for 30% of
the dataset.

(a) Tier Stability — 61.6% SKUs <2 Changes

M stable (2 changes): 616% 100

st (32 changes). 33.4% _\
x
s

(b) 30-Day Convergence Profile

— stabiity Index (%)
= 90% Target
Crosses 90% on Day 1

0 1 2 3 4 5 & T 8 o s 1w 15 2 %5
Tier Changes per SKU {30-Day Wiindow) Dy

Fig 9: Tier Changes per SKU over 30-Day Window (left)
and Convergence Profile

6.6. ERP Alignment and Sensitivity Sweep

The compatibility of the proposed framework with
Oracle EBS RI12.2 cost structures and performance
robustness  through  different  operational  weight
configurations are explored in this section. As shown in Fig.
10a, there is an improvement of ERP alignment in all five
field categories of Oracle EBS which is identified as ranging
from 91% to 97% while pre-fix ERP alignment is in the
range of 35-60%. The biggest single improvement is in the
Period-Close Forced Promotion (+61 pp), where synthetic
data was not able to set the flag at realistic frequencies. The
four-profile sensitivity sweep (Fig. 10b) also reveals that the
revenue impact of crossing tier boundaries is directed in
opposite ways by each of the four profile types, with T1
SKU counts ranging from 326 (Volatility-Heavy) to 642
(SLA-Heavy), and that the total margin lift is unchanged
across all four profile types, demonstrating that the
composite scoring model distributes scores evenly across
the different weight profiles (Table V).

(a) ERP Alignment: Before vs After Real-Dataset Validation (b) Sensitivity Sweep: T1 Count and Margin Lift
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Fig 10: ERP Alignment Gap Resolution and Sensitivity
Sweep
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Table 5: Tier Distribution by Product Category

Product Category T1 Premium(T2 Standard/T3 LeanSTAGING|TotalDominant Tier
Electronics (ELEC CAT) [181 184 8 2 375 [T2 Standard
Consumables (CONS CAT)56 425 269 0 750 |T2 Standard
Industrial INDU_CAT) 105 344 51 0 500 |T2 Standard
Apparel (APRL CAT) 0 89 411 0 500 |T3 Lean
HazMat (HAZM CAT) 230 85 2 58 375 [T1 Premium
Total 572 1,127 741 60 2,500/T2 Standard

Table 6: Sensitivity Sweep Results
Profile T1 Count{T1 Avg Cost ($)T1 Med. PriorityMargin Lift ($)}Notes
Balanced 572 1.668 0.751 +28,275.29 Published baseline
SLA-Heavy 642 1.653 0.768 +28,275.29 T1 expansion by +70 SKUg
Volatility-Heavy|326 1.612 0.742 +28,275.29 Higher STAGING rate
Handling-Heavy|489 1.701 0.748 +28,275.29 Highest per-unit cost
Table VI presents the sensitivity sweep results across four ~ model is more considerable, as the service level

operational weight profiles to evaluate the robustness of the
proposed framework. The findings indicate that variations in
signal emphasis influence Tier 1 SKU allocation and adaptive
cost behavior, while total margin lift remains stable at
$28,275.29, demonstrating consistent financial performance
under changing operational priorities.

6.7. Data Model and Mapping

The mapping of tiers to cost groups and item categories in
the ERP is based on logic instead of the physical sub-
inventories. The inventory stays at the same place; the logic of
costings changes according to tier assignments that are in a
special processing table. Final-day unit costs are calculated by
taking a snapshot of the simulation at the end. Operational
signals move the costing behavior without the actual physical
movement or reclassification (see Table VII).

Table 7: Simulation Parameters Used For ERP-Aligned

Costin
Parameter Value|Notes
wv (Velocity) 0.18 | Constant across all SKUs
ws (SLA Priority) 0.38 | Reflects service sensitivity
wh (Handling|0.18 | Operational burden
Complexity)
wt (Travel Time) 0.16 | Routing and distance
impact
wd (Volatility) 0.10 | Demand instability
o (Priority Amplification)|0.5 Boosts  strategic SKU
scores
Volatility Threshold 0.7 Promotion cutoff
Minimum Dwell Time |3 Buffer flush threshold
days

While the costing rationale and audit sector are ERP-
oriented, this simulation is not a live implementation. This
would have to be practically implemented by mapping these
structures to production tables, workflows and approval
hierarchies in the Oracle EBS or any other ERP systems. Fig.
11 indicates a bimodal distribution of deltas of unit cost. The
majority of SKUSs are in the range of $0.05-0.14, with peaks
at 0.11 and 0.07, which means that the cost in the adaptive

prioritization of the service is prioritized. The chart outlines
the systematic financial effect of the adaptive approach.

Cost Difference Distribution (Adaptive - Baseline)

8 3 8

SKU Count

»
-4

0.04 0.06 0.08 0.10 012 014 016
Cost Delta ($/unit)

Fig 11: Cost Difference Between Adaptive and Baseline
Models

6.8. Tier Reassignment Governance

Tier alterations have an organized logic so that they
have costing integrity and audit adherence. SKUs are
advertised when volatility = or less than < 0.7, or dwell = or
more than > 3 days, advertised force during period close
where unresolved, and otherwise held. Audit fields—
in_buffer, days_in_buffer, forced promotion_flag,

reason_code, tier id, tier_assignment_date,
approval flag, approver id—record all actions for
traceability. Table VIII summarizes the trigger conditions,
actions, and associated audit fields to ensure adaptive costing
is always correct, auditable, and field-aligned with the ERP.

Table 8: Tier Reassignment Governance Logic

Trigger Action Audit Field
Condition Updated
Volatility < 0.7 | Promote Tierid,
And Dwell > 3| SKU To A | Tierassignmentdat
Days New Tier e
Volatility > 0.7 Or | Hold In | Inbuffer,
Dwell <3 Days Buffer Reasoncode
Period Close Forced Forcedpromotionfl
With Promotion ag
Unresolved Buffer
Manual Override | Approved Approvalflag,
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By Costing | Reassignme Approverid

Manager nt

In Oracle EBS 12.2, the operational signals are recorded
through specific staging tables and handled by the use of
PL/SQL, which alters the cost profiles and allocates SKUs to
levels. Tier reassignment Tier reassignment is done after
volatility and dwell, and is maintained by audit fields (tierid,
tierassignmentdate,  inbuffer,

daysinbuffer,forcedpromotionflag, easoncode) that are
used to provide visibility and comply with ERP.

6.9. Comparison of Generic and ERP-Simulated Results

Table IX provides a comparison between the generic
Python simulation and the ERP-simulated dataset and the
stability of the tiers and margin lift as well as the auditability
and metadata-driven integration of the model, which is
provided by the ERP.

Table 9: Comparison between Generic Python
Simulation and ERP-Simulated Dataset

Metric Generic ERPSimulated
Simulation (Synthetic)
Tier High High (same logic
Stability (hysteresis, applied)
dwell)
Margin Lift | +$4,020.10 +$4,020.10
Volatility Native buffer | Native buffer logic
Handling logic
Auditability | Simulation ERP-style
logs promotion logs
Integration N/A Cost groups,LA,
metadata-driven
tiering

7. ERP Costing and Transfer Pricing Interfaces

Intercompany costing and transfer pricing are the key
elements of the ERP financial governance, particularly in
multi-entity environments. It is possible to extend the adaptive
hybrid indexing framework in this research to serve these
functions through the alignment of tiered costing and
intercompany valuation logic.

7.1. Interface Points with Oracle EBS R12.2

Advanced Global Intercompany System (AGIS), SLA
Manager, and Cost Management are some of the modules
offered by Oracle EBS R12.2 that support transfer pricing and
intercompany reconciliation. The framework is coupled with
the following modules:

e  Tier-to-Cost Group Mapping: Tier assignments are
based on logic and assigned to cost groups
characterized by intercompany prices.

e  SLA-Driven Overrides: SLA priority flags affect cost
tiering which affects transfer price calculations.

e Audit Field Propagation: The buffer logic and
promotion flags are also extended to intercompany
transactions to be traceable between entities.

7.2. Transfer Pricing Implications
Transfer cost is affected by tiered costs in a various of ways:

e  Valuation Accuracy: The high operational burden
SKUs have higher cost levels, resulting in better
intercompany values.

e Tax Compliance: Buffer logic makes sure that
volatile SKUs are not costed prematurely and
misstatements in cross-border transactions are
minimized.

e  Documentation Readiness: The audit fields are the
tiered, promotion flag and reason code fields in
transfer pricing documentation and defense of tax
audits.

This interface logic is associated with modular designs
of major ERP systems of transfer pricing. As an indicator,
the community reference on transfer price management
which is obtained through SAP comprises the values layering
and audit traceability to serve to supplement the tiered
costing and the buffer logic [26].

7.3. Cross-Entity SKU Treatment

Geographies may also have different cost-to-serve profile in

SKUs. The framework assists entity specific tiering through:
e C(Calibration of volatility and dwell on a per-entity

basis.

o Using localized burden schedules and localized
SLA weights.

e Separating buffer logic based on entity operational
cadence.

This flexibility assists organizations to preserve
comparable rationale of costing and adapt to local needs of
operations reality and compliance.

7.4. ERP Costing Comparison
The framework also enhances ERP costing besides
integration as compared to the traditional systems (Oracle
EBS, SAP, NetSuite) which are fixed and rule-based systems:
e Dynamic signal-driven costing: Velocity, SLA,
handling, travel, volatility real-time enterprises into
operations.
o  Volatility-aware buffer logic: Scheduling of SKUs to
prevent underwrite costs in the event of spikes.
o Convergence stability: Hysteresis and dwell logic to
prevent oscillations.
e  Volume-weighted margin impact: Explicit per-SKU
margin optimization.

Table X compares native costing using ERP with
adaptive hybrid indexing, and it can be seen that there are
better automation, auditability, and maximization of a
margin optimization.

Table 10: ERP Native Costing Vs. Adaptive Hybrid

Indexing
Capability | ERP Adaptive Hybrid
Native | Indexing
Cost profiles Static Signal-driven
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Burden Fixed Tier-specific, dynamic
schedules
Extensions Manual | Automated tiering

logic
Volatility Absent | Native buffer logic
handling
Margin Indirect | Explicit per SKU
optimization
Auditability Layered | Tier-tracked, = promotion|

logs

8. Managerial and Reproducibility Implications

This section identifies the role of the framework in
supporting the alignment of inventory costing by the ERP
managers and also offers a roadmap to reproducibility that
helps in replicating and making the deployment audit-ready.

8.1. Managerial Implications

The adaptive hybrid indexing model offers a systematic
approach to ERP managers and costing analysts to reconcile
inventory value and actual functioning. The tier assignments
in Oracle EBS R12.2 may be mapped on item categories or
cost groups and the buffer logic and burden schedules are
executed with the use of formula-based cost elements and
transaction triggers. Operational indicators, including travel
time, handling effort and frequency of replenishment are
associated with tier changes, which enables operational
traceability and auditability under the GAAP. The transition
of tiers is regulated through formal reassignment reports,
which are conducted on the basis of the volatility, dwell time,
and margin impact, and due to the fact that the transition of
the levels is made with consent to maintain the financial
governance and flexibility within the period. To implement it
practically, it have to be customized to the system and aligned
with the stakeholders. An artifact of reproducibility is being
built to assist sandbox simulations, pilot deployments and
audit ready implementation across ERP platforms.

8.2. Reproducibility Roadmap
A reproducibility artifact is being developed in order to
facilitate future adoption and validation and it include:

e Annotated simulation scripts: Python modules to
simulate the adaptive tiering logic in various volatility
conditions such as sensitivity to dwell time and
weighted admission behaviour.

o ERP-synthetic dataset: Systematic data that was
modeled after the Oracle EBS R12.2 cost flows with
items categories, cost groups, burden schedules, and
transaction triggers.

o Configuration workbook: A template mapping tier to
Oracle EBS and Oracle Cloud ERP modules, such as
SLA derivation rules, cost element definitions and
stakeholder-tunable parameters, such as volatility
thresholds, dwell buffers and priority weights.

These elements were accepted with the aim of supporting
scholarly reproduction, stakeholder participation, and audit
preparedness. The roadmap assists in both academia reference
and practice implementation of ERP platforms.

9. Conclusion

The operational responsive inventory costing necessitates
valuation techniques that able to adjust to changing conditions
of supply chains. The Adaptive hybrid indexing frameworks
combine operational signals, tier logic, and ERP-oriented
costing mechanisms to offer a seamless method of inventory
valuation when faced with the volatile demand and service
constraints. Simulation findings reveal that the framework
ensures cost differentiation and enhances visibility of margins
as well as operational transparency. The method uses signal-
driven tier assignments and buffers to support costing logic
which is not disruptive and does not necessitate any
movement of physical inventory or disruptive system updates.
The framework also allows analytical understanding using the
tier stability analysis and margin impact analysis. On the
whole, the offered solution offers a scalable route to the
combination of operational intelligence and the enterprise
inventory costing systems.

9.1. Limitations and Future Work

The logic of adaptive tiering which will be validated by
simulation using ERP. Although the algorithm is deploy
ability, it will be necessary to customize the system to do all
the work of tier reassignment, costing, and approval processes
fully automated. Future work may explore the cross-module
orchestration, real-time signal ingestion through REST APIs,
and the connection with the Oracle Cloud ERP or S/4HANA
environment.
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