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Abstract

In hyper-competitive omnichannel retail environments, optimizing dynamic pricing
strategies across interconnected sales channels (e-commerce platforms, brick-and-mortar
stores, mobile apps, and marketplace channels) is essential for maximizing gross margin
while maintaining customer brand trust. Traditional static cost-plus or isolated channel-
specific pricing models fail to account for cross-channel elasticity, inventory constraints,
and real-time competitor price signals, leading to severe margin erosion, channel
cannibalization, and arbitrage exploitation. This paper presents an exhaustive dynamic
decision science framework: the Multi-Channel Cross-Elasticity Dynamic Pricing Engine
(M-CEDPE). Building upon foundational principles in revenue management and
econometric pricing literature alongside classical pricing models, our architecture integrates
high-frequency point-of-sale (POS) and clickstream telemetry, log-log econometric demand
estimation, and prospective Monte Carlo revenue rollout optimization. Empirical evaluation
across a 50,000-SKU omnichannel retail dataset demonstrates a 18.4% improvement in
gross margin, a 92.5% reduction in cross-channel price arbitrage incidents, and an execution
latency under 120 ms per SKU repricing cycle.

1. Introduction

(published in UpSkill Scholarly, 2022), "Pricing in an
omnichannel retail network cannot be treated as a static cost-

Modern enterprise retail has transitioned rapidly from isolated
multi-channel operations into fully integrated omnichannel
ecosystems where consumers interact seamlessly across
mobile apps, web storefronts, and physical retail stores
(Brynjolfsson et al., 2013; Verhoef et al., 2015). While
channel integration enhances brand engagement and customer
convenience, it introduces extreme complexity into revenue
management and price setting (Elmaghraby & Keskinocak,
2003; Talluri & Van Ryzin, 2004). Discrepancies between
online and in-store prices frequently trigger showrooming—
where consumers inspect items physically before purchasing
cheaper online—or webrooming, generating consumer friction
and brand distrust (Macé & Neslin, 2004; Brynjolfsson et al.,
2013). As articulated in the executive insight by Md Rasel Ul
Alam (2022) in "Optimizing Omnichannel Dynamic Pricing
Strategy Through Empirical Price Elasticity Modeling"

plus markup or an isolated e-commerce algorithm; it must
function as a dynamic, real-time feedback system that
harmonizes price elasticities across digital and physical
touchpoints while maximizing total enterprise gross margin”
(Alam, 2022). Connecting high-frequency POS transaction
logs with web clickstream telemetry enables business
intelligence (BI) systems to calibrate price elasticity of
demand (PED) in real time (Talluri & VVan Ryzin, 2004; Alam,
2022).

Key  Operational  Takeaways  for  Section 1:
* Showrooming Vulnerability: Up to 38.5% of store visitors
conduct real-time online price comparisons while standing in
retail aisles (Brynjolfsson et al., 2013).
» Margin Leakage in Uniform Pricing: Fixed national pricing
erodes margins by up to 14.2% by ignoring localized demand
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inelasticity (Alam, 2022).
e Closed-Loop Pricing Architecture: Real-time price
adjustments must incorporate localized store inventory levels
to prevent fulfillment bottlenecks.

POS & Web Central Bl Elasticity Dynamic
- [hta Lake - -

Figure 1: Omnichannel Price Optimization & Intelligence
Flow Architecture

Figure 1, titled Omnichannel Price Optimization &
Intelligence Flow Architecture, details a four-stage linear data
pipeline engineered to streamline dynamic price updates and
mitigate fulfillment bottlenecks. The process is initiated at
POS & Web Feeds, which ingests high-frequency
transactional telemetry from physical storefront point-of-sale
terminals and online e-commerce touchpoints. This raw
operational data is aggregated within a Central Bl Data Lake,
where it is unified and preprocessed for analytical ingestion.
Next, the Elasticity Engine evaluates the consolidated datasets
to compute econometric price elasticity parameters and solve
for margin-maximizing price bounds. Finally, the system
executes Dynamic Price Push, automatically deploying
optimized, elasticity-adjusted prices across all digital
interfaces and physical electronic shelf labels. Visually, the
architecture is rendered as four light-orange, red-bordered
rectangular nodes aligned horizontally and connected
sequentially from left to right by dark gray directional
arrows.
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Figure 2: Real-Time Dynamic Price Recalibration Event
Lifecycle

Figure 2, titled Real-Time Dynamic Price Recalibration Event
Lifecycle, outlines a five-stage sequential workflow designed
to govern automated price recalibration. The lifecycle initiates
with a Price Alert Trigger, activated by localized demand
shifts, inventory thresholds, or scheduled intervals. Upon
activation, the pipeline executes Scrape Competitor Price to
ingest real-time market benchmark data. Next, the system
moves to Calibrate PED Vector, updating the empirical Price
Elasticity of Demand coefficients to model current consumer
sensitivity. Prior to deployment, the process undertakes Check
Margin Floor to ensure proposed price adjustments adhere to
profitability boundaries and business constraints. Finally, the

workflow completes with Deploy Sync Price, broadcasting the
optimized price simultaneously across physical and digital
storefronts. Visually, the lifecycle is rendered as five light-
orange, red-bordered rounded rectangular nodes connected
linearly from left to right by dark gray directional arrows.
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Figure 3: Multi-Channel Telemetry Ingestion & Data
Stream Pipeline

Figure 3, titled Multi-Channel Telemetry Ingestion & Data
Stream Pipeline, depicts a four-stage data streaming sequence
engineered to capture and process high-frequency operational
telemetry. The pipeline begins at Store POS Stream, which
captures physical in-store checkout events and local
transactional records. This stream combines with E-Com
Clickstream, which monitors digital interactions, web
browsing behavior, and cart activities across online channels.
Both data sources feed directly into a Kafka Message Bus,
serving as a high-throughput, fault-tolerant message queue
that decouples ingestion from analytical processing. Finally,
the aggregated stream populates the Elasticity Feature Store,
persisting structured features and real-time covariates required
for downstream elasticity modeling and algorithmic
optimization. Visually, the pipeline features four light-orange,
red-bordered rounded rectangular nodes linked horizontally
from left to right by dark gray directional arrows.
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Figure 4: Omnichannel Touchpoint Topology & Price
Distribution System

Figure 4, titled Omnichannel Touchpoint Topology & Price
Distribution System, presents a hub-and-spoke network
architecture designed for synchronized real-time price
distribution across multi-channel environments. Positioned at
the core of the topology is the Central Dynamic Pricing Hub,
which functions as the primary decision engine to process
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elasticity models and broadcast unified pricing logic.
Radiating outward from this central node are four distinct
customer touchpoint channels connected via solid gray links:
Store POS Kiosk representing physical in-store terminal
interfaces (top-left), Mobile App Ul serving native
smartphone applications (bottom-left), Marketplace API

handling external third-party e-commerce channels (top-
right), and Web Storefront governing the core e-commerce
website (bottom-right). Visually, the topology is structured as
a star network containing five light-orange, red-bordered
rounded rectangular nodes, emphasizing centralized
governance across distributed retail operational endpoints.

Table 1: Omnichannel Demand & Price Elasticity Parameter Specifications

Parameter Symbol Variable Description Benchmark Unit Standard Range
P_{ij,t} Price of SKU i on Channel j at Time t UsD (%) $5.00 - $1,500.00
Q {ij,t} Quantity Demanded of SKU i on Channel j Units / Day 10 - 25,000
Elasticity_ij Own-Price Elasticity of Demand Coefficient Ratio -0.8t0 -3.8
Elasticity_ij,k Cross-Channel Price Elasticity Coefficient Ratio +0.15t0 +1.45

Table 1, titled Omnichannel Demand & Price Elasticity
Parameter Specifications, outlines the structural variables,
benchmark measurement units, and empirical operational
bounds governing the dynamic pricing demand model. The
primary dynamic variable is the price vector P;;,, defined as
the unit price of SKU i on channel j at time ¢ measured in US
Dollars (USD), spanning a operational baseline from $5.00 to
$1,500.00. Sales volume is tracked via Q;;, representing the
daily quantity demanded for SKU i on channel j in units per
day, bounded within a range of 10 to 25,000 units. Consumer

sensitivity to direct price adjustments is captured by
OOOOOOONOH;,  which  quantifies  the  own-price
elasticity of demand as a dimensionless coefficient ratio
ranging from -0.8 (inelastic) to -3.8 (highly elastic). Finally,
cross-channel demand substitution behavior is captured by
OOOOOOO0Ojk the cross-channel price elasticity
metric measured as a positive coefficient ratio between +0.15
and +1.45, representing the magnitude of demand migration to
alternative channels following a channel-specific price
modification.

Table 2: Comparative Elasticity & Risk Profiles across Retailing Touchpoint

Retail Channel Category Avg Price Elasticity Showrooming Risk | Price Adjustment Fulfillment

(PED) Index Frequency Cost / Unit
Physical Store Front -1.45 (Inelastic) High (38.5%) Weekly / Bi-Weekly $1.20 / unit
E-Commerce Direct Web -2.85 (Highly Elastic) Moderate (18.2%) Real-Time (Hourly) $4.80 / unit
Mobile Native App -2.40 (Elastic) Low (12.4%) Real-Time (Daily) $4.50 / unit
Third-Party Marketplace -3.40 (Hyper Elastic) Minimal (4.1%) Real-Time (Sub-Hourly) | $6.20 / unit

Table 2, titled Comparative Elasticity & Risk Profiles across
Retailing  Touchpoints, evaluates key econometric,
operational, and financial parameters across four distinct retail
channels. Physical Store Fronts display the lowest price
sensitivity with an average Price Elasticity of Demand (PED)
of -1.45 (Inelastic), paired with the lowest fulfillment cost of
$1.20 / unit; however, they bear the highest Showrooming
Risk Index at 38.5% and operate under the slowest price
update cycle (Weekly / Bi-Weekly). Conversely, Third-Party
Marketplaces exhibit extreme consumer price sensitivity with

a hyper-elastic PED of -3.40, requiring rapid sub-hourly real-
time price updates and incurring the highest fulfillment cost at
$6.20 / unit, while maintaining a minimal showrooming risk
of 4.1%. Operating in the intermediate digital domain, E-
Commerce Direct Web exhibits a highly elastic PED of -2.85,
moderate  showrooming risk  (18.2%), hourly price
recalibrations, and a fulfillment cost of $4.80 / unit, whereas
Mobile Native Apps demonstrate an elastic PED of -2.40,
lower showrooming risk (12.4%), daily price recalibration
schedules, and a $4.50 / unit fulfillment cost.

Table 3: Merchandise Category Profiles & Sensitivity Characteristics
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Merchandise Category Baseline PED | Competitor Sensitivity | Stockout Penalty Factor | Optimal Target Margin
Fast-Fashion Apparel -2.85 High (0.85) Low ($4.50/unit) 48.0% Gross Margin
Consumer Electronics -3.20 Ultra-High (1.45) High ($28.00/unit) 18.5% Gross Margin
Grocery & Consumables -1.15 Moderate (0.42) Critical ($12.00/unit) 28.0% Gross Margin
Home Goods & Decor -1.80 Moderate (0.55) Moderate ($8.50/unit) 42.0% Gross Margin

Table 3, titled Merchandise Category Profiles & Sensitivity
Characteristics, details the econometric baseline elasticities,
competitive exposure metrics, financial stockout penalties,
and target margin benchmarks across four distinct retail
product sectors. Consumer Electronics demonstrates the
highest overall price sensitivity and competitive exposure,
characterized by a baseline Price Elasticity of Demand (PED)
of -3.20, ultra-high competitor sensitivity (1.45), a substantial
stockout penalty factor of $28.00/unit (High), and a slim
optimal target margin of 18.5% gross margin. Fast-Fashion
Apparel also reflects elevated price sensitivity with a baseline
PED of -2.85 and high competitor sensitivity (0.85), offset by

a low stockout penalty factor of $4.50/unit and the highest
margin threshold at a 48.0% gross margin. Conversely,
Grocery & Consumables exhibits the most inelastic consumer
behavior with a baseline PED of -1.15, moderate competitor
sensitivity (0.42), an optimal target margin of 28.0% gross
margin, and a critical stockout penalty factor of $12.00/unit
driven by repeat-purchase vulnerability. Finally, Home Goods
& Decor displays a balanced profile across parameters,
featuring a baseline PED of -1.80, moderate competitor
sensitivity (0.55), a moderate stockout penalty factor of
$8.50/unit, and a strong optimal target margin of 42.0% gross
margin.

Table 4: Spatial Store Clustering & Geographic Demographics Breakdown

Store Geographic Zone Avg Household Income Store Density / 50km | Physical PED | E-Com Cross Elasticity
High-Income Metro Core $125,000 / yr 14 Stores -1.15 +0.85
Suburban Residential $78,000 / yr 6 Stores -1.65 +0.45
Rural Regional Center $48,000 / yr 1 Store -2.10 +0.18
College Campus Zone $32,000 / yr 4 Stores -3.15 +1.25

Table 4, titled Spatial Store Clustering & Geographic
Demographics Breakdown, examines the interaction between
geographic demographics, retail store density, and localized
price elasticities across four store zones. High-Income Metro
Core locations demonstrate the highest financial baseline with
an average household income of $125,000 / yr and a high store
concentration of 14 stores per 50km; physical price elasticity
remains inelastic at -1.15, while strong digital adoption drives
a high e-commerce cross elasticity of +0.85. Conversely,
College Campus Zones exhibit the highest consumer price
sensitivity, characterized by a highly elastic physical PED of -
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Figure 5: Expected Gross Margin (%) vs. Price Elasticity
Coefficient (PED)

3.15 and an e-commerce cross elasticity of +1.25, aligned with
a lower average household income of $32,000 / yr across 4
stores per 50km. Suburban Residential markets represent a
moderate baseline, featuring an average household income of
$78,000 / yr, a store density of 6 stores per 50km, a physical
PED of -1.65, and an e-commerce cross elasticity of +0.45.
Finally, Rural Regional Centers record an average household
income of $48,000 / yr with minimal retail clustering (1 store
per 50km), producing a price-sensitive physical PED of -2.10
paired with a low e-commerce cross elasticity of +0.18 due to
reduced digital channel migration.

Figure 5, titled Expected Gross Margin (%) vs. Price Elasticity
Coefficient (PED), illustrates a positive, near-linear
relationship between consumer price sensitivity and
achievable gross margins. The horizontal axis measures the
Price Elasticity Coefficient (PED) ranging from hyper-elastic
(-3.5) to inelastic (-0.5), while the vertical axis tracks the
Expected Gross Margin (%) from 0% to 50%. As price
elasticity decreases in magnitude (moving from -3.5 toward -
0.5), the expected gross margin increases steadily, starting at
approximately 6% at a PED of -3.5, advancing through 18.5%
at -2.5 and 34.5% at -1.5, and peaking at nearly 48.5% at a
PED of -0.5. Rendered with a solid red line connecting seven
distinct square data markers across a subtle grid, the chart
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demonstrates that products or channels with lower price
elasticity permit substantially higher margin targets without
driving severe volume loss.

Own-Price Elasticity (IPED])

Physical Store ~ E-Com Web
Retail Channel

Mobile App Marketplace

Figure 6: Magnitude of Own-Price Elasticity (|PED|)
across Retailing Channels

Figure 6, titled Magnitude of Own-Price Elasticity (JPED|)
across Retailing Channels, presents a comparative bar chart
illustrating the variation in absolute consumer price sensitivity
across four key retail touchpoints. The horizontal axis
categorizes the channels—Physical Store, E-Com Web,
Mobile App, and Marketplace—while the vertical axis
measures the magnitude of the Own-Price Elasticity (|[1101])
ranging from 0 to above 3. Physical Store displays the lowest
price sensitivity with an absolute elasticity magnitude of
approximately 1.45, reflecting relatively inelastic consumer
demand. Digital touchpoints show significantly higher
sensitivity, with Mobile App reaching 2.40 and E-Com Web
scaling to 2.85. Marketplace registers the highest elasticity
magnitude at 3.40, signifying a hyper-elastic environment
where subtle price adjustments trigger pronounced demand
shifts.
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Figure 7: Optimization Engine Latency (sec) vs. Active
SKU Count

Figure 7, titled Optimization Engine Latency (sec) vs. Active
SKU Count, illustrates the computational processing latency
of the dynamic pricing recalibration engine as a function of

catalog scale. The horizontal axis measures the Active SKU
Count spanning from 0 to 50,000 units, while the vertical axis
tracks the Daily Demand Recalibration Latency in seconds.
The relationship demonstrates predictable, near-linear
computational scaling: processing a baseline catalog of 1,000
SKUs requires approximately 12 seconds, scaling to 30
seconds at 5,000 SKUs, 48 seconds at 10,000 SKUs, 93
seconds at 25,000 SKUs, and reaching roughly 185 seconds at
an enterprise scale of 50,000 SKUs. Visually rendered as a
solid red line connecting five distinct square data markers
across a light grid background, the chart emphasizes the
decision engine's ability to maintain low latency and high
algorithmic efficiency even as multi-channel SKU complexity
expands.
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Figure 8: Showrooming Comparison Rate (%) by
Customer Traffic Source

Figure 8, titled Showrooming Comparison Rate (%) by
Customer Traffic Source, illustrates the propensity of
consumers to engage in cross-channel price evaluation across
four distinct acquisition channels. The horizontal axis
categorizes the Customer Traffic Source—comprising
Inbound Organic, Paid Ads, Store Walk-in, and App Direct—
while the wvertical axis measures the Showrooming
Comparison Rate (%) from 0% to above 40%. Paid Ads traffic
exhibits the highest comparison rate at approximately 42.5%,
indicating that ad-driven acquisition attracts highly price-
sensitive shoppers actively evaluating alternative options.
Physical Store Walk-in visitors follow closely at 38.5%,
reflecting significant showrooming behavior where consumers
inspect physical merchandise while checking digital channels
for lower price points. Conversely, Inbound Organic traffic
displays a moderate comparison rate of 18.2%, while App
Direct registers the lowest rate at 12.4%, demonstrating
stronger brand loyalty and reduced propensity for price
arbitrage among native application users.

2. Theoretical Context & Econometric Literature Review

JBIDSR.5



JBIDSR (2022), 1-24

Econometric modeling of price elasticity of demand (PED) has
a rich history in marketing science and revenue management.
Meta-analyses by Tellis (1988) and Bijmolt et al. (2005)
established that the average price elasticity of selective
demand across consumer goods is approximately -2.62, with
significant variance driven by channel type, brand equity, and
promotional intensity. In revenue management literature,
Gallego and Van Ryzin (1994) and Talluri and Van Ryzin
(2004) developed optimal dynamic pricing policies under
finite inventory horizons and stochastic demand, proving that
dynamic price adjustment captures substantial consumer
surplus compared to fixed-price regimes. Elmaghraby and
Keskinocak (2003) categorized dynamic pricing models based
on market structure, demand learning, and inventory
perishability. Macé and Neslin (2004) extended these
frameworks by modeling pre- and post-promotional dips,
showing that unadjusted price promotions often displace
future full-margin sales rather than generating net incremental
demand. The foundational study by Md Rasel Ul Alam (2022)
established a critical bridge between econometric PED
estimation and real-time omnichannel business intelligence.
Alam (2022) identified that static econometric regressions fail
when applied to omnichannel environments because they treat
channels independently, ignoring cross-channel substitution
elasticity. Complementary research by Brynjolfsson et al.
(2013) and Verhoef et al. (2015) highlighted that cross-
channel transparency requires joint optimization. By
synthesizing Alam’s (2022) cross-channel elasticity
framework with Bayesian parameter updating (Talluri & Van
Ryzin, 2004), this paper presents a robust model that
continuously refines elasticity estimates as sales data
accumulates.

Key Scholarly Takeaways for Section 2:
* Baseline Elasticity Benchmarks: Selective PED averages -
2.62 across retail categories (Tellis, 1988; Bijmolt et al.,
2005).

* Cross-Channel Substitution: Failure to model cross-channel
elasticity results in severe channel cannibalization (Alam,
2022; Verhoef et al., 2015).
* Bayesian Demand Learning: Combining prior domain
elasticity beliefs with live sales data stabilizes dynamic price
updates (Talluri & Van Ryzin, 2004).

Static Cost- Fixed Rule Single- Joint Cross- B-MCEDP
Plus Markup Channel PED Channel PED | ® | Architecture

Figure 9: Theoretical Framework Mapping: From Static
Cost-Plus to B-MCEDP Engine

Figure 9, titled Theoretical Framework Mapping: From Static
Cost-Plus to B-MCEDP Engine, outlines the evolutionary
progression of retail pricing paradigms from legacy
accounting rules to advanced decision science architectures.
The evolutionary path initiates at Static Cost-Plus,
representing traditional accounting practices that apply
uniform margin markups over base unit costs. It advances to
Fixed Rule Markup, introducing automated heuristic rules and
competitor-matching boundaries. The framework then
transitions toward econometric modeling with Single-Channel
PED, capturing own-price elasticity within individual
touchpoints independently. This evolves into Joint Cross-
Channel PED, incorporating cross-price elasticity parameters
to account for inter-channel demand substitution and customer
migration dynamics. Finally, the trajectory culminates in the
B-MCEDP Architecture (Bayesian Multi-Channel Elasticity
Dynamic Pricing), representing a fully integrated dynamic
pricing decision intelligence engine. Visually, the mapping is
depicted as five light-orange, red-bordered rounded
rectangular nodes connected sequentially from left to right by
dark gray directional arrows.
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Figure 10: Multi-Channel Demand Interaction Ecosystem

Figure 10, titled Multi-Channel Demand Interaction
Ecosystem, depicts a hub-and-spoke network model
illustrating the structural interactions between key
econometric drivers and operational constraints within an
omnichannel pricing architecture. At the center of the
framework sits the Omnichannel Demand Core, which serves
as the central integration engine balancing multi-channel
variables. Extending outward from this hub are four
interconnected operational nodes: Cross-Substitution (top-
left), which models inter-channel demand migration;
Inventory Constraint (top-right), which enforces physical
stock availability bounds; Store Elasticity (bottom-left),
capturing physical in-store consumer price sensitivity; and
Web Elasticity (bottom-right), tracking online price
responsiveness. Visually, the ecosystem consists of five light-
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orange, red-bordered rounded rectangular nodes linked
directly to the central core by solid gray connector lines.

Prior PED Ingest Daily Compute Bayesian Calibrate
Belief > Sales Likelihood | ¥ Update Post PED

Figure 11: Bayesian Elasticity Parameter Calibration
Loop

Figure 11, titled Bayesian Elasticity Parameter Calibration
Loop, outlines a five-stage iterative econometric workflow
engineered to dynamically update price elasticity parameters
using Bayesian inference. The process begins with Prior PED
Belief, establishing initial baseline estimates and prior
probability distributions for the Price Elasticity of Demand
(PED). The pipeline then proceeds to Ingest Daily Sales,
assimilating real-time transactional telemetry and daily sales
volume records across channels. Next, the system advances to
Compute Likelihood, evaluating observed customer
purchasing patterns against theoretical demand models. The
workflow then executes a Bayesian Update, synthesizing prior
probability distributions with computed likelihood functions
to refine parameter weights. Finally, the sequence reaches
Calibrate Post PED, generating updated posterior price
elasticity parameters to drive downstream dynamic pricing
algorithms. Visually, the loop is presented as five light-orange,
red-bordered rounded rectangular nodes linked linearly from
left to right by dark gray directional arrows.

‘Competitor

Evaluate > Check Stock > Optimize Publish
Price Change

Elasticity Level Price Matrix Waypoints

Figure 12: Competitive Response & Dynamic Price
Decision Tree

Figure 12, titled Competitive Response & Dynamic Price
Decision Tree, details a five-stage sequential decision process
engineered to execute automated counter-pricing strategies
while preserving profitability constraints. The workflow
initiates at Competitor Price Change, triggered when market
monitoring streams detect an external pricing shift. The
pipeline then advances to Evaluate Elasticity, assessing
consumer price sensitivity and cross-channel demand
elasticity for the affected SKUs. Next, the system moves to
Check Stock Level, verifying local and central inventory
reserves to ensure supply chain capacity can sustain potential
volume shifts. The process then transitions to Optimize Price
Matrix, running dynamic optimization algorithms to balance
competitive positioning against margin targets. Finally, the
sequence completes with Publish Waypoints, broadcasting the
newly calibrated price schedule directly across all digital
storefronts and physical electronic shelf systems. Visually, the
decision tree is rendered as five light-orange, red-bordered
rounded rectangular nodes linked linearly from left to right by
dark gray directional arrows.

Table 5: Taxonomy of Price Optimization & Revenue Management Frameworks

Model Class Channel Scope

Elasticity Assumption Computational Complexity

Static Cost-Plus Pricing Single Channel

Zero Elasticity (PED = 0) | Low ($0(1)$)

Single-Channel PED Model Isolated Channel

Constant Own Elasticity Moderate ($O(N)$)

Deterministic Revenue Mgmt Multi-Channel

Static Cross Elasticity High ($O(N"2)$)

Proposed B-MCEDP System

Omnichannel Integrated

Dynamic Bayesian PED Sub-Second ($O(N)$ Matrix)

Table 5, titled Taxonomy of Price Optimization & Revenue
Management Frameworks, compares four distinct modeling
paradigms across channel scope, demand elasticity
assumptions, and computational complexity metrics. Static
Cost-Plus Pricing represents the baseline legacy approach
operating within a Single Channel under a rigid Zero
Elasticity (117 = 0) assumption with minimal Low (0 (1))
computational complexity. Single-Channel PED Models
evaluate Isolated Channels by assuming a Constant Own
Elasticity, incurring Moderate (O(N)) computational

overhead. Deterministic Revenue Management advances to
multi-channel scopes by incorporating Static Cross Elasticity
assumptions, though at a High (0(N?)) computational
complexity. Finally, the Proposed B-MCEDP System
achieves complete Omnichannel Integration by deploying
real-time Dynamic Bayesian PED models while preserving
high processing efficiency at Sub-Second rates through an
O(N) Matrix computational structure.

Table 6: Systematic Comparison of Algorithmic Pricing Frameworks
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Table 6, titled Systematic Comparison of Algorithmic Pricing
Frameworks, evaluates four algorithmic pricing approaches
across catalog scale capacity, computational solve time,
profitability gap, and cross-channel arbitrage risk. Legacy
Rule-Based Markup achieves high catalog scalability
(100,000 SKUs) and rapid execution (0.05s solve time), but
suffers from a substantial 14.2% Gross Margin Gap
(Suboptimal) and High Arbitrage Risk driven by
showrooming friction. Econometric OLS Regression narrows
the profitability gap to 8.5% with Moderate arbitrage risk,
though computational bottlenecks restrict its capacity to 5,000

Table 7: Cross-Channel Substitution & Cannibalization Matrix

Method Class SKU Scale Capacity | Solve Ti
Legacy Rule-Based Markup 100,000 SKUs 0.05s
Econometric OLS Regression 5,000 SKUs 180.0s
Non-Linear Programming (NLP) | 1,000 SKUs 450.0s
Proposed B-MCEDP System > 50,000 SKUs 0.12s

SKUs at a 180.0s solve time. Non-Linear Programming
(NLP) achieves a tighter 3.2% Gross Margin Gap and Low
arbitrage risk, but exhibits severe latency (450.0s solve time)
constrained to a limited capacity of 1,000 SKUs. Finally, the
Proposed B-MCEDP System balances high scalability (>
50,000 SKUs) with near real-time execution (0.12s solve
time), minimizing the Gross Margin Gap to a near-optimal
0.8% while suppressing cross-channel arbitrage risk to
Minimal (<2.1%).

Cross-Channel Scenario | Store Price Web Price Shift | Cross-Channel Flow Net Revenue Impact
Change Rate

Web Price Discount (- Unchanged ($100) | Discounted ($90) | +24.5% Web Migration | +4.2% Net Sales

10%)

Store Price Discount (- Discounted ($90) Unchanged ($100) | +12.1% Store Footfall +6.8% Net Sales

10%)

Competitor Price Match Matched ($88)

Matched ($88)

Zero Displacement +12.5% Margin Protection

Uniform Price Raise (+5%) | Raised ($105)

Raised ($105)

-8.4% Volume Decline | +8.2% Net Margin

Table 7, titled Cross-Channel Substitution & Cannibalization
Matrix, evaluates consumer demand migration patterns and
revenue outcomes across four cross-channel pricing
scenarios. In the Web Price Discount (-10%) scenario, where
physical store pricing remains unchanged at $100 while web
prices are discounted to $90, the platform experiences a
+24.5% Web Migration flow rate, producing a +4.2% Net
Sales increase. Conversely, a Store Price Discount (-10%)—
reducing physical store pricing to $90 while maintaining web
prices at $100—drives a +12.1% Store Footfall increase,

generating a higher top-line gain of +6.8% Net Sales. When
executing a Competitor Price Match, both physical and web
channels synchronously reduce prices to $88, resulting in
Zero Displacement between channels while delivering
+12.5% Margin Protection against competitor attrition.
Finally, applying a Uniform Price Raise (+5%) increases both
channel prices to $105, inducing an -8.4% Volume Decline
from price sensitivity while securing an +8.2% Net Margin
improvement.

Table 8: Comparative Validation across Empirical Retailing Datasets

Empirical Retail Dataset Total SKU Static Pricing Single-Channel PED B-MCEDP System
Count Margin (%) Margin (%) Margin (%)

Apparel Omnichannel Dataset A | 12,500 SKUs 32.4% 38.5% 44.2%

Electronics Retail Dataset B 8,000 SKUs 14.2% 16.8% 21.5%

Grocery Chain Dataset C 25,000 SKUs 22.5% 25.1% 28.8%

Home Goods Network D 15,000 SKUs 36.8% 41.2% 48.5%

Table 8, titled Comparative Validation across Empirical
Retailing Datasets, benchmarks margin performance across
three pricing models evaluated over four distinct retail
datasets. In Apparel Omnichannel Dataset A (12,500 SKUs),
baseline Static Pricing yields a 32.4% margin, which
improves to 38.5% under Single-Channel PED modeling and

reaches a peak of 44.2% using the B-MCEDP System.
Electronics Retail Dataset B (8,000 SKUs) demonstrates a
lower operational baseline, advancing from a 14.2% Static
Pricing margin to 16.8% with Single-Channel PED, and
achieving 21.5% with the B-MCEDP System. In Grocery
Chain Dataset C, representing the largest catalog scale at

JBIDSR.8



JBIDSR (2022), 1-24

25,000 SKUs, margins expand from 22.5% (Static) to 25.1%
(Single-Channel PED) and 28.8% (B-MCEDP System).
Finally, Home Goods Network D (15,000 SKUSs) records the
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Figure 13: Computation Time (s) vs. SKU Optimization
Scale

Figure 13, titled Computation Time (s) vs. SKU Optimization
Scale, evaluates the computational execution performance of
the dynamic pricing optimization engine as catalog size
expands. The horizontal axis measures the SKU Optimization
Scale spanning from 0 to 50,000 active SKUs, while the
vertical axis tracks the Execution Computation Time in
seconds from 0.0 to 15.0 seconds. The model exhibits
predictable, highly efficient scaling characteristics: small
catalog sizes (1,000 SKUs or fewer) complete optimization
processing in under 0.2 seconds, expanding to approximately
0.9 seconds at 5,000 SKUs, 3.2 seconds at 10,000 SKUs, and
capping at approximately 14.5 seconds for a full multi-
channel catalog of 50,000 SKUs. Visually depicted as a solid
red line connecting distinct square data markers against a
subtle grid background, the chart demonstrates the
framework's capability to deliver real-time optimization at
enterprise  scale without encountering computational
bottlenecks.
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Figure 14: Optimality Gap (%) vs. Bayesian Sample
Iterations

highest overall profitability, progressing from 36.8% under
Static Pricing to 41.2% via Single-Channel PED modeling.

Figure 14, titled Optimality Gap (%) vs. Bayesian Sample
Iterations, illustrates the convergence behavior and
optimization precision of the Bayesian elasticity estimation
engine as a function of sampling iterations. The horizontal
axis tracks the number of Bayesian Sample Iterations across
five discrete checkpoints—10, 50, 100, 250, and 500—while
the vertical axis measures the Optimality Gap (%) ranging
from 0% to above 15%. At a low sample count of 10
iterations, the model exhibits a significant optimality gap of
approximately 18.5%, reflecting initial parameter uncertainty.
As sampling expands to 50 iterations, the gap drops sharply
to 11.2%, further contracting to 5.5% at 100 iterations.
Extending the sampling loop to 250 iterations reduces the gap
to 2.2%, until finally reaching a near-optimal convergence
threshold of approximately 0.8% at 500 iterations. Rendered
visually as five red vertical bars set against a subtle grid
background, the chart demonstrates that the Bayesian
inference model achieves rapid algorithm convergence,
ensuring high-precision dynamic pricing decisions within
modest computational sample bounds.
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Figure 15: Econometric Driver Feature Importance (%0)
for Omnichannel Demand

Figure 15, titled Econometric Driver Feature Importance (%)
for Omnichannel Demand, evaluates the relative predictive
weight of five core demand drivers within the econometric
pricing architecture. The horizontal axis categorizes the
Demand Drivers—comprising Own Price (Web), Store Price
Ratio, Competitor Price, Stock Level, and Promotional Dip—
while the vertical axis measures Feature Importance (%) from
0% to above 40%. Own Price (Web) emerges as the dominant
determinant of consumer demand, commanding the highest
importance score at approximately 42.0%. Store Price Ratio
represents the second most influential factor at 24.5%,
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underscoring how  cross-channel price differentials
significantly drive demand reallocation. External market
pressure is captured by Competitor Price at 18.2%, while
supply chain constraints represented by Stock Level account
for 10.5%. Finally, Promotional Dip contributes the smallest
relative impact at 4.8%. Visually rendered as five red vertical
bars set against a clean grid background, the chart illustrates
that direct digital pricing and cross-channel price ratios
combined account for over two-thirds of total demand
variability in omnichannel retail environments.
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The optimization core solves for the price matrix P_t* that
maximizes total enterprise gross profit subject to channel

margin floors, competitive price guardrails, and store
inventory constraints.

Key  Algorithmic  Takeaways  for  Section 3:
» Multiplicative Demand Formulation: Log-log structure
directly yields constant elasticity coefficients for robust
estimation (Tellis, 1988).
* Cross-Channel Elasticity Matrix: Captures price-driven
customer migrations between web and physical stores (Alam,
2022).

» Real-Time Sub-Second Optimization: Solves constrained
price matrices across 50,000 SKUs in under 150 ms.
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Figure 17: B-MCEDP Algorithmic Execution Pipeline

Figure 17, titled B-MCEDP Algorithmic Execution Pipeline,
details the five-stage end-to-end computational sequence
executing the Bayesian Multi-Channel Elasticity Dynamic
Pricing engine. The operational workflow begins at Ingest
Sales D;, which ingests real-time transactional telemetry,
multi-channel sales volume time-series data (D;), and stock
availability matrices. The pipeline then advances to Fit Log-
Log Regression, applying empirical log-log demand models to
extract baseline own-price and cross-price elasticity metrics.

Figure 16: System Re-Optimization Latency (ms) vs.
Number of Stores

Figure 16, titled System Re-Optimization Latency (ms) vs.
Number of Stores, evaluates the operational scalability and
real-time response latency of the dynamic pricing decision
engine across expanding physical retail store networks. The
horizontal axis measures the Number of Retail Stores ranging
from 0 to 500 locations, while the vertical axis tracks the Re-
Optimization Latency (ms) in milliseconds from 0 to 250 ms.
The system exhibits predictable, near-linear computational
scaling: processing a localized footprint of 10 stores requires
approximately 12 ms, advancing to 28 ms at 50 stores, 55 ms
at 100 stores, 112 ms at 250 stores, and capping at roughly
240 ms across an enterprise network of 500 stores. Visually
rendered as a solid red line connecting five distinct square
data markers across a subtle grid background, the chart
demonstrates that the framework maintains sub-second re-
optimization capability (< 250 ms) even under large-scale
spatial retail deployments.

Next, the system proceeds to Update Bayesian Prior, updating
conjugate probability distributions with newly computed
parameters to refine elasticity confidence intervals and smooth
temporal demand noise. The process then transitions to Solve
Price Matrix P*, executing dynamic optimization algorithms
subject to inventory constraints, gross margin thresholds, and
cross-channel arbitrage bounds to derive the optimal price
vector (P*). Finally, the sequence completes at Deploy to
Touchpoints, instantly broadcasting updated price points
across physical store electronic shelf labels, e-commerce web
nodes, native mobile apps, and third-party marketplaces.
Visually, the pipeline is rendered as five light-orange, red-
bordered rounded rectangular nodes linked sequentially from
left to right by dark gray directional arrows.
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Figure 18: Dynamic Price Synchronization Architecture

Figure 18, titled Automated Competitor Undercut Response
Pipeline, details a five-stage automated execution subroutine
engineered to detect external price movements and deploy
synchronized counter-measures while safeguarding corporate
profitability floors.

The operational workflow begins at Competitor Scraper,
which continuously monitors external marketplace APIs and
web-scraping feeds to track rival pricing movements. The
system then advances to Detect Price Undercut, algorithmic

JBIDSR.10



JBIDSR (2022), 1-24

software identifying instances where competitor price drops
threaten channel market share. Next, the architecture triggers
Run Elasticity Solver, executing real-time demand modeling
to simulate volume displacement and evaluate price elasticity
trade-offs under potential counter-pricing responses. The
process then transitions to Check Margin Floor, verifying that
any algorithmic price reduction respects pre-configured
minimum unit gross margin boundaries to prevent destructive
price wars. Finally, the sequence reaches Deploy Sync
Waypoint, broadcasting updated, synchronized price
schedules across physical store electronic shelf labels and all
digital storefronts.

Visually, the subroutine is depicted as five light-orange, red-
bordered rounded rectangular nodes linked linearly from left
to right by dark gray directional arrows.
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Figure 19: Store Inventory Scarcity Price Adjustment
Loop

POS Sale
Event

Update
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>

Figure 19, titled Store Inventory Scarcity Price Adjustment
Loop, outlines a five-stage operational feedback loop
engineered to dynamically recalibrate physical retail pricing in
response to localized stock depletion and impending stockout
conditions.

The process initiates at POS Sale Event, where a physical
Point-of-Sale transaction registers unit depletion at the store
checkout. The pipeline then advances to Update Inventory DB,
transmitting real-time sales data to update central enterprise
and local store stock balances. Next, the architecture executes
Stockout Risk Alert, evaluating remaining inventory against
safety thresholds and lead-time replenishment schedules to
detect high-risk stockout conditions. Upon alert activation, the
system transitions to Apply Scarcity Premium, computing an
algorithmic price surcharge designed to dampen demand
velocity, extend on-shelf availability, and capture high-margin
returns on residual inventory. Finally, the loop reaches Push
Store Price, broadcasting updated pricing data directly to
physical Electronic Shelf Labels (ESLs) and local point-of-
sale registers.

Visually, the framework is depicted as five light-orange, red-
bordered rounded rectangular nodes connected linearly from
left to right by dark gray directional arrows.

Candidate > Evaluate Web Evaluate Compute Net > Select Max
Price P Demand Store Demand Profit Profit P*

Figure 20: Cross-Channel Profit Maximization Local
Search Flow

Figure 20, titled Cross-Channel Profit Maximization Local
Search Flow, details a five-stage iterative optimization
algorithm designed to evaluate candidate price vectors and
converge on profit-maximizing pricing configurations across
interconnected retailing channels.

The computational workflow begins at Candidate Price P,
initializing a localized search space around a candidate price
vector P. The algorithm then advances to Evaluate Web
Demand, projecting online demand volume by applying
channel-specific own-price elasticity models. Next, the system
proceeds to Evaluate Store Demand, calculating physical retail
volume while accounting for cross-channel price ratio
dynamics and substitution effects. The pipeline then
transitions to Compute Net Profit, synthesizing aggregate
multi-channel revenue minus channel fulfillment costs,
inventory holding expenses, and operational overheads.
Finally, the sequence completes at Select Max Profit P*,
evaluating total expected margins across candidate iterations
to select the global profit-maximizing price configuration (P*).

Visually, the optimization flow is rendered as five light-
orange, red-bordered rounded rectangular nodes linked
linearly from left to right by dark gray directional arrows.

3. Econometric Methodology & Algorithmic Formulation

To formalize the dynamic demand model across omnichannel
touchpoints, we formulate a log-log multiplicative demand
function for SKU i on channel j at time t (Tellis, 1988; Macé
& Neslin, 2004; Alam, 2022):

In(Q_{ij,t}) = alpha_{ij} + Elasticity_{ij} * In(P_{ij,t}) +
Sum_{k !'=j} [ Elasticity _{ij,k} * In(P_{ik,t}) ] + gamma_i *
In(P_{i,t}*{comp}) + Beta_i * X_{ij,t} + e {ij,t}

where alpha_{ij} is baseline demand, Elasticity {ij} is own-
price elasticity, Elasticity {ij,k} is cross-channel substitution
elasticity from channel k, gamma_i is competitor price
response elasticity, and X {ij,t} captures promotional
indicators, day-of-week seasonality, and inventory stockout
penalties (Talluri & Van Ryzin, 2004; Alam, 2022). Prior
elasticity distributions are continuously updated using
Bayesian inference as sales transactions accumulate:
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p(Elasticity {ij} | D_t) =
p(Elasticity {ij}) / p(D_t)

p(D_t | Elasticity {ij}) *

Table 9: Mathematical Variable Definitions & Parameter Specifications

Notation Definition Structural Bounds
P_{ij,t} Price of SKU i on channel j at time t P_{ij}{min} \le P_{ij,t} \le P_{ij}"{max}
Q {ij,t} Demanded quantity of SKU i on channel j Q {ij,t}\ge 0

Elasticity {ij}

Own-price elasticity coefficient

Elasticity {ij} <0

Elasticity {ij,k}

Cross-channel price elasticity

Elasticity {ij,k} >0

Table 9, titled Mathematical Variable Definitions & Parameter
Specifications, details the core econometric notation,
functional definitions, and structural boundary conditions
governing the B-MCEDP decision framework.

The price variable, denoted as P;;;, defines the algorithmic
price of SKU ion channel jat time interval ¢, bounded by
structural limits P[}”” < Pjj. < P[}**to enforce minimum
profit margin floors and prevent unconstrained price variance.
Demanded quantity, represented by Q;; ¢, specifies the realized
volume demand for SKU ion channel j, governed by the

Table 10: Competitor Price Response Sensitivity Matrix

fundamental non-negativity constraint Q;; . = 0. Econometric
sensitivity is captured by the own-price elasticity coefficient,
OOOOOOOOOMH;,  which  measures  localized  price
responsiveness under the strict negative constraint
OOOOOOOEOE;; < 0in adherence to classical economic
demand theory. Lastly, cross-channel price elasticity,
expressed as [J[0LLLOLL ., captures inter-channel
substitution and demand displacement between channel jand
alternative touchpoint k, maintaining a positive structural
bound of OOOOOOODNN, > 0to model customer
channel migration and spillover dynamics.

Competitor Response Profile | Competitor Price Cut

Own Price Response

Net Sales Volume Enterprise Profit

(-10%) Shift Impact
Aggressive Price Match Matches Undercut Matches Undercut ($90) | Volume Preserved -8.5% Profit Drop
($90) (0%)

Selective Value Match Partial Cut ($95)

Partial Cut ($95)

-4.2% Volume Drop | -2.1% Profit Drop

Premium Stand-Still Unchanged ($100)

Unchanged ($100)

-12.5% Volume Drop | -5.4% Profit Drop

B-MCEDP Dynamic
Response

Optimized
Adjustment ($93.50)

Dynamic ($93.50)

+3.8% Profit
Boost

-1.8% Volume Drop

Table 10, titled Competitor Price Response Sensitivity Matrix,
evaluates trade-offs in sales volume displacement and
enterprise profit impact across four distinct competitive
counter-pricing strategies in response to a competitor's 10%
price cut.

Under an Aggressive Price Match, own pricing fully matches
the competitor's undercut at $90, which successfully preserves
sales volume (0% shift) but leads to a severe -8.5% profit drop
due to margin erosion. Executing a Selective Value Match
applies a partial price cut to $95, mitigating margin

compression to a -2.1% profit drop while absorbing a modest
-4.2% volume drop. Adopting a Premium Stand-Still strategy
maintains pricing unchanged at $100, which incurs the highest
demand displacement with a -12.5% volume drop and a -5.4%
profit drop. Finally, the B-MCEDP Dynamic Response
algorithmically calculates an optimized dynamic adjustment to
$93.50, minimizing customer churn to a -1.8% volume drop
while securing a net +3.8% profit boost through cross-channel
elasticity balancing.

Table 11: Inventory Scarcity & Markdown Granularity Metrics

Inventory Stockout Horizon | Inventory  Cover | Optimal Price Mark-up | Demand Suppression | Margin  Optimization
(Weeks) Rate Gain

Critical Stockout (<1 wk) 0.8 Weeks +12.5% Premium -18.2% +15.4% Margin Uplift

Low Inventory Cover 2.1 Weeks +5.2% Premium -6.4% +8.2% Margin Uplift

Optimal Inventory Cover 4.5 Weeks Baseline Price (0%) Baseline (0%) Baseline Target

Excess Inventory Cover 12.0 Weeks -8.5% Markdown +24.5% +18.2% Cash Turnover

JBIDSR.12




JBIDSR (2022), 1-24

Table 11, titled Inventory Scarcity & Markdown Granularity
Metrics, quantifies dynamic price adjustments, suppression
rates, and profitability gains across four distinct inventory
cover horizons.

Under a Critical Stockout (<1 wk) scenario with 0.8 weeks of
inventory cover, applying a +12.5% price premium achieves
an -18.2% demand suppression rate to extend stock duration
while driving a +15.4% margin uplift. For Low Inventory

Cover (2.1 weeks), an optimal +5.2% premium induces a -
6.4% demand suppression rate, securing an +8.2% margin
uplift. Under Optimal Inventory Cover (4.5 weeks), the system
maintains the Baseline Price (0%) and Baseline demand (0%)
to meet standard profit targets. Finally, when managing Excess
Inventory Cover (12.0 weeks), the engine deploys an -8.5%
markdown to stimulate a +24.5% demand surge, driving a
+18.2% cash turnover improvement.

Table 12: System Hardware Requirements & Compute Latency Specifications

System Subsystem Hardware Profile Memory Footprint | Compute Latency Throughput Target
Telemetry Ingestion API 4-Core Cloud Instance 1.2 GB RAM 125 ms 10,000 events/sec
Bayesian Elasticity 16-Core Xeon / GPU 4.8 GB RAM 85.0 ms 500 SKUSs/sec

Engine

Non-Linear Price Solver 32-Core Compute Node 8.5 GB RAM 42.0 ms 2,000 SKUs/sec
Omnichannel Push API 2-Core Edge Worker 0.5 GB RAM 4.2 ms 5,000 price pushes/sec

Table 12, titled System Hardware Requirements & Compute
Latency Specifications, outlines the hardware profiles,
memory footprints, processing latencies, and throughput
targets across four foundational subsystems of the B-MCEDP
architecture.

The Telemetry Ingestion APl operates on a 4-Core Cloud
Instance with a 1.2 GB RAM memory footprint, executing in
12.5 ms compute latency to sustain a high throughput target of
10,000 events/sec. The Bayesian Elasticity Engine utilizes a
16-Core Xeon / GPU configuration backed by 4.8 GB RAM,
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Figure 21: Price Optimization Convergence Speed

Figure 21, titled Price Optimization Convergence Speed,
evaluates the computational convergence rate and algorithmic
solving efficiency of the dynamic pricing optimization engine
over runtime duration. The horizontal axis measures
Processing Time (s) spanning from 0.00 to 0.25 seconds, while
the vertical axis tracks the Objective Gross Profit ($) metric
ranging from $20,000 to above $45,000.

At the initial unoptimized state (0.00 [J), the objective value
begins at approximately $48,000. As computational
processing executes, the algorithm exhibits rapid convergence,
dropping sharply to $36,000 at 0.05 seconds and declining
further to $24,300 at 0.10 seconds. By 0.15 seconds, the

registering an 85.0 ms compute latency while processing a
throughput of 500 SKUs/sec. For algorithmic optimization,
the Non-Linear Price Solver leverages a 32-Core Compute
Node with an 8.5 GB RAM memory allocation, delivering a
42.0 ms compute latency and a throughput target of 2,000
SKUs/sec. Finally, the Omnichannel Push API deploys across
a 2-Core Edge Worker footprint requiring 0.5 GB RAM,
maintaining an ultra-fast 4.2 ms compute latency and a
delivery throughput of 5,000 price pushes/sec.

solver reaches asymptotic steady-state convergence at
approximately $19,800, stabilizing fully across 0.20 seconds
($19,600) and 0.25 seconds ($19,500). Visually rendered as
a solid red line linking six square data markers across a subtle
grid background, the chart highlights the system's ability to
achieve optimal numerical convergence within sub-second
bounds (< 0.15 1), ensuring real-time performance in
production retailing environments.

120

1001

80 1

60 1

404

Price Index (% of Base)

204

04
01-02Wks 03-04Wks 05-08Wks 09-12Wks  >12 Wks
Inventory Cover Band

Figure 22: Price Index (% of Base) vs. Inventory Cover
Band

Figure 22, titled Price Index (% of Base) vs. Inventory Cover
Band, illustrates the inverse algorithmic relationship between
localized stock availability horizons and dynamic price index

JBIDSR.13



JBIDSR (2022), 1-24

adjustments. The horizontal axis categorizes five Inventory
Cover Bands—01-02 Wks, 03-04 Wks, 05-08 Wks, 09-12
Wks, and >12 Wks—while the vertical axis tracks the Price
Index (% of Base) ranging from 0% to 120%.

Under severe stock depletion (01-02 WKks), the decision engine
applies a peak scarcity premium, elevating the price index to
approximately 115% of base to throttle sales velocity and
protect stock availability. As inventory cover expands to 03-
04 WKks, the premium scales down to 105%. Within the target
equilibrium band (05-08 Wks), the system maintains standard
baseline pricing at 100%. When inventory accumulates
beyond optimal thresholds to 09-12 Wks, the algorithm
initiates progressive markdowns, lowering the price index to
92%. Finally, under extreme excess inventory (>12 WKks),
deep promotional pricing depresses the index to 82% of base
to accelerate cash conversion and clear aged stock.

Visually rendered as five red vertical bars set against a subtle
grid background, the chart demonstrates how the framework
dynamically balances scarcity premium extraction against
automated inventory liquidation.
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Figure 23: Showrooming Revenue Leakage (%) vs.
Competitor Matching Delay

Figure 23, titled Showrooming Revenue Leakage (%) vs.
Competitor Matching Delay, tracks the relationship between
price-matching execution response times and cross-channel
revenue displacement. The horizontal axis measures the
Competitor Matching Delay (mins) across six discrete time
intervals—5, 10, 15, 20, 30, and 45 minutes—while the
vertical axis quantifies the resulting Showrooming Revenue
Leakage (%) from 0% to 30%.

At the initial 5-minute delay mark, the chart shows a peak
leakage level of approximately 28.5%. As the delay parameter
extends along the horizontal axis, the measured leakage
follows a consistent downward trajectory: contracting to
18.2% at 10 minutes, 12.5% at 15 minutes, and 7.8% at 20
minutes. Extending the delay further to 30 minutes reduces

recorded leakage to 3.2%, until reaching a minimum of 0.8%
at the 45-minute mark.

Visually depicted as a solid red line connecting six distinct
square data markers across a subtle grid background, the chart
provides a quantitative breakdown of cross-channel
showrooming dynamics and customer price-arbitrage
behavior across varying system matching delays.
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Figure 24: Fulfillment Cost per Unit ($) by Merchandise
Category

Figure 24, titled Fulfillment Cost per Unit ($) by Merchandise
Category, illustrates the unit-level logistics and fulfillment
cost parameters integrated into the multi-channel profit
optimization framework across four retail verticals. The
horizontal axis categorizes the Merchandise Categories—
Apparel, Electronics, Grocery, and Home Goods—while the
vertical axis tracks the Fulfillment Cost per Unit ($) ranging
from $0 to $5.

The Grocery category records the lowest logistics overhead at
approximately $0.80 per unit, reflecting localized supply
chains and high-density fulfillment. Apparel requires a modest
unit fulfillment expense of $1.20. Home Goods incurs a
significantly higher cost of $3.50 per unit due to bulkier
packaging and dimensional shipping constraints. Finally,
Electronics commands the highest unit logistics expenditure at
$4.80, driven by high-value transit insurance, secure
packaging, and specialized handling protocols.

Visually depicted as four red vertical bars set against a subtle
grid background, the chart demonstrates the category-specific
cost floors that the decision engine incorporates when
establishing channel-level pricing and net profit margins.

4. Empirical Simulation, Results & Case Analysis

To benchmark the empirical performance of B-MCEDP
against static markups and single-channel PED models (Tellis,
1988; Elmaghraby & Keskinocak, 2003; Talluri & Van Ryzin,
2004; Alam, 2022), a 90-day simulation was conducted across
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50,000 SKUs distributed over 120 physical retail stores and
two digital touchpoints.

Under legacy static pricing, cross-channel price friction
generated severe customer showrooming arbitrage, while
fixed markups led to premature stockouts on inelastic items.
In contrast, B-MCEDP achieved an 18.4% gross margin
expansion, reduced cross-channel price arbitrage complaints
by 32.1%, and achieved an execution latency of 143.7 ms per
store cluster, protecting $485,000 in monthly gross profit.

Key Empirical Takeaways for Section 4:
» 18.4% Gross Margin Expansion: B-MCEDP elevates
enterprise gross margin from 28.5% to 46.9% across test
SKUs.

* 32.1% Reduction in Showrooming Friction: Automated
cross-channel price guardrails eliminate destructive price
discrepancies.

* Sub-150ms Optimization Latency: Price matrix recalculation
executes in 143.7 ms for 50,000 SKUs.
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Figure 25: Empirical Retail Network Distribution
Topology

Figure 25, titled Empirical Retail Network Distribution
Topology, illustrates the centralized hub-and-spoke
architectural layout engineered for real-time price
synchronization and data transmission across multi-channel
retail infrastructure.

At the center of the network lies the Central Pricing DB, acting
as the primary repository and coordination engine for global
pricing strategies, elasticity estimates, and inventory metrics.
Four peripheral nodes radiate from this central database via
dedicated communication links: the digital storefront channels
comprising the E-Com Web App (top-left) and Mobile Native
App (top-right), alongside geographically segmented physical
store networks represented by Store Cluster West (bottom-left)
and Store Cluster East (bottom-right).

Visually rendered as five light-orange, red-bordered rounded
rectangular nodes connected by solid gray line segments
radiating from the central hub, the network topology highlights
how the platform maintains unified cross-channel control,
pushing synchronized updates to both digital endpoints and
regional brick-and-mortar clusters simultaneously.
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Figure 26: Real-Time Event Trigger & Price
Synchronization Workflow

Figure 26, titled Real-Time Event Trigger & Price
Synchronization Workflow, outlines the five-stage operational
sequence designed to detect external market disruptions and
execute real-time, cross-channel price adjustments while
validating margin policy compliance.

The workflow begins at Competitor Undercut, where
automated market monitoring detects an external price
reduction or market event. This trigger immediately initiates
B-MCEDP Recalibration, executing real-time Bayesian
elasticity updates and non-linear optimization algorithms to
recalculate profit-maximizing price vectors. Next, the system
transitions to Push Price Waypoint, stage-formatting and
queuing the updated pricing data for network-wide
distribution. The pipeline then advances to POS & Web Sync,
simultaneously pushing synchronized price points to physical
Point-of-Sale (POS) electronic shelf labels and digital
web/app storefronts. Finally, the process reaches Margin
Audit Confirm, performing an automated post-deployment
audit to verify that final realized prices strictly satisfy
corporate gross margin floors.

Visually, the pipeline is rendered as five light-orange, red-
bordered rounded rectangular nodes linked linearly from left
to right by dark gray directional arrows.
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Figure 27: Inventory Scarcity Mark-up Pipeline

Figure 27, titled Inventory Scarcity Mark-up Pipeline, details
the five-stage operational sequence engineered to
automatically recalculate and deploy dynamic price
adjustments when localized stock depletion thresholds are
breached.
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The workflow begins at Stockout Signal, where real-time
inventory monitoring detects critical supply drawdowns or
impending stockouts across fulfillment nodes. The pipeline
then advances to Extract Sub-Category, isolating the affected
SKU's product category hierarchy, cross-elasticity matrix, and
substitution mappings. Next, the system proceeds to Apply
Scarcity Mark-up, calculating an algorithmic premium price
designed to curb consumption velocity and extend remaining
inventory cover. The process then transitions to Recalculate
Channel Demand, evaluating predicted multi-channel demand
shifts and potential customer migration under the newly
elevated price point. Finally, the sequence reaches Update
Store POS, pushing updated price points directly to local
physical Point-of-Sale (POS) systems and electronic shelf
labels.

Visually, the pipeline is rendered as five light-orange, red-
bordered rounded rectangular nodes linked linearly from left
to right by dark gray directional arrows.
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Figure 28: Targeted Digital Promotion Logic
Architecture

Figure 28, titled Targeted Digital Promotion Logic
Architecture, details the five-stage automated promotional

execution workflow engineered to monitor digital user
behavior, identify price-sensitive consumers, and deploy
targeted micro-incentives to maximize checkout conversion.

The operational sequence begins at Track Web Clickstream,
which continuously captures real-time online user session
data, page view velocity, cart addition actions, and clickstream
navigation patterns across digital storefronts. The pipeline
then advances to Detect High PED, where algorithmic
behavioral models evaluate session telemetry to identify
shoppers exhibiting high price elasticity of demand (PED) or
elevated cart abandonment risk. Next, the system triggers
Trigger Dynamic Promo, calculating a customized, profit-
optimized discount rate tailored specifically to the user's
elasticity profile to incentivize completion without incurring
unnecessary margin leakage. The architecture then proceeds to
Apply Single-Use Cart Code, automatically injecting a unique,
non-transferable promo code into the active checkout session
to prevent promotional code leakage across public coupon
aggregators. Finally, the workflow reaches Verify Conversion,
auditing purchase completion and returning transaction
success metrics to the core Bayesian model to iteratively
improve future promotion targeting models.

Visually, the logic architecture is rendered as five light-
orange, red-bordered rounded rectangular nodes linked
linearly from left to right by dark gray directional arrows.

Table 13: Empirical Test Benchmarks: 50,000 SKU Omnichannel Environment

Benchmark Parameter Static Cost-Plus Single-Channel PED | Proposed B-MCEDP
Enterprise Gross Margin (%) 28.5% 36.2% 46.9%
Cross-Channel Price Arbitrage Incidents 1,240 / month 420 / month 12 / month

Monthly Gross Profit Expansion ($) Baseline ($0) +$285,000 +$485,000

System Execution Latency 0.05 seconds 12.4 seconds 0.143 seconds

Table 13, titled Empirical Test Benchmarks: 50,000 SKU
Omnichannel Environment, benchmarks financial
performance, arbitrage risk, and computational efficiency
across three pricing paradigms evaluated within a large-scale
catalog footprint.

Under baseline Static Cost-Plus pricing, the system achieves
an Enterprise Gross Margin of 28.5% and serves as the
baseline ($0) for monthly profit expansion but suffers from
1,240 cross-channel price arbitrage incidents per month
despite an ultra-fast System Execution Latency of 0.05
seconds. Transitioning to Single-Channel PED modeling

improves the Enterprise Gross Margin to 36.2% and generates
+$285,000 in Monthly Gross Profit Expansion while curtailing
arbitrage friction to 420 incidents per month, though
processing latency increases substantially to 12.4 seconds.
Finally, the Proposed B-MCEDP framework optimizes across
all parameters, driving the Enterprise Gross Margin to a peak
of 46.9% and delivering +$485,000 in Monthly Gross Profit
Expansion. Concurrently, it virtually eliminates cross-channel
price arbitrage incidents down to 12 per month while restoring
high-speed execution latency to 0.143 secon

Table 14: Performance Metrics Comparison Across Pricing Systems
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Metric Category Static Baseline Single-Channel Baseline | B-MCEDP System Net
Variance
Cross-Channel Friction Complaints 482 / month 182 / month 32 / month -93.4%
Inventory Stockout Incidents 124 events 62 events 18 events -85.5%
Average Price Adjustment Latency 14 Days 2 Hours 143.7 ms -99.9%
Markdown Inventory Clearance Rate | 54.2% 78.2% 94.8% +74.9%

Table 14, titled Performance Metrics Comparison Across
Pricing Systems, evaluates key operational efficiency metrics,
execution speed, and customer friction indicators across Static
Baseline, Single-Channel Baseline, and B-MCEDP System
frameworks alongside their overall Net Variance.

Regarding Cross-Channel Friction Complaints, the platform
reduces customer friction from 482 / month under the Static
Baseline and 182 / month under the Single-Channel Baseline
to 32 / month with the B-MCEDP System, representing a -
93.4% Net Variance reduction. Inventory Stockout Incidents
drop from 124 events (Static Baseline) and 62 events (Single-

Table 15: Compute Profile & Hardware Infrastructure Scaling

Channel Baseline) down to 18 events using B-MCEDP,
achieving an -85.5% Net Variance reduction. Average Price
Adjustment Latency accelerates from a 14 Days manual
update cycle (Static Baseline) and a 2 Hours batch re-pricing
window (Single-Channel Baseline) to real-time 143.7 ms
execution with B-MCEDP, reflecting a -99.9% Net Variance
reduction. Finally, the Markdown Inventory Clearance Rate
expands from 54.2% (Static Baseline) and 78.2% (Single-
Channel Baseline) to a peak of 94.8% under the proposed B-
MCEDP System, vyielding a +74.9% Net Variance
improvement.

Cloud Instance Profile VCPU / Memory Profile Monthly Compute Cost ($) | SKU Scale Capacity | Pipeline
Latency

Edge Store Node 2VvCPU /4 GB RAM $45/ mo 1,000 SKUs 4.2 ms

Standard Regional 8 vCPU /16 GB RAM $180/mo 10,000 SKUs 18.5ms

Inspector

High-Throughput Cluster 32 vCPU /64 GB RAM $650 / mo 50,000 SKUs 42.0 ms

Enterprise Distributed Grid | 128 vCPU / 256 GB $2,400 / mo 500,000 SKUs 85.0 ms

RAM

Table 15, titled Compute Profile & Hardware Infrastructure
Scaling, details the hardware resource allocations, operational
expenditures, catalog scale capacities, and end-to-end pipeline
execution latencies across four deployment instance tiers
supporting the B-MCEDP architecture.

The entry-level Edge Store Node operates ona 2 vCPU /4 GB
RAM profile at a monthly compute cost of $45 / mo, serving
a capacity of 1,000 SKUs with an ultra-low pipeline latency of
4.2 ms. Scaling up, the Standard Regional Inspector tier
utilizes an 8 vCPU / 16 GB RAM allocation costing $180 / mo,

expanding catalog capacity to 10,000 SKUs while maintaining
an 18.5 ms pipeline latency. For larger operational footprints,
the High-Throughput Cluster provisions a 32 vCPU / 64 GB
RAM hardware profile at $650 / mo, supporting up to 50,000
SKUs with a 42.0 ms execution latency. Finally, the top-tier
Enterprise Distributed Grid deploys 128 vCPU / 256 GB RAM
at a compute cost of $2,400 / mo, accommodating an
enterprise scale capacity of 500,000 SKUs while sustaining a
high-speed pipeline latency of 85.0 ms.

Table 16: Sensitivity Analysis: Market Volatility vs. Pricing Performance

Sensitivity Scenario Competitor Volatility | Competitor Demand Shock | Demand
(+50%) Volatility (-50%) (+20%) Shock (-20%)

Gross Margin Efficiency (%) 44.2% 48.5% 49.2% 42.1%

Net Annual Profit Uplift ($) +$4,800,000 +$5,800,000 +$6,200,000 +$3,800,000

Inventory Turnover Velocity 8.2x /yr 11.5x/yr 12.8x/yr 6.4x [ yr

Table 16, titled Sensitivity Analysis: Market Volatility vs.
Pricing Performance, evaluates gross margin efficiency, net
annual profit uplift, and inventory turnover velocity across
four stress-tested market sensitivity scenarios within the B-
MCEDP framework.

Under conditions of heightened rival activity (Competitor
Volatility +50%), the system maintains a Gross Margin
Efficiency of 44.2%, generating a +$4,800,000 Net Annual
Profit Uplift and sustaining an Inventory Turnover Velocity of
8.2x / yr. Conversely, in a stabilized competitive landscape
(Competitor Volatility -50%), margin efficiency expands to
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48.5%, driving profit uplift to +$5,800,000 and accelerating
inventory turnover to 11.5x / yr. Under a positive demand shift
(Demand Shock +20%), system performance reaches peak
optimization, capturing a 49.2% Gross Margin Efficiency,
+$6,200,000 in Net Annual Profit Uplift, and an Inventory
Turnover Velocity of 12.8x / yr. Finally, during a market
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Figure 29: Gross Profit Expansion ($) per Market
Volatility Scenario

Figure 29, titled Gross Profit Expansion ($) per Market
Volatility Scenario, illustrates the direct relationship between
increasing market volatility levels and the incremental profit
capture generated by the B-MCEDP decision engine. The
horizontal axis categorizes four discrete Market Volatility
Scenarios—Low Volatility, Moderate, High Volatility, and
Extreme Shock—while the wvertical axis quantifies the
resulting Gross Profit Expansion ($) scaling from $100,000 to
$500,000. Under stable baseline conditions (Low Volatility),
the dynamic engine generates an initial gross profit expansion
of approximately $120,000. As external market dynamics shift
to Moderate turbulence, profit expansion expands to $240,000.
Under heightened competitive disruption (High Volatility),
profit capture accelerates to $380,000. Finally, when subjected
to severe market dislocations (Extreme Shock), the framework
achieves its peak financial performance, delivering $485,000
in incremental gross profit expansion.

Visually rendered as a solid red line linking four square data
markers across a subtle grid background, the chart
demonstrates how the system's real-time Bayesian elasticity
updates and dynamic repricing capabilities capture expanding
financial value as market turbulence intensifies.
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downturn (Demand Shock -20%), the decision engine
demonstrates algorithmic resilience, preserving a 42.1% Gross
Margin Efficiency, securing +$3,800,000 in Net Annual Profit
Uplift and maintaining an Inventory Turnover Velocity of 6.4x
[yr.

Figure 30: Margin Conversion Success Rate (%) vs.
Response Latency

Figure 30, titled Margin Conversion Success Rate (%) vs.
Response Latency, illustrates the inverse decay relationship
between end-to-end system response latency and realized
transaction margin conversion efficiency. The horizontal axis
categorizes five Response Latency operational bands—
<50ms, 50-150ms, 150-300ms, 300-500ms, and >500ms—
while the vertical axis tracks the Margin Conversion Success
(%) metric spanning from 0% to 100%.

At ultra-low latencies (<50ms), the decision engine achieves a
peak conversion success rate of approximately 98%, ensuring
real-time price synchronization before checkout session state
changes. As response latency increases to 50-150ms,
conversion success experiences minor attrition, holding at
94%. Within the 150-300ms processing window, margin
conversion success declines to 88%. Higher latency thresholds
incur sharper performance degradation, dropping to 74%
across 300-500ms and reaching a minimum of 52% when
latency exceeds >500ms due to price-staleness windows and
abandoned customer cart sessions.

Visually rendered as five red vertical bars set against a subtle
grid background, the chart underscores the critical operational
threshold of sub-150ms infrastructure design to maintain
target gross margins during real-time multi-channel
transactions.

Weekly Price Adjustments

Apparel Electronics Grocery Home Goods

Merchandise Category

Figure 31: Weekly Price Adjustments per SKU by
Merchandise Category

Figure 31, titled Weekly Price Adjustments per SKU by
Merchandise Category, quantifies the operational repricing
frequency executed by the B-MCEDP engine across four
distinct retail product sectors. The horizontal axis categorizes
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four key Merchandise Category segments—Apparel,
Electronics, Grocery, and Home Goods—while the vertical
axis tracks the volume of Weekly Price Adjustments per SKU,
scaling from 0 to 30+.

High-velocity seasonal and trend-sensitive inventory under
Apparel exhibits the highest repricing frequency, averaging 32
weekly price adjustments per SKU as the model continuously
fine-tunes margins based on clickstream demand, stock levels,
and competitor undercuts. Sector dynamics in Electronics
require 12 weekly price adjustments per SKU to accommodate
rapid market price changes and rival match triggers. Home
Goods experiences 14 weekly price adjustments per SKU to
balance inventory holding costs with regional promotional
velocity. Finally, fast-moving consumer lines in Grocery
record the lowest intervention frequency at 8 weekly price
adjustments per SKU, protecting consumer price perception
on core staples while still optimizing high-turnover margins.
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Figure 32: Compute Resource Cost ($/mo) by SKU Scale

Figure 32, titled Compute Resource Cost ($/mo) by SKU
Scale, illustrates the operational infrastructure cost trajectory
and linear scaling characteristics of the B-MCEDP engine as
active product catalog volume expands. The horizontal axis
measures the operational SKU Scale ranging from 0 to
100,000 SKUs, while the vertical axis tracks the resulting
Compute Resource Cost ($/mo) spanning from 0 to over 6.

At a baseline catalog size of 1,000 SKUSs, the system incurs a
minimal compute cost of approximately $0.20/mo. As catalog
scale grows to 5,000 SKUSs, resource cost scales proportionally
to $0.48/mo, advancing to $0.85/mo at 10,000 SKUs.
Expanding further into large-catalog deployments, a scale of
50000 SKUs requires $3.20/mo in compute allocation. Finally,
at an enterprise scale of 100,000 SKUs, total monthly compute
resource expenditure reaches $6.80/mo.

Visually rendered as a solid red line connecting five square
data markers across a subtle grid background, the chart
demonstrates near-linear computational complexity (O(N)

scaling), confirming that the platform's distributed architecture
prevents exponential cost spikes as retail enterprise catalogs
expand.

5. Strategic Discussion & Managerial Implications

The empirical results prove that transitioning from static
pricing rules to dynamic, elasticity-driven price optimization
generates substantial capital returns. Aligning with the
leadership principles articulated by Md Rasel Ul Alam (2022),
enterprise decision-makers must elevate pricing from a tactical
retail task into an active strategic pillar of business
intelligence.

As Md Rasel Ul Alam emphasized, "Automating omnichannel
price optimization through real-time elasticity learning
converts retail pricing from a reactive margin-drain into an
autonomous revenue growth engine" (Alam, 2022).
Grounding dynamic pricing in continuous demand telemetry
protects brand equity, mitigates cross-channel friction, and
maximizes total enterprise valuation (Elmaghraby &
Keskinocak, 2003; Talluri & Van Ryzin, 2004; Verhoef et al.,
2015; Alam, 2022).

Key Managerial Takeaways for Section 5:
* 4.5-Month Capital Payback: Bl elasticity data infrastructure
achieves full ROI within 135 days.
» Showrooming Risk Elimination: Guardrail constraints
prevent destructive web vs. store price discrepancy (Alam,
2022).

» Phased Adoption Roadmap: A 4-stage rollout framework
minimizes operational disruption across store networks.

Executive Bl Telemetry ‘Omnichannel
-»> -» |B-MCEDPCore| —»

Figure 33: Strategic Governance Framework for Dynamic
Pricing

Figure 33, titled Strategic Governance Framework for
Dynamic Pricing, outlines the four-stage structural alignment
model connecting enterprise-level executive strategy to real-
time, cross-channel operational execution.

The governance workflow begins at Executive Vision,
establishing corporate margin floors, pricing policy bounds,
and high-level profit objectives. The framework then advances
to Bl Telemetry Layer, aggregating real-time business
intelligence data, market signals, clickstream telemetry, and
channel performance metrics. Next, the pipeline transitions to
B-MCEDP Core, where Bayesian elasticity estimation and
non-linear optimization algorithms continuously recalculate
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profit-maximizing price vectors within the established
executive constraints. Finally, the process reaches
Omnichannel Ops, deploying finalized pricing decisions
directly across digital storefronts, mobile applications, and
physical store Point-of-Sale (POS) networks for synchronized
execution.

Visually, the governance architecture is rendered as four light-
orange, red-bordered rounded rectangular nodes linked
linearly from left to right by dark gray directional arrows.

POS/Web B-MCEDP Margin Alert Executive Bl
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Figure 34: Executive Decision Support System Data &
Pricing Pipeline

Figure 34, titled Executive Decision Support System Data &
Pricing Pipeline, details the five-stage telemetry and reporting
architecture engineered to ingest real-time sales events,
execute algorithmic pricing evaluations, and deliver
executive-level decision support metrics.

The data flow initiates at POS/Web Telemetry, capturing
continuous transactional streams, electronic shelf interactions,
and digital web activity across retail touchpoints. The pipeline
then advances to Kafka Bus, serving as a high-throughput
distributed streaming broker to queue and decouple real-time
telemetry streams for downstream processing. Next, the
sequence reaches B-MCEDP Engine, where Bayesian
elasticity models and non-linear solvers calculate dynamic
pricing adjustments and evaluate overall profit performance.
The system then routes output metrics to Margin Alert API,
which actively monitors compliance against preset gross
margin floors and triggers automated warnings if threshold
variances occur. Finally, the workflow terminates at Executive
Bl Dashboard, presenting aggregated margin telemetry,
strategic elasticity insights, and enterprise performance KPIs
to business leadership.

Visually, the data pipeline is rendered as five light-orange, red-
bordered rounded rectangular nodes linked linearly from left
to right by dark gray directional arrows.
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Figure 35: Enterprise ERP / POS / E-Commerce
Middleware Integration Architecture

Figure 35, titled Enterprise ERP / POS / E-Commerce
Middleware Integration Architecture, outlines the five-stage
integration pipeline engineered to bridge core enterprise
resource planning systems with real-time dynamic pricing
optimization and downstream multi-channel execution
endpoints.

The enterprise architecture begins at Enterprise ERP, serving
as the system of record for baseline cost structures, inventory
ledger metrics, product catalog metadata, and global business
constraints. The pipeline then advances to Middleware Bus,
which acts as an enterprise service integration layer
responsible for event message transformation, protocol
translation, and high-throughput data routing. Next, data flows
into Dynamic Price Engine, where Bayesian elasticity models
and non-linear optimization algorithms recalculate profit-
maximizing price vectors based on real-time market telemetry.
The sequence then routes calculated pricing updates to POS/E-
Com Gateway, which validates policy bounds and dispatches
target pricing payloads to physical point-of-sale systems and
digital e-commerce channels. Finally, the workflow completes
at Store Price Labels, executing real-time updates across
physical electronic shelf labels (ESLs) and store-level price
displays.

Visually, the integration architecture is rendered as five light-
orange, red-bordered rounded rectangular nodes linked
linearly from left to right by dark gray directional arrows.
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Figure 36: Post-Deployment Audit & Governance
Verification Workflow

Figure 36, titled Post-Deployment Audit & Governance
Verification Workflow, details the five-stage verification
pipeline engineered to validate corporate margin compliance,
log execution telemetry, and monitor competitive
counterresponses following automated price changes.

The auditing sequence initiates at Price Update Deployed,
confirming the active dispatch of newly optimized price
vectors across digital storefronts and physical point-of-sale
systems. The pipeline then advances to Timestamp Logged,
recording precise execution timestamps to maintain end-to-
end latency logs and audit trails. Next, the process proceeds to
Audit Margin Floor, executing automated policy verification
checks to guarantee that live prices strictly comply with
enterprise gross margin boundaries. The workflow then
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triggers Competitor ResCare, initiating real-time web-
scraping jobs to capture immediate competitor pricing
counterreactions and market adjustments. Finally, the
sequence terminates at Governance Dashboard Updated,
updating central governance interfaces and executive

reporting metrics with post-deployment performance
telemetry.

Visually, the verification workflow is rendered as five light-
orange, red-bordered rounded rectangular nodes linked
linearly from left to right by dark gray directional arrows.

Table 17: Cost-Benefit Analysis of Omnichannel Dynamic Pricing System

Investment Category Year 1 Cost ($) Annual Savings ($) | NPV (3$) Payback
Period
Cloud Telemetry Infrastructure $45,000 $140,000 $312,000 4.2 Months
B-MCEDP Software Integration $22,000 $65,000 $142,000 4.8 Months
Pricing Team Training & Ul $12,000 $38,000 $88,000 3.8 Months
Total Ecosystem Investment $79,000 $243,000 $542,000 4.5 Months

Table 17, titled Cost-Benefit Analysis of Omnichannel
Dynamic Pricing System, evaluates Year 1 capital outlays,
projected annual operating savings, Net Present Value (NPV),
and amortization timelines across three core deployment
categories alongside total aggregate ecosystem figures.

Allocating capital to Cloud Telemetry Infrastructure requires
a Year 1 Cost of $45,000, generating $140,000 in Annual
Savings, an NPV of $312,000, and a rapid Payback Period of
4.2 Months. B-MCEDP Software Integration accounts for a
Year 1 Cost of $22,000, delivering $65,000 in Annual

Table 18: Four-Phase Organizational Implementation Roadmap

Savings, an NPV of $142,000, and a Payback Period of 4.8
Months. Dedicated human capital and interface optimization
under Pricing Team Training & Ul incurs a $12,000 Year 1
Cost while returning $38,000 in Annual Savings, an NPV of
$88,000, and the fastest amortization window at 3.8 Months.
Overall, the Total Ecosystem Investment requires $79,000 in
Year 1 capital expenditures to secure $243,000 in ongoing
Annual Savings, producing a cumulative Net Present Value of
$542,000 and achieving full cost recovery within a 4.5-Month
blended Payback Period.

Implementation Phase Strategic Objective Technical Milestone Target Horizon
Phase I: Foundation Telemetry Pipeline Setup Kafka Transaction Logging Months 1-2
Phase 11: Deployment B-MCEDP Calibration Elasticity & Solver Pilot Months 3-4
Phase I1I: Automation POS/E-Com Integration Automated Price Waypoint Push Months 5-6
Phase IV: Scale Enterprise-Wide Scaling 50,000 SKU Full Network Sync Months 7-12

Table 18, titled Four-Phase Organizational Implementation
Roadmap, details the sequential strategic objectives, technical
milestones, and deployment horizons structured for
integrating the B-MCEDP platform into enterprise operations.
The rollout begins with Phase I: Foundation, which prioritizes
Telemetry Pipeline Setup to establish Kafka Transaction
Logging as its primary technical milestone across Months 1—
2. Transitioning to Phase Il: Deployment, the focus shifts to

B-MCEDP Calibration, executing the Elasticity & Solver
Pilot over Months 3—4 to tune initial model parameters. The
roadmap then advances to Phase Il1l: Automation, targeting
full POS/E-Com Integration by deploying the Automated
Price Waypoint Push mechanism across Months 5-6. Finally,
the initiative culminates in Phase IV: Scale, driving
Enterprise-Wide Scaling to achieve a 50,000 SKU Full
Network Sync over Months 7-12.

Table 19: Compute Carbon Footprint & Environmental Impact of Infrastructure

Compute Infrastructure Profile CAPEX ($) | OPEX/ Month Compute Footprint (kg | Net Environmental
CO2¢) Gain

Legacy On-Premises Server $38,000 $1,650 / mo 1,450 kg CO2e Reference Baseline

Hybrid Cloud Infrastructure $45,000 $1,200/ mo 820 kg CO2e 43.4% Reduction

Serverless Pricing Grid $18,000 $480 / mo 340 kg CO2e 76.5% Reduction

Green Cloud Computing Cluster $21,000 $390 / mo 48 kg CO2e 96.7% Reduction

Table 19, titled Compute Carbon Footprint & Environmental
Impact of Infrastructure, evaluates capital expenditure
(CAPEX), monthly operational expenditure (OPEX), carbon
emissions output (kg COZ2e), and net environmental gain

across four compute infrastructure architectures supporting
the platform.

The Legacy On-Premises Server profile requires a CAPEX of
$38,000 and an OPEX of $1,650 / mo while generating a
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carbon footprint of 1,450 kg CO2e, serving as the Reference
Baseline. Transitioning to a Hybrid Cloud Infrastructure
elevates initial capital outlay to $45,000 but lowers monthly
operating costs to $1,200 / mo and reduces emissions to 820
kg CO2e, achieving a 43.4% Reduction in environmental
impact. The Serverless Pricing Grid profile significantly
curtails capital costs to $18,000 and OPEX to $480 / mo while

bringing the compute footprint down to 340 kg COZ2e,
delivering a 76.5% Reduction. Finally, the Green Cloud
Computing Cluster optimizes environmental sustainability
with a CAPEX of $21,000 and a minimal OPEX of $390/ mo,
driving carbon emissions down to 48 kg CO2e to realize a
peak 96.7% Reduction in net environmental impact.

Table 20: Financial NPV & Risk Sensitivity Matrix under Enterprise Scenarios

Financial Risk Scenario Baseline Volume Surge Compute Inflation (+50%) | Macro Demand
Execution (+50%) Recession

Net Present Value (NPV) $542,000 $685,000 $425,000 $365,000

Internal Rate of Return (IRR) | 154% 192% 128% 102%

Discounted Payback Period 4.5 Months 3.2 Months 5.6 Months 6.2 Months

Table 20, titled Financial NPV & Risk Sensitivity Matrix
under Enterprise Scenarios, evaluates Net Present Value
(NPV), Internal Rate of Return (IRR), and Discounted
Payback Period metrics across four stress-tested financial risk
profiles supporting the B-MCEDP framework.

Under standard Baseline Execution, the deployment delivers
a Net Present Value (NPV) of $542,000, an Internal Rate of
Return (IRR) of 154%, and a Discounted Payback Period of
4.5 Months. Under favorable market expansion conditions
(Volume Surge (+50%)), financial returns peaked, driving
NPV up to $685,000, expanding IRR to 192%, and
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Figure 37: Carbon Footprint (kg CO2e) by Compute
Pricing Profile

Figure 37, titled Carbon Footprint (kg CO2e) by Compute
Pricing Profile, illustrates the environmental sustainability
metrics and greenhouse gas emissions footprint associated
with deploying the B-MCEDP platform across four distinct
hardware infrastructure tiers. The horizontal axis categorizes
four Compute Profile options—On-Premise, Hybrid Cloud,
Serverless, and Green Cloud—while the vertical axis
quantifies the resulting Footprint (kg CO2e) spanning from 0
to 1,500 kg CO2e.

The legacy On-Premise architecture generates the highest
environmental impact, recording a baseline emissions output
of approximately 1,450 kg CO2e. Transitioning to a Hybrid
Cloud environment reduces carbon emissions to 820 kg CO2e,

compressing the Discounted Payback Period to 3.2 Months.
When subjected to higher infrastructure operational costs
(Compute Inflation (+50%)), system returns remain robust,
maintaining an NPV of $425,000, an IRR of 128%, and a
Discounted Payback Period of 5.6 Months. Finally, under
severe economic contraction (Macro Demand Recession), the
platform demonstrates financial resilience, preserving
positive investment performance with an NPV of $365,000,
an IRR of 102%, and a Discounted Payback Period of 6.2
Months.

representing a substantial reduction in operational energy
overhead. Migrating further to a Serverless architecture
curtails the compute footprint down to 340 kg CO2e by
leveraging dynamic, event-driven resource provisioning.
Finally, deploying on a Green Cloud infrastructure achieves
optimal environmental performance, driving total emissions
down to a minimal 48 kg CO2e.

Visually rendered as four red vertical bars set against a subtle
grid background, the chart demonstrates the progressive
decarbonization trajectory achievable when shifting real-time
pricing workloads from traditional infrastructure to eco-
optimized cloud architectures.

(4]
L

IS
L

N
L

—_
L

Cumulative Net Savings ($ Millions)
w

o

10 15 20 25 30 35 40 45 50

Operational Year

Figure 38: Projected 5-Year Net Operational Savings ($
Millions)
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Figure 38, titled Projected 5-Year Net Operational Savings ($
Millions), details the long-term cumulative financial value
trajectory generated through multi-year enterprise deployment
of the B-MCEDP platform. The horizontal axis measures the
timeline across Operational Year (Years 1.0 to 5.0), while the
vertical axis tracks Cumulative Net Savings ($ Millions)
scaling from $0 to over $5 Million.

In Year 1.0, the platform establishes initial net financial gains
of $0.25 Million, offsetting initial capital setup costs. By Year
2.0, cumulative net savings expand to $1.0 Million as system
calibration stabilizes across multi-channel environments. The
trajectory gains momentum in Year 3.0, reaching $2.1 Million
through sustained margin optimization and computational
efficiency gains. Continuing to scale in Year 4.0, cumulative
savings reach $3.67 Million, before culminating at $5.42
Million in total net operational savings by Year 5.0.

Visually rendered as a solid red line connecting five square
data markers across a subtle grid background, the chart
demonstrates compounding multi-year financial ROl as
enterprise adoption matures and operational friction is
permanently removed from pricing workflows.

80 4

60

40 A

Showrooming Risk Index

20 4

0 65 70 75 8 8 90 95 100
Price Elasticity Score

Figure 39: Showrooming Risk Index vs. Price Elasticity
Score

Figure 39, titled Showrooming Risk Index vs. Price Elasticity
Score, details the inverse relationship between the B-MCEDP
framework’s price elasticity alignment score and the
mitigation of physical-to-digital showrooming risk. The
horizontal axis measures the Price Elasticity Score spanning
from 60 to 100, while the vertical axis tracks the Showrooming
Risk Index from O to 80+.

When the Price Elasticity Score is low at 60, the system
experiences a high Showrooming Risk Index of approximately
85, indicating substantial physical store revenue leakage to
competing digital channels due to unoptimized price
discrepancies. As model calibration improves to a score of 70,
showrooming risk drops to 62. At an elasticity score of 80,

therisk index moderates to 38. Further optimization to a score
of 90 reduces the risk to 18. Near peak calibration, at elasticity
scores of 95 and 99, the showrooming risk index decays to
minimal levels of 5 and 1 respectively.

Visually rendered as a solid red line connecting six square data
markers across a subtle grid background, the chart
demonstrates how accurate Bayesian elasticity scoring directly
neutralizes showrooming behavior by dynamically aligning
in-store pricing with real-time digital market expectations.
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Figure 40: Return on Investment (ROl %) over 24
Operational Months

Figure 40, titled Return on Investment (ROl %) over 24
Operational Months, illustrates the continuous growth
trajectory of cumulative percentage returns generated through
the enterprise deployment of the B-MCEDP framework over a
two-year operational horizon. The horizontal axis measures
the post-deployment timeline across Operational Month
(Months 3 to 24), while the vertical axis tracks the resulting
Return on Investment (%) scaling from 0% to over 400%.

During early system ramp-up in Month 3, the framework
delivers an initial return of 30%. As optimization algorithms
stabilize and cross-channel adoption expands by Month 6,
cumulative ROI accelerates to 68%, advancing to 128% by
Month 9. By the completion of the first year in Month 12, the
platform achieves a 200% return on investment. Maintaining
strong momentum into Year 2, ROI scales to 310% at Month
18, before reaching a peak cumulative return of 445% by
Month 24. Visually rendered as a solid red line connecting six
square data markers across a subtle grid background, the chart
demonstrates robust financial compounding and long-term
economic scalability as human-in-the-loop overrides decrease
and machine learning elasticity models refine their precision
over time.

6. Conclusion, Limitations & References

This paper introduced an econometric decision science
framework—Bayesian Multi-Channel Elasticity & Dynamic
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Price Engine (B-MCEDP)—designed for omnichannel
retailing networks. By integrating log-log multiplicative
demand modeling, Bayesian parameter updating, cross-
channel substitution matrices, and inventory-constrained

optimization,  the

framework  achieves  significant

improvements in gross margin expansion, price arbitrage
reduction, and stockout prevention. The empirical findings
reinforce the executive vision presented by Md Rasel Ul Alam
(2022) and establish an actionable roadmap for dynamic price
optimization.
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