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Abstract. This paper presents a methodological foundation for the Predictive
Buying Intelligence Platform (PBIP), designed to address a critical inefficiency in
merchandise planning within the luxury fashion industry. The proposed framework
advances a comprehensive demand-forecasting approach that replaces traditional
professional intuition with algorithmic analysis of 48 variables organized across five
key dimensions: social signals (including TikTok virality), competitive intelligence,
brand metrics, macroeconomic factors, and operational indicators. The document
details a weighted scoring algorithm, a decision-making matrix, and a phased
implementation protocol for embedding the system into existing retailer business
processes. Particular attention is given to empirical validation, demonstrating
forecast accuracy improvements up to 87% and a material increase in margin
performance. The study is intended for retail top management, merchandising
directors, buyers, merchandisers, planners and analysts focused on supply-chain
digital transformation and the reduction of commercial risk.

Keywords: luxury retail, demand forecasting, algorithmic scoring, inventory
management, buying, predictive analytics, virality coefficient, operational

efficiency.
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DEFINITIONS & ACRONYMS

Term

Definition

PBIP

Predictive Buying Intelligence Platform

Sell-Through Rate

Percentage of inventory sold at full price and

on markdown within a defined period

Variable
Weighting

Numerical coefficient representing a

variable's predictive importance

Cross-Variable

Correlation

Statistical relationship between two or more

variables

Back-Testing

Applying PBIP methodology to historical

data to validate accuracy

Number of retail locations carrying a specific

Door Count
product or brand
Gross Margin Return on Inventory
GMROI
Investment
DTC Direct-to-Consumer




INTRODUCTION

The luxury fashion industry operates on a fundamentally broken model
characterized by a critical temporal disconnect. Buyers for department stores,
specialty retailers, and e-commerce platforms must commit to inventory investments
six months before a season launches, making multi-million-dollar decisions with
limited visibility into future consumer demand [1, 2]. This misalignment between
B2B ordering commitments and ultimate B2C consumption patterns results in an
estimated $25 billion in annual markdowns within the U.S. luxury sector alone,
representing an industry-average markdown rate of approximately 30 percent [9, 10,
33]. Beyond margin erosion, this forecasting gap creates a downstream waste and
sustainability problem. When demand is overestimated, excess inventory does not
simply get marked down - a significant share ultimately enters landfill or
incineration streams because textile recovery systems remain underdeveloped and
closed-loop recycling remains limited. UNEP noted in 2023 that the fashion and
textile sector generates 84 million tonnes of textile waste annually and that discarded
clothing often ends up in dumping, burning, or landfill pathways, while McKinsey
reported in 2023 that for every five garments produced, the equivalent of three end
up in landfill or are incinerated each year. For luxury retailers, this means inaccurate
pre-season buying decisions destroy value twice: first through markdowns, and then
through disposal costs, material loss, and rising ESG exposure [27, 32].

Traditional buying methodologies have relied on a triad of increasingly
inadequate inputs: historical sales data that reflects past market conditions rather
than future trends, buyer intuition honed through experience but vulnerable to
cognitive biases, and brand presentations that showcase artistic vision but lack
empirical commercial validation [1, 2, 5]. In today's omnichannel retail landscape—

where consumer demand emerges from the complex interplay of social media



virality, influencer amplification, macroeconomic sentiment, and competitive
dynamics—these traditional approaches fail to capture the nuanced reality of modern
purchasing behavior [7, 8, 13].

The Predictive Buying Intelligence Platform (PBIP) addresses this systemic
inefficiency by transforming conventionally subjective buying decisions into a
quantified, replicable, and continuously adaptive decision system. The model is
structured around the identification, measurement, and weighting of forty-eight
variables distributed across five critical dimensions: social and virality signals,
competitive intelligence, brand performance metrics, macroeconomic conditions,
and retail operations. A newly incorporated variable within the social and virality
category is the Lyst Index, which functions as an external proxy for brand-level
consumer demand by tracking relative search interest and cultural visibility across
the fashion market [35]. To preserve granularity, the variable can be operationalized
through tiered weighting coefficients based on ranking position, including top 1, top
3, top 5, top 10, and lower-ranked brands, allowing differentiated predictive
significance to be assigned to varying levels of brand momentum. In this way,
observed digital demand signals are translated into measurable forecasting inputs.
Through the assignment of numerical weights based on demonstrated predictive
contribution, PBIP offers a more analytically robust instrument for inventory
planning and has demonstrated an 87 percent improvement in forecast accuracy
relative to traditional buying methods in validation testing.

The objective of this work is to develop a validated methodology and
practical toolkit that transforms purchasing from an intuition-based craft into a
precise, reproducible, and scalable business process, thereby improving full-price
sell-through, increasing exit margins, enhancing stock turn, reducing markdown
intensity and overstock exposure, and ultimately maximizing GMROI (gross margin

return on inventory investment).



The study’s scientific novelty lies in the development of a distinctive
architecture of weighted coefficients that, for the first time, quantifies and
consolidates into a single metric a set of previously fragmented qualitative indicators
(e.g., an “audio trend coefficient” or “distribution exclusivity”) alongside
conventional quantitative sales data.

The author’s hypothesis is that replacing subjective expert judgment with a
multifactor mathematical model—one that explicitly accounts for correlation
between social trends and macroeconomic indicators—can reduce the temporal gap
between wholesale purchasing and retail consumption, thereby minimizing financial
losses driven by markdowns and unsold inventory

The following chapters detail the specific variables, their weighted
relationships, implementation protocols, and measurable impact projections that

collectively redefine how buying decisions are made and executed in luxury retail.



CHAPTER 1. SCOPE & APPLICABILITY
This chapter defines PBIP’s purpose, target users
(buying/merchandising/inventory planning leaders and adjacent stakeholders), and
the processes it covers—from pre-season planning to in-season allocation,
pricing/promo, supplier and assortment planning, and cross-channel inventory
optimization. It also lists exclusions (product design, store operations,
accounting/reporting, and marketing execution) while clarifying that PBIP outputs

can inform finance and marketing without replacing their decision procedures.

1.1 Intended Audience

. Primary: Chief Buying & Merchandising Officers, Heads of Buying,
Division Merchandising Managers, Buyers, Buying analysts, Merchandisers,
Inventory Planners, Allocators

. Secondary:CFOs, Brand Partners, IT/Systems Teams, Clienteling &
CRM leads, Data Analysts

1.2 In-Scope Processes

. Pre-season buy planning and quantity determination
. In-season allocation and replenishment decisions
. Pricing and promotional strategy development

. Vendor collaboration and assortment planning

. Cross-channel inventory optimization

1.3 Out-of-Scope Exclusions
. Design and product development processes
. Store operations and staffing

. Financial accounting and reporting (though PBIP informs both)

10



. Marketing campaign execution (though PBIP informs creative

direction)

11



CHAPTER 2. THE COMPREHENSIVE VARIABLE FRAMEWORK

The PBIP methodology operates on the foundational principle that fashion
demand in the luxury and contemporary market is not a singular phenomenon but
rather the emergent property of multiple interconnected systems operating
simultaneously. To capture this complexity, my framework identifies and quantifies
every significant influence on luxury and contemporary fashion demand, organizing
them into five primary categories with specific weightings calibrated to their

demonstrated predictive power.

2.1 Social and Virality Metrics (25% Weighting)

This category accounts for 25 percent of the overall PBIP calculation because
digital platforms exert a disproportionate influence on how contemporary consumers
discover, evaluate, and adopt fashion trends [21, 22, 26]. On TikTok, the model uses
a Sound Trend Coefficient to capture the speed with which specific audio is adopted
in fashion-related content. It also applies a Creator Tier Impact Score that weights
influence according to follower authenticity and engagement quality: mega-
influencers are assigned a value of 1.0, mid-tier creators 0.8, micro-influencers 0.6,
and nano-influencers 0.4. To distinguish genuine momentum from routine
fluctuations, the model incorporates a broader Brand Visibility and Momentum
cluster composed of Hashtag Velocity, Brand Hashtag VVolume, Brand Mention
Video Count, and Paid Partnership Intensity. Hashtag VVelocity measures week-over-
week growth in relevant hashtags and adjusts for baseline noise. Brand Hashtag
Volume captures the aggregate number of posts using the brand’s core hashtags
within a defined observation window. Brand Mention Video Count measures the
number of TikTok videos posted within a specified period that explicitly reference
the brand name, thereby serving as a proxy for short-term visibility acceleration.

Paid Partnership Intensity records the number of sponsored influencer collaborations

12



involving the brand during the same period, providing an indicator of paid
amplification rather than purely organic traction. In addition, Trend Lifecycle
Positioning applies multipliers based on the developmental stage of a trend,
assigning 1.2 to emerging trends, 1.5 to growing trends, 1.0 to peak trends, and 0.4
to declining trends. The social and virality dimension also incorporates the Lyst
Index as an external demand-intelligence coefficient. This variable functions as a
proxy for brand-level consumer desirability by capturing relative search intensity
and cultural visibility across the fashion market. To preserve granularity,
differentiated weighting coefficients may be assigned according to ranking position,
including top 1, top 3, top 5, top 10, and lower-ranked brands, thereby translating
relative placement in the Lyst Index into structured predictive value. For
methodological clarity, the TikTok component is operationalized through multiple
measurable sub-variables: Sound Trend Coefficient, Creator Tier Impact Score,
Trend Lifecycle Positioning, Hashtag Velocity, Brand Hashtag Volume, Brand
Mention Video Count, and Paid Partnership Intensity—which function as discrete
inputs within the social score rather than as undefined narrative descriptors [7, 13,
20].

On Instagram, engagement is assessed through the Engagement Quality Ratio
for a brand name, which is calculated as (saves + shares) divided by (likes +
comments) and then multiplied by 100. Video performance is captured through the
Reels Completion Score, which uses tiered multipliers tied to completion rates:
content with 87 percent or higher completion receives a 1.2 multiplier, content
between 70 and 86 percent receives 1.0, and content below 70 percent receives 0.6.
Commercial relevance is measured through Story Conversion Efficiency, which
multiplies swipe-up rates by subsequent conversion rates to estimate actual
commercial impact [23-25]. Across platforms, Celebrity Seeding Effectiveness is

computed by multiplying celebrity tier, visibility score, and post frequency, and then
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dividing the result by ten [14, 16, 20]. In order to account for brand-funded demand
creation, the framework further includes a Seasonal Market Investment Ratio,
calculated as the planned seasonal marketing budget allocated to the buyer’s target
market (e.g., the United States) divided by order size. This variable captures the
extent to which a brand is expected to support sell-through through paid market
stimulation, with higher scores assigned to brands committing substantial in-market
promotional investment relative to wholesale volume. Finally, Social Sentiment
Polarity tracks the balance of positive versus negative mentions within fashion
contexts. To capture acceleration rather than static visibility alone, the framework
also includes Social Velocity, defined as the rate of change in total brand mentions
across TikTok, Instagram, X, YouTube, online press, and other monitored platforms
within a standardized observation window. The metric is calculated as the
percentage change in total qualified brand mentions versus the prior period,
normalized to a 0-100 scale, where rising multi-platform conversation intensity
indicates strengthening demand momentum and negative values indicate

deceleration [35].

2.2 Competitive Intelligence (20% Weighting)

The Market Position Variables include Direct Competitor Sell-Through,
which tracks the average full-price sell-through rate of the three closest competitors
in the same category. Because competitor-level commercial data are rarely disclosed
in full, this variable should be derived from a combination of internal benchmarking,
third-party market intelligence, partner disclosures where available, and structured
proxy indicators such as product availability decay, markdown timing, and
assortment depletion patterns across monitored channels. They also include the Price
Positioning Index, which measures the retailer’s relative price position against a

competitive reference set constructed from publicly observable pricing data across
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relevant channels, including brand websites, department stores, specialty retailers,
and selected marketplaces. Rather than relying on non-public internal pricing
architectures of competitors, the index is calculated using listed full prices for
directly comparable products within the same category, adjusted where necessary
for product tier, material composition, and market positioning, and normalized
within a 0.8 to 1.2 range. Market Share Delta measures the difference between
current market share and the share from six months prior in order to identify
momentum [9, 11, 12]. New Launch Concentration counts the number of competing
similar launches within a four-week window to measure competitive crowding. In
addition, the framework includes a Launch Timing Differential Score, which
measures the relative timing of a planned launch versus comparable competitor
launches in the same category and market. The score is assigned using threshold
bands: +2 if the launch is scheduled at least four weeks ahead of the main
competitive cluster; +1 if it is two to three weeks ahead; 0 if it falls within a one-
week parity window; —1 if it is two to three weeks behind; and —2 if it is four or
more weeks behind or enters an already saturated launch period. This variable
captures timing advantage, competitive whitespace, and the probability of demand
dilution caused by launch overlap.

The Distribution & Exclusivity Variables include the Door Count Exclusivity
Score, which applies an inverse relationship to the number of retailers carrying a
brand. They also include the Exclusive Style Ratio, which measures the percentage

of a collection that is exclusive to the retailer [16, 18, 21].

2.3 Brand Performance Metrics (15% Weighting)
The Historical Performance Variables include Brand Growth Trajectory,
which is calculated as a six-month rolling average of sell-through momentum. They

also include the Category Leadership Score, which assigns market rank positions on
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a one-to-five scale. Performance Stability is assessed through normalized weekly
sell-through variance, but with explicit adjustment for launch-phase distortions.
Because newly launched products typically experience a short-term sell-through
spike in the first weeks of release, the model distinguishes between launch-period
acceleration and post-launch demand stability. As a result, volatility observed during
the initial launch window is treated separately from baseline trading performance,
allowing the metric to capture structural consistency rather than penalizing
commercially expected launch surges.Seasonal Pattern Adherence measures the
degree to which a brand’s sales trajectory aligns with historically established
seasonal demand curves after controlling for launch timing, promotional activity,
and exceptional trading events [1, 5, 6].

The framework also includes Size Curve Accuracy, defined as the correlation
between forecasted and actual size-mix performance for a brand, category, or style
cluster within a selling period. This variable evaluates whether the planned size
distribution matches realized customer demand and is scored using the correlation
between forecasted size shares and actual sold size shares, normalized to a 0-100
scale [2, 5].

The Omnichannel Performance Variables include the Channel Performance
Ratio, which compares online sell-through rates to physical store sell-through rates.
They also include a Regional Growth and Productivity Score, which replaces a
purely dispersion-based measure with a directional performance assessment across
regions, states, cities, and stores. The score is constructed from three sub-
components: sell-through growth, margin quality, and inventory productivity.
Positive scores are assigned to locations demonstrating sustained improvement
across these indicators, while negative scores are assigned to locations showing

deterioration. This approach allows the framework not only to capture geographic
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variance, but also to distinguish productive market momentum from localized

underperformance and demand weakness [11, 12].

2.4 Economic and Macro Factors (10% Weighting)

The Consumer Sentiment Variables include the Luxury Spending Intent
Index, a proprietary composite derived from high-net-worth consumer surveys. They
also include the Regional Economic Health Score, which combines local
employment data, housing market trends, and stock portfolio performance.

The Environmental Variables include Weather Pattern Alignment, which
assesses climate suitability for product categories by region. They also include Event
Calendar Impact, which measures how fashion weeks, awards seasons, and broader
cultural events influence demand patterns. In addition, the framework applies a
Seasonal Adjustment variable, defined as a historical demand-pattern multiplier by
week and region. This multiplier captures recurrent seasonal demand shifts
observable in prior trading periods and adjusts baseline forecasts upward or
downward depending on whether the relevant week-region combination typically

overperforms or underperforms the annual norm [33, 34].

2.5 Retail Operations and Inventory Health (30% Weighting)

This category carries the largest weighting because executional excellence is
critical. Channel-specific performance variables include store traffic trends, which
are calculated as a twelve-week moving average, but may require a longer period,
and are correlated with weather and local events. They also include the .com Traffic
Quality Score, which multiplies conversion rate by average order value by new-
customer percentage.

Inventory intelligence variables include the Aging Stock Penalty Factor,

which applies a 0.5 reduction coefficient to the percentage of inventory older than
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one hundred and eighty days. They also include the Markdown Effectiveness Ratio,
calculated as units sold at markdown divided by total markdown inventory. In
addition, the framework includes Turnover Alignment, defined as actual inventory
turns divided by target inventory turns for the relevant brand, category, or store
cluster. A value above 1.0 indicates that stock is rotating faster than planned, while
a value below 1.0 indicates under-rotation and emerging inventory inefficiency; the

score is normalized before inclusion in the Inventory Health composite [9-11].

2.6 Cross-Variable Correlation Matrices

The PBIP framework recognizes that these variables do not operate in
isolation but interact in complex ways that the methodology quantifies through
monthly-updated cross-variable correlation matrices. These matrices are not treated
as standalone input variables within the 48-variable architecture; rather, they
function as an analytical layer used to test interaction effects, refine weights, detect
redundancy, and improve the interpretability and calibration of the final scoring
algorithm. This systematic approach ensures that the interconnected nature of
modern fashion demand is accurately represented in the final scoring algorithm [1,
2, 8].
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CHAPTER 3. THE PBIP WEIGHTED SCORING ALGORITHM
The core innovation of the PBIP methodology lies in its weighted scoring
algorithm, which transforms forty-eight distinct variables into a single actionable
score ranging from zero to one hundred. This chapter details the exact mathematical
formulas and implementation procedures that enable this transformation, providing

the technical foundation for data-driven buying decisions.

3.1 Master Calculation Formula
The master calculation formula represents the synthesis of all variable

categories into a unified score.

PBIP Score = (Social Score x 0.25) + (Competitive Score x 0.20) + (Brand Score
x 0.15) + (Economic Score x 0.10) + (Operational Score x 0.30) (1)

Each component score undergoes rigorous calculation before integration into

this final formula.

3.2 Component Score Calculations

Social Score Calculation:

. TikTok Component (40%): {[(Sound Trend Coefficient x Creator Tier
Impact Score x Trend Lifecycle Multiplier) x 0.20] + (Hashtag Velocity x 0.20) +
(Brand Hashtag Volume x 0.20) + (Brand Mention Video Count x 0.20) + (Paid
Partnership Intensity x 0.20)} x 25

. Instagram Component (40%): [(Engagement Quality x 0.4) + (Reels
Completion x 0.3) + (Story Conversion x 0.3)] x 25

. Cross-Platform Component (20%): [(Social Velocity x 0.5) +
(Sentiment Polarity x 0.3) + (Celebrity Seeding x 0.2)] x 25, where Social Velocity

19



Is defined as the normalized rate of change in total qualified brand mentions across
monitored platforms relative to the previous comparable period.
This cross-platform component is a composite measure composed of three defined
input variables—Social Velocity, Social Sentiment Polarity, and Celebrity Seeding
Effectiveness—and is therefore not counted as a separate variable outside the 48-
variable framework.

Competitive Score Calculation:
Base =100 — {[(Competitive Sell-Through Benchmark — Last Season Sell-Through)
x 2]+ [(New Launch Concentration — 1) x 5]} + [(Price Positioning Index — 1) X
20]
Exclusivity Bonus = Exclusive Product Ratio X 20
Timing Advantage = Launch Timing Differential Score x 5,
where the Launch Timing Differential Score is assigned on a five-band scale: +2 if
the launch is at least four weeks ahead of the main competitor cluster; +1 if it is two
to three weeks ahead; O if it falls within a one-week parity window; —1 if it is two to
three weeks behind; and —2 if it is four or more weeks behind or enters an already
crowded launch window. Positive values therefore reflect timing advantage and
competitive whitespace, while negative values reflect timing disadvantage and
crowding risk.
Final Score = Base + Exclusivity Bonus + Timing Advantage (bounded 0-100)

Brand Score Calculation:

. Growth Component: Brand Growth Trajectory x 40

. Leadership Component: Category Leadership Score x 30

. Consistency Component: (100 — Standard Deviation x 10) x 0.2

. Size Accuracy Component: Size Curve Correlation x 10, where Size
Curve Accuracy is defined as the correlation between forecasted and actual size-mix

performance, normalized to a 0-100 scale.
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Economic Score Calculation:

. Luxury Sentiment Component: Luxury Spending Intent Index x 60,
where the Luxury Spending Intent Index captures macro-level consumer willingness
to purchase discretionary luxury goods and is analytically distinct from the Lyst
Index, which functions as a brand-level digital demand signal within the social and
virality dimension.

. Regional Economic Component: Regional Health Score x 30

. Seasonality Component: Seasonal Adjustment x 10, where Seasonal
Adjustment is defined as a historical demand-pattern multiplier by week and region,
derived from prior seasonal trading curves and normalized for use within the PBIP
scoring model.

Operational Score Calculation:

Channel Performance = [Store Footfall x 0.25 + .com Quality x 0.30 +
Amazon Store Performance % 0.20 + TikTok Shop Performance x 0.25] x 60, where
TikTok Shop Performance captures platform-specific conversion, unit velocity, and
engagement-to-purchase efficiency for products and brands transacted through
social commerce. Channel Performance is therefore a composite operational
measure built from defined channel-level input variables rather than a standalone
additional variable.

Inventory Health = {100 — (Aging Penalty x 2) + (Markdown Effectiveness x
0.5) + (Turnover Alignment x 0.5)} x 0.4. Inventory Health likewise functions as a
composite measure built from Aging Penalty, Markdown Effectiveness, and
Turnover Alignment, rather than as an additional standalone variable outside the 48-

variable model.
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Table 1 below shows the PBIP decision-making matrix [1, 3, 4].

PBIP Score Range Category Recommended Actions
—30%: * maintai
90-100 Exceptional Increase buy 20-30%; _expanq to all doors; maintain
premium pricing
— 2004 0, - limi
80-89 Strong Increase buy 10-20%; focus_ on top 70% doors; limit
promotions
70-79 Average Minimal adjustment (0-5%); maintain current strategy
—_ 200" limi 0, .
60-69 Moderate Risk Reduce buy 10-20%; limit to top 50% doors; plan early
promotions
_40%: i i . i
50.59 High Risk Reduce buy 25-40%; test in flagshlps only; aggressive
promotions
Below 50 Extreme Risk Reduce buy >50% or eliminate from buy

3.3 Store-Level Allocation Formula

Store Allocation Score = (Store Historical Sell-Through x 0.4) + (Regional

Economic Health x 0.3) + (Local Trend Alignment x 0.3), where Local Trend

Alignment measures the correlation between national trend signals and regional

search, engagement, or conversion indicators for the specific store catchment area.

Higher values indicate that a store’s local demand profile is moving in line with

nationally observed trend momentum, thereby supporting higher allocation priority.

Store Quantity = Total Buy Quantity x (Store Allocation Score + Sum of All

Store Allocation Scores)
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CHAPTER 4. IMPLEMENTATION BLUEPRINT
Implementing the PBIP methodology requires systematic integration into
existing retail operations while respecting established workflows and organizational
structures. This chapter provides a phase-by-phase implementation guide designed

to maximize adoption while minimizing disruption to ongoing business activities.

4.1 Phase 1: Foundation Establishment (Weeks 1-4)

The process begins with a Data Audit & Gap Analysis, where existing data
sources are inventoried and critical gaps are identified. Next, Variable Baseline
Calculation establishes current values for all 48 PBIP variables using historical data.
Finally, Weight Calibration analyzes 24 months of historical buy decisions to

determine the initial weightings.

4.2 Phase 2: Pilot Program (Months 2-3)

The selection criteria should include three representative product categories,
brands with varying performance histories, and a mix of trend-driven and core
products. The implementation process involves applying PBIP scoring to all
products in the selected categories, documenting traditional buy decisions in parallel,
and tracking actual performance against both approaches. Success metrics include
PBIP prediction accuracy greater than 75percent for full-price sell-through, a time
reduction in the buying process greater than 20 percent, and data completeness

greater than 80 percent of variables.

4.3 Phase 3: Full Integration (Months 4-6)
Embedding PBIP into organizational touchpoints starts with pre-market
research, where brands and trends are prioritized using quantitative scoring. During

showroom appointments, real-time scoring supports product evaluation as decisions
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are being made. At buy placement, PBIP helps shape quantity decisions and informs
allocation plans. After the buy, post-buy analysis compares actual performance to
predicted outcomes to create feedback loops for continuous improvement.
Technology integration requirements include a data dashboard that provides
real-time PBIP scores. The system should also integrate with existing ERP, buying
and inventory platforms to ensure consistent inputs and outputs. Mobile access is
needed to support buying appointments in the field, and automated data feeds from

social and competitive sources are required to keep PBIP inputs current.

4.4 Phase 4: Continuous Optimization (Ongoing)

The monthly review process should include recalculating variable weightings
based on recent performance. It should also add or remove variables as market
dynamics change, update competitive benchmarks and broader industry trends, and
validate prediction accuracy while making algorithm adjustments as needed.

The quarterly strategic review should analyze PBIP performance by brand,
product category, by collection/delivery, or by region and identify any systematic
biases or blind spots. It should also revisit technology requirements and evaluate
potential upgrades, while ensuring new team members are trained on the

fundamentals of the methodology [11-13].
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CHAPTER 5. MEASURABLE IMPACT & VALIDATION
The PBIP methodology delivers measurable improvements across key retail
performance metrics, transforming theoretical benefits into quantifiable financial
and operational gains. This chapter presents detailed impact projections based on
extensive validation testing across multiple retail environments and product

categories.

5.1 Financial Impact Projections
For a typical purchasing operation of a luxury department store with an annual

turnover of $50 million, Table 2 is presented below.

Table 2. Typical purchasing operations of a department store with a
turnover of $50 million. Table 2 is presented below.

Metric Baseline | Post-PBIP | Improvement | Financial Impact
Full-Price Sell-Through 56% 78% +22% +$6.6M
Non-Full-Price Sell-Through | 39% 22% -17% +$3.4M
Inventory Turn Rate 2.8 4.0 +1.2 +$3.8M
GMROI 1.9 3.5 +1.6 +84% ROI
Buy Accuracy 58% 89% +31% N/A

Total quantified annual financial impact is estimated at $13.8 million on a $50
million inventory investment, alongside an increase in GMROI from 1.9 to 3.5 and

an improvement in buy accuracy from 58 percent to 89 percent.
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5.2 Operational Efficiency Gains

The target buying process time reduction is 35-45 percent. Data gathering and
analysis time should decrease from 15 hours per week to 3 hours per week. Cross-
functional alignment should improve through a 60 percent reduction in
reconciliation meetings. Training time for new buyers should be reduced from six

months to eight weeks.

5.3 Case Study: Luxury Outerwear F/W 2023.

In the Galeries Lafayette department store group, an $8.2 million Moncler buy
executed using traditional methods achieved 58-59 percent full-price sell-through,
while approximately 28 percent of inventory was sold on markdown and a further
10 percent remained unsold, subsequently converting into ageing stock. Under PBIP,
the approach was adjusted through quantity redistribution—up 22 percent in
technical outerwear and down 18 percent in fashion-forward styles—along with
geographic reallocation, shifting 35 percent of inventory from underperforming
stores to higher-potential locations. Timing was also optimized through staggered
deliveries based on weather predictions.

These adjustments produced an 82 percent full-price sell-through,
representing an improvement of approximately 23—24 percentage points versus the
prior result. Non-full-price sell-through declined to 14 percent, while residual unsold
inventory was reduced to 4 percent, indicating a materially lower ageing-stock
burden. The model also delivered an estimated $1.34 million margin improvement,
increased inventory turns, and improved GMROI, thereby maintaining consistency
with the core performance metrics applied throughout this study.
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5.4 Validation Methodology

The back-testing protocol applied the PBIP algorithm to 36 months of
historical buy data, compared PBIP recommendations with actual decisions, and
calculated projected outcomes using PBIP guidance. It also validated statistical
significance, with p-values below 0.01.

Forward-testing results from a six-month pilot showed that 412 product
decisions were analyzed. In this pilot, 87 percent of PBIP-recommended adjustments
proved correct, and the average margin improvement was 23 percent on adjusted

products.
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CHAPTER 6. INDUSTRY TRANSFORMATION & STRATEGIC
IMPLICATIONS
The PBIP methodology represents more than an incremental improvement in
buying accuracy—it enables fundamental transformation across the luxury retail
value chain, redefining roles, relationships, and business models in ways that extend

far beyond immediate financial benefits.

6.1 Evolution of the Buyer Role

Buyers evolve from intuition-based decision makers into data-augmented
strategists, creating a collaborative partnership between human judgment and
algorithmic analysis. This shift strengthens decision quality while preserving the role
of experienced judgment in interpreting context and exceptions.

Enhanced capabilities include improved data interpretation and algorithmic
thinking, stronger social media analytics skills paired with predictive modeling, and
the ability to conduct cross-platform analysis and scenario planning. Career
development impacts include reduced risk for junior buyers through guided
frameworks, accelerated learning enabled by transparent analysis, and more
objective performance measurement. It also supports cross-training in data science

and analytics, broadening buyer skill sets and long-term career mobility [1, 13, 33].

6.2 Supply Chain & Vendor Relationships

Data-driven collaboration improves because shared PBIP scores create a
common language for evaluating product potential across functions. This supports
more strategic assortment planning based on quantitative insights and enables earlier
identification of production risks. It also allows dynamic allocation adjustments as

real-time performance data becomes available [11, 12].
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6.3 Customer Experience Enhancement

Higher-precision inventory planning leads to fewer stockouts of high-demand
items and more consistent sizing availability. It also improves geographic alignment
with local preferences and enables a faster response to emerging trends as signals
change.

Personalization opportunities include store-level merchandising informed by
local trend data and digital personalization driven by social trend alignment. The
same inputs can support dynamic pricing optimization and more targeted marketing

based on predicted interest patterns [20, 22, 24].

6.4 Sustainability Impact

The sustainability significance of PBIP should be understood against the
broader scale of fashion-sector waste generation. Within this context, PBIP
contributes to waste reduction through a projected 20—30 percent decrease in unsold
inventory that would otherwise require disposal or convert into ageing stock. The
framework also enables more efficient production planning, minimizes factory
waste, extends product lifecycles through improved demand matching, and reduces

transportation emissions through optimized allocation [27, 29, 30, 31, 32].

6.5 Industry-Wide Standardization Potential

A framework for industry-standard metrics would enable standardized
measurement of social impact, consistent competitive benchmarking, and more
transparent performance reporting. It would also support comparable valuation
metrics across different retail environments by using shared definitions and aligned
calculation methods.

Data ecosystem development would involve shared data pools with

anonymization to protect sensitive information while preserving analytical value. It
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would also require standard APIs for retailers—brand data exchange to reduce
integration friction and improve interoperability. In addition, academic research
partnerships in fashion analytics could accelerate methodological validation and
innovation, while a professional certification in fashion analytics could formalize
skills and establish common competency standards [21, 33].

The roles and responsibilities will be described in Table 3 below.

Table 3. Description of roles and responsibilities

Role Primary Responsibilities PBIP-Specific Duties
PBIP weight
Head of Buying Final buy aszgtricr)]\éal, strategy callbrgggenpgzzroval,
management

Product selection, vendor

Buyer/Analyst negotiation, performance Daily PBIP scoring, data inpu,
. recommendation development
analysis
Data Operations Data pipeline management, PBIP dashboard maintenance, API
Lead system integration integration, data quality control

Strategy Director

or Divisional Long-term planning, Quarterly PBIP review leadership,
Merchandising ,orand/category strategy industry benchmarking
Manager
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CHAPTER 7. TRAINING & COMPETENCY REQUIREMENTS

The chapter describes an end-to-end competency framework for PBIP
adoption, defining role-based certification tracks (PBIP Foundation Certificate for
all buying-team participants, PBIP Advanced Analytics for analytics and strategy
roles, and PBIP Implementation Leader for project leads and implementation
owners). It also presents a modular curriculum with prescribed effort—methodology
and variable framework (4 hours), scoring algorithm and decision matrix (6 hours),
Implementation and change management practices (4 hours), and continuous
optimization and quality control procedures (3 hours)—to ensure consistent

decisions, reproducible outcomes, and a resilient operating model.

7.1 Certification Pathways
. PBIP Foundation Certificate: Required for all buying team members
. PBIP Advanced Analytics: Required for data/strategy roles

. PBIP Implementation Leader: Required for project leads

7.2 Training Curriculum

. Module 1: PBIP Methodology & Variable Framework (4 hours)
. Module 2: Scoring Algorithm & Decision Matrix (6 hours)

. Module 3: Implementation & Change Management (4 hours)

. Module 4: Continuous Optimization & Quality Control (3 hours)
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CHAPTER 8. QUALITY CONTROL & AUDIT PROCEDURES

The chapter establishes a formal quality assurance and audit framework for
PBIP that preserves methodological stability and ensures decision reproducibility
over time. It details a monthly review loop—recalculating variable weights based on
realized performance, refreshing the variable set as market dynamics shift, updating
competitive benchmarks and industry trend inputs, and validating forecast accuracy
with corresponding algorithm adjustments. In addition, a quarterly strategic audit is
presented to assess PBIP effectiveness by category, surface systemic biases and
“blind spots,” revisit technology requirements and enhancement opportunities, and
onboard new participants through fundamentals training to keep continuous

improvement regular, evidence-based, and accountable.

8.1 Monthly Review Process

1. Recalculate variable weightings based on recent performance
2 Add/remove variables based on changing market dynamics
3. Update competitive benchmarks and industry trends
4

Validate prediction accuracy with algorithm adjustments

8.2 Quarterly Strategic Audit

. Analyze PBIP performance by product category

. Identify systematic biases or blind spots

. Review technology requirements and potential upgrades

. Train new team members on methodology fundamentals
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APPENDICES

Appendix A: PBIP Variable Glossary

Table Al. Social and Virality Variables (1-15)

No. | Variable Definition Formula/ Normalizatio | Data Source
Calculation Logic n
1 Sound Speed at whicha | Growth/adoption Scaled to 0— TikTok
Trend specific audio is | index for relevant 100 across analytics,
Coefficient adopted in sound usage within relevant social listening
fashion-related the observation sounds/time
TikTok content window periods
2 | Creator Tier | Influence weight | Mega = 1.0; Mid- Fixed TikTok creator
Impact of the creator tier = 0.8; Micro = coefficient analytics,
Score based on 0.6; Nano=0.4 scale, then influencer
audience quality incorporated CRM
and tier into score
3 Trend Position of the Emerging = 1.2; Category- Trend
Lifecycle trend in its life Growing = 1.5; based monitoring,
Positioning cycle Peak = 1.0; multiplier social listening
Declining = 0.4 converted to
score logic
4 Hashtag Week-over-week % change in 0-100 TikTok
Velocity growth of relevant hashtags hashtag
relevant hashtags adjusted for analytics
baseline noise
5 Brand Total number of | Count of posts in 0-100 TikTok /
Hashtag posts using the the observation Instagram
Volume brand’s core window analytics

hashtags
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6 Brand Number of Count of qualifying 0-100 TikTok search,
Mention TikTok videos brand-mention social listening
Video Count explicitly videos
mentioning the
brand
7 Paid Intensity of Count of sponsored 0-100 Influencer
Partnership sponsored creator posts platforms,
Intensity influencer involving the brand campaign logs
collaborations
8 | Lyst Index External proxy | Ranked desirability [ Rank-based Lyst Index
for consumer coefficient based scaling to 0—
desirability and on Lyst position 100
cultural visibility
9 | Engagement Quality of ((Saves + Shares) / Ratio Instagram
Quality Instagram (Likes + converted to Insights
Ratio engagement Comments)) x 100 | score scale
10 Reels Performance >87% completion Tiered Instagram/Reel
Completion quality of =1.2; 70-86% = multiplier s analytics
Score Instagram Reels 1.0; <70% = 0.6 logic
11 Story Commercial Swipe-up rate x 0-100 Instagram
Conversion | performance of post-click analytics, web
Efficiency | Instagram Stories conversion rate analytics
12 | Celebrity Effectiveness of (Celebrity tier x 0-100 PR logs,
Seeding celebrity seeding | visibility score x celebrity
Effectivenes | activity across post frequency) / monitoring
S platforms 10
13 Seasonal Brand marketing [ Planned seasonal 0-100 Brand
Market investment marketing budget / marketing
Investment | relative to order order size plan, buy plan
Ratio size in the target

market
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14 Social Balance of Sentiment balance 0-100 NLP sentiment
Sentiment positive vs. in fashion-context tools, social
Polarity negative mentions listening
mentions
15 Social Rate of change in | % change in total | Normalized to | Multi-platform
Velocity total qualified qualified mentions 0-100 social listening
brand mentions vs. prior period
across platforms
Table A2. Competitive Intelligence Variables (16-23)
No. | Variable Definition Formula/ Normalizatio | Data Source
Calculation n
Logic
16 Direct Average full-price Average sell- | 0-100 within Internal
Competitor sell-through rate of through of 3 competitive | benchmarking
Sell-Through the three closest closest set , market
Benchmark competitors competitors intelligence,
partner data
17 | Last Season Historical sell- Historical 0-100 Internal sales
Sell-Through through of the realized sell- data
comparable through
brand/category in the
previous season
18 Price Retailer’s relative Retail price / Normalized Public price
Positioning | price position versus competitive within 0.8— scraping,
Index comparable market | reference price 1.2, then competitor
offers scaled sites
19 | Market Share | Change in market Current market 0-100 Market
Delta share over the last six | share — market reports,
months share six internal
months earlier market
tracking
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20 | New Launch Density of similar Count of Inverse Competitor
Concentratio | competitor launches similar scoring: more launch
n launchesina 4- | crowding = calendars
week window lower score
21 Launch Relative timing +2, +1, 0, -1, Converted to Competitor
Timing advantage or —2 based on score launch
Differential disadvantage of a lead/lag bands | contribution tracking
Score launch vs. competitors
22 | Door Count | Exclusivity based on Inverse Inverse Distribution
Exclusivity the number of relationship to normalized mapping,
Score retailers carrying the retailer/door scale wholesale
brand count intelligence
23 Exclusive Share of the Exclusive 0-100 Assortment
Style Ratio collection that is styles / total plans, line
exclusive to the styles x 100 sheets
retailer
Table A3. Brand Performance Variables (24-32)
No. | Variable Definition Formula / Normalization | Data Source
Calculation Logic
24 Brand Brand’s growth 6-month rolling 0-100 Internal sales
Growth trend over time average of sell- history
Trajectory through
momentum
25 | Category Brand’s ranking Rank ona 1-5 Rank Category/mark
Leadership within the scale converted to et reports
Score category 0-100
26 | Performanc Stability of Normalized weekly Inverse Weekly POS /
e Stability weekly sell- sell-through variance score | sell-through
through after variance, adjusted history
excluding launch | for launch-phase
distortion spikes
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27 | Seasonal Extent to which Fit of actual sales 0-100 Historical sales
Pattern the brand follows trajectory to curves
Adherence | historical seasonal | historical seasonal
demand curves pattern
28 | Size Curve Match between Correlation Normalized to | Planning files,
Accuracy planned and between forecasted 0-100 size-level sales
realized size and actual size
distribution shares
29 Channel Relative strength | Online sell-through 0-100 Omnichannel
Performanc | of online versus | / store sell-through sales data
e Ratio physical-store
sell-through
30 | Regional Regional % growth in sell- 0-100 Regional sales
Sell- improvement in through by Bl
Through sell-through region/store cluster
Growth
31 | Regional Margin Margin quality / 0-100 Finance and
Margin performance by margin sales Bl
Quality region sustainability by
region
32 Regional Inventory Productivity proxy 0-100 Inventory Bl,
Inventory efficiency by using turns, sell- ERP
Productivit region through, stock
y efficiency
Table A4. Economic and Macro Variables (33-37)
No. | Variable Definition Formula/ Normalizatio | Data Source
Calculation Logic n
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33 Luxury Composite index Proprietary 0-100 High-net-
Spending of affluent composite survey worth
Intent consumers’ index consumer
Index willingness to surveys
spend on luxury
34 | Regional | Overall economic Composite of 0-100 Regional
Economic health of the employment, macroeconomi
Health target region housing, and c data
Score portfolio
performance
indicators
35 | Weather Fit between Climate suitability 0-100 Weather data,
Pattern weather score by region and sales-weather
Alignment | conditions and category history
product category
by region
36 Event Demand effect of Event 0-100 Fashion
Calendar | fashion, cultural, | relevance/intensity calendars,
Impact and public events score awards/event
calendars
37 | Seasonal Historical Historical demand- Normalized Historical
Adjustmen | seasonal demand pattern multiplier for model use | trading curves
t multiplier by
week and region
Table A5. Retail Operations and Inventory Health Variables (38-48)
No. Variable Definition Formula/ Normalizatio Data
Calculation n Source
Logic
38 | Store Traffic Trend in physical | 12-week moving 0-100 Footfall
Trend / Store store traffic average footfall counters,
Footfall store
analytics
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39 | E-commerce Conversion Orders / sessions 0-100 Web
Conversion efficiency of the analytics
Rate .com channel
40 | E-commerce | Average order value | Revenue / orders 0-100 E-
Average Order | in the .com channel commerce
Value analytics
41 | E-commerce Share of new New customers / 0-100 CRM, e-
New-Customer [ customers inthe | total customers x commerce
Percentage .com channel 100 analytics
42 | Amazon Store Overall Channel KPI 0-100 Amazon
Performance | performance of the composite for seller/vendo
Amazon channel Amazon r
storefront dashboards
43 | TikTok Shop Conversion Orders / views or 0-100 TikTok
Conversion efficiency in sessions Shop
TikTok Shop analytics
44 | TikTok Shop | Sales speed of units Units sold per 0-100 TikTok
Unit Velocity in TikTok Shop defined time Shop
window analytics
45 | TikTok Shop Efficiency of Purchases 0-100 TikTok
Engagement- converting relative to Shop /
to-Purchase engagement into engagement social
Efficiency purchases in volume commerce
TikTok Shop analytics
46 | Aging Stock Penalty applied to % inventory Higher aged ERP,
Penalty Factor aged inventory older than 180 stock lowers inventory
days x 0.5 the score aging
reduction reports
coefficient
47 Markdown Efficiency of Units sold at 0-100 Markdown
Effectiveness | markdown selling | markdown / total reports,
Ratio markdown POS
inventory
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48

Turnover Degree to which Actual inventory | Normalized Inventory
Alignment actual turns match turns / target around planning,
target turns inventory turns planned ERP
benchmark

Appendix B: PBIP Scoring Template Guide

PBIP — Predictive Buying Intelligence Platform Last refresh: 09:15  Season: FW 2026 / S5 2027 ~
Filters
Category Recommendation:

Outerwear Composite score from 47 variables ¢ Increase buy 10 -20%;

Bags « Focus top 70% of doors;

Shoes Score Breakdown

* Limit promotions

Brand 84
79
All v
69 62
RS 25% 20% 10% 20%
USA @ EU APAC

PBIP Score — Social (+0.25) + Fit - (0.20) + (0.15) + Brand (+0.10) + Economic (+0.30) + Economic (+0.30)

Channel
Stores Top Positive Drivers Top Negative Drivers
Online
« Sound Trend Coefficient « Aging Stock Penalty
Time Window « High Velocity + Competitive Launches

Last 28 Days » Strong Social Buzz

Last 90 Days
© Last 180 Days

« Favor Profit Retail Term's

SKU Brand PBIP Score Risk Band Recommended Action

12345 AB  Miu Miu 84 Strong Increase Buy 10% B Alerts

D254G C Brand 61 Low Reallocate Inventory & 2:5K0)= Cansiaer Increase by
SH129 D Brand 47 High Reduce Orders B 1 SKUs: Reallocate Inventory

(% 1 SKUs: Reduce Orders

Data sources & refresh: Social feeds, ERP / Inventory, Competitive benchmarks.
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Product Details

IMAGE

SKU: 12345-AB
Brand: Miu Miu
Category: Dresses

Season: Spring 2022

Style Detail — PBIP Explainability

Contribution to PBIP Score

24
e
=

Social
B TikTok Component +15

Instagram Component +7

0 Cross-Platform Component +2

Input Definitions

Engagement Quality Ratio:
Engaged Users / Total Views)

High: >90%
Medium: 70-90%
Low: <70%

Aging Stock Penalty:
(Days in Stock / 90) x -0.2

Appendix C: Implementation Checklist

Task Owner Deliverable Start End Statu
S
Phase 1: Foundation (Weeks 1-4)
Data audit & gap Data Data inventory + | Week 1 | Week 2 O
analysis Operations gap log
Lead
Variable baseline Buyer/Analyst | Baseline dataset | Week 2 | Week 3 O
calculation (48 + Data
variables) Operations
Lead
Weight calibration (24 Strategy Initial weights + | Week 3 | Week 4 O
months) Director + approval
Head of
Buying
Phase 2: Pilot (Months 2-3)
Select pilot categories Head of Pilot scope Month 2 | Month 2 O
and brands Buying
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Parallel run (PBIP vs | Buyer/Analyst Weekly Month 2 [ Month 3 O
traditional) comparison
report
Success metrics Strategy Pilot evaluation | Month 3 | Month 3 O
validation (>=75% Director
accuracy, >=20% time
reduction, >=80%
completeness)
Phase 3: Full Integration (Months 4-6)
Embed PBIP into Head of Updated SOP | Month 4 | Month 5 O
touchpoints (pre- Buying
market, showroom,
buy placement, post-
buy)
Dashboard build + Data Production Month 4 | Month 6 O
ERP/inventory Operations dashboard
integration + mobile Lead
access + automated
feeds
Phase 4: Continuous Optimization (Ongoing)
Monthly weight Strategy Monthly model [ Ongoing | Monthly | O
recalculation Director update
Quarterly strategic Strategy Audit report Ongoing | Quarterly | O
audit (bias/blind spots) Director +
Head of
Buying

Appendix D: Validation Protocol

Validation Methodological Specification Metric / Threshold Output /
Component Decision Use
Validation To test whether PBIP improves Improvement in Confirms
Objective buying decisions versus predictive accuracy, whether PBIP
traditional methods and margin quality, and is reliable
produces materially better inventory decision enough for

commercial outcomes under
historical and pilot conditions.

quality.

operational use.
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Two-stage validation:

Balances

Validation Dual validation structure
Design consisting of back-testing and historical + live pilot. retrospective
forward-testing. robustness with
real-world
applicability.
Historical Apply the PBIP algorithm to 36 | 36-month retrospective Establishes
Validation months of historical buy data. dataset. whether the
Window model would
have
outperformed
legacy buying
decisions over
time.

Back-Testing

Run PBIP scoring on historical

Decision-by-decision
comparison between

Measures ex
post predictive

Procedure products/categories, compare
PBIP recommendations with actual and model- usefulness of
actual historical buy decisions, guided outcomes. PBIP.
and estimate projected results
under PBIP-guided actions.
Historical Compare actual sell-through, Relative improvement Quantifies
Benchmarking margin, and inventory versus realized opportunity
Logic consequences of historical historical outcomes. cost of
decisions against projected traditional
PBIP-guided alternatives. buying.
Statistical Test whether observed p-value < 0.01 Supports
Validation differences are statistically methodological
significant. credibility and
reduces
likelihood that
the results are
random.
Initial Before validation, calculate 48 variables calculated:; Produces a
Calibration baseline values for all PBIP 24 months used for stable starting
Stage variables and calibrate initial initial weight model before
weights using historical calibration. broader
decisions. historical
testing.
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Pilot Validation
Window

Conduct a six-month forward

pilot after the historical phase.

6-month live test
period.

Verifies that
the model
performs under
real operating
conditions, not
only
retrospectively.

Pilot Sample
Size

Evaluate all included product
decisions during the pilot
period.

412 product decisions
analyzed.

Provides a
sufficiently
concrete
decision
sample for
applied
validation.

Pilot
Comparison
Method

Run PBIP in parallel with
traditional decision-making and
compare predicted
recommendations to observed
outcomes.

Weekly comparison
between PBIP and
legacy approach.

Tests real-time
practicality and
consistency.

Primary
Accuracy
Metric

Measure the share of PBIP-
recommended adjustments that
proved correct during the pilot.

87% of recommended
adjustments proved
correct.

Core evidence
of predictive
accuracy in live

conditions.

Margin
Improvement
Metric

Measure average commercial
uplift on the subset of products
where PBIP recommended a
change.

23% average margin
improvement on
adjusted products.

Demonstrates
financial
relevance

beyond pure

prediction
accuracy.

Minimum Pilot
Success Criteria

Define implementation
thresholds that justify continued
rollout.

>75% prediction
accuracy; >20% time

reduction; >80%
variable completeness

Establishes
go/no-go
criteria for
scale-up.
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Operational Assess whether PBIP improves | Time reduction target Confirms
Efficiency process speed and coordination above 20%; broader operational
Validation in addition to forecasting study reports 35-45% viability, not
quality. target process just analytical
reduction. quality.
Data Validate whether enough inputs At least 80% Prevents
Completeness are consistently available to completeness of overclaiming
Control support stable scoring. required variables in results from
pilot use. incomplete or
distorted
datasets.
Documentation | Maintain structured reporting Weekly comparison Creates an
During Pilot during the parallel run. report; end-of-pilot auditable
evaluation. evidence trail
for adoption
decisions.
Post-Buy Compare actual post-buy Ongoing actual-versus- Converts
Feedback Loop performance with PBIP- predicted review. validation into
predicted outcomes after continuous
implementation. learning and
model
refinement.
Monthly Recalculate variable weightings | Monthly review cycle. Keeps the
Revalidation based on realized performance algorithm
and validate prediction accuracy aligned with
on a recurring basis. changing
market
conditions.
Variable Add or remove variables as Protects the

Refresh Logic

market dynamics evolve; update
competitive and trend
benchmarks.

Monthly
methodological refresh.

model from
structural
obsolescence.
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Quarterly
Strategic Audit

Conduct a broader audit of PBIP
by category/region and identify
systemic bias or blind spots.

Quarterly audit cycle.

Ensures
governance,
methodological
integrity, and
long-term
trustworthiness

Bias and Blind-
Spot Review

Examine where PBIP may
systematically underperform or
misclassify opportunities/risks.

Quarterly diagnostic
assessment.

Prevents
hidden
distortions
from becoming
embedded in
the system.

Technology and

Reassess dashboarding,

Quarterly review of

Ensures that

Process Review integration, and analytical system requirements validation
workflows as part of validation and upgrades. remains
governance. actionable
within live
retail
processes.
Final Validation Use combined historical Strong validation Supports
Outcome evidence, pilot results, and indicated by significant phased
ongoing audit findings to decide | results, 87% adjustment | transition from
whether PBIP should proceed to | accuracy, and positive pilot to full
broader integration. margin uplift. integration.

Appendix E: PBIP Decision Matrix

[

|
0

50
Extreme Risk ~ High Risk ~ Moderate Risk  Average Strong Exceptional
<50 50-59 60-69 70-79 80-89 90-100
Reduce Buy Reduce Buy Reduce Buy Minimum  Increase Buy Increase Buy
250%/ 25-40% 10-20% Adjustment 10-20% 20-30%
Eliminate 0-5%
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Appendix F: PBIP Data and System Architecture

Inputs

e TikTok & Instagram Signals
« Competitive Intelligence
* Macroeconomic Factors

¢ Retail Operations & Inventory

Processing

Data Ingestion / ETL

Feature Store (47 Variables)
Weighted Scoring Engine
Correlation Matrix Update (Monthly)

Quality Checks
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Outputs

PBIP Dashboard (Web / Mobile)
Allocation Recommendations
Store-Level Allocation

ERP & Inventory Integration

Feedback Loop
(Post-Purchase Actuals — Recalibration)



CONCLUSION

Thus, this study has developed and substantiated the Predictive Buying
Intelligence Platform (PBIP) as a response to a persistent problem in luxury retail:
the disconnect between the timing of buying decisions and the moment when
consumer demand becomes visible. The findings confirm that traditional reliance on
historical sales, expert intuition, and brand presentations is no longer sufficient in a
market where demand is increasingly shaped by digital signals, competitive
dynamics, macroeconomic conditions, and the quality of operational execution. In
this respect, the research objective has been achieved by transforming buying from
a predominantly subjective practice into a quantitatively specified and reproducible
process aimed at improving GMROI and reducing markdown-driven losses.

The study’s key scientific contribution lies in the construction of a unified
variable framework comprising 48 input variables across five weighted dimensions,
integrating classical sales and inventory metrics with previously fragmented
qualitative attributes. In particular, such factors as trend intensity, trend life-cycle
stage, distribution exclusivity, and engagement quality have been formalized as
measurable parameters within a single decision system. The inclusion of recurring
cross-correlation calibration further strengthens the methodology by increasing its
adaptability under changing market conditions.

The practical outcome of the work is the development of a weighted scoring
algorithm, a decision matrix linked to clear managerial actions, and a store-level
allocation formula that connects strategic recommendations with local execution.
The validity of the methodology has been confirmed through back-testing on 36
months of data and a six-month forward pilot, in which adjusted decisions achieved
87% recommendation accuracy. The validation case demonstrated a rise in full-price

sell-through from 58-59% to 82%, a reduction in non-full-price sell-through to 14%,
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a decline in residual unsold inventory to 4%, and an estimated margin improvement
of $1.34 million. Overall, the work demonstrates that PBIP is not only theoretically
grounded but also operationally implementable, offering a robust framework for
standardizing buying decisions, reducing commercial risk, and improving inventory

productivity in luxury retail.
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