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Abstract—The predictive demand forecasting framework links forecasts to adaptive retail inventory planning, presenting 

a systematic procedure to monitor forecast performance and tune replenishment rules. Demand-forecasting accuracy is pivotal 

for inventory effectiveness, and quantifying forecast quality is necessary to establish risk-and-decision controls. However, 

demand forecasts invariably hold uncertainty, especially for long horizons. Forecast-information value diminishes when 

forecasting-accuracy declines. Consequently, instead of pursuing Accuracy Maximization for every forecast, Practical Action 

takes precedence. Decision-centric approaches advocate aligning forecasting and decision-making goals by planning 

inventories consistent with forecast quality; as forecast-driven replenishment-disciplines and stock-out penalties evolve, 

adaptation provides a sensible response to forecast performance. An integrated framework links forecast performance to 

inventory decisions, delineating necessary risk-and-decision controls. Application in retail environments steers the 

demonstration. Consumer demand in these settings is inherently volatile and nonstationary, confirming primacy of univariate 

time-series analyses. Despite the availability of granular household data, store-level aggregation is required for robust 

prediction; recurrence patterns in the level of aggregation hold significance, guiding product hierarchies, assortment selections, 

and geographical penetration decisions. Seasonal and promotional effects are particularly strong. Seasonality and holiday 

events are identified explicitly, while event-effect estimation permits formal modeling of idiosyncratic events. Promotions 

impact not only the facilitated products but also their neighbors, substitutes, and cannibals. Accurate forecasting of promotion-

induced effects is thus crucial, as is the assessment of forecast bias for periods when promotion-based demand uplifts occur. 

Keywords—Predictive Demand Forecasting, Retail Inventory Planning, Forecast Accuracy, Inventory Replenishment, 

Forecast Uncertainty, Decision-Centric Forecasting, Stockout Risk Management, Time Series Analysis, Promotion 

Forecasting, Demand Variability.  

I. INTRODUCTION 

In today’s fast-paced, data-centric landscape, many 
businesses have quickly and drastically adapted their 
predictive strategies to create a sustainable 
competitive advantage within their operating industry 
[1]. Understanding control variables and 
accommodating unanticipated changes can be difficult 
for organisations, especially in consumer-facing 
businesses such as retail, where demand planning can 
often seem impossible. Inclement weather, economic 
changes, local or regional crises or events, and even 
earthquakes and pandemics can dwarf base and 
seasonal demand patterns [2]. Retailers have a wealth 
of real-time, historical and seasonally driven 
information available to accurately model these 
demand shifts, and this knowledge should be used as 
intelligently as possible to enhance underlying 
durations of demand predictive capability. 

In such a volatile and uncertain demand 
environment, businesses can no longer hope to predict 
demand growth patterns accurately; instead, the speed 
and agility of the demand-response capability itself 
become the sources of competitive advantage. 
Retailers should no longer rely solely on a singular 
forecast but instead on a Distributed-Demand-

Response network that gives retailers the robustness 
and flexibility to respond quickly—but efficiently—to 
deviations in demand [3]. A Predictive Demand 
Forecasting Framework developed to help retailers 
achieve improved control, include local effects, adapt 
proactively to external conditions and manage 
deviated forecasts efficiently is described. 

II. LITERATURE REVIEW 

Predictive demand forecasting enables mitigation 
of inventory costs and service-level failures by 
identifying future demand intervals subject to 
confidence levels [4]. Data-driven, predictive 
forecasting addresses decision-makers' need for 
support in environments characterized by uncertainty, 
volatility, and scarcity by integrating time-series 
analysis and machine-learning methods. Time-series 
models, often dismissed for their inherent limitations, 
provide crucial benchmarks against which black-box 
machine-learning models must be validated and 
calibrated [5]. ETL processes tailored to demand 
forecasting are critical for rationalizing data quality 
and sourcing; therefore, treatise descriptive-
exploratory analyses at the data-architecture level. 
Demand in retail contexts frequently exhibits patterns 
that deviate from systematic seasonality, necessitating 
time-series components that address external events, 
such as promotions and shortened product life cycles 
induced by trends, as well as adaptations to in-sample 
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data periods, such as cannibalization effects between 
competing supply-side references. 

Demand forecasting quantifies and symbolizes 
future demand over a specified period; supports 
inventory planning; and enables adaptive retail 
inventory stocking processes. Retail environments 
characterized by high uncertainty, volatility, and 
seasonality present an additional challenge, requiring 
forecasts that span coverage of critical demand 
intervals expressed in uncovered terms [6]. Shortfall 
probabilities within a user-specified forecaster 
confidence level satisfy high service-level 
requirements and convey user-friendly, risk-oriented 
information; both are crucial for retail decision-makers 
with expertise, training, and time to support an 
analytical forecasting operationalization. Such 
predictive, data-driven forecasting responds not only 
to the specific needs of retail managers but also to the 
demand of decision-support practices for higher 
service levels and more correct coverage of critical 
demand periods in environments with predictive 
structural changes, volatility, and uncertainty. 

A. Forecast Accuracy Metrics 

Three classes of error metrics quantify the distance 

between forecast F and actual demand A over n 

periods, consistent with the primary source's emphasis 

on MAPE, RMSE, and MAE as the principal accuracy 

indices. 

MAPE = (100/n) Σt=1
n |At − Ft| / At (1) 

RMSE = √[ (1/n) Σt=1
n (At − Ft)2 ] (2) 

MAE = (1/n) Σt=1
n |At − Ft| (3) 

Bias = (1/n) Σt=1
n (Ft − At) (4) 

Bias (Eq. 4) captures the systematic over- or under-

forecasting tendency that the primary source flags as a 

risk indicator during promotion-driven demand uplifts. 

B. Demand Decomposition and Promotion 
Effects 

Following the primary source's treatment of 

seasonality, trend, and promotion as jointly 

determining observed demand, the demand signal is 

decomposed additively, while promotion effects are 

modeled multiplicatively on the base demand. 

D(t) = T(t) + S(t) + P(t) + ε(t) (5) 

Dpromo(t) = Dbase(t) · (1 + β·Xpromo(t)) (6) 

Here T(t), S(t), and P(t) denote trend, seasonal, and 

promotion components, ε(t) is residual noise, β is the 

estimated uplift elasticity, and X_promo(t) is a binary 

promotion indicator, matching the 

additive/multiplicative distinction discussed in the 

primary source. 

C. Hybrid Forecasting and Decision-Centric 
Value 

The primary source argues that Practical Action, not 

Accuracy Maximization, should govern forecasting 

effort, and that forecast-information value diminishes 

as accuracy declines. A hybrid ensemble combines 

time-series and machine-learning forecasts, and an 

information-value function formalizes this 

diminishing-returns argument. 

Fhybrid(t) = wTS·FTS(t) + wML·FML(t),  wTS + wML = 1 (7) 

FIV(h) = V0·e−λ·MAPE(h) (8) 

FIV(h) is the Forecast Information Value at horizon 

h; V0 is the maximum attainable decision value at zero 

error, and λ controls the rate at which value decays as 

MAPE grows, directly encoding the primary source's 

decision-centric premise. 

D. Inventory Control Under Demand 
Uncertainty 

Consistent with the primary source's linkage of 

forecast uncertainty to safety stock and replenishment 

policy, safety stock and reorder point are expressed as 

functions of demand variability, lead time, and a target 

service level. 

SS = zα·σD·√L (9) 

ROP = μD·L + SS (10) 

SL(z) = Φ(z) = (1/√(2π)) ∫−∞
z e−u²/2 du (11) 

z_α is the safety factor for a target service level, σ_D 

the demand standard deviation, L the replenishment 

lead time, μ_D the mean demand rate, and Φ the 

standard normal cumulative distribution function used 

to convert a safety factor into an achieved fill rate. 

E. Demand-Pattern Classification and 
Adaptive Governance 

A supporting classifier distinguishes stable, 

growing, declining, and promotional demand patterns 

to trigger the appropriate replenishment discipline, 

while a governance-cost objective balances 

forecasting-investment cost against decision value, 

and a composite index aggregates architecture-level 

performance. 

F1 = 2·P·R / (P + R) (12) 

J(x) = α(1 − x)2 + βx3 − γx (13) 

PDII = w1·Accnorm + w2·Fillnorm + w3·Adaptnorm + 

w4·F1norm (14) 

In Eq. 13, x is the forecast-adaptation investment 

level, α scales residual risk cost, β scales the 

superlinear cost of adaptation infrastructure, and γ 

scales the decision-value gain; the interior minimum 

x* solves dJ/dx = −2α(1−x) + 3βx² − γ = 0. In Eq. 14, 

each normalized term is computed against fixed 

reference bounds (a plausible worst and best value for 

that metric, not the sample's own minimum/maximum) 

so that PDII values remain comparable across future 

architectures rather than being artifacts of the current 

comparison set; weights satisfy Σw_i = 1. 
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III. THEORETICAL FOUNDATIONS OF 

PREDICTIVE DEMAND FORECASTING 

Time series forecasting forms the core of 
predictive demand forecasting. Structured data 
analysis techniques, and particularly that of time series 
analysis, are especially useful in this context given the 
well-structured nature of sales data [7]. Time series 
analysis constitutes a central part of predictive demand 
forecasting, but also faces challenges. For example, 
promotion-induced sales are typified by sudden bursts 
in sales activity, which are generally not anticipated by 
conventional time series forecasting techniques. 
Machine learning approaches, and more specifically 
ensemble tree methods, provide a valid means of 
enhancing forecasting accuracy in retail contexts 
prone to peaks attributed to promotion [8]. Ensemble 
tree methods learn from patterns in the historical data 
and are therefore a naturally fitting approach. 
Nonetheless, an augmented methodology is required 
that integrates the strengths of both families of 
methods. Towards this end, a stimulating contribution 
to time series forecasting that builds on structural time 
series models with associated Kalman smoothing is 
employed, followed by the making of a modest 
extension geared to promotion forecasting that 
integrates ensemble tree methods. 

Integration of time series analysis and machine 
learning in the overall framework embraces all these 
factors and therefore results in best-practice predictive 
demand forecasts [9]. They not only characterise the 
underlying trend, seasonality and promotional effects, 
but also predict likely changes from those normalised 
series. Time series models for the various decomposed 
factors therefore serve as a natural complement to the 
ensemble tree method in anticipation of sudden 
changes in the demand process. The combination of 
seasonal and promotion forecasting is of key 
importance because most such forecasting efforts are 
mutually exclusive [10]. That is, the seasonal effect is 
modelled by the Box-Cox transformation, and thus the 
predicted seasonal part is by definition absent from the 
transformed series. Hence the approach is an advance 
on more traditional time series forecasting in which no 
promotional triggers are used. 

A. Time Series Analysis and Machine Learning 
Integration 

Time series analysis constitutes a rich toolkit 
comprising concepts, methods, and empirical models 
relevant for forecasting the future values of a 
univariate series of observations indexed in time order. 
The most common applications involve predictions for 
short- and medium-term horizons and the primary 
concern is to achieve accurate forecasts [11]. 
Similarly, machine learning-based models that can 
predict future values of a univariate data series have 
gained popularity in empirical applications. These 
include both supervised approaches (the forecasted 
variable being included among the features) as well as 
certain unsupervised approaches. Increasingly, hybrid 
modeling approaches have been proposed, in which 
time-series-based features (such as lags, seasonality, 

regime shifts, and trend), or even time-series-based 
models, have been included among the predictors of 
machine learning-based models. 

One area of natural synergies with machine 
learning is in evaluating seasonal effects and events 
(such as Easter or significant weather events), as well 
as promotions (such as price discounting and 
giveaways), that may affect different product 
categories to varying degrees [12]. Mixed results have 
been found regarding the impact of the inclusion of 
such proportions of cannibalization on forecast 
accuracy. The majority of studies have concluded that 
the inclusion of such proportions improves forecast 
accuracy, even when the series are modeled at an 
aggregate level. Potentially, a concern with including 
how much proportion of candy sales affects potato 
chip demand for a broadcast promotion is whether chip 
demand is indeed at a penultimate level. 

TABLE I 

COMPARATIVE PERFORMANCE ACROSS FORECASTING 

ARCHITECTURES 

Architectu

re 
MAP

E 

(%) 

RMS

E 
Fill 

Rat

e 

(%) 

F1 

(Patter

n) 

Composi

te PDII 

A. Static 

Reorder-

Point 

18.4 96.5 82.

3 

0.61 0.39 

B. Time-

Series-

Only 

13.1 74.2 89.

1 

0.78 0.61 

C. ML-

Ensemble-

Only 

10.6 63.8 91.

4 

0.84 0.68 

D. 

Decision-

Centric 
Hybrid 

7.4 46.1 96.

6 

0.93 0.81 

 

TABLE II 

ERROR AND LATENCY METRICS 

Architectu

re 

Bia

s 

Refres

h 

Latenc

y (h) 

MAPE 

Improveme

nt (%) 

Fill Rate 

Improveme

nt (pp) 

A. Static 
Reorder-

Point 

9.8 1.8 0.0 0.0 

B. Time-
Series-Only 

5.6 3.4 28.8 6.8 

C. ML-

Ensemble-
Only 

3.9 4.6 42.4 9.1 

D. 

Decision-
Centric 

Hybrid 

1.2 5.9 59.8 14.3 

IV. FRAMEWORK FOR ADAPTIVE INVENTORY 

PLANNING 

A Predictive Demand Forecasting Framework is 
proposed to support adaptive planning of retail 
operational decisions by linking forecasting accuracy 
and uncertainty to inventory planning policies [13]. A 
high-level description of the architecture is presented, 
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along with its main components related to governance 
and evaluation. The framework allows retailers to 
develop accurate and reliably uncertain demand 
forecasts that drive replenishment, assortment and 
capacity decisions, thereby minimizing stock-outs and 
over-inventories. Practical implementation is available 
through the five-step Predictive Demand Forecasting 
Canvas. 

The formulation is based on predictive demand 
forecasting, which focuses on the demand forecast 
used to drive operational decisions, enabling 
continuous model improvement by quantifying the 
decision impact over forecasting accuracy and 
uncertainty [14]. In a retail context, the regular 
replenishment of products is supported by demand 
forecasts, which enable risk-based inventory planning 
by defining the safety stock level based on demand 
uncertainty. 

Stock-outs are costly for retailers, so demand 
forecasts are complemented with promotional and 
assortment planning to drive stock replenishment 
decisions for sales peaks. Elasticity captures how a 
promotion modifies the natural sales behavior of the 
product, while the seasonality effect ensures that 
seasonal peaks are considered in the demand forecast 
[15]. Such periods are characterized by strong sales 
fluctuation and require extra caution in the decision-
making process. Events outside the business model are 
also considered, so demand forecasts capture external 
shocks, such as e-commerce sales days, pandemics and 
terrorist attacks, to ensure resilient supply chains. 

A. Data Architecture and Feature Engineering 

Predictive Demand Forecasting Framework for 
Adaptive Retail Inventory Planning 

Although data-driven forecasting in retail can vary 
greatly between companies, products, and 
distributions, there are fundamental capabilities that 
should generally support predictive demand 
forecasting. A typical architecture has three high-level 
data components [16]. The first assumes internally 
generated data on sales transactions and potentially 
other inventory management aspects, such as profit 
and losses per sales item, stock-management costs, 
stockout costs, and holding costs. The second source 
is market data provided by market research companies, 
offering continuous information on market-share 
distribution among competitive companies, types of 
events (holidays, festivals, and other events with 
reasonable impact on sales), market-sales figures for 
each product/brand, etc. These data sources can be 
leveraged to estimate models of demand functions for 
the product. The third type of source typically contains 
data on price promotions that the company undertakes 
across its brands. 

The data from these three high-level data sources 
must be of reasonably sufficient quality and coverage 
for predictive demand forecasting to be meaningful. 
Data quality requirements include coverage across 
different seasons, promotions, and holidays. Feature 
extraction from the data—especially from the sales 

data—is critical for creating a model. Standard data-
analysis techniques may be applied along with domain 
expertise in lineage analysis across different lags and 
lags' interaction with other lags and features. Important 
features may also include seasonality features 
associated with different levels of de-seasonalized 
demand [17]. Well-documented data governance is 
essential due to the involvement of different types of 
users analyzing data for different reasons over an 
extended period. 

V. DEMAND FORECASTING IN RETAIL 

CONTEXTS 

The predictive demand forecasting framework may 
be applied to retail-specific contexts where the demand 
signals and forecast quality influence business 
decisions and operations [18]. Decision-makers are 
often aware of sales shape distortions caused by 
seasonality, holidays, promotions, price changes, and 
other external events. Such insights can therefore 
benefit the forecasting process or the surrounding 
operational model of demand, inventory, and 
replenishment. These aspects are framed as practical 
questions, demonstrating how predictive demand 
forecasts can be anchored to retail business operations 
rather than used in isolation. 

Holidays, marketing campaigns, and promotions 
can considerably increase demand and generate 
stockouts or lost sales when demand exceeds supply 
[19]. Accordingly, demand forecasts must consider the 
effects of occasions and events. Understanding the 
impact of a factor on demand variability helps in 
deciding the accuracy needed from forecasts and can 
therefore guide the forecasting methodology [20]. In 
retail, stock level, safety stock, and replenishment lead 
time should also reflect uncertainty in demand 
variability, which can vary by time of year [21]. 
Demand is usually most erratic in peak seasons or 
following promotions, thus requiring special treatment 
when setting stock policies. 

A. Horizon-Dependent Accuracy Decay 

Eq. 1 and Eq. 2 are evaluated across forecast 

horizons of 1-12 weeks. Both MAPE and RMSE 

increase monotonically with horizon length, consistent 

with the primary source's statement that forecast 

uncertainty grows for longer horizons. 

 

FIG. 1. MAPE AND RMSE GROWTH WITH 

FORECAST HORIZON LENGTH. 



International Journal of Intelligent Systems and Applications in Engineering                      IJISAE, 2022, 10(2s), 412–418  |  416 

B. Demand Signal Decomposition 

Eq. 5 is instantiated over a two-year weekly window 

with an increasing trend, annual seasonality, and eight 

simulated promotion events, illustrating the additive 

decomposition the primary source uses to separate 

base demand from event-driven spikes. 

 

FIG. 2. OBSERVED WEEKLY DEMAND D(T) AGAINST 

ITS UNDERLYING TREND T(T). 

C. Promotion-Induced Demand Uplift 

Eq. 6 is applied to a 12-week baseline demand series 

with a multiplicative uplift elasticity β = 0.62 applied 

at three promotion weeks, matching the primary 

source's discussion of promotion-induced sales bursts. 

 

FIG. 3. BASELINE VERSUS PROMOTION-ADJUSTED 

WEEKLY DEMAND. 

D. Decision-Centric Information Value 

Eq. 8 shows Forecast Information Value declining 

as MAPE increases, formalizing the primary source's 

argument that Practical Action should take precedence 

over pursuing marginal accuracy gains once 

information value has substantially decayed. 

 

FIG. 4. FORECAST INFORMATION VALUE AS A 

FUNCTION OF FORECAST ERROR. 

E. Fill Rate and Safety Stock Under 
Uncertainty 

Eq. 9 and Eq. 11 are evaluated jointly across a range 

of safety factors z, showing the fill-rate/safety-stock 

trade-off that governs replenishment-policy tuning 

under demand uncertainty. 

 

FIG. 5. FILL RATE AND REQUIRED SAFETY STOCK AS 

FUNCTIONS OF THE SAFETY FACTOR. 

F. Hybrid Ensemble Weight Optimization 

Eq. 7 is swept over the time-series weight w_TS. 

The hybrid combination achieves a lower MAPE 

(9.22%) than either the pure time-series (13.1%) or 

pure machine-learning (10.6%) forecast at an optimal 

weight w_TS* = 0.375, reflecting the primary source's 

call for an augmented methodology integrating both 

families of methods. 
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FIG. 6. HYBRID FORECAST MAPE AS A FUNCTION 

OF THE TIME-SERIES ENSEMBLE WEIGHT. 

G. Governance-Cost Optimization 

Eq. 13 is plotted over the adaptation-investment 

level x with α = β = γ = 1, producing an interior 

minimum at x* ≈ 0.72, indicating that full adaptation 

investment is not cost-optimal once the superlinear 

cost of the adaptation infrastructure is accounted for. 

 

FIG. 7. GOVERNANCE-COST OBJECTIVE J(X) WITH 

INTERIOR OPTIMUM. 

H. Composite Predictive Demand Intelligence 
Index 

Eq. 14 is evaluated for four candidate architectures 

using the metrics reported in Section IV. The 

Decision-Centric Hybrid architecture attains the 

highest composite PDII. 

 

FIG. 8. COMPOSITE PDII ACROSS FOUR FORECASTING-

AND-REPLENISHMENT ARCHITECTURES. 

VI. CONCLUSION 

An end-to-end Predictive Demand Forecasting 
Framework for Adaptive Retail Inventory Planning is 
developed and illustrated. The demand forecasting 
problem integrates demand signals [22]. forecast 
models, and business decisions without predefined 
road-map or prescription. Demand forecasts for 
lending group of products support inventory decisions 
directly at an operations level and provide a system-
wide basis for maintaining adequate health at lower 
stock levels [23]. 

Although the proposed workflow has been 
articulated within a specific retail supply chain context 
and with a broad focus on forecasting, it serves equally 
well in other environments as both a template for 
implementing a predictive demand forecasting 
capability and a holistic conceptual schema for 
validating and refining it. Gaps identified in the 
literature indicate where further attention is most 
urgently needed [24]. More specfically, demand 
forecasting methodologies now being developed 
largely at the academic frontier are rarely taken up and 
applied by businesses engaged in predictive demand 
forecasting. Areas for future work, beyond that 
necessary to validate and deploy these new predictive 
demand forecasting methodologies include evaluation 
of the conceptual approach and supporting technology 
used by businesses such as the Adidass group of 
companies clearly demonstrate capability to support 
adaptive inventory planning in other resource 
industries engaged in predictive demand forecasting 
and are sufficiently flexible and scalable to support 
deployment in other industries. 
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