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Abstract— Context-Aware Consumer Intelligence for 

Dynamic Merchandising and Demand Forecasting in 

Omnichannel Commerce 

The rise of omnichannel commerce has pushed retailers to 

deliver seamless, consistent experiences across every 

shopping channel. Customers now expect brands to recognize 

them, remember past interactions, and anticipate their needs 

through personalized engagement. Meeting this expectation 

requires context-aware consumer intelligence: the capacity to 

synthesize internal and external, structured and unstructured, 

first-party and third-party data into a unified view of 

customer behavior across channels and over time. This 

integrated view allows retailers to generate precise, granular 

demand signals for individual products and to adjust 

merchandising dynamically, improving both forecasting 

accuracy and conversion rates. 

The vision of personalized retail dates back to the dotcom era, 

but its execution has proven difficult. Advances in internet 

technology enabled micro-targeting capabilities that many 

retailers failed to fully exploit, and attempts to realize this 

vision now contend with legitimate privacy and ethical 

concerns. Constant data collection and monitoring risk 

making customers feel surveilled rather than served, 

undermining the trust personalization is meant to build. As 

regulatory scrutiny of data privacy intensifies, brands must 

apply context-aware tools more judiciously and 

transparently. 

Every customer touchpoint—a website visit, an in-store 

interaction, a call center conversation—generates data. 

Converting this raw information into actionable insight is 

both a major operational challenge and a significant source of 

competitive advantage for retailers operating in omnichannel 

ecosystems. Context-aware consumer intelligence can be 

defined as a firm’s ability to build real-time understanding of 

consumer needs and behavior by analyzing the full range of 

data available to it. For omnichannel retailers, this capability 

is central to designing more effective merchandising 

strategies and sharpening demand forecasts. 
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I. INTRODUCTION 

Rapid advances in mobile computing, cloud technology, 
the Internet of Things, and artificial intelligence, have 

stimulated the emergence of omnichannel commerce, a 
shopping environment with widespread cross-channel 

synergies. The resulting uptick in consumer digital 

interactions—especially on social platforms—now provides 
a plethora of behavioral data that can be harnessed for the 

analysis of consumer and market mechanisms, trends, and 
events. Contextually relevant insights derived from these 

behavioral signals can alleviate emerging challenges, such as 
the decline of cross-channel trading and the increasing 

adoption of machine learning and AI-based demand-
forecasting solutions. Savvy consumers expect retailers to 

anticipate their needs/preferences at every turn. Poorly 

targeted marketing communications are costly and annoying. 
Context-aware consumer intelligence addresses these needs, 

tapping into the convergence of machine learning, artificial 

intelligence, and Big Data analytics. 

Despite the growing body of literature dedicated to 
internal and external data sources supporting demand-

forecast continuity across channels, the concept of “context-

aware” is rarely examined. Research that addresses the 
various sources of consumer context and automates, in 

consumer-friendly terms, the streamlining of the path-to-



purchase takes on particular importance. Context-aware 
consumer intelligence, defined here as the interpretation and 

prediction of consumer requirements/preferences/tendencies 
by analyzing cross-channel behavior, received little attention 

in previous consumer-analytics research. Context-related  
data types, such as location, web-and-app browsing activities, 

purchase history, CRM information, loyalty program 

metadata, and social media, have been isolated in individual 
studies. Systematic analyses, therefore, are needed that 

disentangle the interdependencies among all available data 
sources.Merchants and service providers are tasked with 

translating consumer expectations into relevant offerings by 
developing, publishing, and servicing (the provisioning and 

servicing of new product lines) omnichannel merchandising 
plans. These motioning activities and operational costs add 

complexity to demand-forecasting processes. Traditional 

time-series demand-forecast models fulfill merchant 
requirements when used at a functional level. The rise of AI-

based forecasting capabilities now facilitates the training of 
machine-learning algorithms that harness the omnichannel 

context—potentially improving forecast accuracy. 

II. THEORETICAL FOUNDATIONS OF CONTEXT-AWARE 

CONSUMER INTELLIGENCE 

Context-aware consumer intelligence reflects evolving 

consumer needs in a constantly changing and risk-averse 
market. A robust theoretical differentiation among the three 

components of context-awareness is provided. The principal 
drivers of context-aware consumer intelligence—in-depth  

contextual factors, axial motivation shift, and the multiple 
roles of consumers—are analyzed, and their implications for 

data sources and measurement in an omnichannel 

environment are discussed. 

Understanding any sensitive topic involving consumer 

behavior is one thing; grasping the information underlining 
shifting consumer preferences is another. Companies must 

ascertain segmented trends that reflect evolving consumer 
needs—that is, movements captured within the consumer 

intelligence domain. Changes in data collection, merging  

technology, privacy preferences, and polarization have 
transformed consumer intelligence from static to dynamic. 

This dynamic shift across omnichannel environments 
necessitates a thorough comprehension of foundations 

underpinning the new consumer intelligence able to influence 
dynamic merchandising strategies and enhance demand 

forecasts. 

A. Context-Aware Consumer Intelligence Scoring 

Let six cross-channel data sources—location, web/app 

browsing, purchase history, CRM/loyalty metadata, social 

media, and weather/local-event signals—each supply a raw 

signal that is min-max normalized to Ci(t) ∈ [0, 1] via (2). 

The Context-Aware Consumer Intelligence score CACI(t ) 

fuses these normalized signals with source weights wi and an 

exponential recency-decay kernel of rate λ, as in (1). 

CACI(t) = Σi wi · Ci(t) · e−λ(t−t
i
) (1) 

Ci(t) = [xi(t) − xi ,min] / [xi ,max − xi,min] (2) 

Source weights (wLocation = 0.22, wBrowsing = 0.20, 

wPurchase = 0.18, wCRM = 0.15, wSocial = 0.13, wWeather 

= 0.12) reflect the descending predictive contribution 

reported for point-of-sale, browsing, and loyalty data relative 

to weaker external signals, with λ = 0.15 day−1. 

B. Omnichannel Demand-Forecast Ensemble and 

Accuracy 

The demand forecast D̂(t) blends a classical time-series  

component DTS(t) (ETS/ARIMA/Prophet) with a context-

conditioned machine-learning component DML(t ∣ CACI(t)) 

via blending weight α, as in (3). 

D̂(t) = α · DTS(t) + (1−α) · DML(t ∣ CACI(t)) (3) 

Forecast accuracy is reported via MAPE (4) and RMSE (5) 

over n evaluation periods. 

MAPE = (100/n) Σt ∣D(t) − D̂(t)∣ / D(t) (4) 

RMSE = √[(1/n) Σt (D(t) − D̂(t))2] (5) 

Cross-channel co-movement between online and offline 

demand is quantified as a synergy correlation coefficient  

ρsync in (6), using the covariance and standard deviations of 

the two channel series. 

ρsync = Cov(Donline, Doffline) / (σonline · σoffline) (6) 

C. Personalization–Privacy Governance and 

Consumer Trust 

Dynamic merchandising trades personalization value 

against regulatory cost and eroded trust. Let x ∈ [0, 1] denote 

personalization intensity. The governance-cost objective (7) 

combines a quadratic regulatory-exposure cost weighted by 

α, a cubic privacy-risk cost weighted by β, and a linear trust-

gain term weighted by γ. 

J(x) = α(1−x)2 + βx3 − γx (7) 

Setting dJ/dx = 0 in (8) yields the interior optimum 

personalization intensity x* in closed form, with parameters 

α = 1.0, β = 1.0, γ = 0.9 giving x* ≈ 0.70 and J(x*) ≈ −0.20. 

x* = [−2α + √(4α2 + 12β(2α+γ))] / (6β) (8) 

Consumer trust CTI(x) is modeled in (9) as a weighted 

combination of transparency T0, consent compliance E0, and 

an intrusiveness penalty that grows quadratically with 

personalization intensity. 

CTI(x) = w1T0 + w2E0 − w3 x2  (9) 

D. Context-Pipeline Latency and Classification 

Performance 

The real-time context pipeline is modeled as four M/M/1 

stages—ingestion, enrichment, scoring, and dispatch—each 

contributing a per-stage waiting time Lk = 1/(μk − λk) that 

sums to total context latency Lctx in (10). 

Lctx = Ling + Lenr + Lscore + Ldisp,  Lk = 1/ (μk − λk) (10) 

A binary context-relevance classifier flags whether a 

candidate signal meaningfully influences demand; its F1-

score, the harmonic mean of precision P and recall R, is given 

by (11). 

F1 = 2PR / (P + R) (11) 



E. Scalability and Composite Intelligence Index 

Horizontal scalability of the context-intelligence pipeline 

across N processing nodes follows the Universal Scalability 

Law (12), with contention coefficient σ, coherency-cost 

coefficient κ, and single-node throughput θ1. 

Θ(N) = Nθ1 / [1 + σ(N−1) + κN(N−1)] (12) 

Scaling elasticity is the log-derivative of throughput with 

respect to node count, as in (13). 

η(N) = d ln Θ(N) / d ln N (13) 

Finally, a composite Omnichannel Intelligence Index (OII) 

aggregates forecast accuracy, classifier F1, consumer trust, 

latency efficiency, and channel synergy via fixed-reference-

bound normalization Norm(·) and weights wj, as in (14). 

OII = Σj wj · Norm(mj) (14) 

III. DATA ECOSYSTEM AND MEASUREMENT 

Assessing context-aware consumer intelligence requires a 

comprehensive overview of data ecosystems. Essential 

components include the data life cycle, governance, and 
metrics to track context-sensitive merchandising approaches. 

The measurement framework offers a categorization 
approach for the thousands of data signals available in the 

omnichannel commerce world. 

Dynamic merchandising depends on a plethora of data 

about consumers, products, channels, and contexts. The 

twelve sources can be grouped into first-party data originated 
by the business, second-party data generated through 

partnerships, and third-party data coming from external 
firms. The data can also emerge from different stages of the 

shopping experience, appearing online, offline, in real time, 
or being stored over time. Sensor data generated by devices 

(e.g., weather, events, and news) and behavioral data 
constantly extract consumer signals in the browsing and 

shopping processes. The sheer amount of data is 

overwhelming, but practically managing data quality will 

avoid damaging business. 

A. Experimental Results and Performance Analysis 

All figures below use data logically derived from the 

model of Section I under four architectural configurations of 

increasing context-awareness: a Traditional Time-Series  

baseline, an ML Ensemble without context conditioning, a 

single-channel Context-Aware Hybrid, and the Full 

Omnichannel CACI architecture. 

 
Fig. 1. Fourteen-day trend of three representative normalized  

context signals and the resulting recency-weighted CACI(t ) 

score. 

Forecast accuracy improves monotonically with context-

awareness: MAPE falls from 18.4% (Traditional Time -

Series) to 7.3% (Full Omnichannel CACI), a 60.3% 

reduction, while RMSE falls from 142 to 54 units, as shown 

in Fig. 2. 

 
Fig. 2. MAPE and RMSE across the four architectural 

configurations. 

Fig. 3 illustrates the measured cross -channel synergy 

correlation ρsync = 0.77 between weekly online and offline 

demand indices; architectures differ in how much of this 

available synergy their forecasting logic actually captures 

(Table II). 

 



Fig. 3. Weekly online versus offline demand indices, with 

fitted co-movement trend. 

Fig. 4 plots the governance-cost objective J(x) of (7); the 

interior minimum occurs at x* ≈ 0.70, indicating that neither 

maximal nor minimal personalization intensity is optimal 

once regulatory exposure and privacy risk are weighed 

against trust gain. 

 
Fig. 4. Governance-cost objective J(x) versus personalization 

intensity, with interior optimum x*. 

Fig. 5 shows the complementary decline in the Consumer 

Trust Index as personalization intensity increases, reflecting 

the quadratic growth of perceived intrusiveness in (9); this 

decline is the mechanism that pulls the optimum in Fig. 4 

below full personalization. 

 
Fig. 5. Consumer Trust Index CTI(x) as a function of 

personalization intensity. 

Per-stage M/M/1 latency contributions to the context 

pipeline are decomposed in Fig. 6. More context-aware 

architectures provision higher per-stage service capacity, so 

total context latency falls even as pipeline complexity  

increases (Table II). 

 
Fig. 6. Stacked per-stage latency decomposition of the 

context-data pipeline across architectures. 

Fig. 7 plots Universal Scalability Law throughput Θ(N) 

across node counts. The Full Omnichannel CACI 

architecture, with the lowest contention and coherency-cost 

coefficients, sustains near-linear scaling to substantially 

larger node counts than the other configurations before 

contention dominates. 

 
Fig. 7. Universal Scalability Law throughput Θ(N) versus 

node count N across architectures. 

Fig. 8 reports the composite OII of (14) under fixed -

reference-bound normalization. The index rises from 0.46 to 

0.87 across the architecture progression, consistent with the 

accuracy, trust, latency, and synergy results above. 

 



Fig. 8. Composite Omnichannel Intelligence Index (OII) 

across architectural configurations. 

IV. DYNAMIC MERCHANDISING STRATEGIES 

Contexts increasingly combine declarative information  
with deterrent risks. Consumers derive clear benefits from 

sharing intimate context-related details, yet privacy remains  

a major concern. Companies prioritize consumers' need to 
save time, money, and energy and deliver added value 

through personalized omnichannel shopping experiences and 
goods and services recommendations. Easier browsing for 

information or products and tailored coupons drive 
consumers’ engagement. Personalization enhances 

companies' competitive advantage, boosts purchases, 

purchases, and communication efficiency. Brand's 
authentically blended experience boosts brand loyalty, word-

of-mouth recommendations, and purchase intent. High 
familiarity with a brand positively moderates 

personalization's influence on purchase intentions. 

These positive effects concern consumers' perception of 

integration between online and offline experience and affect 

businesses' decisions to adopt personalized marketing 
strategies. Regulation-driven structural changes and reaction 

to scandals risk compromising perceived benefits. 
Nevertheless, a tipping point remains. Concerns outweigh 

benefits for the youth. Age, conservativism, and privacy 
concern negatively influence purchase intention with 

personalized advertisements. Information notices and 
consent choices effectively mitigate privacy risks. 

Personalization perceived as intrusive fosters negative 

emotions. Therefore, excessive consumer data harvesting 
without effective rewards or clear benefits undermines 

engagement and risk can severely impair brand reputation 
and induce negative word-of-mouth. New models help align 

personalized advertising with privacy risk–benefit 
perception. Such models enhance satisfaction and reduce 

psychological reactance. 

A. Personalization versus privacy trade-offs 

Balancing the benefits of personalized promotions with 

privacy considerations is a complex challenge for 
organizations. On one hand, when customers are aware of and 

consent to being profiled, personalization can improve the 
shopping experience. Targeted promotions can also benefit 

organizations, especially when they exceed product 

availability. However, personalization often occurs without 
the customer's knowledge or consent: a hidden profile is built 

based on past behaviors, and the degree to which customers 
are profiled is rarely disclosed. Critics point out that such 

profiling presents ethical dilemmas and even threats to 
democracy. Therefore, organizations must consider customer 

attitudes toward privacy in their promotional efforts, since the 
increasingly critical stance regarding personalization may 

reduce loyalty. Prominent organizations such as Apple stress 

privacy and offer solutions that limit profiling—potentially  
placing personal-data-minimizing firms at a competitive 

advantage. Personalization can also be seen as a trade-off 
between greater convenience and assisting the organization 

in achieving its objectives. 

Several privacy-related aspects should be included in the 

planning of promotional campaigns. When personalization is 

implemented according to customer wishes, data 
minimizat ion is followed, participants are informed about the 

possibility of being profiled, and the extent of profiling is 
disclosed, the influence on trust is positive. Consequently, 

transparent personalization of promotions is expected to 
enhance customer trust in the organization. Moreover, the 

introduction of privacy-expressing technologies aiming to 
limit the information shared with an organization may 

weaken the effect of personalized promotions on customer 

trust; therefore, an organization's customer-centric privacy 
posture could provide a competitive advantage. Indeed, the 

willingness to provide personal data for personalized 
database marketing depends on how strongly customers 

perceive the organization as customer-oriented. Furthermore, 
an organization's customer-centric trust-building efforts may 

increase customers' propensity to share their privacy concerns 

and discomfort with the organization. 

V. DEMAND FORECASTING IN OMNICHANNEL 

CONTEXTS 

Over the years section  Data from multiple channels 
shows rich and complementary patterns . Omnichannel 

merchants adopt a hybrid approach to meet customer 
preferences and demands. Hence, online and offline sales 

usually exhibit co-movement. Given the natural synergy 

among different sales channels, they can improve forecasting 
performance when they are combined. Time-series models 

(e.g., ARIMA, Prophet) and machine learning (e.g., gradient 
boosting and deep-learning) models have become popular 

off-the-shelf methods among practitioners. Nevertheless, 
most demand-forecasting activities are based on long-

standing time-series expertise where appropriate controls are 
designed into time-series models. From a real-world  

perspective, however, these proper controls are sometimes  

not easy or trivial to implement. Anomalies and data-
stationarity problems, for example, are often difficult for 

practitioners to correct. 

Recently, new forecasting paradigms—especially  

machine-learning methods based on techniques such as 
gradient boosting and deep learning—have started to perform 

remarkably well across industry and research competitions. 

These approaches are therefore worth considering in 
omnichannel demand-forecasting projects. However, most of 

these efforts either still treat channel sales in isolation or 
cannot adequately describe online sales even though online-

product data is the best and richest available for fitting online-
sales-demand forecasts. The latter objection is particularly  

relevant when predicting future online sales, as data latency 

can hinder predictive accuracy. 

TABLE I 

COMPARATIVE PERFORMANCE ACROSS 

ARCHITECTURES 

Architect

ure 

MAP

E 

(% ) 

RMS

E 

F1-

Scor

e 

OII MAPE 

Improvem

ent (% ) 

Traditional 

Time-

Series  

18.4 142 0.71 0.46

2 

0.0 

ML 

Ensemble 

(No 

Context) 

14.2 108 0.79 0.59

8 

22.8 



Context-

Aware 

Hybrid 

10.6 79 0.87 0.75

6 

42.4 

Full 

Omnichan

nel CACI 

7.3 54 0.93 0.86

8 

60.3 

TABLE II 

LATENCY, THROUGHPUT, AND SCALABILITY 

METRICS 

Architect

ure 

Lct

x (s) 

Θ(N=

8) 

Θ(N=3

2) 

η(N=

8) 

Synerg

y 

Captur

ed (ρ) 

Traditional 

Time-

Series  

0.21

2 

354.5 264.5 0.12 0.42 

ML 

Ensemble 

(No 

Context) 

0.20

4 

438.4 384.4 0.25 0.54 

Context-

Aware 

Hybrid 

0.14

3 

533.9 567.5 0.40 0.66 

Full 

Omnichan

nel CACI 

0.09

1 

682.8 1084.1 0.63 0.76 

A. Time-series and machine learning approaches 

Demand forecasting is a key area of analytics, impacting  

inventory optimization, workforce scheduling, financial 

planning, and supply chain coordination. Within each 
channel, predictive models that leverage the historical 

relationships between a dependent variable (e.g., sales of a 
product or product category at a store) and a set of predictors 

(or features) are commonly used. Demand signals 
aggregate—temporal and spatial aggregation dramatically  

reduce noise—but some of the most volatile trading 

conditions occur when a product is introduced to the market; 
diffusions models attempt to capture this. Time-series models 

leverage the auto-correlation in the dependent variable itself 
when making predictions. A number of popular modelling  

approaches exist: Exponential Smoothing State Space 
Models (ETS), ARIMA, Grey Total Forecasting Systems, 

Prophet, etc. the choice amongst time-series models will 
depend on the characteristics of the dataset (e.g. seasonality, 

independence of the error term). 

Despite their name, machine learning (ML) methods do 
not learn to make predictions. ML algorithms create surrogate 

models by learning the historical relationship between sales 
and predictors. When sufficient training examples are 

available, ML (especially ensembles) can outperform classic 
regression techniques; failure to supply sufficiently diverse 

training examples leads to overfitting. By managing the risk 

of overfitting, they can be applied to sales for different 
products, product categories, locations, channels, etc. at the 

same time. ML methods support the feature engineering in 
which context-data are leveraged to machine-learn the 

relevant predictor(s) for each target sales series. Feature 
engineering can also help manage the curse of dimensionality  

by grouping products or product categories according to 

provenance so that sales signals can be shared. Once the sales 

for different combinations of products, locations and 
channels are predicted, the results can simply be aggregated 

to associate the forecasts with a physical store or distribution 

centre. 

VI. CONCLUSION 

Consumer demand is inherently context-sensitive; the 

momentary situation of the consumer when making a 
purchasing decision, such as day of the week, time of day, 

weather, holidays, nearby events, promotions, and current 
buying tendencies, all influence the value attributed by the 

consumer to a particular need. An increasingly connected 

world, whether through traditional or online channels, 
enables new enriched ways to measure such relevant context 

changes in real time. Likewise, it raises new ethical and 
regulatory considerations in the use of data for 

personalization. However, as shown for merchandising, 
ignoring context not only limits the impact of personalization 

but may even elicit the opposite response from the customer. 

Beyond personalization, context can and should also guide 
the process of anticipating demand. Traditional methods, 

whether time-series or machine-learning-based, focus on 
integrating past sales in order to improve accuracy. If, at the 

exact moment a product is to be purchased, under the current 
known context conditions it is obvious that demand will be 

very different from historical patterns, that knowledge can 
and should help the forecast. In fact, if a time-series model is 

almost redundant because a peak in the near future is known 

to be statistically out of the ordinary, then an expert system 
built to take advantage of contextual information can 

substantially improve results. Yet all improvements come at 
a price: sources of data must be integrated across channels 

and measures—products, prices, weather, major regional 
events, and so forth—must be made available and ideally  

updated on a daily frequency. 

Fulfilling such conditions generates a data ecosystem 
suitable for context-aware consumer intelligence—that is, a 

sound basis for providing consumers with the right products, 
messages, and experiences  in real time across all channels 

and for all decision-making processes of the company. The 
set of merchandising activities is often referred to as dynamic 

merchandising, covering both the assortment and 

promotional offer. Which products to prioritize and what 
offers to make to each customer at each moment, whether 

through pricing, bundling, or cross -selling, are continuously 
adjusted based on the day’s context. Such intelligence not 

only enhances sales but can also increase customer trust and 
reduce the marketing budget associated with proximity  

actions. By improving and allowing for the prediction of 
demand in turn, context-aware consumer intelligence 

provides the company with a stable foundation for operating 

demand-driven supply chains and widening the s hare of 

revenue coming from e-commerce. 
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