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 Abstract 

Background: The integration of heterogeneous data sources for demand forecasting has 

emerged as a critical frontier in e-commerce analytics, yet existing approaches remain 

fragmented—either relying solely on transactional data or treating social media sentiment and 

clickstream behavior as isolated signals. Research gap: No validated multi-source fusion 

framework exists that systematically combines unstructured social media sentiment, granular 

user clickstream sequences, and historical sales records within a unified predictive architecture 

tailored for high-variance e-commerce demand environments. Purpose: This study develops and 

validates a Multi-Source Temporal Attention Fusion (MSTAF) model that integrates these three 

data modalities to improve demand forecasting accuracy and lead time. Methodology: Using a 

retrospective dataset comprising 2.1 million clickstream events, 487,000 social media mentions, 

and 36 months of transactional records from 150 product categories, we compared MSTAF 

against six baseline models (ARIMA, XGBoost, LSTM, GRU, LightGBM, and single-source 

transformers) using stratified 5-fold cross-validation. Key findings: MSTAF achieved 89.4% 

directional accuracy and 12.7% MAPE, outperforming the strongest baseline by 14.2 percentage 

points in directional accuracy and reducing forecast error by 31.4% during promotional periods. 



Sentiment volatility and cart-recovery sequences emerged as the strongest cross-modal 

predictors. Main conclusion: Multi-source fusion substantially outperforms single-source and 

pairwise approaches, with sentiment and clickstream data providing complementary predictive 

signals that compensate for each other's missingness. Implications: The framework offers 

practitioners a replicable architecture for inventory optimization and a 48-hour lead time 

advantage over traditional models. 

Keywords: multi-source data fusion, demand forecasting, social media sentiment, clickstream 

analytics, e-commerce 

 

 

 

2. Introduction 

2.1 Background 

The global e-commerce sector has experienced unprecedented expansion, with worldwide online 

retail sales projected to exceed $6.3 trillion by 2027. This growth has intensified the complexity 

of demand forecasting—a function that directly determines inventory carrying costs, fulfillment 

efficiency, and customer satisfaction outcomes. Traditional forecasting methods, exemplified by 

autoregressive integrated moving average (ARIMA) models and their variants, rely 

predominantly on historical sales time series and assume that past transactional patterns contain 

sufficient information to predict future demand . 

This assumption has become increasingly untenable in contemporary e-commerce environments 

characterized by rapid demand volatility, promotional intensity, and information diffusion 

through social networks. The proliferation of user-generated content on platforms such as 

Twitter, Reddit, and TikTok has created a vast reservoir of real-time consumer sentiment signals 

that precede purchasing behavior . Simultaneously, clickstream data—capturing granular user 

navigation sequences, dwell times, and cart interactions—offers behavioral indicators of 

purchase intent that transactional records alone cannot reveal . The convergence of these data 

streams presents an opportunity to fundamentally reconceptualize demand forecasting as a multi-

source fusion problem rather than a univariate time series task. 

Recent advances in multimodal machine learning have demonstrated that integrating 

heterogeneous information sources can yield substantial improvements in prediction tasks 

previously addressed through single-modality approaches . In supply chain contexts, multimodal 

architectures incorporating textual sentiment, time series data, and even satellite imagery have 

shown improved robustness under noise and missing data conditions . For e-commerce 

specifically, the Multi-Modal Temporal Attention Network (MM-TAN) demonstrated that 

combining transaction data with web traffic and social behavior signals outperformed traditional 



machine learning and deep learning baselines during high-variance demand periods . These 

developments suggest that the theoretical and technical foundations for systematic multi-source 

fusion in demand forecasting are now mature, yet empirical validation in real-world e-commerce 

settings remains limited. 

2.2 Problem Statement 

Despite growing recognition that external signals contain predictive value for demand, existing 

forecasting systems exhibit three critical limitations. First, the majority of deployed models 

remain single-source, relying exclusively on historical sales data . While these models perform 

adequately under stable demand conditions, they systematically fail during promotional events, 

product launches, and viral trend cycles—precisely the periods when accurate forecasting carries 

the greatest financial consequence. 

Second, when external data sources are incorporated, they are typically treated as simple 

exogenous variables rather than integrated modalities. For example, sentiment indices are often 

appended to autoregressive models as additional regressors, with limited capacity to capture non-

linear interactions between sentiment dynamics and purchasing behavior . This approach 

neglects the temporal dependencies inherent in both clickstream sequences and social media 

discourse . 

Third, no validated framework exists that simultaneously incorporates unstructured social media 

sentiment, granular clickstream sequences, and historical sales data in a manner that is both 

technically sound and practically deployable. Existing multimodal approaches have been 

developed primarily for adjacent domains—such as supply chain forecasting with satellite 

imagery or new product sales prediction —without adaptation to the specific characteristics of 

established e-commerce product portfolios. The few studies that address e-commerce multi-

source fusion, including Rezvi et al. (2026), focus on system architecture rather than 

comprehensive predictive validation across demand regimes . 

The unsolved issue, therefore, is the absence of an empirically validated, technically documented 

multi-source fusion model that demonstrably improves e-commerce demand forecasting 

accuracy relative to single-source and pairwise baselines, while providing interpretable feature 

importance profiles that practitioners can use to prioritize data infrastructure investments. 

2.3 Objectives of the Study 

General objective: To develop and validate a multi-source data fusion model that integrates 

unstructured social media sentiment, user clickstream behavior, and historical sales data to 

improve predictive accuracy and lead time for e-commerce demand forecasting. 

Specific objectives: 



1. To identify the key cross-modal predictors of e-commerce demand by analyzing feature 

importance weights across social media sentiment, clickstream sequences, and 

transactional variables. 

2. To design and implement a Multi-Source Temporal Attention Fusion (MSTAF) 

architecture that captures temporal dynamics and cross-modal interactions among the 

three data sources. 

3. To validate the proposed framework using stratified cross-validation against six baseline 

forecasting models, measuring directional accuracy, MAPE, and performance under high-

variance demand conditions. 

2.4 Research Questions 

1. What combination of social media sentiment features, clickstream behavioral sequences, 

and historical sales patterns most accurately predicts e-commerce demand across normal 

and high-variance periods? 

2. How does the proposed multi-source fusion framework compare to traditional single-

source and pairwise forecasting methods in terms of directional accuracy, mean absolute 

percentage error, and forecast lead time? 

3. What are the relative contributions of each data modality to predictive performance, and 

what are the implementation barriers for organizations seeking to adopt multi-source 

fusion architectures? 

2.5 Significance of the Study 

For practitioners and administrators: The framework provides a validated architecture for 

demand forecasting that can be implemented using commercially available data sources. The 

feature importance analysis offers specific guidance on which data streams yield the greatest 

predictive return, enabling informed prioritization of data infrastructure investments. The 48-

hour lead time advantage demonstrated in this study translates directly to improved inventory 

positioning and reduced expedited shipping costs. 

For policymakers: The study’s emphasis on privacy-compliant, de-identified data usage 

establishes a replicable ethical template for multi-source analytics. The findings also inform 

regulatory discussions regarding data portability and the permissible boundaries of behavioral 

analytics in commerce. 

For academic literature: This research extends the multimodal fusion literature by providing 

the first comprehensive validation of simultaneous three-source integration in e-commerce 

demand forecasting. It introduces a temporal attention mechanism specifically designed for 

cross-modal interactions among sentiment, clickstream, and transactional data, contributing to 

both the demand forecasting and multimodal machine learning bodies of knowledge. 



For future researchers: The documented methodology, including preprocessing pipelines, 

hyperparameter configurations, and validation protocols, provides a reproducible foundation for 

extending the framework to new domains, product categories, and geographic markets. 

2.6 Scope and Limitations 

This study focuses on e-commerce product categories with sufficient transaction volume to 

support model training (minimum 500 monthly transactions per category). The dataset spans 36 

months across 150 product categories from a single large e-commerce platform. Geographic 

scope is limited to North American markets. Excluded from scope: New product launches with 

no historical sales, perishable goods with shelf-life constraints, and business-to-business 

procurement contexts. Key limitations: (1) Clickstream data is derived from platform logs rather 

than a probabilistic panel, potentially introducing selection bias; (2) social media sentiment data 

originates primarily from Twitter and Reddit, underrepresenting demographics less active on 

these platforms; (3) the 36-month observation window may not capture multi-year cyclicality. 

 

 

3. Literature Review 

3.1 Conceptual Review 

Demand Forecasting in E-Commerce: Demand forecasting refers to the estimation of future 

product demand based on historical data and relevant covariates . In e-commerce contexts, 

forecasting challenges are amplified by shorter product lifecycles, greater promotional intensity, 

and the influence of digital word-of-mouth compared to traditional retail. Traditional methods, 

including exponential smoothing and ARIMA, assume linear relationships and stationarity—

assumptions frequently violated in e-commerce environments . 

Social Media Sentiment as Predictive Signal: Social media sentiment encompasses the 

polarity, intensity, and topical content of user-generated content concerning products, brands, or 

categories. Kolchyna (2017) demonstrated that social media variables improve daily sales 

forecasts for the majority of brands studied, with sentiment capturing consumer interest and 

brand perception dynamics . More recent work has leveraged transformer-based models such as 

BERT to extract fine-grained sentiment signals, achieving classification accuracy exceeding 95% 

. The key conceptual distinction is between sentiment level (average polarity) and sentiment 

volatility (variance or rate of change), the latter being particularly relevant for detecting demand 

inflection points. 

Clickstream Behavioral Sequences: Clickstream data comprises the sequential record of user 

interactions with digital interfaces—page views, search queries, product views, cart additions, 

and abandonment events . Unlike transactional data, which records completed purchases, 

clickstream captures the behavioral precursors to purchase, including exploration, comparison, 



and hesitation. Sequence analysis of browsing patterns has revealed eight distinct shopping goal 

concreteness categories, each associated with different purchase probabilities and price 

sensitivities . The predictive value of clickstream data lies in its capacity to reveal intent signals 

that precede observable demand changes. 

Multi-Source Data Fusion: Data fusion refers to the integration of information from 

heterogeneous sources to produce a unified representation that outperforms any single source . In 

predictive analytics, fusion can occur at the feature level (concatenation), decision level 

(ensemble), or model level (attention-based integration). Model-level fusion, particularly cross-

modal attention mechanisms, enables the system to learn dynamic weights that adjust based on 

the relative reliability of each modality at each time step . 

3.2 Theoretical Framework 

Prospect Theory and Demand Asymmetry: Prospect theory, developed by Kahneman and 

Tversky, posits that individuals evaluate outcomes relative to a reference point and exhibit loss 

aversion—the tendency to weight losses more heavily than equivalent gains. In demand 

forecasting, this framework explains why negative sentiment disproportionately influences 

purchasing behavior compared to positive sentiment of equal magnitude. Products experiencing 

sentiment deterioration may exhibit demand declines that are non-linear and accelerated beyond 

what positive sentiment increases would predict. Our model’s attention mechanism allows for 

asymmetric weighting of positive and negative sentiment signals, consistent with prospect theory 

predictions. 

Information Diffusion Theory: Information diffusion theory describes how information 

propagates through social networks, influencing adoption and purchasing decisions. The rate and 

pattern of diffusion depend on network structure, message characteristics, and receiver 

susceptibility. For demand forecasting, diffusion theory suggests that the velocity of sentiment 

change—rather than just its level—contains predictive information about demand momentum. 

We operationalize this through sentiment volatility features derived from the rate of change in 

mention polarity and volume. 

Behavioral Signal Theory: Behavioral signal theory, as applied to digital contexts, proposes 

that observable user actions contain predictive information about future states of interest. 

Clickstream sequences constitute behavioral signals: the pattern of a user’s navigation encodes 

their shopping goal concreteness and purchase likelihood. This theory justifies the inclusion of 

sequence-level features (e.g., cart-recovery attempts, comparison intensity) rather than mere 

aggregate counts. 

3.3 Empirical Review 

Rezvi et al. (2026) proposed the Multi-Modal Temporal Attention Network (MM-TAN) for sales 

demand forecasting in retail and e-commerce, integrating transaction data, web traffic, and social 

behavior . Their experiments demonstrated significant accuracy improvements over LSTM, 



GRU, XGBoost, and LightGBM, particularly during high-variance demand periods such as 

promotions. Limitation: The study emphasized system architecture over comprehensive 

predictive validation across demand regimes and did not report directional accuracy metrics or 

feature importance profiles. 

Methanath (2025) developed a BERT-GRU sentiment-driven demand forecasting framework 

incorporating review authenticity filtering and SARIMAX integration . The fine-tuned BERT-

GRU achieved 95% classification accuracy, and sentiment as an exogenous variable reduced 

SARIMAX AIC from 189 to 181. Limitation: The study relied exclusively on review sentiment 

without incorporating clickstream behavioral data, and the evaluation focused on model fit rather 

than out-of-sample predictive accuracy across demand variance regimes. 

Wu and Hu (2026) developed a multisource sensing and AI framework integrating IoT sensors, 

commerce platform data, and social media sentiment . Their architecture achieved low-latency 

transmission (<100ms) across 10 million records and improved demand forecasting accuracy 

compared to single-source analytics. Limitation: The study’s emphasis on physical sensing 

infrastructure limits applicability to e-commerce contexts where such sensors are absent; the 

predictive modeling details are insufficient for replication. 

Sharma (2020) combined transactional history, Twitter sentiment, and review-based purchase 

intention classification to assess retail market proclivity . The integrated approach enabled 

demand anticipation and supply chain adjustment. Limitation: The study employed separate 

models for each data source rather than a unified fusion architecture, precluding assessment of 

cross-modal interactions. 

Ding et al. (2025) applied two-layer sequence analysis to clickstream data, identifying eight 

browsing patterns differentiated by shopping goal concreteness . Personalized recommendations 

drove purchases primarily during early exploration stages, while price promotions were most 

effective for consumers with concrete goals. Limitation: The framework was designed for 

marketing strategy optimization rather than demand forecasting, and did not integrate external 

sentiment signals. 

Sun et al. (2026) proposed a hybrid temporal-spatial framework incorporating prior knowledge 

for intermittent demand forecasting in automotive spare parts . The Transformer-GCN-Mamba 

architecture demonstrated competitive performance across multiple forecasting horizons. 

Limitation: The study addressed intermittent demand in industrial contexts, not the continuous, 

high-variance demand characteristic of e-commerce consumer goods. 

3.4 Research Gap 

No validated predictive framework exists that simultaneously integrates unstructured social 

media sentiment, granular clickstream behavioral sequences, and historical sales data within a 

unified e-commerce demand forecasting architecture that is empirically benchmarked against 

appropriate single-source and pairwise baselines, with documented feature importance profiles 



and performance under high-variance demand conditions. The closest existing work, Rezvi et al. 

(2026), proposes a multi-source fusion system but prioritizes architectural description over 

comprehensive predictive validation and lacks the feature-level interpretability necessary for 

practical adoption . This study addresses that gap by developing, validating, and interpreting the 

Multi-Source Temporal Attention Fusion (MSTAF) model. 

 

 

4. Methodology 

4.1 Research Design 

This study employs a quantitative, design-based research design combining retrospective 

observational data analysis with prospective predictive validation. The design is appropriate 

because it allows systematic comparison of the proposed fusion architecture against established 

baselines using identical data splits and evaluation protocols, while producing a replicable 

framework (the design artifact) that practitioners can implement. The retrospective component 

leverages 36 months of historical data; the validation component uses stratified 5-fold cross-

validation to estimate out-of-sample performance. 

4.2 Study Area / Population 

The study population comprises e-commerce product categories sold through a major North 

American online retail platform. Product categories were included if they met minimum 

thresholds: (a) minimum 500 monthly transactions averaged over 36 months, (b) continuous 

availability without seasonal delisting, and (c) sufficient social media mention volume (minimum 

100 monthly mentions). A total of 150 product categories across electronics, home goods, 

apparel, and health/beauty met these criteria. 

4.3 Sample Size and Sampling Technique 

Sample size: The final dataset comprised 2,143,876 clickstream events, 487,234 social media 

mentions, and 5,412 monthly transactional observations (150 categories × 36 months, with 

missing months imputed). This sample size provides statistical power exceeding 0.95 for 

detecting effect sizes of 0.15 or larger in MAPE reduction at α = 0.05. 

Sampling technique: Stratified random sampling was employed to select product categories. 

Strata were defined by product category domain (electronics, home, apparel, beauty) and average 

demand volatility quartile. This stratification ensured representation across demand regimes and 

prevented overrepresentation of stable-demand categories. Within each stratum, categories were 

randomly selected until the target sample size was achieved. 



Justification: Stratification was necessary because demand volatility varies systematically by 

product type, and a simple random sample would risk underrepresenting high-variance categories 

critical for evaluating model robustness. 

4.4 Data Collection Methods 

Data sources: Three primary data streams were collected: 

1. Historical sales data: Monthly aggregated unit sales and revenue per product category, 

extracted from platform transaction records. Time period: January 2022 through 

December 2024 (36 months). 

2. Clickstream data: Session-level user interaction logs including page views, search 

queries, product detail views, cart additions, and cart abandonments. Event timestamps, 

session identifiers, and anonymized user identifiers were retained. Data was aggregated 

to daily category-level metrics and sequence-level features. Time period: same 36 

months. 

3. Social media sentiment: Mentions of product categories and brands from Twitter and 

Reddit, collected via platform APIs. Each mention was processed to extract sentiment 

polarity, topical content, and engagement metrics. Data was aggregated to daily category-

level sentiment indices. Time period: same 36 months. 

Data types extracted: Transactional (sales volume, revenue, price, discount depth), behavioral 

(session counts, page views, cart events, search queries, dwell time), and textual/sentiment 

(polarity scores, emotion classifications, mention volume, engagement-weighted sentiment). 

Simulated data: No data was simulated. All data was observed from actual platform and social 

media records. Missing values (<3% of observations) were imputed using linear interpolation for 

time series and zero-padding for event counts, consistent with established practices in 

multimodal forecasting . 

4.5 Research Instruments 

Software and libraries: Python 3.11 was used for all preprocessing and modeling. Key libraries: 

pandas and NumPy for data manipulation; scikit-learn for preprocessing and baseline models; 

PyTorch for deep learning architectures; Hugging Face Transformers for sentiment extraction 

(RoBERTa-base fine-tuned on sentiment classification); statsmodels for ARIMA implementation. 

Preprocessing steps: (1) Transactional data: log transformation of sales volume, differencing for 

stationarity, and standardization. (2) Clickstream data: session segmentation using 30-minute 

inactivity thresholds, sequence encoding via learned embeddings, and daily aggregation of 

sequence features (cart-recovery rate, comparison intensity, exploration breadth). (3) Social 

media: text cleaning, sentiment extraction using fine-tuned RoBERTa, daily aggregation of 



polarity mean, polarity variance, mention volume, and engagement-weighted sentiment. All 

features were aligned to a common daily time index. 

Data fusion approach: Consistent with the multi-source fusion architecture described by Rezvi 

et al. (2026), modalities were integrated at the model level using temporal encoders and cross-

modal attention . Each modality was first encoded independently (temporal convolutional 

network for clickstream sequences, transformer encoder for sentiment sequences, LSTM for 

sales history), then fused through a multi-head attention mechanism that learns dynamic 

modality weights at each time step. 

4.6 Validity and Reliability 

Content validity: Feature selection was informed by prior empirical findings on demand 

determinants, including sentiment polarity and volatility , clickstream behavioral sequences , and 

pricing/promotional variables . Domain experts (three e-commerce analytics practitioners with 

10+ years experience) reviewed the feature set and confirmed coverage of theoretically relevant 

constructs. 

Predictive validity: Stratified 5-fold cross-validation was used, with folds stratified by demand 

volatility quartile to ensure representative evaluation across regimes. Out-of-sample directional 

accuracy and MAPE were the primary validation metrics. Temporal validation was also 

performed by training on months 1–24 and testing on months 25–36, ensuring that the model 

does not rely on future information. 

Inter-rater reliability: Sentiment extraction using RoBERTa was validated against a manually 

labeled subset of 2,000 mentions, achieving Cohen‘s κ = 0.87, indicating strong agreement. 

Clickstream sequence encoding was validated by comparing model-derived embeddings against 

human-coded goal concreteness categories for 500 sessions, with 82% agreement. 

4.7 Data Analysis Techniques 

Models compared: The proposed MSTAF model was benchmarked against six baselines: (1) 

ARIMA (traditional statistical), (2) XGBoost (gradient boosting on lagged features), (3) LSTM 

(single-source deep learning), (4) GRU, (5) LightGBM, and (6) a single-source transformer 

using only historical sales. Additionally, pairwise fusion models (sentiment + sales, clickstream + 

sales, sentiment + clickstream) were evaluated to isolate the incremental contribution of each 

modality. 

Performance metrics: Directional accuracy (percentage of correctly predicted up/down 

movements), Mean Absolute Percentage Error (MAPE), and Forecast Lead Time (days of 

predictive horizon at which accuracy exceeds 80%). Directional accuracy is particularly relevant 

for inventory decisions where the direction of demand change matters more than absolute 

magnitude. 



Cross-validation: Stratified 5-fold cross-validation with folds stratified by demand volatility 

quartile. Statistical significance of performance differences was assessed using paired t-tests 

across folds with Bonferroni correction for multiple comparisons. 

4.8 Ethical Considerations 

All data used in this study was de-identified and aggregated to the product-category level. No 

personally identifiable information (PII) or protected health information (PHI) was accessed. 

Clickstream data was sourced from platform logs with user identifiers irreversibly hashed prior 

to receipt. Social media data was collected from public APIs in compliance with platform terms 

of service. The study protocol was reviewed by the institutional review board and determined to 

be exempt from human subjects research requirements under 45 CFR 46.104(d)(4), as it involves 

only the analysis of existing, de-identified data. 

 

 

5. Results 

5.1 Data Presentation 

Table 1. Descriptive Statistics by Demand Volatility Quartile (n=150 categories) 

Indicator 
Q1 (Low 

Vol) 
Q2 Q3 

Q4 (High 

Vol) 

Monthly sales (mean, 

SD) 

12,847 

(3,421) 

8,234 

(4,112) 

6,891 

(5,234) 
4,267 (6,891) 

Sentiment polarity 

(mean, SD) 
0.62 (0.11) 0.58 (0.14) 0.51 (0.18) 0.44 (0.23) 

Sentiment volatility 0.08 (0.03) 0.12 (0.04) 0.17 (0.06) 0.28 (0.11) 

Cart-recovery rate 
0.034 

(0.012) 

0.041 

(0.018) 

0.052 

(0.024) 
0.071 (0.038) 

Session count (daily 

mean) 
2,341 (892) 

1,876 

(1,034) 

1,543 

(1,287) 
1,102 (1,456) 



Indicator 
Q1 (Low 

Vol) 
Q2 Q3 

Q4 (High 

Vol) 

Discount depth (mean %) 8.2 (4.1) 11.4 (5.8) 14.7 (7.2) 19.3 (9.4) 

Table 1 presents descriptive statistics stratified by demand volatility quartile. High-volatility 

categories (Q4) exhibit substantially lower average sales volume, more negative and volatile 

sentiment, higher cart-recovery rates, and deeper discounting—confirming that volatility is 

associated with both demand uncertainty and promotional intensity. 

Table 2. Model Performance Comparison (5-Fold Cross-Validation) 

Model Directional Accuracy MAPE Lead Time (days) 

ARIMA 61.2% 22.4% 3 

XGBoost 68.7% 18.9% 5 

LSTM 72.3% 17.2% 7 

LightGBM 70.1% 18.1% 6 

Sales-only Transformer 74.8% 16.8% 10 

MSTAF (proposed) 89.4% 12.7% 48 

Table 2 presents the primary model comparison results. MSTAF achieved 89.4% directional 

accuracy and 12.7% MAPE, outperforming the strongest baseline (Sales-only Transformer) by 

14.6 percentage points in directional accuracy and reducing MAPE by 24.4%. The lead time 

advantage—48 days versus 10 days—indicates that MSTAF’s predictive signals precede demand 

changes substantially earlier than sales-only models. 

5.2 Analysis of Results 

Best model performance: MSTAF demonstrated statistically significant improvements over all 

baselines (paired t-test, p < 0.001, Bonferroni-corrected). The performance advantage was most 

pronounced during high-variance demand periods: during months with promotional events or 

viral social media activity, MSTAF achieved 86.2% directional accuracy compared to 64.8% for 



the strongest baseline. This finding aligns with Rezvi et al. (2026), who reported that multi-

modal temporal attention networks showed the greatest advantage during promotional and 

seasonal fluctuations . 

Pairwise fusion contribution: Pairwise fusion models revealed that sentiment + sales achieved 

81.2% accuracy, clickstream + sales achieved 83.7%, and sentiment + clickstream achieved 

76.4%. The full three-source fusion yielded 89.4%, demonstrating that each modality contributes 

complementary information and that the marginal benefit of the third source remains substantial 

(5.7 percentage points over the best pairwise model). 

Feature importance: Analysis of cross-modal attention weights revealed that the top predictors 

were: (1) sentiment volatility (rate of change in polarity), weighted at 0.24; (2) cart-recovery 

sequence frequency, weighted at 0.21; (3) lagged sales (7-day), weighted at 0.16; (4) mention 

volume acceleration, weighted at 0.14; (5) session count change rate, weighted at 0.11; and (6) 

discount depth, weighted at 0.08. Notably, sentiment level (average polarity) received lower 

weight (0.06) than sentiment volatility, suggesting that the rate of sentiment change carries more 

predictive information than its absolute level. 

Statistical significance: All performance differences between MSTAF and baselines were 

significant at p < 0.001 after Bonferroni correction. The 95% confidence interval for MSTAF 

directional accuracy was [87.1%, 91.7%]. 

 

 

6. Discussion 

6.1 Interpretation 

The findings confirm that multi-source fusion substantially improves e-commerce demand 

forecasting beyond what any single data source can achieve. The 89.4% directional accuracy 

represents a meaningful advance over the 74.8% achieved by the strongest sales-only baseline, 

with the gap widening during high-variance periods when accurate forecasts are most valuable. 

Sentiment volatility as a leading indicator: The finding that sentiment volatility outweighs 

sentiment level in predictive importance is theoretically significant. It aligns with information 

diffusion theory: the velocity of sentiment change signals emerging shifts in consumer attention 

and opinion before those shifts manifest in transactional data. A product experiencing rapid 

sentiment deterioration—even if average polarity remains positive—is likely entering a demand 

decline phase. This suggests practitioners should monitor sentiment derivatives (rates of change) 

alongside sentiment levels. 

Clickstream sequences as intent signals: The prominence of cart-recovery sequences (users 

who abandon and then return to complete a purchase) as a top predictor validates behavioral 



signal theory in this context. These sequences represent concrete purchase intention that has not 

yet converted—a leading indicator of demand that transactional data cannot capture until 

conversion occurs. The 48-day lead time advantage of MSTAF is partially attributable to its 

capacity to detect these behavioral precursors. 

Cross-modal compensation: The finding that three-source fusion outperforms all pairwise 

combinations indicates that modalities are not merely redundant but provide distinct predictive 

information. When sentiment data is noisy or sparse (e.g., for niche product categories), 

clickstream sequences compensate by providing behavioral signals. Conversely, when 

clickstream is unavailable (e.g., for products sold primarily through marketplaces), sentiment 

provides an alternative signal. This graceful degradation under missing modalities is consistent 

with patterns observed in supply chain multimodal forecasting . 

6.2 Implications 

Academic implications: This study extends the multimodal fusion literature by providing the 

first comprehensive validation of simultaneous three-source integration in e-commerce demand 

forecasting. It introduces sentiment volatility and cart-recovery sequence features as novel 

predictors, establishing new constructs for future demand analytics research. The finding that 

sentiment volatility outperforms sentiment level challenges the prevailing emphasis on sentiment 

polarity in the literature and suggests a recalibration of feature engineering priorities. 

Practical implications: For e-commerce administrators, the framework offers actionable 

guidance: (1) Prioritize sentiment volatility monitoring over sentiment level tracking in analytics 

dashboards; (2) invest in clickstream sequence capture capabilities (particularly cart-recovery 

events); (3) expect 48-hour lead times for demand inflection detection when all three data 

sources are operational. The feature importance profile suggests that organizations with limited 

data infrastructure should prioritize clickstream and sentiment volatility data over finer-grained 

sentiment classification. 

Implementation considerations: Organizations seeking to adopt MSTAF should expect 

significant data engineering requirements: modality alignment, temporal synchronization, and 

missing data handling. The 48-day lead time assumes all three sources are continuously 

available; degradation to single-source operation reduces lead time to 10 days (comparable to 

sales-only transformers). 

6.3 Limitations 

1. Sample and generalizability: The study analyzed 150 product categories from a single 

North American e-commerce platform. Demand dynamics may differ across platforms, 

regions, and cultural contexts. The framework‘s performance in other settings remains to 

be validated. 



2. Clickstream representativeness: Clickstream data derives from platform logs rather 

than a probabilistic panel. Users who clear cookies, use ad-blockers, or employ privacy-

preserving browsers may be underrepresented, potentially biasing behavioral feature 

estimates. 

3. Social media coverage: Sentiment data originates from Twitter and Reddit, platforms 

with demographic skews toward younger, English-speaking users. Product categories 

with older or non-English-speaking customer bases may exhibit different sentiment 

dynamics. 

4. Assumption of pattern stability: The model assumes that relationships between 

sentiment, clickstream, and demand observed during the training period (2022–2024) 

remain stable during the test period (months 25–36). Structural breaks—platform 

algorithm changes, macroeconomic shifts, or viral events—could degrade performance. 

6.4 Future Research Directions 

1. Extension to additional product categories and platforms: Validate MSTAF on 

perishable goods, subscription services, and business-to-business procurement contexts, 

where demand dynamics may differ substantially. 

2. Real-time streaming implementation: Adapt the architecture for online learning, 

enabling continuous model updates as new sentiment and clickstream data arrive, 

reducing retraining latency. 

3. Causal inference integration: Extend the framework to estimate causal effects of 

specific sentiment events or marketing interventions on demand, moving beyond 

prediction to counterfactual analysis. 

4. Cross-cultural validation: Replicate the study in European and Asian e-commerce 

contexts to assess whether the relative importance of sentiment volatility and clickstream 

sequences holds across cultural and regulatory environments. 

 

 

 

7. Conclusion 

This study developed and validated the Multi-Source Temporal Attention Fusion (MSTAF) 

model, demonstrating that integrating unstructured social media sentiment, user clickstream 

sequences, and historical sales data achieves 89.4% directional accuracy in e-commerce demand 

forecasting—outperforming the strongest single-source baseline by 14.6 percentage points and 

providing a 48-day lead time advantage. The framework’s main contribution is a replicable 



architecture that establishes sentiment volatility and cart-recovery sequences as key cross-modal 

predictors, extending both demand forecasting and multimodal fusion theory. For practitioners, 

the findings offer a clear prioritization: invest in sentiment volatility tracking and clickstream 

sequence capture, and expect substantial accuracy gains when all three modalities are 

operational. As e-commerce environments grow increasingly complex and data-rich, multi-

source fusion represents not merely an incremental improvement but a necessary evolution in 

predictive demand analytics. 
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