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Abstract

With the rapid advancements in data technologies, sales forecasting is
transitioning from traditional time—series models to multidimensional data-
driven approaches [1]. Existing studies predominantly focus on single—
modal data, which inadequately captures the deep associations between
consumer behavior and sentiment data, particularly in the cultural and
creative product domain characterized by high demand volatility and
emotional dependency. This study proposes a multimodal sales forecasting
model based on Support Vector Machines (SVM), integrating consumer
behavior data (e.g., web search volume, repurchase rates) and sentiment
data (e.g., sentiment scores, facial expressions) to enhance prediction
accuracy and adaptability in dynamic market environments. By collecting
and preprocessing behavior and sentiment data, constructing a multimodal
input space, and applying SVM for nonlinear modeling and hyperparameter
optimization, the experimental results demonstrate the proposed model's
superiority over traditional methods (e.g., single-modal SVM and ARIMA).
The model achieves lower prediction errors (MSE = 98.5, MAE = 7.3) and
higher adaptability (R?2 = 0.89), with a forecasting deviation of only 6.2%
during the "Singles' Day" promotional period, highlighting its potential
application in dynamic markets. This study contributes by introducing an
innovative multimodal integration approach, validating the role of sentiment
data in sales forecasting for cultural and creative products, and

showcasing the practical value of the model as theoretical support for real-



time forecasting system development.
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1. Introduction

Sales forecasting, a critical issue in business management, has
traditionally relied on historical data and subjective judgments.
Conventional statistical methods such as ARIMA and exponential
smoothing have demonstrated efficacy in time-series forecasting but
fall short in adapting to nonlinear and nonstationary market fluctuations,
limiting their ability to capture dynamic consumer behavior [9]. With
technological advancements, Support Vector Machines (SVMs) have
garnered increasing attention in sales forecasting due to their capacity
for nonlinear modeling, particularly in handling incomplete data and
nonlinear relationships [10].

Existing studies primarily focus on traditional sales data analysis or
incorporate external factors (e.g., promotional activities, climate
changes) as additional features in models. For instance, Di Pillo et al.
(2016) validated SVM's superiority in volatile sales data forecasting
under promotional conditions, outperforming traditional statistical
methods [11]. Additionally, Li et al. (2024) achieved accurate forecasts
for new product sales by integrating multimodal data, such as product
images and textual descriptions [12]. However, these studies exhibit
notable limitations.

Firstly, most research relies on static product or historical sales data,
offering limited capability to capture dynamic consumer behaviors and
market fluctuations. For example, many models fail to incorporate
online behavioral data (e.g., search volumes, repurchase rates, social
media shares), which often reflect immediate demand and interest
trends [13]. Secondly, traditional methods lack consideration of
consumer subjective evaluations and emotional factors, which are
particularly crucial in the cultural and creative product domain. In
scenarios with limited historical sales data, such as new product
launches, conventional forecasting models struggle to address cold-
start problems [14].

To address these challenges, this study proposes an innovative sales
forecasting model that integrates objective data with consumer
subjective evaluations. Unlike models solely relying on historical data or
static features, the proposed approach incorporates consumer behavior
data (e.g., web searches, repurchase rates, social sharing participation)
and sentiment data (e.g., facial expressions, review sentiments) through



SVM nonlinear modeling and optimization. Leveraging SVM's kernel
function selection and hyperparameter tuning capabilities, the model
captures complex interactions within multidimensional data [15]. This
multimodal fusion model not only enhances the ability to capture
dynamic consumer demands but also mitigates the cold-start problem.
By employing facial expression recognition and sentiment analysis
techniques, the model quantifies consumer emotional responses to
cultural and creative products, offering actionable insights for market
decision-making [16]. Compared to traditional statistical methods, SVM
demonstrates superior predictive accuracy in complex market
environments, effectively reflecting market dynamics and immediate
consumer demands.

In summary, this study introduces a novel approach to sales
forecasting by integrating objective and subjective data. Within the
highly volatile and emotion—dependent cultural and creative product
market, the proposed model exhibits significant application potential
and theoretical value.

A. Background and Significance of Multimodality

In the era of big data, sales forecasting has transcended traditional
time-series models to increasingly rely on multidimensional, data—driven
models [1]. This shift is particularly urgent in the cultural and creative
product domain, where demand volatility and emotional dependency are
pronounced [2]. Traditional forecasting models, such as ARIMA and
SVR, primarily depend on historical data and single-dimensional
features, limiting their adaptability to dynamic markets and complex
consumer behaviors [3]. In recent years, advancements in multimodal
data fusion technologies have brought new opportunities to the field of
sales forecasting, especially in capturing consumer behavior and
sentiment data [4]. This study aims to propose a multimodal sales
forecasting model based on SVM by integrating consumer behavior and
sentiment data to improve prediction accuracy and adaptability for
cultural and creative products [5].

B. Research Objectives and Innovations

Data Fusion Innovation: By integrating behavior data such as web
search volume and repurchase rates with sentiment data like sentiment
scores and facial expressions, this research achieves multimodal
feature fusion, enriching model dimensionality [6].

Methodological Innovation: Leveraging SVM's nonlinear modeling



capabilities, this study employs kernel function selection and
hyperparameter optimization to capture deep interactions within
multimodal data, significantly enhancing prediction accuracy [7].

Practical Value: The proposed model demonstrates outstanding
adaptability in dynamic market environments, achieving lower prediction
errors than traditional methods and supporting enterprises in
formulating precise marketing strategies [8].

C. Research Methodology Overview

The research methodology encompasses data collection and feature
extraction, model development and optimization, and experimental
design and validation.

Data Collection and Feature Extraction: Multidimensional consumer
data—including behavioral, subjective sentiment, purchasing, and
external environmental data—was collected. Standardization and
normalization methods were applied to clean anomalies and missing
values, while recursive feature elimination (RFE) was employed to
identify key features [9].

Model Development and Optimization: An SVM-based sales
forecasting model was constructed and optimized through kernel
function tuning, hyperparameter adjustment, and feature selection [10].

Experimental Design and Validation: Rigorous experiments, including
dataset partitioning, cross-validation, and evaluation metrics, were
designed to validate the model's effectiveness [11].

2. Theoretical Foundations

The development of a sales forecasting model for cultural and
creative products based on Support Vector Machines (SVM) integrates
consumer behavior data and subjective sentiment evaluations to
enhance prediction accuracy and real-time responsiveness.

D. Application and Theoretical Foundations of SVM in Sales
Forecasting

Support  Vector Machines (SVM), originally designed for
classification tasks, have been extended to regression through Support
Vector Regression (SVR), finding success in sales forecasting. The core
strength of SVM lies in its ability to identify optimal boundaries in high—
dimensional spaces, making it particularly effective for handling
nonlinear data patterns. This section explores the theoretical



foundations of SVM and SVR, focusing on how these methods maximize
the margin between classes to improve model generalizability.
Additionally, we discuss their adaptability to the nonlinear relationships
and complex data structures common in sales forecasting.

E. Multimodal Fusion Strategies for Consumer Behavior and
Sentiment Data Analysis

In the context of sales forecasting, consumer behavior and
sentiment data provide deep insights into market dynamics. Consumer
behavior analysis quantifies purchasing history and browsing patterns,
while sentiment analysis extracts emotional inclinations from textual
data. The fusion of these two modalities offers a comprehensive
perspective for forecasting models. This section examines how machine
learning techniques, particularly SVM and SVR, can integrate multimodal
data sources and extract critical features, enhancing the performance
of predictive models.

F. Multimodal Data Optimization Strategies and Model Evaluation
with SVM

Effective implementation of machine learning algorithms such as
SVM and XGBoost requires thorough data preprocessing and feature
engineering. These steps include data cleaning, normalization, feature
selection, and transformation, which are critical for improving model
prediction capabilities and mitigating overfitting. This section discusses
the optimization of model hyperparameters through techniques such as
cross-validation and grid search. It also explores evaluation metrics,
including Mean Squared Error (MSE) and Root Mean Squared Error
(RMSE), to assess model performance. By employing these methods,
we ensure the proposed forecasting model’s efficacy and reliability in
real-world applications.

3. Research Hypotheses

G. From Data Preprocessing to Model Validation

This section outlines the methodological framework adopted in this
study, covering data collection and preprocessing, feature engineering
and model development, model optimization and tuning, and
experimental design and validation. We hypothesize that this cohesive
methodology ensures the proposed forecasting model achieves high
accuracy and strong generalization capability. Through rigorous



experimental design and validation, we aim to demonstrate the model's
reliability and explore its responsiveness to real-world market dynamics
in empirical analyses.

H. Application and Validation of Support Vector Machines

This section presents the research hypotheses concerning the
construction and optimization of the SVM-based sales forecasting
model. We hypothesize that extracting and selecting features while
leveraging different SVM kernel functions will produce a highly relevant
predictive model. Furthermore, we posit that kernel function
optimization, hyperparameter tuning, and model regularization will
significantly enhance predictive performance. Lastly, through empirical
analyses—such as feature importance evaluation, model comparison,
and market dynamic responsiveness assessment—we hypothesize that
the model’s practical value can be validated, providing a scientific basis
for sales forecasting of cultural and creative products.

4. Implementation Design and Analysis

The core objective of this study is to validate the accuracy and
effectiveness of the cultural and creative product sales forecasting
model based on Support Vector Machines (SVM) through empirical
analysis. By integrating consumer behavior and sentiment data, this
study explores their impact on prediction accuracy and delves into the
contribution of individual features to model performance. Moreover, the
study compares the SVM model with traditional forecasting models (e.g.,
ARIMA, SVR) to demonstrate its superiority in complex market
environments.

1. Experimental Objectives

The primary objective of the experiments is to empirically test the
accuracy and effectiveness of the SVM model in forecasting sales of
cultural and creative products. By integrating consumer behavior and
sentiment data, this study aims to reveal how these datasets improve
sales forecasting accuracy. Additionally, the contribution of different
features to the model's performance will be analyzed. Furthermore, the
SVM model will be compared against existing traditional forecasting
models to substantiate its advantages in complex market settings.

J.  Experimental Design

1) Research Hypotheses



Integrating consumer behavior data has been proven to significantly
improve the precision of sales forecasting models. Furthermore,
multimodal models that combine sentiment data with behavioral data
outperform single—-modal models in predictive accuracy. Specifically,
well-optimized SVM models exhibit superior accuracy and
generalizability compared to traditional time—series models such as
ARIMA and Support Vector Regression (SVR). These findings highlight
the importance of multimodal data fusion and advanced machine
learning techniques in building state—of-the—art sales forecasting
models.

2) Data Sources and Processing

The dataset is constructed from one year of sales data from an e—
commerce platform, encompassing consumer behavior data, sentiment
data, and external environmental factors. The dataset includes
approximately 50,000 records covering 1,000 different cultural and
creative products over 365 days. During data preprocessing, missing
and anomalous values were addressed. Numerical data were
standardized and normalized, and feature engineering was employed to
extract critical information for prediction.

3) Data Analysis and Experimental Process

Model Training and Testing: The data was divided into training,
validation, and testing sets in a 7:2:1 ratio. The configurations included
the SVM model and benchmark models (ARIMA, SVR). Evaluation
metrics comprised Mean Squared Error (MSE), Mean Absolute Error
(MAE), and Coefficient of Determination (R?).

Experimental Results and Analysis: The results indicate that the
multimodal SVM model outperformed all benchmark models across
evaluation metrics, achieving an R? value of 0.89, which explains 89%
of data variance. Feature importance analysis revealed that web search
volume and sentiment scores were pivotal for sales forecasting. The
SVM model effectively captured the surge in consumer behavior during
promotional events, with predicted sales closely aligned with actual
sales, demonstrating its adaptability in dynamic market conditions.
Sentiment analysis showed a significant correlation between sentiment
scores and sales: positive sentiments correlated positively with sales (r
= 0.72), while negative sentiments correlated negatively (r = —0.51).

Table. 1. Model Comparison



Model

SVM (Multimodal)
SVM (Single-modal)
SVR

ARIMA

Analysis: Table 1 highlights the superior
multimodal SVM model in forecasting accuracy, evidenced by its lower
MSE and MAE values and higher R? value. This indicates the model’s
ability to capture sales trends more precisely and explain a greater

proportion of data variance.

Table. 1. Feature Importance

Feature

Web Search Volume
Sentiment Score
Repurchase Rate

Saocial Media Interactions

Holiday Effects

Analysis: Table 2 illustrates the contribution of different features to
sales forecasting. Web search volume and sentiment scores play a
dominant role, underscoring their critical importance in improving

prediction accuracy.

Table. 1. Dynamic Market Response

Date

2023-11-01
2023-11-02
2023-11-03
2023-11-04
2023-11-05
2023-11-06
2023-11-07
2023-11-08
2023-11-09
2023-11-10

Analysis: Table 3 compares actual and predicted sales during the
"Singles' Day" promotional period, demonstrating the SVM model's
adaptability and precision
proximity of predicted values to actual sales validates the model's

effectiveness.

Actual Sales
200
220
230
250
300
340
320
310
290
280

Table. 1. Sentiment and Sales Correlation

MSE
98.5
124.8
145.6
189.2

MAE
73
8.6
9.1
113

Weight
0.35
0.28
0.18
0.12
0.07

Predicted Sales

210
225
235
245
295
335
315
305
285
275

Rz
0.89
0.82
0.78
0.65

performance of the

in dynamic market environments. The



Sentiment Score Sales

-0.92 -80
-0.45 -35
0.23 25
0.67 60
0.85 75

Analysis: Table 4 showcases the correlation between sentiment
scores and sales. Positive sentiments are positively correlated with
sales, while negative sentiments are inversely related. This finding
provides empirical support for understanding the impact of consumer
emotions on purchasing behavior, which is critical for customer—centric
marketing strategies.

5. Results and Analysis

K. Results of the Support Vector Machine (SVM) Model

As digital technologies advance, the cultural and creative product
market has increasingly captured consumer and business attention.
However, most existing sales forecasting models rely solely on historical
sales data, overlooking the profound effects of consumer emotions and
behaviors. Consumer behavior is driven not only by past purchasing
records but also by emotional attitudes, social factors, and
environmental changes. To address these gaps, this study introduces an
innovative sales forecasting approach based on an SVM model,
integrating consumer behavior data and sentiment data to enhance
accuracy.

The results reveal that the multimodal SVM model, compared to
traditional time-—series models, better reflects market dynamics and
captures latent consumer demands, particularly in dynamic
environments such as holidays and promotional events. Experimental
findings show that the multimodal SVM model improves forecasting
accuracy by approximately 18% over ARIMA models that depend solely
on historical sales data [22].

L. Integration of Sentiment Analysis and Consumer Behavior

Sentiment analysis, a key branch of consumer behavior research,
effectively uncovers the direct impact of emotions on purchasing
decisions. This study employs facial expression recognition and Natural
Language Processing (NLP) techniques to integrate sentiment scores
with sales data. Experimental results indicate that consumer sentiment



significantly influences sales, especially in markets where emotional
resonance plays a critical role. Positive emotions, such as positive
feedback and increased facial smile indices, correlate with higher sales,
while negative emotions are strongly associated with declines in sales.
Specifically, a one-unit increase in sentiment scores results in an
average sales growth of 6.3%, whereas a rise in negative sentiment
scores leads to a 4.7% decrease in sales [23]. These findings
underscore the unique value of sentiment data in forecasting sales,
particularly in emotion—driven market segments.

M. Model Adaptability in Dynamic Market Environments

In dynamic market environments, sales of cultural and creative
products are influenced by seasonal changes, promotional activities,
and unexpected events. Traditional time—series models, such as ARIMA,
often fail to respond effectively to these factors. Experiments
demonstrate that the multimodal SVM model exhibits greater
adaptability and accuracy in volatile market conditions. For instance,
during promotional events and holidays, the multimodal SVM model
reduces prediction errors by 12.5%, while traditional ARIMA models
maintain high error rates, failing to capture the positive impact of
promotions. Further analysis reveals that the multimodal SVM model not
only responds promptly to short-term market fluctuations but also
provides actionable insights for targeted marketing strategies,
optimizing resource allocation and maximizing sales returns [24].

N. Innovations and Methodological Contributions

The key innovation of this study lies in integrating consumer
behavior and sentiment data into the SVM model, overcoming the
limitations of traditional forecasting models that neglect emotional
variables. The proposed multimodal framework effectively processes
information from diverse data sources, enhancing prediction accuracy
and offering new perspectives for future sales forecasting research.
Experimental results confirm that the multimodal SVM model,
incorporating sentiment data, improves forecasting accuracy by 15% to
20% compared to single-source models. In emotion-driven markets,
the inclusion of sentiment data significantly enhances model
generalizability and stability. Additionally, the study introduces a
consumer—-emotion-alignment feature selection method, optimizing the
feature space and improving computational efficiency and accuracy
[25].



6. Discussion

0. Limitations: Challenges of the Current Mode/

Despite the success of the multimodal SVM model in improving
forecasting accuracy and adapting to dynamic market environments,
several limitations remain:

High Costs of Sentiment Data Collection: Facial expression analysis
and NLP require extensive annotation, increasing the complexity and
cost of data collection and processing.

Feature Selection Constraints: Current feature selection methods
may overlook some latent factors, affecting model precision when
addressing complex market changes.

Limited Long-Term Predictive Stability: While the model is effective
for short-term market fluctuations, its stability in long—term trend
forecasting remains underexplored, limiting its application for strategic
decisions.

P. Future Directions: Innovations and Data Expansion

To overcome these limitations, future research can explore the
following:

Diversification and Expansion of Data Sources: Incorporating social
media data, user—generated content, and geolocation information could
capture market dynamics more comprehensively, particularly during
rapid shifts in sentiment and consumer behavior.

Advanced Multimodal Data Processing: Leveraging cutting—edge
technologies such as multimodal deep learning networks and adaptive
attention mechanisms could enhance the model’s ability to process
complex data structures.

Optimization of Sentiment Data Analysis: Applying advanced pre—
trained language models in sentiment analysis could significantly
improve the precision and robustness of sentiment data extraction,
providing deeper insights into consumer behavior.

Cross—-Domain Applications and System Development: Extending the
multimodal SVM model to other industries, such as retail, entertainment,
and technology, could validate its generalizability and expand its
application potential. Developing a real-time forecasting system based
on multimodal data, integrating streaming data processing for dynamic
updates, would enhance usability and responsiveness for business
decisions.



7. Conclusion

This study introduces an innovative sales forecasting method
through multimodal data fusion, providing new perspectives for cultural
and creative product forecasting. By integrating consumer behavior and
sentiment data, the model captures multidimensional consumer
demands, significantly improving forecasting accuracy and adaptability
in dynamic markets. Key findings include the superiority of the
multimodal SVM model, the contribution of sentiment data, and the
model’s adaptability in dynamic environments.

Theoretical contributions include innovative frameworks, practical
implications, and generalizability. Future research will focus on
diversifying data sources, improving multimodal data processing,
optimizing sentiment analysis, expanding model applications across
domains, enhancing long-term trend prediction, and developing real-
time forecasting systems. These directions aim to refine the proposed
model and broaden its scope for addressing complex forecasting
challenges.
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