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1. Introduction

In the past, failure to incorporate multi-modal data into trend prediction can result in critical
issues such as trend analysis inaccuracy, decreased competitiveness, and financial impact [15]. A
reliance solely on traditional data sources or a single type of data can yield an incomplete or distorted
view of market trends, leading to strategic missteps. Offerings might not align with current consumer
preferences, resulting in diminished customer satisfaction and loyalty [6]. Without insights from
multi-modal data, companies may only react once trends become apparent, falling behind proactive
competitors. Inaccurate trend analysis leads to reduced competitiveness, which can have negative
financial impacts. Inefficiencies in managing supply chains and inventories can inflate costs due to
emergency orders, surplus stock, or wasted products. A disconnect with prevailing market trends can
lead to a forfeiture of sales opportunities and a contraction of revenue.

Predicting emerging product trends is very important for businesses to utilize the resources
effectively, visualize business performance, arrange the emerging products and service launch time
reasonably, and review management decisions. By developing an advanced prediction analysis model,
the solution can accurately identify the pattern and potential product trends in the market. Based on
the history and latest market data, machine learning algorithms are used to predict the popularity of
specific goods to help business insight into trends in the market competition. By analyzing the online
and offline consumer behavior data in depth, the solution can help businesses gain insight into
consumer preferences and buying patterns. The solution will assess the sentiment of consumers for
specific products by sentiment analysis technology to help businesses adjust to market needs. Then,
the solution will provide practical supply chain adjustment advice based on the predicted trends.
Through the optimization of the whole process of warehouse, production, and distribution, the
solution can empower the business's ability to meet the needs of emerging products, reduce stock
risks, and improve the efficiency and flexibility of the supply chain.

The rest of the paper is structured as follows: Section 2 is a review of related works. In Section 3
we compared the several models for predicting time-series sales data and the model used to
understand the consumer behavior data. In Section 4 we mainly discuss how to adjust the supply
chain based on our models, the limitations of our current model, and the future directions. Section 5
concludes the whole paper.
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2. Literature Review

In the past years, there has been a lot of research work on sales prediction and forecasting supply
chain demand. They focus on different aspects and use different methods. In this section, we mainly
consider the following aspects: 1. Sales prediction using ordinary machine learning methods 2. Sales
prediction with deep learning, for example, Long Short-Term Memory (LSTM). 3. Sales prediction with
other forms of data source, not limited to pure sales data, such as review data and other user-
generated content.

2.1 Traditional Machine Learning Method

Sales prediction [17, 22] is closely linked to forecasting emerging product trends in the supply
chain. Several previous studies have explored sales prediction using different models and methods.
Kohli et al. [19] applied linear regression and K-Nearest Neighborhood (KNN) regression for sales
prediction. These models are simple, easy to implement, and yield fair results on their dataset.
Makridakis et al. [25], in their book, proposed a range of methods, including simple regression,
multivariate regression, the AutoRegressive Integrated Moving Average (ARIMA) algorithm for time
series analysis, and combining machine learning algorithms with econometric models to achieve
better results. However, linear models can only capture the linear relationships between factors,
which may not be sufficient for modern, complex sales models [35].

2.2 Sales Prediction with Deep Learning

The advancement of neural networks and deep learning has led to the use of deep learning
methods for sales prediction. Kechyn et al. [42] used WaveNet for time series prediction in a Kaggle
competition and achieved relatively good results compared to other models. Bandara et al. [1]
highlighted that, in modern e-commerce, employing cross-series data from related products could be
beneficial. They proposed using LSTM networks to capture the non-linear relationships between
related products within the same category. While neural networks often outperform other models,
their complex structures can make them difficult to interpret, limiting the insights they provide in
some cases [35].

2.3 Other Data Sources for Sales Prediction

In recent years, sales prediction has expanded beyond pure sales data to include other sources,
such as user-generated content and social media influence. Several studies have explored this area.
Ye et al. [37] highlighted the impact of positive online reviews on the hospitality industry. Yu et al. [38]
further examined the content of reviews and found a relationship between review sentiment and
sales at the cinema box office. Huang et al. [41] used sentiment analysis to explore the connection
between the topic distribution of product reviews and sales prediction. In addition to post-purchase
reviews, attention has also shifted to the impact of social media on pre-purchase decisions. Zhang et
al. [39] studied the correlation between trending topics on Twitter and the sales of related products
on eBay, suggesting that such correlations could be used for predictive tasks. For instance, if a topic

is trending on Twitter, sellers may take note and adjust their supply chains accordingly [39].
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In conclusion, the current research on sales prediction developed from traditional machine
learning method to deep learning, and the source data also have developed to multi-modal data:
combing the sales data and other user-generated data. However, most of these research works
focus on a single aspect, such as pure sales data or pure review data, this may be impractical for
modern complex online sales situation. In this paper, we apply the multi-modal concept in data
collection and propose the model to combine the possible factors that may affect the sales
prediction to provide a better result.

3. Methodology and Results

Our basic idea is to establish machine learning models for big data analytics. The entire model
includes three parts: product selling, consumer behaviors, and emerging markets. This structure
satisfies the problem description of general market prediction and the specified conditions for
emerging products.

3.1 Dataset Collection

The effectiveness of the proposed predictive models hinges on the careful selection and
integration of diverse datasets [11], which collectively offer a comprehensive view of market
dynamics, consumer behavior, and emerging product trends. The datasets used in this project are
sourced from both historical and real-time data streams to ensure robust and accurate trend
forecasting.

The historical datasets primarily include transactional data from e-commerce platforms and
consumer behavior logs. One key source is the Online Retail Il dataset, which encompasses all
transactions from a UK-based online retail company over a two-year period. This dataset includes
features such as invoice numbers, product codes, quantities, invoice dates, and customer identifiers,
offering detailed insights into historical sales patterns. Another significant historical dataset comes
from a comprehensive database of online shopping intentions, containing over 12,000 user sessions.
This dataset provides attributes related to product specifics, ratings, and consumer interaction data,
which are crucial for understanding past consumer behavior and product performance.

In addition to historical data, real-time datasets are critical for capturing current market trends
and consumer sentiment [33]. These datasets are aggregated from multiple sources, including search
engine trends and social media platforms such as Instagram and Xiaohongshu. By leveraging hashtag
tracking [24, 36] and user interaction data from these platforms, the system can monitor emerging
trends and consumer preferences in near real-time. The integration of real-time data with historical
datasets allows for a dynamic understanding of market conditions, enabling the models to predict
shifts in consumer behavior and product trends more accurately [31]. Additionally, data from Amazon
Reviews, includes user reviews, item metadata, and interaction data. Review data provide valuable
insights into consumer satisfaction and product reception, further enriching the predictive
capabilities of the system [7].

This multi-modal approach to dataset collection, combining historical and real-time data, is
essential for developing a predictive model that is both accurate and adaptable to the rapidly
changing landscape of consumer behavior and market trends.
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3.2 Forecasting based on historical selling data

The first part of the solution is applying various quantitative methods, such as building traditional
time series models and linear regression, to forecast the sales of the products.

As a key innovation in our solution, we introduce data abstraction before modeling, a method
that deviates from the conventional use of historical data as a feature. Instead, we try different
combinations to test potential correlation relationships, as shown in Figure 1, for example,
incorporating the historical data's rolling mean, maximum, and minimum in a specific window as one
additional dimension. We also use the lag for different durations and integrate derivatives for certain
features as one dimension. This approach allows us to create more characteristics for the data
description, revealing the significant role of some overlooked dimensions in the final model.
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Fig. 1. Correlation Map

Our analysis begins with linear regression. Since product selling often has seasonal patterns, we
delve into time series modeling, starting with the practical seasonal naive model. This method
considers seasonal patterns by referencing the same period from the previous year. For instance, if
we predict sales for December 2017, the seasonal naive method will assume the same number of
sales as in December 2016. We set it as a baseline to compare with more sophisticated models. We
then explore the ARIMA model [25] to adapt to the data variance. ARIMA can capture different
standard temporal structures in time series data. It can be beneficial for understanding sales trends
and product seasonality. Finally, we test the Holt Winter triple exponential smoothing model, which
combines value, trend, and seasonality influences to predict current or future values. It assigns
exponentially decreasing weights over time, making it practical for predicting future values based on
past and present ones. Prediction values and errors from different models are shown in Figure 2 below.
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Forecasts using Baseline Model: Seasonal Naive
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Fig. 2. Prediction, Actual Value, and Error Visualization

Following the training phase, we evaluate the forecasts by comparing the actual and forecasted
sales values. We employ several standard evaluation metrics, including the mean absolute error
(MAE), root mean squared error (RMSE), and mean absolute percentage error (MAPE). These metrics
provide a comprehensive view of the model's performance. In our comparison, the Holt Winter triple
exponential model is the most accurate, instilling confidence in its reliability, and the relative error
can be controlled within five percent. The comparison between different models is presented in Table

1 below.
Table 1
Model Evaluation Result
Model MAE RMSE MAPE
Linear Regression 6.743671 75.854784 3288.938781
Seasonal naive 5.056452 6.934137 60.497877
SARIMA 4.773979 6.085521 11.792152
Holt-Winters 3.440474 4.652401 9.826132
Without combining 8.741493 86.179229 2649.601202
feature

By combining these algorithms, we can create a robust time series analysis model capable of
handling complex trends, seasonal influences, and other factors that affect product sales. This will
enable us to predict future product trends more accurately, providing more precise information for

supply chain management.

3.3 Understanding Consumer Behavior Factors
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Consumer behavior [8] is a complex and multifaceted process influenced by various factors that
can significantly impact purchasing decisions. Understanding these factors is crucial to the success of
our predictive model, as it can enhance the accuracy of our predictions and provide more nuanced
insights into market trends [40].

Internet Behavior Factors: This involves the analysis of online shopping behaviors, such as
browsing patterns, time spent on different pages, click-through rates, and abandonment rates, which
are most accessible to quantify. For example, understanding their online behavior could predict the
probability of a consumer completing a transaction. Web analytics tools can be used to collect this
type of data and deep learning methods can be used to analyze the patterns and predict the likelihood
of a purchase. For instance, if consumers frequently visit a specific product page and spend significant
time there, they might be more likely to purchase that product. Similarly, if consumers abandon their
shopping cart often, they might be less likely to complete a transaction. By incorporating these
behavioral data into our predictive model, we can better understand the online shopping behaviors
that lead to purchases and tailor our marketing strategies accordingly.

Table 2
Features we collected and used to predict the likelihood of leading to a transaction
Feature Description
. . The count of account management-related pages visited

Administrative

by the user.
Administrative The total duration (in seconds) the user spent on account
duration management-related pages.

The count of pages the user visits about the shopping

Informational o . S . .
site's website, communication, and address information.

Informational The total duration (in seconds) the user spent on
duration informational pages of the shopping site.
Product-related The count of product-related pages visited by the user.
Product-related The total duration (in seconds) the user spent on product-
duration related pages.
Bounce rate The average bounce rate for the pages the user visits.
Exit rate The average exit rate for the pages visited by the user.
Page value The average value of the pages visited by the user.
Special day The user's site visit time is near a particular day.
] The geographic region where the user initiated the
Region g grap B
session.
. The source of traffic that directed the user to the website
Traffic Type .
(e.g., banner, SMS, direct).
.. The categorization of the user as 'New Visitor,' 'Returning
Visitor Type e ,
Visitor,' or 'Other.
A binary value indicating whether the user's visit occurred
Weekend Y 8
on a weekend.
Month The month in which the user's visit occurred.
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Based on these features, we build the model, which consists of 5 hidden layers (200, 200, 200,
200, 100) and uses RelLU as an activation function. We optimize the model with Adam for 500 epochs
at most. The evaluation for our model is shown in Table 3 below.

Table 3

Evaluations of our deep multi-layer perception model.

Accuracy True-positive rate  True-negative rate F1 Score
90.3% 0.58 0.95 0.58

3.4 Reviews, Ratings, and Social Media Comments

Social media, like Instagram, TikTok, and Xiaohongshu, sometimes play a vital role in determining
trending products [3, 29]. For example, an influencer or KOL's recommendation may become the next
trend. There are two different marketing strategies on social media: direct marketing and indirect
marketing. Direct marketing means directly advertising to the customers [2, 4, 20], and indirect
marketing is usually done via an intermediary [21].

In our analysis, we will mainly focus on indirect marketing strategies. Indirect marketing with
influencers or KOL usually gains more visibility on social media, as well as more likes and comments.
Likes or comments significantly increase the speed at which products are promoted, making them
more likely to become trending.

Our evaluation is based on the statistics of KOL or the influencer who promotes this product,
including the number of their followers, the statistics of the post, including the number of likes and
comments, and also the reputation of the influencer in specific domains, such as influencer
specialized in technological products, fitness or cooking. Their reputation and impact in specialized
areas also greatly influence the trending products in certain areas [14, 30].

KOL's advertising is one factor; comments people post on social media can also be an essential
factor affecting sales. Comments on social media can affect the sales in the following ways:

Reviews and ratings can help sellers to get feedback from buyers. Sellers can assess customer
satisfaction and receive direct feedback on their products. This allows them to understand what
customers like and dislike, helping to improve product quality and service and helping with quality
control and product improvement. Advanced sellers might use language models for sentiment
analysis to quantify and categorize comments at scale, providing a more data-driven approach to
understanding customer feedback.

Product reviews are in the form of unstructured data [26]. NLP is pivotal in analyzing unstructured
data [18]. It can help extract sentiments, identify key topics, and even detect subtle cultural nuances
from text data, providing rich insights into psychological and cultural factors. We provide a keyword
cloud, including the keywords extracted from numerous reviews posted by the buyers. These views
can reflect the actual feelings of buyers on the product. Sellers can use the data for simple inspection
or use LLMs GPT model from OpenAl or other sources for sentiment analysis.

In summary, we can build a more robust and accurate predictive model by integrating these
diverse data sources and applying appropriate data mining and NLP techniques. This comprehensive
approach will allow us to anticipate emerging product trends more effectively and assist businesses

in making informed decisions about supply chain adjustments and market strategies [9].
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4 Discussion
4.1 Generalized Analysis

The proposed solution is aimed to deal with the challenge of predicting the emerging product
trends in smart supply chains based on using programming-based methods. Based on multi-modal
data, applying predictive analysis algorithms to analyze consumer behaviors and provide practical
suggestions can help businesses equipped with tools to adjust supply chains and optimize operations.
The proposed solution makes the businesses grasp the emerging product trends, meet consumer
needs, and gain strategic advantages in the fierce competition in the market.

This solution analyzes sales data to predict product demand, allowing for better optimization of
production and distribution across stores. By doing so, it reduces surplus inventory and guarantees
that stores are stocked with the appropriate products when needed. Insights derived from data
empower the company to adapt its inventory and operations in response to current trends and
customer preferences. Analyzing products in social media can help to predict the potential demand
for certain products. If one product is promoted by many influencers on social media, some people
may also want to try this. Even if the influencers’ audience only buys this product once, this could
probably cause a sudden increase in demand. Through the combination of social media trends and
other analysis results, the firm can adjust the supply chain coordinately to achieve higher efficiency.
By comparing the predicted data and real data from the supply chain, the model can be further
improved to make the prediction more accurate.

This approach is practical as it allows for the extraction of important customer and market
insights via data analysis, which can then be converted into informed business decisions. By adapting
to emerging trends quickly and refining operations according to demand predictions, a competitive
edge can be established that fosters success and growth.

4.2 Adjustments to the supply chain based on forecast results

The forecast of product trends is quite important for the enterprise. By forecasting sales change
and seasonal demand fluctuation, the enterprise can enhance supply chain management to boost
efficiency and lower costs based on meeting customer needs [13, 28]. When the enterprise can
accurately predict product trends consisting of the change of market trends and customer
preferences, it can adjust supply chain strategies to adopt these trends and changes to occupy a
favorable position in the market competition.

First, the forecast of product trends can give insight into the future market trends and demand
situation so that enterprises can conduct demand-orientation resource planning. By analyzing market
trends, the enterprise can better understand the possible future sales situation. Optimizing
production or restocking plans and logistics arrangements can ensure the timely availability of
required products and materials [12]. Predictive analysis can help improve inventory management,
ensuring that companies maintain appropriate supply levels, and reducing the costs of excessive
inventory storage or potential customer loss due to stockouts [23, 34]. By adjusting inventory
strategies based on historical product information and customer behavior patterns, enterprises can
be prepared for anticipated demand peaks or downturns and seize opportunities based on customer

needs, preferences, and purchase intentions. Inventory optimization through data analysis can help
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calculate delivery cycles. By combining delivery cycles with current sales data, enterprises can
estimate safety stock and calculate the reorder point to notify retailers when to place reordering
requests. As a result, inventory turnover is improved, helping to accelerate cash flow, improve capital
utilization, and enhance the operational efficiency of the supply chain.

Product trend prediction can facilitate coordination and collaboration among various stages of
the supply chain [16, 27, 10], guiding companies to establish strategic partnerships with suppliers. If
an enterprise predicts future demand growth for a particular product, it can establish cooperative
relationships with potential suppliers to ensure that the supply chain can meet future demand.
Through close collaboration with suppliers, manufacturers, and logistics partners, supply chain
elements can respond promptly to changes in product trends, minimizing delays and mismatches.
This helps enhance the overall reliability, flexibility, and efficiency of the supply chain while reducing
supply risks.

Before predictive analysis, enterprises could only rely on experts and past data to make business
decisions. In contrast, predictive analysis uses various data and real-time trends to prepare models
for multiple scenarios and identify potential risks that may disrupt the supply chain. This significantly
improves risk management capabilities. By accurately predicting sales trends and adjusting supply
chain strategies accordingly, companies can improve supply chain efficiency, flexibility, and customer
satisfaction.

The company can adopt appropriate inventory and cooperation strategies based on the results
of the sales forecast [32]. When sales forecasts are low, the company doesn't need to hold too much
inventory, avoiding excess stock. However, when sales forecasts are high, the company needs to
increase inventory in advance to prepare for the peak. The company can work closely with suppliers
based on sales forecasts to ensure that every aspect of the supply chain responds promptly to
changes in product trends, enhancing reliability and flexibility. Based on the forecast data, the
company can develop a comprehensive supply chain strategy. When adjusting the supply chain based
on forecast data, the company should pay attention to fluctuations in monthly sales quantities. For
example, if there is a significant increase in a certain month. By analyzing whether this pattern is
consistent year after year, conclusions can be drawn about whether there is seasonal growth in
demand during this period. Considering the fluctuations in monthly sales quantities, managing
inventory levels to meet demand without excessive stock is crucial. Using historical data to forecast
future months' inventory requirements and avoiding excess inventory reflects the principles of Just-
in-Time (JIT). The company can negotiate better terms with suppliers using the forecasted demand
data, such as bulk discounts for months with expected high sales. If lower sales are forecasted for
certain months, the company can consider increasing marketing or promotional activities to stimulate
demand. Supply chain flexibility is also essential. The enterprises should be prepared to quickly adjust
the supply to respond to unexpected increases or decreases in demand. This may involve diversifying
the supplier base and improving logistics flexibility.

Sales forecasts can be specific to a particular day of the month. Based on the fluctuations in sales,
we can adjust the safety stock levels and reorder points. By considering the changes in sales, we can
collaborate with suppliers to adjust the supply quantities based on demand. We can optimize the
logistics network based on the variations in sales. For example, if sales are higher on a particular day
of the month, we can adjust the logistics resources to ensure timely delivery. Sales forecasts that are
specific to a particular day can help enterprises adapt to sales variations, optimize the efficiency and

flexibility of the supply chain, improve customer satisfaction, reduce costs, and maintain a
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competitive advantage.

From an environmental perspective, accurate forecasting of product trends can optimize supply
chain and inventory management, reducing excess inventory and waste generation. This will help
reduce energy consumption, carbon emissions, and resource waste, thereby mitigating negative
impacts on the environment. From a social perspective, considering consumer behavior and market
trends in the forecasting model can help enterprises better meet market demands and consumer
preferences, providing the required products and services. This contributes to improving customer
satisfaction, brand reputation, and market share, thus creating social value for the enterprises. From
a governance perspective, this model utilizes advanced technological tools to enhance supply chain
management and forecasting capabilities, promoting technological innovation and continuous
improvement for the enterprise's ability to address market competition and changes. At the same
time, we have implemented robust measures to strengthen data privacy and security, ensuring
compliance with the forecasting model and dashboard. We have established monitoring and
evaluation mechanisms to regularly review the accuracy of forecasting results and continuously
update the database with new data, thereby improving the model over time.

4.3 Limitations and Future Work

The proposed system has several limitations that could impact its effectiveness and broader
applicability. One major limitation is the dependency on the quality and availability of data; the
accuracy of the predictive models is largely contingent upon how complete and consistent the data
collected from various sources, such as historical sales, consumer behavior, and social media.
Inadequate or biased data may result in inaccurate predictions, and restricted access to real-time data
due to privacy concerns or proprietary restrictions could further diminish the system’s reliability.
Additionally, the complexity of advanced machine learning models, particularly those involving deep
learning techniques like LSTM and NLP, presents challenges in terms of interpretability. Decision-
makers may struggle to understand the reasoning behind certain predictions, which could hinder the
adoption of these models in business contexts where clear and actionable insights are crucial.
Furthermore, the system faces scalability challenges, especially for small to medium-sized enterprises
that may lack the necessary computational infrastructure. The models are also vulnerable to sudden
market changes or external factors, such as economic crises, which may not be fully captured by
historical data, potentially affecting the accuracy of predictions. Lastly, the solution’s initial design for
specific regions or market segments may limit its generalizability, requiring substantial adjustments
for use in different geographical locations or industries.

To address these limitations, future work should focus on several key areas. Enhancing data
integration and real-time processing capabilities is essential to ensure the system can handle high-
quality, timely data inputs from multiple sources. This could involve developing more sophisticated
data pipelines and securing partnerships with data providers. Improving model interpretability is
another crucial step, as more user-friendly tools and methods for explaining predictions will help
bridge the gap between model complexity and business usability. Research should also focus on
optimizing the system's architecture for scalability, potentially exploring cloud-based solutions or
creating lightweight model versions suitable for SMEs. Additionally, incorporating adaptive learning

mechanisms will be vital for maintaining model accuracy in the face of dynamic market conditions,
206



Computer and Decision Making — An International Journal, Volume 1, 2024, 196-210

allowing the system to update continuously with new data. Expanding the solution’s applicability to
diverse markets will require developing flexible frameworks that can be customized for different
regions and industries. Finally, addressing ethical considerations and ensuring compliance with global
data protection regulations will be critical as the system evolves, helping to build trust and promote
responsible use of predictive analytics in business settings.

In the future, we should also consider other more complex factors that could influence the
prediction. Psychological factors, such as perception, motivation, learning, beliefs, and attitudes,
influence purchasing decisions, with product reviews and ratings data providing insights that can be
analyzed through text mining and NLP techniques to capture sentiments. Personal factors, including
age, occupation, lifestyle, personality, and economic status, can be inferred from user profiles and
transaction histories, enabling trend predictions using traditional analysis methods like classification
and regression. Social factors, like reference groups, family, and social roles, affect decisions and can
be analyzed through social media data using network analysis to predict trend diffusion. Cultural
factors, encompassing culture, subculture, and social class, are often reflected in location data,
language, and purchasing behaviors, especially around cultural events.

5. Conclusion

In this study, we have developed models to forecast sales for facilitating supply chain adjustments.
Our focus has centered on three key areas: analyzing time series data, studying consumer behavior,
and evaluating consumer feedback and social media responses regarding products. We have also
proposed practical strategies for aligning the supply chain based on the predictive outcomes derived
from our models. When use our model and follow the methods we suggested for adjusting the supply
chain, potential users, such as retail companies, can better manage their supply chain, in turn
increasing their service quality and lowering the total cost.

In future research, there is potential to expand on our current work. Firstly, researchers could
examine the quality of our data input, a vital factor for enhancing model performance. Secondly,
enhancing model interpretability could unlock future business opportunities. Lastly, scalability is
crucial, warranting consideration for future development prospects.
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