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Abstract

This study investigates whether and how the textual content of product descriptions,
especially the sentiment element, influences buyers’ purchase intentions. Using year-
round digital transaction data from Mercari, a leading e-Commerce platform in Japan,
we examine the interplay of hard and soft information signals exchanged between
sellers and buyers. The study addresses two crucial questions: (1) Do the descriptions
that sellers provide on product sales pages impact the buyer’s intent to purchase? and
(2) In what way does the description influence the buyer’s purchase intention? Quan-
titative analysis is used to understand the relationship between product descriptions,
sentiment elements, and purchase intentions. The results show that sentiment factors
in product descriptions can serve as high-quality “signals” that can help buyers make
informed purchasing decisions and reduce information asymmetry between buyers and
sellers. This research contributes to understanding decision-making in online markets,
particularly the role of soft information and sentiment analysis.
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1 Introduction

Currently, sustainable development has become a pressing need, reflecting not only
economic development but also the social and environmental dimensions of develop-
ment. The Sustainable Development Goals (SDG) of the United Nations emphasize
the need for a more balanced approach to address various social, economic, and envi-
ronmental issues [1].

A common thread that runs through these dimensions is the promotion of trust.
We believe that this is the key to sustainable development. Business transactions,
especially in the context of customer-to-customer (C2C) transactions, have been the
subject of various studies with a wide variety of perspectives [2]. However, the role
of trust in business has not been fully elucidated even in the C2C domain [3, 4].

In recent years, C2C platforms, especially e-Commerce marketplaces selling used
products, have received more attention. Under the influence of the COVID-19 pan-
demic, more and more people are choosing to buy products on used product trading
platforms [5]. Furthermore, e-Commerce platforms are now more than just a place to
sell second-hand products; more users are becoming accustomed to selling items on
this platform that are difficult to purchase offline, such as masks that have not been
seen in offline stores for some time [6].

Therefore, our research aims to mathematically reveal the role of trust in commerce
and explore how machine learning can help build trust, facilitating more sustainable
commerce in the process. In this study, we specifically explore a rarely discussed
aspect of C2C transactions, the sentiment elements conveyed by sellers in product
descriptions, and their impact on buyer intent [7, 8].

To facilitate informed purchasing decisions and successful transactions on e-
Commerce platforms, itis crucial to reduce the information asymmetry between buyers
and sellers [9, 10]. In the context of e-Commerce platforms, this usually means that the
seller has complete information on the product being sold, while the buyer has to decide
whether or not to buy the product, knowing nothing about the product except some
information provided by the seller and other buyers [11]. This information is called
"signaling" [12]. One way to reduce information asymmetry is to use high-quality
“signals’ to help buyers make a purchase decision. For example, online reviews pro-
vided by other buyers are an often studied signal that provides information about the
product and reflects the customer’s experience with the product [13, 14]. Research has
shown that the number and sentiment of online reviews can influence sales [15, 16]. In
the context of C2C marketplaces, product descriptions created by sellers are another
signal that has received less attention in previous research [17, 18]. Chang et al. [19]
examined the impact of the quality of the product posts on consumers on the second-
hand marketplace on Facebook through a questionnaire survey. Their study found, for
example, that the completeness of product information, the accuracy of information,
the aesthetics of the posts, and their popularity had significant effects on customers’
purchase intentions to varying degrees. However, their study did not analyze the text
of the posts themselves.
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2 Literature Review and Conceptual Framework

This study draws on research in three areas: (1) signaling theory and its impact on
product sales; (2) the impact of text information on product sales; and (3) sentiment
analysis in text.

2.1 Signaling Theory and Its Impact on Product Sales

In e-Commerce transactions, three parties are typically involved: the e-Commerce
platform, the seller, and the buyer. A prevalent feature of these interactions is that
these parties do not always share the same level of information about products and
the market. The variation in access and interpretation of product-related information
by these parties leads to an imbalance known as information asymmetry. One main
approach to mitigate this imbalance is the application of signaling theory [9, 12,
20]. This theory focuses on various types of signal that function as tools to mitigate
information asymmetry, enabling buyers to discern the quality of the product more
accurately. In particular, quality signals can significantly shape a buyer’s perception,
foster trust, and improve purchase intention, thus influencing product sales [9, 10].

Previous research indicates that a signal possesses two essential characteristics:
its observability and its cost [12]. In an e-Commerce environment, where buyers
cannot physically evaluate the product, they often depend on quality signals to assess
the quality of the product [20-22]. If sellers can provide reliable quality signals, it
helps buyers reduce information asymmetry, facilitates trust-building, and improves
purchase intention. For example, [20] illustrate that a higher quality website, which
acts as a signal, increases the probability of earning trust, stimulating purchase intent,
and securing a premium price from potential buyers.

Signals from e-Commerce can generally be classified into hard information and soft
information. Hard information is information that can be easily quantified and repre-
sented numerically, such as the seller’s reputation system, which includes reputation
scores, star ratings, or platform recommendations [11]. Metrics such as the number of
likes and comments a product receives also constitute hard information, with several
studies affirming the substantial influence of these factors on a product’s popularity
and subsequent sales [23]. For example, [13] found that the higher the number of
likes a post receives on platforms such as Facebook, the greater the impact it has on
shaping potential consumers’ attitudes towards the product positively. Additionally,
[19] propose that sellers aim to increase the number of likes, comments, and shares
on platforms like Facebook’s second-hand marketplace. The higher these figures, the
greater the popularity of the post, thereby convincing potential buyers that the product
offered is a worthwhile purchase."

On the other hand, soft information encompasses data that are not readily quan-
tifiable and often require contextual understanding [11]. Common examples of soft
information include online reviews and product descriptions. Previous research indi-
cates that positive reviews from sellers can promote increased product sales [24-26].
Essentially, the more accurate and detailed the signals a seller can convey, the stronger

@ Springer



New Generation Computing

their influence on trust-building. This, in turn, amplifies the buyer’s willingness to
make a purchase [3, 4, 27].

2.2 The Impact of Soft Information Signals on Product Sales

In e-Commerce research, previous studies have shown mixed results on the impact
of online reviews on product sales. Kim et al. [6] suggest that the influence of online
reviews on customer purchase decisions is altered by other signals, indicating a need
to study additional soft information signals. Although research has focused on product
descriptions in crowdfunding, there is a lack of attention paid to product descriptions
in the context of second-hand e-Commerce. Chang et al. [19] found that more com-
plete and accurate information in product sales posts leads to a higher probability of
purchasing. However, they did not analyze the text of the posts themselves. To address
this gap, researchers are exploring the use of machine-learning approaches, such as
topic modeling and sentiment analysis.

Traditionally, most research on soft information signaling has focused on online
reviews. However, the results of these studies are inconsistent and even vary within
the same product category. For example, the impact of online reviews on movie ticket
box office sales varies from study to study. Some findings suggest a positive correla-
tion, while other studies conclude that there is no significant effect [14, 15]. Kim [6]
argues that while the content of online reviews does influence customers’ purchasing
decisions, the extent of the influence is moderated by other signals. Specifically, when
customers have access to other signals that reduce uncertainty about product quality,
they rely less on online reviews. This, in turn, decreases the influence of online reviews
on customers, helping to explain the conflicting findings in previous research on the
impact of online reviews [6].

In contrast, textual information about product descriptions, another form of soft
information signaling, has received relatively little attention, with most existing
research focusing on the crowdfunding domain. In the context of crowdfunding web-
sites, [17] explored the importance of project descriptions for project success. They
identified three new signals from the project descriptions: length, readability, and
tone. They found that these signals improved the accuracy of project success predic-
tion models. In addition, they found that this new information had a significant impact
on the success rate [17]. Jiang et al. [18] also noted that themes extracted from project
descriptions significantly affect performance.

In the field of second-hand e-Commerce, [19] investigated the correlation between
buyer purchasing decisions and the quality of product sales posts on Facebook. Their
findings suggest that buyers are more inclined to pay attention to articles with com-
prehensive and accurate information, and therefore regard these articles as a reliable
source for purchasing products [19]. However, their study did not include an analysis
of the text of the posts themselves.
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2.3 Methods of Text Analysis

This study offers insights into the application of machine-learning techniques in mar-
keting research, focusing on the extraction and analysis of sentiment from textual data.
With the advancement of digital technologies, researchers are using large amounts of
unstructured data, primarily textual data, to gain actionable insights. In this context,
topic modeling, widely recognized in the machine learning community, has been
conceptualized as the grouping of large amounts of discrete textual data to reveal
underlying patterns by aggregating semantically related words [28].

Blei et al. [28] further refined the premise of topic modeling by proposing the Latent
Dreichler Assignment (LDA) model. The model posits that each topic is represented as
a distribution of words in a document, and, conversely, each document is represented
as a distribution of different topics [29]. However, as with most approaches, topic
modeling faces a number of challenges. A prominent issue is the number of topics
manually specified, which has a critical impact on the validity of the model [30].
Several studies confirm this view [18, 31, 32].

In 2018, [33] took an innovative perspective by comparing thematic modeling with
physical systems. Koltkov advocates the inclusion of physical metrics such as entropy
calculations, arguing that they can enhance topic models. By integrating benevolent
entropy, a method was developed to autonomously determine the optimal number
of topics. The underlying principle of this approach is that the maximum actionable
information is obtained when the entropy associated with the number of topics (similar
to the temperature in a physical system) is minimized [34].

Although topic modeling offers a significant number of possibilities for textual
data review, it remains critical to discriminate methods that are appropriate for spe-
cific research needs. While recognizing the potential of topic modeling, this study
relies heavily on sentiment analysis to achieve its unique goals. Through the use of a
sentiment dictionary, this study reveals the subtle sentiment tone that permeates prod-
uct descriptions and other textual content on e-Commerce platforms. This approach
provides insight into recognizable emotions, both positive and negative, that can sig-
nificantly impact purchase decisions [35].

Sentiment is a subjective emotion that can influence an individual’s thoughts and
judgments [7, 8]. In the previous studies, textual data have often been used to extract
sentiments such as praise or criticism; these insights can be used by others as a reference
for decision-making [16]. As a result, sentiment analysis, especially for product or
service reviews, has gained considerable popularity [8, 16, 36]. The main method of
calculating sentiment scores is to utilize the word frequency of words in a text that
have been assigned a sentiment value in a predefined dictionary to derive a sentiment
score for the text. Some studies have aggregated positive and negative sentiments to
arrive at a final score [8], while others have calculated positive and negative sentiments
separately and examined their impact on the audience [18]. Some researchers have
even hypothesized that customer attitudes towards sentiments in texts change with
product quality [6].

Despite these advances, there is a clear research gap in analyzing the sentiment
of descriptions made by sellers in business settings. Product descriptions are one of
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Fig.1 Signal exchanges between sellers and buyers, adapted from Sun [5]

the critical components of online product information. These pieces of text, carefully
crafted by sellers, provide crucial insights into a product’s features, usability, and
other salient details that are often the deciding factor for customers contemplating a
purchase. This research embarks on a journey to uncover the hidden signals within
these descriptions and their influence on consumers’ purchase decisions. Based on the
results of previous studies, this paper also uses sentiment scores computed through
word frequency to observe whether this variable will actually affect buyers’ purchasing
decisions, in which aims to shed light on an integral part of online consumer behavior.

2.4 Research Framework

The primary objective of this study is to explore the influence of product descrip-
tions and sentiment components, calculated based on word frequency, on customers’
purchase intentions. To accomplish this, the research scrutinizes product description
texts drawn from sales data collated from Mercari, one of the largest online shopping
platforms in Japan. Figure 1 provides a visual representation of the prospective signals
exchanged between sellers and buyers on the Japanese second-hand e-Commerce site
Merecari, a conceptual framework adapted from previous research [5].

The selling process begins with sellers listing their products on the platform, pro-
viding crucial details such as the product’s price, condition, accompanying photos,
and a written description. Customers receive these signals and, in response, provide
feedback in the form of ’likes’ and comments. This customer feedback, directed to the
seller, can serve as a reference point for other potential buyers considering the same
product.

In this setup, certain elements, such as the price of the product, its condition, the
number of ’likes’, and the number of comments, can be classified as hard information,
as they are quantifiable in numerical terms. On the contrary, the product description
and user comments are considered soft information due to their textual nature. These
soft signals often harbor the unspoken sentiments of both sellers and buyers. Fur-
thermore, product photos can encapsulate both hard and soft information; they carry
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explicit digital information, but can also showcase contextual information that requires
interpretation. Buyers, upon receiving these signals, make a purchase decision based
on their interpretations.

The focus of this study lies in uncovering the hidden signals in the product
description texts written by sellers and their subsequent influence on buyer purchase
intentions, a subject scarcely discussed in previous research. To illustrate the impact
of product descriptions on customer behavior, this study aims to answer the following
questions: (1) Do the descriptions that sellers provide on product sales pages impact
the buyer’s intent to purchase? (2) If so, in what way does the description influence the
buyer’s purchase intention? To address these research objectives, the study employs
a quantitative methodology to dissect the relationship between product descriptions,
sentiment elements derived from word frequency, and purchase intentions. The find-
ings of this study have the potential to provide invaluable insights for online sellers
and marketers, allowing them to optimize product descriptions and improve customer
satisfaction.

3 Data and Methodology
3.1 Data

The main objective of this study is to explore the relationship between product descrip-
tions and customers’ purchase intentions. More specifically, our objective is to figure
out whether and to what extent the sentiments embedded in product descriptions influ-
ence customer behavior. For this purpose, we use product sales data from Mercari, one
of the largest online shopping platforms in Japan, known for its extensive marketplace
for second-hand goods.

We chose to focus on the sales of all figure-based products for several reasons. In
particular, the wide variety of figures available on Mercari includes limited-edition
items that are usually sold at high prices. For example, an item initially priced at
100,000 yen can subsequently sell for 300,000 yen or even 500,000 yen due to its rarity
and collector demand. In such a market environment, both buyers and sellers are likely
to invest a great deal of effort in shaping the transnational relationship between them,
making the figure category a rich field for studying the impact of product descriptions
and their sentiment elements.

Our data set contains more than 4.4 million transactions recorded over a 1-year
period, covering product sales from January through December of a given year over
the past 5 years. This robust data set encompasses all aspects of each sale, including
the product description, the price listed, the number of product reviews received, the
number of “likes” collected, and the condition of the product at the time of sale.

Using text-analytic techniques and econometric models, this study seeks to reveal
hidden patterns and insights that can help sellers maximize profits and build stronger
relationships with customers. Additionally, these findings are valuable to Mercari,
which is working to optimize its platform and improve the user experience for both
sellers and buyers.
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3.2 Methodology

The research methodology used in this study is a combination of quantitative analysis
techniques and a comprehensive study of text data. Our approach can be depicted in
Fig. 2, which we will detail later.

1. Data Collection: This stage involves collecting sales data from the Mercari plat-
form, including product descriptions, product prices, number of ’likes’, and the
number of reviews. This data set serves as a basis for subsequent stages.

2. Data Pre-processing: We pre-processed the collected data to eliminate inconsis-
tencies and prepare them for further analysis. This includes segmenting product
descriptions into individual words and associating them with their respective sen-
timent scores, using the Japanese sentiment dictionary [35].

3. Text Analysis (Sentiment Score Calculation): Using the pre-processed data, we
conduct a textual analysis of the product descriptions. Each word in the product
description is assigned a sentiment score from 1 to 5, indicating its degree of
negative to positive. These scores are then used to calculate an overall sentiment
score for each product description.

4. Model Building: We build a logistic regression model using the calculated senti-
ment scores along with other hard information such as the number of ’likes’, the
price of the product, and the number of reviews. These variables serve to predict
the sale outcome (sold or canceled) for each product.

With our data set and the process ready, we proceed as follows.

Firstly, we employ a Japanese sentiment dictionary [35] produced by psychologists
to translate the sentiments encapsulated in the product descriptions. These descriptions,
crafted by the sellers of Mercari, offer valuable information on their attitudes, positive
or negative, towards the products. We use this dictionary to assign sentiment scores to
product descriptions, treating these scores as practical representations of the seller’s
attitude. This process can also be expressed as follows:

Sentiment Score = Z scorey,, )

w

where score,, is the sentiment score for the wth word in the product.
In the next step, we use the sentiment scores obtained in Step 1 as variables in the
logistic regression, expressed in Equation 2

( P(Sold = 1|x)
In

1— P(Sold = l|x)> = o+ p1 * Countiike + 2 * Counteomment

+ B3 * Priceproduct + B4 * Sentiment Score. 2)
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In this model, other signals with hard information, such as the number of ’likes’,
the price of the product, and the number of reviews, have also been used. We list the
variables’ definitions used in the model in Table 1.

The dependent variable “sold” in our study is a binary variable that represents
the status of the sale of a product. In this representation, a value of 1 means that a
product is sold out, while a value of 0 means that the sale has been canceled. We
have intentionally excluded products that are still available for sale. The rationale
behind this choice is that the outcome of these sales has yet to be determined, creating
an element of uncertainty. As such, we cannot conclusively determine whether the
product description has any influence on these active sales or not.

In this investigation, we have chosen to use sentiment scores as an independent
variable within our model. This decision has been driven by our aim of investigating
whether hidden information within product descriptions, as revealed by sentiment
scores, has any bearing on product sales. Accordingly, to verify whether sentiment
scores have a more pronounced effect on sales, we also utilize as independent variables
certain signals that contain "hard information’ and are displayed on the product sales
page. These signals include, for example, the total number of ’likes’ given by potential
buyers, the total number of comments left by these buyers, and the price listed of the
product.

To comprehensively examine the effect of varying price points on our findings, we
segment the data and apply a logistic regression model at multiple price criteria. These
criteria involve systematically removing data below a set price threshold, starting at
intervals of 1,000 yen between 1,000 yen and 100,000 yen, and then shifting to intervals
of 10,000 yen between 100,000 yen and 200,000 yen. We have chosen not to segment
further beyond the 200,000 yen mark. The motivation behind this methodology is
to ensure an adequately sized sample for each segment, thus ensuring the statistical
robustness of our findings.

To evaluate our hypothesis in a more rigorous manner, we employ the technique of
K-Fold cross-validation. This approach aids in mitigating the risk of over-fitting our
model to the data. For the purposes of this study, we set the value of K at 5. This choice
balances the need for a thorough exploration of the data, while avoiding over-fitting,
thereby ensuring the reliability of our conclusions.

4 Empirical Result

Table 2 presents the results of the descriptive statistical analysis of the independent
and dependent variables in this study. The median sentiment score derived from the
text analysis was 18.88 and the mean was 26.85. Higher scores indicate more positive
sentiments embedded in the text. Understanding the sentiment score is critical, because
it provides an empirical way to understand customer sentiment. Higher sentiment
scores indicate greater acceptance of a product or service, which can inform marketing
strategies and potentially increase customer engagement.

When examining data related to product pricing, the median price was determined
to be 2280 yen, indicating that half of the products fall into the low price range.
However, the average price was as high as 21,142 yen, suggesting that the data set
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Table 2 Descriptive statistics

Variables Min Median Mean Max Std
Sentiment score 0 18.88 26.85 385.42 28.81
Price 300 2280 21,142 9,999,999 380671.44
Num of likes 0 1 2.30 357 3.29
Num of comments 0 0 1.16 479 2.61

Sold 0 1 0.61 1 0.49

contained high-priced products that deviated from the average price. These findings
emphasize the heterogeneity of product price ranges and the existence of high-end
products. Sellers can use this information to cater to different customer segments and
refine pricing strategies to maximize revenue potential.

In terms of buyer-seller interaction metrics, the median and mean number of “likes”
were 1 and 2.3, respectively. On the contrary, the median and mean number of reviews
were 0 and 1.16, respectively. These data suggest that a large portion of product buyers
are not actively interacting with sellers. From a business perspective, this finding
suggests that there is an opportunity to encourage customers to be more actively
engaged, making it possible to develop strategies that promote positive interactions
between buyers and sellers, thereby increasing customer satisfaction and loyalty.

To better understand sentiment scores and their inherent attributes, we logarithmi-
cally transformed the data and integrated them into a logistic regression model, as
shown in Fig. 3.

The variable coefficients in Fig. 3 provide important information from both a sta-
tistical and a business perspective. The blue line represents the constant coefficient,
which indicates that the customer’s initial purchase intention is negatively related to
the product price. In other words, an increase in the price of the product reduces the
likelihood that customers will make a purchase. This finding is a key to the pricing
strategy and implies that sellers should be careful with their pricing policies, because
too high a price will discourage potential buyers, which may reduce sales.

The orange line indicates the review coefficient. Initially, this line shows an upward
trend, indicating that an increase in the number of reviews positively influences cus-
tomers’ purchasing decisions, especially for low-priced items. However, this effect
decreases as the price of the product increases and eventually levels off. Therefore, for
low-priced items, sellers should stimulate and promote customer reviews to increase
sales. For higher priced items, a large number of reviews may be less persuasive,
suggesting the need for a different marketing strategy.

In contrast, the red line indicates the “like” factor. The impact of this factor may
be negligible initially, but increases as the price of the product rises. The number
of comments and likes are both important indicators of a product’s popularity. The
unique impact of these variables can be attributed to the unique dynamics of Mercari,
where reviews often go beyond simple product reviews to include aspects such as
price negotiation discussions. This observation suggests that sellers of high-priced
items should focus on accumulating “likes,” as this appears to enhance the appeal and
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Fig.3 Sentiment scores’ coefficient in different price range

potential sales of their products. In addition, sellers should understand and adapt to
the different characteristics of their respective platforms.

The green line corresponds to the sentiment score factor. The impact of the sentiment
score increases with the price of the product. Customers may pay more attention
to the sentiments conveyed in product descriptions when considering higher priced
items. However, it should be noted that this trend reverses for all variables above the
100,000 yen threshold. For sellers, this emphasizes the need to create emotionally rich
product descriptions, especially for higher priced items. For ultra-high-priced items
(over 100,000 yen), a different strategy is required as the influence of sentiment scores
and “likes” diminishes.

Figure 4 presents the p values associated with each coefficient. For most price
ranges, the p values hover around 0, indicating that the coefficients are statistically
significant. Thus, the correlation between customer behavior and the evaluation vari-
ables (product price, number of reviews, number of “likes”, and sentiment scores)
is not coincidental. From a business perspective, this highlights the importance of
these variables in influencing customer buying behavior, suggesting that they should
be central to the development of business strategies.

Beyond the 100,000 yen range, the p value associated with sentiment scores deviates
from the nonsignificant region, suggesting that there are limitations to sentiment scores
calculated using word frequency, especially for high-priced products. This insight is
crucial for sellers of high-priced products, suggesting that relying solely on sentiment
scores calculated using traditional methods may not provide accurate insight into
customer sentiment, which may lead to ineffective business strategies.
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The results of the study reveal key insights related to two questions posed in Chap-
ter 2.5. (1) The study found that product descriptions significantly influence buyers’
purchase intentions. Specifically, the sentiment score in product descriptions (shown
as the green line in Fig. 3) increases with product price, suggesting that customers
may place more importance on the sentiment expressed in product descriptions when
considering higher priced products. (2) We note that these descriptions moderated
purchase decisions in a way that was related to price. For example, sentiment scores
derived from product descriptions had a significant effect on purchase decisions for
medium-priced products, but the effect appeared to diminish for ultra-high-priced
products (100,000 yen or more). This emphasizes that the impact of product descrip-
tions on purchase intention varies by product price point and suggests that sellers
should adjust product descriptions according to product price point.

This finding highlights the need to investigate alternative methods for calculating
sentiment scores for high-priced products. This avenue for future research will not
only address existing limitations, but also provide organizations with a more accurate
tool for measuring customer sentiment, thus enabling them to adjust their market-
ing strategies more effectively. From a business perspective, this will require sellers
to continually refine their analytic processes and keep up with the development of
sentiment analysis technology, especially for high-end products.
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5 Conclusion

The main objective of this study is to experimentally investigate whether and how
the textual content of product descriptions, especially the sentiment element, influ-
ences customers’ purchase intentions. In an era where sustainability is becoming
increasingly important, understanding trust relationships in business, especially on
customer-to-customer (C2C) platforms, has become a vital, yet often overlooked
aspect of sustainable business practices.

Based on year-round digital transaction data from Mercari, Japan’s leading C2C
second-hand trading platform, we found that product descriptions written by sellers
do influence buyers’ purchasing decisions to some extent. To realize this analysis, we
informatively used a set of well-established Japanese sentiment dictionaries to extract
sentiment scores from textual descriptions. This method assigns scores ranging from
1 (indicating negative sentiments) to 5 (indicating positive sentiments) to individual
words in the descriptions.

A noteworthy trend emerged during the analysis: As the price of the product
increased, the description had an increasingly positive effect on the purchase deci-
sion. This observation suggests a compelling relationship between positive sentiment
elements in product descriptions and better sales performance. We measure this sales
performance using a logistic regression model that incorporates various factors such
as the number of product reviews and likes. However, the relationship becomes statis-
tically insignificant when the price of the product exceeds the 100,000 yen threshold.

Our study demonstrates that on C2C platforms such as Mercari, customers tend to
take the sentiment tone of product descriptions more seriously as the price of the prod-
uctincreases. For lower priced items, sentiment content seems to have less impact. This
observation suggests that textual content does influence customers’ purchase propen-
sity to some extent, with far-reaching potential implications for C2C e-Commerce
practices.

Our study has practical implications for e-Commerce managers. First, our results
emphasize the impact of product descriptions on consumers’ purchasing decisions,
especially the fact that sentiment factors can serve as high-quality “signals” that can
help buyers make informed purchasing decisions and reduce information asymmetry
between buyers and sellers. To increase sales success, sellers should pay attention
to the sentiment color of the language when creating product descriptions and use
positive words as much as possible to enhance buyers’ willingness to purchase. Second,
our study also provides information on the design and management of e-Commerce
platforms. Platforms can help sellers create more attractive product descriptions by
providing better tools and guidance, such as setting up some writing guides or tools
that automatically optimize product descriptions.

However, our study has limitations. We focus mainly on how hidden sentiment
scores in product descriptions affect purchase intention, thus avoiding the inclusion
of too many variables in the logistic regression model. Future studies can further
enrich this approach by incorporating more variables (e.g., time from listing to selling
of the item) to gain a more comprehensive understanding of the purchase decision
mechanism. Furthermore, it is necessary to address anomalous data, such as products
with unreasonably inflated prices, in subsequent studies.

@ Springer



New Generation Computing

In addition, the results of the current study are limited to specific product categories
on the Mercari platform. To gain a more comprehensive understanding of the observed
phenomena, future research should explore differences between product categories.
The limited explanatory power of our analysis for high-priced products means that
simple word frequency calculations may not be sufficient. This limitation suggests
that more sophisticated methods are needed to explore the sentiment scores contained
in the texts.

In conclusion, this study provides valuable information on the role of sentiment in
product descriptions and its impact on consumer purchase decisions. Although there
is room for improvement and further research, these findings contribute to an initial
understanding of how consumers respond to sentiment signals in product descrip-
tions. More importantly, they emphasize the potential importance of creating more
enjoyable and trustworthy shopping environments, especially on C2C platforms, to
improve sustainable business practices by strengthening the critical role of trust in
such environments.
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