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Abstract
This  research investigates how  Artificial
Intelligence (Al)-generated summaries influence
decision-making among consumers on e-commerce
platforms. By analyzing data from two Chinese digital
deal platforms, Zdm and Sqkb, the study applies a
Difference-in-Difference-in-Differences (DDD)
methodology to evaluate how these summaries affect
consumer behavior. The results demonstrate that Al-
generated summaries significantly speed up consumer
decision-making and reduce hesitation, with effects
varying by product type and price. This research
underscores the potential role of Al in enhancing
consumer experiences and decision-making processes

on online digital deal platforms.

Keywords: Al-generated summaries, decision-making
behavior, interaction behavior, digital deal platform, e-
commerce.

1. Introduction

In the rapidly evolving e-commerce landscape, the
incorporation of Al-Generated Content (AIGC) has
significantly transformed consumer interactions with
deal-oriented websites. This study delves into the
innovative use of AIGC in the form of Al-generated
summaries and their influence on consumer decision-
making behavior on digital deal platforms. Digital
advancements have dramatically altered how consumers
access information, profoundly affecting their
purchasing decisions and behaviors. Despite the many
advantages of the extensive product information
available online, it also brings challenges like
information overload, decision fatigue, and increased
complexity in choices. To address these issues, many
platforms are now gradually adopting Al technology to
provide clearer and more concise information, such as
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Al Summaries, which learns from a large number of
consumer reviews and generates brief summaries about
products, encompassing key details such as pros, cons,
and suggestions. However, it remains uncertain whether
this Al-provided information truly meets the
consumers’ needs for making informed decisions,
because Al systems, being human-made artifacts,
exhibit empirically proven performance but lack
theoretical guarantees of correctness in specific cases.
Despite their potential for efficiency, frequent
skepticism and resistance among users may limit the
effectiveness of Al tools (Korteling et al., 2021). Thus,
we propose the first question: Does the implementation
of Al-generated summaries actually speed up the
decision-making process for consumers? Do Al-
generated summaries enhance consumers’ decision-
making efficiency?

While Al tools are designed to improve efficiency
by quickly processing and summarizing large volumes
of data, such as consumer reviews, they also tend to
reduce the duration of user engagement on websites.
The decreased time spent per page and reduced
interaction could potentially affect the depth of user
engagement and the organic discovery of products,
which is crucial for e-commerce platforms aiming to
increase browsing time and customer involvement.
Therefore, the second question is: Does the increased
efficiency and speed provided by Al summaries lead to
reduced user engagement with content on e-commerce
websites?

Existing research on AIGC primarily focuses on its
applications in  personalized recommendations,
customer service, product descriptions, and content
generation, highlighting its positive effects on consumer
engagement and satisfaction (e.g., Wang et al., 2023).
However, there is a gap in understanding how AIGC
affects the speed and efficiency of consumer decision-
making. This study aims to address this gap by
examining the specific effects and mechanisms of Al-
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generated summaries on consumer decision-making
within an e-commerce setting.

We analyze two prominent digital deal platforms in
China, Zdm (https://www.smzdm.com/p/87126225/)
and Sqkb (http://w4j41.cn/v2/feed/33240012), to
contextualize our research. Both platforms feature
discount information from various e-commerce sites,
covering a wide range of product categories. As a result,
their user bases exhibit similar characteristics due to the
overlap in the type of information they provide. Zdm
introduced an Al Summary feature in March 2023. In
contrast, Sqkb lacks this feature, making it an
appropriate control platform for our study. It should be
noted that not all products have Al summaries, and the
time for generating these summaries may vary for
different products. The timing of Summary addition is
determined by the platform, making this event
exogenous. By comparing consumer behaviors on these
two platforms, we aim to assess the impact of Al-
generated summaries on the decision-making process.

Employing robust econometric analyses, including
coarsened exact matching (CEM) and a difference-in-
differences-in-differences (DDD) approach, we
thoroughly assess the impact of Al-generated
Summaries. The results indicate that the AI Summary
feature significantly influences consumer behavior by
speeding up decision-making, reducing hesitation, and
decreasing interaction with other consumer reviews.
Additionally, the study finds variations in these effects
depending on product type and price, showing a stronger
impact of the AI Summary on experience products and
products with lower prices.

This research enhances our understanding of the
role of AIGC in e-commerce, particularly in facilitating
consumer decision-making and personalizing shopping
experiences. The findings are valuable for digital deal
platforms and marketers seeking to leverage Al
technologies to boost consumer engagement and
purchasing behavior.

2. Literature Review

2.1. Artificial Intelligence-Generated Content
(AIGC) in E-commerce

With the rapid development of artificial
intelligence, the realm of e-commerce is increasingly
utilizing Al-generated content (AIGC). Current research
primarily focuses on the application of AIGC in areas
such as personalized recommendations, customer
service, and interaction, along with the generation of
product descriptions and other content. Researchers are
also exploring how the application of AIGC influences
consumer behavior and the overall functioning of
platforms.

In the context of personalized recommendations,
studies have shown that Al-driven recommendation
services outperform manual (expert) ones in terms of
perceived technical quality. Generative Al can produce
personalized content to satisfy users' information needs,
thereby enhancing personalized quality. Both
technology and personalization quality have a positive
influence on behavioral intentions, mediated by
perceived empathy (Wang et al. 2023; Yoon and Lee
2021). In terms of customer service and interaction,
chatbots offer consumers timely interaction and
interesting experiences. However, consumers with a
focus on prevention are more concerned about the
associated privacy risks (Chung et al. 2020; Kim et al.
2023). Regarding product descriptions and content
generation, Zou et al. (2023) found that using Al-
generated product descriptions significantly improves
product click rates and conversion rates. Du et al. (2023)
indicate that Al-generated advertisements have a
positive impact on user engagement. However, Arango
et al. (2023) suggest that Al-generated charity
advertisements negatively affect consumer willingness
to donate. It is evident that current research mainly
examines the effects of AIGC on consumer acceptance,
engagement, purchasing behavior, and satisfaction.
However, there is a lack of focus on how AIGC affects
the speed of consumer decision-making. This study
aims to address this gap.

2.2. Consumer Decision-Making Behavior and
Trust in Al

The emergence of digital technology has greatly
changed the way consumers acquire and process
information, directly affecting their decision-making
behavior. Adriatico et al. (2022) suggest that the ease of
accessing vast amounts of product information online
can lead to consumer information overload, making
decision-making more complex and challenging. The
research results indicate that although consumers
benefit from a wealth of available information, a large
quantity can lead to increased decision-making fatigue
and even abandonment of decisions. K V et al. (2021)
explored how social media platforms can become an
important source of peer opinions and comments,
significantly  influencing consumer purchasing
decisions. This study emphasizes that consumers are
increasingly relying on social media recommendations,
which not only simplify the decision-making process
but also complicates it. In addition, Zou et al. (2023)
found that using Al-generated product descriptions
significantly improves product click rates and
conversion rates by providing concise and relevant
information.
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Although Al tools have the potential to influence
consumer decision-making behavior, trust in Al tools is
mixed, often marked by frequent skepticism and
resistance among users. Spence et al. (2014) and
Edwards et al. (2016) indicate that consumers
experience increased uncertainty and anticipate a less
positive experience with lower social presence when
informed that they will be engaging with a chatbot
instead of a human. This is because they trust humans
more to solve complex problems. Trust is often cited as
a key desirable property of the interaction between any
user and Al (Carvalho et al. 2019; Jacovi et al. 2021).
Current research indicates that there are many factors
influencing people's trust in Al Several authors
consider trust to be a cognitive construct that involves
rational thinking (Schoorman et al. 2007). Other
existing organizational literature has described trust as
emotional based on affective and irrational factors
(Komiak and Benbasat 2006; Omrani et al. 2022). The
cognitive dimensions of trust include tangibility (Li
2015), transparency (Mdhlmann and Zalmanson 2017),
reliability (Moran et al. 2013), task characteristics
(Gaudiello et al. 2016) and immediacy behaviors (Lee
et al. 2015) in terms of interactive abilities of Al. On the
other hand, emotional trust is associated with the
anthropomorphic qualities of Al, such as its ability to

exhibit human-like characteristics (Culley and
Madhavan 2013; Glikson and Woolley 2020). In
addition, fairness, accountability, responsibility,

regulation, and user characteristics (i.e., inherent and
acquired characteristics, attitudes) can also influence
user trust in Al (Bach et al. 2024; Omrani et al. 2022).
Omrani et al. (2022) found that many concerns related
to Al use are linked to Al trust. Trust plays an important
role in users’ acceptance and adoption of Al tools. This
is because trust reduces the uncertainties and perceived
risks associated with adopting new technologies
(Nordheim et al. 2019). Wei et al. (2019) argue that trust
can influence users’ behavioral intentions toward using
Al tools. Despite their potential for efficiency, people's
distrust may lead to the neglect, skepticism, and even
resistance toward Al tools, which may limit the
effectiveness of Al tools (Yang and Wibowo 2022).
Therefore, as an emerging Al tool, exploring users' trust
in Al Summaries and their specific effectiveness is of
great significance for its further promotion and
improvement.

2.3. Consumer Engagement

Previous research indicates that providing
information support or decision aids can reduce the
effort required for individuals to gather more
information for decision-making, thereby enhancing
decision efficiency (Kleinmuntz and Schkade 1993).

Compared to traditional decision aids, Al tools can
provide more intelligent support. However, further
exploration is needed to determine whether their
improvement in decision-making efficiency might
reduce the time users spend on web pages, as the time
consumers spend on a webpage determines the depth of
their interaction with the page (Héubl and Trifts 2000).
It is crucial to explore whether improving efficiency
might inadvertently reduce the depth of user
engagement with the platform, as both enhancing
efficiency and maintaining sufficient user interaction
are crucial for e-commerce platforms aiming to foster
long-term customer relationships and detailed product
exploration (Chiu et al. 2023). Thus, this paper will
verify the effectiveness of AI Summaries in enhancing
consumer decision-making speed while also exploring
its impact on user interaction engagement, thereby
comprehensively assessing the influence of Al
Summaries on the operation of e-commerce platforms.

In our study, decision-making-behavior refers to
the behavior of consumers judging whether a product is
worth purchasing during the browsing process, while
engagement behavior refers to the deep interaction
between users and web pages, such as saving items for
further attention or interacting with the comment
section. The Al Summary, generated by using Al to
analyze reviews from consumers, offers more than just
objective references. It simplifies the decision-making
process by distilling a wealth of consumer comments
into manageable insights, reducing information
overload for the user. Additionally, the AI Summary is
not just a subjective description; it’s derived from
mining consumer reviews, capturing both the pros and
cons, and offering tailored purchase suggestions for
various scenarios. Such an approach offers a detailed
overview of consumer experiences, making the
exploration of the specific impact and mechanism of Al
Summary on consumer decision-making behavior
particularly meaningful.

3. Research Methodology
3.1. Research Context

Our research is centered on two prominent digital
deal platforms in China, Zdm and Sqkb, both of which
provide consumers with information on online shopping
and discounts. These platforms allow users to post,
browse, evaluate, and comment on product discount
listings, sourced from various e-commerce sites,
covering a wide range of product categories. As a result,
their user bases share similar characteristics due to the
overlap in the type of information they provide. Zdm has
implemented an Al Summary feature since March 2023,
which utilizes Al to analyze consumer reviews from
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various e-commerce sites and generate a concise
Summary of the product. This Summary includes key
aspects such as the product's advantages, disadvantages,
and purchase recommendations. On the other hand,
Sgkb does not offer this feature, making it an ideal

Zdm <

control platform for our study. To illustrate this, Figure
1 presents screenshots with translations from both
platforms showcasing the same product. This visual
comparison highlights the differences in user experience
between the two platforms.
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Figure 1 A sample post on Zdm (left) and Sqgkb (right)

3.2. Data Collection

We collected data from the platforms Zdm and
Sqkb. To assess the impact of Al Summary on consumer
behavior, we collected data on product discount posts
and consumer reviews from both platforms between
August 1 and August 31, 2023 and monitored their
changes until September 17, 2023. In total, we acquired
83,080,236 data entries related to product discount posts
from Zdm.

The data on product discount posts include product
details such as post link, title, product category, current
price, brand, purchasing platform, introduction,
purchasing link, and Al Summary content. Additionally,
it contains details about the post publisher, including the
user nickname and user ID, and evaluation metrics such
as counts of ‘worthy’ and ‘not worthy’ clicks, saves,
likes, and responses to reviews, which we refer to as

‘review interactions.” Consumer review data include
the reviewers' nickname and ID, review time and
location, content of the reviews, and replies to reviews.

3.3. Identification Strategy

In this paper, our primary objective is to determine
the impact of Al Summary on consumer behavior. We
first selected posts featuring the Al Summary during the
monitoring period as our treatment group. Recognizing
that consumer attention tends to decline over time after
posts are published, a simple longitudinal comparison
may not accurately capture the effect of the Al
Summary. To address this, we included posts from Zdm
that did not have the Al Summary during the same
period as our control group, thus accounting for the
time-varying nature of consumer attention.

To ensure a fair comparison, we applied coarsened
exact matching (CEM) to identify comparable posts in
both the treatment and control groups (Blackwell et al.,
2009). During the matching process, we selected the
publication date, current price, product category (binary
variable), and sales platform (binary variable) as
matching conditions from the product dimension. For
the historical performance dimension, we used the
cumulative number of ‘worthy’ clicks (which means
that consumers believe that the product is worth
purchasing), the cumulative number of ‘not worthy’
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clicks (which means that consumers believe that the
product is not worth purchasing), the cumulative
number of saves, and the cumulative number of reviews
as matching. After matching, we had a dataset of 16,252
posts, with 8,126 of these featuring the Al Summary.

A straightforward cross-sectional comparison
between posts with and without the Al Summary might
introduce biases, as these two groups could inherently
differ in quality. For instance, platforms might prioritize
Al Summaries for products with a substantial number of
consumer reviews, which typically attract more
attention. To control for this, we incorporated a
comparison between the two platforms.

By comparing the same product posts on Zdm and
Sgkb (matched by product ID, current price, and post
time), we control for any unobserved differences in
consumer attention. To accurately assess the impact of
Al Summary's effect, we employed a Difference-in-
Difference-in-Differences (DDD) approach (Chen et al.,
2019).

In our DDD model, the first difference captures
variations between the same product posts on Zdm and
Sqkb, which controls for unobserved changes in
consumer attention. The second difference compares
posts with and without the Al Summary, addressing
inherent differences. The third difference looks at the
period before and after the Al Summary's introduction.
This design leverages the differences between posts
with and without the AI Summary across both
platforms, effectively controlling for unobserved trends.

3.4. Variable Measurement

The Independent variable Al*after; is a binary
variable indicating that whether post i had the Al
Summary on day ¢. If post i had the Al Summary on day
t, Al*after is 1, otherwise 0.

Dependent variable A In (Total ‘worthy’ and

‘not worthy’ clicks), Aln (Save), and Aln (Review
interaction). We use Aln (Total ‘worthy’ and ‘not
worthy’ clicks) indicates the decision-making speed of
consumers. The specific measurement is the number of
total ‘worthy’ and ‘not worthy’ clicks post i received
on day ¢ on platform Zdm minuses that on platform
Sqkb. The consumer’s ‘worthy’ and ‘not worthy’
clicks mean a decision on whether the product is worth
purchasing. This variable uses the daily number of

‘worthy’ and ‘not worthy’ clicks to indicate the
increase in the number of decisions made per unit time,
which can indicate the consumer’s decision-making
speed. Regarding consumer participation behavior, we
have chosen two types of behavior: save and review
interaction. Save indicates that consumers may further
pay attention to the post or consider the product in the

future, while review interaction refers to consumers
interacting with other people’s comments in the
comment section. A In (save) measured by the number
of ‘save’ post i received on day ¢ on platform Zdm
minuses that of platform Sqkb. And A In (review
interactions) measured by the number of review
interactions post i received on day ¢ on platform Zdm
minuses that of platform Sqkb. We chose these three
dependent variables because consumer decision-making
behavior directly affects the sales of goods and the
interests of the platform, while engagement behaviors
demonstrate the activity of platform users. Deep user
engagement benefits the platform atmosphere and is
important for the sustainable development of the
platform (Darley et al., 2010).

Control variables Firstly, this paper controls the
individual-level fixed effects and time-level fixed
effects. Secondly, we selected three control variables:
post day, total, and lags. Post day refers to the time
difference between the day of observation and the post’s
publication, used to control the decrease in post
attention over time. Total represents the total number of
posts published on the platform, used to control for
competition between posts. Lags represents the
cumulative historical performance of posts as of the day
before the observation date, used to control the impact
of previous performance on the current engagement.

3.5. Empirical Model

To precisely estimate the impact of the Al
Summary, we utilize a regression Difference-in-
Difference-in-Differences (DDD) approach. This
regression framework allows us to control for time-fixed
effects and post-fixed effects within our panel data. Our
specification is as follows:

AY, = B Al * after ;y + &8 Xie + a; + 6, + &, (1)

AY; represents the growth rate of the combined total
of ‘worthy’ and ‘not worthy’ clicks (indicating
consumer decision-making speed), the total number of
saves (indicating consumer hesitation to further
consider), or the total number of review interactions
(indicating consumer attention and response to reviews)
that post i received on day ¢ on Zdm minus the
corresponding values on Sqkb.

The variable Al*after; indicates whether post i
included the AI Summary on day ¢ on Zdm, while Xj
represents a vector of control variables. In Equation (1),
the coefficient [ serves as our regression DDD
estimator, capturing the effect of the AI Summary on
consumer decision-making behaviors. We also include
fixed effects at the post level () and time-fixed effects
(6)). The term ¢it represents the normal error term.

This setup allows us to accurately determine how
the Al Summary influences consumer behavior by
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comparing changes in consumer interaction metrics
before and after its implementation, while controlling
for both time-specific and post-specific effects.

4. Research Results

4.1. Main Results

We ran our regression DDD specification in
Equation (1) to test the effects, and the results are
presented in Tables 1 and 2. Table 1 illustrates the
impact of Al Summary on the growth rate of the
combined 'worthy' and 'not worthy' clicks, the total
number of saves, and the total number of review
interactions, respectively. The first row of Table 1
indicates that Al Summary has a positive and significant
effect on the growth rate of the combined ‘worthy’ and
‘not worthy’ clicks (P < 0.01). The coefficient of
AT*after in the eleventh row of Table 1 shows that posts
have, on average, 2.8% fewer saves per day after the
introduction of the Al Summary (P < 0.01). These
findings suggest that after the AI Summary launch,
consumers make purchasing decisions more quickly and
exhibit less hesitant behavior, such as saving posts for
further consideration.

Conversely, the twentieth row of Table 1 reveals
that Al Summary has a negative and significant effect
on the total number of review interactions (P < 0.01).
This implies that following the launch of the Al
Summary, consumers engage less with other reviews,
potentially indicating a reduction in review reading.

4.2. Heterogeneity

4.2.1. Product price

Next, we explored the heterogeneity in the Al
Summary's impact on consumer behavior in different
contexts. First, based on prior findings, the Al Summary
enhances decision-making speed by summarizing and
refining consumer comments. However, this effect may
vary with product price, as consumers require different
amounts of information to make decisions about
products at different price points.

Wertenbroch and Skiera (2002) found that
consumers often take more time to carefully consider
high-priced products. According to Vdlckner (2008),
consumers tend to require more information and time to
make decisions when facing high-priced products due to
the higher risks and greater investments involved. This
contrasts sharply with low-priced products, where the
decision-making process is relatively simple and swift.
Furthermore, Chen et al. (2008) found that purchasing
decisions for high-priced products rely more heavily on
detailed product information and consumer reviews,

whereas decisions for low-priced products are more
influenced by price promotions and immediate
discounts. These findings highlight significant
differences in the amount of information needed and
consumer behavior patterns for products at different
price levels, thereby supporting the hypothesis that Al-
generated user review summaries can accelerate
decision-making differently across products with
different price levels. We therefore, examined the
moderating effect of product prices. The coefficient of
Al*after*In(Price) indicates that higher prices weaken
the positive impact of Al on decision-making speed (P

<0.01).

Table 1 The Impact of Al Summary on Consumer
Behavior (the moderation effect of price)

DV Aln (Total ‘worthy’ and ‘not
worthy’ clicks)
0.002 **=* 0.014***
Al*after (0.001) (0.003)
ATl*after* -0.002*%*
In (Price) (0.000)
-0.013 -0.011
Post day (0.036) (0.036)
Total 0.000 0.000
(0.000) (0.000)
Lags -0.614%%** -0.613%**%*
(0.024) (0.024)
Time FEs YES YES
Post FEs YES YES
Adjusted R2 0.436 0.436
Observation 669,758 669,758
DV A In (Save)
-0.028*%** 0.003
Alafter (0.003) (0.010)
ATl*after* -0.005%%**
In (Price) (0.002)
0.072 0.072
Post day (0.058) (0.059)
Total 0.000 0.000
(0.000) (0.000)
Time FEs YES YES
Post FEs YES YES
Adjusted R2 0.058 0.059
Observation 689,663 689,663
DV A In (Review interaction)
-0.002%%** 0.000
Al*after (0.000) (0.002)
Al*after* -0.000
In (Price) (0.000)
0.005 0.005
Post day (0.018) (0.018)
Total 0.000%** 0.000%*
(0.000) (0.000)
Lags -0.020%*** -0.020%***
(0.003) (0.003)
Time FEs YES YES
Post FEs YES YES
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Adjusted R2 0.173 0.173
Observation 669,754 669,754
Notes: *p < 0.10; **p <0.05; ***p <0.01.

4.2.2. Product type

Second, we categorized products as experience
products or search products to consider their types. The
distinction between search and experience products lies
in whether consumers can evaluate their attributes
before purchase. Products whose attributes can be
evaluated prior to purchase are search products, while
those whose attributes can only be known after purchase
and use are experience products (Klein 1998). So, We
classify personal care and cosmetics, apparel and
accessories, and fresh food as “experience products”.
And classify books, home appliances, and computer and
digital products as “search products” (Klein 1998). The
information needs for these two types of products differ,
particularly regarding user experience feedback, which
Al Summary can provide. Therefore, in exploring the
effects of Al-generated summaries on consumer
decision-making speed, it is essential to distinguish
between experience products and search products.

Experience products, which require extensive user
feedback for quality assessment due to their reliance on
post-purchase usage, may benefit significantly from Al-
generated summaries derived from user reviews (Zou et
al., 2011). Luan et al. (2016) found that consumers rely
heavily on user-generated content when making
decisions about experience products, as their qualities
are difficult to evaluate before purchase. Detailed
reviews help mitigate the uncertainty associated with
these products, providing consumers with a richer
information base. On the other hand, for search
products, the information provided by the seller or
manufacturer, such as specifications and features, is
often sufficient for making a purchase decision (Luan et
al., 2016).

Additionally, research by Chang et al. (2023)
indicates that the decision-making process for
experience products is more complex and involves a
higher degree of perceived risk compared to search
products. This complexity underscores the greater value
of Al-generated summaries for experience products, as
they provide a synthesized overview of user experiences
that can ease the decision-making process. In contrast,
the straightforward evaluation of search products makes
the added benefit of such summaries less significant.
Thus, the effectiveness of Al-generated summaries
varies significantly between product types, offering
substantial benefits for experience products by
enhancing information richness and reducing
uncertainty, whereas their utility for search products
remains limited due to the sufficiency of direct product
descriptions.

Based on the coefficient of Al*after*Search, we
find that for search products, Al Summary has a
significant negative effect on consumer decision-
making behavior (P < 0.01). In contrast, the coefficient
of Al*after*Experience shows that for experience
products, Al Summary significantly promotes consumer
decision-making behavior (P < 0.01).

These results support the underlying mechanisms
of Al-generated summaries. By synthesizing authentic
user feedback, these summaries effectively replace
traditional consumer reviews. This is particularly
impactful for experience products, where consumers
previously needed to sift through numerous reviews to
gather the necessary information for their purchasing
decisions.

Table 2. The Impact of Al Summary on Consumer
Behavior (the moderation effect of product type)

DV Aln (Total ‘worthy’ and
‘not worthy’ clicks)
0.005%** 0.001
%
Alafter (0.001) (0.001)
ATl*after* -0.006***
Search (0.001)
. 0.005%%**
* sk
AT*after*Experience (0.002)
-0.012 -0.012
Post day (0.036) (0.036)
Total 0.000 0.000
(0.000) (0.000)
Lags -0.614%%* -0.614%**
& (0.024) (0.024)
Time FEs YES YES
Post FEs YES YES
Adjusted R2 0.436 0.436
Observation 669,758 669,758
DV A In (Save)
-0.014%*%** -0.034%***
%
Alafter (0.004) (0.003)
-0.025%**
* 3k
Al*after*Search (0.005)
. 0.025%%*
* sk
AT*after*Experience (0.006)
0.072 0.072
Post day (0.059) (0.059)
Total 0.000 0.000
(0.000) (0.000)
Time FEs YES YES
Post FEs YES YES
Adjusted R2 0.059 0.059
Observation 689,663 689,663
DV A In (Review interaction)
-0.001** -0.002%**
* . .
Al*after (0.001) (0.001)
-0.000
% 3k
Al*after*Search (0.001)
Al*after* 0.001
Experience (0.001)
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0.005 0.005
Post day (0.018) (0.018)
Toul -0.000%* 0.000%*
(0.000) (0.000)
Lags -0.020%%* 20,0207+
(0.003) (0.003)
Time FEs YES YES
Post FEs YES YES
Adjusted R2 0.173 0.173
Observation 669,754 669,754

4.3. Relative time model

Figure 2 illustrates the estimation results of the
relative time model. The x-axis represents different time
periods, and the y-axis displays the estimated
coefficients, with dashed lines indicating the 90%
confidence intervals. The findings indicate that
performance differences are not significant during the
pre-treatment periods but become significant in the post-
treatment periods. This suggests no systematic
differences between the treatment and control groups
before the treatment was applied, thus upholding the
parallel trends assumption.
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Figure 2 Relative time model
4.4. Event study

To further examine parallel trends and study the
dynamics of treatment effects (Braghieri et al., 2022),
we estimated an event-study model with indicators for
the time relative to the launch of the Al Summary. We
specifically referred to the estimators proposed by De
Chaisemartin and d’Haultfoeuille (2020). Using the
growth rate of the combined 'worthy' and 'not worthy'
clicks as the dependent variable, we tested the dynamic
treatment effects. The event-study framework allows us
to visualize and quantify changes in consumer behavior
before and after the introduction of the Al Summary. By
including time indicators, we can observe whether there

are any pre-treatment trends that might confound our
results and ensure that any observed changes are
attributable to the Al Summary rather than other
external factors. This method helps us to assess the
persistence of the treatment effect, determining whether
the impact of the AI Summary is immediate and short-
lived or has a lasting influence on consumer behavior.

The results, depicted in Figure 3, align with the
parallel trend assumption, showing no significant
differences in the pre-treatment period before the Al
Summary launch. Figure 3 also illustrates the dynamics
of the treatment effects, revealing an increase in these
effects over time during the post-treatment period. This
indicates that Al Summary not only enhances consumer
decision-making speed but also leads to a sustained
increase in attention to posts. To corroborate these
findings, we selected a more intuitive dependent
variable (the total of 'worthy' and 'not worthy' clicks)
and observed its dynamic trend over time. The results
are shown in Figure 4. Fourteen days after the Al
Summary’s launch, the total of 'worthy' and 'not worthy'
clicks continued to show an upward trend, further
confirming the positive impact of Al Summary on the
lifecycle of posts.

De Chaisemartin and D'Haultfeuille (2020)
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Figure 3. Event Study (Growth Rate)

De Chaisemartin and D'Haultfeuille (2020)
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5. Discussion and Conclusion

This study underscores the significant role of Al-
generated summaries in improving consumer decision-
making processes on digital deal platforms. Our
extensive analysis, using data from Zdm and Sqkb, has
shown that Al summaries accelerate decision-making
and reduce consumer hesitation, especially in
information-rich environments. This finding is crucial
as it not only adds to the existing body of knowledge on
the application of AIGC on deal-focused websites but
also provides practical insights for digital platform
operators.  This study also enriches the relevant
literature on consumer decision-making behavior and
participation behavior, specially exploring the impact of
Al tools on consumer decision-making speed.

The varying effects of Al summaries based on
product type and price further emphasize the importance
of Al tools that are derived from genuine consumer
reviews and reflect consumer experiences in deal-
sharing contexts. Experience products, which require
extensive user feedback for quality assessment, benefit
significantly from Al-generated summaries. These
summaries provide detailed insights that help
consumers understand the product's performance from
other users' perspectives, thereby facilitating quicker
and more confident purchasing decisions. Conversely,
search products, which can be evaluated based on direct
descriptions, experience a less pronounced impact from
Al summaries. This differentiation highlights the
necessity for digital platforms to adapt Al tools
according to the nature of the products they offer.

Price sensitivity further influences the effectiveness
of Al-generated summaries. High-priced products often
entail a more complex decision-making process due to
the higher perceived risk and investment involved. In
such cases, consumers rely heavily on comprehensive
reviews to mitigate uncertainty. Al-generated
summaries that consolidate detailed user experiences
and reviews can significantly aid in reducing hesitation
and increasing purchase confidence for these high-
priced items. On the other hand, lower-priced products,
which involve less financial risk, may not benefit as
much from Al summaries, as consumers are more likely
to make quick decisions based on basic product
information.

This research highlights the transformative
potential of Al, suggesting that Al-generated content
can greatly streamline consumer experiences and
enhance decision-making efficiency. As the e-
commerce landscape continues to evolve, the
implications of such Al applications will become
increasingly important for both academic research and
industry practices.
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