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Abstract

Conversational Product Search (CPS) provides an engaging way
for users to find products through effective natural language con-
versations. However, understanding the effect of conversational
characteristics on user search performance and when to ask clarify-
ing questions or recommend products remains unexplored. To fill
the gap, we conduct an empirical study in this paper. Specifically,
we developed a conversational system that allows participants to
join as customers or shopping assistants, to simulate the conversa-
tional product search activity. Data collected from conversations
and participant feedback indicate that: (a) CPS systems tend to ask
clarifying questions early in the conversation when users express
the intent of issuing a new query and chitchat, while they tend
to recommend products at a later stage of conversations; asking
clarifying questions early and recommending products lately can
significantly improve search performance and user’s satisfaction;
(b) asking clarifying questions and more fine-grained search key-
words positively influence search performance in terms of finding
relevant products; (c) although the conversation time has a positive
impact on the number of recommended products, the performance
gain diminishes with longer conversation time; (d) more clarifying
questions, more conversation turns, and longer system response
time lead to decreased user satisfaction.
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1 Introduction

Traditional product search systems typically require users to input
queries and browse search results to locate their desired products
[1, 13, 17]. However, this approach is often inefficient and may
lead to mismatches between search results and user needs, due
to semantic gaps between queries and products[7]. To overcome
these challenges, CPS systems enable natural language interactions
with users and collect explicit feedback to better understand user
information or his/her needs [16, 20].

Zhang et al. [14] proposed a first CPS model that incorporates
a multi-memory network architecture. Similarly, Bi et al. [3] pro-
posed a CPS model with a focus on negative feedback. Zou and
Kanoulas [17] introduced a sequential Bayesian method that em-
ploys cross-user duet training to enhance CPS. Most recently, Zou
et al. [16] proposed a CPS model based on representation learning.
The aforementioned studies on CPS demonstrate the effectiveness
of CPS, however, they focus on the development of CPS algorithms
and they do not explore the potential mechanism of CPS from users’
perspectives. There are only a few existing research focusing on
user studies on CPS. Papenmeier et al. [8] conducted an empirical
study to analyze strategies that experts and customers employ to
communicate about products in CPS. Building on this, Papenmeier
and Topp [9] compared chatbot behaviors with different types of
feedback in CPS. Meanwhile, Javadi et al. [5] explored subjective
narratives in conversations in CPS. In a related vein, Zou et al. [18]
conducted an empirical study on clarifying question-based product
search systems, shedding light on the existing question-based prod-
uct search approaches. However, to the best of our knowledge, the
extent to which conversational characteristics affect user search
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Figure 1: System framework

performance and when to ask clarifying questions or recommend
products remains unexplored.

In this study, we conduct an empirical study to bridge this re-
search gap. We developed an experimental system that involved
online participants, with some participants mimicking the roles of
online shopping assistants (the CPS system), while others acted as
customers. We collected data on conversation, explicit feedback,
and implicit behaviors from participants, aiming to address the
following three research questions:

(1) RQ1: When should the system pose clarifying questions or
recommend products to the users?
(2) RQ2: What are the factors that affect user search perfor-
mance in terms of finding relevant information in CPS?
(3) RQ3: How do different factors influence user satisfaction in
CPS?
We believe that answering these research questions can offer valu-
able insights for the evaluation and design of future CPS systems.

2 Method
2.1 Study Design

In this study, we developed an online Web system in a wizard-of-oz
fashion, where some participants act as customers, while others
as shopping assistants. Customers express their need for products
and obtain their target products through conversations with the
shopping assistants. The framework of our system is shown in
Figure 1. All included participants go through four steps.

Step 1: Demographic Survey. First, participants are asked to
complete a demographic survey, filling in their gender, age, and
career field.

Step 2: Role Assignment. In this step, we randomly assign a
role, either the customer or shopping assistant, to the participant,
following the related literature [4, 15] assigning conditions or sub-
jects randomly. Participants mimicking the customers are asked
to imagine target products they want to purchase in mind, and
then initiate a conversation with the assistant to obtain the target
products with the assistant’s help.

Step 3: Find the Target Product Through Conversations.
The customers chat with the assistants through conversations in
the chat room to find their target products. Before conversing with
the assistant, they choose the user ‘intent’ of their message from a
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predefined list. The assistant can then respond by specifying the
kind of system ‘action’ they like. The user intent and system action
are designed to enhance the analysis of the customer and assis-
tant’s behavior during the conversation, where the user intent and
system action taxonomies are based on previous conversational
systems [2, 11]. The user intents include ‘Reveal’, ‘Revise’, ‘Inter-
pret’, and ‘Chitchat’. ‘Reveal’ indicates that customers intend to
disclose their requirements for target products to the assistants,
‘Revise’ is for revising their product requirements, ‘Interpret’ means
responding to assistants’ clarifying questions or feedback on rec-
ommendations, and ‘Chitchat’ is for greetings.

The system actions include ‘Chitchat’, ‘Clarify’, ‘Recommend’,
and ‘No-answer’. ‘Chitchat’ is for greeting, usually in response to
a customer’s greeting. ‘Clarify’ means asking clarifying questions
[10] to clarify customers’ product needs. ‘Recommend’ means sug-
gesting products to customers. ‘No-answer’ means the product is
not available in the repository and they can not find related products
to meet customers’ needs. Assistants only recommend products
after they select ‘Recommend’ action. Additionally, a dedicated
search engine built on the Amazon product search API enables
assistants to submit keyword queries and retrieve detailed lists of
recommended products from Amazon (By the ‘search’ button in
Figure 1).! That is, during the conversation, the assistant can ask
clarifying questions or select products to recommend to the cus-
tomer based on the search results. The conversation can be multiple
turns and customers can end the conversation at any time.

Step 4: Questionnaire Survey. In this step, customers are
asked to respond to questions regarding their experience with the
“system”, in terms of the rating of satisfaction (scale of 1 to 5). Also,
there is a relevance judgment page, with the customer evaluating
the relevance of each product recommended by the assistant in the
conversations.

2.2 Participants and Quality Control

Participants in the experiment were invited via email, with 196
individuals (students and staff from two universities in Europe and
Asia) participating in the study. Participants received an average
compensation of approximately 2.5 GBP for each conversation.

To ensure data quality, we performed four quality checks: (1)
all participants received on-site training with detailed video and
document references; (2) we evaluated the time participants spent
reading the textual descriptions and asked participants questions
about the study to ensure that they have read and understood the
instructions; (3) we exclude the data with incomplete conversations
or incomplete item relevance judgments; (4) we manually check the
collected data and correct typos, grammatical errors, and wrong
labels regarding intents and actions.

3 Results

The data comprises 904 conversations, 5,254 utterances, and 2,491
recommended products. Each conversation contains 5 to 16 utter-
ances, 3 to 7 turns, and 1 to 30 products. The data statistics are
reported in Table 1. Unless otherwise reported, we perform t-tests

!https://www.amazon.com/
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Table 1: Statistics of the collected data.

# conversations 904 # participants 196

# clarifying questions 291 # search requests 1700
# utterances 5,254 | avg. # utterances  5.81
# turns 3,044 | avg. # turns 3.37
# items 2,491 | avg. # items 2.76

[6] for comparisons between two groups only, and perform one-
way ANOVA and Tukey’s HSD tests for comparisons with more
than two groups, following previous user studies [12].

3.1 RQ1: When to Ask & When to Recommend

In the analysis that follows we try to understand what factors relate
to the system (assistant) asking a clarifying question or making
product recommendations to the user (customer).

3.1.1 Clarifying Questions.

User Intent. We first explore whether the user intent proceeds
with the assistant’s decision to ask clarifying questions. From the
analysis, we observe that, when customers select the ‘Chitchat’
and ‘Reveal’ intent, the assistant poses clarifying questions 74.8%
and 9.68% of the time, respectively. In contrast, for ‘Interpret’ and
‘Revise’ intents, clarifying questions are posed in less than 1% of the
instances. The one-way ANOVA test reveals significant differences
among different intents (p<0.05). This indicates that the assistant
tends to ask clarifying questions when users select ‘Chitchat’ and
‘Reveal’ intents, which typically occur in the early stages of dia-
logues. Further, we explore the impact of asking clarifying questions
on search performance and user satisfaction when customers select
different intents. There are significant decreases in the proportion
of found target products (95.19%, 87.50%, and 66.67% on average
for ‘Chitchat’, ‘Reveal’, and ‘Interpret’, respectively) and user satis-
faction (4.84, 4.59, and 4.17 on average for ‘Chitchat’, ‘Reveal’, and
‘Interpret’, respectively) from the early stage of ‘Chitchat’ and ‘Re-
veal’ to the later stage of ‘Interpret’ (significant differences, p<0.05).
This confirms that the system should ask clarifying questions dur-
ing the early stages of intent. When customers select ‘Chitchat’
for greeting at the beginning of conversations, the assistant often
seeks clarification due to a lack of information. After customers
select ‘Reveal’ to explain their needs, fewer clarifying questions are
needed for them. However, ambiguous or challenging requests may
still trigger specific clarification. ‘Interpret’ and ‘Revise’ actions
typically occur later in the conversation when enough information
is available and thus clarifying questions are seldom required.

SERP Diversity. We explore whether the diversity of the Search
Engine Results Page (SERP) affects the necessity of asking clarifying
questions, which is shown in Figure 2 (left). We use nERR-IA@20
as the diversity metric. We observe that, with higher diversity
(higher score of nERR-IA@20), the assistant tends to ask more
clarifying questions. This is natural since higher diversity indicates
the availability of many options that fulfill the declared need of
the customer and thus need to be clarified. This is in line with Zou
et al. [15] that customers engage more with clarifying questions as
diversity increases. The highly diverse results lead to the assistant
being inspired to ask more questions to more accurately locate the
target products.
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Figure 2: The effects of SERP diversity and number of rele-
vant products on when to ask/recommend.
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3.1.2  Product Recommendation.

User Intent. We observe the assistant recommends products
3.5% of the time when users express the ‘Chitchat’ intent. In con-
trast, recommendations occur 86.3% of the time for the ‘Reveal’
intent, 88.9% for ‘Interpret’, and 97.1% for ‘Revise’. The one-way
ANOVA test confirms the significance of these differences (p<0.05).
This suggests that product recommendations often occur in the
later stages of dialogues, following user intents like ‘Interpret’, and
‘Revise’. Additionally, we observe there are significant increases
in the proportion of found target products (90.59%, 97.81%, and
100% on average for ‘Reveal’, ‘Interpret’ and ‘Revise’, respectively)
and user satisfaction (4.49, 4.96, and 4.86 on average for ‘Reveal’,
‘Interpret’ and ‘Revise’, respectively) from the early stage of ‘Reveal’
to the later stage of ‘Interpret’ and ‘Revise’ (significant differences,
p<0.05). This suggests the system should make recommendations
during the later stages of Intent. After the later stage intents, cus-
tomers convey effective information to the assistant, and thus the
assistant can identify relevant products for the customer, which is
consistent with the conclusion of Javadi et al. [5].

Relevant Products. In addition, we explore whether the number
of found relevant products affects the assistant’s recommendation
behavior. The results, as shown in Figure 2 (right), demonstrate
that with the increase in the number of relevant products in a con-
versation, the number of the assistant’s recommendation behavior
decreases. This is, with an increase in the number of relevant prod-
ucts, recommending the right products to customers becomes easier,
which reduces the need to recommend new ones. Conversely, when
relevant products are few, the assistant tends to employ multiple
recommendation actions to gradually locate the target products.

3.1.3  Summary. The system prefers to ask clarifying questions at
the beginning of the conversation and recommend products in the
later stages, which will significantly improve search performance
and user satisfaction. Meanwhile, higher product diversity leads to
asking more clarifying questions. Assistants tend to recommend
more times when there are few numbers of relevant products.

3.2 RQ2: Factors Improving Search Performance

Search Keywords. We observe that the increase in the number
of search keywords in one conversation round, which are more
fine-grained searches, leads to more recommended and relevant
products (# of recommended products: 2.57, 4.16, and 7.12 on aver-
age for 1, 2, and 3 keywords respectively; # of relevant products:
1.24, 2.17, and 3.41 on average for 1, 2, and 3 keywords respectively).
The results suggest that, for complex and ambiguous user needs,
the assistant needs to use multiple and fine-grained keywords for
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mance.

search, leading to more accurate search results. It inspires the assis-
tant to recommend more products and also brings more relevant
products.

Clarifying Questions. Observe from Figure 3, asking clarifying
questions leads to more recommended and related products. We also
observed the same trend when asking more clarifying questions.
This is in line with that the performance of CPS models increases
with the increase in the number of clarifying questions [16]. This
suggests that, for some customers, their target products are simple,
clear, and explicit, and their initial expression of intent enables the
system to find the target products without the need to ask clarifying
questions. However, when faced with vague and indirect user needs,
the system often needs to ask clarifying questions to effectively
locate the target products.

Conversation Time. Figure 4 (right) shows that longer conver-
sations correlate with a lower hit rate of recommended products
(i.e., the ratio of relevant products to recommended products). This
suggests that while more time increases the number of recommen-
dations (Figure 4 (left)), it does not necessarily benefit customers.
Our data analysis indicates that conversation time is significantly
affected by the complexity of customer demands. As understanding
customer needs becomes more difficult, conversation time increases,
and the relevance of recommended products declines.

Summary. Fine-grained keywords and clarifying questions are
beneficial to the system’s performance, and an increase in conver-
sation time does not necessarily yield additional benefits.

3.3 RQ3: Factors Affecting the User Satisfaction

Conversation Turns. Figure 5a illustrates an increase in the
number of turns leads to a significant decline in user satisfaction
ratings (p<0.05). This is in line with that customers expect the assis-
tant can recommend high-quality products with fewer conversation
rounds in real applications.
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Clarifying Questions. Figure 5b shows more questions lead to a
significant decrease in user satisfaction (p<0.05). Increased question
numbers, in a sense, reflect an extra burden for customers to provide
feedback, leading to a negative impact on user satisfaction [19].

Response Time. In Figure 5c, we observe that longer customer
‘Reveal’ time (time taken for selecting ‘Reveal’ intent and generating
a response) leads to increased satisfaction. This might be because
more ‘Reveal’ time leads to a more accurate expression of customer
demands for products, which is beneficial for locating the target
product successfully and thus increasing satisfaction. Moreover,
Figure 5d shows that the longer the assistant takes to generate
clarifying questions, the lower the user satisfaction. This highlights
user dissatisfaction with waiting for assistants’ responses.

Summary. More conversation turns, more clarifying questions,
and more time spent generating clarifying questions lead to user
dissatisfaction. However, more time spent by customers on the
‘Reveal’ intent results in higher user satisfaction.

4 CONCLUSION AND DISCUSSION

In this paper, we conduct an empirical study to explore when to
ask clarifying questions and recommend products, as well as differ-
ent factors affecting user search performance and satisfaction. To
this end, we deploy an online CPS system and collect participants’
interaction data and questionnaires for analysis. We found that
early-stage intents in the conversation and the high diversity of
search results lead to the necessity of asking clarifying questions for
clarification, while later-stage intents lead to recommending prod-
ucts, which usually means high confidence and enough information
has been gathered. It is interesting that spending more time in a con-
versation does not necessarily result in better search performance
and user satisfaction. Users usually expect a quick-responding sys-
tem; Although more clarifying questions and a longer conversation
time lead to a greater number of recommended products, it may
raise the risk of user dissatisfaction.
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